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ABSTRACT 

 

 

GENOME WIDE ASSOCIATION STUDIES DISCOVERING GENETIC 

SUSCEPTIBILITY ALLELES FOR HUMAN CANCERS 

 
Zhaoming Wang, PhD 

 
George Mason University, 2013 

 
Dissertation Director:  Dr. Stephen J. Chanock 
 

 
 

Genome Wide Association Studies (GWAS) have been tremendously successful 

in discovering common genetic variations that influence susceptibility to complex 

diseases and traits, including a wide range of cancers. A robust bioinformatics analysis is 

essential in support of conducting GWAS. Billions of genotypes have to be efficiently 

stored in a repository and undergo rigorous quality control processes before the final 

genotype and phenotype association analysis  can be performed and subsequently 

published. Data analysis pipelines and data build processes need to be automated and 

executed on high performance computing clusters.  All these bioinformatics aspects are 

reflected in the following research projects that form my thesis: (1) Genetic admixture 

and population substructure in the Guanacaste region of Costa Rica; (2) Improved 

imputation of common and uncommon SNPs with a new reference set; (3) Chromosome 
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Y haplogroups and prostate cancer in populations of European and Ashkenazi 

Jewish ancestry; (4) Glioma GWAS and meta analysis replicated previous findings; (5) 

GWAS identifies new lung cancer susceptibility loci in never-smoking women in Asia; 

and (6) Imputation and subset based association analysis across different cancer types 

identifies multiple independent cancer risk loci in the TERT-CLPTM1L region on 

chromosome 5p15.33. The next generation of GWAS, together with exome and/or whole 

genome sequencing (WGS), will add to a rich knowledge base to further elucidate the 

complex genetic architecture of cancer susceptibility.
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CHAPTER 1: Introduction 

1.1. GWAS overview 

 

The fundamental principle underlying Genome-wide Association Studies (GWAS) is 

that it is an agnostic scan of germ line variants across DNA samples from a sufficiently 

large number of case and control subjects using genome-wide SNP microarrays. The 

primary aim is to discover genomic regions that harbor genetic variation that could 

influence susceptibility to common complex diseases such as cancer. This approach has 

been the primary focus of the National Cancer Institute’s (NCI) Division of Cancer 

Epidemiology and Genetics (DCEG) and its Cancer Genomics Research Laboratory 

(CGR).   

DCEG and the CGR have conducted genome-wide scanning of many cancers in 

either population-based cohort studies or case-control studies since the Cancer Genetics 

Markers of Susceptibility (CGEMS)1-4 initiative started in 2005, when the age of GWAS 

started. The International HapMap project5 was a necessary prelude to GWAS and 

became a reference for assessing the extent and correlation between common variants. 

Initially, linkage disequilibrium (LD) structure was used to derive a then manageable list 

of ~500,000 tag SNPs that were arrayed on genome-wide SNP microarray manufactured 

by commercial companies, for example, Illumina and Affymetrix. The coverage of 
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various microarrays based on HapMap build 22 for different populations was analyzed6 

and illustrated in Figure 1. HumanHap 1M has the best coverage among all microarrays
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compared. For the HumanHap 1M microarray, the coverage is the optimal for the CEU 

population (93% at r2 of 0.8), and the less comprehensive for the YRI population (73% at 

r2 of 0.8). 

 

 

Figure 1. Analysis of coverage of various SNP microarrays based on HapMap II SNPs.  

Linkage Disequilibrium (LD) was measured by r
2
: the correlation coefficient. A vertical line corresponds to 

the commonly used r
2
 threshold of 0.8. The proportion of HapMap SNPs under different r

2
 thresholds is 

plotted in the figures. The X axis represents the r
2
 thresholds between a HapMap SNP and any assay SNP, 

and the Y axis represents the proportion of HapMap SNPs with minor allele frequency (MAF) >5% are 

covered. (A) HapMap YRI (West African); (B) HapMap CHB and JPT (East Asian) and (C) HapMap CEU 

(Northwest European). Different line colors correspond to different SNP microarrays as shown in the upper 

left legend.  
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In principle, GWAS detect an “indirect” association between a marker on the 

microarray and a disease phenotype while assuming that casual variation is not known. 

The association points directly to an underlying allele associated with the phenotype, 

which is based on the correlation as either in high or perfect LD with the marker on the 

genome-wide SNP microarray7 (Figure 2).  

 

  

Figure 2. Indirect association testing in GWAS.   

GWAS tests the "indirect" association between the typed marker locus on the array and the disease 

phenotype. The unobserved causal locus, which is directly associated disease phenotype, is directly 

associated with the typed marker locus . 

 

With recent advances in both statistical methods such as imputation8-10 and the 

development of new, more efficient high throughput genotyping platforms, as well as 

sequencing technologies, the next generation of GWAS promises to explore with even 

denser SNP arrays (Figure 3), currently uncommon variants derived from public 

sequencing data bases. Thus, combining results across multiple primary scans through 
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imputation and meta analyses remains a productive approach in the research field of 

cancer genomics and genetics (See Appendix for the imputation and meta analysis 

protocol and scripts that were developed for the meta-analyses of esophageal squamous 

cell carcinoma GWAS, Asian non-smoking female lung cancer GWAS and testicular 

germ cell tumor GWAS).  

 

 

Figure 3. S NP microarrays manufactured by Illumina Inc.  

Left panel shows the old Human Hap series designed based on the HapMap project; right panel shows the 

new Omni series designed based on both HapMap and 1000 Genomes project data. 

 

The rigorous quality control assessment of GWAS bioinformatics includes 

genotype data quality control, genotype and phenotype data repository management, 

analytic tool development and analytic pipeline generation, assessment and control of 
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population stratification, association analysis, genotype imputation and meta-analysis are 

summarized in the next few sections in this chapter.  
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1.2. GWAS analytic tools 

 

Genotype Library and Utilities (GLU: http://code.google.com/p/glu-genetics) is a 

software package for managing and analyzing GWAS data developed at the CGR.  

Initially developed to support the NCI CGEMS project, GLU was designed to handle 

efficiently large genotype data sets based on an extensible and interoperable modular 

framework. GLU was built on the core idea of performance and efficiency to meet the 

challenges of ever- increasing GWAS data size. Its native genotype data format comprises 

highly compressed binary files with support for all major genotype formats. Its 

innovative use of streaming and stackable data transformation in data processing further 

reduces memory requirements and allows many operations to be performed on datasets 

larger than that what can fit in the main memory. Approximately 90% of GLU’s code is 

written in Python, a high- level programming language known for ease of maintenance, 

customization and adaptability. Approximately 10% of GLU code is written in the C 

language for optimal performance. It was also designed to support parallel processing and 

distributed computing on high performance computing cluster as well as cloud computing 

architectures (Figure 4). 

http://code.google.com/p/glu-genetics
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Figure 4. GLU design and implementation.  

GLU is extensible because its module design framework and it integrates with other libraries including 

HDF5, SQLite, NumPy, SciPy and R. GLU supports many different operating systems including Linux, 

MacOS and Windows. GLU implements different genotype data formats and interoperates with other tools 

such as PHASE, STRUCTURE, PLINK, and IMPUTE2.  

 

The design of GLU includes the essential features necessary to perform GWAS 

data management and analysis, from parsing raw genotype data, transforming various 

genotype formats, conducting quality control filtering, and population structure analysis, 

to association analyses. It is the primary tool used in the GWAS pipeline at the CGR and 

has supported all major GWAS discoveries and publications. I have spent considerable 

time modifying it as its primary user in our program. GLU interoperates with the 

commonly used PLINK11 software (http://pngu.mgh.harvard.edu/~purcell/plink/). PLINK 

http://pngu.mgh.harvard.edu/~purcell/plink/
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provides a different implementation of many of the same functions, as well as many 

operations not in GLU.  Based on informal comparisons done between some of the GLU 
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and PLINK functions (Table 1), it appears that GLU may be a useful alternative to the 

more popular PLINK for genotype data management and data analyses. 

 

Table 1 GLU outperforms PLINK.  

Four testing scenarios: a. Store the genotype for HapMap build 27 CEU including 174 subjects and 4.03 

million loci.  The compressed text format takes 179Mb; b. Subset the data with 3,121 subjects and 541,808 

SNPs by excluding 15 subjects and including 200,000 SNPs; c. Merge six data sets with subjects/SNPs as 

110/531K, 4/554K, 13/588K, 9/558K, 960/559K and 326/583K into one single data set; d. Check all the 

possible pair-wise relatedness for a dataset with 3,121 subjects and 2,000,000 SNPs. 

Comparison GLU PLINK 

Data storagea LBAT format: 88Mb (file size) 
BED format: 289Mb 
(file size) 

Data subset performanceb LBAT format: 66 sec BED format: 77 sec 

Data merge performancec 
LBAT format: 4min; BED 
format 10 min BED format: 44 min 

Relatedness detection performanced 3.9 hours >6 hours 

 

1.3. GWAS data management  

 

The Total GWAS Set (TGS) is a data repository for both genotypes and 

phenotypes of all samples scanned or analyzed at CGR. It has been built to facilitate 

genotyping quality control, population characterization and genotype-phenotype 

association analysis. The phenotype data received initially from numerous sources and 

across different cancer studies are often coded using different conventions and need to be 

harmonized and compiled into a single integrated database. The simplified database 

schema (Figure 5) depicts the main data entities and their relationships. In the meantime, 

heterogeneous genotype data drawn from diverse sources that span multiple platforms,  
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assay panels, laboratory processing methods and genotyping centers also have to be 

harmonized in order to merge and streamline the downstream analyses. Assays on 

different array designs are often annotated differently in terms of locus identifiers, 

genomic location, genomic orientation, and allelic identity due to incompatible and ever-

changing human genome build, dbSNP build, and vendor annotations. For example, 

assay harmonization for data on various Illumina HumanHap arrays was performed 

taking the following steps: 1) HumanHap610 and HumanHap1M are used as annotation 

references because HumanHap1M is the final array within the HumanHap series and 

HumanHap610 is entirely nested with HumanHap1M; 2) harmonization of all other 

Illumina manifest files against the references on locus IDs, chromosome, location, strand 

and alleles; 3) generation of locus remapping, allele remapping and new locus description 

files; 4) transformation of each genotype dataset based on the mapping files generated in 

the previous step to obtain a consistent set of variants across different genotyping arrays; 

5) merging of all genotype datasets. 
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Figure 5. Total GWAS Set sample meta data schema.  

The names for data entities are self exp lanatory. Scan represents a GWAS and it  includes many subjects 

listed in the mapping table of "scan_subject"; The same subject could be used in different scans ; Each 

subject belongs to a study and can have multip le samples; each sample can be genotyped mult iple t imes 

(i.e . assays); Each assay can be associated with different versions of raw data; Many assays are contained in 

a genotyping project. 

   

1.4. GWAS analysis pipeline  

 

To perform analyses of multi-center GWAS, a robust and high-throughput 

analytical pipeline was constructed. This pipeline was built primarily around TGS, a 
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harmonized data repository that contains genome-wide SNP array data on over 90,000 

individuals, and greatly facilitates data management, quality control, population structure 

analysis and association analysis. This data analysis pipeline is highly automated and all 

analyses and data deliveries are assigned version numbers and tracked using a formal 

build process. The CGR data analysis pipeline was mainly implemented using the GLU 

software package with visualization tools built using the R language (http://www.r-

project.org/). Once a harmonized GWAS genotype/phenotype dataset has been generated, 

the pipeline performs standard analyses including comprehensive genotyping quality 

control (QC), duplicate detection/verification, and population structure analyses. 

Comprehensive QC metrics12 and procedures were implemented as part of the pipeline to 

clean up the raw data and generate the final analytic data set.  Major QC steps within the 

data analysis pipeline are shown in Figure 6. QC is extremely useful in identifying 

problems such as incorrect allele annotation, batch DNA plate swaps and sample 

switches, array hybridization artifacts and so on. Pre-cautionary technical considerations 

have to be taken when evaluating array platforms and combining data across disparate 

arrays. After the QC is done, advanced downstream analyses such SNP imputation, 

genotype-phenotype association analysis, CNV data export and segmentation analysis 

can be performed on the cleaned data set. The pipeline has proven to be highly efficient 

and robust, particularly for conducting GWAS on data merged across multiple array 

types; to date, CGR has contributed to almost two hundred peer review papers involving  

GWAS analyses. 

 

http://www.r-project.org/
http://www.r-project.org/
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In the next few chapters, I will highlight several published research projects together with 

a manuscript for a recent accomplished project of multi-cancer analyses of chr5p15 

region.  

  

Sample/Locus 
Completion 

Sample 
Heterozygosity 

Assay 
Concordance 

Sex Veri fication 
Deviation from 

Hardy-Weinberg 
Proportion 

Cryptic 
Relatedness 

Population 
Structure 

Figure 6. Major QC steps in the genotype quality control pipeline.  

1) samples or loci with low complet ion rates are excluded; 2) samples with extreme 

proportion of heterozygotes are excluded; 3) assays or duplicate samples with high 

discordant rates are excluded; 4) samples discordant between self reported and genetically 

determined gender are excluded; 5) assays with significant deviation from Hardy-Weinberg 

proportion are excluded; 6) One from each of the cryptic related pairs of samples are 

excluded; and 7) h ighly admixed individual or population outliers in the principal 

components analysis are excluded 
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CHAPTER 2: Genetic Admixture and Population Substructure in Guanacaste 

Costa Rica 

 
 

The analysis was conducted in a total of 1,301 women from the Guanacaste region 

of Costa Rica using 27,904 single nucleotide polymorphisms (SNPs) that were genotyped 

on an Illumina InfiniumII iSelect SNP microarray for the purpose of evaluating the extent 

of its population admixture and also assessing the possible effect of population 

stratification for a proposed GWAS. The main conclusions are the following: 1) the 

people of the Guanacaste region of Costa Rica form a heavily admixed population that 

consists of European (42.5%), Native American (38.3%), African (15.2%) and Asian 

components (4%); 2) principal Components Analysis (PCA) correlates the genetic and 

geographic distance; 3) two subpopulations were identified based on the clustering 

pattern observed in both STRUCTURE and PCA analysis; 4) population stratification is a 

potential problem for genetic association study but could be controlled13 (Appendix B). 
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CHAPTER 3: Y chromosome haplogroups and prostate cancer in populations of 

European and Ashkenazi Jewish ancestry 

 

GWAS for prostate cancer has been very successful in discovering more than 80 

risk loci14. However the Y chromosome is not well covered/represented on the 

commercial genome-wide SNP arrays, especially for the earlier lower-density chips used 

in the first years of GWAS. Genotyping on a set of Y chromosome genetic markers using 

a different technology could remedy this problem. Before this project took place, a few 

studies had been conducted to examine the potential association between Y chromosome 

genetic markers and prostate cancer. Small sample sizes and/or insufficient Y 

chromosome SNP makers contributed to unconvincing positive or negative findings15-17. 

A two–stage study to assess the role of Y chromosome haplogroups in prostate cancer 

risk was conducted with a total of over 5,000 case/control pairs of European ancestry and 

more than 1,500 case/control pairs of Jewish ancestry. A total of 34 binary Y 

chromosome markers in 3,995 prostate cancer cases and 3,815 control subjects drawn 

from four studies were analyzed in the discovery stage and followed by a replication 

stage for two suggestively significant makers in a set of Ashkenazi Jewish subjects (1,686 

cases and 1,597 control subjects) or European American subjects (686 cases and 734 

control subjects). A combined analysis revealed a nominally significant association with 

prostate cancer risk for E1b1b1c haplogroup (Pmeta = 0.010, OR = 0.77; 95% Confidence 

Interval 0.62–0.94). Similarities and differences were observed for Y haplogroup 
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frequencies across studies, for instance, the major haplogroups in PLCO, CPSII and 

FPCC studies are R1 haplogroups, whereas ATBC had a remarkably different haplogroup 

distribution with a preponderance of N1c and I1 haplogroups.  This reflects the different 

population genetic history in Finnish as distinct from the rest of European populations. 

Overall, the results suggested that inherited Y chromosome variation plays a limited role 

in prostate cancer etiology in European populations18 (Appendix C). 
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CHAPTER 4: Improved imputation of common and uncommon SNPs with a new 

reference set 

 

Statistical imputation of genotype data is an important technique for GWAS  

analysis. One of the most popular imputation programs is IMPUTE2 9 (Figure 6). The 

imputed (untyped) SNPs can be added into the genotype and phenotype association 

testing at no additional costs and thus improve the coverage and power for association 

studies10.  Imputation also becomes a necessity when genotype data scanned on disparate 

arrays need to be combined.  For the next generation of GWAS, imputation also makes 

case only GWAS possible, while making use of previously scanned controls.  Having a 

reliable reference set is key for improving the accuracy of imputation. This motivated us 

to generate a new, publicly available imputation reference set19 to improve imputation 

accuracy for studies of individuals of primarily European descent based on the high 

quality genotyping across many different commercial arrays including Hap1, Omni1, and 

Omni2.5 human SNP arrays (Illumina). Our dataset contains 2.5-3.1 million variants for 

930 European, 157 Asian, and 162 African/African-American individuals. Imputation 

accuracy of European data from Hap660 or OmniExpress array content, measured by the 

proportion of variants imputed with r2>0.8, improved by 34%, 23% and 12% for variants 

with minor allele frequency (MAF) of 3%, 5% and 10%, respectively, compared to 

imputation using publicly available data from the June 2010 release of 1,000 Genomes20-

21 and International HapMap 35 projects. The improved accuracy with the new dataset
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can increase power for GWAS by as much as 8% relative to genotyping all variants. The 

first version of the reference dataset is available to the scientific community through the 

NCBI dbGaP portal (accession number phs000396.v1.p1). The second version of the 

reference set further expands to nine additional arrays including three Affymetrix arrays 

(Appendix D).  

 

 

Figure 7  Imputation using IMPUTE2.   

Imputation starts with three elements: 1) a reference panel (usually phased, but can also be unphased); 2) a 

recombination map; and 3) scan data for inference. After imputation, the program outputs the imputed 

genotypes with three probabilities corresponding to three possible genotypes for a biallelic SNP.  As the 

output genotypes are not discrete (i.e. not of the form of an AA, AB or BB call), there is  uncertainty in the 

results and it is not always 100% accurate. See also http://mathgen.stats.ox.ac.uk/impute/impute_v2.html  

http://mathgen.stats.ox.ac.uk/impute/impute_v2.html
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CHAPTER 5: Genome-wide association study of glioma and meta-analysis 

 

 Recent GWASs have identified seven new susceptibility regions that influence 

risk for glioma, a difficult to treat type of brain tumor22-24. We conducted a new 

independent GWAS of glioma25 using 1,856 cases and 4,955 controls (from 14 cohort 

studies, 3 case–control studies, and 1 population-based case-only study), and found 

evidence of strong replication for three of the seven previously reported associations at 

20q13.33 (RTEL), 5p15.33 (TERT), and 9p21.3 (CDKN2BAS), and consistent association 

signals for the remaining four at 7p11.2 (EGFR both loci), 8q24.21 (CCDC26) and 

11q23.3 (PHLDB1). Both the direction and magnitude of the signal were consistent for 

samples from cohort and case–control studies, but the strength of the association was 

more pronounced for loci rs6010620 (20q13.33; RTEL) and rs2736100 (5p15.33, TERT) 

in cohort studies, likely due to relatively more higher grade tumors being captured in the 

cohort studies. We further examined the 85 most promising SNPs identified in our study 

in three replication sets (5,015 cases and 11,601 controls), but no new markers reached 

genome-wide significance. Our findings suggest that larger studies focusing on novel 

approaches as well as specific tumor subtypes or subgroups will be required to identify 

additional common susceptibility loci for glioma risk (Appendix E).  
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CHAPTER 6: Genome-side association analysis identifies new lung cancer 

susceptibility loci in never-smoking women in Asia 

 

It is estimated that about 25% of lung cancer arise in individuals who have never 

smoked, and epidemiological studies of lung cancer in never smokers have shown that 

the incidence of lung cancer in women is particularly high in Asia. In order to identify 

common genetic variants contributing to lung cancer susceptibility, a multistage genome-

wide association study was conducted for lung cancer in never-smoking Asian women26.  

For stage 1 (discovery stage), 5,510 never-smoking female lung cancer cases and 4,544 

control subjects, drawn from 14 different studies from mainland China, South Korea, 

Japan, Singapore, Taiwan and Hong Kong, were scanned using Illumina SNP 

microarrays. For stage 2 (the replication stage), the most promising 13 SNPs were further 

genotyped (associated at P < 5×10−6 based on stage 1 analysis) in an additional 1,099 

cases and 2,913 controls using TaqMan assays.  Three new susceptibility loci were 

identified at 10q25.2 (rs7086803, P = 3.54×10−18), 6q22.2 (rs9387478, P = 4.14×10−10) 

and 6p21.32 (rs2395185, P = 9.51×10−9) based on the combined stage 1 and 2 genotype 

data, and three previously reported loci at 5p15.33, 3q28 and 17q24.3 were also 

confirmed in our data. Notably, no evidence of association for lung cancer at 15q25 was 

observed in never-smoking women in Asia, providing strong evidence that this locus is 

not associated with lung cancer independently of smoking. Further studies are required to 

perform fine mapping for these new regions by imputation and sequencing.  In parallel, 
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additional novel regions associated with lung cancer can be discovered by performing 

large-scale meta-analysis via international collaborations. Functional work is warranted 

to identify the variants that directly account for the underlying association, as well as to 

study how the genetic variants interact with established environmental risk factors, 

including environmental tobacco smoke, cooking fumes and fuel use, in never-smoking 

females in Asia (Appendix F). 
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CHAPTER 7: Imputation and subset based association analysis across different 

cancer types identifies multiple independent cancer risk loci in the TERT-CLPTM1L 

region on chromosome 5p15.33 

 

  

GWAS has identified multiple cancer susceptibility alleles in a region of 

chromosome 5p15.33 that harbors the TERT and CLPTM1L genes. TERT encodes the 

catalytic subunit of telomerase reverse transcriptase and CLPTM1L may play a role in 

apoptosis. To investigate the complex genetic architecture of this multi-cancer associated 

region, we have performed imputation and an agnostic subset based meta-analysis 

(ASSET) 27 across 11 GWAS scans including six distinct cancers in 32,322 cases and 

30,506 controls. Based on sequential conditional analysis, we identified as many as six 

independent risk loci, marked by common single nucleotide polymorphisms (SNPs), five 

in the TERT gene (region 1: rs7726159, P=2.10x10-39; region 3: rs2853677, P=3.30x10-36 

and PConditional=2.36x10-8; region 4: rs2736098, P=3.87x10-12 and PConditional=5.19x10-6, 

region 5: rs13172201, P=0.041 and PConditional=2.04x10-6; and region 6: rs10069690, 

P=7.49x10-15 and PConditional=5.35x10-7) and one in the neighboring CLPTM1L gene 

(region 2: rs451360; P=1.90x10-18 and PConditional=7.06x10-16). Between three and five 

cancers are mapped to each of the loci, with effects in both directions. Our results provide 

strong support for extensive pleiotropy across this region of 5p15.33, at a level not 

previously observed in other cancer susceptibility loci (Appendix G). 



24 

 

 

 

 

 

CHAPTER 8: Conclusion and Perspective 

 
 

 
GWAS has emerged as a successful approach for the discovery of common 

genetic variations conferring susceptibility to complex diseases and traits, including more 

than two dozen distinct types of cancer28-29.  Over the past eight years, a multitude of 

GWAS have identified and replicated over 2,000 disease or trait associated variants 

(GWAS Catalog, http://www.genome.gov/gwastudies/), of which about 350 have been 

shown to be associated with many types of cancer. As the primary focus of my interests, 

many of the analyses, methods development and generation of new findings of risk loci 

in many cancer GWAS scans that have been performed at CGR and DCEG are included 

in this dissertation. For example, three novel lung cancer susceptibility regions were 

identified and three previously reported loci were confirmed by our Asian non-smoking 

female lung cancer GWAS30. A strong replication was observed for several known loci 

and a meta-analysis for the top SNPs with another previous scan was attempted for our 

Glioma scan25. For the recent testicular germ cell tumor meta-analyses, five novel risk 

loci were discovered31-32. Also most recently, three novel loci associated with ESCC risk 

were identified by a joint analysis combining three large published scans, all conducted in 

China, where this disease is more common and represents a major soruce  of cumulative 

mortality in the population at large33. 
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Prior to GWAS techniques becoming standard, the candidate gene approach was 

widely used, but with very limited success as many initially statistically significant 

findings have not been replicated34. Linkage studies that rely on high risk families have 

been successful in discovering genetic variants of large effect sizes influencing 

susceptibility to cancer, such as certain mutations in BRCA1 and BRCA2 that increase 

risk of breast cancer35-36. The linkage approach, however, has been less helpful for 

finding additional germline variants with low to medium impact for cancer risk. The 

underlying rationale for GWAS is the so-called CD/CV (Common Disease/Common 

Variation) hypothesis37-38.  Based on improvements in technology, the results from the 

Human Genome Project and other international consortia efforts, commercial genome-

wide SNP microarrays were designed to capture most common variation across the 

genome. This explains the fact that most GWAS findings consist of common SNPs (MAF 

> 5%) with relatively small increments in risk, and per allele odds ratio (OR) usually less 

than 1.5 with a few exceptions, such as the KITLG in testicular cancer with a 

heterozygote estimated ratio of more than 2.539. A model for dissecting the constituents 

of the genetic architecture for complex diseases including cancers is illustrated by the bi-

variate plot of the risk allele frequency versus the genetic effect strength for the genetic 

variants (Figure 8). In the future, the chance of detecting additional common variants 

with high risk is small because they should have been found by many existing well-

powered scans. On the other hand, uncommon variants with low risk will be difficult to 

study for most diseases due to the lack of power in many studies, where extremely large 

sample sizes are necessary to detect them.  
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Recent findings from cancer GWAS also underscore the complex nature of cancer 

susceptibilities alleles. First, the number of risk loci discovered in different cancers 

differs substantially40. For instance, in prostate cancer, over 80 loci have been shown to 

be associated with risk14; whereas in lung cancer, which is known to be strongly 

confounded by smoking, only a dozen loci have been reported30,41-44. Second, to date 

almost 300 loci have been reported to be associated with cancers, but only a few regions 

have been shown to be associated with more than one distinct cancer type. The few 

examples of multi-cancer loci are 8q24.21, 5p15.33 and 11q13.340. Based on these 

observations, a comprehensive approach of fine-mapping needs to be undertaken to 

unravel the set of potential functional variants at each of the identified loci, search for 

target genes and perform functional approaches to explain the biological underpinnings 

of each of the unique cancer susceptibility region. 
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Figure 8. Model of genetic architecture of complex diseases.  

The feasibility of identifying genetic variants by risk allele frequency and strength of genetic effect (odds 

ratio)
45

 is presented. The x-axis represents the frequency of the risk allele, and the y-axis represents the 

effect size. In essence, GWAS mainly detects common variants (MAF> 5%) with moderately low effect 

sizes (OR <1.5).  
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GWAS findings discovered to date only account for a small proportion of the 

overall heritability for common complex diseases45. The "missing heritability" could be 

due to the fact that some of the risk may be conferred by rare variants with larger or 

smaller effect sizes as well as epigenetic contributions and the interaction with specific 

environmental exposures. In this case, next-generation sequencing should be 

complementary since it allows for, in theory, the discovery of all variants within a 

targeted region, including rare variants.  On the other hand, it is also possible that the 

"missing heritability" is due to an overestimation of the total heritability because it is 

implicitly assumed that epistatic effects such as gene-gene or gene-environment 

interaction do not exist46. To resolve the mystery of "missing heritability", the 

power/sample size can be increased by pooling multiple existing GWAS together to find 

common variants with even smaller effects. To explore uncommon and rare variants, 

exome and/or whole-genome sequencing could be performed, or genotyping using the 

denser SNP microarrays based on the 1,000 Genomes project data or exome SNP 

microarray focusing only on rare coding variants may be necessary. For analyzing rare 

variants, novel statistical methods47 have to be used in order to increase the statistical 

power for detecting an association. For scans conducted only on the exome array, 

population stratification has to been carefully addressed since the only SNPs assayed are 

rare48. 

 In the near future, new GWAS may be designed and performed to continue 

searching for additional novel hits to understand better the missing heritability, improve 

risk prediction as well as attempt to replicate existing findings. The information of 
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discoveries from existing GWAS can be utilized to estimate the number of the theoretical 

total number of susceptibility loci, assess the distribution of the effect sizes together with 

their spectrum of allele frequencies and provide a better power calculation49. Together, 

these aspects provide important guidance as to whether the next phase of GWAS is 

sufficiently powered for discovering more low-penetrance common variants and adding 

more to our understanding of its heritability or genetic basis.  The research community is 

now forming consortia for large-scale meta-analyses32-33,50 to be able to successfully 

discover new risk loci. We know that more has to be discovered in order to substantially 

improve the utility of risk prediction in the clinic settings in the future51-53. In addition, 

GWAS can be used to study genetic susceptibility to survivor/prognosis, as well as drug 

response to different pharmacological agents.  

 One of the main purposes of the next generation of GWAS is to discover 

uncommon susceptibility SNPs with MAFs between 1 and 10%.  It has been shown that a 

two-platform design, which relies on genotyping only a subset of individuals on both 

platforms and then conducting imputation; this approach can be cost effective for this 

purpose54. To better impute, the DCEG Imputation reference set19 was constructed by 

genotyping the same set of 1,249 subjects, primarily of European ancestry on multiple 

different SNP microarrays. This new reference set can substantially improve the 

imputation accuracy, especially for uncommon SNPs with MAF less than 10%, and the 

overall statistical power by combining various genotyping data sources scanned on 

different SNP arrays.    
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 Future GWAS should also focus on understudied ethnic groups and high-risk 

populations. To date, most GWAS have been performed in populations of European 

ancestry but this trend is slowing changing, particularly in East Asia. To shed light on the 

disparities in incidence and outcomes by ethnic backgrounds, it is critically important to 

also conduct GWAS in populations with distinct population histories and thus different 

underlying LD structures. Etiologic heterogeneity may play an important role in 

interpreting and a comparison of GWAS results should be considered as GWAS is 

extended to understudied populations with distinct population genetics and environment 

exposures, including lifestyles. For example, environmental factors have previously been 

shown to be of varied relevance for ESCC in different Chinese populations and this may 

have led to differential GWAS findings, manifesting in true genetic association 

heterogeneity33. These differences can contribute to the primary reason that many genetic 

associations do not replicate across distinct population genetic groups, namely, genetic 

markers do not correlate with the functional, underlying variants33. For existing GWAS 

scans, more refined analyses by exploring further gene-gene interaction, gene-

environment interaction, gene-based or pathway-based analysis could possibly yield 

additional findings55-56. However, environmental and lifestyle exposures are very 

complex and measurements can vary greatly from study to study, introducing further 

heterogeneity. Better epidemiological studies, with improved sampling strategies and 

better surveys on standardized questionnaires are warranted before we can advance 

further on the gene-environment interaction front.  
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 It is notable that few regions have been shown to be implicated in the risk of 

multiple cancers40. As an example, a region of 5p15.33 has been implicated in GWAS of 

at least nine distinct cancers including bladder, estrogen-negative breast, glioma, lung, 

melanoma, non-melanoma skin, pancreas, prostate, and testicular germ cell cancer.  Fine 

mapping on 5p15.33 identifies multiple independent prostate cancer risk loci in the gene 

neighborhood of the TERT-CLPTM1L57.  Another focus would be to perform multi-

cancer analysis for these commonly associated regions to investigate such pleiotropic 

effects. Through imputation and subset based meta-analysis across multiple cancers, 

evidence was found for multiple independent loci on chr5p15.33, each influencing the 

risk of multiple cancers58. Although one or more of the SNPs identified in each region 

could be causal, extensive functional work for the set of highly significant and highly 

correlated SNPs identified for each locus is needed to establish the biological 

underpinning of each signal. The fact that all loci are positively or negatively associated 

with different cancers for this region is noteworthy. It could mean that the same 

underlying mechanisms lead to an increased risk of some cancers while protecting against 

other types of cancer. A more plausible explanation is that multiple different mechanisms 

or pathways may be at play in this region. 

 Taken together, the completion of the HapMap and 1000 Genomes projects has 

yielded a comprehensive map of human genetic variation5,20-21. It was these efforts that 

made it possible to design SNP microarrays to scan the genome in search for genetic 

susceptible regions marked by common and uncommon variants. On this front, a series of 

recent exciting findings from the Collaborative Oncological Gene-environment Study 
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(COGS) consortium were highlighted in the April 2013 issue of the Nature Genetics14,59-

62. For the signals identified through GWAS, the markers are not necessarily, and in fact 

almost never are the direct functional variants.  Therefore GWAS is only the first step in 

the identification of genetic susceptibility regions. In this context, ENCODE63-64 can 

provide insights into the functional potential of risk loci. With fine mapping, publicly 

available genomic datasets can aid in the hypothesis generating process needed to search 

for candidate genes and functional variants. This could narrow down the search for 

potential functional variants for further investigation and aid in the determination of the 

biological mechanisms behind the association signals discovered by GWAS. With the 

rapidly dropping cost of next-generation sequencing technologies, sequencing-based 

association studies will inevitably replace the genotyping array-based GWAS. Whole-

genome sequencing (WGS) allows for exploration of the full spectrum of genetic 

variations, including both common and rare variants both genic and intergenic. WGS 

studies may therefore increase the power of genetic association studies and potentially 

directly reveal functional variants for diseases, which can only be done with the follow-

up fine mapping effort after traditional genotyping array-based GWAS. Nevertheless, 

these two approaches are likely to coexist in the foreseeable future partly because the 

sequence alignment in WGS and the determination of functionality of variants in the non-

coding regions are not straightforward. A major future challenge for dissecting the 

pathogenesis of complex diseases is the need for integration of data from various high-

throughput platforms such as WGS, whole-genome methylation, transcriptome 

(expression arrays or RNA sequencing), protein-DNA binding (chromatin 
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immunoprecipitation sequencing), microRNA sequencing and proteomics (protein 

arrays)65. However, cross-platform integration is an intricate task as different data types 

are interrelated in a complex manner through a highly sophisticated biological network. 

In general, understanding the combined effects of genetic and environmental factors 

contributing to cancer through a systems biology framework will enable the advancement 

of personalized medicine66. A new era of conducting population based risk prediction and 

screening to improve health care and developing new targeted drug to cure cancer has 

already begun.   
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APPENDIX A 

 

URLs: 

GLU http://code.google.com/p/glu-genetics 

PLINK http://pngu.mgh.harvard.edu/~purcell/plink/ 

IMPUTE2 http://mathgen.stats.ox.ac.uk/impute/impute_v2.html 

SNPTEST https://mathgen.stats.ox.ac.uk/genetics_software/snptest/snptest.html 

GWAS catalogue http://www.genome.gov/gwastudies/ 

R http://www.r-project.org/ 

SHAPEIT2 http://www.shapeit.fr/ 

BIOWULF http://biowulf.nih.gov/ 

LIFTOVER  http://hgdownload.cse.ucsc.edu/downloads 

GTOOL http://www.well.ox.ac.uk/~cfreeman/software/gwas/gtool.html 

CYTOBAND http://hgdownload.cse.ucsc.edu/goldenPath/hg19/database/cytoBand.txt.gz 

CGR http://cgf.nci.nih.gov/ 

http://code.google.com/p/glu-genetics
http://pngu.mgh.harvard.edu/~purcell/plink/
http://mathgen.stats.ox.ac.uk/impute/impute_v2.html
https://mathgen.stats.ox.ac.uk/genetics_software/snptest/snptest.html
http://www.genome.gov/gwastudies/
http://www.r-project.org/
http://www.shapeit.fr/
http://biowulf.nih.gov/
http://hgdownload.cse.ucsc.edu/downloads
http://www.well.ox.ac.uk/~cfreeman/software/gwas/gtool.html
http://hgdownload.cse.ucsc.edu/goldenPath/hg19/database/cytoBand.txt.gz
http://cgf.nci.nih.gov/
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APPENDIX G 

 

 

Introduction 

 Genome wide association studies (GWAS) have identified several independent 

susceptibility loci in a region of 5p15.33 that are associated with at least 9 distinct 

cancers. The published findings include bladder (1), estrogen-negative breast (2), glioma 

(3), lung (4-7), melanoma (8), non-melanoma skin (9, 10), pancreas (11), prostate (12) 

and testicular germ cell cancer (13). These loci map to a region of ~63,000 base pairs that 

harbors two plausible candidate genes: TERT, which encodes the catalytic subunit of 

telomerase reverse transcriptase (14) and CLPTM1L, which encodes the cleft lip and 

palate associated transmembrane 1 like protein (also called cisplatin resistance related 

protein, CRR9). CLPTM1L appears to play a role in apoptosis and is overexpressed in 

lung cancer (15-17). Germline mutations in TERT cause disorders characterized by short 

telomeres and increased cancer susceptibility, including dyskeratosis congenita, 

idiopathic pulmonary fibrosis and aplastic anemia (reviewed in (18)). 

The GWAS approach discovers common genetic markers that can serve as 

surrogates for functional variants, directly contributing to susceptibility or protection 

from one or more cancers. As such, GWAS signals require fine mapping to nominate 

variants for functional studies in the laboratory. The biological basis of only a small 

fraction of susceptibility loci has been investigated. For mapping loci, the availability of 
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public resources such as the 1000 Genomes (1000G) (19) and DCEG (20) reference 

datasets enables statistical imputation of existing GWAS datasets (21).  

The goal of the current study was to explore pleiotropy across the region of 5p15.33 

in a large set of distinct cancer GWAS. We utilized a recently developed novel method 

called ASSET that combines association signals for a SNP across multiple tra its by 

exploring subsets of studies for true association signals in the same, or opposite direction, 

while accounting for the multiple testing required (22). The method has been shown to be 

more powerful than the standard meta-analysis in the presence of heterogeneity where the 

effect of a specific SNP might be restricted to only a subset of traits or/and may have 

different directions of associations for different traits.   

 

  

Methods   

 

Study Participants:  

Participants were drawn from a total of 20 previous GWAS scans of 13 distinct 

cancer types: bladder, breast, endometrial, esophageal, gastric, glioma, lung, 

osteosarcoma, ovarian, pancreatic, prostate, renal cancer, testicular germ cell tumors. 

Study characteristics, genotyping and quality control have been previously published for 

all studies: bladder cancer/Bladder NCI (1)(Figureoa et.al to be submitted), breast 

cancer/CGEMS BrCa (23), breast cancer/ERneg BPC3, BrCa (2), endometrial 

cancer/EnCa (24), gastric cancer and esophageal squamous cell carcinoma/Asian 
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UpperGI (25), glioma/Glioma scan (26), lung cancer in Europeans/EurLung (7), lung 

cancer in African Americans/AALung (27), lung cancer in Asians/AsianLung (28, 29), 

osteosarcoma/OS (Savage et.al submitted), ovarian cancer/OvCa (30), pancreatic 

cancer/PanScan (11, 31), pancreatic cancer in Asians/ChinaPC (32), prostate 

cancer/Pegasus (Berndt et al. to be submitted), prostate cancer/CGEMS PrCa (33), 

advanced prostate cancer/AdvPrCa (34), prostate cancer in Africans/GhanaPrCa (Cook et 

al. to be submitted), renal cancer/Renal US (35), testicular germ cell tumors/TGCT NCI 

(Chung et al. submitted).  

Each participating study obtained informed consent from study participants and 

approval from its Institutional Review Board (IRB) including IRB certification permitting 

data sharing in accordance with the NIH Policy for Sharing of Data Obtained in NIH 

Supported or Conducted Genome-Wide Association Studies (GWAS). 

 

Genotyping  

Arrays used for scanning included the Illumina HumanHap series (317K + 240S, 

550K, 610K, 660W, and 1M), as well as the new Illumina Omni series (OmniExpress, 

Omni1M, Omni2.5 and Omni5M). All but one study was genotyped at the Cancer 

Genomics Research Laboratory (CGR, formerly Core Genotyping Facility) of the 

National Cancer Institute (NCI) of the National Institutes of Health (NIH). The ChinaPC 

GWAS (Affymetrix 6.0) was genotyped at CapitalBio in Beijing, China. The different 

chips settings required imputation to be performed on each data set in order to align the 

SNPs to a specific reference before the Omni cancer subset based meta-analysis.   
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In addition to the standard QC procedures previously applied to each GWAS scan 

data reported in the primary GWAS publications, we applied additional SNP filtering for 

the preparation of the imputation inference set as follows: 1) Completion rate per locus > 

90%; 2) MAF > 0.01; 3) Hardy-Weinberg Proportion P value > 1x10-6; 4) Exclusion of 

A/T or G/C SNPs (< 1% of total SNPs) for Illumina arrays; inclusion of A/T or G/C 

SNPs (~20% of total SNPs) and applying the allele frequency matching for the strand 

alignment between the imputation inference and reference set for the Affymetrix 6.0 

array. 

 

Lift over the genomic coordinates to NCBI genome build 37 or hg19  

Because the March 2012 release of the 1000 Genomes Project data is based on 

NCBI genome build 37 (hg19), we utilized the LiftOver tool 

(http://hgdownload.cse.ucsc.edu/) to convert genomic coordinates for scan data from 

build 36 to build 37. The tool re-maps only coordinates, but not SNP identifiers. We 

prepared the inference.bed file and then performed the lift over as follows: 

~/tools/liftover/liftOver inference.bed ~/tools/liftover/hg18ToHg19.over.chain.gz 

output.bed unlifted.bed 

A small number of SNPs failed LiftOver, mostly because they could not be 

unambiguously mapped to the genome by NCBI. We dropped those loci contained in the 

unlifted.bed from each imputation inference set.  

 

http://hgdownload.cse.ucsc.edu/
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Strand alignment with 1000 genomes reference data set 

Because A/T or G/C SNPs were excluded, strand alignment for the scan data on 

Illumina array is straightforward and involves checking that the alleles match between the 

inference set and the reference set locus by locus. If not, we complemented the alleles 

and checked again for matching. SNPs that failed both approaches were excluded from 

the inference data. For the A/T or G/C SNPs, we aligned the strand by allele frequency 

matching.  Locus identifiers were also normalized to those used in the 1000 Genomes 

data based on the genomic coordinates, although the IMPUTE2 program uses only the 

chromosome/location to align each locus overlapping between the imputation inference 

and reference set. A customized python script extended from the GLU module, the suite 

of programs developed at CGR (http://code.google.com/p/glu-genetics/), was 

implemented to generate the locus remapping and allele remapping files for the inference 

set against the reference set.  

 

Conversion of genotype files into WTCCC format  

After LiftOver to genome build 37 and ensuring that alleles are reported on the 

forward strand, we further converted the genotype data into IMPUTE2 format using 

GLU. We split the genotype file into one per chromosome and sorted  SNPs in order of 

genomic location using the GLU transform module. 

   

http://code.google.com/p/glu-genetics/
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Imputation of a 2Mb window on chr5p15.33 

We used both the 1000 Genomes data (March 2012 release) (19) and the DCEG 

imputation reference set (20) as the reference datasets to improve overall imputation 

accuracy. An exception was the ChinaPC set in which only 1000 Genomes data was used 

as the reference (because it was scanned on the Affymetrix 6.0 chip and only a subset of 

loci overlapped with DCEG reference contents). The IMPUTE2 program (36) was chosen 

to perform the imputation of a 2Mb window on chr5p15.33 from 250,000 to 2,250,000 

(hg19) with a 250kb buffer on either side as well as other recommended default settings. 

For the association analysis, we focused on a smaller region from chr5: 1,250,000 to 

1,450,000 delineated by recombination hotspots.  

 

Post-imputation filtering and association analysis 

We excluded imputed loci with INFO < 0.5 from subsequent analyses.  SNPTEST 

(36) was used for the association analysis with covariates adjustment and score test of the 

log additive genetic effect. The same adjustments as used originally in each individual 

scan were used. Note that the per SNP imputation accuracy score (IMPUTE's INFO field) 

is calculated by both IMPUTE2 and SNPTEST. The two INFO metrics calculated during 

imputation by IMPUTE2 and during association testing by SNPTEST are strongly 

correlated, especially when the additive model is fitted (21). For convenience, we chose 

to use the INFO metric calculated by SNPTEST for post imputation SNP filtering.   
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Subset and conditional analyses 

  Association outputs from SNPTEST were reformatted and subsequently analyzed 

using the ASSET (ASsociation analysis based on SubSETs) program, an R package 

(http://dceg.cancer.gov/bb/tools/asset; https://r-forge.r-

project.org/scm/viewvc.php/*checkout*/pkg/inst/doc/vignette.Rnw?root=asset) for subset 

based meta-analyses (22). The matrices of the overlapping counts for cases/controls 

across data sets, which are utilized by ASSET to adjust for possible correlation across 

studies, were constructed and passed into the ASSET program.  We used a two sided test 

P value, which can combine association signals in opposite directions, to assess the 

overall significance of whether a SNP is associated with any of the cancers under study. 

For detection of independent susceptibility SNPs, we performed sequential conditional 

analysis in which in each step the ASSET analysis is repeated by conditioning on SNPs 

that have been detected to be most significant in previous steps. The process was repeated 

until the p-value for the most significant SNP for a step remained below 2.6x10-5, a 

conservative threshold that corresponds to Bonferroni adjustment for the 1,924 SNPs 

used in the analysis for an alpha level of 0.05.  

 In the primary analysis, we included all "non-NULL" scans (GWAS where 

5p15.33 has previously been reported at a genome wide significant level and shows a 

nominally (P<0.05) significant association in the GWAS datasets included here) and thus 

analyzed eleven GWAS scans across 6 distinct cancer sites. This includes a total of 

32,322 cases and 30,506 control subjects (Supplemental Table 1a-d). In a secondary 

http://dceg.cancer.gov/bb/tools/asset
https://r-forge.r-project.org/scm/viewvc.php/*checkout*/pkg/inst/doc/vignette.Rnw?root=asset
https://r-forge.r-project.org/scm/viewvc.php/*checkout*/pkg/inst/doc/vignette.Rnw?root=asset
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analysis, we assessed the associations for each of the six regions in the “NULL” scans 

(scans where 5p15.33 had not been previously reported nor had a nominal P value in the 

GWAS datasets used in the current study) comprising 9 GWAS datasets across 7 cancers, 

including a total of 11,385 case and 17,094 control subjects (Supplemental Table 1e-h). 

 

Estimate of Recombination Hotspots 

Recombination hotspots were identified in the TERT-CLPTM1L region (5p15.33: 

1,264,068-1,360,487) using SequenceLDhot (37), a program that uses the approximate 

marginal likelihood method (38) and calculates likelihood ratio statistics at a set of 

possible hotspots. We tested 3 sets from East Asians (n=88), CEU (n=116), and YRI 

(n=59) from the 1000 Genomes data. The PHASE v2.1 program was used to calculate 

background recombination rates (39, 40). 

 

Validation of imputation accuracy 

Imputation accuracy was assessed by direct TaqMan genotyping. TaqMan 

genotyping assays (ABI, Foster City, CA) were optimized for 6 SNPs (rs7726159, 

rs451360, rs2853677, rs2736098, rs10069690 and rs13172201) in the notable regions.  In 

an analysis of 2,420 samples from the Glioma brain tumor study (Glioma BTS, 330 

samples) (26), testicular germ cell tumor (TGCT STEED study, 865 samples) (Chung et 

al. submitted) and PEGASUS (PLCO, 1132 samples) (Berndt et al. to be submitted), the 

allelic R2 (41) measured between imputed and assayed genotypes were 0.88, 0.98, 0.86, 

0.85, 0.81 and 0.61 for the 6 SNPs listed in the same order as above.  
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Bioinformatic analysis of functional effects 

HaploReg (http://www.broadinstitute.org/mammals/haploreg/haploreg.php) was 

used to annotate functional and regulatory potential of highly significant and highly 

correlated SNPs that mark each of the regions identified. The program allows  

visualization of predicted chromatin state, conservation across mammals, and the effect 

of SNPs on regulatory motifs to aid in assessing the potential impact of risk variants for 

functional follow-up (42). RegulomeDB was also used to assess and score regulatory 

potential of SNPs in each locus (add Boyle et.al PMID: 22955989). Expression 

quantitative trait locus (eQTL) effects were assessed using the MuTHER database 

(http://www.sanger.ac.uk/resources/software/genevar/) (43). Predicted effects of SNPs on 

splicing were assessed using NetGene2 (http://www.cbs.dtu.dk/services/NetGene2/) (44).  

 

 

 

Results 

In this study we performed a detailed search for independent risk loci on 

chromosome 5p15.33 known to be associated with multiple cancer sites and harbor 

pleiotropy.  In the primary analysis, we gathered data from eleven GWAS scans across 6 

distinct cancer sites, where 5p15.33 had previously been reported and had a nominal P 

value in our dataset ("non-NULL" scans, see methods), and imputed each dataset across a 

2Mb window (chr5: 250,000 to 2,250,000, hg19) using the 1000G and DCEG reference 

datasets. In a secondary analysis, we assessed the associations for each region discovered 

in the primary analysis, based on 9 GWAS datasets across 7 cancers where 5p15.33 had 

neither been reported nor showed a nominal P value in our dataset ("NULL" scans). 

http://www.broadinstitute.org/mammals/haploreg/haploreg.php
http://www.sanger.ac.uk/resources/software/genevar/
http://www.cbs.dtu.dk/services/NetGene2/
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Based on recombination hotspots and the attenuation of association signals, we focused 

on a 200kb region from 1,250,000 to 1,450,000 and subsequently performed the subset 

based meta-analysis (ASsociation analysis based on SubSETs, ASSET) (22) that revealed 

six independent loci on 5p15.33, each influencing risk of multiple cancers (Figure 1, 

Table 1).  

 We first conducted the ASSET analysis based on unconditioned association 

results from each of the 11 scans and identified rs7726159 with the lowest P  value 

(P=2.10x10-39) thus marking region 1. The next four SNPs, by P value ranking, are all 

highly correlated with this index SNP based on 1000G CEU data: rs7725218 (P=2.98x10-

39, pair-wise r2=0.90), rs4449583 (P=3.37x10-39, pair-wise r2=1.0), rs7705526 (P=1.00 x 

10-36, pair-wise r2=0.74) and rs4975538 (P=4.11 x 10-32, pair-wise r2=0.76).  These five 

SNPs reside in the second and third intron of the TERT gene. A systematic search for 

surrogates using an r2 threshold of 0.7 across a 1Mb window centered on the index SNP 

did not identify additional highly correlated SNPs. The minor allele of rs7726159 was 

positively associated with glioma (Glioma Scan) and lung cancer (Asian Lung) 

(ORCombined=1.47; 95% CI=1.38-1.56), but negatively associated with testicular cancer 

(TGCT NCI), prostate cancer (Pegasus and AdvPrCa) and pancreatic cancer (ChinaPC) 

(ORCombined=0.86; 95% CI=0.80-0.91) (Figure 2a). 

Assessing the five SNPs that mark region 1 in ENCODE data and other publicly 

available resources indicated that rs7725218, rs4975538 and rs4449583 have the 

strongest evidence of being functionally important, possibly as regulatory elements that 

influence expression of TERT, CLPTM1L or other genes. The first two SNPs are located 
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within DNase hypersensitivity peaks in 14 and 7 cell types, respectively, indicating an 

open chromatin conformation that could permit access by transcriptional regulators. 

Additionally, different alleles at all three SNPs are predicted to influence transcription 

factor binding to DNA in 5 cell lines each (Supplemental Table 2).  

 The most significant SNP after conditioning on rs7726159 was rs451360 

(P=1.90x10-18; PConditional=7.06x10-16), thus marking region 2 (Figure 1, Table 1).  This 

SNP resides in intron 13 of the CLPTM1L gene. Six SNPs are correlated with rs451360 at 

an r2>0.7 and located within 500kb from this SNP: rs380145, rs13170453, rs37004, 

rs36115365, rs35953391 and rs7446461. This region was positively associated with 

pancreatic cancer (PanScan) and testicular cancer (TGCT NCI) (ORCombined=1.34; 95% 

CI=1.24-1.45), but negatively associated with lung cancer (AA Lung, Asian Lung, Eur  

Lung) (ORCombined=0.85; 95% CI=0.80-0.90) (Figure 2b).   

The seven highly correlated SNPs that mark this region extend from ~12 kb 

upstream of the transcriptional start site of CLPTM1L to ~6 kb downstream of the gene.  

Evidence for functionality is strong for this set of SNPs. First, DNase hypersensitivity 

peaks overlap with, rs380145 and rs36115365 in 7 and 22 cell lines, respectively.  

Second, enhancer histone marks overlap with rs380145, rs13170453, rs36115365, and 

rs35953391 in 5, 1, 1 and 1 cell types, respectively. Third, 3 proteins bind the genomic 

region surrounding rs380145 and 13 proteins at rs36115365. Fourth, predicted DNA 

binding motifs are affected by alleles at rs451360, rs37004, rs36115365 and rs35953391 

(Supplemental Table 2).  
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 The most significant SNP after conditioning on both rs7726159 and rs451360 was 

rs2853677 marking region 3 (P=3.30x10-36; PConditional=2.36x10-8), located in the first 

intron of the TERT gene (Figure 1, Table 1). No additional SNPs with an r2>0.7 were 

located within 500kb of this SNP, which has relatively low LD with both rs7726159 

(r2=0.13) and rs451360 (r2=0.12). Region 3 is positively associated with testicular cancer 

(TGCT NCI) and pancreatic cancer (PanScan and ChinaPC) (ORCombined=1.22; 95% 

CI=1.13-1.31), but negatively associated with lung cancer (Asian Lung and AA Lung) 

and glioma (Glioma scan) (ORCombined=0.73; 95% CI=0.70-0.77) (Figure 2c). Region 3 

shows moderate evidence for functional importance: rs2853677 overlaps with DNase 

sensitivity peaks in 5 cell types but lacks evidence for histone marks and transcription 

factor motifs or binding (Supplemental Table 2). 

The next region, namely region 4, is marked by rs2736098 (P=3.87x10-12; 

PConditional=5.19x10-6), a synonymous variant (A305A) in the second exon of TERT 

(Figure 1, Table 1). Three additional SNPs with an r2>0.7 are located within 500kb of 

this SNP: rs2853669, rs2736108 and rs2736107, all in the promoter of TERT, from 

approximately 200 to 2,700 bp upstream of the transcriptional start site (TSS). This 

region is positively associated with lung (Eur Lung and AA Lung), prostate cancer 

(Pegasus) and bladder cancer (Bladder NCI) (ORCombined =1.15; 95% CI=1.10-1.21), and 

negatively associated with testicular cancer (TGCT NCI) and pancreatic cancer 

(PanScan) (ORCombined=0.81; 95% CI=0.74-0.89) (Figure 2d). Region 4 contains four 

highly correlated SNPs, three of which overlap with DNase hypersensitivity peaks 

(rs2736098 in 2, rs2853669 in 3, and rs2736108 in 10 cell types). Furthermore, all four 
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SNPs are predicted to influence predicted transcription factor binding sites 

(Supplemental Table 2). 

A suggestive region (region 5) marked by rs13172201 (P=0.05; 

PConditional=1.31x10-4) was determined to be the last one along the sequential conditional 

path (Figure 1, Table 1). Further investigation for the cause of the increased signal for 

this SNP in the conditional analysis as compared to unconditioned analysis indicated that 

the association signal for this SNP was unmasked mainly because of conditioning on 

SNP rs7726159 (region 1). The risk alleles for rs13172201 and rs7726159 were 

negatively correlated (r=-0.27, based on 1000G CEU data), and in an exploratory analysis 

of rs13172201 in the Eur Lung scan, this SNP appeared to have a stronger association in 

rs7726159 CC carriers (P=7.0x10-4, OR=1.21 95% CI=1.08-1.35) as compared to 

rs7726159 AC/C carriers (P=0.10, OR = 1.12 95% CI=0.98-1.27). SNP rs13172201 does 

not overlap with DNAse hypersensitivity regions but is predicted to alter DNA binding 

motifs for 21 proteins. 

Region 5 was positively associated with lung cancer (Eur Lung and AA Lung), 

prostate cancer (Pegasus) and pancreatic cancer (PanScan) and negatively associated with 

testicular cancer (TGCT NCI) and glioma (Glioma scan) (Figure 2e). It is located in the 

seventh intron of TERT, overlaps with DNase hypersensitivity sites in 7 cells lines and is 

predicted to alter DNA binding motifs for 7 proteins (Supplemental Table 2).  

Performing the same analysis as above based on only the GWAS conducted in 

individuals of European ancestry (8 scans), we noted regions 1, 2, 4 and 5 (Table 1) but 

not region 3 (marked by rs2853677). The conditional P value for region 5, suggestive in 
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the analysis based on all ethnic groups, improved in this subset and surpassed the 

threshold of Bonferroni corrected P value of 2.6x10-5 (rs13172201: P=0.041; 

PConditional=2.04x10-6). An additional region, region 6, marked by rs10069690 (P=7.49x10-

15; PConditional=5.35x10-7) in intron 4 of TERT was identified (Figure 1, Table 1). As 

regions 3 and 6 are located between the same two recombination hotspots (Figure 1) we 

assessed their correlation in 1000G CEU subjects and saw very low levels of LD between 

the two (rs10069690, rs2853677, r2=0.005) supporting the notion that they are 

independent signals. Rs10069690 has been reported to be associated with estrogen 

receptor negative breast cancer (45) and in our subset analysis is positively associated 

with glioma (Glioma scan) (ORCombined=1.50; 95% CI=1.30-1.67), and negatively 

associated with testicular (TGCT NCI), prostate (Pegasus and AdvPrCa), bladder 

(Bladder NCI) and pancreatic cancer (PanScan (ORCombined=0.87; 95% CI=0.83-0.92) 

(Figure 2f). Highly correlated SNPs (r2>0.7) were not seen within 500kb of rs10069690. 

This SNP overlaps with DNase hypersensitivity sites in 4 cells lines and is predicted to 

alter the binding of 2 transcritpion factors (Supplemental Table 2). Notably, the P  value 

for rs10069690 in the Advanced Prostate cancer scan improved from 1.64x10-5 to 

2.06x10-10 after conditioning on SNPs in regions 1 and 2. This SNP is nominally 

significant in the other two prostate cancer scans with unconditional P values of 0.003 

(Pegasus) and 0.02 (CGEMS Prostate). Therefore, rs10069690 may be of particular 

interest for prostate cancer and perhaps especially the advanced forms. This finding needs 

to be validated in an independent dataset.   
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For the 6 signals noted, regions 1, 3 and 6 are flanked by two recombination 

hotspots that separate these three regions from region 5 on the telomeric side and from 

region 4 on the centromeric side. Recombination hotspots also separate regions 2 and 4 

(Figure 1). The LD between SNPs in loci 1, 3 and 6 is low to moderate (r2=0.005, 0.13 

and 0.45 in 1000G CEU), however the conditional analyses supports the presence of 

three signals bounded by very strong recombination hotspots on either sides. Region 5 is 

the most telomeric one and separated from the rest with a strong recombination hotspot.  

We also assessed the associations for each of the regions in the “NULL” scans 

comprising of 9 GWAS datasets across 7 cancers including 11,385 cases and 17,094 

controls. None of the regions showed nominally significant association (data not shown).  

In addition to characterizing independent signals in the TERT-CLPTM1L region, 

we have fine-mapped reported association signals for some cancers. As an example, for 

pancreatic cancer, the reported GWAS SNP rs401681 had a P value of 3.7x10-7 and an 

OR of 1.19 (11). After imputation, a much improved P value was seen for rs451360 

(marking region 2) (P=2.0x10-10; OR=1.29). After conditioning on rs451360, the P value 

for rs401681 was no longer significant (P=0.1).  The LD between these two SNPs is 

moderate (r2=0.35).  For glioma, the GWAS SNP rs2736100 had a P value of 8.49x10-9 

and OR of 1.08 in the Glioma scan (26). The best imputed SNP rs449583 (r2=1 with 

rs7726159, marking region 1) shows a much improved P value of 4.1x10-14 with an OR 

of 1.50. The P value of rs449583 is still highly significant (1.67x10-9) if conditioning on 

rs2736100, whereas the P value of rs2736100 is no longer significant after conditioning 

on rs449583. The LD between these SNPs is moderate (r2=0.39).   
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  Discussion 

Chr5p15.33 is a unique cancer susceptibility region, mainly because of its high 

degree of pleiotropy and the fact that different cancers are positively or negatively 

associated with the same variants. Through a subset based meta-analysis of 11 GWAS 

scans from six different cancers we have characterized six independent common germline 

susceptibility loci in this genomic region that confer an increased or decreased risk of 

different cancers, five in the TERT gene and one in the CLTPM1L gene.  

The TERT gene is undoubtedly the most likely candidate gene in the 5p15.33 

region. It encodes the catalytic subunit of telomerase reverse transcriptase necessary for 

maintaining telomere ends and ensuring chromosome stability during cell division (46). 

Although telomerase is active in germ cells and in early development, it remains 

repressed in most adult tissues resulting in progressively shorter telomeres with each 

round of replication. As shorter telomeres and cellular aging are obstacles to 

tumorigenesis, the majority of human tumors constitutively express telomerase (14). 

Furthermore, mutations in TERT are the cause of inherited disorders such as dyskeratosis 

congenita, acquired aplastic anemia and idiopathic pulmonary fibrosis, associated with 

bone marrow failure, short telomeres, premature aging and increased risk of cancer (47). 

While studies investigating the relationship between telomere length and cancer risk have 

been contradictory, larger prospective studies have not reported an association (48-50). 

Heritability estimates of telomere length in twin studies suggest a significant genetic 

contribution, between 36% and 78% (51, 52). GWAS SNPs on 5p15.33 have been 

associated with telomere length implying that TERT may indeed be the gene targeted by 
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risk variants in this region via altered TERT expression and telomerase activity (53-55). 

However, two large cohort studies did not see an association between SNPs on 5p15.33 

and telomere length (56, 57).  

The gene adjacent to the TERT gene on 5p15.33, CLPTM1L, encodes a less 

known protein that is overexpressed in lung cancer and appears to play an anti-apoptotic 

role (15, 16). Despite not having received as much attention as a functional gene in the 

region, the different direction of risk for different cancers implies that the biological 

underpinnings of each locus is complex and is therefore likely to involve more than one 

target gene or one mechanism.  

The most commonly reported SNP in the TERT gene, rs2736100, was initially 

seen in GWAS of glioma (3, 58, 59), lung cancer in European and Asians (7, 20, 60, 61), 

and testicular cancer (13). By our subset based approach we have fine-mapped this locus 

(region 1) to a set of five highly correlated SNPs in the second and third intron of TERT 

marked by rs7726159. In addition to glioma, lung cancer and testicular cancer, we also 

noted an association with prostate and pancreatic cancer with this region. Fine mapping 

efforts in lung cancer (62) and in ovarian cancer (63) has also led to the identification of 

the same SNPs as reported here: rs4975538 for the former and rs7726159 for the latter. 

Region 3 (rs2853677), located in the first intron of TERT, has previously been 

associated with glioma in Chinese subjects (64) and lung cancer in Japanese subjects 

(65), in agreement with the strong contribution to this region seen in our analysis by 

scans performed in individuals of Asian and African ancestry. In addition to lung cancer 

and glioma, we noted an association with pancreatic and testicular cancer. Region 4 is 
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marked by a synonymous SNP (rs2736098) located in the second exon of TERT with 

three additional highly correlated SNPs in the promoter region. This SNP has been 

reported via fine-mapping in a number of cancers including lung, bladder, prostate, 

ovarian and breast cancer, and two of the highly correlated SNPs shown to influence 

promoter activity (8, 66). Our analysis also highlights its contribution to risk of 

pancreatic and testicular cancer. Region 5 (marked by rs13172201) has not previously 

been reported in a GWAS. The unconditional P value for rs13172201 was not significant 

at our threshold in either the analysis of all studies (P=0.05) or European ancestry studies 

(P=0.041). However, in the conditional analysis it gains significance and surpasses our 

threshold of Bonferroni corrected P value in the analysis of European studies. We found 

some evidence for a negative correlation between this SNP and rs7726159 (region 1) 

suggesting a possible interaction between the two SNPs. Region 6 (marked by 

rs10069690) in our analysis has previously been associated with estrogen and 

progesterone receptor negative breast cancer in multiple populations (2, 67) and our 

analysis adds five cancers to this list: glioma, prostate, testicular germ cell, pancreatic and 

bladder cancer.   

The locus in the CLPTM1L gene (region 2) has previously been associated with 

risk of cancer in multiple GWAS. The signal has mainly been detected through two 

SNPs: rs401681 in pancreatic (11), lung (4), bladder cancer (1), and melanoma (68); and 

rs402710 with lung cancer (5). Our subset based approach has fine-mapped this signal to 

a set of 7 highly correlated SNPs marked by rs451360. Although they span the total 

length of CLPTM1L, the strongest evidence for functional importance comes from SNPs 
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in the second half and downstream of the gene. Fine mapping in lung cancer has also 

pointed to rs451360 (62). 

Two recent papers from the Collaborative Oncology Gene-Environment Study 

(COGs) fine-mapped 5p15.33 in prostate, breast or ovarian cancer and describe 4 of the 6 

loci noted in the current study. Three loci were identified that correspond to our regions 1 

(COGs region 1), 3 (COGs region 2) and 4 (COGs region 3). Interestingly, protective 

alleles in region 1 also associated with increased TERT expression in benign prostate 

tissue samples. The fourth COGs locus marked by rs13190087 was not observed in our 

study (Kote-Jarai PrCa PMID: 23535824). 

In breast and ovarian cancer, COGs identified three regions corresponding to 

region 1 (COGs region 2, s7705526, associated with higher risk of ovarian cancer with 

low malignant potential, longer telomeres and greater promoter activity), region 4 (COGs 

region 1, rs2736108, associated with lower risk of ER-negative and BRCA1 mutation 

carrier breast cancer, longer telomeres and altered promoter signal) and region 5 (COGs 

region 3, rs10069690, associated with higher risk of ER-negative and BRCA1 carrier 

breast cancer and invasive ovarian cancer (Bojesen BrCa OvCa PMID: 23535731). 

Regions 2 (in CLPTM1L) and 6 (in TERT) were not observed in the two COGs projects.  

It is notable that some pairs of cancers seem to be more often associated with a 

given locus in the same direction. This holds true for pancreatic cancer and testicular 

cancer that are both associated with an increased risk in regions 2 and 3, and decreased 

risk in regions 1, 4 and 6. Similarly, glioma and lung cancer are both associated with an 

increased risk for region 1 but decreased risk for region 3. The exception from this 
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observation is region 5 that is associated with an increased risk of lung cancer and 

pancreatic cancer but decreased risk of glioma and testicular cancer  that may be 

explained by the complex and possibly interactive effect between regions 1 and 5.  

In summary, we report up to six independent loci on chr5p15.33, each influencing 

the risk of multiple cancers. Although one or more of the SNPs identified in each region 

could be causal, extensive functional work is needed to establish the biological 

underpinning of each signal. The fact that all loci are positively or negatively associated 

with different cancers is noteworthy. It could mean that the same underlying mechanisms 

leads to an increased risk of some cancers while protecting against other types of cancer. 

A more plausible explanation is that multiple different mechanisms or pathways are at 

play in this region. Our results underscore the need for a comprehensive approach to 

unravel the functional variants at each of the identified loci, identify target genes and 

explain the biological underpinnings of each of the loci in this unique cancer 

susceptibility region. 
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Figures and tables: 

 

Figure 9. Sequential conditional analyses and ASS ET analyses show up to 6 independent signals for 
the TERT-CLPTM1L region on chromosome 5p15.33.  

SNPs marking each region are plotted with two P values (solid diamonds correspond to an unconditional 

test and open diamonds correspond to a conditioned test) on a negative log scale (Y axis) against genomic 

coordinates (hg19, X axis).  Different scans (see details for acronyms in the methods section) are associated 

within each region in the subset meta-analysis; listed in green text are GWAS scans with an increased risk 

and in red GWAS scans with decreased risk associated with the minor allele for each SNP . Also shown are 

recombination hotspots (curved lines, top panel), gene structure for TERT, MIR4457 and CLPTM1L 

(middle panel), and LD heat map based on r
2 

(lower panel).  
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(f) 

 

Figure 2a-f: Forest plots for individual risk loci on chr5p15.33 showing studies that are positively and 

negatively associated as well as those not associated.   

For each GWAS scan, OR and 95% CI were listed and plotted along each line as per the unconditional 

association analysis. A vertical line of OR=1 indicates the null.  Two summary lines list ORs for the 

positively or negatively associated subsets as estimated by the ASSET program. (a) rs7726159; (b ) 

rs451360; (c) rs2853677; (d) rs2736098; (e) rs13172201; and (f) rs10069690.  
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SNP Gene Region 

Unconditional OR (95% CI) 

Unconditio

nal P Value 

Conditional OR (95% CI) 

Conditional 

P Value Positively 
Associated 

Negatively 
Associated 

Positively 
Associated 

Negatively 
Associated 

ALL 

rs7726159 TERT 1 
1.47 (1.38-

1.56) 
0.86 (0.80-

0.91) 
2.10E-39 

1.47 (1.38-
1.56) 

0.85 (0.80-
0.91) 

NA 

rs451360 
CLPT
M1L 

2 
1.34 (1.24-

1.45) 
0.85 (0.80-

0.90) 
1.90E-18 

1.33 (1.23-
1.44) 

0.86 (0.81-
0.92) 

7.06E-16 

rs2853677 TERT 3 
1.22 (1.13-

1.31) 
0.73 (0.70-

0.77) 
3.30E-36 

1.11 (0.94-
1.30) 

0.80 (0.74-
0.86) 

2.36E-08 

rs2736098 TERT 4 
1.15 (1.10-

1.21) 

0.81 (0.74-

0.89) 
3.87E-12 

1.18 (1.10-

1.25) 

0.94 (0.67-

1.31) 
5.19E-06 

rs13172201 TERT 5 
1.06 (0.80-

1.41) 

0.84 (0.73-

0.96) 
5.00E-02 

1.13 (1.03-

1.23) 

0.81 (0.70-

0.92) 
1.31E-04 

                  

CEU 

rs4449583 TERT 1 
1.50 (1.35-

1.68) 
0.89 (0.83-

0.94) 
1.02E-15 

1.50 (1.35-
1.68) 

0.89 (0.83-
0.94) 

NA 

rs13170453 
CLPT
M1L 

2 
1.34 (1.24-

1.45) 
0.87 (0.80-

0.95) 
6.69E-15 

1.33 (1.22-
1.44) 

0.86 (0.80-
0.93) 

6.67E-14 

rs10069690 TERT 6 
1.48 (1.31-

1.67) 

0.87 (0.83-

0.92) 
7.49E-15 - 

0.77 (0.69-

0.85) 
5.35E-07 

rs13172201 TERT 5 
1.07 (0.88-

1.29) 
0.84 (0.73-

0.96) 
4.08E-02 

1.13 (1.04-
1.22) 

0.82 (0.75-
0.90) 

2.04E-06 

rs2736098 TERT 4 
1.14 (1.08-

1.20) 
0.81 (0.74-

0.89) 
5.73E-10 

1.23 (1.11-
1.35) 

0.88 (0.75-
1.02) 

6.31E-05 

 

Table 1: Association results for SNPs on chromosome 5p15.33 with the risk of cancer. The results 

from imputation and subset based ASSET meta-analysis is shown for the "ALL" scans that include 11 

scans performed in subjects of European, Asian and African American ancestry; and for the "CEU" scans 

that include 8 scans performed in subjects of European ancestry. Scan acronyms are detailed in the methods 

section. Listed are SNPs that mark each of the regions identified, gene, genomic location, unconditional 

and conditional association analyses results. Note that different highly correlated SNPs may mark the same 

region in the "ALL" vs. the "CEU" analysis (regions 1 and 2).  
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Supplemental Table 1a: Control-control matrix 

Study 
PanSc
an 

TGCT 
NCI 

Glioma 
Scan 

Asian 
Lung 

China 
PC 

Bladder 
NCI 

Eur 
Lung 

AA 
Lung 

Pegas
us 

CGEMS 
PrCa 

Adv 
PrCa 

PanScan 3642 7 400 0 0 784 4 0 8 1 3 

TGCT NCI 7 1056 498 0 0 481 494 0 48 37 446 
Glioma 
Scan 400 498 4955 0 0 1659 2112 0 48 36 1688 
Asian 
Lung 0 0 0 4544 0 0 0 0 0 0 0 

China PC 0 0 0 0 1991 0 0 0 0 0 0 
Bladder 
NCI 784 481 1659 0 0 10977 5053 0 780 1079 3191 

Eur Lung 4 494 2112 0 0 5053 5818 0 777 1087 2903 

AA Lung 0 0 0 0 0 0 0 3552 0 0 0 

Pegasus 8 48 48 0 0 780 777 0 2941 743 775 
CGEMS 
PrCa 1 37 36 0 0 1079 1087 0 743 1101 1037 

Adv PrCa 3 446 1688 0 0 3191 2903 0 775 1037 4459 

            
Supplemental Table 1b: Case-case matrix 

Study 
PanSc
an 

TGCT 
NCI 

Glioma 
Scan 

Asian 
Lung 

China 
PC 

Bladder 
NCI 

Eur 
Lung 

AA 
Lung 

Pegas
us 

CGEMS 
PrCa 

Adv 
PrCa 

PanScan 3525 0 0 0 0 1 2 0 8 4 3 

TGCT NCI 0 582 0 0 0 0 0 0 0 0 0 
Glioma 
Scan 0 0 1856 0 0 0 9 0 1 0 0 
Asian 
Lung 0 0 0 5512 0 0 0 0 0 0 0 

China PC 0 0 0 0 981 0 0 0 0 0 0 
Bladder 
NCI 1 0 0 0 0 5826 34 0 39 8 9 

Eur Lung 2 0 9 0 0 34 5699 0 52 25 23 

AA Lung 0 0 0 0 0 0 0 1734 0 0 0 

Pegasus 8 0 1 0 0 39 52 0 4600 1078 656 
CGEMS 
PrCa 4 0 0 0 0 8 25 0 1078 1151 301 

Adv PrCa 3 0 0 0 0 9 23 0 656 301 2782 
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Supplemental Table 1c: Control-case matrix 

Study 
PanSc
an 

TGCT 
NCI 

Glioma 
Scan 

Asian 
Lung 

China 
PC 

Bladder 
NCI 

Eur 
Lung 

AA 
Lung 

Pegas
us 

CGEMS 
PrCa 

Adv 
PrCa 

PanScan 0 0 0 0 0 2 4 0 7 3 2 

TGCT NCI 1 0 2 0 0 18 7 0 47 22 10 
Glioma 
Scan 2 0 0 0 0 24 10 0 47 22 11 
Asian 
Lung 0 0 0 0 0 0 0 0 0 0 0 

China PC 0 0 0 0 0 0 0 0 0 0 0 
Bladder 
NCI 5 0 2 0 0 0 5 0 116 26 20 

Eur Lung 5 0 2 0 0 40 0 0 102 22 18 

AA Lung 0 0 0 0 0 0 0 0 0 0 0 

Pegasus 0 0 0 0 0 1 0 0 0 0 0 
CGEMS 
PrCa 3 0 0 0 0 18 1 0 69 0 8 

Adv PrCa 4 0 2 0 0 38 0 0 9 0 0 

            
Supplemental Table 1d: Case-control matrix 

Study 
PanSc
an 

TGCT 
NCI 

Glioma 
Scan 

Asian 
Lung 

China 
PC 

Bladder 
NCI 

Eur 
Lung 

AA 
Lung 

Pegas
us 

CGEMS 
PrCa 

Adv 
PrCa 

PanScan 0 1 2 0 0 5 5 0 0 3 4 

TGCT NCI 0 0 0 0 0 0 0 0 0 0 0 
Glioma 
Scan 0 2 0 0 0 2 2 0 0 0 2 
Asian 
Lung 0 0 0 0 0 0 0 0 0 0 0 

China PC 0 0 0 0 0 0 0 0 0 0 0 
Bladder 
NCI 2 18 24 0 0 0 40 0 1 18 38 

Eur Lung 4 7 10 0 0 5 0 0 0 1 0 

AA Lung 0 0 0 0 0 0 0 0 0 0 0 

Pegasus 7 47 47 0 0 116 102 0 0 69 9 
CGEMS 
PrCa 3 22 22 0 0 26 22 0 0 0 0 

Adv PrCa 2 10 11 0 0 20 18 0 0 8 0 
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Supplemental Table 1e: Control-control matrix 

Study 
Asian 
EsoCa 

Asian 
GastCa 

CGEMS 
Breast 

EndomC
a 

Erneg BPC3 
BrCa 

Ghana 
PrCa OS 

OvC
a 

Renal 
US 

Asian EsoCa 2708 2708 0 0 0 0 0 0 0 

Asian GastCa 2708 2708 0 0 0 0 0 0 0 

CGEMS Breast 0 0 1142 0 1142 0 0 0 0 

EndomCa 0 0 0 682 486 0 122 679 0 
Erneg BPC3 
BrCa 0 0 1142 486 3263 0 0 760 338 

Ghana PrCa 0 0 0 0 0 458 0 0 0 

OS 0 0 0 122 0 0 
147

5 134 18 

OvCa 0 0 0 679 760 0 134 
123

4 277 

Renal US 0 0 0 0 338 0 18 277 3424 

          
Supplemental Table 1f: Case-case matrix 

Study 
Asian 
EsoCa 

Asian 
GastCa 

CGEMS 
Breast 

EndomC
a 

Erneg BPC3 
BrCa 

Ghana 
PrCa OS 

OvC
a 

Renal 
US 

Asian EsoCa 2024 0 0 0 0 0 0 0 0 

Asian GastCa 0 2350 0 0 0 0 0 0 0 

CGEMS Breast 0 0 1145 0 180 0 0 0 0 

EndomCa 0 0 0 905 1 0 0 0 0 
Erneg BPC3 
BrCa 0 0 180 1 1998 0 0 0 0 

Ghana PrCa 0 0 0 0 0 474 0 0 0 

OS 0 0 0 0 0 0 694 0 0 

OvCa 0 0 0 0 0 0 0 484 0 

Renal US 0 0 0 0 0 0 0 0 1311 

          
Supplemental Table 1g: Control-case matrix 

Study 
Asian 
EsoCa 

Asian 
GastCa 

CGEMS 
Breast 

EndomC
a 

Erneg BPC3 
BrCa 

Ghana 
PrCa OS 

OvC
a 

Renal 
US 

Asian EsoCa 0 0 0 0 0 0 0 0 0 

Asian GastCa 0 0 0 0 0 0 0 0 0 

CGEMS Breast 0 0 0 0 0 0 0 0 0 

EndomCa 0 0 0 0 0 0 0 0 0 
Erneg BPC3 
BrCa 0 0 0 1 0 0 0 2 0 

Ghana PrCa 0 0 0 0 0 0 0 0 0 

OS 0 0 0 0 0 0 0 0 0 

OvCa 0 0 0 0 0 0 0 0 1 

Renal US 0 0 0 1 3 0 0 2 0 
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Supplemental Table 1h: Case-control matrix 

Study 
Asian 
EsoCa 

Asian 
GastCa 

CGEMS 
Breast 

EndomC
a ERnegBreast 

Ghana 
PrCa OS 

OvC
a 

Renal 
US 

Asian EsoCa 0 0 0 0 0 0 0 0 0 

Asian GastCa 0 0 0 0 0 0 0 0 0 

CGEMS Breast 0 0 0 0 0 0 0 0 0 

EndomCa 0 0 0 0 1 0 0 0 1 
Erneg BPC3 
BrCa 0 0 0 0 0 0 0 0 3 

Ghana PrCa 0 0 0 0 0 0 0 0 0 

OS 0 0 0 0 0 0 0 0 0 

OvCa 0 0 0 0 2 0 0 0 2 

Renal US 0 0 0 0 0 0 0 1 0 

 

Supplemental Table 1:  Number of cases and control subjects and subjects included in more than one 

study in the “non-NULL” scans and in the “NULL” scans. The number of cases and controls in each 

GWAS scan is shown in diagonal cells, and the overlap between control/control (a), case/case (b) 

control/case (c) and case/control (d) is shown per all combinations of studies. Also shown is the overlap 

between control/control (e), case/case (f) control/case (g) and case/control (h) for the NULL studies. 
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Supplemental Table 2: Genomic evidence supporting functional influence for SNPs in six loci on 

chr5p15.33. Index SNPs, and SNPs correlated to the index SNP at r
2
>0.7, are listed for each of the six 

regions identified on chr5p15.33. Expression quantitative trait loci (eQTL) were assessed in the MuTHER 

database and regulatory potential in HaploReg using ENCODE data. 
a
Numbers indicate cell types where 

the different features were noted. 
b
Numbers indicate the number of proteins bound. 

c
Numbers indicate the 

number of binding motifs changed by alleles at each SNP. Sp licing was assessed using NetGene2. Empty 

cells ind icate that no marks were listed, nor proteins were bound or no motifs were changed. There was no 

informat ion found in the MuTHER database and was thus not shown. 
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URLs 

ASSET  http://dceg.cancer.gov/bb/tools/asset  

SHAPEIT http://www.shapeit.fr/  

IMPUTE2 http://mathgen.stats.ox.ac.uk/impute/impute_v2.html  

GLU  http://code.google.com/p/glu-genetics/  

PLINK  http://pngu.mgh.harvard.edu/~purcell/plink/  

BIOWULF http://biowulf.nih.gov/  

LIFTOVER http://hgdownload.cse.ucsc.edu/  

GTOOL http://www.well.ox.ac.uk/~cfreeman/software/gwas/gtool.html  

CYTOBAND http://hgdownload.cse.ucsc.edu/goldenPath/hg19/database/cytoBand.txt.gz  

SNPTEST https://mathgen.stats.ox.ac.uk/genetics_software/snptest/snptest.html  

HaploReg  http://www.broadinstitute.org/mammals/haploreg/haploreg.php)  

MuTHER   http://www.sanger.ac.uk/resources/software/genevar/  

NetGene2  http://www.cbs.dtu.dk/services/NetGene2/ 

The R Project for Statistical Computing: http://www.r-project.org/  
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