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ABSTRACT 

 

Multiple myeloma is a chronic disease for which there is presently no cure. Because of 

the significant genetic heterogeneity in this disease and the fact that it is rare, it has been difficult 

to study genetic variations that contribute to disease risk and clinical outcomes. Nevertheless, 

there are apoptotic and oncogenic signaling pathways that constitute common themes in genetic 

deregulation leading to myeloma. Therefore, we biologically guided single nucleotide (SNP) 

association studies by pre-identifying important pathways. We managed this by designing a 

targeted SNP chip panel containing genes in functional groups crucial to various cancer 

processes, especially to myeloma, and applied it to SNP association studies represented in this 

thesis. 

Lung cancer is one of the most common cancers in the world. It is a leading cause of 

cancer death in men and women in the United States. Cigarette smoking causes most lung 

cancers. Therefore, it is one of the rare diseases for which there is a known environmental 

exposure. The occurrence of lung cancer is thus attributed to a complex interplay of genetic 

factors and environmental exposure. Since many polymorphic genetic variations produce proteins 

with increased, decreased or a complete loss of enzymatic activity, they are relevant factors in the 

gene—environment interplay. 

The first part of this thesis explores impact of interindividual variations resulting in 

variable bone disease, prognosis (progression-free survival) and disease risk in myeloma. In the 

bone disease 
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association study, we demonstrated that there are genetic variants in genes important in the 

inflammatory response, Wnt signaling, and in growth factors previously linked to etiology of 

myeloma. The novelty of this study is in combining gene expression profile of DKK1 with a SNP 

profile that resulted in a better prediction of bone disease. We then investigated genetic variants 

in relation to progression-free survival and risk in myeloma. This study resulted in the 

identification of polymorphisms in genes involved in drug metabolism and detoxification, 

immunity, DNA repair and signaling cascades important to multiple myeloma (MM) risk and 

survival. This was done by using novel combinatorial search algorithms that can robustly identify 

markers that associate with the studied outcomes, and decrease false discovery rates. 

The second part of this thesis explores impact of interindividual variations on the 

metabolism of tobacco-smoke carcinogens. Variations in genes involved in tobacco-smoke 

carcinogen metabolism can result in variable amounts of harmful DNA adducts that can 

ultimately lead to cancer. We first demonstrated that there is a variation in CYP1B1 gene, 

previously shown to result in decreased cellular protein levels. This polymorphism appears to 

function as a protection from lung cancer at low levels of exposure, whereas it loses its 

protectiveness at high exposure levels. This was important to unraveling gene—environment 

interactions, especially relevant in the initiation of lung cancer. We then demonstrated that there 

are SNP-SNP interactions that associate with lung cancer risk by applying a novel data mining 

combinatorial search algorithm. This approach will serve as a useful tool to more robustly study 

SNP associations with outcomes of interest, while minimizing the false discovery rate. Our 

findings will help aid in further understanding etiology of myeloma and lung cancer. The novel 

computational method we helped to develop and first applied will serve as an important tool in 

further identifying and validating genetic variability that leads to differential response to disease 

risk and outcomes.
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1. 

CHAPTER 1 

INTRODUCTION AND LITERATURE REVIEW 

Multiple myeloma: 

Multiple myeloma (MM) is a plasma cell malignancy characterized by accumulation of 

clonal plasma cells, primarily in the bone marrow. MM leads to one or more clinical 

complications such as bone destruction, anemia, hypercalcemia, and renal insufficiency. It is the 

second most frequent malignancy of the blood in the USA after non-Hodgkin lymphoma. MM 

causes about 1% of neoplastic diseases and 13% of hematological malignancies. It affects over 

20,000 patients each year in the United States, with about 11,000 deaths annually (1).  

The median age at diagnosis is about 62 years for men and 61 years for women (range 

20-92); however, only 2% of patients are younger than 40 years. The incidence varies from 1 in 

100,000 people in China, to about 4 in 100,000 people in most developed countries. The 

occurrence of the disease is more prevalent in men than women and is twice as high in black than 

in white American people (1, 2). The reason for the uneven race and sex distribution has not been 

uncovered, but may be due to genetic variability, environmental influences, or both. Median 

survival after conventional treatments is 3-4 years. High dose treatment followed by autologous 

stem-cell transplantation can extend median survival to 5-7 years (3). Novel drugs used for 

treating MM are constantly being assessed, used alone and in combination with already existing 

treatments, with a goal to further improve survival (4, 5).   

Direct interaction between MM cells and bone marrow stromal cells, or between 

extracellular matrix proteins of MM cells, are mediated through cell surface receptors, i.e. 

integrins, cadherins, selectins, syndecansm and the immunoglobulin superfamily of cell adhesion 

molecules (6). These types of interactions increase growth, survival, migration, and drug 

resistance of MM cells, and modulate functions of bone marrow stromal cells, such as by 

enhancing cytokine secretion. Adhesion of MM cells 
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to extracellular matrix proteins (collagen, fibronectin, laminin) triggers survival and drug 

resistance (7), as well as production and secretion of urokinase-type plasminogen activator 

(PLAUR), metalloproteinase-2 (MMP2), and metalloproteinase-9 (MMP9) (8). The cells in the 

bone marrow microenvironment, including MM cells, are regulated by autocrine and paracrine 

loops, and they produce and secrete cytokines and growth factors such as interleukin 6 (IL6), 

vascular endothelial growth factor (VEGF), insulin-like growth factor 1 (IGF1), members of the 

TNF-superfamily, transforming growth factor, beta 1 (TGFB1), chemokine (C-C motif) ligand 3 

(CCL3), KIT ligand (KITLG or SCF), hepatocyte growth factor (HGF), and IL10 (9, 10).  

In the cellular bone marrow, MM cells interact with hemopoietic and non-hemopoietic  

cells, which results in immune suppression and lytic bone lesions. Bone marrow stromal cells in 

turn send signals (through cell-cell contact or through secretion of soluble factors), which then 

affects MM cell growth, survival, migration and drug resistance. Bone disease is a very serious 

consequence of MM. Osteolytic bone lesions and osteoporosis are diagnosed by metastatic bone 

surveys, CT, fluorodeoxyglucose-PET, and MRI in more than 90% of MM patients. These 

complications are associated with bone pain and fractures, and are caused by increased osteoclast 

formation and activity and reduced numbers of osteoblasts (11). Understanding the mechanisms 

by which myeloma cells impair osteoblastogenesis will help in development of effective 

interventions for MM bone disease. 

Patients with monoclonal gammopathy of undetermined significance (MGUS), a benign 

disease with an annual conversion rate of 1% to over myeloma, do not have typical osteolytic 

lesions seen in patients with MM (12). Bataille et. al. first reported that increased bone osteoblast 

activity coupled with increased bone resorption rate is an early event in conversion from MGUS 

to MM (13). They also found that patients who maintained high osteoblast activity did not 

develop osteolytic disease (13). The concept of MM cells actively suppressing osteoblastogenesis 

through production of soluble factors was 
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first suggested 20 years ago by Evans et.al. (14). Additional studies since have supported this. It 

is now evident that osteoblast differentiation is inhibited by factors secreted by both MM cells 

(i.e. Wnt-signaling inhibitors DKK1, SFRP2, IL7, HGF) and by microenvironmental cells within 

myelomatous bone (i.e. IL3) (15-20).  

Canonical Wnt ligands promote osteoblast differentiation by triggering phosphorylation 

of the GSK3/Axin complex and subsequent prevention of β –catenin degradation by the 

proteosome (21). Canonical Wnt signaling appears to be inhibited in the MM microenvironment 

mainly through production of DKK1 by myeloma cells; DKK1 inhibits Wnt signaling by binding 

to Wnt receptors LRP5/6 and Kermen (22). Groups have shown that circulating DKK1 levels are 

highly correlated with degree of bone loss in patients with MM (14, 22) and MGUS (23). MM 

patients with high levels of DKK1 in sera effectively suppress Wnt3a-induced β –catenin 

stabilization in osteoblast precursors and prevent their differentiation (24). DKK1 inhibition of 

Wnt signaling indirectly promotes osteoclastogenesis by increasing the RANKL/OPG ratio in 

preosteoblasts (25). These studies suggest DKK1 may be a potential target for interventions 

intended at targeting MM bone disease. 

There are studies suggesting that increasing Wnt signaling to induce osteoblastogenesis is 

a potential therapeutic mechanism. Edwards et al. investigated the consequences of increasing 

Wnt signaling in the 5TGM1 myeloma mouse model by using lithium chloride to inhibit GSK-3 β 

(26). Increased Wnt signaling effectively prevented bone disease and reduced MM cell burden in 

the bone marrow. Another group showed that increased Wnt signaling reduces bone disease (27). 

It is therefore well-established that Wnt signaling effectively prevents MM bone disease and 

reduced MM tumor burden in bone, partially by simultaneously increasing osteoblastogenesis and 

reducing osteoclastogenesis
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MM is an incurable disease and understanding its biology aids the main goal of myeloma 

therapy: designing novel treatment regimens that extend patient survival while decreasing 

occurrence of adverse effects. Initial treatment of MM has changed substantially as a result of 

drug development (28). Thalidomide, lenalidomide, and bortezomib have improved overall and 

duration of response, and progression-free and overall survival for patients with newly diagnosed, 

relapsed and refractory MM (29).  

The ubiquitin-proteasome pathway plays a critical role in regulating growth and survival 

of MM cells. This provides strong rationale for proteasome targeting and a successful induction 

of bortezomib into clinical management of myeloma (30). It has been reported that the inhibition 

of the ubiquitin-proteasome pathway modulates osteoblast differentiation through upregulating 

expression of bone morphogenetic protein 2 (BMP2) (31) and by preventing proteolytic 

degradation of RUNX2 (32, 33), but also β-catenin (34). It has been suggested that proteosome 

inhibitor bortezomib promotes bone formation by inhibiting DKK1 expression in osteogenic cells 

(35). This drug also directly inhibits osteoclast differentiation, possibly by inhibiting NF-ƙB 

activity in osteoclast precursors (36).  

It is well-established that risk and outcomes in MM rise as a consequence of complex 

interplay of genetic factors and tumor deregulation. Bone disease alone, a serious complication in 

MM patients, is a complex event which clearly shows interactions between variable individual 

genetic backgrounds with the bone microenvironment, various ligands and other factors produced 

by MM cells. Moreover, therapeutic outcomes are impacted by not only tumor genetics, but also, 

importantly, by the individual genomic variability. The first part of this thesis focuses on the 

genetic variations that contribute to inter-individual variability to disease risk and bone 

complications in MM. 

 



 
 

5. 

Lung cancer: 

 Lung cancer is a disease of uncontrolled cell growth in tissues of the lung. This growth 

may lead to metastasis to adjacent tissues and infiltration beyond the lungs. The majority of 

primary lung cancers are derived from epithelial cells. Lung cancer is the most common cause of 

cancer-related death in men and women, and is responsible for 1.3 million deaths worldwide 

annually, as of 2004 (37).  

 The main types of lung cancer are small cell lung carcinoma (SCLC) and non-small cell 

lung carcinoma (NSCLC). Depending on the type of lung cancer, the treatment varies: NSCLC is 

sometimes treated with surgery, while SCLC often responds better to chemotherapy and radiation 

(38). The most common cause of lung cancer is long-term exposure to tobacco smoke (39). The 

occurrence of lung cancer in nonsmokers, who account for as many as 15% of cases (40), is often 

attributed to a combination of genetic factors (41, 42) radon gas (43), asbestos (44) and air 

pollution (45-47) including secondhand smoke (48, 49). Undoubtedly, tobacco-smoke caused 

lung cancer is impacted by inter-individual genetic variability that in turn affects the metabolism 

of tobacco-smoke carcinogens, similar to genetic impact on the metabolism of therapeutic agents. 

In this case, however, variable metabolism results in variable levels of harmful DNA adducts, and 

ultimately to cancer-causing mutations, rather than to adverse effects, as is case from 

chemotherapeutic treatments. 

 The use of tobacco products continues to be an immense public health problem, and one 

might argue is the largest voluntary source of human exposure to carcinogens in the world. 

However, much progress has been made in the past 20 years, not only in understanding 

mechanisms of tobacco carcinogenesis, but also in tobacco control. However, there are still 1.3 

billion smokers in the world and hundreds of millions of smokeless tobacco users (50). Cigarette 

smoking causes 30% of all cancer mortality in developed countries (51).
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 4-(methylnitrosamino)-1-(30pyridyl)-1-butanone (NNK) is arguably one of the most 

important carcinogens in tobacco products. There is a considerable amount of evidence indicating 

that this tobacco-specific amine is one cause of lung cancer in smokers. NNK requires metabolic 

activation to form DNA adducts that are critical for its carcinogenicity (52). Moreover, polycyclic 

aromatic hydrocarbons (PAHs) are also widely regarded as important causes of lung cancer. In 

addition to the activation pathways, there are competing detoxification pathways which lead to 

harmless excretion of NNK and PAHs. Multiple cytochrome P450 (CYP) enzymes and phase II 

enzumes are involved in the metabolic activation and detoxification of NNK, its major metabolite 

4-(Methylnitrosamino)-1-(3-Pyridyl)-1-Butanol (NNAL) and PAHs (52-54). 

 Most of the chemical carcinogens in the environment are chemically inert in themselves 

and require metabolic activation by CYP enzymes to more reactive metabolites in order to exhibit 

carcinogenicity in experimental animals and humans (55, 56). Of the 17 families of human CYPs 

identified to date, the CYP1, 2, and 3 family membes play major roles in the metabolic activation 

of a variety of environmental carcinogens. It has been implicated that CYP1A1 and CYP1B1 

activate most PAHs to epoxide intermediates, which are then converted to more reactive diol-

epoxides with the aid of epoxide hydrolase (55, 57). Both CYP1A1 and CYP1B1 are expressed 

mainly in extrahepatic organs and thus make a major contribution to the incidence of cancers in 

those organs, when PAHs and other carcinogens are ingested into animal‘s body (57). PAHs and 

polyhalogenated hydrocarbons such as 2,3,7,8-tetrachlorodibenzo-p-dioxin (TCDD) induce 

several xenobiotic-metabolizing enzymes, including CYP1A1 and CYP1B1, through the 

arylhydrocarbon receptor (AhR) and the increased synthesis of these enzymes, as well as genetic 

variations in CYP1A1 and CYP1B1 genes, may determine difference in susceptibility of 

individuals to carcinogenesis caused by PAHs and other carcinogens.

 CYP1B1 metabolizes numerous PAHs, and many N-heterocyclic amines, arylamines, 

amino azo dyes, and several other carcinogens (58). Unlike CYP1A1, CYP1B1 often shows 
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substantial constitutive levels, and its expression is high in vascular endothelial cells, breast, 

prostate, uterus, epithelial lining of the head and neck, lung, various types of tumors, adrenal 

cortex, and many other tissues. It is thought that the highest benzo[a]pyrene (BaP) hydroxylase 

activity in the first trimester, which occurs in human adrenal cortex, reflects constitutive CYP1B1 

expression (59). It is not clear what are constitutive and what are inducible CYP1B1 protein 

levels among smokers, non-smokers and ex-smokers in human lung, however, large 

interindividual differences (as well as CYP1A1) have been reported (60).  

 As might be expected, in vitro studies have uncovered that the Cyp1b1 (-/-) mouse 

exhibits increased protection against 7,12-dimethylbenzo[a]antracene (DMBA)-induced 

lymphomas (61), DMBA-induced marrow toxicity and pre-lekemia (62), and dibenzo[a,l]pyrene-

induced tumors (63). Therefore, presence of CYP1B1 is essential in activating these 

environmental chemicals, and if absent, less toxicity or neoplasia is seen. CYP1B1 is emerging as 

an important player in development of many different types of cancers, including lung cancer. 

Studies considering genetic variations within this gene are beginning to emerge, and are further 

emphasizing its importance (64-67).  

 Both, environmental and genetic factors play a role in a development of most diseases, 

and therefore it is important to understand the interactions between these factors. In all 

discussions of environmental exposure (environment being defined as any external agent, 

including medications), the dose to which an individual is exposed is critical. Therefore, it is 

crucial to understand gene—environment interaction. The idea of genetic variants modifying risk 

for cancer upon exposure to varying levels of external agents first came from studies of metabolic 

genes in environmental carcinogenesis (68, 69). A portion of this thesis investigates gene—

environment relationship in lung cancer by studying variations in the known environmental 

exposure pathways. 
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Human genome variation: 

 Since the draft and the improved version of the human genome sequence published in 

2001 and 2004 by the International Human Genome Consortium, scientists have become aware of 

large genetic variations, also called polymorphisms (70-72). Polymorphisms are stable and 

heritable, thus distinguishable from somatic mutations. They include single nucleotide 

polymorphisms (SNPs), micro- and minisatellites, insertions, and deletions (indels). About 90% 

of human genome variation comes in the form of SNPs, single nucleotide changes that can alter 

amino acid coding (coding-nonsynonymous vs. coding-synonymous).  

Since the unveiling of the human genome sequence, it has been possible to more closely 

investigate disease risk, drug metabolism and various outcomes. A notion that genetic variations 

impact diseases risk and clinical outcomes became an important principle to consider. The 

overarching hypothesis of this dissertation is that there are common genetic variations that alter 

disease risk, clinical outcomes and response to environmental agents, either drugs or various 

carcinogens. 

With a goal of studying genetic variations in the context of disease risk and outcomes, we 

have engaged in an international program designated Bank On A Cure (BOAC). This program 

was established to bank DNA from multiple groups and institutional trials, as well as to develop a 

genotyping platform for examining genetic variation in association with disease risk and clinical 

outcomes. We developed a novel custom SNP panel based on the Affymetrix/Gene Chip Targeted 

Genotyping Platform, which contains 3,404 SNPs in 983 genes, variations important in many 

cancer-related processes, drug metabolism and in transcriptional regulatory regions (i.e. 

promoter) (73). Design and the first applications of BOAC panel are presented in Part 1 of the 

Appendix in this thesis.  
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The HapMap Project (74), established to identify genetic variations and map out the SNP 

pattern haplotype of the human genome, has made available a great deal of information to the 

SNP research 

community. SNP genotyping allows for further characterization of the human genome and a 

better understanding of the hereditary transfer of diseases. The study of SNPs is of great value for 

the medical and pharmaceutical communities as they can help predict disease association and 

how an individual may respond to a given drug. Human SNP genotyping has lots of implications 

in the context of medical significance of diseases, clinical diagnostics, improving current practice 

of medicine, and in drug discovery.  

 The candidate gene approach can be a powerful tool for the identification of genetic 

associations to complex disease traits. Candidate gene studies using targeted SNPs are faster and 

more cost-effective than alternative approaches that may require complete re-sequencing of 

candidate genes or larger studies that require whole-genome genotyping panels. Projects such as 

the National Cancer Institute‘s Cancer Genome Anatomy Project SNP500 Cancer Database allow 

for SNP chip designs that are utilized for studying cancer and other diseases (75). The goals of 

such projects are not only to provide a central resource of newly discovered variants, but also for 

validating existing variants.  

 Identifying genes involved in the development of cancer is crucial to fully understanding 

cancer biology, for developing novel therapeutics for cancer treatment and for providing methods 

for cancer prevention and early diagnosis.The use of polymorphic markers, specifically single 

nucleotide polymorphisms (SNPs), promises to provide a comprehensive tool for analysing the 

human genome and identifying those genes and genomic regions contributing to the cancer 

phenotype.  
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Rationale and specific aims: 

Compared to other lymphoid malignancies, multiple myeloma is difficult to study and 

treat due to not only genetic heterogeneity, but also due to the fact that it is a rare disease. 

Absence of large clinical trials enrolling significant numbers of subjects and repetitions of such 

trials with similar treatments has made it difficult to validate findings from SNP association 

studies.  

 The underlyining principle of the research presented in this thesis is that there are 

variations in cancer-relevant pathways that lead to inter-individual variability to disease risk and 

outcomes. We have developed a targeted SNP panel that consists of genes in cancer-important 

functional categories, and 3,404 variations important to cancer initiation and progression 

pathways, mostly targeted to MM (73).  

 The second chapter of this thesis examines variations in pathways involved in the 

pathogenesis of myeloma bone disease, including Wnt pathway, as well as growth factors 

important to the tumor microenvironment and bone disease progression. The novelty comes from 

combining gene expression signature of DKK1, previously associated with bone disease 

prognosis, and a newly identified SNP profile. This approach resulted in a better prediction of 

bone disease in MM patients. These results not only demonstrate a novel approach in studying 

genetic markers in association with clinical outcomes, but also identify novel variations that can 

differentiate between subjects with poor outcomes from those with a better bone disease 

prognosis. 

 The third chapter of this thesis looks at inter-individual genetic variability and its impact 

on myeloma progression-free survival and risk. We applied novel data mining algorithms to 

efficiently and robustly identify SNP-SNP interactions among 3,404 polymorphisms on the 

custom panel, that associate with risk and prognosis. With limited sample sizes and lack of 
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multiple clinical trials with similar treatments, the need for robust computational methods is 

essential. We successfully applied novel computational algorithms and uncovered additional 

genetic variants important to myeloma risk and progression-free survival, as well as validated 

some of our previous findings. 

 The fourth chapter investigates inter-individual genetic variability in the context of 

metabolism of tobacco-smoke carcinogens and the ultimate impact on lung cancer risk. We 

identified a polymorphism in CYP1B1 gene, which has an interaction with levels of a known 

exposure agent, tobacco smoke carcinogen NNAL, metabolite of NNK. This polymorphism has 

been functionally shown to decrease protein cellular levels, thus thought to alter protein‘s 

enzymatic activity and ultimately metabolism of harmful carcinogens. In this chapter, we show a 

gene—environment interaction and significance of this interplay on disease risk. 

 The fifth chapter in this thesis investigates all 3,404 SNPs in association with lung cancer 

risk. We applied a novel data mining combinatorial search algorithm to identify significant SNP-

SNP interactions, which distinguish cases from the controls. The identified variations are in genes 

involved in drug metabolism, and demonstrated by other groups to associate with lung cancer risk 

and metabolism of environmental carcinogens.  

These findings implicate that genetic variations have a crucial role in disease initiation 

and progression, and they impact disease risk, as well as alter drug and environmental agents 

metabolism. 

Our hypothesis is that there are genetic variants that affect inter-individual risk and 

response, and the metabolism of environmental agents, thus altering disease risk. Furthermore, 

our research relied on developing novel computational algorithms to robustly identify variants 

and their interactions. 
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Contribution to projects: 

In chapter two, I conducted the genotyping of all 3,404 SNPs in all subjects presented in 

the study. I helped with review and editing of the manuscript. 

In chapter three, I conducted the genotyping of all 3,404 SNPs in most of the subjects 

represented in the study, mostly for the samples in the mouthwash BOAC patient-provided 

samples. I guided the data mining approach designed by our collaborators, and wrote the 

manuscript. I provided biological interpretations and insights to our data mining collaborators, 

and helped them direct their analytical design. I conducted data analysis upon receiving the 

results produced by the algorithms. This is the first application of these novel computational 

algorithms on myeloma genotyping data. 

 In chapter four, I processed all the samples, from DNA extraction to genotyping using 

BOAC SNP panel and Sequenom. I guided the statistical analysis by having weekly meetings 

with Dr. Tim Church and Ms. Mindy Geisser, who analyzed the data. I was primarily responsible 

for coordinating statistical analysis by Dr. Church‘s group, and biochemical analysis by Dr. 

Hecht‘s group. I biologically interpreted the results and guided the way data was being handled 

and processed. I co-first authored the manuscript with Dr. Tim Church. 

 In chapter five, I processed and genotyped all the samples. The same as in chapter three, I 

helped guide the process of designing novel combinatorial search algorithms. This is the first 

application of this novel data mining method developed by our collaborators on lung cancer on 

genotyping data. 

 In each of the projects presented in chaptes 1-5, I was the primary contact point for the 

laboratory, and maintained contact with collaborating lab personnel as well as their PIs. 
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Appendix contains three additional parts to which I contributed during the course of my 

research. In Appendix I, I helped genotype some of the samples represented in the study, and was 

marginally involved in writing the manuscript by contributing with some data analysis and 

editing. I provided the analysis of linkage disequilibrium variations, which served as an internal 

control (all variations in the same LD block are expected to associate together). In Appendix II, I 

contributed to genotyping of some clinical trials represented in the study, as well as with editing 

of the manuscript. This 

study was a large collaborative effort. In Appendix III, I helped guide the design of novel data 

mining algorithms represented here. I regularly met with our collaborators and provided them 

with biological interpretation. I conducted the data analysis following the production of the 

results by the algorithm.
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CHAPTER 2 

GENETIC POLYMORPHISMS OF EPHX1, GSK3β, TNFSF8 AND MYELOMA 

CELL DKK-1 EXPRESSION LINKED TO BONE DISEASE IN MYELOMA 
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Bone disease in myeloma occurs as a result of complex interactions between myeloma 

cells and the bone marrow microenvironment. A custom-built DNA single nucleotide 

polymorphism (SNP) chip containing 3404 SNPs was used to test genomic DNA from myeloma 

patients classified by the extent of bone disease. Correlations identified with a Total Therapy 2 

(TT2) (Arkansas) data set were validated with Eastern Cooperative Oncology Group (ECOG) and 

Southwest Oncology Group (SWOG) data sets, where the primary phenotype was progression-

free survival. Univariate correlates with severity of bone disease included: EPHX1, IGF1R, IL-4 

and Gsk3b. SNP signatures were linked to the number of bone lesions, log2 DKK-1 myeloma cell 

expression levels and patient survival. Using stepwise multivariate regression analysis, the 

following SNPs: EPHX1 (P=0.0026); log2 DKK-1 expression (P=0.0046); serum lactic 

dehydrogenase (LDH) (P=0.0074); Gsk3b (P=0.02) and TNFSF8 (P=0.04) were linked to bone 

disease. This assessment of genetic polymorphisms identifies SNPs with both potential biological 

relevance and utility in prognostic models of myeloma bone disease. 

Introduction: 

Multiple myeloma is a tumor of plasma cells that depends on the bone marrow 

microenvironment for growth and survival (1, 2). Bone disease in myeloma occurs as a result of 

the complex interactions between myeloma cells and the bone marrow osteoclasts, osteoblasts 

plus other accessory cells and microenvironmental components (2). Myeloma bone disease is 

characterized by a unique combination of enhanced osteoclast numbers and function plus reduced 

osteoblast differentiation and function (1–12). The important elements in osteoclast activation are 

myeloma cellderived MIP-1a, which activates osteoclast CCRX-5 plus microenvironmental-

derived RANK-ligand (RANK-L), which activates osteoclast RANK and competes with stromal-

derived osteoprotegrin (OPG) (10–12). Recent studies have emphasized the central role of the 

Wnt (Wingless-type MMTV integration site family (mammalian homologue))-signaling inhibitor 
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DKKK-1 in the pathogenesis of the osteolytic bone lesions in myeloma (6). DKK-1 inhibits both 

osteoblast differentiation and function and increases osteoclast activity. Attention is focused both 

on the mechanisms responsible for the upregulation of DKK-1 synthesis in plasma cells and the 

interactions with the microenvironment (7–10). Expression of DKK-1 is regulated by a 

combination of intrinsic genomic factors and interactions with the bone marrow 

microenvironment (8). To assess the predilection to bone disease, it was elected to study the 

effect of single nucleotide DNA polymorphisms (SNP) in a well-characterized population of 

myeloma patients for whom DKK-1 expression and gene expression profile (GEP) gene signature 

data were also available (13). We focused on several pathways involved in the pathogenesis of 

myeloma bone disease, including the Wnt pathway, in particular GSK3, as well as insulin growth 

factor, interleukin 4, bradykinin receptors and b3 adrenergic receptors. Peripheral blood DNA 

from 282 patients enrolled in the UARK 2003–33 ‗Total Therapy 2‘ (TT2) protocol was studied 

using the previously reported Affymetrix 3k BOAC custom DNA chip to assess the presence or 

absence of relevant genetic polymorphisms (14–16). Here, we present evidence that several SNPs 

significantly correlate with both the clinical extent of the bone disease, as well as DKK-1 

expression. 

Materials and Methods: 

Patients 

These analyses included 282 patients with previously untreated myeloma enrolled in the 

TT2 trial between October 1998 and February 2004. The Arkansas group has developed the so-

called Total Therapy programs during the past 20 years by using all the available drugs 

throughout all the up-front treatment steps. Total Therapy 2 included the new drug thalidomide in 

both induction and maintenance. Details of patient characteristics plus treatment and clinical 

outcomes have been reported (14). All participants had provided written informed consent in 
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keeping with institutional and National Cancer Institute (NIH, Bethesda, MD, USA) guidelines. 

All details of the protocol had been approved by institutional guidelines and the United States 

Food and Drug Administration, and were monitored by a data safety and monitoring board as 

required for Phase III trials. The multiple myeloma baseline evaluation included serum and urine 

protein electrophoresis, quantitative immunoglobulin measurements, total 24-h urine protein 

excretion, serum b2-microglobulin (Sb2M), C-reactive protein, and lactic dehydrogenase (LDH) 

plus bone marrow aspirate and biopsy evaluations. 

Bone studies 

Imaging included baseline magnetic resonance imaging (MRI) and complete skeletal 

survey radiological examination (myeloma bone survey (MBS)) in a prospective manner (14). 

The MRI included the axial skeleton and pelvis plus any additional areas requiring diagnostic 

evaluation for pain or other medical issues. MRI studies were carried out with a series of 

sequences to permit identification of focal or diffuse bone marrow involvement, including spin 

echo (T2-wt), short T, inversion recovery (STIR) and gadolinium-enhanced spin echo sequences 

with and without fat suppression. Myeloma bone survey encompassed the long bones and were 

carried out with digital radiographs incorporating two views of the chest; views of ribs, lateral 

skull, vertebral column; anteroposterior views of the pelvis, shoulders; and the extremities 

including hands and feet. Focal lesions on both MRI and myeloma bone survey were identified as 

areas with an axial diameter of at least 0.5 cm. The MRIs were reviewed independently by four 

individuals who recorded the size, number and location of all focal lesions compatible with 

myeloma. Full details have been previously published (14).  

Classification of bone disease 

X-ray was the primary classification system for bone disease. The exception was 12 

patients with extensive focal MRI disease, but no focal changes on X-ray. On the basis of detailed 
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previous analyses (14), this 4% subset was added to the ‗extensive bone disease‘ category to give 

183/282 (65%) within this extensive bone disease group. The remaining 99 patients (35%) all had 

negative X-rays and no extensive focal disease on MRI. Using X-ray results only, validation of 

the TT2 findings was conducted comparing results in separate Eastern Cooperative Oncology 

Group (ECOG) and Southwest Oncology Group (SWOG) data sets (15, 16). For these analyses, 

patients with completely negative X-rays were compared with those having 43 focal lesions on X-

ray. 

Genotyping 

Peripheral blood was collected in heparinized green top tubes and centrifuged to recover 

mononuclear cell pellets. DNA was extracted from the mononuclear cell pellets and genotyped 

using the Affymetrix (Santa Clara, CA, USA) Genchip scanner 3000 Targeted Genotyping 

System (GCS 3000 TG System) using molecular inversion probes to simultaneously identify the 

3404 pre-selected SNPs in 983 genes (15, 16). All genotyping experiments were carried out in 

strict adherence to the manufacturer‘s protocol. 

Custom SNP Chip design and content 

A directed, custom SNP chip design was developed with specific criteria from public and 

commercial databases. Full details are described elsewhere (15, 16). In essence, a custom SNP 

chip was developed, focusing on functionally relevant polymorphisms known to have a role in 

normal and abnormal cellular functions related to inflammation, immunity and drug responses. 

Statistical analysis 

Overview 

Several methods were used to assess possible correlations between SNPs and the 

presence or absence of bone disease.  
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Univariate correlations of individual SNPs were assessed. This was first carried out for 

the TT2 data set and then for validation with the Eastern Cooperative Oncology Group and 

Southwest Oncology Group data sets. 

Recursive partitioning was used to identify the best combinations of SNPs correlated with 

bone disease. 

The validity of correlations with individual SNPs and combinations of SNPs was 

assessed using multivariate logistic regression analyses that incorporated known standard 

prognostic factors, gene expression profile results (risk groups: TT2 only) and Dkk-1expression 

results (TT2 only). 

Correlations between individual SNPs as combinations of SNPs and patient outcomes 

were assessed including progression-free (PFS) and overall survivals (OS). 

The Eastern Cooperative Oncology Group and Southwest Oncology Group data sets were 

evaluated with respect to SNP signatures identified in the TT2 data. 

Statistical analysis details 

We used Fisher‘s exact test as a univariate screening tool to determine the association of 

SNPs with bone disease. The top 50 rank-ordered SNPs were selected and a recursive-partitioning 

algorithm was carried out to determine the combination of SNPs that best distinguished the bone 

disease subgroups. In recursive partitioning, each genotype was evaluated on its ability to make a 

correct prediction, creating a decision node (17). Recursive partitioning allowed for interactions 

of SNPs and also included SNPs further down the rank-ordered list. Univariate association 

between clinical parameters was assessed using continuous and categorical variables (18). The 

non-parametric Kruskal–Wallace test was used for continuous variables and the w2-test was used 

for categorical variables (19). Multivariate logistic regression was used to test for associations of 
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SNPs and clinical parameters with bone disease (20). Survival curves were constructed according 

to Kaplan and Meier (21). 

Results: 

Classification of bone disease  

The 282 patients were divided into 99 patients (35%) with no bone disease (X-rays 

negative) and 183 patients (65%) with definite/extensive bone disease (X-rays positive and/or 

extensive focal lesions on MRI (12 patients)). This separation best identified the two sub-

populations in detailed analyses of the imaging results for the TT2 data set (14).  

Univariate correlations between bone disease and SNPs in TT2 data set: Fisher‘s exact 

test was used as a univariatescreening tool to determine the association of SNPs with bone 

disease. Results are shown in Table 1, which displays the top SNPs most highly correlated with 

bone disease. The top-ranked SNP, EPHX1 (P=0.0003), is rs3766934 (GG), which is an expoxide 

hydrolase SNP. Several SNPs linked to bone biology were among the top-ranked SNPs, including 

IGFIR (P=0.003: #6), IL-4 (P=0.009: #16) and Gsk3b (P=0.015: #23).  

Recursive partitioning: The top 50 SNPs with the lowest P-values were selected for 

recursive partitioning analysis. The results of recursive partitioning analysis are shown in Figure 

1. 

The 4 SNPs providing the best correlation were: rs3766934, EPHX1, RANK #1; rs3783408, 

Gsk3b, RANK #23; rs1052637, DDX18, RANK #26; and rs3181366, TNFSF8, RANK #29 in the 

univariate correlations (Table 1). The 4 SNP combination was then used as a search engine to 

identify further correlations. The results are shown in Figures 2a and b, respectively. There were 

excellent correlations with both numbers of individual focal bone lesions (P values=0.001) and 

the directly measured DKK-1 expression levels for individual patients (P=0.05). 
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Stepwise multivariate regression analyses: Several logistic regression models were used 

to further assess the correlations with the identified SNPs. Results are displayed in Table 2. 

Again, the previously identified SNPs prove to be statistically significantly associated with the 

bone disease status. The individual SNPs (EPHX1, Gsk3b and TNSF8), DKK-1 and lactic 

dehydrogenase (serum level) are predictive in the displayed multivariate analysis. 

Correlations with progression-free and overall survival: Figure 3 shows the correlations 

between SNP pattern and outcomes. The cross correlations between known and predicted 

survivals are highly significant. 

Cross-validation in additional clinical data sets with bone disease defined by X-ray only. 

These statistical analyses used 207 patients with zero or more than three X-ray focal lesions from 

the original TT2 data set plus 62 patients from Southwest Oncology Group (S9321) and 69 

patients from Eastern Cooperative Oncology Group (E1A00 and E9486). Collectively, there were 

163 patients with no X-ray evidence of bone disease and 175 patients with more then three focal 

lesions evident on X-ray. A majority of the SNPs from the TT2 only analyses were again highly 

ranked in combined analyses. For example, EPHX1 (previously ranked #1, now #9); IGFIR 

(previously ranked #6, now #13) and IL-4 (previously ranked #16, now #19) again showed 

significant correlations. Conversely, the SNPs for BDKRB1, ADRB3 and DDX18 were not 

highly ranked. Stepwise multivariate logistic regression analysis was then repeated incorporating 

top SNPs identified by cross-validation. The results are displayed in Table 3. This further cross-

validation assessment shows that the EPHX1 SNP is still the top SNP in both the univariate and 

multivariate regressions. The TREX1 SNP, previously ranked number 11, acquires greater 

significance in these univariate and multivariate regressions. Other significant correlations were 

with DDK-1, lactic dehydrogenase, the 17-gene expression profile high risk, plus again the SNPs 

for Gsk3b and TNFSF8. 
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Discussion: 

In this study, several SNPs are correlated with the likelihood of bone disease. The top 

SNP is EPHX1 (rs3766934: GG genotype versus GT/TT), an epoxide hydrolase. Although 

EPHX1 has been evaluated in multiple studies of genetic polymorphisms of biotransformation 

enzymes related to cancer, the functional significance of this specific GG genotype is currently 

unclear (22). Nonetheless, it is known that epoxide hydrolase is involved in both the 

inflammatory response linked to the bioactivation of leukotoxins (23) and the activation of the 

dioxin response element by benzo[a] pyrene compounds (24). Further studies are necessary to 

investigate the potential significance of this EPHX1 SNP genotype in laboratory, clinical and 

epidemiological studies. The Gsk3b SNP (Table 1 and Figure 1) was the second SNP selected as 

part of the recursive partitioning decision tree. This SNP is especially interesting as binding of 

GSK3bi with axin and APC forms a critical complex involved in Wnt-activated release or 

stabilization of b-catenin (25–29). This pathway is central to osteoblast function (30). Increased 

Wnt signaling through Wnt 3A results in an increase in the bone mineral density and a decrease 

in the osteoclast/osteoblast ratio (31–34). Gsk3b is the target of upregulation by thalidomide and 

is central to reactive oxygen species-mediated thalidomide-induced apoptosis (28). Other 

identified SNPs linked to bone related pathways (see Table 4) included the following: insulin-like 

growth factor 1 receptor (ranked number 6: Table 1) (35–39); bradykinin receptor B1 (ranked 

number 10: Table 1) (40); adrenergic receptor B3 (ranked number 14: Table 1) (41, 42); and 

interleukin-4 (ranked number 16: Table 1) (43). Several SNPs linked to drug and/or toxin 

metabolism and/or DNA metabolism and repair were noted and are summarized in Table 4. As 

dioxins have been linked to the etiology of myeloma (44), it is noteworthy that EPHX1 (45–47) is 

important in dioxin and polycyclic aromatic hydrocarbon metabolism. In addition, the DPYD 

SNP (rs1399291) ranked number 28 (Table 1) is involved with pyrimidine metabolism, and has, 

in addition, been identified in a separate recent large scale screening (48). Testing with the 3400 



 
 

29. 
 

SNP custom chip has, thus, revealed several SNPs that are significantly correlated with the 

likelihood of bone disease in patients with myeloma. Larger studies are currently underway, for 

example, in collaboration with the National Cancer Institute (NCI) epidemiology branch, to 

further explore the relationships with identified SNPs (48). 
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Figure 1. Recursive partitioning using „Top SNPs‟ with Total Therapy 2 (TT2) model. 

Recursive partitioning branching tree displaying the four single nucleotide polymorphisms 

(SNPs) used in the model: rs3766934 (EPHX1); rs3783408 (Gsk3b); rs1052637 (DDX18); and 

rs3181366 (TNSF8). The SNP genotypes are identified: EPHX1(GT/TT versus GG); Gsk3b (GG 

versus AG/AA); DDX18 (CC versus CG/CC); and TNFSF8 (CC versus CT/TT). The appended 

table shows the univariate P-values for each SNP and SNP function. 
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Figure 2. Baseline focal bone lesions and baseline log2 DKK-1 by predicted disease using the 

recursive-partitioning model. (a) The number of focal bone lesions (per patient) is plotted for 

patients with limited bone disease and extensive bone disease predicted by the four single 

nucleotide polymorphism (SNP) model illustrated in Figure 1. The mean values are identified. 

The P-value for the difference is P=0.001. (b) The directly measured log2 DKK-1 expression 

values are plotted for patients with limited bone disease and extensive bone disease predicted by 

the four SNP model illustrated in Figure 1. The Pvalue for the difference is P=0.05. 
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Figure 3. Overall survival (OS) and Event-free survival (EFS) for both actual and predicted 

bone disease (Total Therapy 2 (TT2) model). (a) OS is shown for patients with known limited 

and extensive bone disease and compared with the survival for patients predicted by the four 

single nucleotide polymorphism (SNP) model to have limited and extensive disease. The listed P-

values indicate that OS is statistically inferior for patients with both actual and predicted 

extensive versus limited bone disease (P=0.0183). The actual versus predicted outcomes are not 

different (P-values 0.693 and 0.881, respectively). (b) EFS is shown for patients with known 

limited and extensive bone disease and compared with EFS for patients predicted to have limited 

and extensive bone disease based on the four SNP model (Figure 1). The P-values indicate that 

EFS is not different for limited versus extensive disease, but this is true for both the actual and 

predicted patient populations (P-values: overall 0.185; and 0.327 and 0.924 for comparisons). 
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CHAPTER 3 

IDENTIFICATION OF SINGLE NUCLEOTIDE POLYMORPHISM INTERACTIONS 

ASSOCIATED WITH SURVIVAL AND RISK IN MULTIPLE MYELOMA USING 

NOVEL DATA MINING METHODS 
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I conducted the genotyping of all 3,404 SNPs in most of the subjects represented in the study, 

mostly for the samples in the mouthwash BOAC patient-provided samples. I guided the data 

mining approach designed by our collaborators, and wrote the manuscript. I provided biological 

interpretations and insights to our data mining collaborators, and helped them direct their 

analytical design. I conducted data analysis upon receiving the results produced by the 

algorithms. This is the first application of these novel computational algorithms on myeloma 

genotyping data. 
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Backround: Multiple myeloma (MM) is a disease that results in the accumulation of 

malignant plasma cells in the bone marrow and is characterized by marked genomic 

heterogeneity. To elucidate genetic complexity of MM by studying interplay of genomic 

variations, we have developed novel combinatorial search data mining methods, allowing us to 

search for high order variation and gene interactions. 

Methods: We conducted an association study of 3,404 single nucleotide polymorphisms 

(SNPs) as a whole and constrained the number of SNPs by defined pathways and gene sets, thus 

biologically guiding and increasing the power of the analysis. Two primary phenotypes 

investigated are progression-free survival and disease risk. 

Results: We identified individual and pairs of interacting SNPs in genes involved in drug 

metabolism and detoxification, immunity, DNA repair and signaling cascades important to MM 

risk and survival. 

Conclusion: Due to a complex genetic interplay that leads to cancer, as well as a large 

amount of SNP genotyping data that can be generated, novel methods that successfully identify 

SNP-SNP interactions and associations with outcomes are needed. We applied a novel 

computational approach that efficiently identifies high order SNP interactions, while minimizing 

the false discovery rate.  

 

Introduction: 

 

Multiple Myeloma is a universally fatal disease that results in the accumulation of 

malignant plasma cells in the bone marrow (1). This disease is responsible for 2% of all cancer 

deaths and 15% of all hematologic malignancies, with approximately 13,000 deaths per year in 

the USA (1). In order for MM plasma cells to grow, there is a complex interplay among various 

growth and other factors in the tumor microenvironment.  
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Single nucleotide polymorphisms (SNPs) account for over 90% of genetic variation in the 

human genome and have emerged as important genetic factors shown to impact disease risk, 

outcome, drug metabolism and other clinical outcomes (2-4). Due to a large amount of data 

generated by SNP genotyping, researchers have struggled in analyzing and interpreting the results 

obtained in association studies with outcomes of interest.  

Many complex diseases such as cancer are believed to be driven by a complex interplay 

of multiple genetic variations (5). There is a clear challenge in searching for combinations of 

SNPs that are associated with disease risk and outcomes from a large number of variations that 

result in an exponentially increasing number of combinations. This is a particular problem in the 

small sample numbers in which false discovery rates exceed the power in the study. Therefore, 

efficient, robust and scalable computational techniques are needed (5).  

In order to identify the impact of genetic variation on MM, we engaged in an 

international program named Bank On A Cure (BOAC), whose mission is to bank DNA from 

collaborative groups and institutional trials and examine the associations of genetic variations 

with risk and outcomes (6). This effort was directed at developing a platform for examining 

polymorphisms in genes relevant in cancer initiation and progression pathways, predominantly 

targeted to MM, with an expectation that genetic variations would have a large impact on disease 

initiation, progression and response by altering pathways involved in these processes. The design 

and the first applications of the BOAC SNP chip containing 3,404 SNPs have been previously 

published (7).  

MM is a complex disease with a wide heterogeneity among the tumors, and various 

serious complications i.e. bone disease, hypercalcemia, renal failure etc (1). We expected that the 

observed phenotypes are a result of a multifaceted interaction of variations in genes involved in 

crucial processes i.e. apoptosis, DNA repair, inflammation, etc. Thus, we developed novel 

computational methods to observe interplay of defined functional pathways in risk and survival. 

A manuscript describing the computational details is being published separately (8). In this 
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manuscript we describe the application that has revealed SNP-SNP interactions associated with 

both outcome and risk. 

 

Materials and Methods: 

 

Patient and control samples 

 

DNA samples were prepared from 143 MM patients enrolled in phase III clinical trials: 

Eastern Oncology Cooperative Group (ECOG) E9486 (n=52) and Southwest Oncology Group 

(SWOG) S9321 (n=91); all patients signed informed consent (9, 10). Patients enrolled in E9486 

and S9321 had similar treatment regimens using vincristine, adrimycin, dexamethasone and 

melphlan (9, 10). Patients in the analysis were selected based on progression-free survival (PFS) 

of less than 1 year (n=70) or greater than 3 years (n=73), short-term and long-term survivors 

respectively, to give us a binary association analysis. 

DNA samples were also prepared from 396 buccal cell mouthwash samples of MM 

patients and their spousal controls, all having signed informed consent (BOAC Epi dataset). 

There are 143 patients matched with spousal controls. The rest, 104 MM patients, and 6 controls 

are non-matched samples. These samples are a part of an ongoing collection in the BOAC 

program. 

 

Genotyping 

All samples were genotyped in the laboratory of one of the authors (Van Ness) using the 

Affymetrix/Gene Chip Targeted Genotyping Platform (7). Genotyping was performed using the 

Affymetrix® Gene-Chip® Scanner 3000 Targeted Genotyping System (GCS 3000 TG System), 

which utilizes molecular inversion probes (11) to simultaneously identify many SNPs. There was 

a total of 3,404 SNPs genotyped, in 983 genes. 
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Statistical/Data mining Methods 

 

Fang et al. has recently proposed novel data mining algorithms for searching high-order 

SNP combinations that are associated with a disease phenotype (8). The algorithms were shown 

to be computationally more efficient and statistically more powerful than other approaches. The 

computational details will be reported elsewhere and will be available as a technical report (8). 

Briefly, methods for searching disease-associated SNP combinations are designed to address the 

following two key challenges:  

The first challenge is to handle the computational complexity of the combinatorial search. 

Specifically, given thousands of SNPs, there are exponentially increasing number of SNP 

combinations in the search space, i.e. millions of size-2 combinations, billions of size-3 

combinations, etc. To address the computational challenge, the proposed algorithm leverages the 

recent development on discriminative pattern mining (DPM) (12, 13), a data mining technique 

that searches for combinations of items (genotypes in our case) that occur with disproportionate 

frequency in one class versus another (i.e. short term survivors vs. long term survivors or in cases 

vs. controls). The better computational efficiency of DPM, over existing brute-force approaches 

such as multifactor dimensionality reduction MDR (14), comes from the systematic pruning of 

combinatorial search space based on the anti-monotonicity (14) of the objective function (i.e. chi-

square statistic). Finding all frequent item-sets in a database is difficult since it involves searching 

all possible item-sets (item combinations). Since a search for all possible combinations in a given 

power-set increases exponentially, there is a need to minimize the sets for an efficient search. 

Efficient search is possible using the anti-monotonicity property (13), which guarantees that for a 

frequent item-set, all its subsets are frequent and thus for an infrequent item-set, all its supersets 

must be infrequent. What this means in the case of searching for SNP combinations is that an 

item-set (in this case a pair of SNPs occurring together) is frequent because the SNPs are frequent 

and therefore it is possible to efficiently search for those combinations in a given dataset. 
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Frequency is user-defined and this measure also has an anti-monotonicity property. Mathematical 

calculations for the aforementioned frequency can be found in the methods report published 

separately (8). 

The second challenge is to improve the statistical power of high-order disease-associated 

SNP-combination mining. Specifically, due to a relatively low sample size, and a very large 

number of hypotheses tested (i.e. billions of size-3 SNP-combinations are tested given thousands 

of SNPs), discovered SNP combinations are not statistically significant after correcting for 

multiple hypothesis testing (i.e. via permutation test (13)). To address this statistical challenge, 

Fang et al. (8) further proposed to use known biological gene sets (i.e. pathways) as constraints in 

the search of SNP combinations. Specifically, the algorithm only allows the SNPs associated with 

at most one or two biological gene sets
 
(15) to combine with each other. A computational 

capability of the method allows SNP combinations to be searched within one pathway or gene 

sets, or between two pathways/gene sets. Such a constraint-based formulation can effectively 

reduce false positive SNP combinations as well as further improve the computational efficiency, 

as shown in (8).   

Among the discovered statistically significant SNP-combinations, it is specifically 

interesting to identify those combinations composed of SNPs with weak individual association 

with the phenotype, but strong association as a combination. For this purpose, Fang et al. (8) 

proposed to use a measure calculated as a difference between the chi-square statistic of the SNP-

combination and the best chi-square statistic from all the subsets of the SNP combinations, i.e. 

chi-square jump. These SNP combinations may indicate phenotype-associated interactions 

between the genes that the SNPs affect. We refer to this as p-value jump associations. 

 

 

 

 

 



 
 

50. 
 

Results: 

 

There are four separate analyses conducted for each of the two datasets represented in 

this study, S9321/E9486 investigating progression-free survival, and BOAC Epi mouthwash 

datasets for myeloma disease risk analysis: 1) univariate on all 3404 BOAC panel SNPs, 2) pair-

wise on all 3404 SNPs, 3) p-value jump on all 3404 SNPs and 4) a pathway-constraint analysis. 

All analyses were computed using a chi-square test. Significance was determined by a p-value of 

less than 0.05 and a false discovery rate (FDR) of less than 25%. The survival analyses were 

conducted by comparing long term (n=73) to short term survival (n=70) as outcomes. The BOAC 

Epi mouthwash dataset was analyzed by associating variations to a disease status (disease vs. no 

disease), thus investigating disease risk as an outcome. We compared cases (n=143) to their 

spousal controls (n=143), and in a separate analysis the same controls (n=143) to the non-spousal 

cases (n=104). 

Univariate analysis on all 3,404 genotyped SNPs in the survival dataset resulted in one 

significant SNP, rs2108622 in cytochrome P450, family 4, subfamily F, polypeptide 2, CYP4F2 

(p-value=0.00012) (Table 1). Direction of the effect was a higher frequency of the SNP in short 

term survivors, thus exhibiting a detrimental effect (minor allele frequencies of SNPs reported in 

tables). The survival pair-wise analysis did not result in any significant results that survived a 

permutation test.  

There are two significant pairs of SNPs in the p-value jump analysis on the survival 

dataset: rs225278 in protein tyrosine phosphatase, receptor type, B, PTPRB and rs1043424 in 

PTEN induced putative kinase 1, PINK1 (p-value=10
^-19

) and rs1520663 in dihydropyrimidine 

dehydrogenase, DPYD and rs2020911 in mutS homolog 6 (E. coli), MSH6 (p-value=10
^-19

) 

(Table 2).  

The survival dataset pathway-constraint analysis amounted to four significant pairs of 

SNPs: rs1549760 in cyclin-dependent kinase 5, CDK5 and rs2075685 in X-ray repair 



 
 

51. 
 

complementing defective repair in Chinese hamster cells 4, XRCC4 (p-value= 6*10
^-6

); rs3448 in 

glutathione peroxidase 1, GPX1 and rs673197 in glutathione S-transferase alpha 4, GSTA4 (p-

value= 4*10
^-6

); rs25406 in proliferating cell nuclear antigen, PCNA and rs610308 in protein 

phosphatase 1, regulatory (inhibitor) subunit 15A, PPP1R15A (p-value=1.9*10
^-5

); rs762623 in 

cyclin-dependent kinase inhibitor 1A (p21, Cip1), CDKN1A and rs2108622 in CYP4F2 (p-

value=1.7*10
^-5

). All SNP combinations seem detrimental, as they are more prevalent in short-

term vs. long-term survivors (Table 3).  

BOAC Epi mouthwash dataset univariate analysis comparing patients vs. age matched 

healthy controls resulted in two significant associations, rs1157745 in paraoxonase 1, PON1 and 

rs2410558 (intergenic), with p-values of 6.3*10
^-7

 and 6.6*10
^-8

 respectively (Table 4). Both 

SNPs seem to be protective, as they are more prevalent in the controls.  Pair-wise analysis on 

BOAC Epi analysis amounted to a pair of SNPs distinguishing cases from the controls: rs25648 

in vascular endothelial growth factor, VEGF and rs1157745 in PON1, p-value of 4.8*10
^-8

 (Table 

5). Significantly, this pair came out in both of the subsets analyzed, matched-cases vs. matched-

controls and non-matched cases vs. non-matched controls. A combination of these two SNPs 

seems protective, with a higher prevalence in the control subset.  

P-value jump analysis on BOAC Epi dataset resulted in two pairs of significant SNPs: 

rs1913263 in microsomal glutathione S-transferase 1, MGST1 and rs1801406 in breast cancer 2, 

early onset, BRCA2 (p-value=0.00013) and rs1881420 in anaplastic lymphoma receptor tyrosine 

kinase, ALK and rs2234962 in BCL2-associated athanogene 3, BAG3 (p-value=0.00001). The 

first pair of SNPs appears detrimental, while the second pair appears protective, according to their 

prevalence in cases vs. controls (Table 6).  

The pathway-constraint analysis also resulted in two significant pairs: rs2305948 in 

kinase insert domain receptor (a type III receptor tyrosine kinase), KDR and rs1157745 in PON1 

(p-value=0.000035) and rs2839686 in chemokine (C-X-C motif) ligand 12, CXCL12 and 

rs1157745 in PON1 (p-value=0.00001). The first pair appears detrimental, whereas the second 
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appears protective (Table 7). All the significant results survived a permutation analysis, and were 

corrected for multiple hypothesis testing by FDR, and are thus unlikely to have been associated 

with outcomes by chance occurrence only. Discriminative pattern mining from dense and high 

dimensional datasets is computationally challenging because existing techniques cannot 

effectively prune frequent non-discriminative patterns. By reusing the repeated computation in 

the permutation tests (8), FDR is reduced and the variations that rise above the random noise are 

not false positives. With the substantially improved efficiency, the novel algorithms are able to 

complete a thorough search of pair-wise SNP combinations, and identify those with significant p-

values and reduced FDR (8). 

 

Discussion: 

 

Since SNP association studies have become a useful and a common tool in studying 

genetic associations with outcomes in diseases of interest, researchers have been encountering a 

problem in a lack of robust computational methods that predict risk markers and eliminate the 

false positives, especially when sample sizes are small. The novelty in this study lies in the ability 

to look for high order associations, not only single alleles but also combinations of alleles 

resulting in gene-gene interaction models with relatively small sample sizes. We were able to 

build new data mining combinatorial search algorithms for finding SNP-SNP associations by 

analyzing the entire genotyped data set, and by constraining the dataset to smaller subsets that are 

constrained by pathway/gene sets, thus increasing the significance of the associations. The p-

value jump method further predicted SNP-SNP associations, resulting in more significant 

associations involving a pair vs. each SNP individually. 

 We have previously published a study involving the survival dataset analyzed in this 

manuscript. Using novel methods presented in this study, we were able to validate some of our 

results obtained by univariately ranking SNPs by Fisher‘s exact test (7). Validations on individual 
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cohorts require a repetition of clinical trials with similar treatments which is highly unlikely, as 

new treatments are rapidly emerging. Nevertheless, as we demonstrated here, building novel and 

more robust data mining and computational models will help eliminate false positives and 

validate previously published results. Notably in our analyses, we had linkage disequilibrium 

(LD) variants associating with outcomes with similar p-values, thus serving as an internal 

analysis control. All LD SNPs are expected to be associated in an analysis if one of the variants 

shows an association. Those SNPs we were able to validate using novel data mining approaches 

presented in this manuscript are as follows: rs1043424 in PINK1, rs2198622 in CYP4F2 and 

rs2069456 in CDK5 (rs1549760 in CDK5 significantly associated with survival in this study is in 

LD with rs2069456 previously associated with survival (7)). These genes are involved in cell 

cycle and apoptosis, drug metabolism, inflammation and immunity. PINK1 and CDK5 were 

univariately ranked in our previous publication (7), but shared increased significance when 

interacted with other SNPs. This is not surprising because heterogeneous diseases such as cancer 

are initiated and progress as a result of complex variation and gene interplay.  

The subjects in the survival clinical trial presented here were treated with a combination 

of drugs. It is important to consider differences in treatment protocols, as that may influce the 

association analysis and uncover variants distinguishing differential treatments. However, when 

multi-drug treatments are utilized, it is difficult to discern whether the associating polymorphic 

markers are involved in the metabolism of those drugs, and whether they impact the outcome. 

Relevant to the results in this study, reduced expression of MSH6, which along with a SNP in 

DPYD associated with short term survival, has been previously linked to a resistance to 

prednisone, a drug used in this clinical trial (16). Variants in DPYD have been linked to 5-

fluorouracil chemotherapeutic toxicity in cancer patients, and could be potentially linked to other 

drug-related toxicities (17-19). A study reported an association between the variants in double-

strand break DNA repair genes XRCC4 and XRCC5 and multiple myeloma (20). Another study 

demonstrated an association between an increased expression of XRCC4 and multiple myeloma 
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(21). An association with a variant from our analysis, rs2075685 in XRCC4 and myeloma has not 

been previously revealed. GSTA4 enzymes are involved in cellular defense against toxic, 

carcinogenic, and pharmacologically active electrophilic compounds, and have consistently 

appeared in our analyses associated with survival, in this and our previous study (7).  

Alexandrakis et al. have correlated pretreatment PCNA elevated expression with bone 

marrow microvessel density and plasma cell infiltration (22). A group identified polymorphisms 

in CDKN1A, among a couple of other genes, associated with severe mucositis in patients treated 

with a high dose of melphalan, one of the drugs utilized in the survival clinical trial presented 

here (23). A variant in CDKN1A in our analysis also associated with poor prognosis and shorter 

survival. Thus, plausible biological associations have been found in genes we have identified in 

this novel approach. 

In the BOAC Epi mouthwash dataset analysis, we investigated genetic variant 

associations with disease risk, using the same novel data mining approaches as in the survival 

analysis. Despite a very small dataset, a variant in PON1, a gene encoding paraoxonase 1 enzyme 

and involved in metabolism and response to exogenous chemicals, shows strong associations. It is 

now widely believed that interindividual differences in susceptibility to malignancy may be 

mediated in part through variability in the xenobiotic enzyme system. One group found a 

significant increase in incidences of a PON1 variant in myeloma cases compared with controls 

(24). There were a few genes in interaction with PON1 variant rs1157745 that associated with 

disease risk (data not published); we present only those results that were replicated in two subsets 

as described in Methods and Results. Vascular endothelial growth factor (VEGF) is involved in 

angiogenesis and associated with many different types of cancers (25-27), as well as with 

multiple myeloma. Down-regulation of VEGF signaling has been shown to inhibit myeloma cell 

growth (28). The FA/BRCA pathway has been implicated in melphalan resistance in multiple 

myeloma cells (29); we found an interaction between a SNP in BRCA2 and a SNP in MGST1 in 

the p-value jump analysis on BOAC Epi dataset, that together associate with risk. ALK, 
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anaplastic lymphoma kinase, has been shown to become induced upon treatment with arsenic 

trioxide in multiple myeloma cell lines and may serve an important role in apoptosis (30), but has 

also been shown to mediate lymphomagenesis and was suggested as a potential therapeutic target 

(31). Proteasome inhibitors are becoming effective drugs for the treatment of relapsed multiple 

myeloma and possibly some solid tumors. Bcl-2-associated athanogene 3 (BAG3) is a survival 

protein that has been shown to be stimulated during cell response to stressful conditions. Caspase-

dependent cleavage of BAG3 was shown to become induced by proteasome inhibitors and 

suggested to facilitate apoptosis in sensitive thyroid cancer cells (32). Co-expression of vascular 

endothelial growth factor receptor-2 (KDR) and CD133 was shown to characterize endothelial 

progenitor cells in myeloma, which are considered a pathogenic biomarker and a potential 

treatment target in myeloma (33). CXCL12 was also shown to be involved in the progression of 

myeloma. A study suggests a correlation between CXCL12 chemokine and bone marrow 

angiogenesis in patients with multiple myeloma (34). Thus, our computational approaches show 

plausible biomarkers associated with MM. Notably, the approaches we have taken are with small 

sample numbers. 

 

Conclusions 

 

We have successfully designed a novel method for investigating complex interplay 

among genetic variations and disease prognosis and risk. There is a large need for robust 

computational methods that are able to elucidate complex genetic interactions while decreasing a 

potential for false positive errors with limited datasets. As Figure 1 illustrates, results obtained 

from analyzing small sample sizes rarely reach significance (compare red line to black lines). In 

this case, p-value jump analysis resulted in two significant pairs of SNPs with high Jump, low p-

value and a low FDR, as reported in Table 6 (one of the pairs was captured twice in the reverse 

order, SNP1+SNP2, then SNP2+SNP1, which is why three pairs may be observed in Figure 1). 



 
 

56. 
 

Jump is a measure that shows a discriminative power of a pair of SNPs versus each SNP 

individually. Multiple hypothesis correction methods such as Bonferroni may be too 

conservative. We therefore used FDR as a false positive minimization method (Figure 1B). We 

were able to identify meaningful associations that rise above the random noise and survive 

permutation tests. When in lack of independent validation cohorts, permutation tests may be used 

as a tool for validation. This is especially significant when studying rare disease such as 

myeloma. 

We have successfully identified variations that associate with disease prognosis 

(progression free survival) and multiple myeloma risk, which may help elucidate initiation, 

progression and therapeutic value and complications, using novel combinatiorial search data 

mining methods. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 
 

57. 
 

References: 

1. Kyle RA, Rajkumar SV: Plasma cell disorders. In Cecil textbook of medicine 22
nd

 

edition. Edited by: Goldman L, Ausiello DA. Philadelphia: W.B. Saunders; 2004:1184-

1195. 

2. Venter JC, et al: The sequence of the human genome. Science. 2001, 291:1304-1351. 

3. Lander ES, from the International Human Genome Sequencing Consortium et al.: Initial 

sequencing and analysis of the human genome. Nature 2001, 409:860-921. 

4. International Human Genome Consortium: Finishing the euchromatic sequence of the 

human genome. Nature 2004, 431:931-945. 

5. Marchini J, Donnelly P, Cardon LR. Genome-wide strategies for detecting multiple 

loci that influence complex diseases. Nat Genet 2005; 37(4):413-7. 

6. http://myeloma.org/ArticlePage.action?articleId=2099 

7. Van Ness B, Ramos CR, Haznadar M, Hoering A, Haessler J, Crowley J, Jacobus S, 

Oken M, Rajkumar V, Greipp P, Barlogie B, Durie B, Katz M, Atluri G, Fang G, Gupta 

R, Steinbach M, Kumar V, Mushlin R, Johnson, D, Morgan G: Genomic variation in 

myeloma: design, content, and initial application of the Bank On A Cure SNP Panel 

to detect associations with progression-free survival. BMC Med 2008, 8:6:26. 

8. Fang G, Haznadar M, Wang W, Steinbach M, Van Ness B, Kumar V:  A 

Computationally Efficient and Statistically Powerful Framework for Searching 

High-order Epistasis with Systematic Pruning and Gene-set Constraints. Technical 

Report 013, Department of Computer Science, University of Minnesota, 2010. 

(submitted) 

9. Oken MM, Leong T, Lenhard RE, Greipp PR, Kay NE, Van Ness B, KeimowitzRM, 

Kyle RA: The addition of interferon or high dosecyclophosphamide to standard 

chemotherapy in the treatmentof patients with multiple myeloma: Phase III 

EasternCooperative Oncology Group Clinical Trial EST 9486. Cancer 1999, 

86(6):957-968. 

10. Barlogie B, Kyle RA, Anderson KC, Greipp PR, Lazarus HM, HurdDD, McCoy J, 

Moore DF Jr, Sakhil SR, Lanier KS, Chapman RA,Cromer JN, Salmon SE, Durie B, 

Crowley JC: Standard chemotherapycompared with high-dose chemoradiotherapy 

formultiple myeloma: final results of phase III US IntergroupTrial S9321. J Clin 

Oncol 2006, 24(6):929-936. 

11. Hardenbol P, Baner J, Jain M et al. Multiplexed genotyping with sequence-tagged  

molecular inversion probes. Nat Biotechnol 2003; 21(6):673-678. 



 
 

58. 
 

12. Fang G, Kuang R, Pandey G, Steinbach M, Myers CL, Kumar V. Subspace differential 

coexpression analysis: problem definition and a general approach. Pac Symp 

Biocomput. 2010, 145-56. 

13. Fang G,  Pandey G,  Gupta M, Steinbach M, Kumar V. Mining Low-support 

Discriminative Patterns from Dense and High-dimensional Data. Tech report; 

Department of Computer Science, University of Minnesota. 2009: 011. (Minor revision, 

IEEE Transactions on Data and Knowledge Engineering, 2010). 

14. Hahn LW, Ritchie MD, Moore JH. Multifactor dimensionality reduction software for 

detecting gene-gene and gene-environment interactions. Bioinformatics. 2003; 

12;19(3):376-82. 

15. The Molecular Signature Database http://www.broadinstitute.org/gsea/msigdb/index.jsp 

16. Yang JJ, Bhojwani D, Yang W, Cai X, Stocco G, Crews K, Wang J, Morrison D, Devidas 

M, Hunger SP, Willman CL, Raetz EA, Pui CH, Evans WE, Relling MV, Carroll WL. 

Genome-wide copy number profiling reveals molecular evolution from diagnosis to 

relapse in childhood acute lymphoblastic leukemia. Blood. 2008; 112:4178-83. 

17. Gross E, Busse B, Riemenschneider M, Neubauer S, Seck K, Klein HG, Kiechle M, 

Lordick F, Meindl A. Strong association of a common dihydropyrimidine 

dehydrogenase gene polymorphism with fluoropyrimidine-related toxicity in cancer 

patients. PLoS One. 2008; 3: e4003. 

18. Kleibl Z, Fidlerova J, Kleiblova P, Kormunda S, Bilek M, Bouskova K, Sevcik J, 

Novotny J. Influence of dihydropyrimidine dehydrogenase gene (DPYD) coding 

sequence variants on the development of fluoropyrimidine-related toxicity in 

patients with high-grade toxicity and patients with excellent tolerance of 

fluoropyrimidine-based chemotherapy. Neoplasma. 2009; 56:303-16. 

19. Ofverholm A, Arkblad E, Skrtic S, Albertsson P, Shubbar E, Enerbäck C. Two cases of 

5-fluorouracil toxicity linked with gene variants in the DPYD gene. Clin Biochem. 

2010; 43:331-4. 

20. Hayden PJ, Tewari P, Morris DW, Staines A, Crowley D, Nieters A, Becker N, de 

Sanjosé S, Foretova L, Maynadié M, Cocco PL, Boffetta P, Brennan P, Chanock SJ, 

Browne PV, Lawler M. Variation in DNA repair genes XRCC3, XRCC4, XRCC5 

and susceptibility to myeloma. Hum Mol Genet. 2007; 15;16: 3117-27. 

21. Roddam PL, Allan JM, Dring AM, Worrillow LJ, Davies FE, Morgan GJ. Non-

homologous end-joining gene profiling reveals distinct expression patterns 

associated with lymphoma and multiple myeloma. Br J Haematol. 2010; 149:258-62. 



 
 

59. 
 

22. Alexandrakis MG, Passam FH, Pappa CA, Dambaki C, Sfakiotaki G, Alegakis AK, 

Kyriakou DS, Stathopoulos E. Expression of proliferating cell nuclear antigen 

(PCNA) in multiple myeloma: its relationship to bone marrow microvessel density 

and other factors of disease activity. Int J Immunopathol Pharmacol. 2004; 17: 49-56. 

23. Dumontet C, Landi S, Reiman T, Perry T, Plesa A, Bellini I, Barale R, Pilarski LM, 

Troncy J, Tavtigian S, Gemignani F. Genetic polymorphisms associated with outcome 

in multiple myeloma patients receiving high-dose melphalan. Bone Marrow 

Transplant. 2009. [Epub ahead of print] 

24. Lincz LF, Kerridge I, Scorgie FE, Bailey M, Enno A, Spencer A. Xenobiotic gene 

polymorphisms and susceptibility to multiple myeloma. Haematologica. 2004; 

89:628-9. 

25. Liang J, Wang H, Xiao H, Li N, Cheng C, Zhao Y, Ma Y, Gao J, Bai R, Zheng H. 

Relationship and prognostic significance of SPARC and VEGF protein expression 

in colon cancer. J Exp Clin Cancer Res. 2010; 29(1):71. [Epub ahead of print] 

26. Zhou Y, Li G, Wu J, Zhang Z, Wu Z, Fan P, Hao T, Zhang X, Li M, Zhang F, Li Q, Lu 

B, Qiao L. Clinicopathological significance of E-cadherin, VEGF, and MMPs in 

gastric cancer. Tumour Biol. 2010 [Epub ahead of print] 

27. Donnem T, Al-Shibli K, Andersen S, Al-Saad S, Busund LT, Bremnes RM. 

Combination of low vascular endothelial growth factor A (VEGF-A)/VEGF 

receptor 2 expression and high lymphocyte infiltration is a strong and independent 

favorable prognostic factor in patients with nonsmall cell lung cancer. Cancer.  2010 

[Epub ahead of print] 

28. Zhang L, Hu Y, Sun CY, Li J, Guo T, Huang J, Chu ZB. Lentiviral shRNA silencing of 

BDNF inhibits in vivo multiple myeloma growth and angiogenesis via down-

regulated stroma-derived VEGF expression in the bone marrow milieu. Cancer Sci. 

2010; 101:1117-24. 

29. Chen Q, Van der Sluis PC, Boulware D, Hazlehurst LA, Dalton WS. The FA/BRCA 

pathway is involved in melphalan-induced DNA interstrand cross-link repair and 

accounts for melphalan resistance in multiple myeloma cells. Blood. 2005; 106:698-

705.  

30. Wang M, Liu S, Liu P. Gene expression profile of multiple myeloma cell line treated 

by arsenic trioxide. J Huazhong Univ Sci Technolog Med Sci. 2007; 27:646-9. 



 
 

60. 
 

31. Chiarle R, Simmons WJ, Cai H, Dhall G, Zamo A, Raz R, Karras JG, Levy DE, 

Inghirami G. Stat3 is required for ALK-mediated lymphomagenesis and provides a 

possible therapeutic target. Nat Med. 2005 Jun;11(6):623-9. Epub 2005 May 15.  

32. Du ZX, Meng X, Zhang HY, Guan Y, Wang HQ. Caspase-dependent cleavage of 

BAG3 in proteasome inhibitors-induced apoptosis in thyroid cancer cells. Biochem 

Biophys Res Commun. 2008; 369:894-8. 

33. Zhang H, Vakil V, Braunstein M, Smith EL, Maroney J, Chen L, Dai K, Berenson JR, 

Hussain MM, Klueppelberg U, Norin AJ, Akman HO, Ozçelik T, Batuman OA. 

Circulating endothelial progenitor cells in multiple myeloma: implications and 

significance. Blood.  2005; 105:3286-94. 

34. Martin SK, Diamond P, Williams SA, To LB, Peet DJ, Fujii N, Gronthos S, Harris AL, 

Zannettino AC. Hypoxia-inducible factor-2 is a novel regulator of aberrant CXCL12 

expression in multiple myeloma plasma cells. Haematologica. 2010; 95:776-84. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 
 

61. 
 

Table 1. Top SNPs in the progression-free survival analysis univariately ranked 

SNP ID Gene ID Function OR p-value MAF

rs2108622 CYP4F2 coding-nonsyn 3.6 0.00012 23.3%  

OR=odds ratio 

MAF=minor allele frequency 

 

 

Table 2. Top SNPs in the progression-free survival analysis computed by p-value jump 

 

 

 

OR=odds ratio 

MAF=minor allele frequency 

 

 

Table 3. Top SNPs in the progression-free survival analysis computed by pathway-

constraints 

 

 

 

 

 

OR=odds ratio 

MAF=minor allele frequency 

 

 

Table 4. Top SNPs in the disease risk analysis univariately ranked 

SNP ID Gene ID Function OR p-value MAF

rs1157745 PON1 intron 3.6 6.3*10^-7 36.4%

rs2410558 intergenic 2.4 6.6*10^-8 30.8%  

OR=odds ratio 

MAF=minor allele frequency 

 

SNP ID 1 SNP ID 2 Gene ID 1 Gene ID 2 Function 1 Function 2 p-value of jump MAF 1 MAF 2

rs2252784 rs1043424 PTPRB PINK1 coding-nonsyn coding-nonsyn 10^-19 23.3% 34.2%

rs1520663 rs2020911 DPYD MSH6 intron intron 10^-19 39.8% 39.2%

SNP ID 1 SNP ID 2 Gene ID 1 Gene ID 2 Function 1 Function 2 OR p-value MAF 1 MAF 2

rs1549760 rs2075685 CDK5 XRCC4 nearGene-5 nearGene-5 6.3 6*10^-6
21.2% 44.2%

rs3448 rs673197 GPX1 GSTA4 nearGene-5 intron 11.3 4*10^-6 30.0% 44.4%

rs25406 rs610308 PCNA PPP1R15A intron coding-nonsyn 9.9 1.9*10
^-5

40.8% 31.7%

rs762623 rs2108622 CDKN1A CYP4F2 nearGene-5 coding-nonsyn 4.4 1.7*10
^-5

13.6% 23.3%
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Table 5. Top SNPs in the disease risk analysis ranked by the pair-wise method 

 

 

OR=odds ratio 

MAF=minor allele frequency 

 

 

Table 6. Top SNPs in the disease risk analysis computed by p-value jump 

 

 

 

OR=odds ratio 

MAF=minor allele frequency 

 

 

Table 7. Top SNPs in the disease risk analysis computed by pathway-constraints 

 

 

 

OR=odds ratio 

MAF=minor allele frequency 

 

 

 

 

 

 

 

 

 

 

SNP ID 1 SNP ID 2 Gene ID 1 Gene ID 2 Function 1 Function 2 OR p-value MAF 1 MAF 2

rs25648 rs1157745 VEGF PON1 coding-syn intron 8.5 4.8*10
^-8

16.4% 36.4%

SNP ID 1 SNP ID 2 Gene ID 1 Gene ID 2 Function 1 Function 2 OR p-value of jump MAF 1 MAF 2

rs1913263 rs1801406 MGST1 BRCA2 nearGene-5 coding-syn 3 0.00013 11.1% 29.4%

rs1881420 rs2234962 ALK BAG3 coding-nonsyn coding-nonsyn 3.2 0.0003 25.4% 20.8%

SNP ID 1 SNP ID 2 Gene ID 1 Gene ID 2 Function 1 Function 2 OR p-value MAF 1 MAF 2

rs2305948 rs1157745 KDR PON1 coding-nonsyn intron 2.7 0.000035 6.7% 36.4%

rs2839686 rs1157745 CXCL12 PON1 nearGene-5 intron 4.1 0.00001 24.6% 36.4%
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Figure 1. P-value jump graphical illustration on BOAC Epi dataset. A) Red line represents 

pairs of SNPs ranked by their significance based on true class labels; black lines represent 100 

permutations of randomly assigned class labels. Y-axis represents Jump generated using chi-

square test, a measure that shows a discriminative power of a pair of SNPs vs. each SNP 

individually; formula: pair_chi2_jump = pair_chi2 - max(individual chi2) / max(individual chi2); 

X-axis, ranks, represents pairs of SNPs: two highest ranked SNPs (ranks 1 and 2) represent the 

two statistically significant SNPs shown in Table 6. One of the pairs was captured twice in a 

reverse order, which is why 3 significant pairs may be observed in the figure. B) False discovery 

rate (FDR), where a dip in the line to the far left represents low FDR in the two pairs of 

statistically significant SNPs; formula: pFDR (X) = (number of (random_jumps >= X) / N) / 

number of (real_jumps >= X); where N is number of random datasets (datasets with shuffled 

class labels, in this case N=100). pFDR on the Y-axis was computed using DiffSup, measure that 

represents a difference of the SNP pair's frequency in cases vs. controls. DiffSup ranges from 0 to 

1; 0 corresponds to a SNP pair equally present in both classes, while 1 corresponds to a SNP pair 

present in one class only. Higher DiffSup corresponds to a more significant result. C) p-values of 

each pair (Y-axis= -log10 p-value) computed using chi-square test. Low p-value in addition to a 

low pFDR and a high Jump represent significant pairs of SNPs that distinguish cases from 

controls. One may observe more significant p-values along the graph to the right; those SNP pairs 

are, however, statistically not significant due to a high pFDR and a low Jump. Detailed 

computational methods can be found in (8). 
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A previously published case-control study nested in the Prostate, Lung, Colorectal, and 

Ovarian Cancer Screening Trial found a significant relationship of serum levels of total NNAL 

(4-(methylnitrosamino)-1-(3-pyridyl)-1-butanol and its glucuronides) to prospective lung cancer 

risk. The present paper examines this relationship in the context of single-nucleotide 

polymorphisms (SNPs) in genes important in the metabolism of tobacco smoke carcinogens. 

DNA was extracted from the subjects‘ lymphocytes and analyzed for SNPs in 11 locations on 

four genes related to tobacco carcinogen metabolism. Logistic regressions on case-control status 

were used to estimate main effects of SNPs and biomarkers and their interactions adjusting for 

potential confounders. Of the 11 SNPs, only one, in CYP1B1, significantly interacted with total 

NNAL affecting risk for lung cancer. At low NNAL levels, the variant appeared protective. 

However, for those with the minor variant, the risk for lung cancer increased with increasing 

NNAL five times as rapidly compared to those without it, so that at high NNAL levels, this 

SNP‘s protection disappears. Analyzing only adenocarcinomas, the effect of the variant was even 

stronger, with the risk of cancer increasing six times as fast. A common polymorphism of 

CYP1B1 may play a role in the risk of NNK, a powerful lung carcinogen, in the development of 

lung cancer in smokers.   

Introduction: 

Among the multiple carcinogens in cigarette smoke, tobacco-specific nitrosamines such 

as 4-(methylnitrosamino)-1-(3-pyridyl)-1-butanone (NNK) and polycyclic aromatic hydrocarbons 

(PAH) are widely regarded as important causes of lung cancer, which kills an average of 3000 

people per day in the world [1-3]. NNK and PAH require metabolic activation to exert their 

carcinogenic effects through the formation of DNA adducts which can cause mutations in critical 

growth control genes, leading ultimately to genomic instability and lung cancer [4]. There are 

competing detoxification reactions which lead to harmless excretion of NNK and PAH 
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metabolites. Multiple cytochrome P450 enzymes and Phase II enzymes are involved in the 

metabolic activation and detoxification of NNK and PAH [5-7]. Single nucleotide polymorphisms 

(SNPs) in these enzymes could affect the balance of metabolic activation and detoxification in a 

given smoker, thus altering lung cancer risk upon exposure to NNK and PAH in cigarette smoke.  

Previously, we reported the first investigation of the relationship between lung cancer and 

biomarkers of NNK and PAH exposure, using a nested case control design embedded in the 

National Cancer Institute-sponsored Prostate, Lung, Colorectal, and Ovarian (PLCO) Cancer 

Screening Trial [8]. We found that serum levels of 4-(methylnitrosamino)-1-(3-pyridyl)-1-butanol 

and its glucuronides (total NNAL), an established biomarker of NNK exposure [4], were 

significantly related to lung cancer risk in smokers. In the same study, we also examined the 

relationship to lung cancer risk of r-1,t-2,3,c-4-tetrahydroxy-1,2,3,4-tetrahydrophenanthrene 

(PheT), a metabolite of the PAH phenanthrene [9,10], but found no significant effect. 

In the study reported here, we have examined the joint effects of SNPs in several 

enzymes involved in carcinogen metabolism and the biomarkers total NNAL and PheT as risk 

factors for lung cancer in the PLCO study. We report an unexpectedly strong effect of a CYP1B1 

polymorphism interacting with total NNAL to affect lung cancer risk. 

Materials and Methods: 

Parent study 

The PLCO is an NCI-funded multi-center, randomized, prospective trial of screening for 

cancers of the prostate, lung, colorectum and ovaries that began in 1993 and is projected to end in 

2011 [11]. The screening in the trial includes 77,468 men and women, of whom approximately 

25,000 are current or former smokers. In addition to annually screening participants and carefully 

abstracting cancers from medical records, the PLCO has prospectively collected extensive 

information from study participants, including smoking history, family history of cancer, and 
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demographic information collected at randomization; and it maintains a bio-repository of blood 

samples drawn over six annual screening visits starting in 1993. The PLCO trial made available 

its prospectively collected blood samples from the first screening visit and its extensive baseline 

and clinical data, thus providing for the direct calculation of lung cancer risks in the groups with 

different baseline levels of biomarkers. In addition, in the PLCO screening cohort nearly all cases 

of lung cancer had been screened at least once and so the variability in diagnostic lead times and 

the potential confounding that variability can produce in unscreened or partially screened cohorts 

was substantially reduced. At the time our study was initiated, over 800 lung cancer cases had 

been diagnosed in the screening arm of the PLCO. We randomly selected cases and controls from 

subjects who reported currently smoking at least 10 cigarettes per day on the baseline 

questionnaire filled out at the time of randomization. 

The PLCO was approved by the institutional review boards of each participating 

institution, and all subjects signed consents permitting the research represented here. 

Case-control Study 

We used a nested case-control approach wherein the source cohort consisted of PLCO 

participants who at randomization filled out a baseline questionnaire indicating they were free of 

cancer and currently smoking at least 10 cigarettes per day, and who contributed adequate blood 

samples to the biorepository. Cases were those smokers subsequently diagnosed with lung cancer 

and controls were those smokers with no diagnosis of lung cancer before the cut-off date (August 

17, 2007). From this cohort, we randomly selected 100 incident lung cancer cases and 100 

controls and obtained their demographic and other baseline data from the PLCO database, as well 

as serum samples adequate to measure total cotinine, total NNAL, and PheT. The intent was to 

determine whether or not biomarker levels in lung cancer subjects differ from those in non-lung 

cancer subjects. We hypothesized that higher levels of tobacco carcinogens and their specific 
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metabolites among long-term current smokers predispose them to higher risks of developing lung 

cancer. We did not match on any characteristics, choosing to control for age, sex, family history, 

and smoking exposure by post-adjustment; this avoided over-matching and allowed us to examine 

the risks associated with these factors in comparison to those for the biomarkers [12]. Since all 

subjects were current smokers at baseline, no adjustment for time since quitting was necessary. 

Choice of SNPs 

The original protocol called for four non-synonymous SNPs to be analyzed (Table 1, 

asterisked SNPs). These SNPs were selected because they a) could be related to the metabolism 

of tobacco smoke carcinogens [10], b) had reported allele frequencies that afforded at least 80% 

power to detect an odds ratio (OR) of 1.5, and c) were on a custom BOAC SNP chip panel for the 

Affymetrix/Gene Chip Targeted Genotyping Platform [13] developed at the University of 

Minnesota by two of the authors [13]. After the study was approved by the PLCO, these four 

SNPs were augmented with seven additional common non-synonymous SNPs considered 

potentially important in carcinogen metabolism, based on the literature [10] but not appearing on 

the BOAC chip (Table 1). We genotyped coding-nonsynonymous SNPs in other genes involved 

in tobacco smoke carcinogen metabolism (CYP1A1, CYP2A13, CYP2A6). However, genotyping 

of those SNPs resulted in distributions which could not be analyzed (i.e., all homozygous major 

calls), and therefore are not included. 

Tissue Samples from the PLCO Biorepository 

For the first screening visit in the PLCO study, participants were asked to provide blood 

samples adequate for 10 ml of serum, 4 ml of plasma, 2 ml of red blood cells, and 2 ml of ―buffy 

coat‖ (lymphocytes). These samples were stored at the central biorepository facility in Frederick, 

Maryland.  
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Laboratory Methods  

Serum Biomarkers 

The methods for assaying total NNAL and PheT in blood samples have been previously 

published [14]. Total cotinine (free cotinine plus cotinine N-glucuronide) concentration in serum 

was quantified by gas chromatography-mass spectrometry. The method was similar to that used 

previously to analyze urinary cotinine [15].  

DNA Extraction 

For some of the subjects, DNA was already isolated and provided by the PLCO. For the 

remainder, lymphocytes were requested and DNA extracted using Qiagen FlexiGene DNA kit 

(250) from buffy coat preparations provided by the PLCO.   

Genetic Analysis  

A directed, custom SNP chip design was developed at the University of Minnesota, and 

contains functionally relevant polymorphisms playing a role in normal and abnormal cellular 

functions, inflammation and immunity, and drug responses.  The design, quality controls, and 

platform have been described [13]. While the full SNP panel consists of 3,404 SNPs in ~1,000 

genes, in this study we focused initially only on 4 SNPs related to carcinogen metabolism. 

Further analysis of the total SNP pool will be reported elsewhere. Genotyping was performed 

using the Affymetrix® Gene-Chip® Scanner 3000 Targeted Genotyping System (GCS 3000 TG 

System), which utilizes molecular inversion probes [16] to simultaneously identify many SNPs. 

In order to add coverage of relevant metabolic genes and SNPs, we selected an additional 

7 SNPs from genes involved in NNK and phenanthrene metabolism (SNPs with frequencies in 

the controls too low to allow analysis are excluded). The genotyping was performed at the 

Genotyping Facility, part of the BioMedical Genomics Center, at the University of Minnesota, 
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using the Sequenom platform. Among all assays, 14% of the samples were repeated, with an 

average repeatability of 99.8% concordance in SNP calls. 

HPLC of H3-NNK Incubated Lymphoblastoid Cell Lines 

Lymphoblastoid cell lines obtained from the Coriell Cell Repositories were established 

by Epstein-Barr Virus transformation of peripheral blood mononuclear cells using 

phytohemagluttinin as a mitogen. Six cell lines were selected based on their genotypes of 

CYP1B1N453S in order to investigate the variation‘s impact on the metabolism of NNK and 

NNAL, if any. Two cell lines of each genotype (for a total of six cell lines) were analyzed. Due to 

the missing information on the kinetics and the involvement of CYP1B1 in NNK/NNAL 

metabolism, two different NNK concentrations (low=0.092 μM and high=100.1 μM) and two 

different incubation times (2 hrs and 6 hrs) were selected. Cells were incubated in a sodium 

bicarbonate assay buffer (pH 7.4). The NNK metabolic activity was determined by radioflow 

HPLC. The HPLC column used was a Phenomenex Gemini C18 column (5 μm, 250 x 4.60 mm) 

eluted with a gradient from 100% A [20 mM sodium phosphate (pH 7) containing 1mM sodium 

EDTA] to 70% A over 30 min, and then to 50% A in 10 min; B was 100% acetonitrile. The 

eluant flow rate was 0.5 ml/min, scintillant [Monoflow, National Scientific, Rockwood, TN]. The 

[5-
3
H] NNK was purchased from Moravek, Brea, CA (specific activity of 21.7 Ci/mmol). The 

standard metabolites were detected by UV absorbance at 254 nm. Cell metabolism was stopped 

with 300 μL of 100% acetonitrile, and samples were reconstituted with deionized water before 

injection onto the HPLC column. 

Statistical Methods  

The sample size for the original case-control study of biomarkers was determined to 

provide 80% power with 5% type I error rate to detect an OR of 1.5 for 1 standard-deviation 
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difference in serum biomarker level. Similar power and type I error for that OR are obtained for a 

SNP that occurs in at least 45% of the population; for lower frequencies, the power is smaller.  

Standard descriptive analyses were conducted on all continuous and discrete variables. 

The logistic regression on case-control status from the previous analysis - originally based on a 

hypothesized causal diagram and adjusting the biomarker effects for potential confounders [17] 

and for associated covariates to improve power - was modified to include the SNP data for this 

analysis. The original regression included sex, age at randomization, family history of lung 

cancer, cotinine, total NNAL, PheT, and years of cigarette smoking. Untransformed biomarker 

measurements were used in the regression, as the distributions were reasonably symmetric. We 

augmented this regression by including each SNP and its interaction with total NNAL (separate 

regressions with each SNP and its interaction with PheT were also performed, but are not 

presented here as none of them were significant). Parameter estimates and corresponding odds 

ratios with 95% Wald confidence limits were estimated and intervals excluding 1 were 

considered statistically significant. Joint significance of both main effect and interaction 

parameters were tested using the likelihood ratio test. Graphic display of interaction effects were 

computed as smoothed averages of case/control status indicators across values of log total NNAL 

by genotype subgroups to compare visually non-parametrically estimated dose-response curves. 

Further exploratory regressions were done using the same dataset on histological subtypes of the 

lung cancers. All computations were done in SAS v. 9.1 (SAS Institute, Inc., Cary, NC, USA) for 

Windows XP OS (Microsoft, Inc., Redmond, WA, USA). 

Results: 

Table 2 gives the distributions by case/control status and tests of significance for 

categorical variables, including age, sex, race/ethnicity, education, marital status, occupation, 

family history of lung cancer, the usual number of cigarettes smoked per day and the frequency of 
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the genotypes for each of the eleven SNPs and Table 3 gives descriptive statistics by case/control 

status and tests of significance for continuous variables, including duration of smoking and 

measured serum levels of total cotinine and total NNAL and PheT. Only age (p = 0.0039), years 

of smoking (p < 0.0001), and serum level of total NNAL (p = 0.0084) were statistically 

significantly associated with lung cancer risk. Although not to a statistically significant degree, 

total cotinine and PheT differed in the direction expected between cases and controls (Table 3). 

None of the selected SNPs showed significant, independent association with case/control status.  

When we estimated the association of CYP1N543S and lung cancer risk, and the SNP‘s 

interaction with total NNAL, while adjusting for PheT, total cotinine and potential confounders, 

the interaction effect was statistically significant in the logistic regression (OR = 1.020, 95% 

confidence interval = 1.002, 1.038) (Table 4a); this indicated that the SNP modifies the effect of 

NNAL on risk of lung cancer. At lower levels of NNAL the SNP appeared to be protective, 

although there was no significant difference between the risk of those with the SNP and those 

without it at an average NNAL exposure. This is because the protective effect diminishes as 

NNAL levels approach the mean and disappears altogether by the time the NNAL level reaches 

its average. The test of the joint effect of the main and interaction effects for CYP1B1N453S was 

marginally significant (
2

2  = 5.888, p = 0.0527).  

In prior analyses without the SNP data [8], we estimated that each standard deviation (40 

fmol/ml) increase in total NNAL is associated with an approximate 57% increase in lung cancer 

risk (95% CI: 8%, 128%). The regression that includes the CYP1B1N453S interaction indicates 

that subjects with at least one minor variant allele exhibit a different effect of NNAL on risk from 

that among those with both major alleles. For those with the minor allele, each standard deviation 

increase in NNAL increases lung cancer risk by 170%, more than three times the originally 

estimated effect. For those without a minor allele, the estimated increase in risk associated with a 

standard deviation increase in NNAL is 22%, about an eighth the increase in the minor allele 
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group. Because the frequency of the minor allele is about 1/3, the overall rate of increase averages 

to the 57% shown in the previous paper [8]. 

The graph in Figure 1 estimates the trend for the unadjusted relationship between log 

total NNAL concentration and case/control status for subjects with at least on minor allele at 

CYP1B1N453S (black points and line) and for those without (red points and line). These trends 

are estimated non-parametrically by a weighted moving average between the cases, plotted on the 

vertical axis at y = 1, and the controls, plotted at y = 0. This graph is consistent with the logistic 

regression results and clearly shows a lower risk at the lower levels of NNAL and approximately 

the same risk at average and higher levels. Notably, CYP1N453S minor allele shows a cluster of 

cases at high NNAL levels (black dots). The SNP shows protection at low NNAL levels, whereas 

the protection decreases with increasing NNAL levels. We cannot determine with statistical 

significance whether the protection becomes completely lost at high NNAL levels. 

To further investigate the effect of the CYP1B1N453S, the cancers were grouped into 

adenocarcinomas (N = 59) vs. non-adenocarcinomas (N = 41) and analyzed separately. The main 

effect of CYP1B1N453S and its interaction effect with total NNAL (Table 4b) were jointly 

statistically significant (
2

2 = 9.068, p = 0.0107) for the adenocarcinoma group and both of higher 

magnitude than the effects including all lung cancers (OR = 0.415, 95% confidence interval = 

0.157, 1.098; and OR = 1.031, 95% confidence interval = 1.006, 1.056, respectively). The main 

and interaction effects were not statistically significant for non-adenocarcinomas as a group. 

In the logistic regressions for the other 10 SNP (not shown) neither the main nor the 

interaction effects were significant. 

In order to understand the potential effect of the SNP on total NNAL levels themselves, 

we calculated means, standard deviations, and ranges for total NNAL levels by case/control and 

CYP1B1N453S status (Table 5). Note that for homozygous major alleles, the total serum NNAL 
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level for cases is only 2.5 fmol/ml higher than for controls, but those cases carrying at least one 

minor allele of CYP1B1N453S had a total serum NNAL level 42.5 fmol higher than the controls. 

This result is highly statistically significant, and consistent with the findings of the logistic 

regression. This reflects the greater impact of NNAL on lung cancer risk among those with the 

minor allele of CYP1B1. Notably, when this analysis is narrowed to the adencarcinoma cases, the 

impact of carrying a minor allele becomes even stronger, and the total serum NNAL level is 52.4 

fmol/ml higher for cases than for controls. 

CYP1B1 has never been shown to have an enzymatic activity in the metabolism of 

NNAL and until now its involvement in this pathway had never been tested. Coriell 

lymphoblastoid cell lines have CYP1B1 activity (http://hapmap.ncbi.nlm.nih.gov/) and the 

naturally occurring variants of CYP1B1N453S in selected cell lines provided a testable in vitro 

model for potential differences in NNK metabolism. Six Coriell lines, two of each of the three 

different genotypes in CYP1B1N453S, were tested for differences in the metabolism of NNK. 

While metabolism of NNK to NNAL was observed in all six lines, no significant differences were 

detected in the conversion, and no other metabolites were observed (information available on 

request from the corresponding authors). This suggests the interaction of CYP1B1N453S variants 

with levels of NNAL is not through a direct involvement of this CYP activity on NNK/NNAL 

metabolism. 

Discussion: 

Most lung cancers derive from cigarette tobacco smoke, which accounts for as much as 

90% of all lung cancer cases in the US [18,19]. NNK is a powerful lung carcinogen associated 

with tobacco smoke, and total serum NNAL is a biomarker of its exposure that has been shown to 

be significantly associated with lung cancer risk [8]. In the present study, we found that the 

CYP1B1N453S has an interaction effect on the relation between total NNAL and lung cancer risk 
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in addition to a main effect on risk. It is notable that the SNP would not have been identified had 

we looked first for a main effect alone. The main effect is statistically significant only in the 

presence of the interaction term. Further strengthening the result is the fact that the effect 

increases when the analysis is limited to adenocarcinomas, the histological subtype of lung cancer 

caused by NNK in laboratory animals, and the most common type of lung cancer in the U.S. This 

would not likely have been observed if the initial observation was a chance occurrence.  

The involvement of CYP1B1 has not been previously implicated in NNK or NNAL 

metabolism. We considered the possibility that CYP1B1 has a direct involvement in the 

metabolism of NNK, but found no evidence for this. However, CYP1B1 could have an influence 

on the NNAL pathway by affecting transcription of CYP1A1, whose role in the metabolic 

activation of total NNAL has been previously described, even though its catalytic efficiency is 

not very great [5,20].  

Transcription of both P450 family members CYP1A1 and CYP1B1 is induced upon 

activation of the aryl hydrocarbon receptor (AhR) pathway [21]. AhR is a cytosolic transcription 

factor that is normally inactive and bound to several co-chaperones. Following exposure to 

endogenous and exogenous chemicals, AhR acts as a ligand-activated receptor and transcription 

factor, activating the transcription of xenobiotic-metabolizing enzymes such as CYP1A1 and 

CYP1B1 as well as other genes [22-24]. There could be a signaling loop mechanism in which 

CYP1B1 can also act as a ligand and mediate the AhR signaling pathway, either in an activating 

or a suppressing fashion.  

If the SNP implicated in this study, CYP1B1N453S, has a functional significance on the 

protein levels of CYP1B1 such that it downregulates or abrogates them, then this would be 

expected to enhance AhR activation.  Significantly, one study did show that inhibition of 

CYP1B1 is linked to enhanced AhR activation [25]. Consequently, enhanced AhR activation 
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leads to an enhanced transcription of CYP1A1. In fact, a recent study showed that 

CYP1B1N453S has a functional impact on the protein such that the protein displays lower 

intracellular levels and is degraded more rapidly than all other CYP1B1 variants tested in the 

study [26]. It is not clear what structural alterations are responsible for the increased rate of 

CYP1B1 degradation caused by the codon change Asn453SSer. This residue is located in the 

large meander region between the K- and L- helix and probably highly accessible to proteases. 

This so-called meander region is situated in the COOH terminal half of CYP1B1, important in the 

heme-binding and proper folding of the molecule. Moreover, it is interesting to note that the 

regions in which the putative non-synonymous SNPs reside in CYP1B1 are not highly conserved 

in mammals with the exception of the SNP at codon 453 [27]. Two different groups reported a 2-

fold reduction in the cellular level of the protein containing this polymorphism, and a 

significantly reduced enzyme half-life [27,28]. It is therefore well established that this variation 

has a functional consequence on the protein cellular levels, its folding and stability. Due to 

CYP1B1‘s involvement in the metabolism of carcinogens, and the SNPs residence in a conserved 

region of the gene, it is not surprising that this SNP is emerging as an important player in 

carcinogenesis. Therefore, CYP1B1N453S connection to CYP1A1 and its consequent indirect 

involvement in the NNK/NNAL metabolism is a possible explanation for our findings (Figure 2). 

AhR mediated induction of CYP1 enzymes can lead to many cancer-related processes including 

genotoxicity, mutation and tumor initiation [29]. 

This indirect impact of CYP1B1 on NNK metabolism through CYP1A1 could involve 

other pathways that we are not aware of due to the complexity of tobacco smoke carcinogenesis. 

A relationship between CYP1 inducibility and cancer has been previously shown [30]. A group of 

researchers demonstrated an association between CYP1 inducibility and bronchogenic carcinoma 

[31]. Furthermore, in the context of hepatoma cells or in vitro studies, CYP1A1 is a primary 

determinant of the metabolism of benzo[a]pyrene, a PAH likely involved in tobacco-induced lung 
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cancer [32]. Thus, CYP1A1‘s link to lung cancer has been proposed in many previous studies, 

although the possible relationship of our observations to CYP1A1 inducibility remains 

speculative. 

As presented in this paper, we found an even stronger effect of CYP1B1N453S in a 

smaller adenocarcinoma group. A study by Chang et al. [33] found expression of AhR and 

CYP1B1 to be associated regardless of smoking status and AhR overexpression to up-regulate the 

expression of CYP1B1 in the early stage of lung adenocarcinoma. This finding may strengthen 

the results of our study. Therefore, the effect of the CYP1B1N453S we observed might be 

predicted—lower levels of CYB1B1 protein results in increased activation of AhR, which in turn 

increases CYP1A1 activity (Figure 2). Based on our analysis of HapMap variants we do not 

believe CYP1B1 to be directly involved in the metabolism of NNAL, although further functional 

studies on CYP1B1‘s involvement in NNAL and NNK metabolism are needed. Phenanthrene and 

other PAHs are substrates for CYP1B1 and CYP1A1 [32,34]. We did not observe an association 

between PheT levels and lung cancer, nor was there any interaction with CYP1B1 

polymorphisms. This somewhat unexpected result may be due to the relatively small size of our 

study, and to the fact that phenanthrene, in contrast to NNK, is not tobacco-specific. Thus, 

substantial amounts of serum PheT are due to phenanthrene exposure from diet or general 

environment.  

The study is limited by its small size, which required a focus on just a few SNPs, rather 

than on a broad array of polymorphisms. We chose a subset of the eleven most likely candidates 

for study, and found evidence that one of those SNPs may segregate the population by the risk 

conferred by NNAL exposure as well as by the underlying risk itself. The evidence of a strong 

interaction between total serum NNAL and the CYP1B1N453S SNP from this study was 

unexpected and, as yet, is not fully explained. If confirmed by appropriate additional molecular 
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and epidemiologic studies, this outcome constitutes an important step in understanding how 

exposure to cigarette smoke leads to inter-individual variation in risk of lung cancer. 
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Table 1.  A list of analyzed single nucleotide polymorphisms with detailed descriptions. 

SNP ID 
dbSNP 

allele 
HUGO gene name Function Amino acid change Position 

rs1056836a C/G CYP1B1 coding-nonsyn Leu432Val g.10122C>G 

rs1051740a C/T EPHX1 coding-nonsyn Tyr113His g.26837T>C 

rs947894a A/G GSTP1 coding-nonsyn Ile105Val g.6624A>G 

rs1799811a C/T GSTP1 coding-nonsyn Ala114Val g.7514C>T 

rs10012 C/G CYP1B1 coding-nonsyn Arg48Gly g.5935C>G 

rs1056827 G/T CYP1B1 coding-nonsyn Ala119Ser g.6148G>T 

rs1800440 A/G CYP1B1 coding-nonsyn Asn453Ser g.10186A>G 

rs2234922 A/G EPHX1 coding-nonsyn His139Arg g.33610A>G 

rs744177 C/T NA intergenic NA g.33523236C>T 

rs1105879 G/T UGT1A6 coding-nonsyn Arg184Ser g.108813A>C 

rs6759892  G/T UGT1A6 coding-nonsyn Ser7Ala g.108280T>G 

 
 
a
Four SNPs identified in the original protocol. 
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Table 2.  Comparing the age, sex, race/ethnicity, education, marital status, occupational status, 

family history of lung cancer, cigarettes per day and SNP calls of cases and controls.  

VARIABLES 
Controls 

N=100 

Cases 

N=100 
P OR

a
 (95% CI)

b
 

Age at Randomization   0.0039  

 <59 years 51 (51%) 28 (28%)  reference 

 60-64 years 26 (26%) 27 (27%)  1.891 (0.931,3.843) 

 65-69 years 18 (18%) 36 (36%)  3.642 (1.756,7.557) 

 >70years   5 (5%)   9 (9%)  3.278 (1.001,10.738) 

Sex   0.2913  

 Women 36 (36%) 29 (29%)  reference 

 Men 64 (64%) 71 (71%)  1.377 (0.760,2.495) 

Race/Ethnicity   0.0958  

 White, non-Hispanic 93 (93%) 84 (84%)  reference 

 Black, non-Hispanic   4 (4%) 13 (13%)  3.598 (1.129,11.465) 

 Other   3 (3%)   3 (3%)  1.107 (0.218,5.635) 

Education   0.5518  

 Less than 12 years 10 (10%) 15 (15%)  1.345 (0.515,3.510) 

 12 yrs or completed high school 26 (26%) 29 (29%)  reference 

 Post-high-school training other 

 than college 

16 (16%) 10 (10%)  0.560 (0.216,1.450) 

 Some college 20 (20%) 24 (24%)  1.076 (0.486,2.383) 

 College graduate 19 (19%) 13 (13%)  0.613 (0.254,1.482) 

Post-graduate training 9 (9%) 9 (9%)  0.897 (0.309,2.600) 

Marital Status   0.8507  

 Married or living as married 75 (75%) 69 (69%)  reference 

 Widowed 10 (10%) 10 (10%)  1.087 (0.427,2.770) 

 Divorced 11 (11%) 16 (16%)  1.581 (0.686,3.642) 

 Separated   2 (2%)   2 (2%)  1.087 (0.149,7.928) 

Never married   2 (2%)   3 (3%)  1.630 (0.264,10.051) 

Occupation   0.7811  

 Homemaker   6 (6%)   5 (5%)  reference 

 Working 44 (44%) 36 (36%)  0.982 (0.277,3.482) 

 Unemployed   3 (3%)   2 (2%)  0.800 (0.093,6.848) 

 Retired 39 (39%) 49 (49%)  1.508 (0.428,5.311) 

 Disabled   4 (4%)   5 (5%)  1.500 (0.255,8.817) 

 Other/not answered   4 (4%)   3 (3%)  0.900 (0.133,6.080) 

Family History of Lung Cancer   0.1456  

 No 94 (94%) 88 (88%)  reference 

 Yes   6 (6%) 12 (12%)  2.136 (0.769,5.937) 

Cigarettes per Day   0.0576  

 11-20 48 (48%) 49 (49%)  reference 

 21-30 37 (37%) 23 (23%)  0.609 (0.316,1.173) 

 31-40 13 (13%) 21 (21%)  1.582 (0.712,3.515) 

 41 +   2 (2%)   7 (7%)  3.429 (0.678,17.344) 
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Table 2. continued     

VARIABLES 
Controls 

N=100 

Cases 

N=100 
P OR

a
 (95% CI)

b
 

RS1056836   0.3600  

 CC 36 (36%) 26 (26%)  reference 

 CG 42 (42%) 43 (43%)  1.418 (0.733,2.742) 

 GG 21 (21%) 30 (30%)  1.978 (0.933,4.196) 

 No sample    1 (1%)   1 (1%)  1.385 (0.083,23.168) 

RS1051740   0.7286  

 TT 45 (45%) 53 (53%)  reference 

 CT 45 (45%) 38 (38 %)  0.717 (0.399,1.289) 

 CC   9  (9%)   8 (8%)  0.755(0.269,2.118) 

 No sample    1 (1%)   1 (1%)  0.849(0.052,13.964) 

RS947894   0.5424  

 AA 30 (30%) 36 (36 %)  reference 

 AG 45 (45%) 33 (33%)  0.611 (0.316,1.183) 

 GG   9 (9%) 12 (12 %)  1.111 (0.413,2.993) 

 No call 15 (15%) 18 (18%)  1.000 (0.432,2.315) 

 No sample    1 (1%)   1 (1%)  0.833 (0.050,13.895) 

RS1799811   0.9774  

 CC 87 (87%) 86 (86%)  reference 

 CT 12 (12%) 13 (13%)  1.096 (0.474,2.537) 

 No sample    1 (1%)   1 (1%)  1.012 (0.062,16.434) 

RS10012   0.2343  

 CC 51 (51%) 52 (52%)  reference 

 CG 32 (32%) 37 (37%)  1.134 (0.616,2.089) 

 GG 15 (15%)   6 (6%)  0.392 (0.141,1.091) 

 No call   1 (1%)   2 (2%)  1.962(0.173,22.311) 

 No sample    1 (1%)   3 (3%)  2.942 (0.296,29.227) 

RS1056827   0.0826  

 GG 49 (49%) 51 (51%)  reference 

 GT 35 (35%) 39 (39%)  1.071 (0.587,1.954) 

 TT 15 (15%)   5 (5%)  0.320(0.108,0.948) 

 No call   0 (0%)   2 (2%)   

 No sample    1 (1%)   3 (3%)  2.882 (0.290,28.660) 

RS1800440   0.4877  

 AA 65 (65%) 70 (70%)  reference 

 GA 26 (26%) 23 (23%)  0.821 (0.427,1.581) 

 GG   5 (5%)   1 (1%)  0.186 (0.021,1.632) 

 No call   2 (2%)   3 (3%)  1.393 (0.226,8.603) 

 No sample    2 (1%)   3 (3%)  1.393(0.226,8.603) 

RS2234922   0.1036  

 AA 62 (62%) 47 (47%)  reference 

 GA 32 (32%) 45 (45%)  1.855 (1.027,3.349) 

 GG   5 (5%)   4 (4%)  1.055 (0.269,4.146) 

 No sample    1 (1%)   4 (4%)  5.277 (0.571,48.771) 

 



 
 

87. 
 

 

 

 

 

 

 

 

 

 

 

 

 

a
OR = odds ratio 

b
(95% CI) = 95% confidence interval, given as (lower limit, upper limit) 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2. continued     

VARIABLES 
Controls 

N=100 

Cases 

N=100 
P OR

a
 (95% CI)

b
 

RS744177   0.4530  

 GG 25 (25%) 32 (32%)  reference 

 AG 46 (46%) 48 (48%)  0.815 (0.421, 1.579) 

 AA 28 (28%) 19 (19%)  0.530 (0.242, 1.160) 

 No call   0 (0%)   0 (0%)   

 No sample    1 (1%)   1 (1%)  0.781 (0.047,13.117) 

RS6759892   0.6673  

 TT 34 (34%) 31 (31%)  reference 

 GT 49 (49%) 45 (45%)  1.007 (0.535, 1.897) 

 GG 16 (16%) 23 (23%)  1.577 (0.707, 3.518) 

 No call   0 (0%)   0 (0%)   

 No sample    1 (0%)   1 (1%)  1.097 (0.066,18.294) 

RS1105879   0.9689  

 TT 36 (36%) 39 (39%)  reference 

 GT 38 (38%) 34 (34%)  0.826 (0.432, 1.578) 

 GG 14 (14%) 13 (13%)  0.857 (0.355, 2.067) 

 No call 11(11%) 13 (13%)  1.091 (0.434, 2.743) 

 No sample   1 (1%)   1 (1%)  0.923 (0.056,15.311) 
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Table 3.  Comparing cases and controls on serum levels of cotinine, NNAL, PheT, and years of 

smoking. 

VARIABLES 

Controls 

N=100 

Cases 

N=100 

Difference 

(controls-cases) P  

Mean + SD
a 

Mean + SD Mean + SE
b 

Years of Cigarette Smoking  41.6 + 7.2 45.4 + 6.5 -3.9 + 1.0 0.0001 

     

Cotinine (ng/ml) 217 + 111 227 + 93 -10 + 15 0.4681 

     

Total NNAL
c
 (fmol/ml) 77.4 + 39.3 92.4 + 40.7 -15.0 + 5.7 0.0084 

     

PheT
d
 (fmol/ml) 76.3 + 66.8 92.5 + 107.6 -16.1 + 12.7 0.2039 

 

aSD = standard deviation 

bSE = standard error 

cNNAL = 4-(methylnitrosamino)-1-(3-pyridyl)-1-butanol; total includes its glucuronides. 

dPheT = r-1,t-2,3,c-4-tetrahydroxy-1,2,3,4-tetrahydrophenanthrene 
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Table 4.  Results of multiple logistic regression of lung cancer risk on sex, age at randomization, 

family history of lung cancer, years of cigarette smoking, cotinine, PheT
a
, total NNAL

b
, 

CYP1B1N453S and its interaction with total NNAL
b
. 

a. ALL LUNG CANCERS 

VARIABLES 
 95% Confidence Limits 

P  
OR

c 
Lower Upper 

Sex (men vs. women) 1.384 0.675 2.837 0.3749 

Age at randomization 1.086 1.005 1.174 0.0371 

Family history of lung cancer 2.215 0.736 6.669 0.1574 

Years of cigarette smoking
 

1.048 0.987 1.112 0.1263 

Cotinine
 

0.998 0.995 1.002 0.3239 

PheT
a
 1.002 0.998 1.006 0.2540 

Total NNAL
b
 1.005 0.994 1.016 0.3784 

CYP1B1N453S (not AA vs. AA) 0.693 0.345 1.394 0.3037 

NNAL
b 
 CYP1B1N453S interaction 1.020 1.002 1.038 0.0299 

 

b. ADENOCARCINOMA 

VARIABLES 
 95% Confidence Limits 

P 
OR

c 
Lower Upper 

Sex (men vs. women) 1.037 0.450 2.393 0.9318 

Age at randomization 1.093 1.001 1.194 0.0471 

Family history of lung cancer 2.962 0.896 9.789 0.0750 

Years of cigarette smoking
 

1.051 0.982 1.125 0.1503 

Cotinine
 

0.997 0.993 1.001 0.1552 

PheT
a
 1.002 0.997 1.008 0.3608 

Total NNAL
b
 1.006 0.994 1.018 0.3368 

CYP1B1N453S 0.415 0.157 1.098 0.0765 

NNAL
b 
 CYP1B1N453S interaction

 1.031 1.006 1.056 0.0144 

 

aPheT = r-1,t-2,3,c-4-tetrahydroxy-1,2,3,4-tetrahydrophenanthrene 

bNNAL = 4-(methylnitrosamino)-1-(3-pyridyl)-1-butanol; total includes its glucuronides. 

cOR = odds ratio 
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Table 5.  Total serum NNAL values (fmol/ml) for cases and controls by CYP1B1N453S 

genotype. 

A) All lung cancers      

rs1800440 

genotype Status N Mean 

Std 

Error 

Lower 

95% 

CL for 

Mean 

Upper 95% 

CL for 

Mean 

homozygous 

major 

Case 70 83.7 4.1 75.7 91.8 

Control 65 81.2 5.0 71.2 91.2 

not homozygous 

major 

Case 30 112.8 8.8 94.9 130.8 

Control 35   70.3 6.2 57.7 82.9 

       

B) Adenocarcinoma only      

rs1800440 

genotype Status N Mean 

Std 

Error 

Lower 

95% 

CL for 

Mean 

Upper 95% 

CL for 

Mean 

homozygous 

major 

Case 43 84.0 5.0 73.9 94.0 

Control 65 81.2 5.0 71.2 91.2 

not homozygous 

major 

Case 16 122.7 9.9 101.6 143.9 

Control 35  70.3 6.2 57.7 82.9 
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Figure 1. Relation of total serum NNAL concentration and case-control status by CYP1B1 

genotype. The dots plot the individual cases and controls by log (total NNAL) value and each 

line is the kernel-smoothed relation between the logarithm of the total serum NNAL value on the 

horizontal axis and the case-control variable, assigning case = 1 and control = 0; the red dots and 

lines are for the CYP1B1N453S homozygous major genotype and the black dots and lines are for 

the complement. For the subjects with a CYP1N453S minor allele (black dots) the fraction of 

cases compared to controls increases noticeably at high NNAL levels compared to lower levels 

and yields a upward sloping line; for those without this SNP (red dots), the fraction of cases 

compared to controls is about the same regardless of NNAL level. Thus within the study 

population, this SNP drives the increase in risk for lung cancer with each standard deviation 

increase in NNAL. 
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Figure 2. Potential molecular mechanism of CYP1B1N453S impact on lung cancer 

susceptibility. AhR, a ligand-dependent transcription factor, becomes activated upon ligation, to 

endogenous ligands, inducing chemical binding. The AhR receptor is a part of a multifactor 

complex consisting of two hsp90 chaperones, XAP2 [35] and p23 [36] (diagramed in white, 

turquoise and light blue respectively) and it undergoes a conformation change upon activation, 

resulting in translocation of the complex into the nucleus [37,38]. Release of the ligand-bound 

AhR from the complex and its subsequent dimerization with ARNT converts the AhR into its 

high affinity DNA binding form [39,40] that binds to its specific DNA recognition site upstream 

of CYP1A1, CYP1B1, and other genes, stimulating transcription of those genes [21,24,41,42]. 

CYP1B1N453S results in downregulation of the cellular protein levels [26], consequently 

inducing increased AhR receptor production [25] and stimulating CYP1A1 transcription and 

translation. CYP1A1 enzymatically mediates  α-hydroxylation and activates metabolism of NNK 

and NNAL [6]. 
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I processed and genotyped all the samples. The same as in chapter three, I helped guide the 

process of designing novel combinatorial search algorithms. This is the first application of this 

novel data mining method developed by our collaborators on lung cancer on genotyping data. 
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 Cigarette smoke has been linked to a range of chronic lung diseases and is a major source 

of morbidity and mortality. 90% of lung cancers arise as a consequence of cigarette smoking. We 

applied a novel combinatorial search data mining method to help elucidate genetic interplay that 

leads to lung cancer. We conducted an association study in 200 smokers, 100 with and a 100 

without lung cancer with 3,404 single nucleotide polymorphisms (SNPs), and additional 215 

SNPs genotyped using Sequenom. The associations were conducted by constraining groups of 

SNPs using gene sets collected and publically available at the Molecular Signatures Database 

(MSigDB). Therefore, we guided this study by focusing on already defined pathways and gene-

sets, which also enabled increase in statistical power. We identified two 3-SNP interactions that 

associate with lung cancer risk, in the following genes: CYP3A4, GSTA5, GSTA4, PLAUR and 

CYP2C9, polymorphisms in which correlate with an increased risk of lung cancer. This is a novel 

attempt at identified SNP-SNP interactions that associate with lung cancer risk using novel data 

mining algorithms. 

Introduction: 

Cigarette smoke has been connected to a wide array of chronic lung disease and is a 

major source of morbidity and mortality. In the United States, over 400,000 deaths per year are 

attributed to smoking, and the number of deaths since 1964 is estimated at 12*10
6
 (1). Active 

smoking has been linked to 90% of lung cancer cases (2). While the use of tobacco products 

continues to be a serious public health problem, remarkable progress has been made in the last 20 

years, both in understanding tobacco carcinogenesis and in tobacco control. However, 1.3 billion 

smokers remain in the world, and hundreds of millions of smokeless tobacco users (3).  

The ―Hoffmann list‖ of over 60 carcinogens in cigarette smoke is considered the 

definitive catalogue of its major cancer-causing agents and includes polycyclic aromatic 
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hydrocarbons (PAHs), nitrosamines, aromatic amines, aldehydes, volatile organic compounds, 

metals, and others (4, 5). Tobacco-specific nitrosamines were first characterized with respect to 

their presence in tobacco products and their carcinogenicity in the 1970s. They have since 

emerged as one of the most important groups of carcinogens in tobacco products (6, 7). There 

have been seven tobacco-specific nitrosamines identified in tobacco products, but two are the 

most important because of their carcinogenic activities and their abundance in unburned tobacco 

and its smoke: 4-(methylnitrosamino)-1-(30pyridyl)-1-butanone (NNK) and N‘-

nitrosonornicotine (NNN) (8). NNK specifically induces mainly lung tumors in laboratory 

animals, but also causes tumors of the pancreas, nasal mucosa, and liver (9).  

It is well-established that dialkylnitrosamines such as NNK require metabolic activation 

by cytochrome P450 (CYP)-catalyzed α-hydroxylation to exert their carcinogenic effect (10). 

Multiple CYPs and Phase II enzymes are involved in the metabolic activation and detoxification 

of NNK and PAHs (9, 11, 12). GSTs act as Phase II enzymes, through glutathione conjugation to 

electrophilic substances an important role in the protection against oxidative stress induced by 

carcinogens such as tobacco smoke (13). Thus, the role of CYPs in activation and detoxification 

of tobacco smoke carcinogens is well-established. 

Complexity of genetic interplay in cancer causation and progression has presented 

association studies with a problem of finding robust methods to study gene and variation 

interactions. We successfully applied a novel computational approach that efficiently identifies 

high order SNP interactions and minimizes the false discovery rate (14). We hypothesized that 

higher levels of tobacco carcinogens and their specific metabolites among long-term current 

smokers predispose them to higher risks of developing lung cancer. Reversely, long-term smokers 

who do not develop lung cancer may have genomic variation that protects them against harmful 

carcinogens from tobacco smoke. Our goal was to identify variations that distinguish the two 

groups, smokers with lung cancer from smokers without lung cancer. 
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Materials and Methods: 

Parent study 

The PLCO is an NCI-funded multi-center, randomized, prospective trial of screening for 

cancers of the prostate, lung, colorectum and ovaries that began in 1993 and is projected to end in 

2011 (15). The screening in the trial includes 77,468 men and women, of whom approximately 

25,000 are current or former smokers. In addition to annually screening participants and carefully 

abstracting cancers from medical records, the PLCO has prospectively collected extensive 

information from study participants, including smoking history, family history of cancer, and 

demographic information collected at randomization; and it maintains a bio-repository of blood 

samples drawn over six annual screening visits starting in 1993. The PLCO trial made available 

its prospectively collected blood samples from the first screening visit and its extensive baseline 

and clinical data, thus providing for the direct calculation of lung cancer risks in the groups with 

different baseline levels of biomarkers. In addition, in the PLCO screening cohort nearly all cases 

of lung cancer had been screened at least once and so the variability in diagnostic lead times and 

the potential confounding that variability can produce in unscreened or partially screened cohorts 

was substantially reduced. At the time our study was initiated, over 800 lung cancer cases had 

been diagnosed in the screening arm of the PLCO. We randomly selected cases and controls from 

subjects who reported currently smoking at least 10 cigarettes per day on the baseline 

questionnaire filled out at the time of randomization. The PLCO was approved by the institutional 

review boards of each participating institution, and all subjects signed consents permitting the 

research represented here. In this study, we analyzed all 3,404 SNPs genotyped by BOAC SNP 

chip, and additional 215 coding-nonsynonymous SNPs genotyped using Sequenom. 
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Case-control Study 

We used a nested case-control approach wherein the source cohort consisted of PLCO 

participants who at randomization filled out a baseline questionnaire indicating they were free of 

cancer and currently smoking at least 10 cigarettes per day, and who contributed adequate blood 

samples to the biorepository. Cases were those smokers subsequently diagnosed with lung cancer 

and controls were those smokers with no diagnosis of lung cancer before the cut-off date (August 

17, 2007). From this cohort, we randomly selected 100 incident lung cancer cases and 100 

controls and obtained their demographic and other baseline data from the PLCO database, as well 

as serum samples adequate to measure total cotinine, total NNAL, and PheT.  

Results: 

 We found two 3-SNP interaction signatures that distinguish the cases from the controls 

by having a higher frequency of the homozygous-major genotypes in all three SNPs in the 

controls. Therefore, the homozygous-major genotypes in the respective genes as a group appear 

to be protective against lung cancer. Reverse can be conceived as true, that those subjects who 

contain minor alleles in the represented SNPs as a group have an increased risk of lung cancer.  

The first 3-SNP signature contains the following SNPs: rs2687105 in cytochrome P450, 

family 3, subfamily A, polypeptide 4 (CYP3A4), rs2397118 in glutathione S-transferase alpha 5 

(GSTA5), and rs669674 in glutathione S-transferase alpha 4 (GSTA4). This 3-SNP signature has 

a collective odds ratio of 0.2213, thus decreasing the risk of lung cancer, and a p-value of 5.6*10
-7

 

(Table 1). 

The second 3-SNP signature contains the following SNPs: rs182623 in glutathione S-

transferase alpha 4 (GSTA4), rs4760 in plasminogen activator, urokinase receptor (PLAUR), and 

rs1934963 in cytochrome P450, family 2, subfamily C, polypeptide 9 (CYP2C9). The three SNPs 
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collectively have an odds ratio of 0.1514, therefore associated with a decreased risk of lung 

cancer, with a p-value of    1.3*10
-7
 (Table 2). 

Figures 1A and 1B graphically represent distributions of the 3-SNP signatures between 

the cases and the controls, where black blocks represent the subjects with homozygous-major 

genotypes in the SNPs indicated at the bottom of the graphs (Figure 1). The fourth column in both 

A and B, denoted as ―all three genotypes‖, represents a block or a clustering of subjects with 

homozygous-major genotypes in all three SNPs. It is apparent that there is a significant difference 

in the frequency of all three genotypes in cases versus controls. As illustrated in Figure 1, the 

controls have a significantly higher frequency of the 3-SNP signature in both A and B 

(homozygous-major genotypes). Both graphs represent a total of 200 subjects, all smokers, 100 

with lung cancer (cases) and a 100 without (controls). 

By constraining the SNPs to pre-identified and publically available gene sets (16), we 

increased the association power by decreasing the number of SNPs computed by the algorithm, 

therefore decreasing the possibility of false positives. The computational power allowed 

interactions of SNPs within either one or two gene sets. Moreover, we had identified three 

additional 3-SNP signatures, but they contained SNPs in linkage disequilibrium (LD) with the 

SNPs presented here, as would be expected—all variations within an LD block are expected to be 

associated with an outcome. We were able to successfully apply a new data mining algorithm for 

identifying SNP-SNP interactions that associate with lung cancer risk, and identify SNPs in genes 

biologically relevant to the metabolism of lung cancer causing carcinogens and to other lung 

cancer pathways. 

Discussion: 

 The amount of data that is generated by genotyping creates possibilities for finding 

genetic markers that associate with disease risk and outcomes, but also creates a challenge. It is 
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becoming increasingly difficult to analyze all the generated data. We ventured into a collaborative 

effort to help design a novel combinatorial search data mining algorithm that successfully 

searches for SNP-SNP interaction signatures, while decreasing a false positive rate (14). This is 

the first application of the novel computational method on lung cancer. 

 We were able to discover two 3-SNP signatures that distinguish the cases from the 

controls. Both 3-SNP signatures (all homozygous-major genotypes) have a significantly higher 

frequency in the controls; reversely, minor alleles in these SNPs as a group correlate with an 

increased risk of lung cancer. 

 CYP3A4, among other CYPs, is an important hepatic enzyme involved in the metabolism 

of drugs, toxins and other xenobiotics, also expressed to variable degrees in extrahepatic tissues 

(17, 18). We identified a variation in CYP3A4 as a part of the 3-SNP signature found by 

constraining the SNPs to one gene set, resulting in interaction with other two SNPs in GSTA5 

and GSTA4. There have also been studies implicating CYP3A4, and other CYPs, in the 

metabolism of NNK, a prominent tobacco smoke carcinogen (9, 19-21). Additionally, a group 

identified a polymorphism in CYP3A4 that increases risk for small cell lung cancer (22). 

CYP3A4, therefore, is important to the metabolism of tobacco smoke carcinogens and other 

xenobiotics. 

 There have not been any reports of variations in CYP2C9 that significantly associate with 

lung cancer risk. We found an association of a polymorphism in CYP2C9, which along with 

variations in GSTA4 and PLAUR associate with lung cancer risk. 

 Besides detoxifying electrophilic xenobiotics, such as chemical carcinogens, 

environmental pollutants, and antitumor agents, mammalian glutathione transferase (GST) 

families inactivate endogenous alpha, beta-unsaturated aldehydes, quinones, epoxides, and 

hydroperoxides formed as secondary metabolites during oxidative stress. Qian et al. identified 
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polymorphisms in GSTA4 that significantly associate with lung cancer risk (13). Another group 

discovered variations in GSTA5 in suggestive association with lung cancer survival after 

platinum-based chemotherapy (23). There have not been any reports of the variations in GSTA4 

or GSTA5 reported here in correlation with lung cancer risk. 

 PLAUR encodes the receptor for urokinase plasminogen activator and, given its role in 

localizing and promoting plasmin formation, likely influences many normal and pathological 

processes related to cell-surface plasminogen activation and localized degradation of the 

extracellular matrix. Almasi et. al. found an increased risk of mortality with increasing levels of 

liberated domain I of the urokinase plasminogen activator receptor levels in squamous cell lung 

cancer tumour extracts, which independently predicted overall survival (24). No reports have 

identified the polymorphism reported here in relation to lung cancer risk. 

 Given that cancer arises as a consequence of a complex gene and variation interplay, it is 

of no surprise that we found SNP-SNP interactions in association with lung cancer risk. This 

effort represents some of the first steps in further uncovering the etiology of smoking-caused lung 

cancer. We were able to uncover two 3-SNP signatures that as groups associate with lung cancer 

risk. The mechanism of how these SNP-SNP interactions occur remains to be investigated. 
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Table 1. 3-SNP interaction signature constrained to one gene set. 

 

 

 

 

OR=odds ratio 

MAF=minor allele frequency 

*odds ratio corresponds to a decreased risk in subjects with major homozygous genotypes in all 

three SNPs    

  

 

 

 

 

    

Table 2. 3-SNP interaction signature constrained to two gene sets. 

 

 

 

OR=odds ratio 

MAF=minor allele frequency 

*odds ratio corresponds to a decreased risk in subjects with major homozygous genotypes in all 

three SNPs 

 

 

 

 

 

 

 

SNP Gene ID Function OR* p-value MAF

rs2687105 CYP3A4 intron 2.5%

rs2397118 GSTA5 coding-nonsyn 5.9%

rs669674 GSTA4 intron 8.6%

0.2213 5.6*10
-7

SNP Gene ID Function OR* p-value MAF

rs182623 GSTA4 nearGene-5 30.7%

rs4760 PLAUR coding-nonsyn 12.5%

rs1934963 CYP2C9 intron 20.8%

0.1514 1.3*10
-7
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Figure 1. Graphical representation of the 3-SNP signature frequencies in cases vs. controls 

A) constrained to one gene set B) constrained to two gene sets. The black blocks within the 

graph represent those subjects that contain homozygous-major genotypes in the three SNPs 

represented at the bottom. The fourth column to the far right represents only those subjects 

containing all three homozygous-major genotypes in the represented SNPs. Cases and controls 

are marked outside the graph. It may be observable that there is a clear difference in the clustering 

of the subjects containing all three genotypes between the cases and the controls, controls having 

a higher frequency of the 3 genotypes in both, figures 1A and 1B. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 
 

107. 
 

 

 

 

 

 

A) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  



 
 

108. 
 

 

 

 

 

 

B) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 



 
 

109. 
 

CHAPTER 6 

SUMMARY AND FUTURE DIRECTIONS 

 

Multiple myeloma (MM) is an incurable B-cell malignancy characterized by the 

accumulation of clonal plasma cells in the bone marrow (1). Myeloma is genetically heterogenous 

and rare, and lack of clinical trials enlisting large subject numbers, as well as lack of repetition of 

trials with similar treatments, has hindered SNP association studies and validations. However, 

there are common apoptotic and oncogenic pathways that have enabled us to focus on a 

biologically driven approach by studying genes and variations relevant in cancer initiation and 

progression processes—we developed a custom BOAC SNP panel with 3,404 SNP in 983 genes 

(2). 

 Active smoking is responsible for about 90% of lung cancer cases. Studying lung cancer 

has been primarily focused on studying molecular mechanisms of carcinogens in tobacco-smoke; 

it is one of the rare diseases for which there is a known environmental exposure. Genetic variants 

can alter lung cancer risk by affecting enzymatic activity of proteins involved in the metabolism 

of harmful tobacco-smoke carcinogens. The dose to which an individual is exposed is critical and 

therefore, understanding gene—environment interaction is crucial. Genetic risk variants can 

produce significant effects at differing levels of exposure (3, 4); we observed a dose-effect in lung 

cancer, upon discovering an interaction between a variant in CYP1B1 and 4-(methylnitrosamino)-

1-(30pyridyl)-1-butanone (NNK) exposure.  

The studies compiled in this thesis focus on genetic variations leading to inter-individual 

variability to disease risk, clinical outcome and environmental agent metabolism in myeloma and 

lung cancer. Chapter two of this thesis addresses genetic variant impact on bone disease. Bone 

disease is a major clinical problem in patients with myeloma and negatively affects their quality 

of life (5). The novelty of this study is in combining DKK1 gene expression profile with a newly 
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discovered SNP profile to generate a better predictor of bone disease. Recent studies have 

emphasized a crucial role of the Wnt-signaling inhibitor DKK1 in the pathogenesis of the 

osteolytic bone lesions in myeloma (6). We discovered a SNP profile containing genes EPHX1, 

IGF1R, IL4 and Gsk3, which in combination with DKK1 expression profile, better predicts bone 

disease, and thus may have potential utility in prognostic models of myeloma bone disease. 

 Chapter three of this thesis explores the entire 3,404 SNP panel in relation to progression-

free survival and disease risk in myeloma. We helped develop novel combinatorial search 

algorithms to efficiently and robustly search for SNP-SNP interactions in association with risk 

and outcomes. We explored the entire panel as well as constrained SNPs to defined pathways and 

gene sets in order to increase the power of the analysis and biologically drive the study. We 

identified individual and pairs of interacting SNPs in genes involved in drug metabolism and 

detoxification, immunity, DNA repair and signaling cascades important to MM risk and survival. 

We were also successful in validating some of our previous findings using these novel 

computational algorithms. The results in this study will help elucidate genetic complexity of MM 

by studying interplay of genomic variations. 

 Chapter four explores gene—environment interaction between variants in genes involved 

in tobacco-smoke carcinogen metabolism and an established environmental exposure, NNAL. We 

identified a variant in CYP1B1, N453S, which has a functional impact: the variant decreases 

cellular protein levels and enzyme half-life (7-9). Thus, it is not surprising that this variant alters 

lung cancer risk upon exposure to NNK, its metabolite 4-(Methylnitrosamino)-1-(3-Pyridyl)-1-

Butanol (NNAL) and polycyclic aromatic hydrocarbons (PAHs).  

Finally, in chapter five of this thesis we explored the rest of the BOAC SNP panel using a 

novel combinatorial search computational method, by constraining SNPs to gene sets to decrease 

the false positive rate and increase the statistical power of the analysis. We were successful in 
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identifying variants in genes CYP3A4, GSTA5, GSTA4, PLAUR and CYP2C9, correlating with 

risk of lung cancer. These genes are important in drug metabolism and detoxification, and have 

been implicated in association with lung cancer risk and metabolism of various exposure agents. 

In this study, we explored and successfully identified SNP-SNP interactions that alter lung cancer 

risk. The fact that we obtained non-overlapping results from the two lung cancer studies was to be 

expected. In chapter four, we uncovered a gene-environment relationship that would have 

otherwise been hidden had we not included the interaction term (NNAL levels). In chapter five, 

we focused on SNP main effects, investigating associations between SNPs and lung cancer, 

without a consideration for the NNAL levels. We did not find any such interactions in chapter 

four, most likely because chapter five, utilizing new methodology, allowed us to uncover 

interactions of SNP pairs in association with lung cancer risk.  

Since cytochrome P450 and Phase II enzymes are mainly responsible for drug and 

environmental agent metabolism, it would be appropriate to try to validate our results on a 

platform that focuses on those genes, decreasing the number of SNPs analyzed, thus increasing 

the power of the statistical analysis. The validation should be in another cohort of all smokers, 

half of whom have lung cancer. Measured NNAL levels are required for the validation of chapter 

four results, needed for the interaction term. Attempting to validate previous results in a larger 

cohort is essential for decreasing the false positive rate. Validating the results from chapter five 

should employ a method that can successfully search for SNP-SNP interactions. 

The underlining theme of this thesis is that there are genetic variants that affect inter-

individual risk and response. With limitations in small sample numbers and lack of additional 

clinical trials with similar treatments needed for validation, our approaches relied on developing 

novel computational algorithms to attempt to identify variants and their interactions.  
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Future directions include a study in collaboration with Dr. Celine Vachon‘s Lab at Mayo. 

They conducted a SNP genome-wide scan study (GWAS) and identified top hits. We are 

collaborating on a validation of their results. Validation will be conducted in 750 mouthwash 

BOAC samples, patient provided with informed consent. A thousand controls will be provided by 

Dr. Celine Vachon, subjects without multiple myeloma. Our research has focused on targeted 

genotyping of predefined pathways rather than GWAS primarily due to small sample numbers. 

Endeavoring in collaborative research is a crucial step to better understand etiology of this 

disease, as well as drug metabolism from chemotherapeutic treatments important for prolonging 

survival and the quality of life of myeloma patients. 

The Van Ness Lab is continuing to bank DNA from myeloma patients, BOAC 

mouthwash, as well as institutional trials. Upon reaching high sample numbers in order to gain 

power for statistical analysis, there will be a possibility for a myeloma epidemiology study. The 

first MM etiology study has already been conducted and is presented in Appendix II of this thesis. 

There are ongoing studies in the Van Ness Lab, generating drug resistant mouse cell 

lines. The Van Ness lab has previously developed a series of transgenic animals that target 

aberrant expression of genes affecting growth and survival pathways in B- and plasma cells (10). 

Previous research has demonstrated that the genetic background of myeloma patient influences 

chemotherapeutic response (11). In the future, it will be important to look at human myeloma cell 

lines and investigate variants in genes whose expression may be correlated with drug resistance. 

Additionally, some of the variants we identified to correlate with progression-free survival, 

presented here in Chapter 2, and Appendix I, may be investigated and potentially validated in cell 

line resistance studies. 

There is a new and emerging forefront in SNP research. Multiple studies have highlighted 

the role that microRNAs have in physiological processes and how their deregulation can lead to 
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cancer. It has been proposed that the presence of single nucleotide polymorphisms in microRNA 

genes, their processing machinery and target binding sites affects cancer risk, treatment efficacy 

and patient prognosis (12-16). There is a possibility in investigating SNPs in miRNA genes and 

their processing machinery in relation to drug resistance in cell lines currently being developed in 

the Van Ness Lab. 

The future of the SNP research field is continuously under review. SNPs are the most 

frequent type of variation in the human genome, and they occur once every several hundred base 

pairs (17). They have been studied extensively for defining disease candidate gene regions, 

evolutionary studies, and establishing functional relationships between genotypic and phenotypic 

differences. The recent advent of newer technologies has increased the throughput of SNP 

genotyping and decreased the cost. The latest technologies have allowed the evaluation of SNPs 

at a single locus, as well as on a genome-wide level at densities that had previously thought to be 

unobtainable. Such large scale, SNP analysis studies have met with some success in identifying 

genes and genomic regions involved in the development of various disease phenotypes. There are 

opposing thoughts as to whether focused, targeted genotyping or the GWAS approaches may be 

more successful at identifying variants associated with disease phenotypes. While the GWAS 

approaches, being mapping tools, may successfully identify genomic regions of interest, they 

require tremendously large sample numbers in order to eliminate the false positives and 

negatives. Moreover, GWAS studies often identify variants with low associated risk, and poorly 

capture structural variants, which may have significant functional effects. This could be due to the 

GWAS technologies missing rare variants, which may be the answer. Targeted genotyping may 

miss important polymorphic markers, but the potential for type I errors is smaller, and these 

studies can be conducted on a smaller scale with limited sample numbers, especially relevant to 

rare diseases sush as myeloma. All of these SNP analysis technologies can be applied towards 

identifying new cancer genes, but their limitations must be considered and eventually overcome. 
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Targeted genotyping tools, such as the BOAC SNP chip designed in our laboratory (2), 

should continuously be updated in order to maintain the value of the information they contain. 

New polymorphisms are constantly identified and added to increasing databases, many of which 

are not functionally validated. In order to keep a SNP chip up to date, many of the newly 

discovered SNPs, relevant to cancer processes and drug metabolism and transport, would have to 

be added. If we were to redesign our BOAC SNP panel, adding SNPs previously validated in 

vitro, in addition to those occurring in regulatory regions and expected to have a functional 

impact, would be crucial. Regulatory-region SNPs are heavily underrepresented on DNA arrays, 

but may have a large impact on disease processes. Therefore, redesigning BOAC SNP chip would 

include adding a significant number of regulatory and already functionally validated 

polymorphisms. 

Some may argue that whole-genome sequencing will soon diminish the value of DNA 

arrays, allowing for a more complete picture of the human genome. However, this technology is 

still too expensive and requires too long of a turn-around-time to be utilized for commercial 

purposes. Even though there are efforts being made to increase the speed, decrease the cost and 

maintain a high accuracy of whole-genome sequencing (18, 19), these relevant parameters are 

still not attained. Although a sequencing method that produces an error rate of 1 in 100,000 bases 

may be considered robust, that kind of error rate in the human diploid genome would mean about 

60,000 errors per genome, which is a significant number of false positives and negatives, and 

clinically not applicable. 

Moreover, even though whole-genome sequencing would provide significantly more 

information and a fuller coverage of the human genome than DNA arrays, it would also provide a 

challenge for the computational world. Whole-genome sequencing does not provide an analysis 

of what the generated data means or how that data can be utilized in various clinical applications, 

such as in medicine to help prevent disease. As of now, the companies that are working on 
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providing full genome sequencing do not provide clinical analytical services for the interpretation 

of the raw genetic data. Therefore, for this data to be useful, researchers and/or companies first 

need to develop robust analytical methods to conduct data analysis and make it useful to 

physicians and patients.  

Another issue to consider is the protection of human rights to their privacy. Whole-

genome sequences may be predictive of an individual‘s predisposition to diseases, information 

that may be misused by entitites such as insurance companies. On the other hand, one may 

speculate that health care professionals will eventually be able to use genomic information to 

attempt to either minimize the impact of a particular disease or avoid it through the 

implementation of personalized, preventive medicine. Full genome sequencing will enable the 

analysis of the entire human genome of an individual, and therefore a detection of all disease-

related genetic variants, regardless of the genetic variant's prevalence or frequency. This 

information will aid a field of Personalized Medicine and will move the clinical genetic 

revolution forward. Undoubtedly, full genome sequencing is of great importance for research into 

the basis of genetic disease. However, it should be recognized that despite advancements in 

genome sequencing technology, incomplete understanding of the significance of individual 

variants or combinations of variants will limit the widespread usefulness of full genome 

sequencing in medicine until its clinical utility can be demonstrated. 

 It is important to consider other variations in human genome and their importance and 

utility in studying disease risk and outcomes, such as epigenetics, copy number variations, 

insertions/deletions, etc. In addition, miRNAs add to the complex interplay of epigenetics and 

create an intricate network. As a consequence of their ability to regulate gene expression, 

microRNAs are involved in the most crucial cellular processes, from development, 

differentiation, cell cycle regulation to senescence and metabolism. MicroRNA expression is 

aberrant in several human diseases, including cancer. The first evidence of microRNA 
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involvement in cancer was reported by Calin et al. (20). They observed knockdown or knockout 

of miR-15a and miR-16-1 in approximatively 69% of CLL patients. After these initial 

observations, all the known microRNAgenes were mapped. It was found that miRNA genes are 

frequently located in cancer associated genomic regions (CAGRs), including minimal regions of 

amplifications, loss of heterozygosity (LOH), common breakpoint regions in or near oncogenes 

(OGs) and tumor suppressor genes (TSGs), and fragile sites, which are preferential sites of 

chromatid exchange, deletion, translocation, amplification, or integration of plasmid DNA and 

tumor-associated viruses (21). These initial studies have lead to an emergence of miRNA research 

filed and uncovered their importance in human cancer. They have shown that alterations in 

miRNA expression in connection to human cancer are not isolated cases, but the rule. Moreover, 

SNPs in miRNAs, an emerging field and a forefront of SNP research, have become increasingly 

interesting to the research community. Although there is a rapid shift to whole-genome 

sequencing, SNPs should remain important players in studying cancer risk, drug metabolism and 

clinical outcomes in an attempt to generate best predictions. 

In summary, we have investigated genetic variations that alter inter-individual response 

to myeloma and lung cancer risk and clinical outcomes. We demonstrated that using targeted 

custom SNP chip for genotyping rather than genome-wide scans was a successful approach, due 

to small sample numbers. We identified variants in genes involved in drug metabolism, DNA 

repair, inflammation, and bone metabolism in association with myeloma bone disease, prognosis 

and risk. We also identified a novel gene—environment interaction in lung cancer and additional 

SNP-SNP interactions. These results will be important in future research investigating genetic 

background of myeloma and lung cancer patients and how it influences risk and various clinical 

outcomes. 
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Background: We have engaged in an international program designated the Bank On A 

Cure, which has established DNA banks from multiple cooperative and institutional clinical trials, 

and a platform for examining the association of genetic variations with disease risk and outcomes 

in multiple myeloma. We describe the development and content of a novel custom SNP panel that 

contains 3404 SNPs in 983 genes, representing cellular functions and pathways that may 

influence disease severity at diagnosis, toxicity, progression or other treatment outcomes. A 

systematic search of national databases was used to identify non-synonymous coding SNPs and 

SNPs within transcriptional regulatory regions. To explore SNP associations with PFS we 

compared SNP profiles of short term (less than 1 year, n = 70) versus long term progression-free 

survivors (greater than 3 years, n = 73) in two phase III clinical trials.  

Results: Quality controls were established, demonstrating an accurate and robust 

screening panel for genetic variations, and some initial racial comparisons of allelic variation 

were done. A variety of analytical approaches, including machine learning tools for data mining 

and recursive partitioning analyses, demonstrated predictive value of the SNP panel in survival. 

While the entire SNP panel showed genotype predictive association with PFS, some SNP subsets 

were identified within drug response, cellular signaling and cell cycle genes. 

Conclusion: A targeted gene approach was undertaken to develop an SNP panel that can 

test for associations with clinical outcomes in myeloma. The initial analysis provided some 

predictive power, demonstrating that genetic variations in the myeloma patient population may 

influence PFS. 
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Introduction: 

The draft sequence of the human genome published in 2001 [1,2], followed by the more 

recent improved sequence release of the International Human Genome Consortium [3], have 

shown that there are large genetic variations in the human genome (polymorphisms). Unlike 

somatic mutations, polymorphisms are stable and heritable. Polymorphisms include single 

nucleotide polymorphisms (SNPs), and micro- and minisatellites, and may include heritable 

insertions and deletions (indels). Significantly, SNPs account for over 90% of genetic variation in 

the human genome [2]. An important principle that has emerged from the consideration of genetic 

variation is that disease risk and clinical outcomes can be influenced by individual genetic 

backgrounds. Thus, while many diseases may have their unique genetic signatures, individual 

patient outcomes are dependent on heritable variations in a wide variety of genes and pathways 

affecting cellular functions and drug responses. Moreover, genetic variations in such global 

functions as inflammation, immunity and cellular signaling in the tumor microenvironment can 

have an impact on diverse clinical responses.  

Multiple myeloma (MM) is a universally fatal disease characterized by the accumulation 

of malignant plasma cells in the bone marrow [4]. It accounts for 2% of all cancer deaths and 

15% of all hematologic malignancies, with about 13,000 deaths per year in the USA [4]. While 

there are certain common clinical features such as anemia, bone lesions, hypercalcemia, 

immunodeficiency and renal failure, the disease shows significant heterogeneity with regard to 

morphology, disease progression, response to therapy and incidence of secondary malignancies. 

This heterogeneity likely is due, in part, to differences in genetic abnormalities within the 

malignant clone, as shown in many studies on chromosomal abnormalities [5] and gene 

expression profiles [6-8]. 
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The growth of MM plasma cells is dependent on a complex interplay among various 

growth factors, adhesion molecules and other factors in the tumor microenvironment. Thus it 

might be expected that genetic variations in this interplay could have a profound influence on 

disease initiation, progression, associated bone complications, and response. Moreover, genetic 

variation in immunity and inflammation is an important consideration, as are variations in genes 

coding for drug metabolism and transport. Indeed, death from MM commonly results from 

infections associated with a severely compromised immune system resulting, in part, from 

therapeutic toxicities that may be related to variable rates of drug metabolism [9]. 

In order to address these issues we have engaged in an international program designated 

as the Bank On A Cure (BOAC). A cooperative program was established to bank DNA from 

multiple cooperative groups and institutional trials, and to develop a platform for examining the 

association of genetic variation with disease risk and outcomes. BOAC receives samples through 

Material Transfer Agreements, and clinical outcomes are provided through agreements with the 

Cancer Research and Biostatistics Group (Seattle) and the University of Minnesota (with 

Institutional Review Board, IRB, approval). Currently, the bank has over 2100 samples from the 

USA, representing six different clinical trials, patient-provided BOAC buccal cell kit samples, 

and unaffected controls accumulated since 1987. 

In this report we describe the development of a novel custom SNP panel based on the 

Affymetrix/Gene Chip Targeted Genotyping Platform, which contains 3404 SNPs representing 

variations in a variety of cellular functions and networks, and its initial application to myeloma 

DNA samples collected in the BOAC bank. We examined population frequencies in affected and 

unaffected individuals among different ethnic groups, and we developed some novel early 

approaches in using the SNP panel to determine whether genomic variations in the patient 

population influence survival. 
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Materials and Methods: 

Control and patient samples 

DNA was prepared from 102 Coriell cell lines [10], representing 31 Caucasian, 24 

African American, 23 Hispanic, and 24 Asian racial groups (unaffected by myeloma). DNA 

samples were also prepared from 143 myeloma patients enrolled in phase III clinical trials: 

E9486, n = 52 [11] and S9321, n = 91 [12], with informed consent; and 34 unaffected, spousal 

controls (all Caucasian). E9486 patients ranging in age from 55 to 70 years were treated with 

Vincristine, Busulfan, Melphalan, Cyclophossphamide, Prednisone (VBMCP) followed by 

randomization143 to no further treatment, IFN-a, or cylcophosphamide; and, although there was 

variation in survival among all patients, no significant differences in survival were noted among 

the three arms of the trial [11]. Patients included in this study from S9321 were in the same age 

range, and received Vincristine, Adriamycin, Dexamethasone (VAD) induction followed by 

VBMCP [12]. S9321 patients in the trial arm randomized to high dose melphalan+TBI followed 

by transplant were not included. Patients for this analysis were selected based on progression-free 

survival (PFS) of less than 1 year (n = 70) or greater than 3 years (n = 73). 

Custom BOAC SNP chip design and content 

A directed, custom BOAC SNP chip design was developed with specific criteria from 

public and commercial databases. Rather than a total genome wide screen, a plan was undertaken 

to develop a custom SNP chip, focusing on functionally relevant polymorphisms playing a role in 

normal and abnormal cellular functions, inflammation and immunity, as well as drug responses. 

Candidate gene lists were created and each gene in the candidate list was systematically 

investigated with a selection of SNP databases to harvest SNPs that may have a functional effect 

on gene action. Figure 1 outlines the approach. Searches for genes were developed, using public 

and commercial software programs in PubMed, iHOP [13], as well as pathway databases, such as 
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PharmGKB Pathways [14], BioCarta [15], KEGG [16], Ingenuity, and Pathway Assist 

(Stratagene, Inc.). The Human Gene Mutation Database [17] contains a searchable database of 

polymorphisms associated with diseases cited in the literature. This database was used in 

conjunction with SNP500, SNPper, and MutDB to obtain the SNP id (rs number) of 

polymorphisms in the gene lists. A systematic search for all non-synonymous SNPs (ie, resulting 

in coding change) with a validated, minor allele frequency greater than 2% in all of the candidate 

genes was completed using SNP 500, dbSNP, and Affymetrix databases. SNPs failing to meet a 

2% population frequency were included if the frequency was higher than 5% in selected racial 

subgroups (eg, Asian, African American, Caucasian). A systematic search of the promoter 

regions in all the candidate genes for SNPs present in homologous regions between human and 

mouse with a minor allele frequency greater than 2% were identified using the PromoLign 

Database [18]. Many of the SNPs selected in this method were seen to lie in or adjacent to 

transcription binding sites. Some additional promoter SNPs that may affect transcription binding 

sites were also identified using the FESD [19] database. Affymetrix provided several in-house 

validated SNP lists, including: inflammation and immunity, drug metabolism, and cancer lists. 

Three groups of admixture SNPs, which differ in frequency between Asian, African and 

European groups, were added to allow corrections in data analyses for racial specific variations 

[20]. TagSNPs in genes influencing drug metabolism and transport were added from the 

supplementary data from Ahmadi et al. [21]. The full SNP panel includes 3404 SNPs in 983 

genes. Genotyping was performed using the Affymetrix® Gene- Chip® Scanner 3000 Targeted 

Genotyping System (GCS 3000 TG System), which utilizes molecular inversion probes to 

simultaneously identify the 3404 pre-selected SNPs. The protocol has previously been described 

[22]. All genotyping experiments were performed in strict adherence to the manufacturer's 

protocol. 
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Statistical methods 

Patients from the Eastern Cooperative Oncology Group (ECOG) and Southwest 

Oncology Group (SWOG) trials were selected using the following criteria: they were all 

Caucasian and between 55 and 70 years of age at diagnosis; patients with IgA subtype were 

excluded (as this is an independent, poor prognosis variable). Patients with the longest 

progression-free survival (PFS > 3 years) and patients with the shortest progression-free survival 

(PFS < 1 year) were selected. Two approaches were used to determine whether there was true 

discrimination of SNP genotypes in the PFS analysis, when analyzed as a conglomerate data set. 

1) Leave-one-out cross-validation [23]. In this approach, the original data set of 143 

patients was divided into two groups: one consisting of a single patient and one consisting of the 

remaining 142 patients. A classification model was built using the 142 patients as a training set 

and then this classification model was used to classify the single 'left out' patient. For this study, 

as well as the class label study below, we used a support vector machine (SVM) classifier, as 

implemented by the Weka package [24], and specified a liner kernel.  

2) Randomization of class labels [25]. For the original data and labels, we followed the 

standard practice for building and evaluating a classifier [25], that is, compare the performance of 

a classifier using the original and randomly shuffled class labels (permutations). There were 143 

subjects, consisting of 73 cases and 70 controls. The training set was created by randomly 

selecting 50 cases and 50 controls and using the remaining subjects as a test set. One hundred 

runs were performed for the original data and class labels. We also analyzed each clinical trial 

data set separately and used the other clinical trial data set as a validation set. 

Fisher's exact test was used as a univariate screening tool to rank the SNPs by how 

strongly they are associated with PFS. The top 50 SNPs of each trial with the smallest pvalue 
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were selected and used in a recursive partitioning analysis. For this recursive partitioning analysis 

we used RPART from the R software package, a language and environment for statistical 

computing. The tree-based library RPART was developed as described [26]. The regression tree 

resulting from the analysis was subsequently pruned in order to avoid over-fitting. This regression 

tree was used on both the trial it was developed on as well as the other trial for validation 

purposes. Specificity and sensitivity were determined for each data set. Finally, we attempted 

univariate ranking and recursive partitioning of the conglomerate data set (both trials combined) 

using random forests [27]. Validation was examined by randomly mixing survival data sets and 

determining and comparing the predictive accuracy of true survival subsets and random subsets.  

Results: 

SNP chip panel design 

A final custom SNP chip panel of 3404 SNPs from 983 genes meeting the above criteria 

was produced for the Affymetrix/Gene Chip Targeted Genotyping Platform. A full documented 

list of SNPs is found in [28] and includes rs assignments, gene identifiers (Entrez), functional 

grouping, and SNP effect (coding, non-coding, regulatory, haptag). Table 1 summarizes a variety 

of functional categories represented on the chip. Figure 1S (found in [28]) shows the 

chromosomal distribution of the SNPs included. Although the SNP chip was not designed to 

serve as a genome linkage panel, the chromosomal distribution is quite broad (see additional File 

1), and may provide functional targets for higher density linkage chips or regions identified by 

other approaches such as comparative genomic hybridizations or genome wide screens.  

We also examined representation among a variety of define metabolic and signaling 

pathways. Because of the filter criteria, it was found that most pathways did not have a high 

degree of representation, suggesting SNPs for many of the genes not included may not have 

coding or regulatory impact. This becomes an important consideration in attempts to associate 
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outcomes with specific pathways. Instead, common functional groupings turned out to be a better 

analytical target (see below). It is noteworthy to compare the content of the BOAC SNP chip to 

the SNPs represented on the Affymetrix 500K Array genome wide scan. The 500K Array panel is 

primarily derived from two restriction enzyme cleavage fragmentations, with SNP representation 

for each fragment, providing a comprehensive, global SNP panel. Well over 95% of the panel is 

intragenic, non-coding; and thus, its primarily use is to identify copy number, chromosomal 

regions, and linkage. Indeed, of the 3404 SNPs on the BOAC SNP chip, only 401 are present on 

the 500K Array panel. Thus, while the BOAC SNP chip does not have gene wide coverage, it 

does have a higher density of coding and regulatory content. 

Samples and quality control assessments 

For this study, a total of 279 DNA samples were profiled by the BOAC SNP chip. One 

hundred and thirty-six unaffected controls from the Coriell panel and spouses of myeloma 

patients were profiled. The Coriell panel included 31 Caucasian, 24 Asian, 23 Hispanic, and 24 

African American samples of unaffected individuals. One hundred and forty-three myeloma 

samples were profiled, from the phase III clinical trials, ECOG E9486 (n = 52) and the 

chemotherapy arm of the ECOG-SWOG intergroup trial S9321 (n = 91). Treatment protocols are 

given in the Methods section. This study was in compliance with the Helsinki Declaration, and 

approved by the IRB at the University of Minnesota (approval # 0311M53428), with patient 

consents collected by the clinical cooperative groups' trial offices. Among all samples profiled, 

we had an average SNP call rate of 96%. The profiles of the Coriell panel allowed us to 

determine allelic frequencies in racial groups and unaffected populations. Of the 3404 SNPs on 

the BOAC panel, 786 were contained in the SNP500 cancer database, allowing us to determine 

concordance between the two Coriell data sets.  
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We found very good agreement between our data set and the national database, with an 

average of > 97% concordance. We also duplicated the profile of a number of samples (n = 10), 

and found better than 99.7% reproducibility between duplicate samples. This concordance and 

duplication rate was also equivalent when comparing the BOAC SNP panel run in the USA and 

UK facilities, providing a cross validation between BOAC laboratory sites. Finally, for every 

batch run of 24 samples, the Affymetrix platform includes a control DNA sample, and this 

provided continuous monitoring and quality assurance across the study.  

Allelic variations by race 

It has been well established that there are significant allelic frequency differences by race, 

or ethnic and regional origins [29]. Part of the SNP panel design included the admixture SNP 

panel that shows significant racial variation. Figure 2A shows a diagonal plot in which each SNP 

minor allelic frequency is plotted by frequency in the Caucasian (n = 92) versus the African 

American (n = 27) myeloma populations. Equivalent frequencies would be expected to cluster on 

the 45 degree angle; an it is readily apparent that frequencies of many of the SNPs vary widely 

between races. Indeed, the racial disparities in allelic frequencies were far more significant than 

could be assessed in case-control or outcome studies, so that subsequent initial survival analyses 

were done only on a single racial group. Moreover, given the inclusion criteria of SNPs (included 

if greater than 5% in one racial group), it is noteworthy that 401 SNPs show allelic variation only 

in the African Americans (ie, no variations seen in Caucasian). In contrast, in a comparison of 

unaffected samples with affected samples, restricted to Caucasians, there is high concordance 

across the total panel of SNPs (Figure 2B). This provides an opportunity to examine smaller 

clusters or functional associations with disease that may be masked by the larger multi-racial 

pools. However, the object of this study was not to compare variations within different ethnic 

patient populations. 
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Allelic variations associated with progression-free survival 

Although genetic deregulation within the tumor population has been shown to stratify 

clinical outcomes [5-8], a significant impact on therapeutic outcomes may result from genetic 

variations in germline DNA affecting a number of important functions, including drug 

metabolism, transport, DNA repair, immune response, growth factors, angiogenesis, etc. To 

explore the SNP associations on the BOAC SNP chip we chose to examine an extreme phenotype 

comparison in two phase III clinical trials with similar chemotherapeutic treatments. E9486 

patients ranging in age from 55 to 70 years were treated with VBMCP followed by randomization 

to no further treatment, IFN-a, or cylcophosphamide; and, although there was variation in 

survival among all patients, no significant differences in survival were noted among the three 

arms of the trial [11]. Patients included in this study from S9321 were in the same age range, and 

received VAD induction followed by VBMCP [12]. S9321 patients in the trial arm receiving high 

dose melphalan+TBI, going on to transplant were not included. The goal was to identify SNPs 

that may distinguish short term (less than 1 year) versus long term progression-free survivors 

(greater than 3 years). 

While our banking represents one of the largest collections of myeloma specimens, one 

of the difficulties encountered in this data analysis still results from relatively small sample sizes 

of patients with similar treatment protocols. With the data sets we had, we used a variety of 

approaches to determine whether there was true discrimination of SNP associations between the 

two PFS groups. The 'leave-one-out' approach is a standard approach in classification [23], but is 

not typically used, due to computational cost, when data sets are large. However, in this case, 

only 143 classification runs were necessary. 

The results of those runs performed using an SVM classifier from Weka [24] are 

summarized in Table 2. SVM is a supervised method used for classification and regression. It 
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belongs to a family of generalized linear classifiers. A special property of SVM is that it 

simultaneously minimizes the empirical classification error and maximizes the predictive 

separation. 

The classification accuracy of the leave-one-out approach is (50+45)/143 = 0.66. If there 

was no true discriminating signal in the data, then the classifiers built by the leaveone-out 

procedure should produce a table with a relatively evenly distributed number of entries among the 

four cells, since the classes are of roughly the same size and the predictions should be random. 

However, the observed table is far from that random distribution. By using Fisher's exact test it is 

possible to compute the probability (p-value) for obtaining a table with the same or better 

accuracy of prediction by random chance. Specifically, the p-value is 7.7 × 10-5, which strongly 

indicates that the result is not due to random chance. The calculated odds ratio (OR) for survival 

is 3.9 CI (2.0, 7.8). We subsequently focused on SNP subsets that might provide more directed 

functional associations and found that the best predictor of survival was achieved when just the 

non-synonymous SNPs and the promolign SNP subset in introns was used. The accuracy of 

prediction increased to 75.5% OR = 9.6 CI (4.5, 20.5). 

To determine whether genotypes in the SNP panel had true discriminatory power we 

randomly permuted the outcome across the two groups and calculated the classification accuracy. 

A total of 10,000 random group comparisons were performed (ie, survival groups were randomly 

mixed) with the distribution of accuracy shown in Figure 3. As expected, the most common 

accuracy was close to 50%, with a random distribution around the mean. Notably, no random 

grouping achieved the accuracy of the original survival classification of 66%, nor the 75% sub 

set, indicating that, as a group, the SNPs are providing a measure of true discrimination of 

survival. 
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Another approach that is commonly used for classification is the generation of random 

subsets for training and validation. A classification model is built on the training subset, and is 

evaluated on a separate test set. The process is repeated and yields a distribution of accuracy on 

the data set labels (eg. short versus long PFS). This is then repeated with random shuffling of the 

survival data sets to determine whether there is true signal accuracy. For this analysis, we again 

used a support vector machine classifier, as implemented by the Weka package [25], using a 

preset linear kernel option). The training set consisted of repeated samples of 50 short term and 

50 long term survivors, with the remaining patient samples used for test validation. One hundred 

runs were performed for the short and long term classifiers, and the average accuracy on test set 

analysis was 61.4% +/-7.1%. One hundred runs of random mixed set comparisons generated an 

average accuracy of 47.5% +/-7.3%. This further suggests that there are true differences in the 

genotypes that impact survival classification. A t-test was performed to evaluate the difference 

between the classification results based on the original and randomized class labels, resulting in a 

pvalue for survival classification of less than 0.0001. This further indicates that, as a group, the 

SNPs are providing a measure of true discrimination of survival.  

Each of the above approaches demonstrated that the SNP panel provided discrimination; 

however, we attempted to explore possible subsets of SNPs that may drive the association. We 

used Fisher's exact test as a univariate screening tool to determine the association of SNPs with 

each trial separately (Tables 3 and 4), then using the top 50 rank ordered SNPs, performed 

recursive partitioning to identify the combination of SNPs that best distinguish PFS groups. In 

recursive partitioning each genotype is evaluated on its ability to make a correct prediction, 

creating a decision node. A pruned decision tree is created in which the minimum number of the 

strongest nodes creates a group prediction. From the results of each trial, we then validated on the 

other trial. In the univariate ranking, we did not correct for multiple comparisons; that would 

certainly reduce the p-value significance, but would not alter the rank order comparison. This 
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approach does examine the association of each individual SNP; it is more likely that complex 

interactions may drive association of groups of SNPs not revealed by univariate ranking. 

Nevertheless, among the top ranked individual SNP variations in both trials were those associated 

with drug metabolism/detoxification/transport, including: cyp genes, multiple variants of GSTA4, 

SLCO, UGT1, NAT2, ABCB genes; as well as genes impacting cellular response, including: 

BMP2 (inducing myeloma apoptosis) [30], cathepsin B (inducing IL-8 dependent cellular 

migration and angiogenesis [31,32], XRCC5 (DNA repair); and genes associated with 

proliferative responses (PCNA, MAPK, cyclin kinase). The association of multiple alleles of 

GSTA4 is particularly compelling, suggesting consistency in its impact across several variant 

alleles. In addition, several alleles are in linkage disequilibrium, appearing as a cluster in the list – 

providing quality controls (as linked genes would be expected to show the same association). 

The first survival separation was analyzed for clinical trial S9321, and the top 20 rank 

ordered SNPs are presented inTable 3 (more extended rank order presented in Table 2S of [28]). 

Figure 4 shows the pruned recursive partitioning tree, resulting in two SNPs with the highest 

classification prediction of survival groups. One SNP is in catechol methyl transferase (COMT) 

and one is in Ghrelin precursor (GHRL). The potential significance of these SNPs on outcomes is 

discussed below. The correct classification rate (survival prediction) was 71%, which dropped to 

58% on validation testing with the E9486 trial. The specificity and sensitivities are also presented. 

The converse analysis was done (E9497 training set; S9321 validation); and the rank order of 

SNPs was determined (Table 4 and an expanded Table 3S in [28]). A recursive partitioning tree 

of two SNPs showed 79% classification on the training E9487 set, and 56% on the S9321 

validation (Figure 4). The SNPs identified in this trial were farnesyl transferase (FDFT) and 

ABCC1 (in the family of ATP transporters). The potential significance is also provided in the 

Discussion. 
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As an exploratory approach, we combined the data sets from both trials, then used 

Fisher's exact test as a univariate screening tool to determine the association of each SNP with 

survival. When we treated the top 165 SNPs (univariate p < 0.02) as a set for short versus long 

PFS classification prediction using a random forest multiple sampling approach [27], we found a 

79% correct classification rate. However, similar classification accuracy could be achieved with 

random class labels, demonstrating the potential of false positive associations in such complex 

data sets. 

Discussion: 

We have designed a novel SNP panel, containing 3404 genetic variations associated with 

983 genes involved in a variety of cellular functions that could impact population variations in 

tumor progression and response (Table 1 and [28]). This approach is distinct from using 

genomewide SNP arrays of 500,000 SNPs. The Affymetrix 500K SNP Panel is based on 

restriction enzyme cleavage sites and representative spacing on the chromosomes. While having 

significantly greater content, over 90% of the SNPs on the whole genome array are intragenic; 

and the chip is most often analyzed for linkage associations. The multiple comparison false 

positive error rate is large, and the technology considerably more expensive. Indeed, of the 3404 

gene-associated SNPs on the BOAC SNP panel, only 401 are contained on the 500K SNP panel. 

There are limitations to the BOAC SNP panel as well. The public and Affymetrix 

databases used to construct the chip content are constantly updating, so that missing elements 

may be noted. While we targeted SNPs in non-synonymous coding sequences or highly 

conserved regulatory sequences, many of the SNPs have not yet been functionally documented 

for effects. As such, SNP associations in the BOAC panel represent a first step in exploring the 

genome for clinically relevant genetic variations that will require both extensive validations as 

well as functional assays to confirm their effect. 
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We made a considerable effort to ensure that quality controls were in place. The 

Affymetrix platform provided a high call rate (96%) as well as very high concordance in replicate 

samples, even those run at different facilities. The concordance extended to 786 SNPs on the 

panel that were documented for the Coriell cell lines we have included [10]. All of the samples 

we analyzed had high quality DNA (A260/280 ratios > 1.7, and little DNA degradation). 

In subsequent unrelated studies, we found that even highly degraded DNA provides 

robust, high call rates and reproducibility (not shown); probably because the initial amplifications 

are across 100–150 bp of DNA. The most likely source for quality control error may come from 

sample misidentification or placement in multi-well plates. To control for this, we routinely 

incorporate randomly positioned controls and replicates. Within the Coriell cell line panel is a 

distribution of racial groups. It is striking how much allelic frequencies differ in the African 

American vs. Caucasian racial groups. It is likely there is more refinement of allelic variations 

associated with more geographical based lineages [33], as racial definitions are somewhat 

subjective and often self reported. Importantly, as the BOAC database increases, multiple 

comparisons can be done with appropriate corrections for allelic variations among races. It will 

be important to include the full spectrum of patients as the database expands. 

Disease progression, response and survival vary widely among patients. There are a 

number of studies that have examined variations in tumor cell chromosomal abnormalities [5] and 

gene expression profiles [6-8]. The evidence strongly suggests that patient outcomes are impacted 

by these tumor cell variations. However, patient populations show considerable germline 

variation that could influence the microenvironment, immune status, and drug metabolism or 

transport. For example, the authors (DJ, GM) have presented evidence that germline variations in 

GSTP1 show alterations in melphalan metabolism, and have been associated with different 

outcomes in patients receiving high dose melphalan therapies [34]. Numerous examples of 
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variations in drug metabolism, transport, and DNA repair have been documented, with emerging 

associations on therapeutic outcomes. 

Our approach was to provide a more global germline analysis that was driven by 

bioinformatic searches for potentially relevant variations in multiple genes and gene functions. 

This is still an exploratory approach to identify potential variations of functions that impact upon 

therapeutic responses and disease progression that may result in differences in survival outcomes. 

Rather than a linear progression of survival, we chose to examine two extreme ends of the PFS 

spectrum, to maximize the first steps in identifying potential functional variations. Patients were 

stratified by short (< 1 year) versus longer (> 3 years) PFS groups. Nevertheless, it is likely that 

survival is a complex endpoint resulting from both tumor progression and therapeutic failure that 

may impact upon multiple organ systems. Moreover, we recognized that a) tumor variation 

among patients may have dominant effects that are associated with survival; b) the trials we 

examined used multidrug regimens, and each drug response may be impacted upon by complex 

genetic variations in transport, metabolism, and export; and c) sample number is still limiting 

statistical power. Thus, our initial approaches in this study were to determine whether germline 

variations had any measurable influence on survival. 

We felt it was important to determine, first, if there were any true discrimination of the 

SNP panel in the two PFS groups, when the complete SNP profile was considered. Using a 

variety of methods that were tested against randomly mixed sample analysis, we found the SNP 

panel had true signal to discriminate the short and long progression-free survivors, although the 

accuracy did not reach the level of prediction that would allow clinical application. Notably, a 

smaller subset increased the predictive power. Significantly, no individual genetic variation 

provided a strong, independent prediction of survival. This likely reflects the fact that individual 

germline variations may impact upon response, but are not solely responsible; and it is likely that 

such variations are the result of complex interactions. Indeed, genetic variations in the tumor cell 
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may play a dominant role in response and survival. Thus, patient responses are likely to involve 

interactions affecting multiple functions within the tumor cell as well as external factors affecting 

tumor progression and drug response. Nevertheless, our analysis of the SNP panel as a group 

suggests it is likely that germline variations impact upon patient survival and deserve further 

attention.  

Recognizing the limited statistical power to detect single SNPs associated with PFS, we 

did perform a univariate analysis to rank order the SNPs that individually best discriminated the 

groups in the two similar phase III clinical trials. We did not correct for multiple comparisons, 

which would certainly reduce the p-value significance but would not alter the rank order 

comparison. This approach also assumes association for the individual SNP. It is more likely that 

complex multi-SNP groupings influence response. Nevertheless, among the top SNP variations in 

both trials were those associated with drug metabolism/ detoxification/transport, including: cyp 

genes, multiple variants of GSTA4, SLCO, UGT1, NAT2, ABCB genes; as well as genes 

impacting cellular response, including: BMP2 (inducing myeloma apoptosis), cathepsin B 

(inducing IL-8 dependent cellular migration and angiogenesis [31,32], XRCC5 (DNA repair); and 

genes associated with proliferative responses (PCNA, MAPK, cyclin kinase). The association of 

multiple alleles of GSTA4 is particularly compelling, suggesting consistency in its impact across 

several variant alleles. In addition, several alleles are in linkage disequilibrium, appearing as a 

cluster in the list – providing quality controls (as linked genes would be expected to show the 

same association). Surprisingly absent from the SNP association lists are cytokines, growth 

factors and receptors that might be expected to cause variations in disease progression and 

resistance, with the exception of IL-10, which has been reported in previous studies [35]. 

While still an exploratory analysis, the paired SNPs identified by recursive partitioning in 

each trial have some intriguing possible connections to PFS. COMT (catechol-O-

methyltransferase) metabolizes catechol drugs, and has been linked to breast cancer risk and 
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survival [36]; GHRL has been shown to stimulate angiogenesis [37] and regulate bone formation 

through osteoblasts [38,39]; FDFT is the farnesyl transferase that may regulate important 

signaling (eg, ras) [40,41]; and ABCC is among a class of transporters that may influence multi-

drug resistance [42]. It is noted that strong association in one trial was significantly reduced in the 

validation trial. Nevertheless, the functional impact of these genetic variations may warrant 

further investigation. 

Conclusion 

The exploratory analyses provide some of the first attempts to use larger, targeted SNP 

panels to develop models of genomic variations that may influence treatment outcomes, and that 

may deserve further analysis of functional significance. Not surprisingly, among the most 

significant variations correlating with survival were genes that could be functionally categorized 

as pharmacologic. However, the group analysis suggests various functions may interplay in 

disease progression and response. It is important to consider the fact that we could not identify a 

small driver set of SNPs that strongly associated with survival, particularly with the limited 

sample size. However, we note that, as a group, germline genomic variations do have impact on 

event-free survival. As the Bank On A Cure data set is expanding, SNP associations are being 

analyzed for more specific phenotypes in response, disease complications (eg, bone disease), and 

adverse or toxic drug effects (eg, thrombolytic events associated with thalidomide). 

Heterogeneity in tumor gene deregulation certainly contributes to variation in disease outcome. It 

would seem appropriate to consider combining an understanding of tumor heterogeneity 

(chromosomal and expression profiles) with germline variations (eg, SNP variations associated 

with pharmacologic functions or disease complications) that can lead to development of more 

individualized therapies that take into account both tumor and population variations. 

 



 
 

158. 
 

Abbreviations 

BOAC: Bank On A Cure; ECOG: Eastern Cooperative Oncology Group; IRB: Institutional 

Review Board; MM: multiple myeloma; OR: odds ratio; PFS: progression-free survival; SNP: 

single nucleotide polymorphism; SVM: support vector machine; SWOG: Southwest Oncology 

Group; VAD: Vincristine, Adriamycin, Dexamethasone; VBMCP: Vincristine, Busulfan, 

Melphalan, Cyclophossphamide, Prednisone. 

 

Competing interests 

The authors declare that they have no competing interests. Authors' contributions BVN is 

the principal investigator of study, involved in study design and writing the manuscript. CR and 

MH developed genotyping assays and generated genotype data. AH, JH, and JC provided input 

on study design and statistical analysis. SJ provided clinical outcome data from the office of 

ECOG Statistical Center. MO was the clinical chair of the ECOG phase III trial. VR and PG have 

shared chairmanship of the ECOG Myeloma Committee and participated in clinical trial study 

design and clinical evaluations. BB chairs the SWOG myeloma clinical design and evaluations. 

BD is the Clinical Director of the Bank On A Cure project described. MK supervizes integration 

of laboratory efforts between the USA and the UK. VR, MS, GA, GF, RG, and RM developed 

statistical approaches in vector machine applications. DJ participated in SNP panel design and 

genotyping assembly. GM co-directs Bank On A Cure with BVN, and has been involved in study 

design and data evaluation. 

 

 

 



 
 

159. 
 

References: 

1. Lander ES, from the International Human Genome Sequencing Consortium, et al.: Initial 

sequencing and analysis of the human genome. Nature 2001, 409:860-921. 

2. Venter JC, et al.: The sequence of the human genome. Science 2001, 291:1304-1351. 

3. International Human Genome Consortium: Finishing the euchromatic sequence of the 

human genome. Nature 2004, 431:931-945. 

4. Kyle RA, Rajkumar SV: Plasma cell disorders. In Cecil textbook of medicine 22nd 

edition. Edited by: Goldman L, Ausiello DA. Philadelphia: W.B. Saunders; 2004:1184-

1195. 

5. Bergsagel PL, Kuehl WM: Molecular pathogenesis and consequent classification of 

multiple myeloma. J Clin Oncol 2005, 23(26):6333-6338. 

6. Shaughnessy JD, Zhan F, Burington BE, Huang Y, Colla S, Hanamura I, Stewart JP, 

Kordsmeier B, Randolph C, Williams DR, Xiao Y, Xu H, Epstein J, Anaissie E, Krishna 

SG, Cottler-Fox M, Hollmig K, Mohiuddin A, Pineda-Roman M, Tricot G, van Rhee F, 

Sawyer J, Alsayed Y, Walker R, Zangari M, Crowley J, Barlogie B: A validated gene 

expression model of high-risk multiple myeloma is defined by deregulated expression of 

genes mapping to chromosome 1. Blood 2007, 109(6):2276-2284. 

7. Jenner MW, Leone PE, Walker BA, Ross FM, Johnson DC, Gonzalez D, Chiecchio L, 

Dachs Cabanas E, Dagrada GP, Nightingale M, Protheroe RK, Stockley D, Else M, 

Dickens NJ, Cross NC, Davies FE, Morgan GJ: Gene mapping and expression analysis of 

16q loss of heterozygosity identifies WWOX and CYLD as being important in 

determining clinical outcome in multiple myeloma. Blood 2007, 110(9):3291-3300. 

8. Chng WJ, Kumar S, Vanwier S, Ahmann G, Price-Troska T, Henderson K, Chung TH, 

Kim S, Mulligan G, Bryant B, Carpten J, Gertz M, Rajkumar SV, Lacy M, Dispenzieri A, 

Kyle R, Greipp P, Bergsagel PL, Fonseca R: Molecular dissection of hyperdiploid 

multiple myeloma by gene expression profiling. Cancer Res 2007, 67(7):2982-2989. 

9. Kay NE, Leong TL, Bone N, Vescole DH, Greipp PR, Van Ness B, Oken MM, Kyle RA: 

Blood levels of immune cells predict survival in myeloma patients: results of an Eastern 

Cooperative Oncology Group phase 3 trial for newly diagnosed multiple myeloma 

patients. Blood 2001, 98(1):23-28. 

10. Packer BR, Yeager M, Burdett L, Welch R, Beerman M, Qi L, Sicotte H, Staats B, 

Acharya M, Crenshaw A, Eckert A, Puri V, Gerhard DS, Chanock SJ: SNP500 Cancer: a 

public resource for sequence validation, assay development, and frequency analysis for 

genetic variation in candidate genes. Nucleic Acids Res 2006:D617-621. 

11. Oken MM, Leong T, Lenhard RE, Greipp PR, Kay NE, Van Ness B, Keimowitz RM, 

Kyle RA: The addition of interferon or high dose cyclophosphamide to standard 



 
 

160. 
 

chemotherapy in the treatment of patients with multiple myeloma: Phase III Eastern 

Cooperative Oncology Group Clinical Trial EST 9486. Cancer 1999, 86(6):957-968. 

12. Barlogie B, Kyle RA, Anderson KC, Greipp PR, Lazarus HM, Hurd DD, McCoy J, 

Moore DF Jr, Sakhil SR, Lanier KS, Chapman RA, Cromer JN, Salmon SE, Durie B, 

Crowley JC: Standard chemotherapy compared with high-dose chemoradiotherapy for 

multiple myeloma: final results of phase III US Intergroup Trial S9321. J Clin Oncol 

2006, 24(6):929-936. 

13. Hoffmann R, Krallinger M, Andres E, Tamames J, Blaschke C, Valencia A: Text mining 

for metabolic pathways, signaling cascades, and protein networks. Sci STKE 2005:pe21. 

14. Pharmgkb [http://www.pharmgkb.org/search/pathway/path way.jsp] 

15. BioCarta [http://www.biocarta.com] 

16. KEG [http://cgap.nci.nih.gov/Pathways/Kegg_Standard_Pathways] 

17. Stenson PD, Ball EV, Mort M, Phillips AD, Sheil JA, Thomas NS, Abeysinghe S, 

Krawszak M, Cooper DN: The Human Gene Mutation Database (HGMD®): 2003 

Update. Hum Mutat 2003, 21:577-581. 

18. Zhao T, Chang LW, McLeod HL, Stormo GD: PromoLign: A Database for Upstream 

Region Analysis and SNPs. Human Mutation 2004, 23:534-539. 

19. Kang HJ, Choi KO, Kim BD, Kim S, Kim YJ: FESD: a Functional Element SNPs 

Database in human. Nucleic Acids Res 2005, 33(1):D518-522. 

20. Miller RD, Phillips MS, Jo I, et al.: High-density single-nucleotide polymorphism maps 

of the human genome. Genomics 2005, 86(2):117-126. 

21. Ahmadi KR, Weale ME, Xue ZY, Soranzo N, Yarnall DP, Briley JD, Maruyama Y, 

Kobayashi M, Wood NW, Spurr NK, Burns DK, Roses AD, Saunders AM, Goldstein 

DB: A single-nucleotide polymorphism tagging set for human drug metabolism and 

transport. Nat Genet 2005, 37(1):84-89. 

22. Hardenbol P, Baner J, Jain M, Nilsson M, Namsaraev EA, Karlin-Neumann GA, Fakhrai-

Rad H, Ronaghi M, Willis TD, Landegren U, Davis RW: Multiplexed genotyping with 

sequence-tagged molecular inversion probes. Nat Biotechnol 2003, 21(6):673-678. 

23. Kearns M, Ron D: Algorithmic stability and sanity-check bounds for leave-one-out cross-

validation. In Proceedings of the Tenth Annual Conference on Computational Learning 

theory (Nashville, Tennessee, United States, July 06 – 09, 1997). COLT '97 ACM, New 

York, NY; 1997:152-162. 

24. Dinu Valentin, Zhao Hongyu, Miller Perry L: Integrating domain knowledge with 

statistical and data mining methods for highdensity genomic SNP disease association 

analysis. Biomedical Informatics 2007, 40:750-760. 



 
 

161. 
 

25. Witten Ian H, Frank Eibe: "Data Mining: Practical machine learning tools and 

techniques". 2nd edition. Morgan Kaufmann, San Francisco; 2005. 

26. Therneau Terry M, Atkinson Elizabeth J: An introduction to recursive partitioning using 

the rpart routines. Technical report 61, Mayo Clinic 1997. 

http://mayoresearch.mayo.edu/mayo/research/biostat/techreports.cfm, R package 

available at http://cran.r-project.org/src/contrib/Descriptions/rpart.html 

27.  27. Agreti A: An introduction to categorical data analysis. Wiley, NJ; 1996. 

28. Breiman L: Random forests. Machine Learning 2001, 45:5-32. 

29. Efron B, Tibshirani R: An introduction to the Bootstrap. Chapman & Hall/CRC, FL; 

1994. 

30. Kaplan EL, Meier P: Nonparametric estimation from incomplete observations. J Am Stat 

Assoc 1958, 53:457-481. 

31. Shriver MD, Mei R, Parra EJ, Sonpar V, Halder I, Tishkoff SA, Schurr TG, Zhadanov SI, 

Osipova LP, Brutsaert TD, Friedlaender J, Jorde LB, Watkins WS, Bamshad MJ, 

Gutierrez G, Loi H, Matsuzaki H, Kittles RA, Argyropoulos G, Fernandez JR, Akey JM, 

Jones KW: Large-scale SNP analysis reveals clustered and continuous patterns of human 

genetic variation. Hum Genomics 2005, 2(2):81-89. 

32.  Kawamura C, Kizaki M, Ikeda Y: Bone morphogenetic protein (BMP)-2 induces 

apoptosis in human myeloma cells. Leuk Lymphoma 2002, 43(3):635-9. 

33. Schraufstatter IU, Trieu K, Zhao M, Rose DM, Terkeltaub RA, Burger M: IL-8-mediated 

cell migration in endothelial cells depends on cathepsin B activity and transactivation of 

the epidermal growth factor receptor. J Immunol 2003, 171:6714-6722. 

34. Yanamandra N, Gumidyala KV, Waldron KG, Gujrati M, Olivero WC, Dinh DH, Rao 

JS, Mohanam S: Blockade of cathepsin B expression in human glioblastoma cells is 

associated with suppression of angiogenesis. Oncogene 2004, 23:2224-2230. 

35. Bamshad M: Genetic influence on health: does race matter? JAMA 2005, 294:937-946. 

36. Dasgupta RK, Adamson PJ, Davies FE, Rollinson S, Roddam PL, Ashcroft AJ, Dring 

AM, Fenton JA, Child JA, Allan JM, Morgan GJ: Polymorphic variation in GSTP1 

modulates outcome following therapy for multiple myeloma. Blood 2003, 102(7):2345-

2350. 

37. Zheng C, Huang D, Liu L, Wu R, Bergenbrant Glas S, Osterborg A, Bjorkholm M, Holm 

G, Yi Q, Sundblad A: Interleukin-10 gene promoter polymorphisms in multiple 

myeloma. Int J Cancer 2001, 95(3):184-188. 

http://mayoresearch.mayo.edu/mayo/research/bio
http://cran.r-project.org/src/contrib/Descriptions/rpart.html


 
 

162. 
 

38. Long JR, Cai Q, Shu XO, Cai H, Gao YT, Zheng W: Genetic polymorphisms in estrogen-

metabolizing genes and breast cancer survival. Pharmacogenet Genomics 2007, 

17(5):331-338. 

39. Li A, Cheng G, Zh GH, Tarnawaski AS: Ghrelin stimulates angiogenesis in human 

microvascular endothelial cells: Implications beyond GH release. Biochem Biophys Res 

Commun 2007, 353(2):238-2343. 

40. Kim SW, Her SJ, Park SJ, Kim D: Ghrelin stimulates proliferation and differentiation and 

inhibits apoptosis in osteoblastic MC3T3-E1 cells. Bone 2005, 37(3):359-69. 

41. Fukushima N, Hanada R, Teranishi H, Fuku Y: Ghrelin directly regulates bone 

formation. J Bone Miner Res 2005, 20(5):790-798. 

42. Alvarado Y, Giles FJ: Ras as a therapeutic target in hematologic malignancies. Expert 

Opin Emerg Drugs 2007, 2:271-284. 

43. Hu L, Shi Y, Hsu JH, Gera J, Van Ness B, Lichtenstein A: Downstream effects of 

oncogenic ras in multiple myeloma cells. Blood 2003, 101(8):3126-3135. 

44. Pol MA van der, Broxterman HJ, Pater JM, Feller N, Mass M van der, Weijers GW, 

Scheffer GL, Allen JD, Scheper RJ, van Loevezijn A, Ossenkoppele GJ, Schuurhuis GJ: 

Function of the ABC transporters, P-glycoprotein, multidrug resistance protein and breast 

cancer resistance protein, in minimal residual disease in acute myeloid leukemia. 

Haematologica 2003, 88(2):134-147. 

 

 

 

 

 

 

 

 

 



 
 

163. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 
 

164. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 
 

165. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 



 
 

166. 
 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 



 
 

167. 
 

Figure 1. SNP selection strategy for the BOAC SNP panel. For full description, see Methods 

and Results. Numbers under the cell functions indicate the final number of SNPs on the chip in 

each category. 
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Figure 2. Racial allelic frequency patterns. A) Diagonal plot comparing minor allele 

frequencies between BOAC SNPs of Caucasian versus African American myeloma patients. Note 

high rate of allelic variation. B) Diagonal plot comparing minor allele frequencies between 

BOAC SNPs of Caucasian myeloma patients versus unaffected Caucasians. 
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Figure 3. Survival prediction accuracy versus distribution of random subsets from the 

BOAC SNP panel. The 173 SNP profiles were randomly paired 10,000 times, and the accuracy 

of the SNP prediction was determined, resulting in a distribution of accuracy, centered around 

50%. This is compared with survival group prediction accuracy of the full SNP panel (66%) and 

the subset of SNPs (76%) described in the text. Odds ratios and confidence intervals are given for 

each. In both cases the pvalue for predictive power is less than 0.0001. 
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Figure 4. Recursive partitioning tree from S9321 and E9486. The classification prediction was 

calculated for one trial and tested on the other as validation. 
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 We have performed an expanded candidate gene study by combining genotyping 

data from 2595 presenting myeloma cases with 8974 matched population controls across three 

cross-validating cohorts of European origin from the UK, US and the Netherlands. Strong 

associations were found with non-synonymous SNPs in FCRL5 (rs6679793, odds ratio (OR) 

=1.54, P=4.2 x 10-14); CYP2C19 (rs3758581, OR=2.02, P=3.08 x 10-9); CAMKK2 (rs1132780, 

OR=1.56, P= 8.58 x 10-8) and SELP (rs6127, OR=1.26; P=9.5 x 10-7). We also see associations 

with tagging-SNPs across potential regulatory regions in NFATC1 (rs4799055, OR=0.77, P=6.93 

x10-13); CYP1A2 (rs2472304, OR=1.26, P=3.40 x 10-8); IFNGR2, rs8131980, OR=1.24, P=4.23 

x 10-7); GSTA4 (rs7496, OR=1.59, P=6.33 x 10-6); and TNFRSF17 (rs3743591, OR=2.92 

P=1.72 x 10-11). These data provide evidence of an underlying genetic susceptibility to multiple 

myeloma disease. 

Introduction: 

 Approaches aimed at identifying the causative factors associated with the risk of 

developing Multiple Myeloma (MM), have largely been inconclusive (1-4) and genetic 

epidemiology approaches offer an important new avenue of research. Evidence supporting a role 

for genetic variation in the aetiology of MM comes from a variety of sources, where a greater risk 

is seen in first degree relatives of patients with MM 5 and MGUS (6-7), there are reported 

familial clusters of MM (8-11), and an increased risk is seen in African Americans (12-13). 

Although studies to date using genetic epidemiological methods have lacked power and have 

used only a limited numbers of SNPs (14-18), they have suggested possible associations with 

genetic variation in a number of pathways, including growth factors, DNA repair, one carbon 

metabolism, cell cycle progression and apoptosis pathways (19-24). 
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 In this work, we have taken a hypothesis driven approach to examine the role of 

genetic variation associated with MM, using a custom genotyping array to study 2595 presenting 

MM cases of European origin derived from the UK, US and the Netherlands. The custom array 

consisted of 3404 SNPs in 964 genes, focussing on SNP variation in molecular pathways 

involved in the pathogenesis and treatment response of MM (25-27). In order to understand the 

distribution of these variants within the normal unaffected population, we accessed 8974 

population control genotypes generated by the Wellcome Trust Case Controls Consortium 

(WTCCC) and the Erasmus Rotterdam Health and the Elderly Study Group (ERGO). A 

comparison of the genotypic distribution between the case and control populations has allowed us 

to identify genetic variation that associates with MM predisposition. 

Materials and Methods: 

 A hypothesis driven custom (BOAC) array (26-28) was built by generating a 

candidate list, comprising of genes with experimental evidence of a functional role linked to the 

risk and progression of MM from the literature. The candidate gene list was systematically 

interrogated by SNP databases including dbSNP, SNP500 (29), Promolign (30) focusing on 

common coding and regulatory SNPs with minor allele frequency (maf) >2%. We sought to 

validate previously published work in myeloma epidemiology and pharmacogenetics in general 

by including variants with previously described associations or putative functional effects in 

myeloma. We also had a focus on ADME genes (absorption, distribution, metabolism and 

excretion) (31). The final array comprised of 3404 SNPs, selected in predicted functional regions 

within 964 genes spanning 67 molecular pathways. 

 SNPs were genotyped using DNA extracted from the peripheral blood of 2595 

presenting MM cases derived from a number of randomised clinical trials from the UK (MRC 

Myeloma-IX study), US (ECOGA4/A03, ECOG9486, SWOG9321) and the Netherlands 
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(HOVON-50, HOVON-65, GMMG-HD3). The MM cases were genotyped on Affymetrix® 

Targeted arrays using True-Tag protocol version 1.5. Genotype calling involves background 

subtraction and spectral overlap correction, followed by expectation-maximisation (E/M) 

clustering across all processed arrays. Samples were filtered using a >90% call rate cut-off and 

SNPs were filtered for call rates >95% and for departures from Hardy Weinberg equilibrium P 

>10-5 across each SNP cluster. To understand and protect the analysis from potential platform 

effects, 58 DNA samples from Coriell CEPH Hapmap individuals were assayed on the custom 

assay to validate the call performance of the panel. A total of 2606 SNPs were present on both the 

custom array and HAPMAP, with a SNP call correlation of 96.1%; SNPs falling below this were 

removed from the analysis (132 SNPs). The Coriell sample genotype validation was replicated in 

each of the three labs to ensure there was no differential bias in genotyping scoring between sites. 

 The control population sets consisted of the WTCCC2 study (32-33) with 3000 

individuals from the 1958 British Birth Cohort (58C) and the UK Blood Service collections 

(UKBS), genotyped on both the Illumina 1.2M Duo (Human1-2M-DuoCustom_v1) and the 

Affymetrix v6.0 chips; and the 5974 individuals from the Dutch >55yrs old population controls 

from the ERGO study (34-35), genotyped on the Illumina 550K array. 2352 autosomal SNPs 

typed on the targeted array with MAF >1% were also available by direct genotyping in the 

publicly accessible WTCCC population datasets. 2164 SNPs were available from the WTCCC2 

data genotyped on the Illumina 1.2M Duo array (Human1-2M-DuoCustom_v1). 719 SNPs from 

the targeted array were available on the Affymetrix v6.0 chip, 601 SNPs of these were not seen 

on the Illumina array. An additional 230 SNPs was provided by imputation methods. Indirectly 

population genotypes were generated by imputation with IMPUTE2 as described (36), utilising 

both 1000 genomes and HapMap3 data sets. We also selected a set of proxy SNPs in complete 

LD (D‘ and R2 =1) with the target SNP using SNAP (37). The WTCCC BS dataset were paired 

with the US cases and the WTCCC 58C were used to provide population controls for the UK 
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cases. In the Dutch series there was 992 SNPs available by direct genotyping on the Illumina 

550K array from the ERGO study, a further 255 SNPs were available following imputation and 

630SNPs by identification of proxies. Quality control measures were applied with a >90% call 

rate for the controls samples. A call rate of >95% filter was applied for each SNP assay; 

departures from Hardy-Weinberg equilibrium (HWE) with a P>10-5 were also excluded. 

Statistical Analysis 

 Analysis was performed in the program PLINK 1.07 (38). Subjects with evidence of 

cryptic relatedness and non-European background were excluded from the analysis. A Genomic 

inflation factor λ was evaluated based on median chi-squared for each set of analyses and showed 

little evidence for an inflation of test statistics (Figure 2). A logistic regression based additive 

model was fitted to each SNP with MM risk as the outcome measure and was adjusted for the 

covariates age and sex. There were 1240 SNPs in 582 genes fulfilling quality control criteria 

across all three case-controls sets available for meta-analysis which was carried out to examine 

associations across the discovery and validation datasets. The PLINK --epistasis option was used 

for case and controls analysis, and the --fast-epistasis option was used for case-only analysis. We 

performed search of pair-wise interactions using epistasis analysis (39). Combinations were 

restricted to SNPs more than 5 MB apart or on different chromosomes. To correct for multiple-

testing in the epistasis analysis, analyses were restricted to SNPs producing nominally significant 

values of P<10-4 (40). 

 The relationship of expression with genotype in SNPs associated with risk was 

examined in a set of 212 UK (41) and 264 Arkansas cases (42-43) with expression data derived 

from the U133 Plus 2.0 expression array (Affymetrix). Utilising publicly available data through 

NCBI GEO datasets and Hapmap, we also correlated mRNA expression level with genotype in 

the same SNPs from 86 Epstein-Barr virus (EBV) transformed lymphoblastoid cell lines in 
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European Hapmap individuals using Sentrix Human-6 Expression BeadChips (Illumina) (44). A 

Wilcoxon-type test for trend (45) was used to compare differences in the distribution of levels of 

mRNA expression between SNP genotypes in these sets. 

Results: 

 The study design and comparator groups are shown in Figure 1 and the strongest 

positive associations seen are summarised in Table 1. The non-synonymous variants significantly 

associated with myeloma risk across each of the studies are shown as a Forest plot, Figure 3. 

Further haplotypic structures around the individual SNPs are described in more detail in the 

supplementary data. The strongest association is seen with the non-synonymous SNP rs6679793 

in the gene FCRL5 (Fc receptor-like 5). Under a random-effects model, the A-allele in the SNP 

rs6679793 is associated with an increased myeloma risk with a P=4.2 x 10-14, OR=1.54, CI 1.38-

1.72. An association is seen with an intronic SNP rs4799055 in the gene NFATC1 (Nuclear factor 

of activated T-cells, cytoplasmic 1), under a random-effects model the T-allele being protective, 

P=6.93 x10-13, OR=0.77 CI 0.66-0.87. We see an association with a SNP in the untranslated 

region of the gene TNFRSF17 (Tumour Necrosis Factor Receptor Superfamily, member 17), the 

G-allele of SNP rs3743591 being associated with risk, P=1.72 x 10-11, OR=2.92 CI 2.14-3.99, in 

a random-effect model. An association is seen with a non-synonymous SNP rs3758581 in 

CYP2C19 (Cytochrome P450 2C19), the A–allele being associated with increased risk, P=3.08 x 

10-9 OR=2.02 CI 1.60-2.55 under a random-effect model. We found an association with a non-

synonymous SNP rs1132780 in the gene CAMKK2 (Calcium/calmodulin-dependent protein 

kinase kinase), the A-allele being associated with risk P=8.58 x 10-8 OR=1.56 CI 1.32-1.83. An 

association is found with the intronic SNP rs2472304 in the gene CYP1A2 (Cytochrome P450 

1A2) the G-risk allele being associated with an increased risk P=3.40 x 10-8 OR=1.26 CI 1.16-

1.37. We see an association with the gene IFNGR2 (interferon gamma receptor 2), SNP 
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rs8131980, the A-allele being associated with increased risk P=4.23 x 10-7 OR=1.24 CI 1.14-

1.35. 

 We see two further associations that did not achieve genome wide significance, but 

are close enough to be reported. There is an association with a non-synonymous SNP rs6127 in 

the gene SELP (Selectin P), the C-risk allele being associated with risk, P=3.09 x 10-6, OR=1.18 

CI 1.09-1.26; and also with a SNP rs7496 in the untranslated region of GSTA4 (Glutathione S-

transferase alpha 4), the T-allele being associated with increased risk, P=6.33 x 10-6 OR=1.59 CI 

1.07-2.20. It is important to note, given that imputation techniques can bias genotype frequencies 

that SNP rs37458581 was imputed across all three control cohorts, whilst rs6127 was imputed in 

the Dutch cohort only; all other case and controls genotypes across the associated MM risk 

variants were directly genotyped. 

 In order to examine potential functionality of significantly associated SNPs present 

within regulatory regions, we correlated the presence of the risk variant with the expression level 

of the gene probeset in two separate myeloma datasets and a lymphoblastoid cell line set 

(HAPMAP). All associated genes were shown to be expressed highly in myeloma tumour cells 

and the results of this analysis are given in full in the supplementary data. We see evidence of a 

significant trend in expression level with the risk associated genotypes in SELP, NFATC1, 

CAMKK2, FCRL5, GSTA4 in one of the two myeloma expression sets, but no SNP showed a 

significant correlation with expression across both myeloma sets. 

 There is increasing evidence that gene–gene interactions (epistasis) could play a role 

in susceptibility to complex diseases.46-48 To investigate statistical evidence of epistasis, we 

tested whether the observed counts for SNP-SNP combinations between associated variants, 

reflected the expected values within the null hypothesis of no interaction. Examining SNP x SNP 

interactions in both cases and controls we see that rs6127 (SELP) has a significant interaction 
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with a number of SNPs including rs3743591 (TNFRSF17) ORinteraction=0.66, P=1.6x10-9, 

rs3758581 (CYP2C19) OR interaction=1.54, and rs7496 (GSTA4) P=6.5x10-6, 

ORinteraction=1.33, P=1.6x10-5. It is possible to increase the power to detect such interactions 

by performing a case-only analysis.49 In the case-only method we see a major interaction 

between rs6127 (SELP) and rs3743591 (TNFRSF17), with seven further interactions exceeding 

P>10-5. (Table 2). 

Discussion: 

 In this study we describe a number of inherited genetic variants that associate with 

the risk of developing MM that are informative of both the biological and environmental 

contributions in this respect. It is the largest genetic epidemiological study to date addressing the 

genetic contribution to the risk of developing MM with the study design laying somewhere 

between a classical candidate gene study and a whole genome scan. We have assayed 1284 SNPs 

across 524 genes, in genes that are potentially involved in the pathogenesis of MM and 

specifically asked how they may modulate the risk of developing MM. The associations seen are 

strong, across three cohorts of European origin with a number achieving genome wide 

significance P<10-7. In addition there is experimental support for the functional role of the 

variants identified. However, it should be noted, this hypothesis driven approach cannot detect 

associations outside the candidate panel and will not, therefore, observe associations potentially 

detectable by a genome wide approach. 

 Micro-environmental interactions and B cell signalling pathways are relevant to the 

development of myeloma possibly by mediating cell survival following genetic damage. In this 

context, we find a number of relevant associations including with 2 SNPs derived from 

chromosome 1, a region which is frequently associated with myeloma progression and poor 

clinical outcome (42, 50-52). The strongest association was seen with the SNP rs6679793 in 
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FCRL5, which is situated at bp 157514097 and codes for an amino acid change of Tyrosine to 

Histidine at position 267. FCRL5, also known as IRTA2, is an immunoglobulin-like cell surface 

receptor, expressed on the plasma membrane of the majority of MM patients (53), is involved in 

B-cell differentiation and is thought to play an immuno-regulatory role in the marginal zone (54-

55). The second associated SNP from chromosome 1, rs6127, lies at bp 169566313 in the SELP 

gene and results in an amino acid change of Arginine to Asparagine at position 603. SELP is a 

cell adhesion molecule on the surfaces of activated endothelial cells, with the P-selectin ligand 

being highly expressed in MM cells compared to normal plasma cells (56). 

 We see an association with, the SNP rs8131980 in IFNGR2 located on chromosome 

21 at bp 34810007; IFNGR2 is an integral part of the IFNγ signal transduction pathway and 

interacts with GAF, JAK1, and/or JAK2 to deliver survival signals. A further associated SNP 

rs3743591, located in TNFRSF17 at bp 12059032 on chromosome 16, is a receptor that is 

preferentially expressed in mature B lymphocytes, and is important for B cell development and 

autoimmune response. TNFRSF17 can bind to TNFRSF13b also known as BAFF, leading to 

NFκB and MAPK8/JNK activation. TNFRSF17 also binds to various TRAF family members, 

and thus may transduce signals for cell survival and proliferation. 

 The intronic SNP rs4799055, in NFATC1, at bp 77182003 on chromosome 18, 

represents another associated MM risk variant in a gene involved in mediating signalling via 

cytokine signalling pathways. NFATC1 can influence the expression of cytokine genes, such as 

IL-2 or IL-4 and may not only regulate B cell activation and proliferation, but also the 

differentiation and programmed death of T-lymphocytes. NFATC1 is also a transcription factor 

that plays a central role in osteoclast formation An associated risk variant in a gene mediating 

similar effects is rs1132780 in CAMKK2 leading to an amino acid change at position 363 from 

an Arginine to a Serine, located at bp 121691096 on chromosome 12. CAMKK2 plays a key role 

in autophagy and cell survival and it is also known that CAMKK-dependent Akt activation 
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inhibits IL-1β-induced NFκB activation through an interference with the coupling of IRAK1 to 

MyD88 (57). The potential importance of the gene in myeloma was highlighted in an RNAi scan 

for genes critical in myeloma cell function (58). Further evidence for variation in immune system 

related genes impacting on risk comes from the observation of associations with a SNP in the 

untranslated region of IL-8RB (rs1126579), P < 5.27 x 10-5 and NFκB intron SNP rs4648133 at 

P< 9.32 x 10-7. These analyses were only performed across two studies, as the data was not 

available for the Dutch set. 

 The associations with absorption, distribution, metabolism, excretion (ADME) 

genes seen in this study suggest that there are potential environmental exposures and opens the 

way for further validation in studies designed to investigate gene environment interactions. We 

see associations with a number of ADME genes including the CYP2C19 SNP rs3758581 present 

in poor metaboliser haplotypes CYP2C19*2 and CYP2C19*3, found on chromosome 10 at bp 

96602623, resulting in an amino change from Isoleucine to Valine at position 331. CYP2C19 is a 

key metabolising gene residing in the endoplasmic reticulum and can be induced to high levels in 

liver and other tissues by various relevant environmental exposures (59). The CYP1A2 SNP 

rs2472304 is associated with myeloma risk, is located on chromosome 15 at bp 75044238. 

CYP1A2 is found in the endoplasmic reticulum and is induced by some polycyclic aromatic 

hydrocarbons (PAHs). We could not demonstrate a relationship between the presence of the risk 

variant and CYP1A2 expression levels in the myeloma plasma cells, but this may be due to its 

impact being mediated at the level of the liver. A further association in an ADME gene with 

observed with SNP rs7496 in the GSTA4 gene from chromosome 6 at bp 52842839. 

 An observation of potential importance from the analysis of the SNP x SNP 

interactions is the suggestion that the two major pathways outlined above seem to mediate risk in 

tandem. In the strongest interaction discovered in this analysis we see two risk alleles from the 

immune response pathway, rs6157 (SELP) and rs3743591 (TNFRSF17). This interaction was 
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negative, and the risk alleles were seen to be partially exclusive of each other, indicating that may 

be serving a similar functional role in governing risk. We also then see a number of synergistic 

interactions between members from the two major pathway, an example of this is interaction 

between rs6157 (SELP) from immune response and rs3758581 (CYP2C19) from an ADME 

pathway. 

 In addition to describing novel associations we sought to validate previously 

reported associations with MM risk in our series of patients. While DNA damage and repair has 

been linked to myeloma risk, we saw no evidence of an association with the DNA repair genes 

XRCC5, MRE11A, BRCA1, BRCA2 and FANCA. However, we did see a strong association 

with a variant within ERCC4, but we are unsure of the significance of this finding due to the 

heterogeneity seen between studies. While prior studies have suggested associations with one 

carbon metabolism, we did not see such an association (20, 60-63). We also did not see an 

association with genetic variation with growth factor signalling pathways as has been reported 

previously (18). Thus while classic epidemiological association studies have identified potential 

environmental exposures as well as chronic immune stimulation, as being relevant associations 

with the risk of developing MM and a number of groups have suggested that inherited variation in 

IL-6, IL-1B, TNFα and NFκB (23, 64-72) may play a role in MM risk, none of these associations 

have been either adequately replicated or reached genomewide significance. 

 Our findings provide the first evidence of common genetic variants linked with the 

risk of developing MM at the level of genome-wide significance. The nine positive associations 

fall into two broad groups mediating immune response and the response to environmentally 

encountered carcinogens by ADME genes. We provide evidence that individuals at greatest risk 

of developing MM carry risk alleles in both the immune response and ADME pathways. Further 

evaluation of these pathways potentially by sequencing approaches in both MM and MGUS 

cohorts will provide a greater understanding of the mechanisms driving the transition from a 
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plasma cell to the myeloma tumour cell and potentially enable biomarker discovery to allow 

anticipation of an individual‘s MM risk. 
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Figure 1. Analysis scheme: Quality controls measures were applied across each of the three 

cases and three control datasets; cases and controls were combined; odds ratios were calculated 

for single SNP by Logistic regression; Meta-analysis of overlapping SNPs. 
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Figure 2. Quantile-quantile plots of test statistics for MM risk across the Dutch, UK and US 

datasets. 
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Figure 3. Forest plots of an inverse variance (IV) meta-analysis for random-effects. 
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                      Motivation: Genotype-phenotype association study from both local and genome-

wide single-nucleotide polymorphism data have revolutionized our ability to identify genetic 

variants that are associated with complex diseases. Recently, discovering epistasis (gene-gene 

interactions with strong disease association but weak marginal effect) is receiving more attention 

over single-locus studies since many diseases, such as cancer and diabetes, are believed to be 

complex traits. Several efficient approaches have been proposed recently for searching two-locus 

epistasis from genome-wide datasets. However, in searching for higher order epistasis, a much 

more computationally expensive method, existing methods adopt either brute-force search, which 

can only handle a smaller number of SNPs, or greedy search that may miss interesting epistasis 

with weak marginal effect. In addition, due to large numbers of hypotheses tested, existing 

approaches searching for epistasis also lacks statistical power. 

                      Results: In this paper, we propose an efficient framework for searching high-order 

epistasis from SNP datasets with thousands of SNPs. The framework is extended from the 

association analysis techniques developed in the data mining community, which leverage the anti-

monotonicity of the objective functions to systematically prune the exponential search space of 

high-order epistasis while guaranteeing the completeness with respect to the problem formulation. 

This framework can also take gene set (or pathway) constraints to reduce false positive rates 

while maintaining the anti-monotonicity of the object function. Both synthetic and real datasets 

are used to demonstrate the efficiency of the proposed framework for searching high-order 

epistasis and the enhanced statistical power by using gene set constraints. (Availability: Source 

code and datasets: http://vk.cs.umn.edu/PCD/). 
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Introduction: 

            Genotype-phenotype association studies from both local and genome-wide publically 

available data, have revolutionized our ability to identify causal genetic variants that are 

associated with complex diseases. Many loci have been linked to diseases such as Crohn‘s 

disease [6], type 1 diabetes [6, 27], type 2 diabetes [29] etc. Most existing approaches are based 

on the univariate tests, and thus may ignore the interactions among SNPs, i.e. epistasis. Epistasis 

is defined as gene-gene interactions that may be used to represent combinations of loci that are 

strongly associated with a phenotype, even though they have weak or close-to-zero marginal 

effects [11]. Indeed, many complex diseases such as cancer, diabetes and obesity are believed to 

be driven by multiple SNP interactions, and there have already been several such discoveries 

[24]. The clear challenge of searching for epistasis from a large number of SNPs is the 

exponentially increasing number of combinations. This is even more challenging given that a 

large number of permutation tests [36] (e.g. frequently 1000 times) are needed to correct for 

multiple hypothesis testing.  

              As discussed in [36], given a GWAS dataset with millions of SNPs, it is computationally 

challenging even if we only intend to compute all the pair-wise combinations of SNPs. Several 

efficient approaches have been proposed recently for searching two-locus epistasis from genome-

wide datasets [38, 39, 37], by reusing the repeated computations in the permutation tests, which 

reduce the overall run-time by several orders of times. With the substantially improved 

efficiency, the complete search of pair-wise epistasis can handle 120,000 SNPs [35], which is still 

far from the entire set of SNPs generally available in existing GWAS datasets, as high as 500,000 

[4] or even 900,000 [23]. To further address the computational challenges, several approaches 

have proposed to use existing biological knowledge such as biological gene sets and protein 

interaction networks to reduce the search space of epistasis [22, 13]. From a different perspective, 
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recent developments on GPUs have also been utilized to enable the complete search of 2-locus 

epistasis discoveries from complete GWAS dataset [18].  

              As discussed above, a variety of efficient computational approaches have been proposed 

for two-locus epistasis discoveries. However, to search for higher order epistasis, which is much 

more computationally expensive, existing methods adopt either brute-force or greedy search, both 

of which have advantages and limitations. On one hand, the brute-force search-based approaches 

such as MDR [28] can guarantee the completeness of the search, which is important for detecting 

epistasis with weak marginal effects [21]. However, brute-force approaches can handle relatively 

small numbers of SNPs [28, 17]. On the other hand, greedy approaches such as [34, 14, 31] are 

computationally efficient but may miss interesting epistasis with weak marginal effects [36]. In 

addition to the computational challenges, existing approaches for epistasis discoveries also lacks 

statistical power; due to large numbers of hypothesis tested and limited sample sizes, some 

combinations of SNPs can be associated with a disease phenotype by random chance. As will be 

shown in our experiments, in some datasets high-order epistasis can be discovered even when we 

randomize the phenotypic class labels. In this paper, we aim to address both the computational 

and statistical challenges of searching high-order epistasis. 

              1. To improve the computational efficiency, we propose a framework for searching high-

order epistasis from SNP datasets for focused studies (thousands of SNPs). The framework is 

extended from the association analysis techniques [3, 16] developed in the data mining 

community, which leverage the anti-monotonicity of the objective functions to systematically 

prune the exponential search space of high-order epistasis while guaranteeing the completeness 

with respect to the problem formulation. A unique advantage of Apriori over brute-force search is 

that it can avoid exploring the whole search space (all sets of SNP genotypes) by pruning a large 

number of candidates that are guaranteed to disqualify the threshold based on the anti-

monotonicity of the object function. 
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              2. To improve the statistical power of high-order epistasis search, the proposed 

framework can take gene sets (or pathways) as constraints for high-order epistasis search. 

Specifically, the gene set constraints only consider epistasis composing SNPs which are on the 

genes that span k gene sets (e.g. pathways). Such a constraint formulation naturally fits in the 

association analysis framework, because it maintains the anti-monotonicity of the object function, 

and can reduce the false positive rate while further improving the computational efficiency. 

Carefully designed experiments with synthetic data demonstrate that the proposed framework is 

more scalable for searching high-order epistasis from SNP datasets for focused studies (thousands 

of SNPs), and that the gene set constraints can enable the discovery of significant high order 

epistasis that would otherwise be missed. We also applied the proposed framework on four real 

SNP datasets for focused studies (thousands of SNPs), in which we discovered many significant 

epistasis. 

Methods: 

           In this section, we describe the proposed framework for efficient search of high-order 

epistasis and how it can naturally incorporate gene set constraints. Firstly, we will briefly 

introduce the traditional association analysis and the anti-monotonicity based pruning of 

combinatorial search space that is originated for the analysis of marker-basket data. Secondly, we 

describe one specific branch of association analysis named discriminative pattern mining, which 

is motivated by discoveries of combinations of entities (e.g. combinations of genotypes) that have 

substantially different occurrence between different classes (e.g. disease vs. control populations). 

Then, we formulate high-order epistasis search as a discriminative pattern mining problem via a 

lossless transformation of the categorical genotype data, and relate the formulation to MDR. 

Finally, we show how the framework can naturally incorporate gene set constraints while 

maintaining the anti-monotonicity of the object function. 
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A brief introduction about association analysis 

           In this section, we briefly describe the association analysis techniques and its key concept, 

i.e. antimonotonicity based pruning of combinatorial search space. The concept of frequent 

itemset was first introduced for mining market basket databases [2] and recently surveyed in [19]. 

Let I = {i1, i2, . . . , in} be a set of all items, which in market basket data can be coke, bread, milk 

etc. A transaction t is a subset of items, i.e. t � I, and a transaction dataset D = ˘t1, t2, . . . , t|D|¯ 

is a collection of transactions. A transaction dataset D can be represented as a |D|×n binary matrix 

in which the (i, j) entry is 1 if the jth item appears in the ith transaction. For example, Figure 1 

displays a transaction dataset that has 20 transactions and 15 items, in which a blue entry 

indicates 1, and white entry indicates 0. A k − itemset, which consists of k items from I, is 

frequent if it occurs in a transaction database D no lower than �|D| times, where � is a 

userspecified minimum support threshold (called minsup), and |D| is the total number of 

transactions in D. In the matrix representation, for a frequent k − itemset, there are no less than 

�|D| rows on which all the k columns have 1s. For instance, in Figure 1, itemsets P2 = {i5, i6, i7} 

and P4 = {i12, i13, i14} are frequent given a minsup of 10. The straightforward way to find all 

the frequent itemsets can be a bruteforce search, in which all the combinations of items from size 

− 1 to size − n are checked and those that satisfy the minsup are selected as frequent itemsets. 

However, since there are usually large numbers of items in a real transaction database (e.g. 

Walmart database), the number of total combinations of items can be enormous. Therefore, it is 

necessary to develop scalable methods for mining frequent itemsets in a large transaction 

database. Agrawal and Srikant [3] observed an interesting anti-monotonic property of support, 

called Apriori: A k − itemset is frequent only if all of its sub-itemsets are frequent. Based on this 

observation, whenever a k − itemset is found to be infrequent, all its supersets can be pruned in 

the search space without missing any frequent itemsets. Through such antimonotonicity based 
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pruning, the Apriori framework can search for frequent itemset much faster then brute-force 

search. Indeed, beyond the specific frequent itemset mining problem, the Apriori framework can 

essentially serve as an exhaustive yet efficient (compared to brute-force) framework for any type 

of combinatorial search, for which the objective function has the anti-monotonic property. Next, 

we describe an extended branch of association analysis named discriminative pattern mining, 

where the transactions in a dataset are associated with class labels, e.g. disease vs. non-disease.  

A specific branch in association analysis: 

Discriminative pattern mining 

           For data sets with class labels, association patterns [3, 33] that occur with disproportionate 

frequency in some classes versus others can be of considerable value in many applications. Such 

applications include census data analysis that aims at identifying differences among demographic 

groups [12, 5] and biomarker discovery, which searches for groups of genes or related entities, 

that are associated with diseases [7, 30, 1]. We will refer to these patterns as discriminative 

patterns 1 in this manuscript, although they have also been investigated under other names [26], 

such as emerging patterns [12] and contrast sets [5]. In this manuscript, we focus on 2-class 

problems, which can be generalized to multi-class problems as described in [5]. To introduce 

some key ideas relevant to discriminative patterns and make the following discussion easier to 

follow, consider Figure 2, which displays a sample dataset 2 containing 15 items (columns) and 2 

classes, each with 10 instances (rows). In the figure, four patterns (sets of binary variables) can be 

observed: P1 = {i1, i2, i3}, P2 = {i5, i6, i7}, P3 = {i9, i10} and P4 = {i12, i13, i14}. P1 and P4 

are interesting discriminative patterns that occur with different frequencies in the two classes, for 

which DiffSup is 0.6 and 0.7, respectively. In contrast, P2 and P3 are uninteresting patterns with a 

relatively uniform occurrence across the classes, both having a DiffSup of 0. Furthermore, P4 is a 

discriminative pattern where individual items are also highly discriminative, while those of P1 are 
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not. Based on the support in the entire dataset, P2 is a frequent non-discriminative pattern, while 

P3 is a relatively infrequent non-discriminative pattern. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Without any loss of generality, we only consider discriminative patterns for the binary-class 

problems. A possible strategy for improving the performance of the two-step approaches is to 

directly utilize the support of a pattern in the two classes for pruning some non-discriminative 

patterns in the pattern mining stage. Indeed, several approaches have been proposed [5, 8], where 

the anti-monotonic upper bounds of discriminative measures, such as DiffSup, are used for 

pruning some non-discriminative patterns in an Apriori-like framework [3].  

Nominal categorical data can be converted to binary data without any loss of information, 

while ordinal categorical data and continuous data can be binarized, although with some loss of 
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magnitude and order information. This strategy, like the two-step approaches, also guarantees to 

find the complete set of discriminative patterns with respect to a threshold, although in a more 

efficient manner. Next, we will show how the search of high-order epistasis can be formulated as 

a discriminative pattern mining problem. 

High-order epistasis search formulated as discriminative pattern mining 

As mentioned previously, a transaction dataset can be converted into a binary matrix with 

rows being samples and columns being items. Traditional association analysis approaches 

including discriminative pattern mining can be performed and are designed to search for patterns 

from such binary matrixes. 

 However, because the genotype datasets are categorical (i.e. a SNP has three possible 

genotypes: homozygous minor (mm), heterozygous (Mm) and homozygous major (MM)), 

existing discriminative pattern mining algorithms can not be directly applied on SNP datasets. In 

order to formulate high-order epistasis search into a discriminative pattern mining problem, we 

need to first convert a categorical genotype data into a binary matrix data. This can be done in a 

lossless way by creating, for each SNP, three columns corresponding to the three genotypes. In 

the converted matrix, an entry (e.g. SNPk genotype Mm) is 1 if a sample has a Mm genotype for 

SNPk. Figure 3 illustrates an example in which a dataset with three SNPs is converted from 

categorical format to a binary matrix 

 

 

 

 

 

 

1 
The terms ‖pattern‖ and ‖itemset‖ are used interchangeably in this paper. 

2
 The discussion in this paper assumes that the data is 

binary. 
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After the conversion, the SNP dataset can be input into a discriminative pattern mining 

algorithm, which can discover combinations of SNP genotypes that occur with disproportionate 

frequency between cases and controls, e.g. such as P1 and P4 shown in Figure 2. However, it is 

worth noting that, there are two challenges in applying traditional association analysis techniques 

on the converted matrix format. Firstly, the conversion results in a binary matrix with guaranteed 

33.33% density 3, which is a very high number for traditional association analysis. Secondly, the 

conversion will result in a three times of variables 4, i.e. a high dimensional binary matrix. 

Discriminative pattern mining from dense and high dimensional dataset is computationally 

challenging because existing techniques can not effectively prune frequent non-discriminative 

patterns [16] such as P2 in Figure 2, which is expected to be common in dense and high-

dimensional datasets.  

 

 

 

 

 

 

 

 

 

3
 This is because for each sample and each SNP, one of the three columns has 1. 

4 
This is because, each SNP in the categorical format 

is converted into three binary columns in the binary format. 
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This is especially challenging if the disease-associated epistasis covers only a small 

fraction of samples, which further adds more computational expense to current approaches for 

discriminative pattern mining [16]. Recently, Fang et al. [16] proposed an antimonotonic measure 

named SupMaxPair for efficiently mining low support discriminative patterns from dense and 

high-dimensional gene expression data [16, 15]. We build up on this approach for discovering 

high-order epistasis from SNP datasets in this study, with the data represented here described 

above. 

 

 

 

 

 

 

SupMaxPair has the anti-monotonicity [16], and thus can be used in the Apriori framework for 

the systematic yet efficient discovery of discriminative patterns. It has been demonstrated, on 

gene expression datasets, that SupMaxPair is effective for pruning frequent nondiscriminative 

patterns, and scalable to discover discriminative patterns (in this case high-order epistasis) from 

dense and high dimensional datasets. Next, we further describe how the framework can naturally 

incorporate gene set constraints while maintaining the anti-monotonicity of the object function. 

Incorporating gene set constraints in the search of high-order epistasis 

Recently, several approaches have proposed to use existing biological knowledge such as 

biological gene sets and protein interaction networks to reduce the search space of low-order 

epistasis (mostly size − 2 and some size − 3) [22, 13] for better scalability on genome-wide 

datasets. Such an incorporation of gene set constraints can, on one hand, further improve the 
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computational efficiency, and on the other hand, control false positive rates since the genes that 

are physically or functionally related to each other are more likely to host epistasis. In this 

section, we show that similar constraints can be naturally incorporated into the Apriori framework 

for discriminative mining. 

 

 

 

 

 

 

 

  

                     Conceptually, a combination of SNPs is considered a candidate for epistasis if and 

only if these SNPs are on the genes that only span no more than k gene sets. Such gene set 

constraints also have the anti-monotonic property, i.e. if a size − k itemset spans no more than k 

gene sets, all of its subsets must also span no more than k gene sets. From a different perspective, 

whenever a size − k SNP combination is found to span more than k gene sets, all its supersets can 

be pruned in the Apriori framework. Since two anti-monotonic measures can be used together in 

the Apriori framework and still maintain the anti-monotonicity, SupMaxPair and the gene set 

constraints will be used in the Apriori framework together for searching high-order epistasis. 

Such an incorporation of gene set constraints can, on one hand effectively control false positive 

rates since the genes that are physically or functionally related to each other are more likely to 

host epistasis.  

5
 http://www.broadinstitute.org/gsea/msigdb/index.jsp 

http://www.broadinstitute.org/gsea/msigdb/index.jsp
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On the other hand, this method can also further improve the computational efficiency of the 

overall framework, because the use of gene-set constraints reduces the combinatorial search space 

for SNP-combination discoveries. Such additional computational benefit allows the use of lower 

SupMaxPair thresholds for discriminative pattern mining which are otherwise computationally 

challenging due to the high density and dimensionality of SNP datasets [16]. Consequently, the 

use of lower SupMaxPair thresholds may enable the discovery of low-support but statistically 

significant SNP-combinations, which are especially interesting in biomarker discovery, because 

highorder epistasis may only be observable over a small fraction of samples in a given dataset, 

due to a heterogeneity of complex diseases. It is worth noting that adding such gene set 

constraints may also miss true epistasis that are on some unknown gene sets, which is a limitation 

of  this approach. However, as will be shown in the experiments, although some highly 

differential SNP combinations are indeed missed due to the gene set constraints, the overall 

statistical power is gained. Specifically, there are many statistically significant epistasis 

discoveries with gene set constraints which are otherwise considered insignificant. This indicates 

that adding gene set constraints does provide an effective control of false positive rates. 

Experiments and Results: 

                    In this section, we use both synthetic and real SNP datasets to study the effectiveness 

of the proposed framework for discovering statistically significant discriminative SNP 

combinations. We first describe the datasets used in the experiments, and then present the 

experimental design and finally discuss the experimental results. 

Datasets 

                   We used one synthetic and four real SNP datasets in our experiments.We first 

describe how the synthetic dataset is simulated and then present the details of the real SNP 

datasets. 
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Synthetic Datasets  

                   We first use Hap-Sample simulator (6) to simulate genotype data. Specifically, we 

used the 3404 SNPs used in a recent study on multiple myeloma [25] as input, out of which 2172 

SNPs are included in the Hap-Sample. The synthetic dataset contains 70 cases and 70 controls. 

Note that, this genotype dataset by itself does not contain disease-associated loci. Therefore, we 

further embed a high-order epistasis of size 4 (denoted as EP (embedded pattern)), as a proof of 

concept. Figure 4 provides a visualization of the pattern. This combination of four SNP genotypes 

illustrates a high order epistasis, in which the four SNP have a DiffSup of 20/70 = 0.29 (chi-

square statistic 23.33), while the best DiffSup and corresponding chi-square statistic for size-3, 

size-2 and size- 1 patterns are 14/70 = 0.20 (9.25), 8/70 = 0.11 (2.59) and 2/70 = 0.03 (0.14), 

respectively. Given this dataset, our goal is to discover the embedded size-4 pattern (rather than 

its subsets) and access its statistical significance. In addition to the dataset, we also need to 

generate a collection of gene sets that can be used to demonstrate the effectiveness of constraints 

on improving the statistical power of the proposed framework. Specifically, the pathways were 

constructed in the following steps: 
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Real Datasets  

                In addition to the synthetic dataset, we selected four SNP datasets designed for studying 

four different types of diseases using the same BOAC chip with 3404 SNPs [25]. The four 

phenotypes studied are respectively: (i) short vs. long survival of multiple myeloma patients [25] 

(denoted as Survival), (ii) multiple myeloma patients vs. their normal spouse [20] (denoted as 

EPI), (iii) lung cancer vs. non-long cancer, all heavy smokers. For these four real datasets, there is 

a collection of 1892 gene sets from the Molecular Signature Database (MSigDB, C2) [32]. 

Experiment Design 

               On the synthetic dataset, we compare the discriminative pattern mining approach under 

two different setups: (i) one without gene-set constraints and (ii) one with gene-set constraints. 

Note that we make SupMaxPair the same (0.1) in the comparison. Such a design aims to 

demonstrate the effectiveness of gene-set constraints for reducing false positive SNP 

combinations. For each of the real datasets, we also compare the two discriminative pattern 

mining setups, i.e. without and with gene-set constraints, with the same SupMaxPair threshold 

(0.5). In addition, these two setups are also compared with a third one, in which a lower 

SupMaxPair threshold (0.2) is used in the gene-set constrained approach. This additional setup 

aims to demonstrate the computational benefits from using gene set constraints, in addition to the 

statistical benefits as described earlier. The criterion for the above comparisons is based on the 

number of statistically significant (w.r.t. false discovery rate (FDR) threshold 0.25) SNP 

combinations discovered with a specific setup. We adopt an empirical approach to estimate the 

FDR for each discovered SNP combination as used in [32]. This approach has zero assumptions 

on the nature and structure of each real dataset. In more detail, after a set of patterns are 

discovered with a particular set of parameters, the statistical significance of this set of patterns is 

estimated via permutation test. Specifically, we first apply the proposed algorithm to the data with 

original class labels to get a list of discriminative patterns which are called the original patterns. 
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Then we randomly shuffle the original class labels 100 times to get 100 lists of discriminative 

patterns which are called the random patterns. Then, false discovery rate (FDR) of each original 

pattern is calculated using the chi-square values as follows: for an original pattern with Chi-

square value of c, if there are m patterns from original class labela that have Chi-square value 

greater than c and with n patterns discovered in the permutation test that have Chi-square value 

greater than c, then the false discovery rate is (n/100)/m. The gene-set sizes in the MSigDB C2 

range from 1 to 1839. The larger the gene set is, the less it constrains the search of SNP 

combinations. To study how the sizes of gene sets affect the efficiency of the proposed 

framework, we use a parameter (maxpathsize) to filter out the gene sets with too many genes. 

Specifically, for each real dataset, we conducted experiments with maxpathsize = 20, 40, 60, 80 

and 100 respectively. Note that, we only vary maxpathsize no more than 100 because we 

observed that when the gene sets with more than 100 genes are used, there are mostly no 

statistically significant SNP combinations in the permutation test. 

Experimental results: Next, we present the results of the experiments as presented previously. 

Synthetic Dataset  

From the computational perspective, MDR (7) is still computing size-3 SNP 

combinations after 5 hours, thus failed to identify the embedded size-4 pattern. In contrast, the 

run time of proposed framework for searching high-order combinations (of size 2 to 5, and thus 

including the embedded size-4 pattern) on the synthetic dataset ranges from 15 to 30 minutes 

depending on whether or not there are gene set constraints and how many gene sets are used as 

constraints. Figure 5 illustrates the probability distribution of the chi-square statistics of the true 

patterns (discovered from the original case-control dataset) and the random patterns (discovered 

in permutation test) on the synthetic data, without the pathway setup (left) and with the pathway 

setup (right). 

7
 http://www.epistasis.org/software.html 
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A couple of observations can be made: 

1. When there are no gene-set constraints, the patterns discovered with randomized class 

labels have similar chi-square distribution as the patterns discovered from the true class labels. 

This indicates that all the true patterns discovered from the true class labels have FDR values 

close to 1. This serves as an illustration that, on dense and high-dimensional SNP datasets, the 

statistical significance of truly differentiating SNP combinations (e.g the size-4 combination that 

we embedded with a chi-square statistic of 17) is not observable. As discussed in the introduction, 

such situations are often encountered on SNP datasets with low sample sizes, but high 

dimensionality. 

2. In contrast, after the gene-set constraints are added (as described earlier), most of the 

random patterns with high chi-square values are eliminated (because they do not qualify the gene-

set constraints) (Figure 5). Meanwhile, the real line indicates that there are many highly 

discriminative patterns (those with high chisquare values) existing outside the random patterns 

discovered in the permutation test (the dashed line), and thus having a FDR of 0. These two 

contrasting observations on the synthetic dataset demonstrate the key concept of the proposed 

gene-set constrained approach, that is, gene set constraints can improve the statistical power of 

higher-order SNP-combination discovery by effectively controlling false positives. Note that in 

order to illustrate the key concept in the experiment on the synthetic dataset, the gene sets are 

constructed in such a way that it will reduce all the random patterns. Next, we further study the 

effectiveness of real gene sets for reducing false positives on real datasets. 

Real Datasets  

After demonstrating the the effectiveness of gene-set constrains on controlling false 

positive SNP combinations on synthetic data, we further applied our method to the four real 

datasets as described earlier. We applied gene-set constrains with different maxpathsize (20, 40, 

60, 80, 100). Table 2 displays, for each dataset, the detailed information about the parameters we 

used for each experiment and the number of significant epistasis discovered for each value of 
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maxpathsize. The highest number of statistically significant SNP-combinations for each 

parameter setting on each dataset is indicated by bold font. Figure 6 provides further detailed chi-

square statistics and FDRs for each of the patterns discovered by the three experimental setups 

(A, B and C) on the four datasets. 

Several observations can be made from Table 2 and Figure 6: 

1. Gene-set constraints are generally effective for improving the statistical power of SNP 

combination discovery: On three of the four datasets (Kidney, Survival, Lungcancer), there are no 

statistically significant SNP combinations discovered in the ―without-constraint‖ setup. In 

contrast, with gene-set constrains, there are many significant SNP combinations discovered. 

Specifically, Figure 6 shows that, the patterns discovered with gene-set constraints have smaller 

chi-square statistics but higher FDRs than those discovered without geneset constrains. This 

indicates that, although several SNP combinations with high chi-square statistics are not 

discovered in the ―with-constraint‖ setup (because they do not qualify for the gene-set 

constraints), the remaining patterns have better statistical significance due to the control of false 

positives by the gene-set constraints. 

2. Gene-set constraints sometime can miss statistically significant SNP combinations: In 

the EPI dataset, ―without-constraint‖ setup discovered 459 statistically significant SNP 

combinations, while the with-constraint setup with SupMaxPair = 0.2 only discovered less than 

200 significant combinations. Furthermore, the ―with-constraint‖ setup with SupMaxPair = 0.5 

does not identify any significant combinations. The possible explanation is that the gene sets in 

MSigDBC2 do not describe the interaction associated with the phenotype in the EPI dataset 

(multiple myeloma vs. non-multiple myeloma controls). This observation indicates that the 

effectiveness of gene-set constraints depends on the gene sets used and vary from phenotype to 

phenotype. This serves as an example to show the potential limitation of the proposed framework. 

3. ―With-constraint‖ setup with the lower SupMaxPair is generally more effective: for 

three out of the four datasets (Kidney, Survival and EPI), more significant SNP-combinations are 
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discovered when the lower SupMaxPair (0.2) is used (Table 2). This demonstrates the existence 

of low-support yet statistically significant SNP combinations and thus the benefits of the ability to 

search low-support SNP-combinations, enabled by using gene-set constraints.  

4. Maxpathsize affects the effieciency of the proposed framework: on the kidney dataset, 

smaller maxpathsize values (20 and 40) discovered significant SNP combinations while larger 

values (60, 80 and 100) did not. This seems to indicate that the smaller the gene sets that are used, 

the more constraints are added and the better the statistical power. However, this observation does 

not hold for the other three datasets. This is because that the effectiveness of the framework 

essentially depends on both gene sets and the datasets. 

5. Most statistically significant SNP combinations are of size-2: Although the proposed 

framework can search for high-order SNP combinations up to size-7 on these datasets, most of 

the discovered statistically significant SNP-combinations are of size-2, except for a small number 

of size-3 combinations. This may be due to the insufficient number of samples in the four real 

datasets. However, the highlights of the results are, on one hand, that the proposed discriminative 

pattern mining approach can search for high-order SNP combinations much more efficiently than 

existing approaches such as MDR; on the other hand, gene-set constraints can generally improve 

the statistically power of SNP combination discoveries. Among the discovered statistically 

significant SNP-combinations, we specifically identify those combinations with weak marginal 

effect (association with the phenotypes), but strong association with the phenotypes as a 

combination. For this purpose, we use a measure calculated as the difference between the chi-

square statistic of the SNP-combination and the best chi-square statistic from all the subsets of the 

SNP combination, i.e. chi-square jump. These SNP combinations may indicate phenotype-

associated interactions between the genes that the SNPs affect. Detailed biological interpretations 

of the discovered epistasis are presented in a separate paper [20] focusing on the biological 

insights obtained from the discovered SNP combinations in multiple myeloma. 
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Discussion: 

In this paper, we targeted the efficient search of statistically significant high-order epistasis. We 

first discussed the two specific goals of the study: the computational efficiency and the statistical 

power. To improve the computational efficiency, we proposed a framework for searching high-

order epistasis from SNP datasets for focused studies (with thousands of SNPs). The framework 

was extended from the association analysis framework, which leverages the anti-monotonicity of 

the objective functions (frequency of a SNP-genotype combination and its differentiation) to 

systematically prune the exponential search space of high-order epistasis while still guaranteeing 

the completeness of the search. To improve the statistical power of high-order epistasis search, 

we proposed to utilize the known biological gene sets as constraints for high-order epistasis 

search. Specifically, the gene set constraints only consider epistasis composing of SNPs which 

are on the genes that span k gene sets (e.g. pathways). Such a formulation aims to reduce false 

positive rates and to further improve the computational efficiency. Both synthetic and real 

datasets were used to demonstrate that the proposed framework is much more efficient for 

searching high-order SNP-combinations from SNP case-control datasets, and that the gene set 

constraints improve the statistical power of high-order epistasis search, and they also discover 

significant high order epistases that would otherwise be missed. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 
 

225. 
 

 

 

References: 

 

[1] Mental Health Services Administration (2006). The role of biomarkers in the treatment of 

alcohol use disorders. Substance Abuse Treatment Advisory, 

5(4):4206–4223. 

[2] R. Agrawal, T. Imielinski, and A. Swami. Mining association rules between sets of items in 

large databases. In Proceedings of ACM SIGMOD International Conference on Management of 

Data, pages 207–216, 1993. 

[3] R. Agrawal and R. Srikant. Fast algorithms for mining association rules. In Proc. 20th Int. 

Conf. Very Large Data Bases, pages 487–499, 1994. 

[4] J. Barrett and L. Cardon. Evaluating coverage of genome-wide association studies. Nature 

genetics, 38(6):659–662, 2006. 

[5] S. Bay and M. Pazzani. Detecting group differences: Mining contrast sets. Data Mining and 

Knowledge Discovery, 5(3):213–246, 2001. 

[6] L. Cardon, N. Craddock, P. Deloukas, A. Duncanson, D. Kwiatkowski, M. McCarthy, W. 

Ouwehand, N. Samani, J. Todd, P. Donnelly, et al. Genomewide association study of 14,000 

cases of seven common diseases and 3,000 shared controls. Nature, 447(7145):661–678, 2007. 

[7] C. Carlson, M. Eberle, L. Kruglyak, and D. Nickerson. Mapping complex disease loci in 

whole-genome association studies. Nature, 429(6990):446–452, 2004. 

[8] H. Cheng, X. Yan, J. Han, and C.-W. Hsu. Discriminative frequent pattern analysis for 

effective classification. In Proceedings of International Conference on Data Engineering, pages 

716–725, 2007. 

[9] T. Church, K. Anderson, N. Caporaso, M. Geisser, C. Le, Y. Zhang, A. Benoit, S. Carmella, 

and S. Hecht. A prospectively measured serum biomarker for a tobacco-specific carcinogen and 

lung cancer in smokers. Cancer Epidemiology Biomarkers & Prevention, 18(1):260, 2009. 

[10] T. Church, M. Haznadar, M. Geisser, K. Anderson, N. Caporaso, C. Le, S. Abdullah, S. 

Hecht, M. Oken, and B. Van Ness. Interaction of CYP1B1, cigarette-smoke carcinogen 

metabolism, and lung cancer risk. submitted, 2010. 

[11] H. Cordell. Epistasis: what it means, what it doesn‘t mean, and statistical methods to detect it 

in humans. Human Molecular Genetics, 11(20):2463, 2002. 

[12] G. Dong and J. Li. Efficient mining of emerging paterns: Discovering trends and differences. 

In Proceedings of the 2001 ACM SIGKDD international conference on knowledge discovery in 

databases, pages 43–52, 1999. 



 
 

226. 
 

[13] M. Emily, T. Mailund, J. Hein, L. Schauser, and M. Schierup. Using biological networks to 

search for interacting loci in genome-wide association studies. European Journal of Human 

Genetics, 2009. 

[14] D. Evans, J. Marchini, A. Morris, and L. Cardon. Two-stage two-locus models in genome-

wide association. PLoS Genet, 2(9):e157, 2006. 

[15] G. Fang, R. Kuang, G. Pandey, M. STEINBACH, C. MYERS, and V. KUMAR. Subspace 

differential coexpression analysis: problem definition and a general approach. volume 15, pages 

145–56, 2010. 

[16] G. Fang, G. Pandey, M. Gupta, M. Steinbach, and V. Kumar. Mining low-support 

discriminative patterns from dense and high-dimensional data. Technical Report 011, Department 

of Computer Science, University of Minnesota, 2009. 

[17] C. Greene, D. HIMMELSTEIN, H. NELSON, K. KELSEY, S. WILLIAMS, A. ANDREW, 

M. KARAGAS, and J. MOORE. Enabling personal genomics with an explicit test of epistasis. In 

Pac. Symp. Biocomput, pages 327–336, 2010. 

[18] C. Greene, N. Sinnott-Armstrong, D. Himmelstein, P. Park, J. Moore, and B. Harris. 

Multifactor dimensionality reduction for graphics processing units enables genome-wide testing 

of epistasis in sporadic ALS. Bioinformatics, 26(5):694, 2010. 

[19] J. Han, H. Cheng, D. Xin, and X. Yan. Frequent pattern mining: current status and future 

directions. Data Mining and Knowledge Discovery, 15:55–86, 2007. 

[20] M. Haznadar, G. Fang, W. Wang, V. Paunic, M. Steinbach, V. Kumar, and B. Van Ness. 

Single nucleotide polymorphism (SNP) interactions and associations with survival and disease 

outcome in Multiple Myeloma through a novel data mining method. submitted, 2010. 

[21] H. He, W. Oetting, M. Brott, and S. Basu. Power of multifactor dimensionality reduction and 

penalized logistic regression for detecting gene-gene interaction in 

a case-control study. BMC Medical Genetics, 10(1):127, 2009. 

[22] C. Herold, M. Steffens, F. Brockschmidt, M. Baur, and T. Becker. INTERSNP: genome-

wide interaction analysis guided by a priori information. Bioinformatics, 

25(24):3275, 2009. 

[23] A. Jankowska, H. Szpurka, R. Tiu, H. Makishima, M. Afable, J. Huh, C. O‘Keefe, R. 

Ganetzky, M. McDevitt, and J. Maciejewski. Loss of heterozygosity 4q24 and TET2 mutations 

associated with myelodysplastic/myeloproliferative neoplasms. Blood, 113(25):6403, 2009. 

[24] J. Marchini, P. Donnelly, and L. Cardon. Genome-wide strategies for detecting multiple loci 

that influence complex diseases. Nature genetics, 37(4):413–417, 

2005. 



 
 

227. 
 

[25] B. V. Ness, C. Ramos, M. Haznadar, A. Hoering, J. C. Jeff Haessler, S. Jacobus, M. Oken, 

V. Rajkumar, P. Greipp, B. Barlogie, B. Durie, M. Katz, G. Atluri, G. Fang, R. Gupta, M. 

Steinbach, V. Kumar, R. Mushlin, D. Johnson, and G. Morgan. Genomic variation in myeloma: 

design, content, and initial application of the Bank On A Cure SNP Panel to detect associations 

with progression-free survival. BMC Medicine, 6:66, 2008. 

[26] P. Novak, N. Lavrac, and G. Webb. Supervised Descriptive Rule Discovery: A Unifying 

Survey of Contrast Set, Emerging Pattern and SubgroupMining. Journal of Machine Learning 

Research, 10:377–403, 2009. 

[27] N. Pub. Robust associations of four new chromosome regions from genome-wide analyses of 

type 1 diabetes. Nature genetics, 39(7):857, 2007. 

[28] M. Ritchie and et. al. Multifactordimensionality reduction reveals high-order iteractions 

among estrogen- metabolism genes in sporadic breast cancer. Am J Hum Genet, 69(1):1245–

1250, 2001. 

[29] R. Saxena, B. Voight, V. Lyssenko, N. Burtt, P. de Bakker, H. Chen, J. Roix, S. Kathiresan, 

J. Hirschhorn, M. Daly, et al. Genome-wide association analysis identifies loci for type 2 diabetes 

and triglyceride levels. Science, 316(5829):1331–1336, 2007. 

[30] D. Segre, A. DeLuna, G. Church, and R. Kishony. Modular epistasis in yeast metabolism. 

Nature Genetics, 37:77–83, 2004. 

[31] J. Storey, J. Akey, L. Kruglyak, et al. Multiple locus linkage analysis of genomewide 

expression in yeast. PLoS Biology, 3(8):1380, 2005. 

[32] A. Subramanian, P. Tamayo, V. Mootha, S. Mukherjee, B. Ebert, M. Gillette, A. Paulovich, 

S. Pomeroy, T. Golub, E. Lander, et al. Gene set enrichment analysis: A knowledge-based 

approach for interpreting genome-wide expression profiles. Proceedings of the National Academy 

of Sciences, 102(43):15545– 15550, 2005. 

[33] P.-N. Tan, M. Steinbach, and V. Kumar. Introduction to data mining. Addison- Wesley, 2005. 

[34] N. Yosef, Z. Yakhini, A. Tsalenko, V. Kristensen, A. Borresen-Dale, E. Ruppin, and R. 

Sharan. A supervised approach for identifying discriminating genotype patterns and its 

application to breast cancer data. Bioinformatics, 23(2):91–98, 

2007. 

[35] X. Zhang, S. Huan, F. Zou, , and W. Wang. Team: Efficient two-locus epistasis tests in 

human genome-wide association study. In Annual International Conference on Intelligent 

Systems for Molecular Biology, page in press, 2010. 



 
 

228. 
 

[36] X. Zhang, F. Pan, Y. Xie, F. Zou, and W. Wang. COE: A General Approach for Efficient 

Genome-Wide Two-Locus Epistasis Test in Disease Association Study. In Research in 

Computational Molecular Biology, pages 253–269. Springer. 

[37] X. Zhang, F. Pan, Y. Xie, F. Zou, and W. Wang. COE: A General Approach for Efficient 

Genome-Wide Two-Locus Epistasis Test in Disease Association Study. 

In Research in Computational Molecular Biology, volume 5541, pages 253–269, 2009. 

[38] X. Zhang, F. Zou, and W. Wang. Fastanova: an efficient algorithm for genomewide 

association study. In Proceeding of the ACM SIGKDD international conference on knowledge 

discovery in databases, pages 109–118, 2008. 

[39] X. ZHANG, F. ZOU, andW.WANG. FASTCHI: AN EFFICIENT ALGORITHM FOR 

ANALYZING GENE-GENE INTERACTIONS. In Pacific Symposium on Biocomputing. Pacific 

Symposium on Biocomputing, page 528, 2009. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 
 

229. 
 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 
 

230. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 



 
 

231. 
 

Figure 1. An illustration of the matrix represented for a transaction dataset. 
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Figure 2. Matrix of sample data sets with interesting discriminative patterns (P1, P4) and 

uninteresting patterns (P2, P3). 
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Figure 3. (a) SNP genotype matrix (categorical) (b) the corresponding matrix representation 

(binary) 
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Figure 4. Visualization of the embedded size-4 combinations of SNP genotypes. The four 

columns A, B, C and D are respectively the minor-minor genotype of four SNPs. The pink color 

indicates 1s and the light blue indicates 0s, in the binary format. This combination of four SNP 

genotypes illustrates a high order epistasis. 
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Figure 5. Probability distribution of the the chi-square statistics of the true patterns 

(discovered from the original case-control dataset) and the random patterns (discovered in 

permutation test) on the synthetic data for the “without pathway” setup (left) and the 

“with-pathway” setup (right). 
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Figure 6. Detailed chi-square statistics and FDRs for each of the patterns discovered by the 

three experimental setups (A, B and C from Table 2) on the four datasets. WO/P is short for 

without gene-set constraint, and W/P is short for with gene-set constraints. 
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