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Abstract 
 

Characterization of Complex Genetic Component Contributing to the Susceptibility for 
Multiple Sclerosis and Rheumatoid Arthritis 

 
By 

 
Farren Basil Shaw Briggs 

 
Doctor of Philosophy in Epidemiology 

 
University of California, Berkeley 

 
Professor Lisa Barcellos, Chair 

 
 
Autoimmune diseases (ADs) are a major public health concern, as the third most 
common category of disease in the US, following cancer and heart disease.  As a result, 
autoimmunity has become one of the most active genetic and epidemiologic research 
areas. However, unraveling the etiological mechanisms in ADs has proven difficult. 
There is strong evidence suggesting a complex genetic component contributes to all ADs. 
For most ADs, the prominent genetic risk locus is within the major histocompatibility 
complex (MHC) on chromosome 6p21.3. Unfortunately, identifying non-MHC 
susceptibility loci has proven difficult in studies of ADs, for which multigenic patterns of 
inheritance are observed. Recently, through concerted international efforts, several 
genome-wide association (GWA) studies and subsequent replication analyses have 
confirmed many new susceptibility loci for ADs with very modest effects. The remainder 
of genetic variants contributing to AD susceptibility are unknown. It is clear that current 
approaches will be limited to completely characterize the complex genetic component in 
ADs. This dissertation is focused on the use of strong epidemiological approaches and 
novel analytical strategies to identify additional non-MHC genetic risk factors for two 
complex ADs: multiple sclerosis (MS) and rheumatoid arthritis (RA). 
 
In Chapter 1, the relationship between variation in DNA repair pathways genes and risk 
for MS was investigated. Univariate association testing, epistatic tests of interactions, 
logistic regression modeling and non-parametric Random Forests analyses were 
performed using genotypes from 1,343 MS cases and 1,379 healthy controls of European 
ancestry. A total of 485 single nucleotide polymorphisms (SNPs) within 72 genes related 
to DNA repair pathways, including base excision repair, nucleotide excision repair, and 
double strand breaks repair, were investigated. A SNP variant within GTF2H4 on 
6p21.33 was significantly associated with MS (odds ratio=0.7, P=3.5 x 10-5) after 
accounting for multiple testing, and was not due to linkage disequilibrium with the well- 
established HLA-DRB1*1501 allele within the MHC. Despite clear evidence for an 
association between GTF2H4 and MS, collectively, these results, derived from a well-
powered study, do not support a strong role for common variation within DNA repair 
pathway genes in MS. 
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In Chapter 2, the relationship between variation within 8 candidate hypothalamic-
pituitary-adrenal (HPA) axis genes and susceptibility to MS was comprehensively 
investigated. A total of 326 SNPs were investigated in 1,343 MS cases and 1,379 healthy 
controls of European ancestry using a multi-analytical strategy. Random Forests, a 
supervised machine learning algorithm, identified 8 SNPs within the corticotropin 
releasing hormone receptor 1 or CRHR1 locus on 17q21.31 as important predictors of 
MS. Based on univariate analyses, five CRHR1 variants were associated with decreased 
risk for disease following a conservative correction for multiple tests. Independent 
replication was observed in a large meta-analysis comprised of 2,624 MS cases and 7,220 
healthy controls of European ancestry. Collectively, results provide strong evidence for 
the involvement of CRHR1 in MS.  
 
In Chapter 3, epistatic interactions with a well-established genetic risk factor (PTPN22 
1858T) in RA were investigated. The analysis consisted of four stages: Stage I (data 
reduction) – identifying candidate chromosomal regions in 292 affected RA sibling pairs, 
by predicting PTPN22 concordance using multipoint identity-by-descent probabilities 
and Random Forests; Stage II (extension analysis) – testing detailed genetic data within 
candidate chromosomal regions for epistasis with PTPN22 1858T in 677 RA cases and 
750 controls using logistic regression; Stage III (replication analysis) – confirmation of 
epistatic interactions in 947 RA cases and 1,756 controls; Stage IV (combined analysis) – 
a pooled analysis including all 1,624 RA cases and 2,506 control subjects for final 
estimates of effect size. A total of 7 epistatic interactions identified in Stage II were 
replicated in Stage III. A SNP variant (rs7200573) within CDH13 demonstrated the 
strongest evidence for interaction (p=1.5 x 10-4) with PTPN22. There was also evidence 
for epistasis between PTPN22 and SNP variants within MYO3A, CEP72 and near 
WFDC1.  
 
The research conducted in Chapters 1 through 3 describes the use of analytical 
approaches based on strong hypotheses, multi-stage analyses, and the use of robust non-
parametric methods in tandem with conventional association testing. Results described in 
these chapters are scientifically important, as they contribute to our understanding of the 
underlying genetic architecture in two very debilitating ADs (MS and RA), and also 
provide methodological frameworks for investigating other chronic diseases with a 
complex genetic component.  
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INTRODUCTION 
Autoimmune diseases (ADs) are a major public health concern and one of the most active 
genetic and epidemiologic research areas. ADs are the third most common disease 
category in the United States; approximately 14.7-23.5 million Americans (5–8% of the 
U.S. population) are afflicted with at least one of eighty recognized ADs, and prevalence 
is increasing (1). Furthermore, women are disproportionately affected by ADs, there are 
no curative therapies and severe lifetime economic burdens on familial and societal 
structures result for those with disease (2, 3). In general, ADs originate from a breakdown 
in one or more of the several basic mechanisms involved in immune tolerance, which 
allows immune cells to distinguish between self and non-self structures. This failure 
results in the individual’s immune system becoming auto-reactive and capable of 
damaging self cells, tissues and/or organs. Despite increasing efforts, unraveling the 
etiological mechanisms of ADs has proven difficult. A role for both genes and 
environment is strongly supported by multiple areas of research. This dissertation is 
focused on characterizing the genetic component in two complex ADs: multiple sclerosis 
and rheumatoid arthritis.  
 
Multiple sclerosis (MS [MIM 126200]) is a complex demyelinating autoimmune disease 
of the central nervous system, with two distinct but overlapping neuro-pathological 
phases, inflammatory and neurodegenerative, resulting in the accrual of various 
neurological deficits (4).  MS is primarily prevalent in temperate regions, with an 
approximate prevalence of 0.1% in the U.S. The peak age of onset is age 20 to 40 years; 
however onset can occur at any age. Women are twice as likely to develop MS as men; 
however men are more likely to have a more severe disease progression. The clinical 
progression of MS is heterogeneous, unpredictable and complex, and includes 
symptomatic disturbances in visual, motor and sensory systems, affecting cognition, 
coordination, balance and bowel/bladder/sexual functions (5). The varied disease 
manifestations result from the development of plaques/lesions, primarily in the white 
matter of the brain and spinal cord, and/or loss of myelin sheath on oligodendrocytes, 
which interrupts signal transduction in the CNS. There are, however, distinct disease 
courses: relapsing remitting (RR) (including secondary progressive (SP)), primary 
progressive (PP), and rare subtypes such as progressive relapsing MS. At onset, 85% of 
patients have RRMS, characterized by episodic attacks (relapses) followed by periods of 
partial or total recovery (remissions); and 40% of these patients will develop SPMS, 
characterized by progressive disability.  Nearly 15% of patients present with PPMS at 
onset, having progressive disability without remission, and are normally older with equal 
risk in males and females. Full knowledge of specific pathological mechanisms that 
distinguish phenotypic variation in MS remains unknown. To date, only a few factors that 
contribute to the susceptibility and phenotypic heterogeneity of MS have been identified, 
including a strong genetic component (4), as well as several promising environmental 
risk factors (6-8), including tobacco smoke (9-14). 
 
Rheumatoid arthritis (RA [MIM 180300]) is a common chronic multi-system 
autoimmune disease, resulting from persistent inflammatory synovitis and subsequent 
erosion of the joint architecture (polyarthritis) (15). The prevalence of RA varies across 
populations, however an estimated prevalence of 1% is reported in Caucasians of North 
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America and Europe (15). Women are two to three times more likely to develop RA than 
men, with age of onset peaking in the fifth decade of life (16). The clinical manifestation 
of RA is heterogeneous, where some affected individuals have relatively benign 
presentation versus others with severe physical disability, due to progressive bone erosion 
and comorbidity with coronary artery disease, infection and lymphoma (17). A 
substantial portion of RA patients (~60%) have autoantibody responses, primarily 
rheumatoid factor and the highly specific cyclic citrullinated peptide antibodies (18). The 
relationship between autoantibody presence and RA has not been completely resolved. 
Several factors confer susceptibility for RA, including a prominent genetic component 
(15), and several environmental risk factors (16). The most recognized and preventable 
environmental risk factor is cigarette smoking, with an attributable risk of approximately 
20% (19). 
 
There is strong evidence suggesting a complex genetic component contributes to both MS 
and RA. Twin studies from different populations have consistently demonstrated a higher 
disease concordance in monozygotic twins compared to dizygotic twins in both MS 
(approximately 30% and 5%, respectively) and RA (approximately 12% and 3%, 
respectively), with an estimated genetic heritability of >60% for both diseases in 
Northern European populations (20-22). As with most ADs, the prominent genetic risk 
locus for MS and RA is within the major histocompatibility complex (MHC) on 
chromosome 6p21.3 (23). HLA-DRB1, a human leukocyte antigen (HLA) class II gene 
within the MHC, is the primary susceptibility locus conferring approximately 50% and 
37% of the genetic risk in MS and RA, respectively (4, 24). Susceptibility to MS has 
been primarily associated with the HLA-DR2 or HLA-DRB1*15 haplotype (DQB1*0602, 
DQA1*0102, DRB1*1501, DRB5*0101) (4). Haplotype analyses in admixed African 
Americans have demonstrated that the HLA-DRB1*15 allele is the primary susceptibility 
locus for MS (25, 26). Recent efforts have further demonstrated the association with 
HLA-DRB1 is complex and other independent HLA and non-HLA susceptibility loci 
within the MHC exist (27, 28). In RA several HLA-DRB1 alleles confer susceptibility. 
These alleles share a common sequence of amino acid residues in the antigen-recognition 
portion of the HLA molecule (29). These alleles have been termed the shared-epitope 
(SE; HLA-DRB1 alleles: 0101, 0102, 0401, 0404, 0405, 0408, 0413, 1001, and 1402), and 
may contribute to anti-citrulline antibody production (30, 31). As with MS, the 
association with the MHC in RA is complex, and there is evidence supporting the role of 
multiple MHC susceptibility loci (31, 32). 
 
The identification of non-MHC susceptibility loci has proven difficult in these complex 
ADs. A multigenic pattern of inheritance in MS and RA was first demonstrated by the 
limited success of family-based linkage studies. A genome-wide linkage analysis is a 
hypothesis free scan of the genome, aimed at identifying chromosomal loci that 
cosegregate with disease in related individuals from large pedigrees (model-based), or 
exhibit evidence of excess sharing in affected sibpairs or other relative pairs (model-free). 
Many genome-wide linkage screens have been conducted in both MS and RA, and for 
both diseases, HLA-DRB1 was consistently identified as the key susceptibility locus (4, 
15). Similarly, in both ADs, there was limited overlap in linkage signals observed at other 
chromosomal regions, and the possible susceptibility loci in these diverse regions have 
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not yet been identified (33-35). These initial genome-wide studies underscore a complex 
polygenic pattern of inheritance contributing to disease susceptibility of MS and RA. 
Recently, through concerted international efforts, several large scale genome-wide 
association (GWA) studies (described below) and subsequent replication analyses have 
now confirmed several novel non-MHC susceptibility loci, in both MS and RA; however 
only a very modest proportion of the hereditary risk has been explained by these findings 
(23).  
 
GWA studies attempt to identify relatively common single nucleotide polymorphisms 
(SNPs; minor allele frequency [MAF] >1-5%) in linkage disequilibrium (LD) with causal 
susceptibility loci in a complex disease. GWA studies assume the common-disease-
common-variant (CDCV) hypothesis; that common disease susceptibility is a result of the 
joint action of several common variants with relatively small to moderate effects, and that 
a significant proportion of disease alleles is shared among unrelated affected individuals 
(36). GWA studies are an attractive approach for investigating the genetic basis of 
complex diseases. Like the previous linkage studies, they are hypothesis free and 
unconstrained by a priori assumptions. The success of GWA studies, however, is 
dependent on several factors (37, 38). These include the availability of sufficiently large 
study samples from clearly defined study populations capable of contributing relevant 
genetic information regarding the research question. In addition, informative SNPs that 
capture extensive genetic variation across the whole genome and that can be 
inexpensively and efficiently genotyped must be used. Currently up to 1,000,000 
common SNPs are available on various commercial platforms. Finally, the success of 
GWA studies relied heavily on the application of robust statistical methods that are 
capable of identifying causal genetic associations despite the dimensionality conflict of 
investigating excessively large number of variables. The conventional test statistic has 
been a single-point, one degree of freedom test of association, where significance is 
defined as p<5 x 10-8. Thus far, GWA studies have begun to unravel the underlying 
biological mechanisms involved in MS and RA, through identification of common 
variants with detectable odds ratios [ORs] of 1.1 to 1.5. Furthermore, GWA studies have 
provided substantive information regarding the extent of the genetic contributions of 
common variants to susceptibility, overlap across particular diseases, and that current 
approaches will be limited in ability to identify the entire genetic contribution for most 
complex diseases (39).  
 
Few have started to explore the missing heritability of complex diseases unexplained by 
initial GWA findings. Amongst the many explanations are: (1) a much larger number of 
disease variants with smaller effects are yet to be found, due to low power of recent 
GWA studies; (2) rare and other structural (i.e. copy number variants, copy neutral 
variation, and epigenetic variation) variants poorly detected by current platforms are 
involved; (3) limited power has been present to investigate gene x gene (epistasis) and 
higher order multigenic interactions; and (4) a lack of accounting for genetic 
heterogeneity in the context of environmental exposures (40). GWA studies will continue 
to be a substantial tool in uncovering additional genetic risk factors, particularly with the 
development of more comprehensive genotyping platforms and the acquisition of 
substantially larger study populations. For example, approximately 60,000 individuals are 
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required to provide sufficient power to identify the majority of variants with OR=1.1 
(39). Nevertheless, it is apparent that current approaches, primarily a marginal test for 
association, for investigating genetic susceptibility are not able to identify a substantial 
fraction of the genetic burden. Currently there is no consensus regarding appropriate 
methods for evaluating the genetic component of complex diseases, however, there are 
strong epidemiologic approaches and alternative analytical strategies that complement 
GWA studies and can be used to identify susceptibility loci. 
 
One such alternative explored in this dissertation is the application of a judicious 
hypothesis-driven candidate gene association (CGA) study (41). CGA studies are a 
powerful and cost-efficient approach that allows for targeted investigation of selected 
alleles within candidate genes. These studies provide inferential advantages relative to 
untargeted screening strategies in GWA studies and allow for detecting associations that 
would otherwise not meet genome-level criteria (p<5 x 10-8). Through rapid advances in 
molecular research, candidate genes can be more confidently assigned to functional 
pathways. Consequently, formulating hypotheses at the levels of pathways, including all 
relevant genes as candidates, may be a more efficient epidemiologic approach allowing 
that allows for global conclusions about the relationship between a biological pathway 
and disease (41). However, a successful CGA study requires: 1) adequately powered data 
sets; 2) strong hypotheses supported from prior research; 3) dense coverage of genetic 
variation with candidate genes; and 4) comprehensive investigation of a candidate 
pathway, including analytical approaches that can consider variation within several 
related genes simultaneously. 
 
In GWA studies, hundreds of thousands of SNPs are tested for association, but only those 
reaching conservative genome-wide significance (p<5 x 10-8) are generally investigated 
in validation analyses. Attempts to disentangle true associations (p>5 x 10-8) from 
statistical noise have posed a tremendous challenge, but have led to the implementation 
of multi-stage studies and diverse methodological approaches, beyond single-locus 
association tests, to extract additional information from GWA studies. Both of these 
themes are incorporated in this dissertation as objective constructs allowing for robust 
conclusions. Multi-stage analyses in genetic epidemiology are conventionally a two-stage 
approach where results from the first stage are validated in the second. Furthermore, 
multi-stage analyses can incorporate additional analytical layers, allowing for hypothesis 
generation, data reduction (prioritization), and model specification; and have been used in 
this dissertation. The use for various methodologies can be similarly rationalized, and 
incorporated in multi-stage analyses. A primary analytical concern in genetic 
epidemiological research, is underestimating the genetic contribution of a given locus to 
disease, since the conventional univariate approach is not able to detect complex 
inheritance patterns (42). As a result, various approaches have been developed to 
consider a single locus in the context of all other loci (i.e. allowing for the presence of 
interactions), and may be more appropriately suited for investigating complex multigenic 
diseases (43). One such methodological alternative explored in this dissertation, is a non-
parametric supervised machine learning algorithm, Random Forests (44) which has been 
shown to be considerably more efficient than univariate methods (45). In this dissertation, 
multi-stage analyses using both conventional and non-parametric methods are explored.  
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As previously mentioned, genetic epidemiologists are constrained by the available tools 
for investigating complex genetic diseases. Using non-parametric methods and 
investigating hypotheses at the level of a biological pathway may be more efficient 
approaches to identifying genetic factors contributing to complex diseases. There is clear 
evidence supporting a multigenic etiology in MS and RA, and therefore it is likely that 
risk variants act in concert to influence susceptibility. There is no consensus regarding 
appropriate approaches for investigating gene x gene and higher-order interactions, 
however combining several methods may be optimal (46, 47). Furthermore, 
comprehensive investigation at the level of a functional pathway is also necessary, as 
pathway-based analyses may amplify the effects of individual polymorphisms (each with 
a modest effect). Multigenic approaches addressing these limitations have been prudently 
explored in this dissertation, as it is likely that statistical modeling of interactions may not 
correspond to a true biological interaction (48).   
 
In Chapter 1, a multi-analytic CGA investigation of common genetic variation in DNA 
repair pathways and susceptibility for MS was pursued. Considering the limitations of 
current methodologies, as discussed, a comprehensive parallel analysis was conducted to 
investigate the detailed genetic information in 72 DNA repair related genes using: 1) 
conventional association testing, and 2) non-parametric methods. In addition to marginal 
tests for association, tests for gene x gene interactions at the level of specific DNA repair 
pathways, and a multigenic analysis approach were used to investigate the impact of 
functional variants on MS risk. A non-parametric approach utilized Random Forests and 
Classification and Regression Tree algorithms to investigate the relationship between 
genetic variation and prediction of MS. Results obtained using both approaches are 
compared and reported. 
 
Chapter 2 describes a multi-stage investigation of common genetic variation in genes 
involved in the hypothalamus-pituitary-adrenal (HPA) axis and susceptibility for MS.  In 
this chapter, a CGA study was conducted; however, Random Forests was used as a means 
of data reduction, by identifying genetic variants that contributed most to prediction of 
MS status. These variants were subsequently investigated using logistic regression in the 
CGA study. A replication analysis was then conducted to confirm initial findings using a 
large independent data set. Additional analyses were conducted, including comparisons 
of extended haplotypes in MS cases and controls, to further refine the association signal 
observed. 
 
Lastly, in Chapter 3, gene x gene investigation (epistasis) was explicitly investigated 
using a multi-stage and multi-analytical approach in three independent RA data sets.  
Specifically, epistatic relationships with PTPN22, the primary non-MHC risk locus in 
RA, were explored. First, Random Forests was used to identify candidate genomic 
regions. These regions were then investigated using detailed genetic information from a 
GWA study; data from a second GWA study were used to conduct replication studies.  
 
In conclusion, given the current limitations of GWA studies for resolving the genetic 
etiology in complex diseases, Chapters 1 through 3 describe analytical approaches based 
on strong hypotheses, consisting of multi-stage analyses and application of robust non-
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parametric methods in tandem with conventional association testing methods. Results in 
these chapters are scientifically important, as they contribute to our understanding of the 
underlying genetic architecture in two very debilitating ADs (MS and RA), and also 
provide strong methodological frameworks for investigating the complex genetic 
component in other diseases. 
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Chapter 1 
 

Variation Within DNA Repair Pathway Genes and  
Risk for Multiple Sclerosis.  

 
 

ABSTRACT 
Multiple sclerosis (MS) is a complex autoimmune disease of the central nervous system with a 
prominent genetic component. The primary genetic risk factor is the HLA-DRB1*1501 allele; 
however, much of the remaining genetic contribution to MS has not been elucidated. Here, the 
relationship between variation in DNA repair pathway genes and risk for MS was investigated. 
Single-locus association testing, epistatic tests of interactions, logistic regression modeling and 
non-parametric Random Forests analyses were performed using genotypes from 1,343 MS cases 
and 1,379 healthy controls of European ancestry. A total of 485 single nucleotide polymorphisms 
(SNPs) within 72 genes related to DNA repair pathways, including base excision repair, 
nucleotide excision repair, and double strand breaks repair, were investigated. A SNP variant 
within GTF2H4 on 6p21.33 was significantly associated with MS (odds ratio=0.7, P=3.5 x 10-5) 
after accounting for multiple testing, and was not due to linkage disequilibrium with HLA-
DRB1*1501. While other candidate genes examined here warrant further follow-up studies, 
collectively, these results, derived from a well-powered study, do not support a strong role for 
common variation within DNA repair pathway genes in MS.  
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INTRODUCTION 
Multiple sclerosis (MS) is a chronic inflammatory and demyelinating autoimmune disease of the 
central nervous system with a substantial genetic component (1). Susceptibility to MS has been 
primarily associated with human leukocyte antigen (HLA) class II genes within the major 
histocompatibility complex (MHC) on chromosome 6p21; specifically the HLA-DR2 or HLA-
DRB1*15 haplotype (DQB1*0602, DQA1*0102, DRB1*1501, DRB5*0101) (1), with recent 
haplotype analyses in admixed African Americans confirming HLA-DRB1*15 as the primary 
susceptibility allele (2, 3).  
 
The identification of all non-MHC genetic risk factors has proven difficult. Recent genome wide 
association (GWA) and replication studies have begun to identify and confirm additional genetic 
risk factors for MS, including IL7RA, IL2RA, CLEC16A, CD58, TNFRSFA1, IRF8, KIF21B, and 
TMEM39A, although their effects on risk are modest at best (4-10). A substantial component of 
the genetic susceptibility to MS remains unknown, underscoring a complex polygenic pattern of 
inheritance contributing to disease susceptibility. While GWA studies are attractive for many 
reasons, including their ‘hypothesis free’ nature, it is clear experiments using current technology 
will be limited in their ability to identify the entire genetic contribution for most complex 
diseases, including MS (11). Candidate gene studies have historically failed to identify 
susceptibility loci with conclusive evidence. However, revisiting candidate gene studies with: (1) 
adequately powered data sets, (2) hypotheses supported from prior research, and (3) analytical 
approaches that can consider variation within biological pathways and thus, variation within 
several related genes simultaneously, remains an important strategy for disease gene 
identification (12, 13). There are several candidate biological pathways thought to contribute to 
MS susceptibility. The current study focused on genetic variation within pathways related to 
DNA repair.  
 
A potential role for DNA repair genes in MS is suggested by a significant increase in total DNA 
(nuclear [nDNA] and mitochondrial [mtDNA] DNA) damage in active MS lesions compared to 
normal appearing white matter of MS brains (14). Further investigation suggests damage 
predominantly affects mtDNA (15). Gene expression studies have shown multiple genes 
involved in DNA repair are differentially expressed in MS lymphocytes and lesions when 
compared to control tissues, including genes involved in base excision repair (BER; i.e. PARP1, 
OGG1, UNG), nucleotide excision repair (NER; i.e. RPA1, ERCC5), non-homologous end 
joining repair (NHEJ; i.e. PRKDC) and several other DNA repair mechanisms (i.e. direct 
reversal and mismatch repair) (16-18). There is also strong evidence supporting involvement of 
genotoxic agents in MS, including tobacco smoke and nitric oxide (19-21). These lines of 
evidence, strongly suggest a plausible biological role for DNA repair in the etiology of MS. We 
investigated a total of 72 genes related to (or within) four distinct DNA repair pathways: BER, 
NER, and repair of double-strand breaks (DSB: homologous recombination [HR] and NHEJ).  
 
 
MATERIALS AND METHODS 
Study population 
Through the collaborative efforts of the International Multiple Sclerosis Genetics Consortium 
(IMSGC), the dataset was comprised of 2,961 (1,488 MS cases and 1,512 controls) participants 
recruited from three clinical centers (University of California, San Francisco; Harvard/MIT 
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Board Institute; and Cambridge University) (10). All MS cases met well-established disease 
criteria (22, 23). Unrelated controls were obtained from these same US sites and from the British 
1958 Birth Cohort Study. These controls were selected to provide nearly equivalent gender and 
age distributions (10). Informed consent was obtained from all study participants and approvals 
from local institutional review boards were secured at each recruitment site prior to enrollment. 
All participants self-reported as non-Hispanic whites. 
 
Genotyping and quality control  
DNA repair genes were identified from a detailed gene inventory (Table 1) (24). Genic single 
nucleotide polymorphisms (SNPs) were selected for genotyping based on their function as a 
tagging SNP or as a SNP which may introduce a deleterious amino acid substitution affecting 
protein function. Tagging SNPs were identified by the Integrated Haplotype Analysis Pipeline 
(iHAP; an automated pipeline based on the algorithms and logical rules developed for 
HapBlock), with user-defined parameters (25). iHAP retrieved CEU (Utah Residents with 
Northern and Western European Ancestry) Haplotype Map (HapMap) data (NCBI Build 35; 
Release #21, July 2006) (26), contructed haplotype blocks defined as a set of SNPs (one or more) 
which capture 80% or more of all observed haplotypes (alpha=0.80), and identified tagging 
SNPs as the minimum set of SNPs which can distinguish all common haplotypes within a block 
(common haplotype threshold [beta]= frequency of 0.05). Deleterious SNPs were identified 
using the Sorting Intolerant From Tolerant (SIFT) program, which predicts how protein function 
may be affected by amino acid substitution by comparing sequence homology and physical 
properties of amino acids (27). All non-synonymous SNPs (retrieved from dbSNP July, 2007) 
for genes of interest, identified as having a potential damaging effect on protein function were 
selected for genotyping, in addition to tagging SNPs.  
 
All individuals were genotyped for 564 SNPs, as a subset of 48,767 custom SNPs using the 
Illumina Infinium 60K BeadChip assay (28). A rigorous quality control protocol was utilized. 
Briefly, Whole-genome Association Study Pipeline (WASP) assessed sample and SNP 
genotyping efficiency (<95%), allele frequencies, gender errors, and Hardy-Weinberg 
equilibrium (HWE; <0.0001) (4). This process was performed recursively. Samples were 
excluded if the probability of Caucasian European descent was <0.90. Additional quality control 
processes were performed, including the assessment of population outliers, as previously 
described (10). The final quality control analysis yielded 2,722 individuals and 46,874 SNPs, of 
which 501 SNPs were relevant to this analysis. We excluded 16 SNP variants with a minor allele 
frequency <0.01. Therefore, a total of 485 SNPs (including 25 non-synonymous variants) within 
72 genes related to DNA repair pathways (22 BER genes, 26 NER genes, 15 HR genes, and 9 
NHEJ genes) were investigated in 1,343 MS cases and 1,379 healthy controls of European 
ancestry (for a complete gene list see Supplementary Table 1). The rs3135388 (A/G) SNP was 
used to determine the presence of the HLA-DRB1*1501 allele as previously described (29).  
 
Statistical analysis 
We investigated the power to detect marginal and epistatic genetic associations, assuming a two-
sided type 1 error of 5% (α=0.05). Results indicated our investigation was well powered (80%) 
to detect allelic odds ratios (ORs) ≤0.8 and ≥1.2 and epistatic ratio of odds ratios for interaction 
≤0.6 and ≥1.4 for almost all models considered (data not shown). Therefore, all analyses were 
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performed and results interpreted in accordance with these established criteria. All subsequent 
statistical tests were two-sided. 
 
Allele frequencies between MS cases and controls were compared, and ORs, 95% confidence 
intervals (95% CI), and significance criteria based on Benjamini and Hochberg procedure for 
controlling the False Discovery Rate (FDR-BH) were determined, using PLINK v1.06 (30). The 
rs3135388 SNP which is highly correlated with the HLA-DRB1*1501 allele (4), was also 
included; the presence or absence of the A variant was used to classify MS cases and controls for 
HLA-DRB1*1501 stratified analyses (*1501 carriers: 702 cases, 345 controls; *1501 non-
carriers: 638 cases, 1,030 controls). Haplotype blocks were constructed using D’ confidence 
intervals (31), and frequencies were compared using Haploview v4.1 (32). The conditional 
haplotype method (CHM) was used to distinguish primary from secondary MHC associations. 
The CHM tests for homogeneity of relative allele frequencies in cases and controls at a test locus 
on haplotypes identical for alleles at another locus (33). 
 
We tested all two-way interactions between SNP variants within a single pathway using 
unconditional logistic regression as implemented in PLINK (SNPs were coded as 0, 1, and 2; 
where 0 represents homozygous genotype for the major allele); the test for epistasis was based 
on the coefficient of the interaction term (where P-value of the interaction term reflects the 
difference in the likelihood between the full model and a reduced model containing only main 
effects).  
 
Furthermore, the potential biological involvement of DNA repair pathways was explored by 
specifically investigating the combined effect of non-synonymous SNPs (N=25) present in 18 
genes (Table 6), across all pathways. We hypothesized the presence of multiple missense 
variants may contribute, additively, to risk for MS. The combined effect of missense variants 
was determined by counting the total number of missense alleles for each individual. An 
appropriate reference group was determined by identifying the number of missense variants that 
reflected the lowest quartile (≤4 missense alleles [25.5% of the study population]; similar to 
previous approaches (34, 35)). Wilcoxon-type test for trend (36) and unconditional logistic 
regression analyses, adjusted for gender and HLA-DRB1*1501 (rs3135388) carrier status, were 
conducted using STATA v9.2 (College Station, TX). The combined effect score was treated as 
both a categorical and continuous variable to determine the risk per strata and per allele.  
 
Non-parametric methods were also used in parallel to univariate tests of association. Random 
Forests, a supervised machine learning algorithm that grows recursively partitioned trees without 
pruning (37), and Classification And Regression Trees (CART), a decision tree that presents a 
hierarchical arrangement of investigated variables were utilized. Random Forests is essentially 
an extension of CART, however, it produces a collection of trees independently grown using 
bootstrap aggregating and random selection of predictors to determine classification at each 
node. In Random Forests, all predictors are considered simultaneously and the classification 
accuracy of the forest is assessed. Each predictor is randomly permuted across all trees and used 
to generate a variable importance (VI) score. The VI scores rank predictors by their importance 
in classifying the outcome in the context of all predictors without model specification, and are 
robust to uninformative predictors and outliers. Additionally, the VI score potentially includes 
the effect of multiplex interactions between the predictors, as each variable selected at a node is 
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essentially important conditional on the variable selected at the prior node. To assist with the 
interpretation of important predictors identified by Random Forests, CART was used to explore 
and illustrate the conditional relationship(s) amongst these predictors. 
 
For the Random Forests analyses, all genetic variants were coded as genotypes and missing 
genotypes were imputed using Beagle v2.1.3 (38). All genetic variants were used to predict MS 
disease status using Random Forests v6.40.179 (http://salford-systems.com/) with mtry=sqrt(p) 
and ntree=5,000. The analysis was repeated twice: 1) excluding HLA-DRB1*1501 (rs3135388), 
and 2) excluding all chromosome 6p21 variants (rs3135388 and general transcription factor IIH 
polypeptide 4 [GTF2H4] variants). Important (top-ranking) predictors from the Random Forests 
analysis were determined based on the distribution of the VI scores (see Supplementary Figures 
1-3), and were chosen for further investigation by CART. 
 
 
RESULTS 
A total of 485 SNPs in 72 genes related to DNA repair pathways were investigated in 1,343 MS 
cases and 1,379 healthy controls of European ancestry. The rs3135388 A variant, which is highly 
correlated with HLA-DRB1*1501 (4) on chromosome 6p21.32, was significantly associated with 
MS risk, as expected (OR=2.7, 95% CI: 2.4, 3.1, Punadjusted<7.8 x 10-48).  
 
Five SNPs demonstrated some evidence for association with MS susceptibility, however, after 
adjusting for multiple testing, one significant association with MS susceptibility was observed 
(Table 2). A variant (rs1264307) within GTF2H4, a NER gene on chromosome 6p21.33, was 
significantly associated with MS risk (OR=0.73, PFDR-BH<3.5 x 10-5). Interestingly, the GTF2H4 
SNP (rs1264307) was not in linkage disequilibrium (LD; r2<0.01) with the HLA-DRB1*1501 
tagging SNP (rs3135388). Similarly, HLA-DRB1*1501 stratified analyses did not reveal 
significant associations (Table 3 and 4), with the exception of GTF2H4, which was associated 
with decreased MS risk in *1501 negative individuals (OR=0.74, PFDR-BH=0.03; Table 4). 
Haplotype analyses including two other GTF2H4 SNPs did not reveal additional information, 
demonstrating that the association was primarily due to rs1264307 (results not shown). CHM 
analysis of the HLA-DRB1*1501 tagging SNP (rs3135388) and the GTF2H4 variant (rs1264307) 
demonstrated the HLA-DRB1*1501 allele conferred increased risk independent of GTH2H4 
(Table 5). 
 
A total of 31,666 epistatic interactions were investigated between SNPs within each specific 
pathway (6,780 BER interactions, 15,911 NER interactions, 5,659 HR interactions, and 3,316 
NHEJ interactions were formally tested); no interactions were significant after adjusting for 
multiple testing (results not shown). The multigenic investigation (combined effect) of the 25 
non-synonymous variants in 18 DNA repair genes (Table 6), did not demonstrate any association 
with MS susceptibility (P>0.05; Table 7).  
 
Chromosome 6p21 variants (HLA-DRB1*1501 and GTF2H4 [rs1264307]) were very important 
predictors of MS susceptibility from Random Forests analysis (see Figures 1 and 2). As strong 
effects may mask the importance of other predictors, we removed, sequentially, HLA-
DRB1*1501 data, followed by all chromosome 6p21 genotype data (HLA-DRB1*1501 and three 
GTF2H4 SNP variants), and performed two additional Random Forests analyses. A total of nine 
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important predictors were additionally observed (see Figure 3; Table 8). Seven of these 
demonstrated a Punadjusted<0.05 when analyzed using single locus association testing (Table 9), 
and included variants within BRCA2, DDB2, ERCC3, RAD23A, RPA3, XAB2 and XRCC4. Using 
CART, a classification tree including five of the nine important predictors was constructed. The 
relationship between these genetic variants is illustrated in Figure 4. Interestingly, four variants 
were located within NER genes. The top-ranking Random Forests SNP and the variant used in 
the first node of the classification tree was an intronic XAB2 variant (rs4134860; OR=1.26, 
Punadjusted=9.7 x 10-4 from single-locus testing).  
 
 
DISCUSSION 
DNA damage from both endogenous and exogenous sources continuously challenges the 
genomic integrity of both nDNA and mtDNA. Fortunately, DNA repair processes help maintain 
genetic stability, and play an important role in maintaining a healthy immune and nervous 
system (39, 40). Over 150 genes are involved in the known nDNA and mtDNA repair pathways. 
The current study focused on common genetic variation within 72 genes derived from four 
principal DNA repair pathways: BER, NER, HR and NHEJ. We observed significant evidence 
for association between a SNP in GTF2H4, a NER gene, and risk for MS. Significant results for 
other genetic variants based on marginal, epistatic, and multigenic tests of association were not 
observed after stringent correction for multiple testing. 
 
Using a non-parametric approach comprised of the Random Forests and CART algorithms, 
evidence was observed for a predictive relationship for MS based on 9 variants in NER, HR and 
NHEJ genes. Specifically, variants within NER genes were most prominent among predictors of 
MS; that is, four of five variants incorporated into the classification tree were in XAB2, RPA3, 
ERCC3 and DDB2. In general, NER is responsible for removing nDNA lesions distorting the 
DNA helix (i.e. bulky DNA adducts) through several steps, which include: lesion detection, 
incision of the damaged strand, removal of the lesion-containing oligonucleotide, replacement of 
the removed oligonucleotide, and DNA ligation (41, 42).  
 
The GTF2H4 rs1264307 SNP, located in intron 11, was significantly associated with MS 
susceptibility, and the association was predominantly in *1501 non-carriers. GTF2H4 encodes an 
integral subunit (p52) of the important transcription factor IIH (TFIIH) protein complex, the 
helicase responsible for unwinding DNA structure, allowing repair (41). The rs1264307 variant 
is <150bp from exon 12 in GTF2H4 and is in strong LD (r2=1) with several SNPs beyond exons 
12 and 13 among CEU subjects (exon 12 and 13 variants were not available in phased CEU data 
from the HapMap project (26)). Additionally, SNP rs1264307 resides within a haplotype block 
spanning 38kb and three other genes (VARS2, SFTA2 and DPCR1). GTF2H4 is located on 
chromosome 6p21.33, among several MHC class I genes; however, it was not in LD (r2<0.01) 
with HLA-DRB1*1501 (rs3135388) on chromosome 6p21.32. Conditional haplotype analysis 
confirmed HLA-DRB1*1501 conferred increased risk of MS, independent of GTF2H4 
(Supplementary Table 4). A SNP (rs1264303) within the 5’ UTR region of VARS2 and 
immediately centromeric to GTF2H4 was also in strong LD (r2=1) with our variant among CEU 
subjects, and shows evidence for association with MS risk (OR=0.83, P=1.3 x 10-3) in an 
independent dataset (931 cases, 2,431 controls, data not shown) (4). However, the potential 
involvement of HLA-class I genes (43), and the well-established allelic heterogeneity at the HLA-
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DRB1 locus in MS (44, 45) underscore the need to fully examine GTF2H4 and nearby variation, 
in conjunction with full MHC data and classical HLA loci. While HLA-DRB1*1501 status was 
established for all MS cases and controls in the current study, complete HLA-DRB1 typing was 
not available. 
  
It was important to simultaneously consider genetic variation in these pathways, as multigene 
variants have been associated with diminished DNA repair capacity and persistent DNA damage 
(46, 47), and by extension could influence apoptosis (48) and cellular senescence (49). In the 
current study, we specifically investigated 25 non-synonymous coding SNPs in 18 DNA repair 
genes. However, a combined effect of missense variants based on carrier status for number of 
alleles at each locus showed no evidence of association with MS. 
 
We cannot exclude the potential role of other, yet unidentified, environmental factors interacting 
with DNA repair genes to influence risk for MS. Interactions between DNA repair and exposure 
to tobacco smoke have been implicated in some cancers (50, 51). Whether gene–environment 
relationships are important in MS, given strong evidence for smoking as a risk factor (20, 21, 52-
54), needs further investigation. Moreover, although common genetic variants within DNA 
repair genes were genotyped and/or captured and subsequently excluded as major risk factors for 
MS in the present study, risk due to rare variants, perhaps in particular subsets of MS cases, 
cannot be excluded. 
 
 The primary strengths of this pathway-driven candidate gene investigation in MS are: 1) the 
availability of dense genotyping across defined candidate genes, allowing for a comprehensive 
investigation of four DNA repair pathways; 2) the use of a homogenous study population; 3) the 
use of a large study population that was statistically well powered to identify modest genetic 
effects; 4) the implementation of stringent significance criteria, allowing for clearer 
interpretation of results; 5) the application of a multigenic approach to investigate biologically 
functional variants from these pathways; and 6) the parallel application of non-parametric 
methods to complement marginal tests of association. Despite the strengths of this investigation, 
these results must be interpreted cautiously as a replication analysis was not conducted to 
confirm these reported associations, and no environmental exposures were available. 
Determining the biological relevance of DNA repair pathways, particularly NER, in MS will 
require more extensive genetic and molecular research.   
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Table 1: DNA Repair Genes Investigated 
 

Gene Biological 
Pathway 

APEX1 BER 
APEX2 BER 
LIG3 BER 
MBD4 BER 
MPG BER 
MUTYH BER 
NEIL1 BER 
NEIL2 BER 
NTHL1 BER 
OGG1 BER 
PARP1 BER 
PARP2 BER 
PNKP BER 
POLB BER 
POLG BER 
RFC1 BER 
RFC2 BER 
RFC4 BER 
RFC5 BER 
SMUG1 BER 
TDG BER 
XRCC1 BER 
BRCA1 HR 
BRCA2 HR 
EME1 HR 
MRE11A HR 
MUS81 HR 
NBN HR 
RAD51 HR 
RAD51C HR 
RAD51L1 HR 
RAD51L3 HR 
RAD52 HR 
RAD54B HR 
RAD54L HR 
XRCC2 HR 
XRCC3 HR 
CCNH NER 
CDK7 NER 
DDB2 NER 
ERCC1 NER 
ERCC2 NER 
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ERCC3 NER 
ERCC4 NER 
ERCC5 NER 
ERCC6 NER 
ERCC8 NER 
GTF2H1 NER 
GTF2H4 NER 
GTF2H5 NER 
MMS19L NER 
MNAT1 NER 
PCNA NER 
POLD1 NER 
POLE NER 
RAD23A NER 
RAD23B NER 
RPA1 NER 
RPA2 NER 
RPA3 NER 
XAB2 NER 
XPA NER 
XPC NER 
DCLRE1C NHEJ 
FEN1 NHEJ 
LIG4 NHEJ 
NHEJ1 NHEJ 
PRKDC NHEJ 
WRN NHEJ 
XRCC4 NHEJ 
XRCC5 NHEJ 
XRCC6 NHEJ 



Table 2: Marginal Association Results (Punadjusted<0.01) for DNA Repair Variants and MS  
Susceptibility 
 

Chr SNP Base-pair 
Location Punadjusted PFDR-BH OR  95% CI Gene 

DNA  
Repair  

pathway 

6 rs1264307 30,988,736 7.1 x 10-8 3.5 x 10-5 0.73   0.66, 0.82 GTF2H4 NER 

19 rs4134860 7,592,407 9.7 x 10-4 0.23 1.26   1.10, 1.44 XAB2 NER 

5 rs9293329 82,432,343 0.0055 0.59 0.77  0.64, 0.93 XRCC4 NHEJ 

2 rs4150454 127,755,014 0.0069 0.59 1.16  1.04, 1.30 ERCC3 NER 

7 rs2110554 7,722,116 0.0072 0.59 1.32  1.08, 1.61 RPA3 NER 
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Table 3: Marginal Association Results (Punadjusted<0.01) for DNA Repair Variants and MS 
Susceptibility in HLA-DRB1*1501 Carriers1. 
 

 

Chr SNP Base-pair 
Location Punadjusted PFDR-BH OR  95% CI Gene 

DNA 
Repair 

pathway 

19 rs4134860 7,592,407 0.0010 0.26 1.50 1.18, 1.91 XAB2 NER 

13 rs11571789 31,857,240 0.0011 0.26 0.63  0.48, 0.83 BRCA2 HR 

13 rs11571686 31,820,331 0.0018 0.28 0.65  0.49, 0.85 BRCA2 HR 

17 rs1131636 1,747,939 0.0034 0.31 0.76  0.63, 0.91 RPA1 NER 

19 rs794078 7,591,843 0.0037 0.31 0.73  0.59, 0.90 XAB2 NER 

1 rs2255403 224,642,893 0.0040 0.31 0.70  0.55, 0.89 PARP1 BER 

1 rs752307 224,618,152 0.0045 0.31 0.70  0.55, 0.90 PARP1 BER 

13 rs206079 31,818,618 0.0053 0.32 1.30  1.08, 1.56 BRCA2 HR 

2 rs4150454 127,755,014 0.0099 0.53 1.28  1.06, 1.55 ERCC3 NER 

 
1 Using 702 MS cases and 345 controls who carried the rs3135388 A risk variant.  
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Table 4: Marginal Association Results (Punadjusted<0.01) for DNA Repair Variants and MS 
Susceptibility in HLA-DRB1*1501 Non-carriers1. 
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Chr SNP Base-pair  
Location Punadjusted PFDR-BH OR  95% CI Gene 

DNA 
Repair 

pathway 

6 rs1264307 30,988,736 5.7 x 10-5 0.028 0.74  0.64, 0.86 GTF2H4 NER 

7 rs3094406 151,993,798 0.0021 0.33 1.42  1.14, 1.78 XRCC2 HR 

19 rs3213266 48,767,476 0.0025 0.33 0.67  0.51, 0.87 XRCC1 BER 

12 rs5744761 131,762,012 0.0033 0.33 1.74 1.20, 2.52 POLE NER 

11 rs16920467 93,827,574 0.0037 0.33 1.61  1.16, 2.23 MRE11A HR 

6 rs1264308 30,987,966 0.0040 0.33 1.33  1.09, 1.61 GTF2H4 NER 

10 rs11593133 15,035,155 0.0049 0.34 0.81  0.69, 0.94 DCLRE1C NHEJ 

5 rs9293329 82,432,343 0.0056 0.34 0.70  0.55, 0.90 XRCC4 NHEJ 

1 rs12410307 46,502,985 0.0085 0.46 0.72  0.56, 0.92 RAD54L HR 

1 Using 638 MS cases and 1,030 controls who did not carry the rs3135388 A risk variant. 



Table 5: Conditional Haplotype Method of HLA-DRB1*1501 (rs3135388A) and GTF2H4 
(rs1264307). 
 

GTF2H4-HLA-
DRB1*1501- haplotype 

Case/Control 
counts 

OR  
(95% CI) P-value 

CC 1265/1452 Ref.  

CA 600/272 2.53 
(2.15, 2.99) >0.00001 

TC 621/932 Ref.  

TA 202/104 2.92 
(2.24, 3.81) >0.00001 
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Table 6: Marginal Assosciation Results for 18 DNA Repair Missense SNPs Variants and MS 
Susceptibility 

  

*1501 carriers *1501 non-carriers 
Chr SNP Punadjusted OR 

Punadjusted OR Punadjusted OR 
Gene 

DNA 
Repair 

pathway 
1 rs3219484 0.46 1.08 0.87 0.97 0.58 1.08 MUTYH BER 
3 rs2227999 0.23 1.15 0.77 1.06 0.24 1.19 XPC NER 
3 rs2307298 0.27 1.32 0.60 1.27 0.24 1.46 MBD4 BER 
5 rs2266690 0.50 1.05 0.37 1.11 0.57 1.05 CCNH NER 
7 rs3218536 0.68 0.96 0.30 0.84 0.96 0.99 XRCC2 HR 
8 rs8178017 0.15 1.20 0.11 1.49 0.27 1.20 PRKDC NHEJ 

10 rs3740526 0.21 1.07 0.91 1.01 0.09 1.13 MMS19L NER 
12 rs5745066 0.21 1.29 0.55 1.23 0.32 1.31 POLE NER 
13 rs766173 0.32 0.86 0.029 0.57 0.37 1.18 BRCA2 HR 
13 rs2227869 0.48 0.91 0.40 0.81 0.85 1.03 ERCC5 NER 
13 rs17655 0.57 0.96 0.97 1.01 0.78 0.98 ERCC5 NER 
13 rs1805388 0.33 0.93 0.92 0.99 0.27 0.90 LIG4 NHEJ 
13 rs1805389 0.36 0.90 0.39 0.83 0.94 0.99 LIG4 NHEJ 
14 rs3093921 0.29 0.81 0.78 1.10 0.08 0.60 PARP2 BER 
14 rs3093926 0.047 1.24 0.06 1.44 0.31 1.16 PARP2 BER 
14 rs861539 0.93 1.01 0.53 1.06 0.65 1.03 XRCC3 HR 
15 rs2307441 0.72 0.95 0.55 0.88 0.61 0.91 POLG BER 
16 rs1800067 0.32 1.11 0.08 1.39 0.70 1.05 ERCC4 NER 
17 rs5030755 0.98 1.00 0.94 0.99 0.50 0.92 RPA1 NER 
17 rs1799967 0.24 1.32 0.17 1.98 0.43 1.26 BRCA1 HR 
17 rs16941 0.27 0.94 0.038 0.81 0.56 1.05 BRCA1 HR 
17 rs799917 0.43 0.96 0.044 0.82 0.33 1.08 BRCA1 HR 
17 rs4986850 0.08 0.84 0.09 0.75 0.60 0.93 BRCA1 HR 
17 rs1799950 0.39 1.10 0.53 1.13 0.53 1.09 BRCA1 HR 
19 rs13181 0.31 0.94 0.51 1.07 0.06 0.87 ERCC2 NER 
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Table 7: Combined effects of missense variants 

No. of missense 
alleles 

Case/Control 
counts 

Adjusted OR 1 
(95% CI) P-value 

<4 341/353 Ref. c  
5 199/189 1.09 (0.84, 0.99) 0.50 
6 206/228 0.91 (0.71, 1.42) 0.48 
7 213/208 1.11 (0.86, 1.17) 0.44 
8 162/173 0.96 (0.73, 1.42) 0.78 
9 102/95 1.21 (0.87, 1.26) 0.26 

10 51/63 0.83 (0.55, 1.68) 0.39 
11 36/35 1.12 (0.67, 1.26) 0.66 
12 19/24 0.90 (0.47, 1.87) 0.74 
13 11/6 2.12 (0.76, 1.71) 0.15 
14 3/2 0.73 (0.10, 5.94) 0.75 
15 1/2 0.77 (0.07, 8.59) 0.83 

Per allele  1.00 (0.98, 1.03) 0.74 
P for trend   0.82 

 
1Odds Ratios and 95% CI from unconditional logistic regression, adjusted for gender and HLA-
DRB1*1501 (rs3135388).  
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Table 8: Important Predictors From Random Forest Results Across Runs 
 

All Variants No HLA-DRB1 No Chromosome 6p21 
variants VI 

Rank SNP Gene SNP Gene SNP Gene 
1 rs3135388 HLA-DRB1 rs1264307 GTF2H4 rs4134860 XAB2 
2 rs1264307 GTF2H4 rs4134860 XAB2 rs2974754 RAD23A 
3   rs4150454 ERCC3 rs7783714 RPA3 
4   rs1231201 PRKDC rs9293329 XRCC4 
5   rs9293329 XRCC4 rs4134813 XAB2 
6   rs2974754 RAD23A rs1231201 PRKDC 
7   rs9562605 BRCA2 rs4150454 ERCC3 
8     rs9562605 BRCA2 
9     rs2957873 DDB2 

 



Table 9: Important Predictors Identified by Random Forests, When Excluding Chromosome 
6p21 Variants. 

 

Chr SNP Base-pair 
Location  VI rank 1 Punadjusted OR  95% CI Gene 

DNA 
Repair 

pathway 

19 rs4134860 7,592,407 1 9.7 x 10-4 1.26  1.10, 1.44 XAB2 NER 

19 rs2974754 12,922,983 2 0.042 0.89  0.80, 1.00 RAD23A NER 

7 rs7783714 7,658,402 3 0.022 0.87  0.78, 0.98 RPA3 NER 

5 rs9293329 82,432,343 4 0.0055 0.77  0.64, 0.93 XRCC4 NHEJ 

19 rs4134813 7,600,021 5 0.10 1.10  0.98, 1.23 XAB2 NER 

8 rs1231201 49,008,716 6 0.53 0.97  0.87, 1.08 PRKDC NHEJ 

2 rs4150454 127,755,014 7 0.0069 1.16  1.04, 1.30 ERCC3 NER 

13 rs9562605 31,788,026 8 0.045 0.88  0.78, 1.00 BRCA2 HR 

11 rs2957873 47,205,870 9 0.031 1.16  1.01, 1.32 DDB2 NER 

 
1 Rank of variable importance score for important predictors. 
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Figure 1: Variable Importance Scores for the Top 50 Predictors for the Random Forests Analysis 
Where All Genetic Variants Were Used to Predict MS. 
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Figure 2: Variable Importance Scores for the Top 50 Predictors for the Random Forests Analysis 
Where All Genetic Variants, Except HLA-DRB1*1501, Were Used to Predict MS. 
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Figure 3: Variable Importance Scores for the Top 50 Predictors for the Random Forests Analysis 
Where All Genetic Variants, Except those on Chromosome 6p21 (HLA-DRB1*1501 and 
GTF2H4 variants), Were Used to Predict MS. 
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Figure 4: Classification and regression tree (CART) analysis of important predictors (not on  
chromosome 6p21) identified by Random Forests (Table 4).  
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Chapter 2 
 

Corticotropin Releasing Hormone Receptor 1 (CRHR1) is a  
Novel Multiple Sclerosis Susceptibility Locus.  

 
 

ABSTRACT 
The primary genetic risk factor in multiple sclerosis (MS) is the HLA-DRB1*1501 allele; 
however, much of the remaining genetic contribution to MS has yet to be elucidated. Several 
lines of evidence support a role for neuroendocrine system involvement in autoimmunity which 
may, in part, be genetically determined. Here, we comprehensively investigated variation within 
8 candidate hypothalamic-pituitary-adrenal (HPA) axis genes and susceptibility to MS. A total of 
326 SNPs were investigated in 1,343 MS cases and 1,379 healthy controls of European ancestry 
using a multi-analytical strategy. Random Forests, a supervised machine learning algorithm, 
identified 8 intronic SNPs within the corticotropin releasing hormone receptor 1 or CRHR1 locus 
on 17q21.31 as important predictors of MS. Based on univariate analyses: six CRHR1 variants 
were associated with decreased risk for disease following a conservative correction for multiple 
tests. Independent replication was observed for CRHR1 in a large meta-analysis comprised of 
2,624 MS cases and 7,220 healthy controls of European ancestry. Results from a combined meta-
analysis of all 3,967 MS cases and 8,599 controls provide strong evidence for the involvement of 
CRHR1 in MS (rs242936: p=9.7 x 10-5). Further investigation of mechanisms involved in HPA 
axis regulation and response to stress in MS pathogenesis is warranted. 
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INTRODUCTION 
Multiple sclerosis (MS; MIM #126200) is a clinically heterogeneous, autoimmune disease of the 
central nervous system (CNS) including two distinct, though intersecting, neuro-pathological 
phases: inflammation and neurodegeneration (1). The pathogenesis of MS involves a substantial 
genetic component, with HLA class II genes within the major histocompatibility complex (MHC) 
on chromosome 6p21 conferring approximately 50% of the genetic risk (2). Admixture analyses 
have shown the primary susceptibility locus for MS within the MHC is HLA-DRB1, and more 
specifically, the HLA-DRB1*15 allele (3, 4). The complexities surrounding the HLA-DRB1 
contribution are the focus of multiple ongoing research efforts within the field (5-7). The 
identification of non-MHC susceptibility loci, while progressing, is far from complete. Recent 
genome wide association (GWA) and replication studies have begun to unravel the polygenic 
etiology of MS. Modest associations for over a dozen variants, including SNPs within IL7RA, 
IL2RA, CLEC16A, CD58, TNFRSFA1, IRF8, KIF21B, and TMEM39A, have been described (8-
14). To date, GWA studies using currently available technology have had limited success 
refining the genetic etiology for most complex diseases, including MS (15, 16). Candidate gene 
approaches based on strong hypotheses and well-powered datasets still remain an important 
strategy for detection of disease-associated variants (17, 18).  
 
MS pathogenesis is thought to involve multiple biological pathways that contribute to 
inflammatory and neurodegenerative components of the disease. Genetic variation within these 
pathways is therefore likely to be associated with disease predisposition. One biological pathway 
involved in MS is the hypothalamic-pituitary-adrenal (HPA) axis, a principal component of the 
neuroendocrine system that regulates individual response to physical and emotional stress, and 
maintains homeostasis with strong neuroimmune modulating properties (19, 20). Various 
measures of HPA axis activity have been investigated in small studies of clinically 
heterogeneous MS cases, where impaired HPA axis activity in MS cases appears to be dependent 
on clinical phenotypes and disease duration (21). A recent comprehensive analysis demonstrated 
strong evidence for HPA hyperactivity in 173 well-defined MS patients and 60 healthy controls 
(22). 
 
The HPA axis is further implicated in pathology of MS by evidence supporting psychological 
stress as a risk factor for MS onset and exacerbations in several studies, despite methodological 
differences (23). MS cases are more likely to have experienced stressful life events prior to 
symptom onset than matched healthy controls for the same prodromal time period (24, 25) or 
controls with other neurologic or rheumatic diseases (26). Several studies suggest that stressful 
life events often precede disease relapse in MS cases (27-33); and interestingly, MS cases who 
experienced family or work conflicts have an increased risk of developing a new gadolinium 
enhancing (Gd+) MRI lesion (27). Psychological stress has also been associated with both 
susceptibility and disease progression for other autoimmune diseases (34-39). In addition, a 
recent retrospective cohort study examined hospital discharge records and reported significant 
associations between individuals who experience traumatic childhood stress and increased rates 
of first hospitalizations for any of 21 autoimmune diseases, including MS (40).  
 
Although evidence supports the involvement of the HPA axis in the pathology of MS, the exact 
nature of the relationship and the underlying biological mechanism(s) remain unclear. In this 
study, we investigated variation within 8 candidate genes involved in mediating and/or 
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regulating the neuroendocrine activity of the HPA axis using a supervised machine learning 
algorithm (Random Forests). A total of 326 informative SNPS within BDNF, CRHBP, CRHR1, 
CRHR2, HCRTR1, HCRTR2, OPRD1 and OPRK1 were genotyped in 1,343 MS cases and 1,379 
healthy controls of European ancestry. Random Forests was first used to rank important SNP 
predictors of case status. Univariate association tests, haplotype and logistic regression analyses 
were then used to further characterize relationships between important variants and risk for MS. 
We confirmed our significant associations in a large meta-analysis of 2,624 MS and 7,220 
control subjects of European ancestry (13). We report for the first time, CRHR1as a novel 
susceptibility locus for MS, in a multi-stage analysis (Figure 1).   
 
 
RESULTS  
Stage I – Discovery Analysis 
An exploratory dataset was comprised of 1,343 MS cases and 1,379 healthy controls of European 
ancestry (14). The rs3135388 (A/G) SNP was used to determine the presence of the HLA-
DRB1*1501 allele in MS cases and controls as previously described (8). As expected, the T 
variant was significantly associated with MS risk (odds ratio [OR]=2.7, 95% confidence interval 
[CI]: 2.4-3.1, p=7.8 x 10-48) and demonstrates that our case-control sample is representative of 
those described in other studies. This SNP had a minor allele frequency (MAF) of 29.8% in cases 
and 13.6% in controls.  
 
Using this dataset, Random Forests identified 8 intronic SNPs within CRHR1 on chromosome 
17q21.31 as important predictors of MS (Table 1; Figure 2). Six of the 8 important CRHR1 SNPs 
were significantly associated with decreased risk of MS in logistic regressions models (p<0.05; 
Table 1), adjusted for gender and HLA-DRB1*1501. All 8 important SNPs demonstrated similar 
effect sizes of decreased risk of MS.  
 
Stage II – Replication Analysis 
Four of the 8 important CRHR1 SNPs identified in Stage I were examined in an independent 
group of 2,624 MS and 7,220 control subjects of European ancestry to determine whether Stage I 
results could be replicated (Table 1). Data from MS cases and controls were comprised of three 
GWA scans generated on different SNP arrays, and subsequently each scan was imputed using a 
single panel of 2.56 million SNPs for meta-analysis, as previously described (13). Meta-analysis 
for CRHR1 SNPs was conducted using a fixed-effects logistic model based on the observed and 
expected allele dosage, and adjusted for cohort of origin, gender, and HLA-DRB1*1501 (13). 
Interestingly, the four available SNPs (of 8) within CRHR1 were also significantly associated 
with decreased risk of MS in this independent dataset (Table 1). 
 
Stage III – Combined Analysis 
The data from Stages I and II were combined to generate final effect estimates for the four of the 
8 important CRHR1 SNPs. The meta-analysis from Stage II was rerun, including the Stage I data 
as an additional cohort. The four CRHR1 variants were significantly (p<5 x 10-4) more associated 
with decreased risk of MS in the combined meta-analysis of 3,967 MS cases and 8,599 controls 
subjects of European ancestry (Table 2).  
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Stage IV – Extension Analysis 
CRHR1 is located within a polymorphic inversion (~900 kb) on 17q21. There are two 17q21 
haplotypes, H1 and H2, comprised of SNPs which are in complete disequilibrium, as H2 is 
inverted relative to H1 (41). The H2 inversion is most frequent in Southern Europe and 
Southwest Asia, decreasing outward in all directions (42). To further investigate the CRHR1 
association, we examined linkage disequilibrium patterns for four of the 8 SNPs genotyped in 
CEU (Utah Residents with Northern and Western European Ancestry) Haplotype Map (Hapmap) 
data (version 3; Release #R2).  Results show that the four SNPs tag a total of 8 CRHR1 variants 
(r2>0.5; data not shown).  
 
Finally, combining all available genetic data for CRHR1 from Stages I and II, we tested for 
association with MS using adjusted logistic regression as previously described (Figure 3). 
Results indicate there is very strong evidence for association between CRHR1 and MS.  
A H2 inversion tagging SNP (rs1396862) was present in both data sets (Stage I and Stage II), 
and all logistic regression models were then rerun adjusting for presence of the inversion. Similar 
results were observed (Figure 4), and show the replicated CRHR1 association is exerting an 
effect independent of the H2 inversion. In addition, results did not vary greatly when individuals 
carrying the H2 haplotype were excluded from analyses (data not shown).  
  
Haplotypic analyses were conducted to further resolve the association between CRHR1 SNPs 
and MS using dense genotypic data (N=89 SNPs) available from Stage I. Using D’ confidence 
intervals (43) as implemented in Haploview v4.2 (44), a single haplotype block spanning nearly 
the entire CRHR1 gene (46 kb; Figure 5) and including 81 SNPs was observed. H2 was 
identified by the presence of the rs1396862T variant; with a prevalence of 22.9%, comparable to 
frequencies observed in European Americans and most Western, Central and Southeastern 
Europeans (42). A total of 13 sub-haplotypes with a frequency >1% were observed, including 11 
H1 and two H2 sub-haplotypes (Figure 6). The H1.5 sub-haplotype frequency significantly 
differed in MS cases and healthy controls (Figure 6; Table 3); it was significant associated with 
decreased risk of MS when compared to all other H1 sub-haplotypes (OR=0.64, 95% CI: 0.50-
0.83, p= 4.1 x 10-4). Results did not differ when compared to all other H1 and H2 haplotypes 
(data not shown). Interestingly, H1.5 was the only sub-haplotype with all 8 SNPs identified in 
Stage I, and thus, concurred with results obtained from Random Forests analyses (Figure 6).  
 
 
DISCUSSION 
Results from the current study of variants within 8 candidate genes involved in mediating and/or 
regulating the neuroendocrine activity of the HPA axis demonstrate strong evidence for 
association between CRHR1 (GeneID 1394) and MS susceptibility. A large, well-powered study 
design including both discovery and replication stages were utilized. European ancestry 
estimates based on genetic markers were used to remove population outliers for case-control 
datasets in both stages; therefore the potential impact of population stratification was minimized. 
The 17q21 region has been a key locus of interest in MS: it was identified as a possible MS locus 
in a meta-analysis of several genome-wide linkage screens (45). However, subsequent GWA 
scans have not successfully identified CRHR1 or any other susceptibility locus in this region (46-
48). Further, results for CRHR1 in the current study would not meet criteria for genome-wide 
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significance (p>5 x 10-8). Our study underscores the importance of considering biological 
function in genetic studies of MS, as well as other autoimmune disorders. 
 
Close to 100% of the common genetic variation in CRHR1 was captured in Stage I analyses, 
based on r2>0.95 in CEU Hapmap data (Release #21). A total of 89 CRHR1 SNP variants were 
investigated using Random Forests and the 8 SNPs identified as important were located in 
introns. Therefore, an explicit functional role is not evident. However, in silico analysis 
(http://fastsnp.ibms.sinica.edu.tw/) suggests four of the 8 important SNPs (rs171442, rs242938, 
rs173365, and rs17689966) are potential intronic enhancers that may alter transcription factor 
binding. Interestingly, the 8 important SNPs identified by Random Forest reside on a single 
haplotype (H1.5).  
 
A summary of all CRHR1 data considered in the current study shows evidence for association 
with MS was present for SNPs within intron 1 and across exons 3 through 14 (Figure 3 and 
Figure 4). The strongest signals are located within exons 3 and 4. Five missense polymorphisms 
have since been identified (dbSNP; accessed April 2010) in CRHR1 exons 3 (rs16940655), 4 
(rs41280114), 6 (rs75638861), and 14 (rs61732578 [may lead to altered splice regulation], 
rs75738089). The rs16940655 (CRHR1 V60A) variant encodes a conservative amino-acid 
exchange (http://fastsnp.ibms.sinica.edu.tw/), and was genotyped in Stage I of the current study; 
however it was excluded from analyses due to low MAF (<1% in controls). It was present in 
1.12% of MS cases and 0.87% of controls (p=0.39; logistic regression model adjusted for HLA-
DRB1*1501 and gender). Owing to low MAF, rs16940655 does not appear to be in ‘strong’ LD 
with any CRHR1 variant investigated in Stage I (or in CEU Hapmap data); however, it is located 
near our replicated SNP (<1.7 kb from rs242939).   
  
CRHR1 is located within a large region (~900 kb) of high linkage disequilibrium on chromosome 
17q21.31, resulting from a local chromosomal inversion. The global distribution of two 17q21.31 
haplotypes, H1 and H2 (the inversion), varies. A decrease in H2 frequency that follows a south 
to north gradient across Europe has been demonstrated with population data (42). We repeated 
all analyses of CRHR1 with adjustment for the presence of the inversion, and also excluded 
individuals with the inversion from analyses, to address concerns related to population 
stratification; results did not vary. Similar to findings reported herein, a previous investigation of 
H2 haplotype tagging SNP rs9468 in 937 UK trio families showed no evidence for association 
(49). It is important to note that some CRHR1 variants identified by Random Forests in Stage 1 
also tagged (r2>0.5) SNP variants within the nearby IMP5 locus, based on assessment of linkage 
disequilibrium in CEU Hapmap data. Complete genotype data for variants within this locus were 
not available for MS cases and controls utilized in the current study. Therefore, detailed 
characterization of genetic variation within the CRHR1-IMP5 region is needed. However, our 
findings based on association with replication strongly support a role for CRHR1 variation in MS 
susceptibility.  
 
The neuroendocrine, autonomic and behavioral stress response is centralized to a common 
corticotrophin-releasing hormone (CRH)-mediated mechanism (50). CRH is released into 
hypophyseal portal system by neurons in the paraventicular nucleus of the hypothalamus, and 
delivered to the anterior pituitary. There are two G protein-coupled CRH receptors that exert the 
effect of CRH: CRHR1 and CRHR2, however only CRHR1 is expressed within the pituitary and 
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demonstrates a strong affinity for CRH. The interaction of CRH and CRHR1 at the pituitary is 
exclusively responsible for activating the biosynthesis and release of the adrenocorticotropic 
hormone (ACTH) into peripheral circulation, which culminates in steriodogenesis and the release 
of glucocorticoids (GCs; i.e. cortisol) from cortex of the adrenal gland via ACTH receptors (51). 
GC receptors (GR; expressed by all nucleated cells) transduce the stress response signal in end 
organs, directly affecting transcription of GC-sensitive genes, with activational and/or inhibitory 
actions in various systems, including negative feedback at the pituitary to stop the response to 
stressful stimuli.  
 
CRH is also found peripherally, and regulates inflammation through direct activation of CRHR1 
receptors on mast cells and monocytes/macrophages and via in vivo secretion of TNF, IL-1 and 
IL-6 (52-55). Interestingly, CRHR1 is expressed on resting human B and T lymphocytes and 
other several other immune related cells and tissues (56-62). Furthermore, urocortin, a CRHR1 
ligand structurally similar to CRH, promotes microvessel permeability, and CRHR1 is 
significantly overexpressed in early development at the blood-brain-barrier than in adulthood in 
animal models (63, 64). 
 
A total of eight CRHR1 isoforms: α (no exon 6), β (contains all 14 exons), c (no exons 3 and 6), 
d (no exons 6 and 13), e (no exons 3 and 4, resulting in a frame shift and early stop codon in 
exon 8), f (no exon 12, resulting in a frame shift), g (no exon 11 and portions of exons 10 and 12 
are missing), and h (contains a cryptic exon between exons 4 and 5, resulting in a frame shift and 
early stop codon in exon 5) have been described, and have varied tissue distribution (65, 66). 
While CRHR1α appears to be the primary functional CRHR1 receptor (66), the diversity of 
CRHR1 isoforms underscores its possible pleiotropic functions in various biological 
mechanisms, as well as complex responsive to CRHR1 ligands.  For example, CRHR1α 
signaling is attenuated or amplified by other soluble isoforms (CRHR1e and CRHR1h, 
respectively) (67). Multiple CRHR1 isoforms (α, β, c, e, and f) have been detected in mast cells 
(54). 
 
In conclusion, this pathway-driven investigation adds to prior evidence that the HPA axis and 
related stress response mechanisms contribute to MS susceptibility. Notwithstanding the 
successes of GWA studies, they have demonstrated difficulty in fully refining the genetic 
etiology of complex diseases (16). Discussions on future directions for complex disease studies 
emphasize the need for incorporating biological knowledge into genetic investigations (17). The 
strengths of this investigation are: 1) genotyping of a large homogenous study population that 
was well powered to identify modest genetic effects; 2) the application of a robust non-
parametric algorithm to guide association testing; 3) the replication of findings in a large, 
independent study population; and 4) extensive genotypic coverage of investigated loci. A key 
limitation of this investigation is that genetic data for other key HPA axis genes were not 
available; therefore it is necessary to investigate these unexplored relationships in MS, and in the 
context of the variants investigated here.  
 
CRHR1 is a critical component of the HPA axis. An impaired HPA axis has been suspected to 
contribute to autoimmunity, including MS (20, 68-70), and genetic variation within related genes 
has been associated with the development of affective disorders and other stress-related clinical 
conditions, both marginally and through gene x environment interactions (71-74). Thus, further 
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investigations of these clinical conditions, exposure to stressful life events, and genetic variation 
with the HPA axis in MS is necessary. Results from this investigation provide evidence for a 
non-MHC mediated mechanism in the pathogenesis of MS. 
 
 
MATERIALS and METHODS 
Stage I – Discovery Analysis 
Ten genes involved in mediating and/or regulating the neuroendocrine activity of the HPA axis 
were selected for investigation. Genic SNPs were selected for genotyping primarily based on 
their function as a tagging SNP. Using Tagger, as implemented in Haploview v3.3 (44), tagging 
SNPs were defined as a set of SNPs which captured 100% of the genetic variation in CEU 
Hapmap data (NCBI Build 35; Release #21, July 2006), with pairwise r2>0.95. Additional SNPs 
not available in CEU Hapmap data were identified and selected from dbSNP (retrieved July, 
2007) based on proximity to exons and to expand coverage where there was none (e.g. there 
were no CRH SNPs available in CEU Hapmap data (Release #21), therefore 4 SNPs were 
selected from dbSNP for genotyping). 
 
A total of 486 SNPs in 10 genes were genotyped as a subset of 48,767 custom SNPs using the 
Illumina Infinium 60K BeadChip assay (75), in 2,961 (1,488 MS cases and 1,512 controls) 
participants recruited from three clinical centers (University of California, San Francisco; 
Harvard/MIT Board Institute; and Cambridge University) (14). Unrelated controls were obtained 
from these same US sites and from the British 1958 Birth Cohort Study. These controls were 
selected to provide nearly equivalent gender and age distributions (14). All participants self-
reported as non-Hispanic whites. All MS cases met well-established disease criteria (76, 77). 
Informed consent was obtained from all study participants and approvals from local institutional 
review boards were secured at each recruitment site prior to enrollment.  
 
A rigorous quality control protocol was utilized; Whole-genome Association Study Pipeline 
assessed sample and SNP genotyping efficiency (<95%), allele frequencies, gender errors, and 
Hardy-Weinberg equilibrium (p<0.0001), recursively. Samples were excluded if the probability 
of Caucasian European descent was <0.90. Additional quality control processes were performed, 
including the assessment of population outliers (14). The final quality control analysis yielded 
2,722 individuals and 46,874 SNPs, of which 380 SNPs were relevant to this analysis. We 
further excluded 54 SNPs with a MAF<0.01. Missing genotypes were imputed in cases and 
controls using Beagle v2.1.3 (78). Therefore, a total of 326 SNPs within 8 genes related to the 
HPA axis were investigated in 1,343 MS cases and 1,379 healthy controls of European ancestry. 
The rs3135388 (A/G) SNP was used to determine the presence of the HLA-DRB1*1501 allele as 
previously described (79). 
 
We investigated the power to detect log-additive genetic associations. ORs ranging from 0.1 to 
3.0 were examined, assuming a two-sided type 1 error of 5% (α=0.05). Results indicated that our 
discovery analysis was sufficiently powered (>75%) to detect allelic OR <0.8 and >1.2 for 
almost all models considered.  
 
All SNP genotypes in cases and controls were coded as 0, 1 or 2 copies of the minor allele, and 
investigated using Random Forests v6.40.179 (http://salford-systems.com/) with mtry=sqrt(p) 
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and ntree=5,000. Briefly, Random Forests independently grows a collection of recursively 
partitioned trees without pruning using bootstrap aggregating and random selection of a subset of 
all predictors to determine classification at each node (80). Approximately a third of the 
observations is not included in each bootstrap sample, but is used to assess the classification 
accuracy of each tree in the forest, by comparing the predicted versus the actual outcome. This 
process is repeated with each predictor, in a tree, randomly permuted. Finally, a single 
importance score for each variable is determined by any increase change in misclassification and 
used to generate a variable importance (VI) score. The VI scores rank predictors by their 
importance in classifying the outcome in the context of all predictors without model 
specification, and are robust to uninformative predictors and outliers. Additionally, the VI score 
potentially includes the effect of multiplex interactions between the predictors, as each variable 
selected at a node is essentially important conditional on the variable selected at the prior node; 
therefore containing additional information when compared to univariate tests.  
 
Important (top-ranking) predictors from the Random Forests analysis were determined based on 
the distribution of the VI scores. Allele frequencies were compared between MS cases and 
controls, and ORs, 95% confidence intervals (95% CI) were determined using unconditional 
logistic regression models adjusted for gender and HLA-DRB1*1501 as implemented in PLINK 
v1.06 (81). 
 
Stage II – Replication Analysis 
Genotypic data available from a recently published independent meta-analysis (three GWA 
scans) of 2,624 MS and 7,220 control subjects of European ancestry was used to confirm Stage I 
results (13). Briefly, all individuals were imputed on a single panel of 2.56 million SNPs, and a 
fixed-effects logistic model based on the observed and expected allele dosage, adjusted for 
cohort of origin (N=6), gender, and HLA-DRB1*1501 using xtlogit implemented in STATA v9.2 
(StataCorp LP, College Station, TX) (see De Jager et al) (13). 
 
Stage III – Combined Analysis 
A meta-analysis combining the genotypic data from Stage I and Stage II (3,967 MS and 8,599 
control subjects) determined final effect size estimates using a fixed-effects logistic model based 
on the observed and expected allele dosage, adjusted for cohort of origin (N=7), gender, and 
HLA-DRB1*1501 using STATA v9.2.  
 
Stage IV – Extension Analysis 
A LD analysis was conducted in CEU Hapmap data (version 3; Release #R2) to identify 
chromosomal regions tagged by the important predictors using Haploview v4.2 (44). Genetic 
variation within the tagged chromosomal regions were also investigated in Stage I, Stage II, and 
Stage III data sets using the appropriate logistic regression models as previously described. 
Logistic regression models were rerun to include the 17q21.31 inversion tagging variant 
(rs1396862) as an independent variable. 
 
Using Stage I data, haplotype blocks were constructed using D’ confidence intervals (43), and 
frequencies determined using Haploview v4.2. Haplotype frequencies were rounded to the 
nearest whole number and compared using Fisher’s exact test (cci; STATA v9.2). 
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Table 1:  CRHR1 SNP variants on chromosome 17 identified as important predictors of MS by 
Random Forests in Stage I analysis 
 

Stage I Stage II VI  
rank1 SNP Base-pair 

Location Function Minor 
allele MAF  

cases   
MAF 

controls p-value 2 OR 3 

(95% CI) p-value OR 4 
(95% CI) 

8 rs12940065 41,221,636 intron 1 A 0.16 0.17 0.42 0.94 
(0.81-1.09) -- -- 

3 rs34174655 41,231,188 intron 1 A 0.08 0.10 0.0029 0.74 
(0.61-0.90) -- -- 

2 rs171442 41,247,686 intron 2 A 0.06 0.08 0.0087 0.74 
(0.59-0.93) -- -- 

6 rs242939 41,251,360 intron 3 C 0.06 0.08 0.016 0.76 
(0.61-0.95) 0.0078 0.82 

(0.71-0.95) 

1 rs242938 41,251,717 intron 3 A 0.06 0.08 0.0076 0.74 
(0.60-0.92) -- -- 

7 rs242936 41,254,990 intron 4 A 0.10 0.12 0.022 0.81 
(0.68-0.97) 0.0024 0.82 

(0.73-0.93) 

4 rs173365 41,256,855 intron 4 A 0.43 0.46 0.032 0.89 
(0.79-0.99) 0.0029 0.89 

(0.83-0.96) 

5 rs17689966 41,266,236 intron 8 G 0.43 0.46 0.055 0.90 
(0.80-1.00) 0.0030 0.89 

(0.83-0.96) 

 
1 Important (top-ranking) predictors from the Random Forests analysis were determined based on 
the distribution of the VI scores (Figure 2). 
2 Logistic regression model were the variant is coded to reflect genotypes (0, 1, and 2, where 0 
represents homozygous dominant genotype) and HLA-DRB1*1501 and  gender were included in 
the model (PLINK v1.06). 
3 Adjusted proportional ORs from logistic regression models with HLA-DRB1*1501 and  gender 
each model (PLINK v1.06). 
4 Fixed-effects meta-analysis of three GWA scans for MS susceptibility based on the observed 
(imputed) and expected alleles dosage of each SNP, taking into account the empirically observed 
variance of the allele dosage, was conducted using logistic regression models, adjusted for 
location, HLA-DRB1*1501 and gender (STATA v9.0).   
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Table 2: Replicated SNP variants (Table 1) in the combined data set. 
 

Stage III 
SNP Chr Base-pair 

Location Gene Function Minor 
allele p-value OR 1 

(95% CI) 

rs242939 17 41,251,360 CRHR1 intron 3 C 4.1 x 10-4 0.81 
(0.72-0.91) 

rs242936 17 41,254,990 CRHR1 intron 4 A 9.7 x 10-5 0.82 
(0.74-0.90) 

rs173365 17 41,256,855 CRHR1 intron 4 A 1.9 x 10-4 0.89 
(0.84-0.95) 

rs17689966 17 41,266,236 CRHR1 intron 8 G 3.0 x 10-4 0.89 
(0.84-0.95) 

 
1 Fixed-effects meta-analysis of three GWA scans for MS susceptibility based on the observed 
(imputed) and expected alleles dosage of each SNP, taking into account the empirically observed 
variance of the allele dosage, was conducted using logistic regression models, adjusted for 
location, HLA-DRB1*1501 and gender (STATA v9.0).   



Table 3: Association of CRHR1 H1 haplotypes with MS 1. 
 

Haplotypes Case 
Counts 

Control 
Counts p-value 2 OR 3 

(95% CI) 

H1.1 410.7 380.4 0.190 1.11 
(0.95-1.30) 

H1.2 361.5 359.7 0.869 1.02 
(0.86-1.20) 

H1.3 330.0 304.0 0.226 1.11 
(0.94-1.32) 

H1.4 235.5 262.0 0.251 0.90 
(0.74-1.08) 

H1.5 115.8 175.6 4.1 x 10-4 0.64 
(0.50-0.83) 

H1.6 125.3 123.4 0.896 1.03 
(0.79-1.34) 

H1.7 95.0 94.1 0.941 1.02 
(0.75-1.38) 

H1.8 84.8 78.2 0.576 1.10 
(0.80-1.53) 

H1.9 71.8 83.4 0.413 0.87 
(0.62-1.21) 

H1.10 52.9 42.6 0.303 1.25 
(0.81-1.92) 

H1.11 31.0 24.2 0.345 1.31 
(0.74-2.34) 

Total H1 1993.4 2008.7  
  

1 Haplotype counts were determined by summing the fractional likelihoods of each individual 
haplotype (Haploview v4.2). H1 haplotypes were determined by the absence of rs1396862T 
(Figure 5); sub-haplotypes with a frequency >1% are shown. The nomenclature of sub-
haplotypes was determined by the frequency in the total population, e.g. the most frequent H1 
sub-haplotype was named H1.1.  

2 Significance was determined using Fisher’s exact test (Stata v9.2). 

3 Reference is all other H1 haplotypes. 

 40



Figure 1: Summary of analytical approach to investigate HPA axis related genes in MS. 
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Figure 2: Variable Importance scores for the top 50 predictors for the Random Forests analysis 
(Stage I) where all genetic variants were used to predict MS in 1,343 cases and 1,379 healthy 
controls 1. 
 

 
 

1 Random Forests v6.40.179 (http://salford-systems.com/) with mtry=sqrt(p) and ntree=5,000 
was used. All SNP genotypes in cases and controls were coded as 0, 1 or 2 copies of the minor 
allele.  
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Figure 3: Visualization of significance values (-log(p)) for all CRHR1 variants available in both 
study populations 1. 
 

 
1 A total of 89 CRHR1 SNP variants were available in the discovery dataset (Stage I: diamonds); 
43 CRHR1 SNP variants in the independent meta-analysis (Stage II: squares); and 35 CRHR1 
SNPs variants in the combined meta-analysis (Stage III: triangles).  Uncorrected significance 
values are based on logistic regressions models respective to each analysis (see Materials and 
Methods). SNP variants identified as important by Random Forests in Stage I are outlined by 
squares. Blue blocks represent untranslated regions and black blocks are exons (13 blocks 
representing 14 exons). 
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Figure 4: Visualization of significance values (-log(p)) for all CRHR1 SNP variants available in 
both study populations, adjusted for the presence of the 17.q21.31 inversion (tagging SNP 
rs1396862) 1. 
 

 
1 Adjusted logistic regression models were performed for 51 SNP variants in the discovery 
dataset (Stage I: diamonds); 43 SNP variants in the independent meta-analysis (Stage II: 
squares); and 30 SNPs variants in the combined meta-analysis (Stage III: triangles).  Uncorrected 
significance values are based on logistic regressions models respective to each analysis, with the 
inclusion of the 17q21.31 inversion-tagging SNP variant (rs1396862; see Materials and 
Methods). SNP variants identified as important by Random Forests in Stage I are outlined by 
squares. Blue blocks represent untranslated regions and black blocks are exons (13 blocks 
representing 14 exons). 
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Figure 5. Linkage disequilibrium pattern of CRHR1 SNPs in 1,343 MS cases and 1,379 controls 
1. 
 

 
 

1 Haplotype block was determined using D’ confidence intervals in Haploview v4.2. Pairwise r2 
are color coded to illustrate LD on a monochromatic scale, where r2=1 is shaded black. 
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Figure 6: Visualization of CRHR1 haplotypes with >1% frequency in 1,343 MS cases and 1,379 
controls of European ancestry 1. 
 

 
 

1 Major alleles are colored blue; minor alleles are colored red. H1 and H2 haplotypes were 
determined by the absence or presence of rs1396862 minor allele (SNP #61 outlined in white). 
Sub-haplotype nomenclature was determined by frequency, with most frequent sub-haplotypes 
named H1.1 and H2.1. The 8 SNPs identified by Random Forests are vertically outlined in black; 
note that the minor alleles for all 8 SNPs are on one sub-haplotype: H1.5 (horizontally outlined 
in yellow). 
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Chapter 3 
 

Supervised Machine Learning and Logistic Regression  
Identifies Novel Epistatic Risk Factors with PTPN22 

for Rheumatoid Arthritis. 
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ABSTRACT 
Investigating genetic interactions (epistasis) has proven difficult despite the recent advances of 
both laboratory methods and statistical developments. With no ‘best’ statistical approach 
available, combining several analytical methods may be optimal for detecting epistatic 
interactions. Using a multi-stage analysis that incorporated supervised machine learning and 
methods of association testing, we investigated epistatic interactions with a well-established 
genetic factor (PTPN22 1858T) in a complex autoimmune disease (rheumatoid arthritis [RA]). 
Our analysis consisted of four principal stages: Stage I (data reduction) – identifying candidate 
chromosomal regions in 292 affected sibling pairs, by predicting PTPN22 concordance using 
multipoint identity-by-descent probabilities and a supervised machine learning algorithm 
(Random Forests); Stage II (extension analysis) – testing detailed genetic data within candidate 
chromosomal regions for epistasis with PTPN22 1858T in 677 cases and 750 controls using 
logistic regression; Stage III (replication analysis) – confirmation of epistatic interactions in 947 
cases and 1,756 controls; Stage IV (combined analysis) – a pooled analysis including all 1,624 
RA cases and 2,506 control subjects for final estimates of effect size. A total of 7 replicating 
epistatic interactions were identified. SNP variants within CDH13, MYO3A, CEP72 and near 
WFDC1 demonstrated significant evidence for interaction with PTPN22, affecting susceptibility 
to RA.  
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INTRODUCTION 
Genome-wide association (GWA) studies, which provide the ability to simultaneously 
investigate hundreds of thousands of genetic markers in large numbers of individuals, have 
successfully led to the discovery of genetic risk factors with modest effects in several complex 
diseases, including autoimmune diseases (1, 2). Nevertheless, it is apparent that current 
approaches to genetic analysis, which include almost exclusively, marginal associations using a 
univariate approach, are not able to identify a substantial fraction of the genetic burden. This 
may reflect the involvement of rare variants, copy number variation, gene x gene interactions, 
gene x environment interactions and/or epigenetic mechanisms. Currently there is no consensus 
regarding appropriate approaches for evaluating these components of complex diseases.  
 
Investigating genetic or gene x gene interactions (also known as ‘epistasis’, where the action of 
one gene is modified by one or several other genes) has proven difficult, despite recent advances 
of both laboratory methods and statistical developments. For example, the 15th biennial Genetic 
Analysis Workshop (GAW15) investigated genetic interactions in rheumatoid arthritis (RA 
[MIM 180300]) using several data sets. A variety of statistical approaches were used to 
investigate epistasis in RA in both family and population-based data sets with varying genetic 
marker density; results varied greatly, demonstrating that robust and comprehensive approaches 
not restricted by a small sample size or sparse data are necessary (3-8). With no ‘best’ statistical 
approach available, combining several analytical methods may be optimal for detecting epistatic 
interactions (9, 10). Here, we performed a comprehensive multi-stage genetic investigation with 
a replication analysis to reveal epistatic relationships, involving the well-established PTPN22 
(protein tyrosine phosphatase non-receptor 22; GeneID 26191) risk variant, that alter 
susceptibility to RA. 
 
RA is a chronic multi-system autoimmune disease, resulting from persistent inflammatory 
synovitis and subsequent erosion of the joint architecture. It is considered a complex disease with 
a multi-factorial etiology influenced by both genetic and environmental risk factors. Genetic 
predisposition to RA is suspected to involve multiple genes with incomplete penetrance, 
interacting in a variety of biological pathways (11). A large number of previous studies have 
investigated the role of genetic factors in RA. The HLA-DRB1 (GeneID 3123) shared epitope 
(SE; HLA-DRB1 alleles: 0101, 0102, 0401, 0404, 0405, 0408, 0413, 1001, and 1402) and 
PTPN22 1858T alleles have been consistently associated with greater risk (12-14). Similar to 
HLA-DRB1, PTPN22 is a strong biological candidate as it regulates T-cell receptor (TCR) 
signaling and confers risk for multiple autoimmune diseases, though there is limited knowledge 
regarding the exact etiological mechanism(s) (15, 16).  
 
Previous genome-wide linkage scans in RA identified evidence for additional loci, however 
uncovering the susceptibility genes within these regions has been difficult (17, 18). Recent 
candidate gene and GWA studies have reported strong evidence for several genes with modest 
contributions to RA susceptibility, including CTLA4, PADI4, REL, STAT4, and TRAF1-C5, as 
well as loci within chromosomal regions 6q23, 10p15, 12q13 and 22q13 (19-26). Multiplex 
interactions between genetic and environmental risk factors (gene x gene, gene x environment, 
gene(n) x environment) have been implicated in RA, however the scope of previous studies has 
been restricted primarily to candidate risk factors (14, 27-30). In order to understand the etiologic 
mechanisms involved in RA, a clear understanding of the intricate genetic architecture 
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underlying susceptibility, including the complete identification of epistatic relationships between 
genes, particularly those that do not demonstrate independent, or marginal, disease associations, 
is necessary.  Using a multi-stage strategy framed within a genome-wide perspective, we 
identified evidence for novel epistatic risk factors interacting with PTPN22 to influence RA 
susceptibility. 
 
RESULTS 
We investigated epistatic interactions with the PTPN22 1858T risk variant (rs2476601) in RA 
cases (available through the North American Rheumatoid Arthritis Consortium [NARAC] and 
who were predominantly positive for the presence of antibodies to cyclic citrullinated peptide 
[anti-CCP]; Table 1) and healthy controls of European origin using four principal stages: Stage I 
(data reduction) – identification of relevant chromosomal regions in 292 affected sibling pairs 
(ASPs) using Random Forests, a supervised machine learning algorithm; Stage II (extension 
analysis) – testing for epistasis with PTPN22 1858T in 677 cases and 750 controls; Stage III 
(replication analysis) – confirmation of epistatic interactions in 947 cases and 1,756 controls; 
Stage IV (combined analysis) – a combined analysis including all 1,624 RA cases and 2,506 
control subjects to determine final estimates of effect size (Figure 1).   
 
Stage I (data reduction) 
A non-parametric approach using a supervised machine learning algorithm (Random Forests) 
and multipoint identity-by-descent (mIBD) probabilities identified promising regions harboring 
epistatic candidates for PTPN22 in 292 ASPs from 512 multiplex RA families. This case-only 
analysis investigated mIBD probabilities for 379 microsatellite markers (MSMs) from across the 
genome (~10 cM coverage), as well as gender and HLA-SE, were used to predict PTPN22 1858T 
concordance in ASPs using the Random Forests algorithm (see Materials and methods). Random 
Forests assigns each predictor a variable importance (VI) score, with more important predictors 
having greater values. Based on the distribution of the VI scores, the five top-ranking predictors 
were considered important predictors of PTPN22 concordance in the ASPs (see Supplementary 
Figure 1), as there appeared to be a clear distinction between the VI scores for these predictors 
compared to the remaining predictors. The five important predictors were mIBD probabilities for 
MSMs in the following chromosomal regions: 4q34, 5p15, 10p11, 14q23 and 16q23 (Table 2).  
 
Stage II (extension analysis) 
We investigated important chromosomal regions through association tests in individuals with at 
least 90% Northern European ancestry (677 cases; 750 healthy controls) from the collective 
NARAC I data set (908 cases; 1,260 healthy controls) for which dense genome-wide SNP data 
were available (Table 1). We evaluated our power to detect gene x gene interactions (see 
Materials and methods) and were sufficiently powered to investigate interactions under a 
dominant mode of inheritance. The presence of the PTPN22 1858T risk variant was significantly 
associated with RA in Caucasians when using the full NARAC I data set (odds ratio [OR]=2.09, 
95% CI: 1.69-2.60), as previously described (22). Similar results were observed when the 
analysis was restricted to individuals with at least 90% Northern European ancestry (OR=1.89, 
95% CI: 1.45-2.46). A total of 10,589 SNPs within 5Mb of an important locus satisfied quality 
control criteria (see Materials and methods; Table 2) and were investigated using the Breslow-
Day (BD) test for homogeneity. A total of 665 SNPs significantly modified the effect of PTPN22 
on susceptibility to RA (p-valueBD<0.05). Under a dominant model, 449 SNPs tested for epistasis 
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(logistic regression) with PTPN22 demonstrated significant (p-valueI<0.05; see Materials and 
methods) evidence for interaction in the NARAC I data set.  
 
Stage III (replication analysis) 
The replication analysis was performed in the NARAC II data set (947 cases and 1756 controls 
of European ancestry). The presence of the PTPN22 1858T risk variant was also significantly 
associated with RA in the replication data set as expected (OR=1.81, 95% CI: 1.49-2.20); results 
for the NARAC II cases have been previously reported (26, 31). Four hundred forty-seven of the 
449 SNPs that demonstrated evidence for epistasis (Stage II) met quality control criteria and 
were formally tested for epistasis with PTPN22 in the NARAC II data set, under a dominant 
model. A total of 7 epistatic relationships were replicated (p-valueI<0.05; Table 3). Individuals 
were stratified as carriers or non-carriers for the minor allele of each replicating SNP to 
characterize the relationship of PTPN22 1858T with RA susceptibility; consistent associations 
were observed across both Stage II (NARAC I) and Stage III (NARAC II) populations (Table 3). 
 
Stage IV (combined analysis) 
To determine final estimates of epistasis, replicated findings (N=7) were investigated in the 
combined analysis of the data sets from Stage II (NARAC I) and III (NARAC II), and included 
1,624 RA cases and 2,506 healthy controls; minor allele frequencies for these SNPs did not 
differ between data sets demonstrating no evidence for heterogeneity (data not shown) (Table 4). 
The effect of PTPN22 was significantly increased amongst individuals who were carriers of the 
minor allele for four SNP variants versus non-carriers, including: an intronic CDH13 variant 
(rs1895535 AA/AG: OR=3.95, 95% CI: 2.39-6.55, p=1.0 x 10-7; rs1895535 GG: OR=1.69, 95% 
CI: 1.44-1.98, p<1 x 10-8); an intronic MYO3A variant (rs12573019 AA/AG: OR=2.78, 95% CI: 
2.05-3.76, p<1 x 10-8; rs12573019 GG: OR =1.60, 95% CI: 1.34-1.90; p=1.7 x 10-7);  and two 
SNPs with no known function (1. rs4695888 CT/TT: OR=2.10, 95% CI: 1.76-2.51, p<1 x 10-8; 
rs4695888 CC: OR=1.22, 95% CI: 0.91-1.65, p=0.18; and 2. rs1168587 CT/TT: OR=2.13, 95% 
CI: 1.78-2.56, p<1 x 10-8; rs1168587 CC: OR=1.29, 95% CI: 0.98-1.70, p=0.07). The effect of 
PTPN22 was reduced in carriers of three SNP variants versus non-carriers, including an intronic 
CDH13 variant (rs7200573 AA/AC: OR=1.37, 95% CI: 1.11-1.70, p=0.0034; rs7200573 CC: 
OR=2.47, 95% CI: 1.99-3.06, p<1 x 10-8); a variant 7kb upstream WFDC1 (rs11865624 CC/CT: 
OR=1.01, 95% CI: 0.66-1.55, p=0.95; rs11865624 TT: OR=2.01, 95% CI: 1.71-2.37, p=1 x 10-

8); and an intronic CEP72 variant (rs7726839 AG/GG: OR=1.46, 95% CI: 1.16-1.82, p=0.0011; 
rs7726839 GG: OR=2.22, 95% CI: 1.81-2.73, p< 1 x 10-8) (Table 4). 
 
DISCUSSION 
We investigated a role for epistasis in RA, a complex autoimmune disease, between PTPN22 and 
other variants across the genome using large, well-characterized study populations with detailed 
clinical and genetic information. A multi-stage analysis, with extension and replication, that 
combined robust non-parametric and parametric methods was utilized. We report evidence for 
novel epistatic interactions with PTPN22 in RA for variants within CDH13 (GeneID 1012), 
MYO3A (GeneID 53904), CEP72 (GeneID 55722) and near WFDC1 (GeneID 58189). 
Interestingly, when RA cases were compared to controls, none of the final SNP variants 
demonstrated significant associations with RA (p<0.05; data not shown); that is, marginal effects 
in the absence of PTPN22 were not present for any SNP.   
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PTPN22 is the second strongest known genetic risk factor for RA, and confers risk in several 
other autoimmune diseases (15, 16). Located on chromosome 1p13.3-13.1, PTPN22 encodes a 
non-receptor classical class I tyrosine protein, lymphoid tyrosine phosphatase (LYP), which 
negatively regulates the TCR signaling by dephosphorylating several molecules (i.e. Src family 
kinases) immediately downstream of the TCR (32, 33). The 1858T risk variant replaces the 
amino acid at position 620 from an arginine to a tryptophan, resulting in a gain of function 
mutation that increases the capacity of LYP to negatively regulate TCR signaling (34). There is 
also evidence suggesting that the 1858T risk variant impairs B-cell receptor signaling and 
subsequent proliferation (35-37).  Given the importance of PTPN22 in RA and autoimmunity, 
the current evidence for statistical interactions which appear to modify RA risk conferred by 
variation within PTPN22 sheds new light on potential biological mechanisms for future genetic 
and molecular investigations. Indeed, epistatic relationships observed in the current study may 
also be relevant to other autoimmune diseases. 
 
We identified and replicated 7 epistatic interactions with PTPN22 under a dominant genetic 
model. In this analysis CDH13, on chromosome 16, demonstrated the strongest epistatic 
relationship with PTPN22 in RA. Two CDH13 SNP variants approximately 350 kb apart 
(rs7200573 and rs1895535) showed significant evidence for interaction with PTPN22.  For 
rs7200573, approximately 14 kb from exon 8, PTPN22 conferred increased risk of RA in both 
carriers and non-carriers of rs7200573A; however PTPN22 risk was significantly (p-
valueI=0.00015) less in carriers (OR=1.37) relative to non-carriers (OR=2.47). Interestingly, 
rs1895535, approximately 22 kb from exon 5, demonstrated the opposite association for PTPN22 
and RA risk; PTPN22 risk was significantly (p-valueI=0.0016) greater in rs1895535A carriers 
(OR=3.95) relative to non-carriers (OR=1.69). This variation in association suggests that these 
risk variants exist on separate haplotypes; r2 between the two SNPs was <0.1.  Unfortunately, 
SNP variants within exons 5 and 8 of CDH13 have not been identified, and in available CEPH 
HapMap data (http://hapmap.org), the linkage disequilibrium (LD) between the CDH13 epistatic 
risk variants and other SNP variants near the respective exons is also low (r2<0.1). There was 
also evidence supporting epistasis for an intronic MYO3A SNP variant (rs12573019), an intronic 
CEP72 SNP variant (rs7726839), and a SNP variant 7 kb upstream of WFDC1 (rs11865624), on 
chromosomes 10, 5 and 16, respectively. PTPN22 associated risk for RA was significantly 
increased in carriers of the MYO3A minor allele, while PTPN22 risk was significantly increased 
in non-carriers of the CEP72 and WFDC1 minor alleles. An investigation of the underlying 
haplotype block structure for the epistatic risk variants in CEPH, suggests that the identified 
variants may be tagging functional variants within their respective genes. For example, the 
MYO3A variant, between exons 9 and 10 (~2.2 kb range), occurs within a large 150 kb haplotype 
block spanning 22 exons; the CEP72 risk variant, located in the first intron, exists within a 38 kb 
haplotype block that extends through the entire gene; and the risk variant near WFDC1 has 
modest LD (r2=0.2-0.3) with several SNP variants within the 5’ untranslated region and first 
intron of WFDC1.   
 
Detailed functional data are not available for these epistatic candidates; however there is 
sufficient evidence to suggest a plausible biological relationship between these loci and RA. For 
example, CDH13 (cadherin 13; T-cadherin (truncated); H-cadherin (heart)) encodes a unique 
cadherin lacking transmembrane and cytosolic domains necessary for homophilic adhesive 
activity of classical cadherins (38). T-cadherin is likely involved in signal transduction and not 
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cell-cell adhesion, as it concentrates in lipid raft domains of the plasma membrane, affects 
cellular migration, angiogenesis, survival under oxidative stress, and contributes to the invasive 
potential of various cancers (39-44).  Interestingly, CDH13 has also been associated with 
attention-deficit/hyperactivity disorder, blood pressure, and adult height (45-47).  
 
Additionally, MYO3A (myosin IIIA) encodes a unique myosin motor protein that contains an N-
terminal kinase domain and is primarily expressed within the retina and inner ear of vertebrates 
(48). Mutations within the motor domain of MYO3A results in nonsyndromic hearing loss 
DFNB30 (49). Both sensorineural and conductive hearing loss have increased prevalence in RA 
patients (50-52). Furthermore, MYO3A influences sterocillia shape and length, and is capable of 
inducing filopodial actin protrusions in culture cells, and thus may have an unknown function in 
immune cell locomotion similar to MYO2A (53, 54).  
 
CEP72 (centrosomal protein 72kb) encodes a centromere protein that is critical for chromosomal 
alignment and proper tension generation between sister chromatids during mitosis (55). 
Interestingly, anti-centromere antibodies are primarily observed in patients with CREST 
syndrome, but have also been observed in other autoimmune diseases (56-59).  
 
Another candidate identified here, WFDC1 (whey acidic protein four-disulphide core domain 1), 
encodes ps20 and has a highly conserved core domain (60). WFDC1/ps20 is a multifunctional 
protein that facilitates endothelial cell motility and angiogenesis, inhibits cell proliferation, and 
promotes cellular senescence (60-62). CD4 T-cells normally express ps20 after restimulation and 
IL2 expansion (63). ps20 also increases CD4 T-cell permissiveness to HIV spread via CD54 
integrin expression, and identifies a subset of CD4 memory T-cells at an early differentiation 
stage (CD45RO+/CD28+/CD57-) (63). Despite the lack of detailed experimental data, there is 
plausible statistical and biological evidence to support further investigation of these candidates. 
Our results underscore important lessons derived from recent GWA studies, including findings 
that most replicated associations do not involve previous candidate genes, suggesting new 
biological hypotheses, and that many have implicated non–protein coding regions (64). 
 
In this analysis, we investigated epistatic interactions with PTPN22 in RA using a multi-stage 
approach that combined robust non-parametric and parametric methods. There are several clear 
advantages to our methodology: (1) Random Forests is a model-free approach, which attaches a 
measure of importance to each predictor. The VI reported by Random Forests incorporates 
additional information compared to a univariate test for a predictor, as it reflects both the 
individual effect and the possible effect through multiplex interactions. In this analysis, we 
applied Random Forests to an ASP data set that was sufficiently powered to detect marginal 
genetic associations with OR<0.5 and >2.0 for a dominant model (data not shown). (2) We 
utilized conventional logistic regression models to test for epistasis assuming multiplicative 
interaction, which are readily interpretable. (3) We included a replication analysis to confirm 
epistatic interactions. In addition, we utilized well-defined study populations with detailed 
clinical information. The principal limitation in this analysis is our interpretation of the Random 
Forests results in Stage I. First, there is no clear standard for identifying an important variable; 
we based our selection on the empirical distribution of the VI scores and subjectively determined 
that the there was a clear distinction in the VI for the five top-ranking predictors versus all others 
(see Supplementary Figure 1). Second, the VI potentially includes the effect of multiplex 
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interactions between the predictors, as each variable selected at a node is essentially important 
conditional on the variable selected at the prior node in a single tree; however, given that VI 
scores are based on the forest, it is unknown how heirachial relationships are ranked. Multiplex 
genetic interactions were not explored in this analysis (i.e. three-way or other higher order 
interactions), which may explain why epistatic interactions were detected in four of the five 
important regions. Furthermore, the imposition of a dominant genetic model for epistatic 
candidates might not have been the appropriate assumption to follow-up the Random Forests 
findings.  
 
The HLA-DRB1 shared epitope (SE) is a critical genetic component of RA in Northern European 
Caucasians, conferring approximately 30-50% of the genetic risk, which suggests an important 
role for antigen presentation and subsequent T-cell activation in RA pathogenesis; recent 
experimental data suggests that the SE triggers pro-oxidant signaling and an innate immune 
response (65-68). Given the significance of HLA-DRB1 in RA, we specifically included HLA-
DRB1 and a dense set of MSMs across chromosome 6p21, which provided extensive coverage of 
the major histocompatibility complex region, as predictors in Stage I of the analysis. 
Interestingly, Random Forests did not identify any chromosome 6p21 marker, including the 
HLA-DRB1 locus, as an important predictor of PTPN22 carrier status in the ASP investigation in 
Stage I.z Results did not change when SE status, specifically, was considered in ASPs (data not 
shown); therefore we did not further investigate the relationship between HLA-DRB1 and 
PTPN22. Our results are in strong agreement with several recent studies (69-71), but in contrast 
with others (14, 72). We do acknowledge that a large proportion of the ASPs were positive for 
HLA-SE. Additionally, the RA cases in Stage II and III were anti-CCP positive, the phenotypic 
subgroup for which the classical HLA-DRB1 association has been exclusively established (73). 
 
In summary, results from the current study show the genetic contribution to RA risk is more 
complex than originally considered. Here, we identified novel candidate genes (CDH13, 
MYO3A, CEP72, WFDC1) that modify the effect of PTPN22 associated risk for RA, and provide 
an important framework for future studies of gene x gene interactions. Genetic studies in 
complex disease must include application of multi-analytical strategies. Efforts to explore 
higher-order interactions are needed and will require very large sample sizes and clearly defined 
phenotypes. 
 
 
MATERIALS AND METHODS 
Informed consent was obtained from all participants and approvals from local institutional 
review boards were secured at each recruitment site prior to enrollment. All RA cases satisfied 
the American College of Rheumatology (ACR) 1987 classification criteria for RA (74).   
 
Study Population 
Stage I. A total of 292 ASPs from 512 multiplex RA families recruited by the NARAC were 
used as previously described (Table 1) (12). Briefly, families were eligible if: > two siblings 
satisfied the ACR 1987 criteria for RA (74), > one sibling had erosions on hand radiographs, and 
> one sibling had disease onset between the ages of 18 and 60 years. Families were excluded 
from participation if other diseases associated with similar articular symptoms were present. 
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Greater than 90% of RA cases were positive for the presence of anti-CCP antibody, an antibody 
that is highly specific to RA (75); 82.1% were positive for rheumatoid factor (data not shown).  
 
Stage II. A collective data set of 908 RA cases was used in the extension analysis, which 
included 464 unrelated probands from the NARAC ASP families (described above; of which 127 
probands overlapped with Stage I, results did not vary when overlapping probands were 
excluded), 168 RA cases from the National Data Bank for Rheumatic Diseases, 162 RA cases 
from the National Inception Cohort of Rheumatoid Arthritis and 114 RA cases from the Study of 
New Onset Rheumatoid Arthritis, and 1,260 healthy control subjects from the New York Health 
Project, as previously described (Table 1) (22, 76-79). All RA cases were positive for the 
presence of anti-CCP antibody; 85.9% were positive for rheumatoid factor (data not shown). The 
study was then restricted to subjects with at least 90% Northern European ancestry (see 
Laboratory Procedures) to avoid bias due to population stratification (N=682 RA cases, 752 
controls). Similarly, all RA cases in this group were positive for anti-CCP; 85.0% were positive 
for rheumatoid factor (data not shown). Subjects were also excluded if genotype data for SNP 
rs2476601 (PTPN22 1858T) was missing. The final data set for extension analysis was 
comprised of 677 RA cases and 750 healthy controls (Table 1).  
 
Stage III.  The NARAC II data set used in the replication analysis consists of 952 RA cases, 
which included 175 RA probands from the NARAC family studies, 332 RA cases from the 
Veterans Affairs Rheumatoid Arthritis Registry, 160 RA cases from the Studies of the Etiologies 
of Rheumatoid Arthritis cohort, 105 RA probands as members of the Multiple Autoimmune 
Disease Genetics Consortium, 86 RA patients from the UCSF Rheumatoid Arthritis Genetics 
Project and 94 RA patients from the Early Rheumatoid Arthritis Treatment Evaluation Registry 
and 1,760 control subjects, as previously described (Table 1) (12, 22, 26, 31, 80-82). Patients for 
whom anti-CCP data were available were all anti-CCP positive (data was not available for 31 
Veterans Affairs Rheumatoid Arthritis Registry subjects). Control data were taken from publicly 
available control data sets in the Illumina iControl database (Illumina, San Diego, CA; 
http://www.illumina.com/iControlDB) and the neurodevelopmental control group obtained from 
the NIH Laboratory of Neurogenetics (http://neurogenetics.nia.nih.gov/paperdata/public/). The 
control genotypes were selected from the entire set of European American genotypes available in 
these resources based on the following data filters: 1) >90% complete genotyping data; 2) >90% 
European continental ancestry. The European continental ancestry was determined using 
ancestry informative markers previously described (83). Subjects were also excluded if genotype 
data for SNP rs2476601 (PTPN22 1858T) was missing. The final data set for the replication 
analysis was comprised of 947 RA cases and 1,756 healthy controls (Table 1). There was no 
overlap between individuals in the replication dataset, and those used in both Stage I and Stage II 
analyses.  
 
Laboratory Procedures 
Stage I. RA ASPs were genotyped for PTPN22 1858T (rs2476601), the HLA-DRB1 locus and 
379 MSMs from the Marshfield Set 8A Combo List (http://research.marshfieldclinic.org) with 
additional MSMs in specific chromosomal regions (i.e. the HLA complex) as previously 
described (12, 69). The MSMs provided approximately 10 cM genome-wide coverage on 
average.  
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Stage II. The NARAC I subjects were genotyped for 545,080 SNPs at the Feinstein Institute for 
Medical Research. The NARAC I RA case samples and 601 control samples were genotyped 
with the Infinium HumanHap550 v1.0 (Illumina), 411 controls on HumanHap550 v3.0 and 248 
controls on Infinium HumanHap300 and HumanHap240S arrays (22). Genotypes were collected 
for samples across the three Illumina platforms and plate membership was assessed by the top 10 
principal components (EIGENSTRAT); no systematic differences were observed (22). Subjects 
were excluded if more than 5% of genotypes were missing, had non-European ancestry, had 
evidence of relatedness, or had evidence of possible DNA contamination (22). Subjects were 
evaluated for Northern European ancestry by applying the software program STRUCTURE to an 
ancestry informative set of 704 SNPs (84, 85).  
 
Stage III. The NARAC II subjects were genotyped using 373,400 SNPs on the Illumina 
HapMap370 BeadChip at the Feinstein Institute for Medical Research, as previously described 
(26). Subjects with more than 5% missing genotype data or showing evidence of non-European 
ancestry were excluded. In addition, samples showing evidence of relatedness with other samples 
in the study population, or possible DNA contamination were also excluded.  Of the SNP 
variants identified in Stage II (see Statistical Analysis), a total of 219 SNP variants were imputed 
in the NARAC II data set using maximum likelihood imputation and applying the greedy 
algorithm as implemented in MACH v1.0.16 (86). Five Markov Chain iterations were set to 
obtain map estimates which were used as conditions for finding the most likely genotype. The 
NARAC I healthy controls were used as the reference population. 
 
Statistical Analysis 
Stage I. A graphical summary of the analytical approach for this study, including all steps, 
statistical methods and significance criteria is provided in Figure 1. The first stage of analysis 
utilized Random Forests, a supervised machine learning algorithm that grows recursively 
partitioned trees without pruning (87). Each tree is independently grown on a bootstrapped 
sample of observations, and at each node in the tree, the predictor that best discriminates the 
outcome is selected from a random subset of predictors. Classification accuracy of the forest is 
assessed for observations not included in the bootstrapped sample by comparing the predicted 
versus the actual outcome across all trees. Finally, the value of each predictor is randomly 
permuted across all trees, and a single VI score for each predictor is determined by the change in 
classification accuracy (misclassification). The VI score reflects the relationship between the 
increase in misclassification of the outcome when the predictor is permuted and classification 
accuracy is evaluated across all trees in the forests. This score can be ordered to suggest 
important predictors that most contribute to outcome classification without model specification, 
however the Type I error rate remains unknown.  
 
Our Random Forests analysis explored the specific hypothesis that ASPs may share other genetic 
regions relevant to the biological mechanism(s) through which their shared PTPN22 status 
confers risk for RA; therefore we used mIBD probabilities for 379 MSMs to predict PTPN22 
concordance in ASPs using Random Forests v5.1 
(http://www.stat.berkeley.edu/~breiman/RandomForests/cc_software.htm). ASPs were 
categorized as positively or negatively concordant for PTPN22 1858T carrier status (both 
siblings having at least one variant (N=83 pairs), or neither sibling having a variant (N=209 
pairs)). All MSMs were in Hardy-Weinberg equilibrium (HWE) in unrelated individuals and had 
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inheritance consistency within families (12), and mIBD probabilities for each MSM were 
generated using GENEHUNTER v2.1 (88). Based on the distribution of the VI scores (see 
Supplementary Figure 1), five important (top-ranking) predictors from the Random Forests 
analysis were chosen for further study (Table 2).  
 
Stage II. All SNPs within 5Mb of an important locus were selected for investigation in the 
NARAC I case-control data set (N=11,207 SNPs). SNPs were excluded if they did not meet set 
criteria for HWE (p>1x10-4), genotype call rates (>90% completeness), or minor allele frequency 
(MAF; >0.01). A final subset of SNPs used for this stage of analysis (N=10,589 SNPs) had an 
average call rate of 99.2% (Table 2).  
 
Power to detect gene x gene interactions with PTPN22 in Stage II was investigated, using 
dominant and recessive inheritance modes. We assumed a two-sided type 1 error of 5% (α=0.05), 
and a frequency and effect estimate for PTPN22 1858T of 9.0% and OR=1.8 based on published 
estimates. Power to detect RORI ranging from 0.1 to 3.0 was examined. Our analyses revealed 
that there was sufficient power (~70-99%) to detect gene x gene interactions with RORI <0.5 and 
>2.0 for almost all dominant models considered, and for recessive models where MAF>35% in 
Stage II (data not shown). Therefore, we restricted our investigation to dominant genetic models, 
and all analyses were performed and results interpreted in accordance with these established 
criteria.  
 
Identified SNPs were evaluated for effect modification of PTPN22 risk in NARAC I cases and 
controls using the Breslow-Day test for homogeneity implemented in PLINK v1.06 (89). 
Significant SNPs (p-valueBD<0.05) were selected as candidates for epistasis with PTPN22, and 
were formally tested for epistasis using logistic regression models in Stata v9.2 (StataCorp LP, 
College Station, TX). The test for epistasis was based on the coefficient of the interaction term 
(where p-value of the interaction term [ratio of odds ratio; RORI] reflects the difference in the 
likelihood between the full model and a reduced model containing only main effects); 
interactions demonstrating a significance level p-valueI<0.05 were considered significant.   
 
Stage III. The SNPs that provided evidence for epistatic interaction with PTPN22 in Stage II 
were further investigated. Power to detect gene x gene interactions between PTPN22 and each 
final candidate SNP was investigated for the replication (NARAC II) data set using previously 
defined parameters. Our analyses revealed that power was sufficient (~70-99%) in Stage III to 
detect gene x gene interactions with RORI <0.6 and >1.6 for almost all dominant models 
considered. Candidate SNPs that satisfied quality control criteria previously mentioned, were 
formally tested for epistasis using logistic regression models in Stata v9.2. Interactions 
demonstrating a significance level p-valueI<0.05 were considered significant.  
 
Stage IV. A combined analysis including all 1,624 RA cases and 2,506 control subjects gave 
final estimates of effect size for replicating interactions. Allelic frequencies for all SNPs pursued 
in the fourth stage were first tested for heterogeneity (Stata v9.2) in each case and control group 
separately before combining. Only those demonstrating homogeneity across groups were 
included. SNP stratified analyses (minor allele carrier versus non-carrier subjects [dominant 
genetic model]) were used to further characterize the epistatic relationships for PTPN22 using 
logistic regression (Stata v9.2). 
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Table 1: Clinical and demographic features of the RA family and case-control datasets 

Study Population N 
Female:  

Male  
Ratio 

Age of  
onset  

(years) 

PTPN22 
1858T 

carrier (%) 1 

Shared 
Epitope 

carrier (%) 2 

Anti-CCP 
status (%) 

Stage I RA cases 530 3.3:1 39.2 29.1%  
(n=154) 

83.8%  
(n=444) 

90.8%  
(n=481) 

 
ASPs 292 -- -- 83 227 259 

Stage II  
(NARAC I) 

All RA 
cases 908 2.8:1 45.5  

(n=884) 
27.8%  
(n=898) 

97.9%  
(n=865) 

100%  
(n=907) 

 
All controls 1,260 2.5:1 NA 15.6%  

(n=1,253) 
44.6%  
(n=1,159) NA 

 NE 3 RA 
cases 682 2.8:1 45.7  

(n=670) 
27.6%  
(n=677) 

97.7%  
(n=641) 

100%  
(n=681) 

 NE 3 
controls 752 2.3:1 NA 16.8%  

(n=750) 
46.7%  
(n=752) NA 

Stage III  
(NARAC II) 

All RA 
cases 952 1.2:1 4 47.2  

(n=917) 
27.4%  
(n=947) NA 100%  

(n=921) 
 

All controls 1,760 NA NA 17.2%  
(n=1,756) NA NA 

 
  

1 Individuals were PTPN22 1858T carriers if they had one or more 1858T alleles. In Stage II, the 
PTPN22 1858T allele was associated with RA using all individuals (OR=2.09, 95% CI: 1.69-
2.60) and when restricted by Northern European ancestry (OR=1.89, 95% CI: 1.45-2.46). In 
Stage III, the PTPN22 1858T allele was associated with RA (OR=1.81, 95% CI: 1.49-2.20). 
2 Individuals were Shared Epitope carriers if they had one or more of the following HLA-DRB1 
alleles: 0101, 0102, 0401, 0404, 0405, 0408, 0413, 1001, and 1402. However, four-digit typing 
was not available for all subjects, thus cases with HLA-DRB1*04/01/10 were assumed to be 
carriers for Shared Epitope. 
3 Subjects with at least 90% Northern European ancestry. 
4 Lower Female : Male ratio reflects overrepresentation of male RA cases from the Veterans 
Affairs Rheumatoid Arthritis Registry. 
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Table 2: Top genomic regions identified by the Random Forests analysis in Stage I (292 ASPs) 
and number of SNPs to be investigated in Stage II (NARAC I: 677 cases, 750 controls) 
 

Chr MSM Band No. SNPs 1  
4 D4S2431 4q34.1 1,580 
5 D5S2488 5p15.33 1,167 

10 D10S1426 10p11.23 2,016 
14 D14S592 14q23.1 2,006 
16 D16S402 16q23.3 3,820 

 

1 SNP variants were selected if present in the NARAC I GWA data set, satisfied quality control 
criteria, and were within 5 Mb of an important MSM identified by Random Forests (see 
Supplementary Figure 1).  



Table 3: Replicating results for tests of interaction between PTPN22 and candidate SNPs in two 
populations of European origins (Stage II and III), and the effect of PTPN22 when stratified by 
SNP of interest. 
 

 

Stage II 2 Stage III 3 

SNP  
carriers 5 

SNP 
non- 

carriers 6 

SNP  
carriers 5 

SNP 
non- 

carriers 6 Chr SNP pBD
1 

pI 
RORI

 4 
(95% CI) 

ORPTPN22 
(95% CI) 

ORPTPN22 
(95% CI) 

pI 
RORI

 4 
(95% CI) 

ORPTPN22 
(95% CI) 

ORPTPN22 
(95% CI) 

4 rs4695888T 0.041 0.016 2.02 
(1.14-3.60) 

2.26 
(1.66-3.06) 

1.11 
(0.68-1.81) 0.038 1.59 

(1.03-2.45) 
2.04 

(1.64-2.54) 
1.29 

(0.88-1.87) 

5 rs7726839G 0.025 0.021 0.55 
(0.33-0.91) 

1.39 
(0.97-2.00) 

2.55 
(1.77-3.66) 0.046 0.68 

(0.46-0.99) 
1.45 

(1.09-1.94) 
2.15 

(1.67-2.76) 

10 rs12573019A 0.029 0.022 1.99 
(1.11-3.57) 

3.13 
(1.89-5.19) 

1.58 
(1.17-2.12) 0.048 1.56 

(1.00-2.42) 
2.53 

(1.73-3.71) 
1.63 

(1.31-2.03) 

10 rs1168587T 0.019 0.018 1.96 
(1.12-3.44) 

2.30 
(1.69-3.13) 

1.17 
(0.73-1.87) 0.037 1.55 

(1.03-2.35) 
2.07 

(1.65-2.60) 
1.33 

(0.94-1.89) 

16 rs1895535A 0.018 0.038 2.94 
(1.06-8.12) 

5.03 
(1.89-13.43) 

1.71 
(1.31-2.24) 0.0076 2.42 

(1.26-4.62) 
4.02 

(2.17-7.45) 
1.67 

(1.36-2.03) 

16 rs7200573A 0.026 0.021 0.54 
(0.32-0.91) 

1.42 
(1.00-2.02) 

2.61 
(1.79-3.81) 0.0015 0.54 

(0.37-0.79) 
1.33 

(1.01-1.74) 
2.46 

(1.89-3.21) 

16 rs11865624C 0.028 0.050 0.48 
(0.23-1.00) 

1.01 
(0.51-2.01) 

2.12 
(1.60-2.79) 0.020 0.51 

(0.28-0.90) 
1.00 

(0.59-1.71) 
1.98 

(1.62-2.42) 

1 Breslow-Day Test was used as a test of effect modification, evaluating the homogeneity of 
association (OR) between a SNP variant and the risk for RA, across each strata of PTPN22 
1858T carrier status in NARAC I data (677 RA cases and 750 controls). Only those SNPs with 
p-valueBD<0.05 were tested for epistasis. 
2 Using NARAC I data: 677 RA cases and 750 controls. 
3 Using NARAC II data: 947 RA cases and 1,756 controls. 
4 The test of epistasis is based on the interaction term (reported ratio of odds ratios [RORI] and 
95% CI) between the dominant genetic model of PTPN22 1858T (CT/TT vs. CC) and the 
dominant genetic model for the SNP variant.  
5 Using RA cases and controls who carried the minor allele of the SNP variant of interest. 
6 Using RA cases and controls who did not carry the minor allele of the SNP variant of interest. 
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Table 4: Results for tests for interaction between PTPN22 and replicating SNPs in the combined 
data set, and results for the effect of PTPN22 1858T when stratified by SNP variants of interest 
under a dominant model (Stage IV) 1. 
 

 

Stage IV SNP carrier 4 SNP non-carrier 5 
Chr SNP MAF 2 RORI

 3 
(95% CI) pI 

OR 
(95% CI) p OR 

(95% CI) p 
Gene 

4 rs4695888T 0.50 1.71 
(1.22-2.43) 0.0021 2.10 

(1.76-2.51) <1 x 10-8 1.22 
(0.91-1.65) 0.184  

5 rs7726839G 0.26 0.65 
(0.48-0.89) 0.0061 1.46 

(1.16-1.82) 0.0011 2.22 
(1.81-2.73) <1 x 10-8 CEP72 

10 rs12573019A 0.13 1.74 
(1.23-2.47) 0.0019 2.78 

(2.05-3.76) <1 x 10-8 1.60 
(1.34-1.90) 1.7 x 10-7 MYO3A 

10 rs1168587T 0.43 1.66 
(1.19-2.31) 0.0028 2.13 

(1.78-2.56) <1 x 10-8 1.29 
(0.98-1.70) 0.073  

16 rs1895535A 0.06 2.34 
(1.38-3.97) 0.0016 3.95 

(2.39-6.55) 1.0 x 10-7 1.69 
(1.44-1.98) <1 x 10-8 CDH13 

16 rs7200573A 0.29 0.56 
(0.41-0.75) 0.00015 1.37 

(1.11-1.70) 0.0034 2.47 
(1.99-3.06) <1 x 10-8 CDH13 

16 rs11865624C 0.07 0.50 
(0.32-0.79) 0.0031 1.01 

(0.66-1.55) 0.946 2.01 
(1.71-2.37) <1 x 10-8 5’ WFDC1 

1 Using the combined data from NARAC I and NARAC II: 1,647 RA cases and 2,506 controls.  
2 Minor allele frequencies (MAF) were determined using data from controls.  
3 The test of epistasis is based on the interaction term (reported ratio of odds ratios [RORI] and 
95% CI) between the dominant genetic model of PTPN22 1858T (CT/TT vs. CC) and the 
dominant genetic model for the SNP variant.  
4 Using RA cases and controls who carried the minor allele of the SNP variant of interest. 
5 Using RA cases and controls who did not carry the minor allele of the SNP variant of interest. 
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Figure 1. Summary of Analytical Approach to Identify Evidence for Epistatic Relationships with 
PTPN22 in RA. 
 
Stage I (data reduction) 

 
 
 
Stage II (extension analysis) 

 

Identified important 
MSMs (N=5) from 

analysis. 
 

Random Forests 
used to predict 

PTPN22 
concordance using 

whole genome 
linkage scan in 292 

ASPs 
(MSMs=379). 

Significant SNPs 
(N=665; p<0.05) 

tested for epistasis 
under a dominant 

model using logistic 
regression. 

SNPs (N=10,589) 
within 5Mb of each 

important MSM 
tested for effect 

modification 
(cases=677, 

controls=750). 

 
Stage III and IV (replication and combined analyses) 
 
 
 
 
 
 
 
 
 

Stratified analyses 
characterized 

epistatic 
relationships with 
PTPN22 in RA. 

 

Replicating SNPs 
(p<0.05) tested for 

epistasis in 
combined Stage II 

& III data sets 
(cases=1,647, 

controls=2,506). 

Candidate SNPs 
(N=447; p<0.05) 

tested for epistasis 
(cases=947, 

controls=1,756). 
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Figure 2: Variable Importance (VI) Scores for the Top 100 Predictors for the Random Forests 
Analysis. Gender, HLA-SE status, and Multipoint Identity-By-Descent Probabilities for 379 
Microsatellite Markers, were used to Predict PTPN22 1858T Concordance in 292 Affected 
Sibling Pairs. There is a Clear Distinction Between the VI Scores for the Five Top-Ranking 
Predictors Compared to the Remaining Predictors. 
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CONCLUSIONS 
Autoimmune diseases (ADs) are a major global public health concern. Despite, intensive 
epidemiological research over the last two decades, our understanding of the etiological 
mechanisms contributing to ADs is limited. However, we do know there is a prominent and 
complex genetic component. Genome-wide association (GWA) studies have laid the foundation 
for unraveling the complex genetic component of ADs and other diseases; however it is clear 
that other analytical frameworks are necessary to further refine the genetic etiology of complex 
diseases. This includes the identification of additional susceptibility loci that are common 
variants, as well as other genetic and epigenetic variants. The work described in this dissertation 
demonstrates the utility of hypothesis-driven research and the application of robust and 
comprehensive analytical strategies in characterizing the complex genetic component in two 
ADs: multiple sclerosis (MS) and rheumatoid arthritis (RA). 
 
Chapter 1 comprehensively investigated common variation within DNA repair pathway genes 
and susceptibility of MS. Two analytical approaches were performed in parallel. Significant 
evidence for association between a SNP in GTF2H4, a nucleotide excision repair (NER) gene, 
and risk for MS was observed. Significant results for other genetic variants based on marginal, 
epistatic, and multigenic tests of association were not observed after stringent correction for 
multiple testing. Random Forests and CART analyses largely overlapped with uncorrected 
marginal tests of association; however additional NER genes were identified as candidate genes 
for future research. Further investigation of DNA repair pathways in the context of 
environmental exposures is necessary, as is the investigation of rare variants, perhaps in 
particular subsets of MS cases. Further research is necessary to definitively investigate the 
biological relationship with MS pathogenesis and other DNA repair pathways, including direct 
reversal, mismatch repair, and translesion synthesis, with particular emphasis on research efforts 
that can incorporate both genetic and environmental risk factors under a unified framework. In 
summary, this chapter provides limited evidence for the involvement of common genetic 
variation in biologically-relevant DNA repair pathways in the multifactorial pathogenesis of MS. 
 
Chapter 2 successfully identified a novel MS susceptibility locus, CRHR1, using a well-powered 
hypothesis-driven study design including both exploratory and replication stages. CRHR1 is 
located within 17q21 chromosomal region, and has been a key locus of interest in MS, however 
this is the first susceptibility locus identified in this region. This finding underscores the 
importance of considering biological function in genetic studies of MS, as well as other ADs, as 
this replicated association would not have been identified by genome-wide association (GWA) 
studies (p<5 x 10-8). CRHR1 is a critical component of the hypothalamus-pituitary-adrenal 
(HPA) axis, and is present on various immune cells. An impaired HPA axis has been suspected 
to contribute to autoimmunity, including MS and has been associated with the development of 
affective disorders and other stress-related clinical conditions, both marginally and through gene 
x environment interactions. Thus, further investigations of these conditions, experiences of 
stressful life events, and genetic variation within HPA axis genes in MS is necessary. This 
investigation provides evidence for a non-major histocompatibility complex (MHC) mediated 
mechanism in the pathogenesis of MS. 
 
Chapter 3 successfully investigated epistasis (gene x gene interactions) with the prominent non-
MHC susceptibility locus for RA, PTPN22, across the genome. Strong evidence for novel 
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epistatic interactions with PTPN22 and variants within CDH13, MYO3A, CEP72, and near 
WFDC1, was revealed. A clear research hypothesis was pursued using large, well-characterized 
study populations with detailed clinical and genetic information in a multi-stage analysis that 
included extension and replication stages, and combined robust non-parametric and parametric 
methods. These results underscore the importance of exploring analytical strategies capable of 
detecting complex genetic risks in the absence of marginal effects, as none of the final SNP 
variants demonstrated significant associations with RA (p<0.05) when cases were compared to 
controls. However, this investigation only explored two-way interactions and not higher-order 
relationships which are likely to contribute to RA and other ADs. Furthermore, a dominant 
genetic model assumption used in this study for epistatic candidates may not have been 
appropriate. Future studies should explore additional genetic models. The replicated epistatic 
interactions observed in this study were of modest significance (p<1 x 10-5).  An exploration of 
higher-order interactions will require much larger sample sizes and clearly defined phenotypes. 
 
Recently, genetic epidemiologists have acknowledged that GWA studies and the common-
variant-common-disease hypothesis are seemingly limited in characterizing the complete genetic 
component of complex ADs, including MS and RA. However, work described in this dissertation 
demonstrates the use of strong epidemiologic study design, clearly defined hypotheses, and 
robust analytical strategies, may further our understanding of the contribution of common 
variation to the genetic architecture of complex diseases. There are several explicit research 
initiatives that are needed to further understand the statistical associations reported in this 
dissertation. These include, but are not restricted to, the exploration of: (1) rare variants, (2) other 
biological-related genes/pathways, (3) new methods for investigating biological pathways, (4) 
approaches to detect associations, both marginal and epistatic, that do not meet criteria for 
genome-wide significance, and (5) considerations of context, or ‘the environment’.  
 
Rare Variants 
The marginal and epistatic variants identified in this dissertation have largely unknown function 
and, therefore, focused DNA sequencing will be necessary to elucidate and describe true causal 
variants, their impact on protein function, and subsequent disease pathogenesis. Given the 
limited success of the common variant hypothesis, many new investigations are attempting to 
pursue large-scale sequencing studies to characterize the disease contribution of rare variants, 
which occur in <1% of the population. Most promising for improving our understanding of 
human genetic variation is the 1,000 Genomes Project, which is cataloguing both allelic and 
structural variation in at least 1,000 human genomes from ethnically diverse populations. 
However, building on the rare variant hypothesis, is the notion of genetic heterogeneity; where 
multiple rare variants contribute to disease, both marginally and through genetic interactions. 
Similar to common variants in GWA studies, rare variant analyses will present a large number of 
statistical challenges that are likely to lead to the development of new and powerful methods. 
One possible method that can aid a DNA sequencing investigation of candidate genes is to first 
prioritize SNPs based on in silico analyses. These analyses can help predict the impact of 
candidate SNPs on the final protein function, and can help distinguish conservative amino-acid 
changes from deleterious changes, and so forth, minimizing the bias introduced by multiple 
testing. Tools currently used for investigating GWA studies will be useful, but additional 
approaches to explore genetic heterogeneity will be necessary, such as tests capable of 
simultaneously considering all variation within a gene.  
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Pathway analysis 
One of the greatest limitations of epidemiologic studies is the assumption that biological 
significance can be captured through statistical means. As discussed previously, GWA studies 
are hypothesis-free, and do not make assumptions regarding underlying disease etiology. This 
approach has successfully identified dozens of MS and RA susceptibility loci, to date. Many of 
these loci have immune-related function; however, some findings are disparate and further 
investigation of etiological mechanisms affected by the presence of these variants is necessary. 
Gene products may have pleiotropic effects; nonetheless, we know that these functional roles 
occur within the constructs of biological pathways. It is naïve to assume that a biological system 
cannot compensate for functional inadequacies in one component protein or does not have built 
in redundancies to ensure mechanistic success. By restricting genetic investigation to the 
identification of a single variant within a single gene, we lose the inferential advantage of having 
experimental biological knowledge. Pathway based analyses have not been fully developed or 
explored, but there are a few approaches currently available that may help identify additional 
susceptibility loci from association studies and creatively model biological pathways.  The first 
approach is utilizing Gene Ontology (GO) categories, which consists of three vocabularies 
(ontologies) that describe gene products in terms of their associated biological processes, cellular 
components and molecular functions in a species-independent manner. By performing 
hypergeometric tests comparing a gene set of liberally significant (p<0.05) GWA results 
compared to a reference gene set of all GWA genes tested, we may be able to identify GO 
categories that are significantly enriched. This procedure can inform the functional profile of 
associated genes within GO hierarchies and improve interpretation of GWA findings. As a result, 
a more focused approach based on biological mechanisms can guide future investigations.   
 
Another pathway-driven approach that I hope to explore is the application of machine-learning 
algorithms to investigate genetic variation within biological pathways and susceptibility for MS. 
Data-adaptive techniques can simultaneously consider all variants, thus this approach provides 
information not available from marginal association tests. I hope to explore various approaches, 
including conventional methodologies, to develop an operational framework for testing 
biological pathways. One of the key algorithms, in addition to Random Forests, that will be 
explored is the Deletion/Substitution/Addition (D/S/A) algorithm. It is a data-adaptive technique 
that tests a series of models and allows the search to move among statistical models that are not 
nested. D/S/A can detect complex interactions and correlation patterns in addition to main 
effects, for example, D/S/A may determine that the best model predicting the outcome includes 
main effects, interactions (e.g. WY), polynomials (e.g. W2Y3), or any combination thereof (e.g. Z 
+ W2Y); therefore it is a seemingly appropriate statistical approach for uncovering complex 
biological relationships. 
   
Context 
I have only begun to discuss the importance of exploring context, in the form of biological 
pathways, but there are many additional layers that must be considered. As human beings, the 
biology of our lives is nested: genetic variation is nested within genes and chromosomes, which 
is within nuclei of cells, within tissues of organs, within biological 
pathways/mechanisms/systems, within a physical body, within a physical environment, and 
finally within a society. Variation at any of these levels impacts our physiology, thus by 
considering only the most specific level we lose sight of the larger picture. To date, genetic 
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studies have not routinely or comprehensively incorporated environmental data, largely in part to 
the complexities and costs of collecting and investigating such data in the context of genetic 
predisposition. A large impediment is appropriate conceptualization and detection of gene x 
environment interaction in the presence and/or absence of main effects. Several candidate gene x 
environment studies have been conducted, but have largely been underpowered to detect 
associations. Nonetheless many research initiatives are moving forward and exploring uncharted 
territory as the role for environment in MS and RA pathology is strongly implicated by modest 
disease concordance in monozygotic (MZ) twins.  
 
Context matters. This is further evident in epigenetic investigations of MZ twins, which have 
demonstrated divergent DNA methylation patterns over time, resulting in differences in the 
potential expressivity of identical genes. How does this affect the penetrance of a genetic 
variant? Is this a surrogate for environmental exposure(s)? And which exposures? Variation in 
diet, smoking, exercise, experiences of discrimination, and other stressful life events can alter the 
epigenome. Knowing that both environmental and social exposures can biologically impact gene 
expressivity, is it sufficient to only explore genetic variation? The answer is no. Understanding 
genetic variation that contributes to disease is critical, and I hope to continue characterizing these 
relationships for the length of my academic career. However, my future research will focus on 
questions related to health outcomes that consider both the role of genetics and the greater and 
very complex context in which we live.    
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