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Abstract 
 

With the advancement of high-throughput sequencing and genotyping technology, many multi-

omics data are generated in the genomic projects. Such multi-omics data are in between of genotype and 

phenotype, therefore, may serve as data-bridges to help statistical genetic analyses. How to effectively 

integrate such data-bridges brings challenges and opportunities for statistical geneticists. For instances, 

the problem of statistical overfitting, the question of seamlessly integrating biological priors with high-

dimensional data, and the interpretation of statistical results in the context of biology. The works in this 

thesis focus on integrating such data-bridges to characterize the genetic basis of complex diseases and 

addressing the aforementioned challenges.  

I have developed novel statistical models of analyzing multi-omics data from four perspectives: 

(Q1) How to integrate biological priors such as transcription factors with statistical models; (Q2) How to 

utilize trans- regulatory variants while keeping the model robust despite the large number of possible 

candidates; (Q3) How to utilize data-bridges to improve the modeling of rare genetic variants; and (Q4) 

How to utilize brain imaging data in genetic association mapping. These efforts led to four novel statistical 

models and their implementation: namely, (M1) sTF-TWAS, which integrates the prior knowledge of 

transcription factors (TF) with association study; (M2) transTF-TWAS, which utilizes Group Lasso to 

incorporate TF-linked trans-located variants; (M3) rvTWAS, which leverages transcriptome-directed 

feature selection towards rare variants; and (M4) IMAS, which uses borrowed brain images to conduct 

image-directed feature selection and aggregations. 

All these four methods are verified by comprehensive simulations based on known genetic 

architectures and heritability models. Utilizing the large-scale omics data accessed through dbGaP and 

UK Biobank, as well as the large cohorts from our collaborator, I have applied them to cancers and 

neuropsychiatric disorders, yielding the discovery of additional genes underlying complex traits. I have 

also thoroughly validated the methods by analyzing the discoveries using existing biological literature and 

databases. The development of these methods opens a door for integrating data-bridges such as 

transcriptomes and imaging data in genetic mapping. The novel findings provide additional insights into 

the genetic basis of cancers and brain disorders.  
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Chapter 1 

Introduction  

 

The goal of genetics research is to identify genetic bases of phenotypic traits and apply them to 

improve human lives. Among the sub-fields in genetics, a cornerstone is the identification of genomic 

variants associated with phenotypic traits1,2, which may benefit genotype-based phenotype prediction3,4. 

The focus of this thesis is to develop novel methods on association studies for disease traits by leveraging 

and extending state-of-the-art in the field of statistical and machine learning and multi-omics data 

modeling. 

With the advancement of high-throughput sequencing and genotyping technology, in addition to 

DNA sequences (genome), more and more multi-omics data, such as RNA expression (transcriptome), 

DNA modification (epigenome), metabolome, and imaging (which may be called radiomics), are 

generated5. The spectrum of omics can be further extended to other biological data such as lipidome, 

phosphoproteome, and glycol-proteome6. Multi-omics data are in between of genotype and phenotype, 

therefore, may serve as effective bridges to boost statistical genetic analyses. However, more data may 

not always bring higher power, due to several challenges: 1) sample sizes in the field of genomic project 

are generally limited, which causes a problem called ñoverfittingò in statistical learning theory7, and 

researchers have to design models tailoring to the actual biology; 2) p-value adjustments because of the 

burden of multiple testing may decrease power8, therefore prudent filtering and selection are critical; 3) 

multi-omics data bring unknown heterogeneity, such that one has to always keep the underlying 

biological mechanisms in mind9. 

When working with high dimensional -omics data that contain a large number of features (ὴ) 

and a much smaller number of samples (ὲ), the problem of the ñcurse of dimensionalityò arises.  Many 

methods are compromised to reach optimum solutions because of the difficulties in striking a good 

balance between overfitting, where the model is too specific to the data at hand, and underfitting, where 

the model is too simple to capture the patterns in the data. In the fields of computer science and 

statistics, researchers have studied this problem for decades10-14. Most statistical or machine learning 

algorithms overcome the curse of dimensionality by reducing the dimensionality of the input features. 

This can usually be done through feature selection15 and feature aggregation. Feature selection, also 

known as variable selection, is the process of selecting a subset of relevant features (variables, 

predictors) for model construction. Traditional techniques include low variance and high correlation 

filters16, feature ranking17 and stepwise selection18.  
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These old-school techniques, although are still in use for genomic analysis, are not optimal in 

the integrated multi-omics data analysis in which biological mechanisms may be kept in mind. Modern 

feature selection methods usually add a regularizer term to punish complicated models to avoid 

overfitting. These include LASSO19,20, Ridge regression21,22 and Elastic Nets22, which have different 

focuses reflected by the different mathematical formulation of the regularizer.  Among many variants of 

regularizer, Group Lasso promoting group-based selection may be particularly appropriate for 

integration of biological insights as biologically relevant terms sometimes are clustered together. 

Additionally, Bayesian model selection are also frequently used in genomic analysis 23,24, and potentially 

could be utilized in multi-omics modeling. The existing developments in our group have offered several 

new methods to carry out feature selection and extraction directed by multi-scale omics data25,26, which 

laid the foundation of my thesis works that include the efforts of improving feature selections.   

In the past decade, applications of statistical genetic models have yielded fruitful results27,28. For 

example, genome-wide association studies (GWAS) are powerful tools for identifying genetic variants 

associated with complex diseases and traits. Statistical genetic models, such as linear mixed models29,30, 

logistic regression31,32, Bayesian regression33,34, and meta-analysis35,36, are used to identify genetic 

variants that are associated with a particular trait or disease of interest. The use of statistical genetic 

models in predicting genotype-phenotype relationships has produced beneficial outcomes, including the 

best linear unbiased predictor (BLUP) 37, Bayesian sparse linear mixed model (BSLMM) 23, Bayes 

alphabetic (e.g., BayesA and BayesB) 38-40, and others41. In recent years, traditional machine learning 

(including support vector machine42, random forest43, and k-nearest neighbors44) and modern deep 

learning algorithms (e.g., multilayer perceptron45 and convolutional neural network46 )  have also 

improved the ability to predict the risk of complex diseases47. However, these models are mostly 

genomics-based only, without utilizing the other -omics data that in between of genotype and 

phenotype, which is the focus of my works.  

In this chapter, to position my work with respect to state-of-the-art, I will introduce the 

background and techniques of the genome-wide association studies (GWAS), transcriptome-wide 

association studies (TWAS), as well as the other omics-directed association studies. I will then discuss 

the limitations of existing work which motivates my thesis projects, followed by the outline of the 

contributions of my works.  

 

1.1 Genome-wide association studies (GWAS) 

The aim of genome-wide association studies (GWAS) is to identify genetic variants that show a 

statistical association with the risk of developing a disease or a phenotypic trait. This is done by 
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examining the genetic variants that occur more frequently in individuals with the disease or trait as 

compared to those whom do not have it. The first GWAS was published in 200548, and since then, the 

GWAS have experienced an exponential increase in popularity. GWAS have grown in both sample size 

and the number of genomic variants under study. GWAS results have also influenced other fields of 

applied epidemiological research, such as gene-environment studies, Mendelian randomization49, and 

polygenic risk score approaches50.Over the past two decades, GWAS have been successful in 

associating single nucleotide polymorphism (SNP) with various complex human traits. The NHGRI-EBI 

GWAS catalog has listed over 167,000 SNPs associated with human diseases and traits as of July 

202151. This has led to significant growth in interdisciplinary, translational medicine studies aimed at 

achieving precision medicine and improving the overall quality of health care52.  

However, the majority of statistically significant GWAS signals are located in non-coding 

regions of the human genome, which makes the connection of these variants to affected genes a 

challenging task53. Several functional elements within non-coding regions, such as enhancers, 

promoters, transcription factor binding sites (TFBS), and CCCTC-binding factor (CTCF), can host 

genetic variants that modulate genes through various transcriptional and translational regulatory 

mechanisms, which are revealed by large-scale consortium projects (i.e. VISTA Enhancer Browser54; 

The FANTOM Consortium and the RIKEN PMI and CLST (DGT) 55-57; Roadmap Epigenomics 

Consortium58; ENCODE Project Consortium59; GTEx Consortium60,61).  

Many novel molecular technologies and bioinformatics algorithms have been developed to 

connect significant GWAS signals in the non-coding regions with affected genes. First, one may use 

functional annotation provided by molecular profiling to identify the potential regulatory elements in the 

non-coding regions of the genome where the significant variants are located62. This can be done by 

using methods such as chromatin immunoprecipitation sequencing (ChIP-seq), DNase-seq, and ATAC-

seq to identify active regulatory elements such as enhancers, promoters, and other non-coding regulatory 

regions63,64. Second, functional validation experiments such as CRISPR/Cas9-mediated genome editing, 

luciferase reporter assays, and gene expression analysis can be used to validate the potential regulatory 

elements and target genes identified through the above approaches65.  Finally, Expression Quantitative 

Trait Loci (eQTL) analysis is a frequently adapted strategy to identify genes whose expressions are 

regulated by the genetic variants in the non-coding regions of the genome66,67. 

Where appropriate, the above analyses have been extensively used in this thesis as verification 

of the biological interpretation of statistical discoveries.  
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1.2 Transcriptome-wide association studies (TWAS) 

Transcriptome-wide association studies (TWAS) have uncovered more than hundreds of 

susceptibility genes for many complex diseases and traits68-73. Unlike conventional genome-wide 

association studies (GWAS) and expression quantitative trait loci (eQTL) analyses 74,75, TWAS 

evaluates associations of disease risk with the predicted expression level of a given gene using 

aggregated information from multiple cis-genetic variants. Because of its utilization of transcriptome 

data, TWAS might be more powerful than other aggregation based GWAS methods and facilitate 

identification of additional associations that have been missed by GWAS 76. 

The first known method was developed by Gamazon et al. called PrediXcan68. Pioneered by 

PrediXcan method68, TWAS was typically conducted in two steps: First, a model is trained to predict 

genetically regulated expression (GReX) by combining transcriptional regulatory effects of the eQTLs 

for a gene using different statistical or machine-learning models. A reference dataset, such as Genotype-

Tissue Expression (GTEx)77, BLUEPRINT78, MESA79, and single-cell eQTLGEN80, that contains paired 

expression and genotype data is used for training such genotype-to-expression prediction models. Then, 

in the next step, in a separate association mapping dataset in which expression data is unavailable, one 

can predict GReX and use predicted GReX to associate with phenotype. The key concept behind TWAS 

is genetically regulated expression (GReX), which is the component of gene expression attributed to 

genetic regulators. The importance of GReX is evidenced by the number of publications which either 

seek to improve its prediction accuracy or expand its applications81. Researchers have refined the 

original ElasticNet (used in PrediXcan68) and Bayesian-based models, or BSLMM62 (used in Fusion82) 

to predict GReX. Additionally, sophisticated models  integrating multiple tissues83-86, adding trans-

eQTLs87,88, incorporating improved Bayesian methods89 and deep learning auto-encoder models90,91 

were developed to improve TWAS. GReX counterparts have also been developed for LD-score92, 

polygenic risk score93, and fine-mapping94.  

Recent works by our group showed that the interpretation of ñpredicting expressionsò did not 

reveal the essence of TWAS, if not misleading25,26,76. First, theoretical power analysis showed that 

TWAS could be more powerful than the hypothetical scenario in which expression data is available in 

the main GWAS dataset76; additionally, TWAS could be underpowered comparing with GWAS when 

the expression heritability is low76. Both results question the interpretation of the prediction of 

expression in TWAS. As such, we proposed to interpret the ñpredictionò step as a selection of genetic 

variants directed by expression. From the perspective of Machine Learning, the first step in TWAS is 

exactly feature selection and the second being feature aggregation26. With this interpretation in mind, 

one may cancel GReX and instead conduct feature selection and aggregation independently using 
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whatever methods fit best. Indeed, novel methods splitting these two steps developed by us25,26 and 

others95 showed higher power than standard TWAS. This insight has been incorporated the design of 

two of my projects (Chapter 4 and Chapter 5). As our insight of splitting feature selection and 

aggregation currently can only be applied to subject-level genotype data, I still used the standard 

interpretation and protocols in TWAS in the other two projects (Chapter 2 and Chapter 3) that 

involves very large cancer cohorts for which summary statistics are routinely used.  

 

1.3 Other omics data directed association studies 

In addition to genomics and transcriptomics, there are other types of omics data that can be used 

to study biological systems at a molecular level. Some of the most common types of omics data are 

proteomics, metabolomics, epigenomics, and pharmacogenomics96. These different types of omics data 

can be integrated with genomics data to provide a more complete understanding of biological systems 

and their functions. Below are some omics data directed association studies: 

Proteome-wide association studies (PWAS)97: These studies are based on the assumption that 

genetic variations within coding regions impact phenotypic traits by modifying the biochemical 

functions of the proteins they encode. These modifications may involve alterations to the protein 

binding affinity or enzymatic activity, such as binding of DNA/RNA molecules or other proteins. 

Specifically, PWAS considers any variant that affects the coding regions of genes (e.g., missense, 

nonsense, frameshift)97. 

Epigenome-wide association studies (EWAS)98,99: EWAS involve analyzing whether the 

changes in DNA methylation patterns can distinguish individuals with a particular phenotype from 

control subjects. DNA methylation (5-methylcytosine100) is a covalent modification to DNA that can be 

faithfully propagated to daughter cells101 and have long-lasting regulatory effects on gene expression102. 

If a pattern of DNA methylation changes occurs repeatedly at specific loci and can distinguish the 

phenotypically affected cases from control individuals, this is considered evidence of an epigenetic 

perturbation has taken place that is associated with the phenotype99. 

Metabolome-wide association studies (MWAS)103: MWAS typically involve analyzing 

metabolomic data from biological samples, such as blood or urine, using high-throughput analytical 

techniques such as mass spectrometry or nuclear magnetic resonance spectroscopy. These techniques 

can detect hundreds or even thousands of metabolites simultaneously. The goal of MWAS is to identify 

metabolites that are associated with a particular trait or disease. MWA has the potential to produce more 

tractable solutions because the biomarker result is already in the ñreal worldò of human physiology and 

can be associated with defined metabolic pathways104. 
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Integrative omics association studies (IOAS)105: These studies investigate the association 

between multiple types of omics data and a particular trait or disease. For example, integrative omics 

studies may combine genetic, transcriptomic, and proteomic data to identify molecular pathways 

involved in a disease. IOAS typically involve integrating multiple omics datasets and analyzing the 

combined data using advanced statistical and computational methods. However, IOAS can be 

challenging due to the large amount of data involved and the need for sophisticated computational 

methods to integrate and analyze the data. 

Although the term "omics" originally referred to the large-scale analysis of biological molecules 

such as genes, proteins, and metabolites, it has been expanded to include other types of high-throughput 

data. In this broader sense, for example, imaging data can also be considered as omics data, known as 

ñRadiomicsò106. Imaging omics can include various types of images such as radiographic images, 

microscopic images, computed tomography (CT), magnetic resonance images (MRI) and positron 

emission tomography scan (PET). Through high-throughput computing and statistical methods, 

innumerable quantitative features and patterns can now be extracted from these images, which can be 

associated with particular traits and diseases106. 

In this thesis, the multi-omics modeling incorporates transcriptomes and brain imaging. 

Although other omics data are not explicitly modelled, the statistical framework are ready to be adapted 

into other omics and endophenotype data.  

 

1.4 The summary statistics based GWAS and TWAS 

Summary statistics based GWAS refers to a type of genetic association study that utilizes 

summary statistics derived from GWAS, in contrast to the conventional GWAS that requires subject-

level107. In summary statistics-based GWAS, researchers analyze the summary statistics, such as effect 

sizes, standard errors, and p-values, that are typically reported in published GWAS studies108. Instead of 

having access to individual-level genotype data, which may not be easily obtainable or accessible, 

researchers leverage the available summary statistics to gain insights into the genetic factors associated 

with a particular trait or disease. For example, statistics-based GWAS methods can include approaches 

like meta-analysis, where summary statistics from multiple independent GWAS studies are combined to 

increase statistical power and identify robust genetic associations35. In summary statistics-based GWAS, 

the missing information of subject level data may be compensated by borrowing Linkage Disequilibrium 

(LD) data from reference panels (such as UK Biobank109 or The 1000 Genomes Project110), assuming the 

LD structures are generally similar between the focal GWAS cohort and the reference panel.  
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Obtaining individual-level genotype data from published GWAS studies is challenging, which 

limits the feasibility of TWAS approaches. However, an alternative TWAS method called FUSION82 

emerged swiftly after the introduction of PrediXcan. FUSION employs GWAS summary statistics to 

directly impute the regression statistics (referred to as ᾀ) that relate gene expression levels to a specific 

trait. To accomplish this, a  :-score is used to denote a vector of standardized SNP-trait effect sizes 

derived from a GWAS, including only those GWAS SNPs that also serve as eQTLs in a given eQTL-

gene expression model. Additionally, the covariance matrix among all SNPs is approximated by the 

existing LD matrix borrowed from the reference panel, represented by В,$. In FUSION, ᾀ is imputed 

by taking a linear combination of : elements using estimated weights (ὡ . In cases where there are no 

SNP-trait associations (no signals), : follows a normal distribution N(0 , В ) , and resulting in ᾀ having a 

mean of zero and a variance of ὡᴂВὡȢ For a given gene, the effect of genetically regulated gene 

expression level on the phenotype can be obtained as follows in FUSION: ᾀ=
В

.  

Compared to TWAS methods that rely on individual-level data, summary statistics-based TWAS 

offers computational efficiency and the ability to analyze larger GWAS datasets, as it requires less CPU 

and memory resources. Additionally, it does not require the complicated procedure to access the subject-

level genotypes. Several GWAS summary statistics-based TWAS methods have emerged since FUSION, 

including S-PrediXcan111 and UTMOST112. The main distinction between using individual-level data and 

those using summary statistics lies in the estimation of LD structure for testing populations. Accessing 

individual-level genotype data from published GWAS studies is often challenging, hindering the 

examination of LD structure among eQTLs in each GWAS dataset. GWAS summary statistics-based 

TWAS addresses this challenge by deriving an LD matrix from a reference set, such as the reference 

panel used for eQTL discovery, deeply sequenced reference panel like the 1000 Genomes Project110. The 

increasing sample sizes in reference population panels offer more accurate LD structure estimates, which 

is crucial for GWAS summary statistics-based studies113. 

In summary, individual-level TWAS provides more accurate estimates of gene-trait associations 

but demands substantial computational resources, and individual-level genotype data are not always 

accessible to researchers. On the other hand, GWAS summary statistics-based TWAS has the advantage 

of prioritizing genes using only GWAS summary statistics and offers computational speeds orders of 

magnitude faster than individual-level TWAS. However, GWAS summary statistics-based TWAS can 

introduce noise into association results due to the imperfect resemblance of the commonly used reference 

LD matrix to the study cohort's LD structure. Achieving satisfactory statistical power with GWAS 
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summary statistics-based TWAS requires a larger GWAS sample size. Due to these limitations, additional 

validation and careful interpretation are generally necessary for GWAS summary statistics-based TWAS.  

In this thesis, Chapters 2 and 3 are based on summary statistics of large cancer cohorts, whereas 

Chapters 4 and 5 are based on subject-level data.  

 

1.5 The community efforts of data generation 

After Watson, Crick and Franklin discovered the structure of the DNA in 1953, many attempts 

were made to sequence DNA114. In 1972, Walter Fiers et al. was first to sequence the DNA of a complete 

gene by utilising RNAses to digest the virus RNA and isolate oligonucleotides115. Concurrently, in 1977, 

Frederick Sanger developed the first DNA sequencing method, known as Sanger sequencing or chain-

termination sequencing, a method that revolutionized genetic research and became the gold standard for 

DNA sequencing116. In 2005, the next-generation sequencing (NGS) technologies emerged, 

revolutionizing the field. NGS enables high-throughput, massively parallel sequencing and reduces the 

cost and time required for sequencing117,118. Various NGS platforms, such as Illumina, Ion Torrent, and 

their extension of Third-Generation Sequencing (such as PacBio and Oxford Nanopore), allowed for the 

simultaneous sequencing of millions of DNA fragments118,119. This advancement enabled the sequencing 

of whole genomes, whole exomes, and targeted gene panels more efficiently and economically119,120. In 

parallel to the development of NGS, genotyping arrays became popular for analyzing genetic variations 

on a genome-wide scale. Genotyping arrays utilize microarray technology to simultaneously genotype 

thousands to millions of known single nucleotide polymorphisms (SNPs) across the genome121. This 

approach facilitated large-scale genotyping studies and enabled genome-wide association studies 

(GWAS) to identify genetic variants associated with diseases and traits. The emergence of RNA-seq in 

the mid-2000s enabled transcriptome-wide profiling of gene expression122,123. RNA-seq utilized NGS 

technologies to sequence and quantify RNA molecules, providing insights into the transcriptome, 

including the identification of differentially gene expression and alternative splicing events122,123. Beyond 

NGS, third-generation sequencing technologies, such as PacBio and Oxford Nanopore, have emerged124-

126. These technologies offer long-read sequencing capabilities, allowing for the sequencing of longer 

DNA fragments, illuminating many ñdarkò regions of the genome. 

Empowered by high-throughput sequencing and genotyping instruments, researchers have carried 

out large-scale flagship omics projects to generate shared resources for the world-wide scientists to 

reanalyze, providing valuable resources for biological discovery and method development.  



9 
 

Back to 1997, the NIH launched The Database of Genotype and Phenotype (dbGaP), initialling 

the efforts of community-shared repositories. The dbGaP provides two types of data - open access and 

controlled access. By providing both open access and controlled access data, dbGaP facilitates the sharing 

and dissemination of genetic and phenotypic data, fostering collaboration and enabling further 

investigation into the association between genotypes and phenotypes. It is originally for GWAS cohorts, 

and later on also includes many -omics data. The database serves as a valuable resource for researchers 

and scientists studying human genetics, genomics, and related fields, ultimately advancing our 

understanding of the genetic basis of various traits, diseases, and conditions. 

Funded in 2006, the UK Biobank is the first large-scale biomedical database in facilitating 

scientific discoveries. The resource provides researchers access to medical and genetic data from half a 

million volunteer participants to improve our understanding of the prevention, diagnosis and treatment of 

a wide range of serious and life-threatening illnesses. The study is following about 500,000 volunteers in 

the United Kingdom (UK), enrolled at ages from 40 to 69. Initial enrollment took place over four years 

from 2006, and the volunteers will be followed for at least 30 years thereafter. In particular, the UK 

Biobank also provides imaging data and the imaging derived phenotype (IDP) to facilitate the analysis of 

genetic basis of brain images and their relationship to diseases.  

Moving forward from genomics to gene expressions, the Genotype-Tissue Expression (GTEx) 

Program, initially funded by the NIH Common Fund in the year of 2010, established a comprehensive 

data resource and tissue bank. Its primary aim was to investigate the intricate relationship between genetic 

variants and gene expression across multiple tissues and individuals. The latest version of the GTEx 

dataset, referred to as V8, encompasses DNA data obtained from 838 post-mortem donors, consisting of 

17,382 RNA-seq data points spanning 54 tissue sites and two cell lines. Access to GTEx data is facilitated 

through multiple platforms, including dbGaP, the Genomic Analysis and Visualization and Informatics 

Labspace (AnVIL), and the GTEx Portal. The GTEx has established a comprehensive catalog of genetic 

variants that influence gene expression (known as eQTL) across various tissues and created an online data 

resource (GTEx Portal). The resources generated by the GTEx program, including the extensive dataset, 

have proven valuable tools for researchers exploring the impact of genetic variation on complex diseases 

mechanisms mediated by gene expressions. TWAS is a typical protocol promoting the use of GTEx.  

Besides the above three general-purpose repositories, different disease-focused consortiums are 

also emerging. In the field of cancers study, researchers have formed multiple large-scale consortiums and 

provided summary statistics of GWAS data for other researchers. For instances, breast cancer data are 

available through the Breast Cancer Association Consortium (BCAC). The BCAC is an international, 

multidisciplinary consortium designed to identify genetic susceptibility factors that are related to the risk 
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of breast cancer. The BCAC has generated GWAS data for a total of 122,977 cases and 105,974 controls 

from European descendants. For prostate cancer, GWAS data of 79,194 cases and 61,112 controls from 

European descendants were released from the Prostate Cancer Association Group to Investigate Cancer 

Associated Alterations in the Genome (PRACTICAL). A GWAS data for lung cancer were downloaded 

from the websites of the Transdisciplinary Research of Cancer in Lung of the International Lung Cancer 

Consortium (TRICL-ILCCO) and the Lung Cancer Cohort Consortium (LC3) totaling 29,266 cases and 

56,450 controls from European descendants.  

In this thesis, the large-scale genotyping, whole genome sequencing, whole exon sequencing, 

gene expression, and alternative splicing data accessed through dbGaP, UK Biobank, GTEx as well as the 

large cohorts from our collaborator, have been extensively utilized for studying cancers and 

neuropsychiatric disorders. These diverse multi-omics data provide valuable insights into the genetic and 

molecular basis of human diseases.   

 

1.6 Limitations of existing methods that motivated my thesis projects   

GWAS have successfully identified thousands of genetic variants associated with complex traits 

and diseases127-132, however, being a variant-based association method, each genetic variant typically 

explains only a small proportion of disease phenotype variation133. Alternatively, locus-based methods 

take multiple genetic variants into account to assess the overall contribution of a gene or a genetic 

region134-136. The cumulative effect of genetic variants across genes or regions can account for a 

substantial proportion of phenotypic variation137, which is a more interpretable functional unit than non-

coding variants, to complex disease susceptibility. Additionally, locus-based tests have a lower multiple 

testing burden than single-variant-based GWAS, typically adjusting only for thousands of genes tested, 

rather than millions of variants137-139. TWAS is a type of locus-based association method, which may 

offer a better alternative to other locus-based GWAS68,69 due to its ability of integrating transcriptome. It 

has proven that TWAS can improve the power of associations by identifying disease susceptibility genes 

that would have been missed by GWAS alone, especially for genes that are expressed in specific tissues 

or cell types76,140.  

Even though TWAS is a promising method for disease gene discovery, there have been some 

challenges and limitations137,141:  

1) The accuracy of gene expression prediction models is limited by the gene expression heritability 

(h2) that determines the upper bound of prediction accuracy68,142. This can be further split into 

two cases below.    
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a. The accuracy of gene expression prediction models may be jeopardized by inclusion of 

non-regulatory variants or variants in nonspecific regulatory elements (i.e., occupied by 

non-transcribed transcription factor [TFs] in target cells and tissues), which may not be 

relevant to disease-driving states 94,141,143,144. Thus, the accuracy of prediction models 

based on cis-genetic variants could be compromised if variants occur in non-regulatory 

regions or if they disrupt binding sites of non-transcribed TFs in target tissues. 

Furthermore, some putative susceptibility genes may be non-causal, owing to 

pleiotropic effects of genetic variants and/or co-regulated gene expression, which is 

driven, at least in part, by linkage disequilibrium (LD) among the variants 94,141,143.  

b. Despite the progress made by TWAS in recent years25,95,144-148, most current models 

build expression prediction of a gene only based on its cis-located genetic variants 

(<1Mb distance), which generally account for only a modest proportion of disease 

heritability149. In comparison, trans-eQTLs (expression quantitative trait loci) may have 

more impact on the disease phenotype due to their advantages in population selection 

pressure and compensatory post-transcriptional buffering150-152. However, including 

trans-located variants in TWAS analysis is a challenge due to their overwhelming 

numbers and smaller effect sizes on gene expression than cis-located variants, requiring 

larger sample sizes for detection87,153,154.  

2) Rare variants account for the majority of the human mutational catalog155, and their importance 

in gene mapping is justified by the rationale that disease-causal variants could be under negative 

selection therefore being rare in the population 156,157. However, due to the sparsity (i.e., not 

sharing across individuals) of the rare variants data, there is little promise in using rare variants 

to conduct predictions. As such, no efforts using rare variants for TWAS due to the fact that 

expressions are not ñpredictableò using rare variants 158.  

3) TWAS only integrate transcriptomes. Although other omics such as proteomics and 

epigenomics are integrated, this idea has not been extended to imaging-based studies. The 

difficulty lies in that there are no natural ñcisò regulatory elements for imaging data analogue to 

expressions. However, putting all genetic variants in the genome to predict imaging data will 

run into huge overfitting. As such, a current attempt that using imaging (IWAS159) still managed 

to assign the effect of genetic variants to images to individual genes in a pseudo-TWAS 

protocol.  

 

The general theme of my thesis is motivated by the above limitations in existing statistical 
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models. To achieve this goal, we developed four novel statistical models that integrate multi-omics data. 

In my thesis, I have included four manuscripts, each forming a chapter. In Chapter 2, I describe sTF-

TWAS, which integrates the prior knowledge of transcription factors (TF) with TWAS. The Chapter 3 

focuses on transTF-TWAS, which utilizes Group Lasso to incorporate TF-linked trans-located variants. 

In Chapter 4, I present rvTWAS, which leverages transcriptome-directed feature selection towards rare 

variants. Finally, in Chapter 5, I introduce IMAS, which uses borrowed brain images to conduct image-

directed feature selection and aggregations. Together, these manuscripts represent my and coauthorsô 

contribution to the field of statistical genetics and provide new insights into the genetic basis of human 

diseases, including cancers and brain disorders. 

 

1.7 Summary of each chapter 

This thesis represents my original contribution to the field by the development of four statistical 

tools, sTF-TWAS, transTF-TWAS, rvTWAS and IMAS, which have been or will be published as first-

author papers.   

sTF-TWAS: susceptible TF (sTF) -occupied cis-regulatory elements with TWAS (Chapter 2) 

The new tool sTF-TWAS stands for ñsusceptible TF (sTF)-occupied cis-regulatory elements 

(STFCREs) with TWAS "147. This work improves the susceptible gene discovery by integrating prior 

knowledge of susceptible transcription factor occupied elements to TWAS147. As introduced, TWAS 

have successfully discovered many putative disease susceptibility genes. However, a potential caveat is 

that gene expression prediction models may be jeopardized by inclusion of non-regulatory variants or 

variants in nonspecific regulatory elements (i.e., occupied by non-transcribed transcription factor [TFs] 

in target cells and tissues), which may not be relevant to disease-driving states 94,141,143,144. Thus, the 

accuracy of prediction models based on cis-genetic variants could be compromised if variants occur in 

non-regulatory regions or if they disrupt binding sites of non-transcribed TFs in target tissues. To bridge 

this gap, we developed sTF-TWAS, a tool that utilized susceptible TF-occupied cis-regulatory elements 

to train the gene expression prediction models for improving the power of TWAS. 

We conducted comprehensive analyses in both simulation and real data and demonstrated that 

sTF-TWAS outperforms existing TWAS approaches (i.e., S-prediXcan68, Fusion82, EpiXcan144). Under 

the sTF-TWAS framework, we build genetic models to predict alternative splicing and gene expression 

in normal breast, prostate and lung tissues from the Genotype-Tissue Expression project. The potential 

impact of sTF-TWAS is evidenced through our discoveries by applying it to large GWAS conducted 

among European-ancestry populations. At Bonferroni-corrected P < 0.05, we identify 354 putative 

susceptibility genes for these cancers, including 189 previously unreported in GWAS loci and 45 in loci 
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unreported by GWAS. These findings provide additional insight into the genetic susceptibility of human 

cancers. Additionally, we prove the generalizability of the sTF-TWAS on non-cancer diseases.  

transTF-TWAS:  transcription factor -linked trans-located variants integrated in TWAS (Chapter 

3) 

As mentioned, despite the progress made by TWAS in recent years25,95,144-148, most current 

models build expression prediction of a gene only based on its cis-located genetic variants (<1Mb 

distance), which generally account for only a modest proportion of disease heritability149. In contrast, 

trans-located variants explain a significant amount of variation in gene expression levels of the target 

gene2. However, trans-located variants are too many, and confer significant risk of overfitting if one 

models them naively.  

In this study, we introduce transTF-TWAS, which includes additional transcription factor (TF)-

based trans-located variants for prediction model building160. The innovation lies in the integration of 

known TF-binding (as assessed by ChIP-Seq data)147 and our novel use of Group Lasso161 to distinguish 

critical TFs from others (that bind to the regulatory regions however not altering expression levels 

substantially). This design conquers the long-lasting problem of overfitting, allowing the inclusion of 

comprehensive information. Our results show that transTF-TWAS outperforms other methods by 

significantly improving prediction models and identifying disease genes. Using data from the Genotype-

Tissue Expression project, we predicted alternative splicing and gene expression and applied these 

models to large GWAS datasets for breast, prostate, and lung cancers. Our analysis revealed a total of 

940 putative cancer susceptibility genes, including 492 that were previously unreported in GWAS loci 

and 143 in loci unreported by GWAS, at Bonferroni-corrected P < 0.05. These findings provide 

additional insight into the genetic susceptibility of human cancers and demonstrate that our approach 

can strengthen disease gene discovery. 

rvTWAS: rare variant TWAS (Chapter 4)  

 Towards the identification of genetic basis of complex traits, transcriptome-wide association 

study (TWAS) is successful in integrating transcriptome data. However, TWAS is only applicable for 

common variants, excluding rare variants in exome or whole genome sequences. This is partly because 

of the inherent limitation of TWAS protocols that rely on predicting gene expressions. Rare variants are 

not used due to its low power in predicting expressions. Our previous research has revealed the insight 

into TWAS: the two steps are essentially genetic feature selection and aggregations that do not have to 

involve predictions. Based on this insight disentangling TWAS, rare variantsô inability of predicting 

expression traits is no longer an obstacle.  
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In this study, we developed ñrare variant TWASò, or rvTWAS162, that first uses a Bayesian 

model to conduct expression-directed feature selection and then use a kernel machine to carry out 

feature aggregation, forming a model leveraging expressions for association mapping including rare 

variants. We demonstrated the performance of rvTWAS by thorough simulations and real data analysis 

in three psychiatric disorders, namely schizophrenia (SCZ), bipolar disorder (BPD), and autism 

spectrum disorder (ASD). rvTWAS will open a door for sequence-based association mappings 

integrating gene expressions.   

IMAS: Image-Mediated Association Study (Chapter 5) 

Lastly, we introduced a new tool IMAS, which stands for ñImage-Mediated Association Studyò 

163. As mentioned, this works is partially inspired by the method of TWAS68,69,84,94,111,141,145  in the sense 

they both utilized endophenotype data, which is gene expression in TWAS and images in IMAS. 

However, brain imaging data have many unique aspects: on the positive side, they enjoy higher 

heritability163; on the negative side, the genetic basis of a brain imaging may not be straightforwardly 

limited into a ñcisò scope like genes do. Built upon our unique ñdata-bridgeò angle of disentangling 

TWAS into feature selection and feature aggregation, IMAS aggregates selected genetic variants to 

determine the association of each aggregated SNV-set with the phenotype, reporting the association 

between the genetic component and the risk of disease. 

Brain imaging and genomics are critical tools enabling characterization of genetic basis of brain 

disorders. However, imaging large cohorts is expensive, and may be unavailable for legacy datasets 

used for GWAS. Using an integrated feature selection/aggregation model, IMAS utilizes borrowed 

imaging/genomics data to conduct association mapping in legacy GWAS cohorts. By leveraging the UK 

Biobank image-derived phenotypes (IDPs), IMAS discovered genetic bases underlying four 

neuropsychiatric disorders and verified them by analyzing annotations, pathways, and eQTLs. A 

cerebellar-mediated mechanism was identified to be common to the four disorders (i.e., schizophrenia 

(SCZ)164, major depression disorder (MDD)165, bipolar disorder (BPD)166, and autism spectrum disorder 

(ASD)167). Simulations show that, if the goal is identifying genetic risk, IMAS is more powerful than a 

hypothetical protocol in which the imaging were available in the GWAS dataset. This implies the 

feasibility of reanalyzing legacy GWAS datasets without conducting additional imaging, yielding cost-

savings for integrated analysis of genetics and imaging. 

These four projects form my different angles attacking the problem of integrating multi-omics 

data into association mapping with multiple biological and statistical challenges addressed. This thesis 

complies with the rules of writing a ñManuscript-based Thesisò by the University of Calgary, including 

the requirement of ñincludes full chapters of previously published worksò. As such, there are some 
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repetitions of introduction of background and methods in Chapters 2 to 5 due to the slightly overlapped 

introduction of similar information in individual manuscripts. Also, the styles of these Chapters are 

different due to the efforts of aligning to conventions of different journals with diverse focus on 

statistical methods or broad readership in biology, cancers, or neurosciences.  

 

1.8 Statement of contributions 

This PhD thesis is based on four original research papers that were published or submitted in 

peer-reviewed journals during my candidature. As the first author, I have done the majority of the work as 

well as writing. However, these papers also represent collaborative efforts involving multiple co-authors, 

and I would like to acknowledge their contributions to this work. All co-authors are in agreement with me 

to put the full manuscript into the thesis, in the format of signed Letter of Permission attached at the end 

of the thesis. 

In the first paper (Chapter 2), entitled " Integrating transcription factor occupancy with 

transcriptome-wide association analysis identifies susceptibility genes in human cancers". I served as the 

first author, and my co-authors were Dr. Quan Long and Dr. Xingyi Guo who conceived and designed the 

study. I performed the data collection, processing, bioinformatics and statistical analyses, with additional 

data preparation and discussion from Dr. Quan Long, Dr. Xingyi Guo, Mr. Wanqing Wen, Dr. Zhishan 

Chen, and Dr. Chen Cao. I wrote the manuscript with contributions from Dr. Quan Long, Dr. Xingyi Guo, 

Dr. Alicia Beeghly, Dr. Xiao-Ou Shu, and Dr. Wei Zheng. 

The second paper (Chapter 3), entitled " Transcription Factor-Linked Trans-located Variants 

Improve Transcriptome-Wide Association Analysis for Disease Susceptibility Gene Discovery " was a 

collaborative effort between myself, Mr. Wanqing Wen, Dr. Jie Ping, Ms. Qing Li, Dr. Zhishan Chen, 

Mr. Deshan Perera, Dr. Xiang Shu, Dr. Jirong Long, Dr. Qiuyin Cai, Dr. Xiao-Ou Shu, Dr. Wei Zheng, 

Dr. Quan Long, and Dr. Xingyi Guo. Dr. Quan Long and Dr. Xingyi Guo provided guidance on the 

statistical methods and study design. I was responsible for performing data collection and processing, 

bioinformatics and statistical analyses, with additional data preparation and discussion from Dr. Quan 

Long, Dr. Xingyi Guo, Mr. Wanqing Wen, Dr. Jie Ping and Dr. Zhishan Chen. I wrote the manuscript, 

which was reviewed and edited by all co-authors. 

In the third paper (Chapter 4), entitled " rvTWAS: identifying gene-trait association using 

sequences by utilizing transcriptome-directed feature selection". I collaborated with Ms. Qing Li, and Dr. 

Qingrun Zhang. Dr. Qingrun Zhang conceived the idea and designed the models. Dr. Qingrun Zhang and 
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I developed the software with additional data preparation and discussion from from Ms. Qing Li. I wrote 

the manuscript, which was reviewed and edited by Dr. Qingrun Zhang.  

In the fourth paper (Chapter 5), entitled " A statistical method for image-mediated association 

studies discovers genes and pathways associated with four brain disorders".  Dr. Quan Long and Dr. Paul 

D. Arnold conceived and supervised the study. I was responsible for developing the software, conducting 

simulations, and analyzing the real data, and writing the manuscript. The biological interpretations were 

contributed by Ms. Lilit Antonyan, Mr. Harold Zhu, Ms. Lilit Antonyan, Mr. Harold Zhu, and Dr. Paul D. 

Arnold. Ms. Qing Li and Mr. David Enoma assisted with the data analysis and Dr. Bo Cao, Dr. M. Ethan 

MacDonald provided feedback on the manuscript. I wrote the manuscript, which was reviewed and edited 

by all co-authors.   

In summary, this PhD thesis represents a collaborative effort involving multiple co-authors who 

contributed to the design, execution, and analysis of the research presented in this thesis. I am grateful for 

their contributions, without which this work would not have been possible. 
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Chapter 2 

Susceptible TF (sTF) -occupied cis-regulatory elements with TWAS 
 

2.1 Introduction  

Transcriptome-wide association studies (TWAS) 68,69 have identified hundreds of putative 

susceptibility genes for many human diseases including cancers 69-73,168. Unlike conventional genome-

wide association studies (GWAS) and expression quantitative trait loci (eQTL) analyses 74,75, TWAS 

evaluates associations of disease risk with the predicted expression level of a given gene using aggregated 

information from multiple cis-genetic variants. TWAS may detect more genes than other aggregation-

based GWAS methods and facilitate identification of additional associations that have been missed by 

GWAS 76; however, a potential caveat is that gene expression prediction models may be jeopardized by 

inclusion of non-regulatory variants or variants in nonspecific regulatory elements (i.e., occupied by non-

transcribed transcription factor [TFs] in target cells and tissues), which may not be relevant to disease-

driving states 94,141,143,144. Thus, the accuracy of prediction models based on cis-genetic variants could be 

compromised if variants occur in non-regulatory regions or if they disrupt binding sites of non-transcribed 

TFs in target tissues. Furthermore, some putative susceptibility genes may be non-causal, owing to 

pleiotropic effects of genetic variants and/or co-regulated gene expression, which is driven, at least in 

part, by linkage disequilibrium (LD) among the variants 94,141,143. Previous TWAS approaches, such as 

PrediXcan68 and FUSION 69, show comparable overall performance in susceptibility gene discovery, 

while they have not integrated prior disease-specific regulatory information. A recent approach, EpiXcan 

144, integrates non-tissue-specific epigenome information, however, it might introduce overfitting through 

automatic learning due to lack of mechanistic support.  Therefore, our approaches that integrate prior 

knowledge of disease-specific regulatory elements into gene expression prediction are essential to 

improve the detection of disease susceptibility genes. 

Genetic variations of TF-DNA bindings are increasingly considered as key factors of cancer 

susceptibility. Core master TFs transcribe in a cell type-specific manner and co-occupy cis-regulatory 

elements control gene expression programs, which are known to establish and maintain cell identity169-173. 

identifying TFs whose DNA bindings are altered by risk-associated genetic variations and their 

controlling genes will improve our understanding of transcriptional dysregulation in human diseases, 

including cancers174-177. Genetic fine-mapping studies, together with functional experiments, have 

suggested that cis-regulatory risk variants may disrupt DNA binding affinities of TFs, particularly for 

known master regulators, which play a key role in mediating cancer risk 178-185. Studies of hormone-
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regulated cancers, such as breast cancer and prostate cancer, have shown that pathogenic dysregulations 

of gene expression are mediated through risk variants altering binding affinities of master TFs, such as 

FOXA1, ESR1, and AR. In our recent work, we comprehensively evaluated the association of genetic 

variations of TF occupancies with breast cancer risk using generalized mixed models and found that risk-

associated (susceptible) TFs, such as master regulator FOXA1, significantly contributed to breast cancer 

susceptibility 186. We further demonstrated that TWAS using only putative regulatory variants occupied 

by the susceptible TFs, detected additional genes associated with breast cancer risk 186.  However, the 

impact of the prior knowledge of TF occupancies used for TWAS (i.e., number of prioritized variants 

used) and the extent of improvement of the overall performance comparing with existing TWAS 

approaches have not been thoroughly evaluated. It remains unclear whether this analytical strategy could 

improve identification of additional associations for other common cancers, such as prostate and lung 

cancers, for which comprehensive epigenetic, gene expression, and large-scale publicly available GWAS 

data have been available. Itôs also unclear whether the analytical strategy could be generally applied to 

other type of genetic prediction (i.e., alternative splicing).   

In this chapter, we proposed an approach by integrating prior knowledge of susceptible TF (sTF) 

-occupied cis-regulatory elements (STFCREs) with TWAS (sTF-TWAS) in an effort to improve 

susceptible gene discovery. We conducted comprehensive analyses with both simulation and real data and 

demonstrated that sTF-TWAS outperformed the existing TWAS approaches (i.e., S-prediXcan, Fusion, 

EpiXcan) in detection of cancer risk genes. Although TWAS approaches have been focusing mostly on 

gene expression, they can be applied to genetically predict alternative splicing which has been largely 

unexplored in the association with human cancers. To this end, we conducted sTF-TWAS to analyze both 

gene expression and alternative splicing with data generated from multiple normal tissues from the 

Genotype-Tissue Expression (GTEx) and large-scale GWAS data for cancers of breast (N = 247,173), 

prostate (N = 140,306), and lung (N=85,716) to search for susceptibility genes and loci of these common 

cancers (Appendix Table A2.1). 

 

2.2 Results  

Overview of the analytic framework developed 

To integrate prior knowledge of STFCREs with TWAS, we prioritized putative regulatory 

variants located in STFCREs based on our recently established analytical framework for breast cancer 186 

(Figures 2.1A, 2.1B). We first regressed Chi-squared values of genetic variants reported in the GWAS 

summary data (i.e., associations with cancer risk) on the TF binding status of the variants from TF ChIP-
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seq binding profiling in target cancer-related cells (1 for a variant located in a TF binding site, 0 

otherwise) using generalized mixed models 186. We then prioritized putative regulatory variants located in 

STFCREs based on the ranks of the significance of the regression coefficients for the variants (Figure 

2.1B; Appendix Table A2.2; Methods).  We selected the top 50K, 100K, 200K and 500K variants 

respectively to conduct four sets of analyses. In each set of analyses, we built genetically predicted gene 

expression with the GTEx reference data (Methods) using only the selected putative regulatory variants 

from the above set, respectively. We provided evidence that each set has better performance of gene 

expression predictions than comparably sized sets of randomly selected variants (Figure 2.1C; Methods). 

Finally, we conducted TWAS for each set by applying gene expression prediction models to GWAS 

summary statistics for breast, prostate, and lung cancers to search for cancer susceptibility genes and loci 

(Methods).  

 

Simulation study 

We conducted simulations to evaluate the improvement of gene expression prediction models in 

statistical power using the selected top putative regulatory variants compared to regular TWAS (i.e., S-

PrediXcan 187) using all cis-variants or randomly selected variants of the comparable number (Methods). 

We first verified that the type-I error of sTF-TWAS protocol was under control under the null hypothesis 

(Appendix Figure B2.1). We then tested the following two scenarios: causality where genotypes cause a 

phenotype via the intermediary of gene expression and pleiotropy where genotypes cause a phenotype and 

expression independently (Methods). In both scenarios, we observed that sTF-TWAS is superior to 

regular TWAS using all cis-variants or randomly selected variants. The statistical power of sTF-TWAS 

increased proportionally to the heritability of both gene expression and phenotype traits, and decreased 

with increased numbers of causal variants (Figures 2.1D, 2.1E; Appendix Figures B2.2, B2.3), which is 

consistent with our previous theoretical characterizations 76. These results provide strong evidence that 

our sTF-TWAS approach by incorporating prior knowledge of STFCREs is statistically more powerful 

than regular TWAS. 
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Figure 2.1. Overview of the Developed Analytical Framework. A. An illustration of a regulatory variant 

in strong LD with a GWAS-identified variant that disrupts DNA binding affinities of FOXA1, and 

consequently, alters expression of susceptibility genes. Our previous work established transcription 

factors (TFs)-occupied elements using generalized mixed models to estimate associations between Chi-

squared values (i.e., to measure associations between variants and breast cancer risk) and TF binding 

status of genetic variants located in TF binding sites 32. B. Flow chart showing six sets of prioritized TF-

occupied regulatory variants (i.e. 50k, 100k, 200k, 500k), which were ranked based on established TF-

occupied elements associated with breast cancer risk (i.e., beta coefficients). C. Scatter plots showing 
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comparisons of prediction performance (R2) between prioritized regulatory variants and randomly 

selected variants, across six variant sets of interest. A trend line was presented using a linear regression 

analysis of prediction performance. D and E. Bar chart showing the power comparison of protocols under 

simulated causative (D) and pleiotropy scenario (E).  Power is indicated on the y-axis. All panels are 

results under an additive genetic architecture with different expression heritability and local trait 

heritability. The total number of contributing genetic variants is 10 and 20 in left and right panels, 

respectively.  

 

sTF-TWAS outperforms existing TWAS approaches 

We further compared the performance of sTF-TWAS with existing TWAS approaches using 

summary statistics data for breast, prostate and lung cancers (Methods). We showed that our approach 

detected more genes than those from existing TWAS approaches (i.e., S-PrediXcan, EpiXcan and Fusion) 

under multiple P-value cutoffs; the number of predicted genes (with a cutoff of R2 > 0.01) for each set 

(i.e., the top 50K, 100K, 200K, 500K variants) was comparable or slightly less than those from existing 

approaches (Figure 2.2A; Appendix Figure B2.4). In analysis for breast cancer using the four sets of 

selected regulatory variants, we identified 62 (for 50K variants), 66 (for 100K variants), 63 (for 200K 

variants) and 66 (for 500K variants) putative susceptibility genes using sTF-TWAS, at a Bonferroni-

corrected P < 0.05, which were more than those identified by S-PrediXcan (52 genes), EpiXcan (41 

genes) and Fusion (39 genes) (Figure 2.2B). We conducted similar comparisons for prostate and lung 

cancers and demonstrated consistent trends of more genes identified by our approach compared to other 

existing approaches (Figure 2.2B). Of note, we observed a high proportion of overlap among the 

identified genes using the four selected sets of variants, suggesting the robustness of sTF-TWAS to the 

selection of regulatory variants with different prioritization criteria (Figure 2.2B). For the downstream 

analyses, we only focused on genes identified from sTF-TWAS using the set with 50K variants of the 

highest prioritization.  

We next performed functional annotation for the genes identified by sTF-TWAS and other 

approaches with known cancer-related genes (Methods). In the analyses for breast cancer, we found that 

more (n=26 for sTF-TWAS [50K] vs. n=14 for S-PrediXcan, n=10 for EpiXcan, and n=14,for Fusion) 

and a higher proportion (61.9% for sTF-TWAS [50K] vs. 41.2% for S-PrediXcan, 45.5% for EpiXcan, 

and 53.8% for Fusion) of breast cancer-related genes were detected by our approach than those identified 

by S-PrediXcan, EpiXcan, and Fusion, respectively (Methods; Figures 2.2C, 2.2D). In the analyses for 
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prostate and lung cancer, we also found that genes identified by sTF-TWAS had an overall comparable or 

higher proportion being cancer related than other three approaches (Figures 2.2C, 2.2D).  

We compared genes that were identified by sTF-TWAS and other TWAS approaches for breast, 

lung, and prostate cancers. We found that half of genes (31 genes) identified by sTF-TWAS were missed 

by other approaches (Figure 2.3A) for breast cancer. Similarly, high proportions of genes identified by 

sTF-TWAS were missed by other approaches for prostate and lung cancers (Figure 2.3A). These results 

suggest that sTF-TWAS could be powerful in uncovering additional susceptibility genes that might have 

been missed out by other approaches.   
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Figure 2.2. Comparison of gene-trait associations between TWAS conducted in sets of variants selected 

from TFs-occupied elements with other TWAS approaches (S-PrediXcan, EpiXcan and Fusion) for 

breast, prostate and lung cancer. A. Bar chart showing the number of genes identified from TWAS 

conducted for each set of variants of interest and other TWAS approaches under various P-value cutoffs 

(i.e., P < 1e-05, 1e-06, 1e-07, and 1e-08). The P-values are the raw P-values from the Z score test from 

TWAS. B. Heatmap showing the number of genes identified from TWAS conducted for each set of 

variants of interest and other TWAS approaches at a Bonferroni-corrected P < 0.05. The number of 

overlapping genes identified from TWAS between two sets of interest is presented in each box; the color 

from white to dark blue denotes increased overlapping genes. C. Bar chart showing a comparison between 

the total number of target cancer related genes among TWAS-identified genes from each set of interest 

and other TWAS approaches. D. Bar chart showing a comparison of the proportion (success rate) of target 

cancer related gene among TWAS-identified genes from each set of interest and other TWAS approaches, 

relative to the total number of genes identified from the set. 

 

Discovery of putative susceptibility genes for breast, lung and prostate cancers 

We further analyzed alternative splicing using sTF-TWAS (sp-sTF-TWAS) for breast, lung and 

prostate cancers with the set of 50K regulatory variants (Methods). We compared our findings from both 

sTF-TWAS and sp-sTF-TWAS with those reported from previous TWAS, eQTL, or fine-mapping studies 

for breast71,188; 74; 185,186,189, prostate70,75,82,190 and lung cancers75,191.  

For breast cancer, we identified 62 and 85 putative susceptibility genes from sTF-TWAS and sp-

sTF-TWAS respectively (Figure 2.3B). Combing the results from both analyses, we identified a total of 

139 putative breast cancer susceptibility genes, including 17 genes at 15 loci previously unreported by 

GWAS (more than 1Mb away from any previous GWAS-identified risk variants for breast cancer) and 86 

at GWAS loci but previously unreported (Figures 2.4A, 2.4B; Table 2.1; Appendix Tables A2.3, A2.4).  

For prostate cancer, we identified 62 and 96 putative susceptibility genes from sTF-TWAS and 

sp-sTF-TWAS respectively (Appendix Figure B2.5). Combing the results from both analyses, we 

identified 150 putative prostate cancer susceptibility genes, including 12 genes at 11 loci unreported by 

GWAS and 73 at GWAS loci but previously unreported (Figures 2.4A, 2.4B; Table 2.2; V, A4). 

 For lung cancer, we identified 33 and 40 putative susceptibility genes from sTF-TWAS and sp-

sTF-TWAS respectively (Appendix Figure B2.6). Combing the results from both analyses, we identified 

65 putative lung cancer susceptibility genes, including 16 genes at 7 loci unreported by GWAS and 30 
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genes at GWAS loci but previously unreported (Figures 2.4A, 2.4B; Table 2.3; Appendix Tables A2.3, 

A2.4). 

 

 

Figure 2.3. Comparison between genes identified from sTF-TWAS and other TWAS approaches (S-

PrediXcan, EpiXcan and Fusion). A. Venn diagrams showed the number of overlapped genes between 

every two TWAS approaches for breast, prostate and lung cancer.  B. Manhattan plots showing 
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associations identified from sTF-TWAS (50K) and sp-sTF-TWAS (50K) (upper and lower panel, 

respectively) for breast cancer. Putative susceptibility genes identified in loci unreported by GWAS were 

highlighted. The dashed red line refers to Bonferroni-corrected P < 0.05. The P-values are the raw P-

values from the Z score test from TWAS (two-sided). 

 

Table 2.1. sTF-TWAS and sp-sTF-TWAS in breast cancer identified total 17 putative susceptibility genes 

located at genomic regions at least 1 Mb away from any GWAS-identified breast cancer risk variant (gene 

expression prediction performance at R2 > 0.01) 

Locus Gene P-value a R2 b Closet risk SNP c 

Distance to the 

closet risk SNP 

(Mb) 

Associations identified from sTF-TWAS (50K) 

14q32.11 NRDE2 1.46×10-12 0.02 rs941764 1.04 

2q35 PECR 5.48×10-8 0.16 rs4442975 0.97 

16q22.2 PHLPP2 1.50×10-7 0.19 rs13329835 >5 

10q26.13 DMBT1 1.76×10-6 0.18 rs45631563 0.97 

20q13.33 RGS19 2.36×10-6 0.07 rs13039563 >5 

9q21.12 RP11-109D9.4 5.78×10-6 0.16 rs4742903 >5 

Novel associations identified from sp-sTF-TWAS (50K) 

5q11.2 SLC38A9 2.02×10-18 0.05 rs62355902 0.98 

12p11.23 TM7SF3 8.06×10-15 0.02 rs7297051 1.01 

4p16.3 PIGG 2.16×10-7 0.06 rs495367 1.45 

16q22.2 ZNF19 5.87×10-7 0.09 rs13329835 >5 

1q22 SLC25A44 7.26×10-7 0.29 rs4971059 1.02 

1q22 BGLAP 9.30×10-7 0.02 rs4971059 1.07 

6p22.2 CARMIL1 1.38×10-6 0.06 rs71557345 1.06 

3p21.31 MST1 1.46×10-6 0.36 rs6796502 2.86 

14q24.3 VASH1 1.46×10-6 0.02 rs999737 >5 

12q24.31 RILPL1 1.47×10-6 0.14 rs2464195 2.47 

5q14.1 MSH3 1.58×10-6 0.04 rs7707921 1.37 

P-value: derived from 50K, associations with P Ò6.61 Ĭ 10ī6 are considered statistically significant on the 

basis of Bonferroni correction of 7,559 tests (0.05/ 7,559) for TF-TWAS, and associations with 
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P Ò2.09 Ĭ 10ī6 are considered statistically significant on the basis of Bonferroni correction of 23,905 tests 

(0.05/ 23,905). The P-values are the raw P-values from the Z score test from TWAS (two-sided). 

R2: prediction performance (R2) of gene expression predicted by cis-genetic variants. The predictive 

model with the most significant association was presented. 

Closest risk SNP: identified by previous GWAS or fine-mapping studies185. The risk SNP closest to the 

gene is listed. 

 

Table 2.2. sTF-TWAS and sp-sTF-TWAS in prostate cancer identified 12 putative susceptibility genes 

located at genomic regions at least 1 Mb away from any GWAS-identified prostate cancer risk variant 

(gene expression prediction performance at R2 > 0.01) 

Locus Gene P-value a R2 b Closet risk SNP c 
Distance to the closet 

risk SNP (Mb) 

Associations identified from sTF-TWAS 

6p21.33 LY6G5B 6.04×10-9 0.36 rs9275160 1.01 

21q22.3 AGPAT3 6.85×10-7 0.06 rs9978557 2.35 

21q21.3 AP000223.42 8.11×10-7 0.10 rs11701433 >5 

2q37.1 EFHD1 2.37×10-6 0.21 rs74001374 4.82 

17q21.33 LRRC59 2.90×10-6 0.08 rs565189650 1.05 

18p11.31 LINC00526 3.34×10-6 0.17 rs8089411 >5 

Associations identified from sp-sTF-TWAS 

2q31.1 DCAF17 1.34×10-9 0.04 rs77167534 0.97 

11q13.4 GDPD5 1.33×10-8 0.05 rs1483103293 1.03 

17q25.3 ARL16 1.59×10-8 0.59 rs148351530 >5 

12q14.2 DPY19L2 1.73×10-8 0.03 rs7968403 0.95 

6p21.33 BAG6 1.89×10-8 0.09 rs9275160 1.03 

4p14 KLF3-AS1 7.00×10-7 0.18 rs17804499 >5 

P-value: derived from 50K, associations with P Ò4.50 Ĭ 10ī6 are considered statistically significant on the 

basis of Bonferroni correction of 11,109 tests (0.05/ 11,109) for TF-TWAS, and associations with 

P Ò1.66 Ĭ 10ī6 are considered statistically significant on the basis of Bonferroni correction of 30,211 tests 

(0.05/ 30,211). The P-values are the raw P-values from the Z score test from TWAS (two-sided). 
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R2: prediction performance (R2) of gene expression predicted by cis-genetic variants. The predictive 

model with the most significant association was presented. 

Closest risk SNP: identified by previous GWAS or fine-mapping studies192. The risk SNP closest to the 

gene is listed. 

 

Table 2.3. sTF-TWAS and sp-sTF-TWAS in lung cancer identified 16 putative susceptibility genes 

located at genomic loci at least 1 Mb away from any GWAS-identified lung cancer risk variant (gene 

expression prediction performance at R2 > 0.01) 

Locus Gene P-value a R2 b Closet risk SNP c 

Distance to the 

closet risk SNP 

(Mb) 

Associations identified from sTF-TWAS 

5q23.3 HINT1 1.56×10-61 0.07 rs150464151 >5 

6p22.1 HLA-G 5.39×10-13 0.22 rs4324798 1.02 

6p22.2 RP1-221C16.8 9.58×10-10 0.02 rs4324798 2.64 

6p22.1 ZNRD1 3.93×10-9 0.16 rs4324798 1.25 

6p22.1 TRIM31 6.51×10-9 0.17 rs4324798 1.29 

6p22.1 HCP5B 3.68×10-7 0.68 rs4324798 1.06 

6p22.2 BTN3A3 1.23×10-6 0.16 rs4324798 2.35 

Associations identified from sp-sTF-TWAS 

15q15.2 TMEM62 3.49×10-18 0.07 rs66759488 4.10 

6p22.1 HLA-A 1.55×10-16 0.89 rs4324798 1.13 

6p22.1 PPP1R11 9.01×10-13 0.02 rs4324798 1.26 

6p22.2 BTN2A1 4.91×10-10 0.01 rs4324798 2.33 

3p21.31 FYCO1 3.67×10-9 0.36 rs141178913 >5 

6p22.1 TRIM26 5.32×10-9 0.13 rs3094604 1.25 

6p22.2 BTN3A1 2.87×10-8 0.04 rs4324798 2.39 

4q21.23 FAM175A 1.15×10-6 0.04 rs144058808 >5 

2q33.1 CASP8 1.29×10-6 0.04 rs182939337 >5 

P-value: derived from 50K, associations with P Ò 4.27 Ĭ 10ī6 are considered statistically significant on the 

basis of Bonferroni correction of 11,711 tests (0.05/11,711) for TF-TWAS, and associations with 
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P Ò 1.59 Ĭ 10ī6 are considered statistically significant on the basis of Bonferroni correction of 31,399 tests 

(0.05/ 31,399). The P-values are the raw P-values from the Z score test from TWAS (two-sided). 

R2: prediction performance (R2) of gene expression predicted by cis-genetic variants. The predictive 

model with the most significant association was presented. 

Closest risk SNP: identified by previous GWAS studies193,194. The risk SNP closest to the gene is listed. 

 

Functional evidence for identified putative cancer susceptibility genes 

We examined whether our identified putative cancer susceptibility genes had been reported as 

predisposition genes195,196, cancer drivers 197,198, or Cancer Gene Census (CGC) genes 199 (Methods). We 

conducted the functional enrichment analysis for our identified genes based on a statistical test under the 

hypergeometric distribution We showed that the identified genes were significantly enriched as known 

cancer-related genes with P = 9.4 × 10-11 for breast cancer, P = 8.2 × 10-8 for prostate cancer and P = 6.2 

× 10-4 for lung cancer (Methods). For breast cancer, we found a suggested breast cancer predisposition 

gene (RAD50), five cancer driver genes (IGHMBP2, ATXN3, KANSL1, IL6ST and MSH3) and five CGC 

(PPFIBP1, IL6ST, SS18, TRIP11 and TFG) genes among the previously unreported genes, and four 

cancer driver genes (CASP8, AKAP9, ESR1 and MEF2B) and four CGC gene (CASP8, MUC1, AKAP9 

and ESR1) among the previously reported genes (Figure 2.4C). For prostate cancer, we found four cancer 

driver gene (IGHMBP2, STK19, TEAD3 and ARL16) and four CGC genes (TRRAP, CARS, HOXA9 and 

POU5F1) among the previously unreported genes, and two cancer driver genes (CCND1 and ZFP36L2) 

and three CGC genes (TMPRSS2, SUFU and CCND1) among the previously reported genes (Figure 

2.4C). For lung cancer, we found three cancer driver genes (HLA-A, CASP8 and LEMD2) and two CGC 

genes (HLA-A and CASP8) among the unreported genes, and one cancer driver gene (HLA-B) and one 

CGC gene (FGFR1OP) among the previously reported genes (Figure 2.4C). 

We also explored the functional roles of the identified putative susceptibility genes using 

CRISPR-Cas9 screen silencing data to investigate gene essentiality on cell proliferation in breast (n = 45), 

prostate (n = 8), and lung (n = 130) cancer relevant cell lines (Methods). Using a cutoff of median 

CERES Score < ī0.5 in the above cells, following the previous literature 200,201, the genes demonstrated 

essential roles in cell proliferation were ten previously unreported putative susceptibility genes (NSF, 

NRDE2, BET1, UBQLN4, KANSL1, MST1, MRPL21, MSTO1, FAM91A1 and NASP) and one previously 

reported genes (SUGP1) for breast cancer risk (Figure 2.4D); five unreported putative susceptibility 

genes (RPP21, CHMP7, TRRAP, CIAPIN1 and DPY19L2) and six previously reported genes (NOL10, 
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WTAP, BRI3, USP39, SNRPC and CCND1) for prostate cancer risk (Figure 2.4E); and six unreported 

putative susceptibility genes (PFDN6, MRPL36, PPP1R11, LST1, DDX39B and EXOC3) and one 

previously reported gene (PSMA4) (Figure 2.4F) for lung cancer risk.  
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Figure 2.4. Putative susceptibility genes identified by sTF-TWAS and sp-sTF-TWAS. A. Venn diagrams 

showed the number of putative susceptibility genes commonly or uniquely identified by sTF-TWAS and 
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sp-sTF-TWAS. B. Bar chart showed total identified putative susceptibility genes combined from sTF-

TWAS and sp-sTF-TWAS for breast, prostate and lung cancer. C. Cancer driven genes or Cancer Gene 

Census CGC) were highlighted for putative susceptibility genes identified in our study (yes denoted by 

"+", otherwise denoted by "-"; ñ*ò referring to a predisposition gene). Left grey box denoted cancer 

driven genes, and right grey box denoted CGC genes. D-F. Boxplot showing effects of putative 

susceptibility genes on cell proliferation using experimental data from DepMap 21Q4 Public (left and 

right panel for sTF-TWAS and sp-sTF-TWAS, respectively). Gray dashed box denoted putative 

susceptibility genes that showed evidence of essential roles in cell proliferation based on a cutoff of 

median CERES values < -0.5 for D) Breast cancer (sample size: 45 cell lines), E) Prostate cancer (sample 

size: 8 cell lines), and F) Lung cancer (sample size: 130 cell lines). In the boxplots shown in these figures, 

the whiskers denote the range; the boxes denote the interquartile range; the middle bars in denote the 

median. 

 

The generalizability of the sTF-TWAS on non-cancer diseases 

To evaluate the generalizability of our sTF-TWAS framework, we conducted additional analysis 

for brain disorders including schizophrenia (SCZ), Alzheimerôs disease (AD), and autism spectrum 

disorder (ASD). We first used generalized mixed models to estimate an association between the Chi-

squared values (Y) reported from the GWAS and TF binding status of genetic variants (see Equation (1) 

in the Methods). We identified 7 significant TFs for SCZ, 10 TFs for AD and 8 TFs for ASD, 

respectively. Similar to our sTF-TWAS analysis in cancers, we used the top 50K prioritized putative 

regulatory variants to predict gene expression for each disease based on data generated in brain cortex 

tissues from 205 individuals from the GTEx (Methods). We applied the prediction models into GWAS 

data for each of the three diseases to identify putative susceptibility genes. For comparison, we also 

conducted S-PrediXcan using all cis-variants for each of the diseases. We found that sTF-TWAS 

identified more putative susceptibility genes than S-PrediXcan for each disease (Appendix Figure B2.7; 

Appendix Table A2.5). Using SCZ as an example, we identified 20 putative susceptibility genes from 

sTF-TWAS (50K) at a Bonferroni-corrected P < 0.05, while only three genes were identified by S-

PrediXcan (Appendix Figure B2.7; Appendix Table A2.5). These results suggest that our sTF-TWAS 

approach can be applied to improve susceptibility gene discovery in non-cancer diseases. 

 

2.3 Methods 

Data resources  
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The individual-level genotype dataset was downloaded from GTEx (v8), which was quality 

controlled using PLINK202. The summary statistics of GWAS data for breast cancer were downloaded 

from the Breast Cancer Association Consortium (BCAC). The BCAC is an international, 

multidisciplinary consortium designed to identify genetic susceptibility factors that are related to the risk 

of breast cancer. The BCAC has generated GWAS data for a total of 122,977 cases and 105,974 controls 

from European descendants. For prostate cancer, GWAS data of 79,194 cases and 61,112 controls from 

European descendants were released from the Prostate Cancer Association 

Group to Investigate Cancer Associated Alterations in the Genome (PRACTICAL)203.  The GWAS data 

for lung cancer were downloaded from the websites of the Transdisciplinary Research of Cancer in Lung 

of the International Lung Cancer Consortium (TRICL-ILCCO) and the Lung Cancer Cohort Consortium 

(LC3) totaling 29,266 cases and 56,450 controls from European descendants194 (Appendix Table A2.1). 

The GWAS summary statistics for schizophrenia (SCZ, N= 70,100), Alzheimerôs disease (AD, 

N=22,246), and autism spectrum disorder (ASD, N= 10,263) were downloaded from the Psychiatric 

Genomics Consortium website (PGC).  

We characterized ChIP-seq data of TFs generated in prostate, lung and brain cancer-related cell 

lines from the Cistrome database. After evaluating their quality control (QC) based on the guidance from 

the Cistrome database, we collected TF ChIP-seq datasets with high qualities for our downstream 

analyses. Detailed ChIP-seq data for breast cancer have been described in our previous work for breast 

cancer 186. The processed TF ChIP-seq data for prostate and lung cancer cell lines have been 

comprehensively collected in the Cistrome database.  

The GTEx (release 8) have generated germline whole genome sequencing (WGS) and RNA-

sequencing (RNA-seq) data for normal breast tissue, prostate tissue, lung tissue, and brain cortex tissue. 

We included breast tissue from 151 women, prostate tissue from 221 men, lung tissue from 515 

individuals and brain cortex tissue from 205 individuals (both sexes) in our study. The fully processed, 

filtered and normalized gene expression data matrices (in BED format) was downloaded from GTEx 

portal (https://gtexportal.org/home/datasets). The whole genome sequencing file, GTEx_Analysis_2017-

06-05_v8_WholeGenomeSeq_866Indiv.vcf was downloaded from dbGaP 

(https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000424.v8.p2). The sample 

attributes were obtained from the file 

phs000424.v8.pht002743.v8.p2.c1.GTEx_Sample_Attributes.GRU.txt and the subject phenotypes for sex 

and age information were obtained from the file 

phs000424.v8.pht002742.v8.p2.c1.GTEx_Subject_Phenotypes.GRU.txt. The covariates used in eQTL 

analysis, including genotyping principal components (PCs), were obtained from 

https://gtexportal.org/home/datasets
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000424.v8.p2
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GTEx_Analysis_v8_eQTL_covariates.tar.gz, and the covariates for sQTL analysis were obtained from 

GTEx_Analysis_v8_sQTL_covariates.tar.gz, which were downloaded from the GTEx portal 

(https://gtexportal.org/home/datasets).  

To analyze cancers related susceptibility genes, we downloaded a list of gene sets from the 

Molecular Signatures Database (MGB) on the Gene Set Enrichment Analysis (GSEA, http://www.gsea-

msigdb.org/gsea/index.jsp).  We also downloaded lists of predisposition genes from 195,196, cancer driven 

genes from two previous literatures 197,198 and Cancer Gene Census (CGC)199 from the COSMIC website 

(https://cancer.sanger.ac.uk/census).  

To investigate the effect of an individual gene on essentiality for proliferation and survival of 

cancer cells, we downloaded two comprehensive datasets including ñsample_info.csvò and 

ñCRISPR_gene_effect.csvò from DepMap Public 21Q4  (https://depmap.org/portal/). 

 

Genotype and gene expression data processing 

The genotype dataset for the GTEX was quality controlled using PLINK202. Multiple QC steps 

were applied by excluding variants with missingness rate > 10%, minor allele frequency (MAF) < 1%, or 

large deviations from Hardy-Weinberg equilibrium at P for HWE test < 10-6.  For the normalized gene 

expression data, we performed a probabilistic estimation of expression residuals (PEER, 

https://github.com/PMBio/peer/wiki/Tutorial) analysis to adjust for potential confounding factors204. We 

used 30 PEER factors for our downstream model building based on the recommendation for breast, 

prostate and brain tissues, and 60 PEER factors for lung tissue.  

 

Defining sets of putative regulatory variants 

We compiled four sets of transcript factor (TF)-occupied variants (i.e., 50K, 100K, 200K and 

500K), prioritized with their ranks of the significance of the association between the susceptible TF-

occupied elements and target cancer risk (Appendix Table A2.2).  The associations of cancer risk with 

genetic variations of (TF)-DNA bindings by a single TF or paired TFs were estimated using generalized 

mixed models based on our recent work186. In brief, we generated a data matrix for all genetic variants 

from the GWAS summary statistics and the annotation from all available TF-DNA binding regions. We 

used Chi-squared value for each genetic variant reported in the GWAS summary data to measure its 

association with cancer risk. We then used generalized mixed models to estimate the associations between 

the Chi-squared values (Y) and TF binding status of genetic variants located in binding sites of each TF 

https://gtexportal.org/home/datasets
http://www.gsea-msigdb.org/gsea/index.jsp
http://www.gsea-msigdb.org/gsea/index.jsp
https://depmap.org/portal/
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given LD blocks of genetic variants to handle the dependence between genetic variants (Figure 2.1A; 

Equation (1)).  

ὣ ‍ ‍ὝὊ ὠ ‐          (1) 

Specifically, ὣ  is the Chi-squared value for the j-th variant in the i-th LD block; ɓ0 is the fixed 

intercept, and ɓ1 is the fixed slope, which measure the mean difference of the Chi-Squared values (Ў…Ӷ) 

between TF status; ὝὊ is the j-th TF value (i.e., 1 for a variant located in a TF binding site, 0 otherwise) 

in the i-th LD block; ὠ is the random intercept for the i-th LD block; and ʀ is the error term. Based on 

this statistical model, we identified cis-regulatory elements occupied by TFs whose genetic variations of 

TF-DNA bindings are associated with target cancer risk at Bonferroni-corrected P < 0.05. We 

additionally used generalized mixed models to estimate the associations of the Y values of variants with 

the TF-pair occupancy if they showed a significant interaction (Equation (2)). Of note, we used genetics 

variants non-occupied by any of the investigated TFs as the referenced control group for all the analyses 

in Equations (1) and (2).   

ὣ ‍ ‍ὝὊρ ‍ὝὊς ‍ὝὊρ ὝὊς ὠ ‐   (2) 

 To prioritize putative regulatory variants located in STFCREs, we conducted a series of 

systematic evaluations and ranked the beta coefficients for TF-pair occupancy derived from the ‍ in 

Equation (2) and for the single TF from the ‍ in the Equation (1). Based on the ranked information, we 

compiled four sets of the top prioritized variants located in the STFCREs for breast, prostate, and lung 

cancers. 

 

Gene expression prediction model building 

We built gene-expression prediction models for the sets of interest using genetic variants and 

normalized gene expression data generated in different tissue samples from GTEx. For each variant set, 

we trained the gene-expression prediction model using an elastic-net regularization. We only included the 

TF-occupied variants within flanking region of each gene. The gene expression level was regressed on the 

number of effect alleles (0, 1, or 2) of genetic variants with adjustment for top genotyping PCs, age, and 

other potential confounding factors (PEERs). Prediction model performance was assessed using the 

variance explained (R2) via a 10-fold cross-validation.  

 

Association analyses between predicted gene expression and cancer risk 
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To evaluate associations of genetic predicted gene expression with cancer risk, we applied the 

weight matrix obtained from the gene prediction models to the summary statistics implemented in S-

PrediXcan 187. The statistical method described in Equation (3) that was also described elsewhere71,72, was 

used for association analyses.  

                              ὤ  В ύᶰ                 (3) 

In Equation (3), the Z-score was used to estimate the association between predicted gene 

expression and cancer risk. Here, ύ  is the weight of genetic variant ὰ for predicting the expression of 

gene Ὣ. ‍and ÓÅ‍  are the GWAS-reported regression coefficients, and its standard error for variant ὰ, 

and „ and „ are the estimated variances of variant ὰ and the predicted expression of gene Ὣȟ respectively.  

 

Transcriptome-wide association analysis using FUSION and EpiXcan 

TWAS was performed using FUSION69 and EpiXcan205 with default settings. FUSION utilizes 

several different linear models (including BLUP, BSLMM, LASSO, Elastic Net and top SNPs) to 

calculate weights from the training datasets. The SNP-expression weights represent the correlations 

between SNPs and gene expression in the reference panel while accounting for LD and were computed 

from different linear models were downloaded directly from the FUSION website 

(http://gusevlab.org/projects/fusion/). Furthermore, FUSION performs a fivefold cross-validation for each 

of the desired models to determine which model is the best. For a given gene, SNP-expression weights in 

the cis-locus were computed using the best prediction model. The TWAS calculated Z-scores were used 

to assess the association between gene and cancers and the absolute value of a Z-score reflects the 

association strength between implicated genes and cancers.  

EpiXcan144 improves the accuracy of transcriptomic imputation through the incorporation of 

epigenetic information for the purpose of prioritizing the effect of SNPs on gene expression. To carry out 

the EpiXcan protocol, first, we calculated SNP priors by using the specified hierarchical Bayesian model 

(qtlBHM)206 which jointly leverages REMC (Roadmap Epigenomics Mapping Consortium)207 annotation 

and eQTL summary statistics; second, we transformed SNP priors to penalty factors with a mapping 

function; and finally, we trained gene expression prediction model by using penalty factors and genotype 

data by the weighted elastic net (WENet). The source codes of EpiXcan and qtlBHM were obtained from 

https://bitbucket.org/roussoslab/epixcan and https://github.com/rajanil/qtlBHM respectively. 

 

https://bitbucket.org/roussoslab/epixcan
https://github.com/rajanil/qtlBHM
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Simulation analysis 

To demonstrate the power gain with use of priori knowledge of functional relevance, we 

conducted a simulation study by assuming the functional weights of genetic variants are accessible 

through the sTF-TWAS protocol. The individual-level genotype data provided by GTEx is used as the 

reference dataset to simulate the gene expressions assuming the functional relevant genetic variants are 

known. The 1000 Genomes Project dataset is used to simulate phenotype and conduct TWAS analysis. 

We conducted the null simulations to evaluate the type-I error of our sTF-TWAS. We first 

randomly generated phenotype values (0 or 1) independently from the genotype. We then conducted 

logistic regression analysis to generate the GWAS summary statistics using the phenotype values and the 

genotype data from the 1000 Genomes Project. We confirmed the distribution of P-values from the 

simulations for type I error rate by evaluating the quantile-quantile (QQ) plots of the GWAS summary 

statistics (Appendix Figure B1.A). We next prioritized a set of variants using generalized linear mixed 

models to analyze GWAS summary statistics of all genetic variants and their TF binding status. 

Specifically, we randomly assigned 50K TF-occupied variants to a value ñ1ò and the remaining variants 

to a value ñ0ò (i.e., 1 for a variant located in a TF binding site, 0 otherwise). We then used generalized 

linear mixed models to estimate an association between the Chi-squared values (Y) and TF binding status 

of genetic variants (see Equation (1) in the Methods). We prioritized a set of variants based on the 

association for a given óTFô with cancer risk at P < 0.05. We repeated the above statistical analysis 

(i.e., >4000 times) and used prioritized sets of variants for our downstream TWAS analysis. For each set, 

the elastic net regression was used to train the prioritized genetic variants to predict gene expression. We 

further conducted TWAS analysis based on the well predicted gene expression models (R2 > 0.01) and 

GWAS summary statistics. We visualized the distribution of P-values from TWAS analysis using both 

QQ plots (Appendix Figure B2.1.B) and their frequency distributions (Appendix Figure B2.1.C).  

To evaluate the statistical power under the alternative hypothesis, we conducted simulations 

under two representative scenarios: (1) causality where genotype causes phenotypic changes via the 

mediation of gene expression, and (2) pleiotropy where genotype contributes to phenotype and gene 

expression independently. To simplify simulations, under both scenarios, we simulated gene expressions 

and phenotypes using an additive genetic architecture. Under the additive architecture, phenotypes and 

gene expressions are simulated by the sum of genetic effects: 

Ὢὢ  ‍ὼ 
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Where ὢ is the genotype matrix from either the GTEx or 1000 Genomes Project, ὢ = {ὼȟὼ,é,ὼ}. The 

effect size ‍ is drawn from the standard normal distribution N (0,1), which will be used in the 

downstream TWAS analysis.  

The formula for simulating gene expression: 

ᾀ Ὢὢ  ‐ 

ᾀ Ὢὢ  ‐ 

Where ᾀ  is the gene expression simulated using genotype from the GTEx (ὢ , and ᾀ  is the gene 

expression simulated using genotype from the 1000 Genomes Project (ὢ ). Here the super-index (1) 

indicates that the data is from the expression dataset, GTEx, whereas the super-index (2) indicates the 

data is from the GWAS dataset, which is the 1000 Genomes Project in this simulation.  

The formula for simulating phenotype under the causality scenario:  

ώ Ὣ ᾀ ȟὢ ‐ 

Where ώ  is the phenotype simulated with Ὣ function, where Ὣ ᾀ ȟὢ  = ᾀ  + ‐ . 

The formula for simulating phenotype under the pleiotropy scenario: 

ώ Ὣ ὢ ‐ 

Where ώ  is the phenotype simulated with Ὣ function, where Ὣ ὢ  employs the same format to 

Ὢὢ , except that the variance component is rescaled by gene expression heritability instead of trait 

heritability. 

The above genetic architectures define how genetic components contribute to each phenotype. 

Using the genetic components, we generated phenotypes where the variance component attributed to 

genotype, or heritability, equals a preselected value h2. That is, given the variance of the phenotypeôs 

genetic component as „ , we solved „  to satisfy that „Ⱦ„  + „ Ὤ. We then sampled from the 

normal distribution ὔπȟ„  to determine the strength with which nongenetic components such as noise 

or environmental effects contribute to phenotype. Finally, the sum of the genetic and nongenetic 

components were used as the simulated phenotype in association mapping and power calculations. 

To simulate the effect of putative regulatory variants, we first randomly selected 200 variants 

from the local gene regions (+/- 1M of the gene locations) as potential predictors. We then randomly 

selected a certain number of variants (i.e., 10, 20, 40, 60, 80 and 100) with minor allele frequency (MAF) 
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larger than 1% from these 200 variants as the actual functional causal variants. The phenotype variance 

due to the genetic component varied from 0 to 1, which was later rescaled based on the gene expression or 

phenotypic heritability. 

  To illustrate the improvement of statistical power of sTF-TWAS which incorporates prior 

knowledge of the potential regulatory elements with simulation we compared the statistical power of sTF-

TWAS with two other TWAS analyses: 1) using all cis-genetic variants (+/-1M of the gene body); 2) 

using only randomly selected variants from all cis-genetic variants (+/-1M of the gene body) with the 

same number as the prioritized regulatory variants used in sTF-TWAS.  

For all models, the gene expressions are simulated using genotype data from GTEx, and 

phenotypes are simulated using genotype from the 1000 Genomes Project. This simulated the situations 

where the real gene expressions are not available in the target dataset (represented by the 1000 Genomes 

Project genotype and simulated phenotype); instead, we used another reference dataset (represented by 

the GTEx genotype and simulated expressions) to train the weights for each gene. 

For each of the genetic architectures and their associated parameters, we simulated 1,000 datasets, 

in which causal variants were randomly selected. We then test each protocolôs ability to successfully 

identify the genes in each dataset, where success was defined as a Bonferroni-corrected P-value that is 

lower than a predetermined critical value (0.05). 

 

Annotation of our identified genes using cancer-related gene database 

To search the evidence whether the TWAS-identified genes are related to cancer susceptibility, 

we extracted cancer related gene sets from the MGB database. Putative cancer related genes were 

characterized based on their annotation with the key words óbreast cancerô, óprostate cancerô and ólung 

cancerô. We calculated the number and percentage (success rate) of putative cancer related genes that 

overlapped with those extracted from the MGB database among the identified genes in this study.   

Previous TWAS or eQTL studies for breast cancer 71,74,186,188, , prostate cancer 70,75,82,190 and lung 

cancer 75,191 reported genes related with these cancers. Genetic variants related with risk of breast cancer 

185,189, prostate cancer 192 and lung cancer 193,194 were reported in previous GWAS. We also examined the 

overlapping between the genes identified in this study with predisposition genes, cancer driver genes and 

CGC-based gene sets.  

We conducted enrichment analysis using the hypergeometric test. The probability mass function 

of the hypergeometric distribution is:   
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ὖὼ
ᶻ

 

Where  m is the total number of genes in all cancer-related gene databases, which includes all 

predisposition genes, cancer drivers and CGC genes; n is the number of genes that are not included in the 

cancer-related gene databases (n=N ï m, N= 19, 291 protein-coding genes based on the annotation from 

the Gencode.v26.GRCh38); k is the number of significant genes from sTF-TWAS (the dataset using 50K 

putative variants) and q is the number of significant genes from sTF-TWAS being validated in all cancer-

related gene databases.  

We calculated the distribution function using ñphyperò, implemented in R. The P-value is 

calculated as phyper (q, m, n, k, lower.tail = FALSE). If the P-value is < 0.05, itôs considered as a 

significant enrichment.    

 

Effect of gene silencing on cell proliferation using data from CRISPR-Cas9 essentiality screens in 

cancer relevant cells 

Gene-dependency levels from CRISPR-Cas9 essentiality screens for a total 17,386 genes using a 

computational method, CERES, were downloaded from the DepMap portal, 

https://depmap.org/portal/download/200. CRISPR-Cas9 has enabled genome-scale identification of genes 

that are important for the proliferation and survival of cancer cells, which have been widely used for 

genetic studies186,200,201. For each gene, we calculated the total count and the median of negative CERES 

values (for cell proliferation) from 45 breast relevant cells, 8 prostate relevant cells and 130 lung relevant 

cells. The cutoff of CERES value < -0.5 was used to indicate the essentiality 69,200.  

 

TF-transcriptional network regulating breast cancer susceptibility genes 

We investigated the TF-DNA bindings for the susceptibility genes identified from sTF-TWAS 

and sp-sTF-TWAS based on genetic variants included in the gene expression prediction model using the 

50K regulatory variants. For each identified gene, a TF-gene pair was determined if a genetic variant was 

related with the expressions of this gene and was occupied by this TF. Based on the information of TF-

gene pairs, a TF-transcriptional network was built using Cytoscape 3.9.1.  

 

Data Availability  
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Summary statistics of GWAS data for breast cancer were downloaded from the BCAC website 

(http://apps.ccge.medschl.cam.ac.uk/consortia/bcac/); summary statistics of GWAS data for prostate 

cancer were downloaded from the PRACTICAL website (http://practical.icr.ac.uk/ blog/); and summary 

statistics of GWAS data for lung cancer were downloaded from the TRICL-ILCCO website 

(https://ilcco.iarc.fr/). The summary statistics of GWAS for brain disorders, including SCZ, AD, and 

ASD, were downloaded from the website of PGC (https://pgc.unc.edu/). ChIP-seq data in breast cancer 

cell lines were collected from the ENCODE (https://www.encodeproject.org/) and the Cistrome database 

(http://cistrome.org/). ChIP-seq data in prostate, lung cancers and brain disorders related cell lines were 

downloaded from the Cistrome database (http://cistrome.org/). Gene expression and alternative splicing 

data generated in breast, prostate, lung and brain tissues, along individual-level genotype were 

downloaded from GTEx (https://gtexportal.org/home/). Gencode annotation (v26.GRCh38) was 

downloaded from https://www.gencodegenes.org/human/release_26.html. The data from the 1000 

Genomes Project data was downloaded through the website, https://www.genome.gov/27528684/1000-

genomes-project. Target cancer related genes were collected from Molecular Signatures Database, 

https://www.gsea-msigdb.org/gsea/msigdb/ and Gene Set Enrichment Analysis (GSEA), 

http://www.gsea-msigdb.org/gsea/index.jsp. CGC were accessed via COSMIC website, 

https://cancer.sanger.ac.uk/census. The list of predisposition genes and cancer driven genes was collected 

from previous literatures195,196,197,198. For data of essentiality for proliferation and survival of cancer cells, 

we downloaded wo comprehensive datasets including ñsample_info.csvò and ñAchilles_gene_effect.csvò 

from the DepMap portal (https://depmap.org/portal/). Remaining data sources and results are provided 

within the Article or Source Data file.  

 

Code Availability 

The developed pipeline and main source R codes used in this work are available from Github 

website: https://github.com/theLongLab/TF-TWAS or https://github.com/XingyiGuo/TF-TWAS/.  

 

2.4 Discussion 

In this study, we developed the sTF-TWAS approach with integration of prior information of 

STFCRE to improve association detections in human cancers. We demonstrated that our approach 

improved the detection of cancer susceptibility genes with increased statistical power and accuracy over 

other existing TWAS approaches. Under sTF-TWAS framework, we identified 354 putative susceptibility 

genes, including 189 at GWAS loci but previously unreported and 45 at loci unreported by GWAS for 

http://apps.ccge.medschl.cam.ac.uk/consortia/bcac/
https://ilcco.iarc.fr/
https://pgc.unc.edu/
http://cistrome.org/
http://cistrome.org/
https://gtexportal.org/home/
https://www.gsea-msigdb.org/gsea/msigdb/
http://www.gsea-msigdb.org/gsea/index.jsp
https://cancer.sanger.ac.uk/census
https://depmap.org/portal/
https://github.com/theLongLab/TF-TWAS
https://github.com/XingyiGuo/TF-TWAS/
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breast, prostate and lung cancers. These findings provide additional insight into the genetic susceptibility 

of the three common cancers. In addition, prior information of STFCREs could be integrated into other 

extensions of TWAS, such as multiple-tissue approaches (UTMOST 84 and S-MultiXcan 208), or variance 

component (Kernel) TWAS 25,95 or instrumental-variable analysis 145,146 approaches.  

As described in our recent work186, STFCREs were established based on all variants in GWAS 

summary statistics data in evaluating associations of the regulatory elements with cancer risk. We 

evaluated the cis-heritability of genes using three sets of genetic variants (all common variants, the top 

prioritized 50K or 500K variants) for each cancer and observed that a high correlation of cis-heritability 

of the gene expression estimated based on the two sets of prioritized variants (Appendix Figure B2.8), 

supporting our approach using the prioritized putative functional variants can strengthen genetically 

predicted gene expression. Furthermore, we conducted null simulation analysis to alleviate the potential 

concern of overfitting in gene expression prediction using variants that have been also used to rank prior 

information of STFCREs. In addition, we compared the regression coefficients of the 22 TFs for 

STFCREs estimated from all variants in the BCAC data and only those variants which will not be 

potentially used to predict gene expression for TWAS (i.e., excluding cis-genetic variants flanking genes). 

We found a high correlation (Pearsonôs r > 0.8) of the regression coefficients of the 22 TFs from the two 

analyses. The results suggest that our approach to rank STFCREs using all genetic variants is robust and 

could be deemed as biological ñfactsò instead of specific signal tailored to a particular dataset. As such, 

the ranking of the STFCREs using all genetic variants from the GWAS dataset for TWAS analysis will 

not introduce meaningful bias to risk gene discovery for downstream TWAS analysis, especially that we 

only used very limited putative regulatory variants for our sTF-TWAS analysis (i.e., the top prioritized 

50K variants located in STFCREs). 

Previous studies, including our own work 186, have provided strong evidence that genetic risk 

variants contribute to cancer risk via modulating the binding affinity of susceptible TFs 209-211. In this 

study, we observed that our identified putative susceptible genes were commonly regulated by at least 

three TFs in breast cancer (Figures 2.5A, 2.5B). From the analysis with the 50K variants, the findings 

from sTF-TWAS showed that most TFs were observed to regulate at least 80% of the putative 

susceptibility genes, except for TCF7L2 (75.8%), SRF (74.2%) and PML (38.7%) (Figure 2.5A).  The 

findings from the sp-sTF-TWAS showed that most TFs were observed to regulate at least 70% of these 

putative susceptibility genes, except for TCF7L2 (68.2%), SRF (67.1%) and PML (36.5%) (Figure 2.5B).  

To evaluate whether gene expression prediction models built in cancer-specific target tissues can 

improve identification of cancer susceptibility genes, we compared them with the TWAS results from 

mismatched tissues. In our study, we reported 62, 62 and 33 significant genes for breast, prostate and lung 



42 
 

cancers based on tissue-specific gene models. By comparison, using breast tissue for mismatched cancer 

types, only 11 and 18 significant genes can be identified for lung and prostate cancers, respectively. 

Similarly, using lung tissue for mismatched cancer types, only 35 and 28 significant genes can be 

identified for prostate and breast cancers, respectively. Using prostate tissue for mismatched cancer types, 

only 8 and 43 significant genes can be identified for lung and breast cancers, respectively. In all cases, the 

number of susceptibility genes identified from cancer-specific tissues were significantly higher than those 

from mismatch tissues (P = 1.7×10-11 based on one-sided Fisherôs exact test).  

To expand the application of traditional TWAS, we investigated genetically predicted alternative 

splicing for breast, prostate, and lung cancers, which were largely unexplored. Under the sTF-TWAS 

framework, we conducted sp-sTF-TWAS analyses for the three common cancers to search for 

susceptibility genes and genetic loci. Our results suggest that genetically regulated alternative splicing 

significantly contribute to cancer risk. Similar to the performance of sTF-TWAS, we also observed that 

sp-sTF-TWAS improved the detection of cancer susceptibility genes with increased statistical power and 

accuracy over S-PrediXcan. Specifically, we identified 85, 96 and 40 for breast, prostate, and lung cancer 

respectively at a Bonferroni-corrected P < 0.05. By comparison, the corresponding number of genes 

identified by S-PrediXcan is only 46, 30, and 19.  

In summary, sTF-TWAS, integrating the prior information of STFCREs with TWAS, improved 

the detection of cancer susceptibility genes. Our study identified a large number of putative susceptibility 

genes for breast, prostate and lung cancers and advanced the understanding of TF-based transcriptional 

networks underlying genetic susceptibility to these common cancers.  
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Figure 2.5. Core TF-transcriptional network regulating putative susceptibility genes in breast cancer. 

Network showed putative susceptibility genes identified by A) sTF-TWAS and B) sp-sTF-TWAS, 

potentially regulated by TFs based on the expression predictors of putative regulatory variants located in 

SCRESs. The bar chart showed the sum of putative susceptibility genes identified by A) sTF-TWAS and 

B) sp-sTF-TWAS, potentially regulated by each TF. 
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Chapter 3 

TF-linked trans-located variants integrated in TWAS 
 

3.1 Introduction  

Approximately 90% of genome-wide association study (GWAS)-identified risk variants are 

located in noncoding or intergenic regions, which suggests that they may affect cancer risk by 

dysregulating gene expression 212-221. Fine-mapping in genetic risk loci together with functional 

experiments provide strong evidence that regulatory variants in linkage disequilibrium (LD) with GWAS-

identified risk variants disrupt DNA binding affinities of specific transcription factors (TFs) and modulate 

expression of susceptibility genes 74,178,179,183,209,211,222-227.  Thus, it is essential to identify TFs, whose DNA 

bindings are altered by risk-associated genetic variations, and their controlling genes to improve the 

understanding of transcriptional dysregulation in human diseases and cancers174-177. A pioneering study 

analyzed Chromatin immunoprecipitation followed by sequencing (ChIP-seq) data for FOXA1 and ESR1 

in multiple breast cancer cell lines to investigate the binding of GWAS-identified risk variants 209. The 

study suggested that regulatory variants confer breast cancer risk by mediating their altered binding 

affinities. Subsequent studies have analyzed gene expression, TF ChIP-seq data, and GWAS-identified 

risk variants, which have revealed multiple breast cancer risk-associated TFs such as ESR1, MYC, and 

KLF4 210,211. We have recently conducted a comprehensive analysis of TF ChIP-seq and GWAS summary 

statistics data for breast cancer, and developed an analytical framework to identify TFs that contribute to 

breast cancer risk. Our study revealed that the genetic variations of 22 TFs were significantly associated 

with breast cancer risk 186.  

Transcriptome-wide association studies (TWAS) have successfully uncovered large numbers of 

putative susceptibility genes for cancers and other diseases, and many of these genes have been validated 

by functional experiments 68-72. In TWAS, a reference transcriptome and high-density genotyping data 

from a small set of subjects, such as the Genotype-Tissue Expression project (GTEx), are used to build 

prediction models of gene expression in normal tissues. However, the accuracy of the prediction model 

with cis-genetic variants could be compromised if they are located in non-regulatory elements or if they 

disrupt binding sites of non-transcribed TFs in target tissues 94,141,143,144. Our recent approach, sTF-TWAS 

147, by integrating susceptible TF-occupied cis-regulatory elements (STFCREs) from risk-associated TFs 

significantly improve the detection of cancer susceptibility genes compared to the existing TWAS 

approaches.  
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Despite the progress made by TWAS in recent years 25,95,144-148, the current models for predicting 

gene expression were based solely on cis-located genetic variants (<1Mb distance), which generally 

account for only a modest proportion of disease heritability 149. In comparison, trans-located genetic 

variants may have more impact on the disease phenotype due to their advantages in population selection 

pressure and compensatory post-transcriptional buffering228,229. However, including trans-located variants 

in TWAS analysis is a challenge due to their overwhelming numbers and smaller effect sizes on gene 

expression than cis-located variants, requiring larger sample sizes for detection 153. Therefore, an 

integrative epigenetic data approach is needed to prioritize trans-located variants that may play a 

regulatory role in gene expression. 

In this chapter, we introduced transTF-TWAS, which included TF-linked trans-located variants 

for prediction model building in an effort to improve susceptible gene discovery. We showed that 

transTF-TWAS outperforms other methods by significantly improving prediction models and identifying 

disease genes. In particular, we conducted transTF-TWAS to analyze both gene expression and 

alternative splicing with data generated from multiple normal tissues from the Genotype-Tissue 

Expression (GTEx) and large-scale GWAS data for breast, prostate, and lung cancers and three brain 

disorders to search for disease susceptibility genes and loci. 

 

3.2 Results  

Overview of transTF-TWAS framework  

We introduced our new approach, transTF-TWAS, to build gene expression prediction models by 

adding TF-linked trans-located variants together with cis-variants under our previous sTF-TWAS 

framework. As illustrated using data in breast cancer, we firstly identified putative TF cis-regulatory 

variants that potentially affect expression of a TF (e.g., FOXA1) by conducting cis-eQTL analysis and 

analyzing epigenetic data generated in breast cancer-related cells. A set of the cis-regulatory variants 

regulating TF expression (namely TF-cis-regulatory-variants) was determined based on the significant 

associations between TF gene expression and genetic variants, as well as regulatory evidence by these 

variants through interactions with proximal promoters or distal enhancer-promoter regions (Figure 3.1A; 

Methods).   

Second, we analyzed TF ChIP-seq data generated in breast cancer-related cells to characterize 

their genome-wide binding sites for susceptible TFs which have been identified in breast cancer from our 

prior work 186 (Figure 3.1B; Methods). We next characterized each gene potentially regulated by all 

possible susceptible TFs based on the evidence of the TF-DNA binding sites that are located in its 
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flanking of transcription start sites (TSS, +/-20K; Fig. 1C). As TF-cis-regulatory-variants have the 

potential to modulate the expression of the TF protein, which may result in changes in gene expression of 

downstream targets. Thus, these genetic variations may affect genes regulated by the TF, even if they are 

located several megabases away or on different chromosomes. To test this, for each TF, we assessed the 

performance of a prediction model that utilized its TF-cis-regulatory-variants to predict expression of 

each target gene using Group Lasso method (i.e., number of G TFs; Figure 3.1C; Methods)161. The 

Group Lassoôs property of encouraging between-group sparsity and within-group retainment aligns to our 

intention of selecting the actual functioning TFs and then retaining their cis-regulatory-variants. The 

groups survive the regularization are corresponding to those of TF-cis-regulatory-variants that may affect 

the expression of the gene. The final set of TF-cis-regulatory variants was identified for downstream 

second-round gene expression model building by combining the groups from the significant models using 

standard Elastic Net (Figure 3.1C; Appendix Table A3.1; Methods).  

Last, by expending our previous sTF-TWAS framework to build gene expression prediction 

models using the prioritized 50K cis-located variants (Figure 3.1B), we included TF-cis-regulatory-

variants (as trans-located variants) identified from the above analysis. Here, we only focused on the set 

with 50K cis-located variants, as the identified genes were highly overlapped among analyses with 

different number of variants (i.e., 50K vs 500K variants) in our prior work 147,186. The GTEx reference 

data were primarily used to build genetically predicted gene expression in four tissues, including breast, 

prostate, lung and brain (Methods; Figure 3.1D). We conducted TWAS analysis by applying the gene 

expression prediction models, respectively, to GWAS summary statistics for breast, prostate, and lung 

cancers and other diseases to search for their susceptibility genes and loci (Figure 3.1D). 
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Figure 3.1. Overview of the Developed Analytical Framework. A. An illustration of how to prioritize TF-

linked trans-located variants for prediction model building (using FOXA1 as an example). B. Flow chart 

showing prioritized TF-occupied regulatory variants (50K), which were ranked based on established TF-

occupied elements associated with breast cancer risk. C. An illustrationof the two-step gene expression 

prediction model building in transTF-TWAS, in contrast to the model used by sTF-TWAS. D. The top 

table showed the sample size of the data that used for training gene expression prediction model. The 

bottom table showed the sample size for GWAS cohort. E. The left bar chart showed the number of gene 
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with predictive R2 > 0.01 among transTF-TWAS, sTF-TWAS and simulated model. The right bar chart 

showed the number of significant gene among transTF-TWAS, sTF-TWAS and simulated model. The 

number of significantly identified genes was indicated at a Bonferroni-corrected P < 0.05.  

 

transTF-TWAS outperforms existing TWAS approaches  

To evaluate the performance of transTF-TWAS, we conducted simulations under an extension of 

our sTF-TWAS framework147, sTF-TWAS(R), by adding randomly selected trans-located variants of the 

equal number (Methods). We firstly compared prediction performance of gene expression built from 

transTF-TWAS with sTF-TWAS(R) and sTF-TWAS.  In the analysis using data from breast tissues in 

GTEx, we observed that transTF-TWAS predicted slightly more genes than sTF-TWAS(R) at a cutoff of 

R2 > 0.01, while it predicted over 2,000 genes more than sTF-TWAS (Figure 3.1E). Using independent 

datasets generated in breast normal tissues from KOME (n = 181), we further showed that a higher 

proportion of these predicted genes in GTEx were verified in transTF-TWAS when compared to two 

alternative approaches (Appendix Figure B3.1). By further applying the prediction models to GWAS 

data in breast cancer, we identified 154 putative susceptibility genes using transTF-TWAS, at a 

Bonferroni-corrected P < 0.05, which were more than those identified by sTF-TWAS (62 genes), and 

sTF-TWAS(R) (41 genes) (Figure 3.1E).   

We next substantially expanded our comparisons for transTF-TWAS with existing approaches 

including sTF-TWAS147, PUMICE148 and S-PrediXcan68, in the analysis for breast, prostate and lung 

cancers. We showed that transTF-TWAS identified more genes than sTF-TWAS under multiple P-value 

cutoffs (Figure 3.2A). As described above, we identified 154 putative susceptibility genes from transTF-

TWAS, at a Bonferroni-corrected P < 0.05, while fewer genes were identified by sTF-TWAS (n=62), S-

PrediXcan (n=52), and PUMICE (n=42) (Appendix Figures B3.2, B3.3). We conducted similar 

comparisons for prostate and lung cancers and demonstrated consistent trends of more genes identified by 

transTF-TWAS compared to the other three approaches (Appendix Figures B3.2, B3.3).  

We next performed functional annotation for the genes identified by transTF-TWAS and sTF-

TWAS with known target cancer-related genes of interest (Methods). We showed that more (i.e., n=68 

for transTF-TWAS vs. n=26 for sTF-TWAS) (Figure 3.2B) and a comparable proportion (i.e., 63.1% for 

transTF-TWAS vs. 61.9% for sTF-TWAS) of breast cancer-related genes were detected by transTF-

TWAS than those identified by other approaches (Figure 3.2C). We also found an overall higher quantity 

and higher or comparable proportion of known cancer related genes identified for both prostate and lung 

cancers by our approach than other approaches (Figure 3.2B,C).  
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Figure 3.2. Comparison of gene-trait associations between transTF-TWAS with other TWAS approaches 

(sTF-TWAS, PUMICE, and S-PrediXcan) for breast, prostate and lung cancer. A. Bar chart showing the 

number of genes identified from transTF-TWAS and other TWAS approaches under various P-value 

cutoffs (i.e., P < 1e-05, 1e-06, 1e-07, and 1e-08). The P-values are the nominal P-values from the Z score 

test from TWAS. B. Bar chart showing a comparison between the total number of target cancer related 

genes among transTF-TWAS and other TWAS approaches. C. Bar chart showing a comparison of the 

proportion (success rate) of target cancer related gene among transTF-TWAS and other TWAS 

approaches, relative to the total number of genes identified from the set. 

 

Genetically-driven key regulators and their associated networks underlying cancer risk 

We showed that transTF-TWAS detected more genes than sTF-TWAS in breast, prostate, and 

lung cancers, whereas a large number of significant genes were uniquely detected by transTF-TWAS 

(Figure 3.3A). To further illustrate how these unique genes contributed by trans-located variants, we 
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examined whether these genes can be predictable by sTF-TWAS. We found that most of the unique genes 

in breast and prostate cancers failed to be genetically predicted by sTF-TWAS, indicating the trans-

located variants significantly contributed risk gene discovery via the improved gene expression prediction 

performance (Figure 3.3A). 

Of the identified genes, we next evaluated the lead trans-located variants that present the 

strongest associations with cancer risk in the prediction model for each of our identified putative 

susceptibility genes. In breast cancer, we observed that the lead variants are significantly enriched in the 

TF-cis-regulatory-variants for ESR1 (n= 74 genes), followed by TCF7L2 (n=17), and FOXA1 (n=11) 

(Fisherôs exact test, P < 0.01 for all; Figures 3.3B, 3.3C; Appendix Table A3.2). In prostate cancer, we 

observed that the lead variants are significantly enriched in NKX3-1 (n= 65 genes), followed by GATA2 

(n=14) (Fisherôs exact test, P < 0.01 for all; Appendix Table A3.2). These results highlighted these 

genetically-driven key regulators and their associated regulatory networks that underlie cancer 

susceptibility. 
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Figure 3.3. The gene regulatory network underlying cancer risk driven by master regulators. A. Venn 

diagrams showing the number of putative susceptibility genes commonly or uniquely identified by 

transTF-TWAS and sTF-TWAS. An arrow points from the uniquely identified genes by transTF-TWAS 

to a bar chart showing: Set 1: genes predicted in transTF-TWAS, but not in sTF-TWAS. Set 2: genes 

predicted in both transTF-TWAS and sTF-TWAS. B. A heatmap showing the LD structure among 

putative ESR1 cis-regulatory variants in breast cancer. The ESR1 cis-regulatory variants are trans-located 

variants that present the strongest associations with cancer risk in the prediction model. C. A network 

showing the connections between the putative ESR1 cis-regulatory variants in breast cancer and putative 

susceptibility genes identified by transTF-TWAS that were contributed by putative ESR1 cis-regulatory 

variants.  

 

Charactering novel cancer risk genes identified by transTF-TWAS 

To further characterize putative susceptibility genes and loci identified under our transTF-TWAS 

framework, we additionally analyzed alternative splicing (sp-transTF-TWAS) for breast, prostate and 

lung cancers (Figure 3.4; Appendix Figure B3.4; Appendix Tables A3.3, A3.4). We comprehensively 

compared our findings from both transTF-TWAS and sp-transTF-TWAS, with those reported from 

previous TWAS, eQTL, or other genetic studies for breast71,188; 74; 147,185,186,189, prostate70,75,82,147,190 and 

lung cancers75,147,191.  

For breast cancer, we identified 154 putative susceptibility genes from transTF-TWAS and 243 

putative susceptibility genes from sp-transTF-TWAS, at a Bonferroni-corrected P < 0.05. Combing the 

results from both analyses, we identified 391 putative breast cancer susceptibility genes, including 219 

genes at 166 novel loci (more than 1Mb away from any previous GWAS-identified risk variant for breast 

cancer) and 54 previously unreported, although located in GWAS loci (Figure 3.5A, 3.5B). For prostate 

cancer, we identified 145 putative susceptibility genes from transTF-TWAS and 345 putative 

susceptibility genes from sp-transTF-TWAS. Combing the results from both analyses, we identified 479 

putative prostate cancer susceptibility genes, including 271 genes at 202 novel loci and 80 genes 

previously unreported however located in known GWAS loci (Figure 3.5A, 3.5B).  For lung cancer, we 

identified 36 putative susceptibility genes from transTF-TWAS and 41 putative susceptibility genes from 

sp-transTF-TWAS. Combing the results from both analyses, we identified 70 putative lung cancer 

susceptibility genes, including 2 genes at one novel locus and 9 genes previously unreported however 

located in GWAS loci (Figure 3.5A, 3.5B). Taken together, our analysis revealed total 940 putative 
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susceptibility genes for these three cancer types, including 143 that were previously unreported in GWAS 

loci and 492 in loci unreported by GWAS. 
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Figure 3.4. Putative susceptibility genes identified by transTF-TWAS. A-C. Manhattan plots showing the 

associations identified from transTF-TWAS. Red dots indicated all newly identified susceptibility genes, 

and the grey dashed line refers to Bonferroni-corrected P < 0.05. The newly identified putative 

susceptibility genes with P < 10-15 were highlighted. The P-values are the raw P-values from the Z score 

test from TWAS (two-sided). A. breast cancer. B. prostate cancer. C. lung cancer.  

 

Functional evidence of oncogenic roles for the identified putative susceptibility genes 

We next examined whether our identified putative cancer susceptibility genes had been reported 

as predisposition genes195,196, cancer drivers 197,198, or Cancer Gene Census (CGC) genes 199 (Methods). 

We found eight cancer driver genes among previously unreported genes for breast cancer, as well as six 

cancer driver genes and eight CGC among previously reported genes (Figure 3.5C). Similarly, for 

prostate cancer, we found 11 cancer driver genes and eight CGC among previously unreported genes, and 

eight cancer driver genes and four CGC among previously reported genes (Figure 3.5C). For lung cancer, 

we identified four cancer driver genes and three CGC among previously reported genes (Figure 3.5C). 

Functional enrichment analysis showed that our identified genes were significantly enriched in those 

known cancer-related genes with P = 0.0044 for breast cancer, P = 0.0097 for prostate cancer and P = 

0.012 for lung cancer (Methods). 

We also explored the functional roles of the identified putative susceptibility genes using 

CRISPR-Cas9 screen silencing data to investigate gene essentiality on cell proliferation in breast (n=45), 

prostate (n=8), and lung (n=130) cancer relevant cell lines (Methods). Using a cutoff of median CERES 

Score < ī0.5 in the above cells, following the previous literature 200,201, we provided strong evidence of 

essential roles in cell proliferation for 21 previously unreported genes for breast cancer (Figure 3.5D); 39 

unreported genes for prostate cancer (Figure 3.5E); and two unreported genes for lung cancer (Figure 

3.5F).  
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Figure 3.5. Putative susceptibility genes identified by transTF-TWAS and sp-transTF-TWAS. A. Venn 

diagrams showing the number of putative susceptibility genes commonly or uniquely identified by 

transTF-TWAS and sp-transTF-TWAS. B. Bar chart showing the total identified putative susceptibility 

genes combined from transTF-TWAS and sp-transTF-TWAS for breast, prostate and lung cancer. C. 

Venn diagrams showing all newly identified genes that were cancer driven genes, Cancer Gene Census 

(CGC), or genes with CERES<-0.5. D-F. Boxplot showing all newly identified genes with evidence of 

essential roles in cell proliferation based on a cutoff of median CERES values < -0.5 for D) breast cancer 

(sample size: 45 cell lines), E) lung cancer (sample size: 130 cell lines), and F) prostate cancer (sample 

size: 8 cell lines). In the boxplots shown in these figures, the whiskers denote the range; the boxes denote 

the interquartile range; the middle bars in denote the median. 

 

TransTF-TWAS strengthens non-cancer risk gene discovery  

To evaluate the generalizability of transTF-TWAS, we conducted additional analysis for brain 

disorders including schizophrenia (SCZ), Alzheimerôs disease (AD), and autism spectrum disorder 

(ASD). By comparison, we also conducted S-PrediXcan and sTF-TWAS for each of the diseases. We 

found that transTF-TWAS identified more putative susceptibility genes than both sTF-TWAS and S-

PrediXcan for AD and ASD. Using ASD as an example, we identified eight putative susceptibility genes 

from transTF-TWAS at a Bonferroni-corrected P < 0.05, while only one and six genes was identified by 

S-PrediXcan and sTF-TWAS, respectively. The results suggest that our transTF-TWAS approach has 

broad applicability for enhancing the discovery of disease susceptibility genes (Appendix Figure B3.5). 

 

3.3 Methods 

Data availability 

We obtained the individual-level genotype dataset from GTEx (v8)60,230, which was quality 

controlled using PLINK202. Summary statistics of GWAS data for breast cancer were obtained from the 

Breast Cancer Association Consortium (BCAC), which has generated GWAS data for 122,977 cases and 

105,974 controls from European descendants. GWAS data for prostate cancer were released from the 

European descendants were released from the Prostate Cancer Association Group to Investigate Cancer 

Associated Alterations in the Genome (PRACTICAL)203, with 79,194 cases and 61,112 controls from 

European descendants. GWAS data for lung cancer were obtained from the websites of the 

Transdisciplinary Research of Cancer in Lung of the International Lung Cancer Consortium (TRICL-
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ILCCO) and the Lung Cancer Cohort Consortium (LC3) 194, with 29,266 cases and 56,450 controls from 

European descendants. GWAS summary statistics for schizophrenia (SCZ, N= 70,100), Alzheimer's 

disease (AD, N=22,246), and autism spectrum disorder (ASD, N= 10,263) were downloaded from the 

Psychiatric Genomics Consortium website (PGC) (Figure 3.1D). 

The TF-occupied regulatory variants for breast, prostate, lung cancers, and three brain disorders 

were collected based on ChIP-seq data of transcription factors (TFs) generated in diseases related cell 

lines from the Cistrome database231. We evaluated their quality control based on the guidance from the 

database and selected high-quality datasets for downstream analysis. Detailed ChIP-seq data for breast, 

prostate, lung cancers and brain disorders were described in our previous work 147,186.  

We included germline whole genome sequencing (WGS) and RNA-sequencing (RNA-seq) data 

from GTEx (release 8) 60,230 for normal breast tissue, prostate tissue, lung tissue, and brain cortex tissue. 

We selected tissue samples from 151 women for breast tissue, 221 men for prostate tissue, 515 

individuals for lung tissue, and 205 individuals (both sexes) for brain cortex tissue. The fully processed, 

filtered, and normalized gene expression data matrices (in BED format) were downloaded from the GTEx 

portal. The WGS file and sample attributes were obtained from dbGaP, and the subject phenotypes for sex 

and age information were obtained from the GTEx portal. The covariates used in eQTL analysis were 

obtained from GTEx_Analysis_v8_eQTL_covariates.tar.gz, and the covariates for sQTL analysis were 

obtained from GTEx_Analysis_v8_sQTL_covariates.tar.gz, both of which were downloaded from the 

GTEx portal. 

We downloaded approximately 3.6 million DNase I hypersensitive sites (DHSs) regions within 

human genome sequence 232. The enhancers regions were downloaded from EpiMap repository 233, which 

contains ~2M non-tissue specific enhancers regions. The CAGE peak regions were downloaded from 

FANTOM5 57, and we also included all regions within transcription start site (TSS) +/-2K for each gene 

as promoter regions. The eQTLs were downloaded from the GTEx portal 60,230 and eQTLGen67. The 

Enhancer to gene link information across 833 cell-types were downloaded from EpiMap repository 233. 

We all used cell-type specific chromatin-chromatin interaction data from the 4D genomics and previous 

literature 234,235.  

To analyze cancer-related susceptibility genes, we downloaded a list of gene sets from the 

Molecular Signatures Database (MGB) on Gene Set Enrichment Analysis (GSEA). Additionally, we 

downloaded lists of predisposition genes from previous literatures 196,236, cancer-driven genes from two 

previous literatures 237,238, and CGC 239 from the COSMIC website. To investigate the effect of an 
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individual gene on essentiality for the proliferation and survival of cancer cells, we downloaded two 

comprehensive datasets, "sample_info.csv" and "CRISPR_gene_effect.csv," from DepMap Public 21Q4.  

 

Identifying TF-cis-regulatory-variants  

To determine a set of the cis-regulatory variants that potentially regulate TF expression (namely 

TF-cis-regulatory-variants), we first prioritized putative regulatory variants by only including TF-

occupied variants that are located in DNase I hypersensitive sites (DHSs) 232, enhancer regions233 and 

promoter regions 233. Of them, the significant associations between a TF and its cis-genetic variants were 

identified at a nominal p-value < 0.05, based on the eQTL analysis in both target tissues and whole blood 

samples using data from GTEx portal60,230 and eQTLGen67. Furthermore, we also analyzed epigenetic data 

to search regulating evidence by these variants through interactions with proximal promoters or distal 

enhancer-promoter regions. Specifically, we examined if these variants are located in the promoter region 

of a TF (TSS +/- 2K) or enhance region with an evidence of the enhancer linking to the TF based on 

expression-enhancer activity correlation across 833 cell-types from the EpiMap repository 233, as well as 

chromatin-chromatin interaction data from the 4D genomics and previous literature 234,235. Finally, the TF-

cis-regulatory-variants were identified based on the significant associations from eQTL results, and the 

regulatory evidence from the variants linked to the TF (Figure 3.1A; Appendix Table A3.1). 

 

Gene expression prediction model building based on trans-located variants  

We analyzed TF ChIP-seq data generated in target cancer-related cells to characterize their 

genome-wide binding sites for susceptible TFs using data from the Cistrome database 231.  We next 

characterized each gene potentially regulated by all possible susceptible TFs based on the evidence of 

their TF-DNA binding sites that are located in its flanking 20Kb of TSS (i.e., number of G TFs; Fig. 1C). 

For each TF, we assessed the performance of a prediction model that utilized its TF-cis-regulatory-

variants to predict expression of each target gene using Group Lasso method. We trained a Group Lasso 

to select a group of TF-cis-regulatory-variants from each TF (i.e., 1 to G TF).  

╛▫▼▼♫ᶻ ╪►▌□░▪ȿȿ◐ ╧♫ȿȿ  ⱦ ȿȿ♫▌ȿȿ

╖

▌
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Where the coefficient in ♫ are divided into G groups and ♫▌ denotes the coefficients vector of variants in 

the g-th group. X are all trans- variants from G groups. ◐ is normalized gene expression data generated in 

different tissue samples from GTEx v8. In Group Lasso, the regularizor, ȿȿ♫▌ȿȿ, also called ὰȟ-norm 

consists of the intra-group non-sparsity via ὰ-norm and inter-group sparsity via ὰ-norm. Only significant 

models were used to determine those groups of TF-cis-regulatory-variants that may affect the expression 

of the gene. The final set of TF-cis-regulatory variants was identified for downstream gene expression 

model building by combining the groups from the significant models. We next built gene expression 

prediction models for the final sets of TF-cis-regulatory variants and cis TF-occupied variants under our 

sTF-TWAS framework.  For each gene, the gene expression level was regressed on the number of effect 

alleles (0, 1, or 2) for each genetic variant with adjustment for top 5 genotyping PCs, age, and other 

potential confounding factors (PEERs).  We used 30 PEER factors for our downstream model building 

based on the recommendation for breast, prostate and brain tissues, and 60 PEER factors for lung tissue. 

Prediction model performance was assessed using the R2 via a 10-fold cross-validation.  

 

Simulation study and external verification of gene expression predictions  

To evaluate prediction performance of our developed approach, we simulated scenario for each 

gene that had the equal number of artificial TF groups with our transTF-TWAS. We also randomly 

generated the same number of trans-located genetic variants (> 1Mb distance) within each TF group with 

our transTF-TWAS. Similarly, we next used Group Lasso to select significant groups from the artificial 

TF groups. The final set of trans-located variants was identified for downstream gene expression model 

building by combining the groups from the significant models. We next built gene expression prediction 

models for the final sets of and cis TF-occupied variants under sTF-TWAS framework. The models of 

genetically predicted gene expression were built in breast normal tissues from the GTEx project. To 

externally verify gene expression prediction performance, we first used the same analytical protocol to 

build the prediction models using normalized gene expression data generated in breast tissue from the 

GTEx (v8), and then we re-calculated the prediction performances in terms of variance explained (R2) 

using selected variants trained from the GTEx based on an independent dataset generated in breast normal 

tissues from KOME, which contain both genotype and gene expression.  

 

Association analyses between predicted gene expression and cancer risk 
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To evaluate associations of genetic predicted gene expression with cancer risk, we applied the 

weight matrix obtained from the gene prediction models to the summary statistics implemented in S-

PrediXcan 187. The statistical method described in the following equation that was also described 

elsewhere71,72, was used for association analyses.  

ὤ  ύ

ᶰ

„

„
 
‍

ÓÅ‍
 

Here, Z-score was used to estimate the association between predicted gene expression and cancer risk. 

Here, ύ  is the weight of genetic variant ὰ for predicting the expression of gene Ὣ. ‍and ÓÅ‍  are the 

GWAS-reported regression coefficients, and its standard error for variant ὰ, and „ and „ are the 

estimated variances of variant ὰ and the predicted expression of gene Ὣȟ respectively.  

 

Transcriptome-wide association analysis using PUMICE  

Analysis was performed using PUMICE148 (Prediction Using Models Informed by Chromatin 

conformations and Epigenomics) with default settings. PUMICE improves the accuracy of transcriptomic 

imputation through utilizing tissue-specific 3D genomic and epigenomic data to prioritize regions that 

harbor cis-regulatory variants. The source codes of PUMICE were obtained from 

https://github.com/ckhunsr1/PUMICE. The precomputed models trained in breast, prostate and lung 

tissues from GTEx v8 can be found under 

https://github.com/ckhunsr1/PUMICE/tree/master/models_GTEx_v8.  

 

Genetically-driven key regulators and their associated networks regulating breast cancer 

susceptibility genes 

For each of the identified putative susceptibility genes, we evaluated the lead variant that present 

the strongest associations with cancer risk in the prediction model. If the lead variant was a trans-located 

variant, we next identified its potential regulated TF based on the previous analysis of TF-cis-regulatory-

variant (see the preceding section). A TF-gene pair was further determined based on the above 

information of the lead trans-located variant linked to both the gene and TF. Based on the information of 

TF-gene pairs, a TF-transcriptional network was built using Cytoscape 3.9.1240. To evaluate whether our 

identified susceptibility genes significantly enriched in a TF of interest, we conducted a comparison 

https://github.com/ckhunsr1/PUMICE
https://github.com/ckhunsr1/PUMICE/tree/master/models_GTEx_v8
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between this TF and the remaining combined TFs as background, using Fisherôs exact test implemented 

in R.   

 

Annotation of identified genes using cancer-related gene database 

To verify the evidence whether the TWAS-identified genes are related to cancer susceptibility, 

we extracted cancer related gene sets from the MGB database. Putative cancer related genes were 

characterized based on their annotation with the key words óbreast cancerô, óprostate cancerô and ólung 

cancerô. We calculated the number and percentage (success rate) of putative cancer related genes that 

overlapped with those extracted from the MGB database among the identified genes in this study.  

Previous TWAS or eQTL studies for breast cancer 71,74,147,186,188 , prostate cancer 70,75,82,147,190 and lung 

cancer 75,147,191 reported genes related with these cancers. Genetic variants related with risk of breast 

cancer 185,189, prostate cancer 192 and lung cancer 193,194 were reported in previous GWAS. We also 

examined the overlapping between the genes identified in this study with predisposition genes, cancer 

driver genes and CGC-based gene sets. To evaluate whether our identified genes significantly enriched in 

these cancer-related genes, we conducted enrichment analysis based on the probability mass function of 

the hypergeometric distribution. Similar to our previous work147, the P-value is calculated as phyper 

function implemented in R.  

 

Effect of gene silencing on cell proliferation using data from CRISPR-Cas9 essentiality screens in 

cancer relevant cells 

Gene-dependency levels from CRISPR-Cas9 essentiality screens for a total 17,386 genes using a 

computational method, CERES, were downloaded from the DepMap portal200. CRISPR-Cas9 has enabled 

genome-scale identification of genes that are important for the proliferation and survival of cancer cells, 

which have been widely used for genetic studies186,200,201. For each gene, we calculated the total count and 

the median of negative CERES values (for cell proliferation) from 45 breast relevant cells, 8 prostate 

relevant cells and 130 lung relevant cells. The cutoff of CERES value < -0.5 was used to indicate the 

essentiality 69,200.  

The probability mass function of the hypergeometric distribution is:  Where  m is the total number 

of genes in all cancer-related gene databases, which includes all predisposition genes, cancer drivers and 

CGC genes; n is the number of genes that are not included in the cancer-related gene databases (n = N ï 

m, N= 19, 291 protein-coding genes based on the annotation from the Gencode.v26.GRCh38); 
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Data Availability  

Summary statistics of GWAS data for breast cancer were downloaded from the BCAC;  for 

prostate cancer were downloaded from the PRACTICAL website; for lung cancer were downloaded from 

the TRICL-ILCCO website, and for three brain disorders (SCZ, ASD and AD) were downloaded from the 

PGC, which can be accessed from Appendix Table A3.1. The epigenetic data, including ChIP-seq data 

of transcription factors, DHSs, enhancer, promoter, 3D genomics informed regions, enhancer gene links, 

and eQTLs, can be accessed from Appendix Table A3.1. Gene expression and alternative splicing data 

generated in breast, prostate, lung and brain tissues, were downloaded from GTEx consortium, and the 

individual-level genotype was downloaded from dbGaP (https://www.ncbi.nlm.nih.gov/projects/gap/cgi-

bin/study.cgi?study_id=phs000424.v8.p2). Gencode annotation (v26.GRCh38) was downloaded from 

https://www.gencodegenes.org/human/release_26.html. The data from the 1000 Genomes Project data 

was downloaded through the website, https://www.genome.gov/27528684/1000-genomes-project. The 

functional annotation data, including target cancer related genes, CGC, and cancer driven genes can be 

accessed from Appendix Table A3.1. For data of essentiality for proliferation and survival of cancer 

cells, we downloaded wo comprehensive datasets including ñsample_info.csvò and 

ñAchilles_gene_effect.csvò from the DepMap portal (Appendix Table A3.1).  

 

Code Availability 

The developed pipeline and main source R codes used in this work are available from Github 

website: https://github.com/theLongLab/transTF-TWAS or https://github.com/XingyiGuo/transTF-

TWAS/.  

 

3.4 Discussion 

In this study, we demonstrated that the new approach, transTF-TWAS, significantly improved the 

detection of cancer susceptibility genes with increased statistical power and accuracy over other existing 

TWAS approaches (i.e. sTF-TWAS147, PUMICE148, and S-PrediXcan68). Under transTF-TWAS 

framework, we predicted alternative splicing and gene expression and applied these models to large 

GWAS datasets for breast, prostate, and lung cancers. Our analysis revealed total 940 putative cancer 

susceptibility genes, including 143 that were previously unreported in GWAS loci and 492 in loci 

unreported by GWAS. Many of the newly identified associations have been supported by their oncogenic 

https://github.com/theLongLab/transTF-TWAS
https://github.com/XingyiGuo/transTF-TWAS/
https://github.com/XingyiGuo/transTF-TWAS/
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roles in cancer development 197-199, including 83 genes from cancer driver genes, CGC or those with 

strong evidence of essential roles in target cancer cell proliferation. These findings provide additional 

insights into the genetic susceptibility of the three common cancers.   

Previous TWAS have mainly focused on the effects of cis-genetic variants on gene expression. 

However, investigation into trans-located variants has been limited due to the statistical analysis burden 

of their large numbers, which may confer significant risk of overfitting if one models them naively. To 

address this, transTF-TWAS is to identify TF-linked trans-located variants by comprehensively 

characterizing TF-cis-regulatory-variants and using Group Lasso to select a set of these variants to 

significantly contribute prediction models. The use of Group Lasso can be powerful in identifying a set of 

TF-cis-regulatory-variants, which may affect the expression of the TF regulated target genes. This design 

conquers the long-lasting problem of overfitting, allowing the inclusion of comprehensive information. 

Our analysis identified many TF-linked trans-located variants (i.e., average 10 for each gene for 

breast cancer, 6 for each gene for prostate cancer, and 7 for each gene for lung cancer) contributed to gene 

expression prediction, which included several thousand newly predicted genes missed by other 

approaches. We observed that the newly predicted genes had a similar proportion of verifiability in 

independent datasets compared to the remaining genes (Appendix Figure B3.1). Of note, in our prior 

study of sTF-TWAS, it is demonstrated that the approach improves statistical power compared to existing 

approaches and the Type-I Error is well under control despite the TF data have been utilized in both 

GWAS summary statistics generation and variants prioritization 147. By conducting simulations and real 

data analysis, we further showed that transTF-TWAS predicted a higher proportion of verifiable genes 

and detected more significant genes with higher accuracy compared to sTF-TWAS, indicating the strong 

validity of our method (Appendix Figure B3.1).   

Much efforts 209-211, including our work186, have established susceptible TFs, whose DNA binding 

sites altered by risk genetic variants that regulate cancer susceptibility genes. However, it remains 

unclearly how susceptibility TF-based transcriptional networks underlying genetic susceptibility to 

common cancers. In this study, transTF-TWAS can strengthen susceptibility gene discovery through 

integrating the prior information of TF-cis-regulatory-variants altered regulators and their downstream 

target genes.  For breast cancer, we observed that the variants potentially regulated TFs significantly 

contribute to expression prediction of their downstream regulated genes. In turn, the putative susceptible 

genes that were identified appear to be commonly regulated by FOXA1 and ESR1 through the upstream 

genetically-driven regulatory mechanisms, further highlighting their key roles in driving breast cancer 

susceptibility (Figure 3.3; Appendix Table A3.2). Similarly, we also highlighted key TFs, NKX3-1241-244 

and GATA2245-248 for prostate cancer (Appendix Table A3.2). Unfortunately, we did not observe 



65 
 

significant TFs in lung cancer, likely due to the less genetic effects of the TF on downstream regulated 

genes147.   

Using the transTF-TWAS framework, we also conducted sp-transTF-TWAS for breast, prostate, 

and lung cancers. In line with previous work147, our results also suggested that genetically regulated 

alternative splicing significantly contribute to cancer risk. We demonstrated that sp-transTF-TWAS 

improved the detection of cancer susceptibility genes with increased statistical power and accuracy over 

S-PrediXcan and sTF-TWAS (Appendix Figure B3.4). 

In conclusion, we demonstrated that our transTF-TWAS, by integrating TF-linked trans-located 

variants with TWAS, significantly improved disease susceptibility gene discovery and advanced our 

understanding of complex human diseases, including cancers. Our study also highlighted several 

genetically-driven key regulators and their associated regulatory networks underlying disease 

susceptibility. 
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Chapter 4 

Rare variant TWAS 

 

4.1 Introduction  

Integrating transcriptome in genotype-phenotype association studies, transcriptome-wide 

association study (TWAS) represents a successful example in utilizing -omics data in gene mapping 68,69. 

A typical TWAS tool is implemented as a two-step protocol: First, for a gene, one can form an expression 

prediction model using (usually cis) genotype: Å ͯ ɫ ɼ8 ‐ in a reference dataset [e.g., GTEx60,230]. 

The predicted expression, ὩǶ, is called Genetically Regulated eXpression, or GReX, for this gene. Next, in 

the second step, in the main dataset for genome-wide association study, or GWAS, (which doesnôt contain 

expressions), one can predict expression using the genotype: ὩǶ ɫ ɼ8 ,  and then use the 

predicted expression ὩǶ to conduct association mapping ώ ͯ ὩǶ. The outcome will be whether this geneôs 

genetic variants are (aggregately) associated with the phenotype ώ. This procedure can be carried out for 

all genes with good heritability (e.g., >1%), therefore is termed as ñtranscriptome-wideò. TWAS tools 

have been widely used in integrating transcriptomes with legacy GWAS data and has led to the discovery 

of novel genes in many diseases 25,69-73,147,168. 

Despite its success in using legacy GWAS data, TWAS protocols do not utilize rare genetic 

variants. The reason may be that rare variants have little power in predicting gene expressions for their 

low frequency in the population. In contrast, association mapping using rare genetic variants is an 

established research field 249-252, especially since the availability of the high-throughput instruments 

popularizing whole-exome or whole-genome sequencing. Rare variants account for much of the human 

mutational catalog 251, and their importance in gene mapping is justified by the rationale that disease-

causal variants could be under negative selection therefore being rare in the population 253-255. However, 

due to the sparsity of the rare variants (i.e., not sufficiently shared across individuals), there is little 

promise in using them to conduct predictions. As such, no efforts using rare variants for TWAS because 

expressions are not ñpredictableò using rare variants.    

Our recent works showed that the interpretation of ñpredicting expressionsò did not reveal the 

essence of TWAS, if not misleading 25,26,76. First, theoretical power analysis showed that TWAS could be 

more powerful than the hypothetical scenario in which expression data is available in the main GWAS 

dataset 76. Additionally, TWAS could be underpowered comparing with GWAS when the expression 

heritability is low 76. Both results question the interpretation of the prediction of expression in TWAS. As 
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such, we proposed to interpret the ñpredictionò step as a selection of genetic variants directed by 

expression. From the perspective of Machine Learning, the first step in TWAS is exactly feature selection 

and the second being feature aggregation 26. With this interpretation in mind, one may cancel GReX and 

instead conduct feature selection and aggregation independently using whatever methods fit best. Indeed, 

novel methods splitting these two steps developed by us 25,26 and others 95 showed higher power than 

standard TWAS.  

Our above insight opens a door to developing tools covering broader ranges of data, for instance 

rare variants in this work. By considering a TWAS protocol as the combination of feature selection 

(instead of training a prediction) and aggregation (instead of applying a prediction), the instability of 

predicting expressions using rare variants can be skipped. Particularly, as long as one can select rare 

variants associating with gene expressions and aggregate them for downstream genotype-phenotype 

mapping, transcriptomes can be utilized regardless of whether one could predict them. Indeed, many tools 

facilitate the above two procedures. As far as our knowledge, Bayesian model selection methods using 

posterior inclusion probability, or PIP represents state-of-the-art in variant selections 24. Also, kernel-

machine methods 134  have been widely used in aggregating rare variants in association mapping.   

Based upon the above rationale and preliminary development, we propose rare-variant TWAS, or 

rvTWAS, which is composed by two steps: First, rvTWAS uses Sum of Single Effects, or SuSiE 24 to 

carry out variants selections to form a prioritized set of genetic variants (including rare variants) weighted 

by their relevance to gene expressions (Figure 4.1A). Second, supported by our previous successful 

attempt using kernel methods to carry out common variants TWAS 25,26, as well as the communityôs 

practice of using kernel models in both common and rare variants GWAS 134,135, rvTWAS uses a kernel 

method 134,135 to aggregate weighted variants to form a score test for the association (Figure 4.1B). We 

carried out thorough simulations using various genetic architecture and causality models to test the 

performance of rvTWAS. We also applied rvTWAS to real sequencing data for association mapping in 

schizophrenia (SCZ) 256,257, bipolar disorder (BPD) 256,257 and autism spectrum disorder (ASD) 258,259, 

leading to the discovery of additional genes underlying these psychiatric disorders which have greater 

enrichment in a comprehensive disease gene database 260-262.  

 

4.2 Methods  

Overview of the analytic framework  

As depicted in (Figure 4.1), rvTWAS uses the Bayesian feature selection model implemented by 

SuSiE 24 to select variants that are highly associated with gene expressions and aggregates them for 
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association mapping to the phenotype using a weighted kernel 134,135. rvTWAS works on one gene each 

time (and carries out the analysis of all genes sequentially). For each gene, the input data are expressions 

of this gene and cis genetic variants surrounding the gene (by default, 500Kb of flanking region). One 

may specify the preferred minor allele frequency (MAF) as the cut-off of qualified variants into the 

analysis. For instance, one can set up a cut-off = 0.005 (only rare variants with MAF<0.5% are included); 

however, one may specify no cut-off (= all variants included). In Step 1, rvTWAS runs SuSiE using its 

default parameters, which leads to the outcome of sets of -cis genetic variants, which are termed as 

ñcredible setsò by SuSiE. For the credible sets of variants, SuSiE outputs a regression coefficient (ὦ) for 

each variant, indicating its importance quantified by the selected model (Figure 4.1A). By default, 

rvTWAS includes all variants within all the credible sets. In Step 2, for each gene, by using the regression 

coefficients (ὦ) as weights of selected variants, rvTWAS aggregates these variants using a weighted 

kernel as implemented in Sequence Kernel Association Test, or SKAT 134,135 (Figure 4.1B). Briefly 

speaking, rvTWAS calculates a weighted genomic relationship matrix (GRM) by ὑ ὋὡὋȾὲ  (where 

Ὃ is the local genotype matrix of selected genetic variants, ὡ is the diagonal matrix formed by the 

weights (i.e., regression coefficient (ὦ) of corresponding variants, and ὲ is the number of variants). Using 

this GRM, rvTWAS further forms a ὗ-score by calculating ὗ ώὑώ, where ώ is the phenotype (after 

adjusting co-factors). This ὗ-score follows a mixture chi-squared distribution 134,135,263. By testing the 

significance of this ὗ-score to all genes, rvTWAS completes the genome-wide association analysis.  

As mentioned above, by adjusting the MAF cut-off, rvTWAS supports both rare variants analysis 

and the inclusive joint analysis of rare and common variants. Our practice showed that the protocol of 

inclusively analyzing rare and common variants leads to better results. Therefore, the main results (to be 

presented in Results) are based on the inclusive analysis of both rare and common variants, leaving the 

disentanglement of contributions from common and rare variants in Discussion. 
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Figure 4.1. Overview of the rvTWAS framework. A.The framework uses a reference gene expression 

dataset for feature selection by SuSiE. B. Weights derived from the feature selection step are then used in 

feature aggregation in the GWAS dataset. These aggregated features are then associated with the 

phenotype of interest to identify variants of interest by SKAT.  

 

Alternative methods compared to rvTWAS. 

In this work, we compared the performance of rvTWAS to multiple alternative methods, namely 

PrediXcan68, kTWAS 25, and mkTWAS 26. Here we briefly describe the mathematical models of 

alternative methods for an intuitive comparison, leaving details to their corresponding publications.  

PrediXcan68 is the representative TWAS protocol. We chose this tool to compare rvTWAS to 

standard TWAS. As described in Introduction , PrediXcan first trains an expression prediction model 

Å ͯ ɫ ɼ8 ʀ in a reference dataset (e.g., GTEx60,230) using cis genetic variants (where Å is the gene 

expression, 8  is the i-th genetic variant in the region, and  ɼ is the coefficient to be estimated). Next, 

in the GWAS dataset, using the coordinate-matched genotype 8 , it predicts expression: Å

ɫ ɼ8 ,  and then use the predicted expression Å to conduct association mapping Ù ͯ Å (where Ù is 

the phenotype). Particularly, the variants within the +/- 500Kb flanking region of the gene are included in 

the analysis, and Elastic Net 264 is used to train the coefficients ɼ.  
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kTWAS (kernel-TWAS) 25, and mkTWAS (marginal kernel-TWAS) 26 are our tools using a 

kernel machine to replace GReX for feature aggregation in a TWAS protocol. We have shown these tools 

outperform standard TWAS when analyzing common variants 25,26, which is in principle echoed by others 

using a similar tool95. We choose kTWAS and mkTWAS to test if rvTWAS indeed outperform them 

when analyzing rare variants, which essentially is testing whether SuSiE-based feature selection 

outperforms the prediction-based feature selection in kTWAS and the marginal test-based feature 

selection in mkTWAS. Mathematically, the same as rvTWAS, both kTWAS and mkTWAS adopts kernel 

machine for Step 2 association test: 1 Ù+ Ù, where the weighted kernel  + '7'ȾÎ. The 

difference lies in that, in Step 1, kTWAS uses Elastic Net training in standard TWAS for the selection of 

genetic variants and their weights ɼ: Å ͯ ɫ ɼ8 ʀ (where, the same as the case of PrediXcan, Å is 

the gene expression, 8  is the i-th genetic variant in the region, and  ɼ is the coefficient to be 

estimated); and mkTWAS uses marginal tests of one genetic variant a time to learn the weights ɼ: 

Å ͯ ɼ8 ʀ.   

   

Procedure of simulations  

We conducted simulations to compare rvTWAS to the above methods. Aligning to the rvTWAS 

protocol borrowing gene expression from a reference dataset, the simulations worked on two datasets: the 

reference expression dataset and the main GWAS dataset. Based on the GTEx genotype (containing 866 

individuals with 51,717,523 SNVs)60,230, we simulated gene expressions in the reference dataset (for 

rvTWAS Step 1). Based on the 1000 Genomes Project genotype (containing 2,548 subjects with 

4,422,985 SNVs)110, we simulated phenotype in the GWAS dataset (for rvTWAS Step 2). In all cases, we 

simulate a genetic component first and then incorporate it to the expression or phenotypes using 

prespecified values of genetic component (i.e., heritability).    

Aggregation of the effect of rare variants and its joint effect in the presence of common variants. 

The aggregation of rare variants is carried out using two alternatives: (1) Following the conventional 

heterogeneity model, which aligns to the hypothesis of ñburden testò 265, we form ñpseudo-SNVsò to 

represent the aggregated effects of multiple rare variants. More specifically, a number of (M = 0, 50, 100, 

or 200) rare variants (with MAF <0.5%) in the focal gene region were randomly selected and combined 

into a pseudo-SNV. The pseudo-SNV is coded by aggregation: the subjects carrying at least one of the M 

rare variants will be coded as 2; and the subjects that do not carry any rare variant be coded as 0. (2) 

Following an additive model134, we count the number of rare variants carried by an individual as the 
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contribution of the rare variants to its phenotype, which is equivalent to a ñSumò of these rare variants. 

Note that homozygous sites will be counted twice.  

Acknowledging that common variant may also contribute to gene expression or phenotype, the 

overall genetic component is modelled as the sum of this rare variant effect (i.e., pseudo-SNV or Sum-

effect) and common variants. More specifically, five common variants (with MAF >5%) were randomly 

selected as causal variants, and the weighted sum of these six causal variants (5 common + 1 pseudo 

SNVs) will be considered as the genetic component (of the expression or phenotype). The weight of each 

causal variant is sampled from a standard normal distribution ὔπȟρ. 

Genetic architectures of phenotype and expressions. Two typical genetic architectures are 

considered: causality, where genotypes alter phenotype via the expression, and pleiotropy, where 

genotypes contribute to phenotype and expression independently. Under both scenarios, we simulated 

expression and phenotypes using an additive genetic model, in which phenotypes and expression are 

caused by a weighted sum of genetic effects.  

We simulate the expressions or phenotypes used the formula below:  

Æ'  ɼ'  

Where ' denotes the genotype matrix, The effect sizes ɼ were drawn from the standard normal 

distribution .πȟρ mentioned above. Superscript Ὠ may be 1 or 2 for reference (GTEx) and GWAS 

genotype datasets (1000 Genomes Project), respectively. The expression in reference and GWAS datasets 

thus are generated by: 

Ú Æ'  ʀ  

Ú Æ'  ʀ  

Where ʀ  and ʀ specify the levels of genetic component by adjusting their variance (which will be 

detailed below).  

With a causality model, the phenotype is decided by expression:  

Ù Ú ʀ  

Whereas with a pleiotropy model, the phenotype is decided by genetics directly using a similar linear 

formula for expression (except that the variance component is rescaled by expression heritability instead 

of trait heritability):  
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Ù Æ' ʀ  

The genetic component contributing to expression or phenotypes is prespecified as a value 

between 0 and 1 (i.e., heritability). Under both models, the variance components are rescaled by 

expression heritability and phenotype heritability to ensure the relevant heritability indeed matches the 

prespecified parameters.  

Rescaling to match heritability. In the above simulations of expression and phenotypes, the 

residual ʀ serves as the role to adjust genetic components based on prespecified values (i.e., heritability) 

denoted as È. To achieve that, we first generated the genetic component based on related formulas and 

real genotypes, and next calculated its variance of the genetic component as ʎ. We then solved ʎ in 

equation 
 
È. We then sample ʀ ͯ . /ȟʎ   to determine values of residuals, ensuring the 

heritability to be exactly È.  

Type-I error estimation & power calculations. We generated random phenotypes using for the 

1000 Genomes Project individuals (N = 2,548) and analyze them using rvTWAS to generate the empirical 

null distribution of the p-values. Then the type-I error for the rvTWAS model was estimated using the top 

5% cut-off for the most significant p-values.  

For each of the genetic architectures and their associated parameters, we generated 1,000 datasets 

with simulated phenotype and causal variants. The power was then calculated as the proportion of each 

protocolôs success in identifying the causal gene in each dataset, where the success is defined as a 

Bonferroni-corrected p-value that is lower than a predetermined critical cut-off of 0.05.  

 

Real data analysis 

In addition to the simulations, we also conducted real data analysis to compare alternative 

methods. The data sources and processing procedures are detailed below.  

Data source and QC. We run rvTWAS with default parameters on three datasets of brain diseases, 

schizophrenia (SCZ) 256,257, bipolar disorder (BPD) 256,257 and autism spectrum disorder (ASD) 258,259, 

downloaded from dbGaP web portal (Data and code availability). The GTEx (release 8) consortium has 

provided whole genome sequencing (WGS) and RNA-sequencing (RNA-seq) data for multiple tissues. 

We included whole blood tissue that has the largest sample size (N=670) in our study. The fully 

processed, filtered, and normalized gene expression data matrices (in BED format) was downloaded from 

GTEx portal (Data and code availability). The whole genome sequencing file, GTEx_Analysis_2017-
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06-05_v8_WholeGenomeSeq_866Indiv.vcf was downloaded from dbGaP (Data and code availability). 

Additionally, the following files from dbGaP and GTEx portal are used for quality control: The sample 

attributes (phs000424.v8.pht002743.v8.p2.c1.GTEx_Sample_Attributes.GRU.txt), the subject phenotypes 

for sex and age adjustment (phs000424.v8.pht002742.v8.p2.c1.GTEx_Subject_Phenotypes.GRU.txt), the 

covariates adjustments in eQTL analysis, including genotyping principal components (PCs) 

(GTEx_Analysis_v8_eQTL_covariates.tar.gz). Based on the GTEx recommendation for whole blood 

sample, 60 PEER factors 266 were regressed out for adjustment of additional confounding factors.  

The genotype QC was conducted by PLINK 202. The QC steps involve excluding variants with 

missingness rate > 0.1, high deviations from Hardy-Weinberg equilibrium (P-value >10-6) and removing 

samples with missingness rate > 0.1. For genotype datasets containing only the common variants with 

minor allele frequency (MAF)>0.05, we used ñ--maf 0.05ò to filter out all variants with MAF below 0.05, 

while for genotype datasets containing only the rare variants with MAF < 0.005, we used ñ--max-maf 

0.005ò to impose an upper MAF bound as 0.005. Eventually, we collected 11,214 individuals with 

1,580,125 SNVs for SCZ, 7,411 individuals with 1,581,749 SNVs for BPD, and 7,766 individuals with 

3,158,065 SNVs for ASD.  

When aligning two datasetsô genotype coordinates, i.e., the reference dataset (GTEx) and GWAS 

dataset (the three disorder cohorts), Liftover 267 was utilized to convert all coordinates to HG38. The 

locations that are in overlap were used for the analyses.  

Functional validations of identified genes. To search the evidence whether the identified genes 

are related to the diseaseôs susceptibility, we performed gene-disease association analysis using the 

DisGeNET repository (v7.0) 260-262, a platform containing 1,134,942 gene-disease associations (GDAs) 

between 21,671 genes and 30,170 traits. For each disease, DisGeNET has its specific summary of gene-

disease associations containing information of identified significant genes and their GAD scores. We 

assessed each method under comparison based on the number of its discovered genes which are reported 

as disease associated in DisGeNET (validated), as well as the proportion (validated rate) of these 

validated genes among all the genes identified (i.e., validated genes divided by total number of identified 

genes). We also examine the number and proportion of uniquely discovered genes which have 

annotations. Specifically, for any pair of methods A and B yielding corresponding sets of associated 

genes, we take the difference of the sets A - B (genes only in A and not B), and B - A (genes only in B but 

not A), and find the number of genes (uniquely validated) as well as the proportion of genes (uniquely 

validated rate) in each set difference which are annotated in DisGeNET.  
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Data and code availability  

rvTWAS, https://github.com/theLongLab/rvTWAS; mkTWAS, 

https://github.com/theLongLab/mkTWAS; kTWAS, https://github.com/theLongLab/kTWAS; PrediXcan, 

https://github.com/hakyim/PrediXcan; SuSiE, https://github.com/stephenslab/susieR; PLINK, 

https://zzz.bwh.harvard.edu/plink/; 1000 Genomes Project, https://www.internationalgenome.org/; GTEx, 

https://gtexportal.org/ and https://www.ncbi.nlm.nih.gov/projects/gap/cgi-

bin/study.cgi?study_id=phs000424.v8.p2; Exon sequencing data of Schizophrenia, 

https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000473.v2.p2; Autism 

Sequencing Consortium (ASC), https://www.ncbi.nlm.nih.gov/projects/gap/cgi-

bin/study.cgi?study_id=phs000298.v4.p3; Exon sequencing data of bipolar disorder, 

https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000473.v2.p2 

 

4.3 Results 

Simulations show rvTWAS has a well-controlled type-I error and higher power    

Our null simulation shows that the type-I error of rvTWAS, i.e., the 5% cut-off (determined by 

simulating traits under the null distribution) is 0.051, which is close to the targeted type-I error of Ŭ = 

0.05. Therefore, the type I error of rvTWAS is under control. The type-I-errors of kTWAS and mkTWAS 

have been shown previously 25,26.  

With the type-I error controlled, we then compare power. Under pleiotropy, rvTWAS 

significantly outperform PrediXcan that does not disentangle feature selection and aggregation, as well as 

kTWAS and mkTWAS that do not use Bayesian feature selections, in both heterogeneity (pseudo-SNV) 

and additive models (Sum) (Figure 4.2; Appendix Figure B4.1). When there is no causal rare variant, 

rvTWAS is slightly more powerful than the alternatives (Figure 4.2A; Appendix Figure B4.1), while the 

advantage is more pronounced when more rare variants are included as causal variants (Figure 4.2B, 

4.2C, 4.2D; Appendix Figure B4.1). All kernel-based methods (rvTWAS, kTWAS and mkTWAS) 

outperform the GReX-based protocols (PrediXcan), evidencing the supremacy of kernel-based methods in 

feature aggregation. Under causality scenario, the observation is similar to the pleiotropy model: rvTWAS 

outperforms other tools and the effect is more pronounced when more rare variants are present (Figure 

4.3; Appendix Figure B4.2). All models enjoy an observable higher power in pleiotropy than causality, 

which is consistent with previous simulations 76,95,268.  

 

https://github.com/theLongLab/rvTWAS
https://github.com/theLongLab/mkTWAS
https://github.com/theLongLab/kTWAS
https://github.com/hakyim/PrediXcan
https://github.com/stephenslab/susieR
https://zzz.bwh.harvard.edu/plink/
https://www.internationalgenome.org/
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000424.v8.p2
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000424.v8.p2
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000473.v2.p2
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000298.v4.p3
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000298.v4.p3
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Figure 4.2. Power comparison under pleiotropy scenarios. Power is indicated on the y-axis. All panels are 

results under an additive genetic architecture, with differing expression heritability and trait heritability 

denoted below each panel. The total number of contributing rare genetic variants (with MAF < 0.005) M 

are fixed in each panel. A. M=0; B. M=50; C. M=100; and D. M=200.  
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Figure 4.3. Power comparison under causality scenarios. Power is indicated on the y-axis. All panels are 

results under an additive genetic architecture, with differing expression heritability and trait heritability 

denoted below each panel. The total number of contributing rare genetic variants (with MAF < 0.005) M 

are fixed in each panel. A. M=0; B. M=50; C. M=100, and D. M=200.  

 

rvTWAS outperforms alternative methods in real data analysis of SCZ, BPD, and ASD. 

The significant genes identified by the four methods to three brain disorders are presented in 

Appendix Tables A4.1, A4.2, A4.3. Below is the analysis of their indications. 

The Manhattan plots generated by applying rvTWAS are shown in Figure 4.4, and the 

corresponding Manhattan plots generated by alternative methods are in Appendix Figures B4.3, B4.4, 

B4.5. Evidently, rvTWAS outperforms alternative in terms of the number of genes identified. In SCZ, at a 

Bonferroni-corrected P < 0.05, rvTWAS identified 30 susceptibility genes, which is more than those 
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identified by PrediXcan (7 genes), kTWAS (24 genes) and mkTWAS (22 genes). We conducted similar 

comparisons for BPD and ASD and demonstrated consistent trends of more genes identified by rvTWAS 

compared to other approaches. For BPD, rvTWAS identified 127 susceptibility genes whereas 53, 8, and 

64 genes were identified by PrediXcan, kTWAS and mkTWAS, respectively. For ASD, rvTWAS 

identified 41 susceptibility genes while 41, 19, and 29 genes were identified for PrediXcan, kTWAS and 

mkTWAS, respectively (Appendix Figure B4.6).    

In SCZ, among the 30 genes, 14 genes were uniquely identified by rvTWAS. Out of these 14 

uniquely identified, 6 have been reported to be associated with SCZ; they are ZKSCAN4 (nominal 

P=3.37e-08) 269, HCG9 (nominal P=3.94e-07) 270, FLOT1 (nominal P=4.88e-10) 271,272, C4B (nominal 

P=4.79e-07) 273,274, CNTNAP (nominal P=3.84e-09) 275 and XRCC3 (nominal P=4.80e-06) 276. Similar 

outcomes are observed for BPD and ASD. Eight uniquely identified genes in BPD are supported by 

literatures, including RASGRF2 (nominal P=2.65e-24) 277,278, NOTCH4 (nominal P=6.98e-06) 279, PC 

(nominal P=1.81e-32) 280, CHRFAM7A (nominal P=3.46e-181) 281,282, TGM2 (nominal P=3.17e-24) 283-

285, TRPM2 (nominal P=9.54e-07) 286, CYTH4 (nominal P=2.05e-09) 287, and TSPO (nominal P=3.44e-

211) 288, and one uniquely identified gene in ASD is supported by literature, AP3B2 (nominal P=1.98e-

06) 289. 
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Figure 4.4. Manhattan plots showing associations identified by rvTWAS. Black dashed lines indicate the 

cut-off specified by Bonferroni correction at the level of P-value < 0.05. Red dots represent uniquely 

identified susceptibility genes. The uniquely identified signals that have been reported literatures are 

labeled by its gene name. The Y-axis ranges from 0 to 20 for a convenient visualization. The signals with 

-log10(P-value) larger than 20 can be found in Appendix Tables A4.1, A4.2, A4.3. A. SCZ. B. BPD. C. 

ASD.  
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To quantitively assess the functional relevance of the identified genes, we referred to the 

DisGeNET database of human gene-disease associations 260-262. We assessed each protocol on the number 

and proportion of its identified genes that are reported as disease associated in DisGeNET (validated and 

validated rate), as well as the corresponding statistics for uniquely identified (Methods). We found that 

rvTWAS outperforms all alternatives for SCZ and BPD with a very large margin, although slightly lower 

than PrediXcan in ASD by 2 vs. 3 (Figure 4.5). These results suggest that rvTWAS is powerful in 

uncovering additional susceptibility genes that might have been missed out by other approaches.  
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Figure 4.5. The number and proportion of genes identified by rvTWAS and other methods that are 

validated by DisGeNET. A. Number of validated genes. B. Proportion of validated genes (validated rate). 

C. Number of validated genes reported exclusively by one of the two protocols in the DisGeNET 

database. D. Proportion (unique validated rate) of genes reported exclusively by one of the two protocols 

in the DisGeNET database. For all panels, the left, middle, and right columns are for SCZ, BPD and 

ASD, respectively.  

 

4.4 Discussion  

The outcome of rvTWAS presented in Results are based on inclusive analysis of rare variants 

and common variants. So, the effect is not only caused by rare variants. One may be curious about the 

contribution of rare variants to the overall results, as well as the performance of rvTWAS on rare variants 

only analysis.      

To understand the contribution of different spectrums of data, for the significant genes identified 

by rvTWAS, we specifically looked at the genetic variants selected by SuSiE. Interestingly, for BPD most 

genes (70%) contain rare variants (Figure 4.6A Middle Column), whereas for ASD most genes (88%) 

only contain common variants (Figure 4.6A Right Column). The proportion SCZ is in between with a 

moderate percentage (33%) containing rare variants (Figure 4.6A Left Column).     

To understand what will happen if the common and rare variants are separately analyzed, we 

specifically carried out two additional analyses: 1) by specifying a minimal MAF cut-off of 0.05, only 

common genetic variants are included, which is termed as rvTWAS-common; 2) by specifying a maximal 

MAF cut-off of 0.005, only rare variants are included, which is called rvTWAS-rare. These additional 

protocols are compared to the main model: 3) the inclusive protocol without any filters, which is just 

called rvTWAS. Note that the filtering of data was conducted before the SuSiE-based Bayesian feature 

selection (Methods). There are two observations. First, rvTWAS evidently identified more genes than 

either rvTWAS-common or rvTWAS-rare alone in all three disorders. Moreover, rvTWAS identified 

number is higher than the aggregated numbers of rvTWAS-common and rvTWAS-rare in both ASD and 

BPD (Figure 4.6B). This suggests that modeling the joint contribution of common and rare variants 

outperforms splitting them. Second, while the overlap between rvTWAS-common and rvTWAS-rare are 

universally low, the overlap between rvTWAS and an alternative is depending on specifical disease 

(Figure 4.6C). Interestingly, in BPD, a significant number of rare-variant only genes are identified, 

however this is not the case for SCZ and ASD. Analysis of the contributions of rare and common variants 
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to the psychiatric disorder have been attempted by others 290-293. Using rvTWAS, more thorough 

characterization may be carried out in the future work.  

Playing a critical role in Step 2 of rvTWAS, SKAT 134,135 is a flagship tool for rare variants 

analysis using kernel machine, although it does not utilize gene expressions. In practice, when running 

SKAT to rare variant analysis, one often needs some criteria of filtering, otherwise there will be too many 

results. For instance, using SKAT to analyze the three datasets of psychiatric disorders without any 

filtering yields very large numbers of identified genes (with 916 for SCZ, 4419 for BPD and 851 for 

ASD), which look untrue. Therefore, rvTWAS provides a transcriptome-directed strategy in prioritizing 

and weighting rare variants for SKAT.  

In conclusion, we developed rvTWAS, a rare-variant-focused tool leveraging our unique insight 

into disentangling TWAS protocols into feature selection and aggregation. Through simulations and real 

data analysis, we showed that rvTWAS outperforms alternative protocols in the TWAS domain. The 

rvTWAS will open a door for sequence-based association mappings integrating gene expressions.   
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Figure 4.6. Contributions of rare and common variants to the outcome of rvTWAS. A. The percentage of 

significant genes for which SuSiE have selected both rare and common variants vs. genes for which only 

common variants have been selected. B. The number of significant genes discovered by rvTWAS, 

rvTWAS-common and rvTWAS-rare. C. The numbers of overlapped genes among rvTWAS (including 

both common and rare variants) and the two filtered rvTWAS analyses, rvTWAS-common and rvTWAS-

rare. For all panels, the left, middle, and right columns are for SCZ, BPD and ASD, respectively.  

  



83 
 

Chapter 5  

Image-mediated association studies 

 

5.1 Introduction  

Brain imaging plays a critical role in neuroscience and psychiatry. Neuroimaging endophenotypes 

are intermediate traits closer to the action of the genes than observable phenotypes. Therefore, 

neuroimaging could be leveraged to identify risk genes and associated physiological processes in the 

brain. Projects focusing on the genetic basis of brain images, i.e., imaging genetics, have been launched 

and led to discoveries via associating single nucleotide variants (SNVs) to image features relevant to 

neurological or psychiatric disorders294-296. Neuroimaging has been extensively studied as a potential 

biomarker in diagnostics and risk assessment of neuropsychiatric disorders297-299. Thus, there are potential 

mediating roles that imaging can serve in accurately discovering the genetic basis of brain disorders.  

However, neuroimaging methods, such as magnetic resonance imaging (MRI), are expensive, 

preventing broad utilization of neuroimaging to further characterize the genetic basis of brain disorders. 

Moreover, neuroimaging is unavailable for most legacy cohorts where genotype and phenotype are in 

place (e.g., most GWAS datasets). Fortunately, a number of datasets providing brain images and genotype 

are available109,300,301. If researchers can redirect such existing data as a ñreference panelò into their 

dedicated studies for preliminary discovery of putative associations, it will bring enormous cost-savings 

for scientific discovery as well as timely judgement in a clinic setting. The UK Biobank is a flagship 

database that contains genomics data for half a million individuals, including nearly 50,000 assessed for 

brain images109. Those brain images include a wealth of contrast types, including: T1 and T2 weighted, 

Fluid Attenuated Inversion Recovery, resting and task-based functional MRI, and diffusion MRI. 

Moreover, it also offers hundreds of neuroimaging endophenotypes, called image-derived phenotypes 

(IDPs), which are quantitative indicators representing brain structure and function. Examples of IDPs 

include the volume of grey matter in specific brain regions, and measures of functional and structural 

connectivity.  

To seamlessly integrate general resources of the brain imaging and GWAS datasets dedicated to 

particular disorders, we developed a statistical framework, Image-Mediated Association Study (IMAS), 

that discover genetic basis of brain disorders through the mediation of imaging, without assuming the 

images are assessed in the GWAS cohort. This work is partly inspired by the popular Transcriptome-

Wide Association Study (TWAS)68,69,84,94,111,141,145, however, built upon our unique ñdata-bridgeò angle of 

disentangling TWAS into feature selection and feature aggregation25,26,76.  
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Although IMAS utilizes a ñborrowedò reference panel of images instead of requiring imaging in 

the cohort with genotype and phenotype, it could be even more powerful than applying a naïve 

association on the data with both images and phenotype. This is because, assuming the genetic component 

is the causal factor underlying brain morphology, aggregated SNVs selected by ñborrowedò image 

contains only genetic component, whereas the real images suffer from noise, motion, or other factors. 

This insight was demonstrated in another similar setting for transcriptome-wide association study 

(TWAS) by us76. Intuitively, this effect for IMAS should be more pronounced due to the higher 

heritability of images in contrast to gene expressions used in TWAS. Herein, we conducted simulations 

using various genetic architecture parameterizations to verify this advantage for IMAS, which allows 

cost-savings in integrated analysis of genetics, imaging, and brain disorders. 

To verify the expected advantage of IMAS over conventional protocols, we conducted analysis 

using IDPs from the UK Biobank and genotype/phenotype data from four neuropsychiatric disorders, i.e., 

schizophrenia (SCZ)164, major depression disorder (MDD)165, bipolar disorder (BPD)166, and autism 

spectrum disorder (ASD)167. We observed that: (1) IMAS identified IDPs that are relevant to 

corresponding neuropsychiatric disorders; (2) the underlying SNVs supporting the associations between 

IDPs and disorders are enriched in sensible pathways; and (3) the top SNVs are eQTLs (expression 

quantitative trait loci) that regulate critical genes in the corresponding conditions. Notably, a cerebellar-

mediated mechanism was identified to be shared in the four disorders. This finding is consistent with 

recent emerging evidence that cerebellar abnormalities may confer broad risk to psychopathology across 

disorders302. 

 

5.2 Results 

The IMAS model and implementation. 

IMAS is partly inspired by the method of transcriptome-wide association studies (TWAS) that 

have been extensively developed68,69,84,94,111,141,145 and applied71,145,303-311 recently. The mainstream format 

of TWAS is a two-step protocol: First, one trains an expression prediction model using (cis-) genotype: 

Ὁ ͯ ɫ ɼ8  in a reference dataset, e.g., GTEx312, in which the expression and genotype are  צ

available (Figure 5.1A). The predicted expression is called Genetically Regulated eXpression (GReX). 

Second, in the main dataset for GWAS (that doesnôt contain expression), one can predict expression using 

the genotype: Ὁ  ɫ ɼ8 , and then use the predicted expression, Ὁ, to conduct the association test 

(Figure 5.1B). The outcome will be the gene associated to the trait; and this may be applied to all genes 

with heritability, e.g., >1%.  
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Our recent mathematical analysis25,26,76 indicated that ñpredicting expressionò does not represent 

the essence of TWAS and may be misleading. As such, we proposed a ñdata-bridgeò framework to 

interpret the ñpredictionò step as the selection of genetic variants (and their functional weights) directed 

by expression (Figure 5.1C) and interpret the use of predicted expression in the second step as feature 

aggregation (Figure 5.1D) by a linear model. These are two distinct steps in Machine Learning. With this 

interpretation, the original TWAS dubiously binds two distinct steps into the same statistical form 

(GReX). Instead, if we split them and consider gene expressions as a ñdata-bridgeò, methodological 

research focusing on optimal combinations of feature selection and aggregation approaches will be more 

powerful. Consistent with this insight, alternative methods splitting these two steps developed by us17, 18 

and independently by others95 are superior to standard TWAS.  

Enabled by this framework, IMAS considers reference images as a data-bridge to link genotype 

and phenotype. From a dataset with imaging assessment (such as IDPs in the UK Biobank) and genotype, 

IMAS learns SNVs that are functionally relevant to images. Then, for a GWAS dataset with genotype and 

focal disease phenotype, IMAS aggregates selected genetic variants to determine the association of each 

aggregated SNV-set with the phenotype, reporting the association between the genetic component and the 

risk of disease. Particularly, IMAS provides two optional models for feature selection: (1.a) elastic-net, a 

regularized multiple-regression68 the default method in TWAS, and (1.b) a test for each SNV individually 

(i.e., testing for the marginal effect) using linear mixed model18. For the feature aggregation step, there are 

also two optional models: (2.a) the linear combination of selected SNVs, and (2.b) the kernel machine as 

implemented by SKAT134. The above models form 2 x 2 = 4 combinations of protocols offered by IMAS 

(Methods). Based on our previous comparison17, 18 and that of others95, kernel methods are more powerful 

than linear combinations in aggregating signals. Additionally, our previous research shows marginal 

effect-based selection outperform elastic-net in most cases18. This is also confirmed by the IMAS-tailored 

simulations, as will be presented. Therefore, the recommended IMAS-protocol is (1.b) + (2.b); and the 

real data analysis in this chapter follows this recommendation. The software is freely available at our 

GitHub (Data and code availability).   
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Figure 5.1. The data-bridge framework in IMAS. Standard TWAS (A and B) and the data-bridge 

Framework adapted in IMAS (C and D). A. Standard TWAS uses a reference dataset to train a predictive 

model of gene expression using genotype data. B. This predictive model is then used to predict expression 

in the GWAS dataset (where expression is unavailable). The predicted expression is associated with the 
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phenotype of interest. C. The data-bridge framework uses a reference dataset (e.g., IDPs used in IMAS) 

for the selection of genetic features and their weights. D. Weights derived from the feature selection step 

are then used in feature aggregation for the GWAS dataset. These aggregated features are then associated 

with the phenotype of interest to identify variants of interest. Both TWAS and IMAS are special cases of 

the data-bridge framework.  

 

IMAS discovered IDPs associated with neuropsychiatric disorders.  

We applied IMAS to the GWAS datasets (i.e., genotyping data and disease labels without 

neuroimaging) of four brain disorders, i.e., schizophrenia (SCZ), major depression disorder (MDD), 

autism spectrum disorder (ASD) and bipolar disorder (BPD). By utilizing IDPs ñborrowedò from the UK 

Biobank, IMAS was able to identify three, eight, fourteen and one significant IDP(s) that are associated 

with SCZ, MDD, ASD, and BPD respectively (based on a Bonferroni-corrected P-value < 0.05) (Table 

5.1; Figures 5.2A, 5.2D, 5.2G, 5.2J). We conducted literature search on the significant IDPs (used the 3 

and 1 significant ones for SCZ and BPD, respectively, and selected the top four for MDD and ASD) in 

relation to their corresponding disorders. We were able to annotate the associations in the context of 

extensive existing work on neuroimaging studies (Appendix Note C5.1).  

 

Table 5.1. Significant IDPs and their corresponding P value and descriptions for schizophrenia (SCZ), 

major depression disorder (MDD), autism spectrum disorder (ASD), and bipolar disorder (BPD). 

#IDP P value Descriptions 

Schizophrenia 

25190-2.0 9.82E-06 Mean MO in fornix cres+stria terminalis on FA skeleton (right) 

25306-2.0 3.69E-05 Mean L3 in inferior cerebellar peduncle on FA skeleton (right) 

25094-2.0 5.44E-05 Mean FA in fornix cres+stria terminalis on FA skeleton (right) 

Major Depression Disorder 

25152-2.0 1.01E-06 Mean MO in middle cerebellar peduncle on FA skeleton 

25703-2.0 1.50E-05 Weighted-mean OD in tract uncinate fasciculus (right) 

25904-2.0 3.78E-05 Volume of grey matter in Vermis Crus II Cerebellum 

25905-2.0 1.77E-06 Volume of grey matter in Crus II Cerebellum (right) 

25862-2.0 1.28E-05 Volume of grey matter in Frontal Operculum Cortex (left) 

25911-2.0 3.42E-05 Volume of grey matter in VIIIa Cerebellum (right) 
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25910-2.0 4.41E-05 Volume of grey matter in Vermis VIIIa Cerebellum 

25914-2.0 5.52E-05 Volume of grey matter in VIIIb Cerebellum (right) 

Autism Spectrum Disorder 

25869-2.0 1.45E-06 Volume of grey matter in Planum Polare (right) 

25096-2.0 1.68E-06 Mean FA in superior longitudinal fasciculus on FA skeleton (right) 

25196-2.0 3.78E-06 Mean MO in uncinate fasciculus on FA skeleton (right) 

25647-2.0 8.76E-06 Weighted-mean L3 in tract superior thalamic radiation (right) 

25920-2.0 3.20E-05 Volume of grey matter in X Cerebellum (right) 

25672-2.0 4.37E-05 Weighted-mean ICVF in tract superior longitudinal fasciculus (right) 

25288-2.0 3.88E-06 Mean L2 in superior longitudinal fasciculus on FA skeleton (right) 

25204-2.0 1.91E-05 Mean L1 in splenium of corpus callosum on FA skeleton 

25336-2.0 2.60E-05 Mean L3 in superior longitudinal fasciculus on FA skeleton (right) 

25228-2.0 2.63E-05 Mean L1 in posterior thalamic radiation on FA skeleton (right) 

25857-2.0 2.90E-05 Volume of grey matter in Temporal Fusiform Cortex, posterior division 

(right) 

25858-2.0 2.96E-05 Volume of grey matter in Temporal Occipital Fusiform Cortex (left) 

25198-2.0 4.23E-05 Mean MO in tapetum on FA skeleton (right) 

25331-2.0 4.85E-05 Mean L3 in cingulum cingulate gyrus on FA skeleton (left) 

Bipolar Disorder 

25904-2.0  2.20E-05 Volume of grey matter in Vermis Crus II Cerebellum 

 

IMAS identified SNVs enriched in sensible pathways.  

The above discovery of IDPs is supported by the underlying putative genetic variants that are 

supposed to be associated with corresponding disorders. We then further conducted GO enrichment and 

KEGG pathway analysis towards the genes where the SNV sets are located (by mapping each SNV to its 

ñfunctionally closestò gene (Methods). We showed that SNV-sets identified by IMAS are indeed 

enriched in sensible pathways in terms of both KEGG and GO analysis. The KEGG and GO pathways for 

the gene sets associated with the most significant IDP in each disorder are displayed in Figures 5.2B, 

5.2E, 5.2H, 5.2K, and Figures 5.2C, 5.2F, 5.2I, 5.2L, respectively. The KEGG pathways for the rest of 

the IDPs are listed in Appendix Table A5.1, and the GO enrichment of the rest IDPs are listed in 

Appendix Tables A5.2, A5.3, A5.4, listing Biological Processes, Molecular Function, and Cellular 

Component, respectively. We further examined the experimental evidence to show the relevance of these 
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pathways and GO terms in relation to the corresponding disorders and indeed discovered massive 

evidence for all the top five sets (Appendix Note C5.2).   
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Figure 5.2. Applying IMAS to four neuropsychiatric disorders. A,D,G,J. Dashed line indicates the cutoffs 

of Bonferroni-correction ( = 0.05/total number of IDPs). A. Schizophrenia. D. Major Depression 

Disorder. G. Autism Spectrum Disorder. J. Bipolar Disorder. B,E,H,K. The KEGG pathway analysis for 

IMAS identified SNPs. We selected the most significant IDP for each disorder to present. All the panels 

are dot plot showing the top 10 KEGG pathways ranked by the GeneRatio values. The size of the balls 

indicates the number of the genes enriched and the color indicates the level of the enrichment (P-adjusted 

values). The GeneRatio is calculated as count/setSize. 'count' is the number of genes that belong to a 

given gene-set, while 'setSize' is the total number of genes in the gene-set. C,F,I,L. The GO enrichment 

analysis for IMAS identified SNPs for four neuropsychiatric disorders. All the panels are bar plot 

showing the top 10 enriched biological processes ranked by p-values. The correlation is more significant 

as the red/blue ratio increases. The number on the x-axis indicates the number of genes that belongs to a 

given gene-set. B.C. Schizophrenia, IDP-25190-2.0. E.F. Major Depression Disorder, IDP- 25152-2.0. 

H.I. Autism Spectrum Disorder, IDP-25869-2.0. K.L. Bipolar Disorder, IDP-25904-2.0.  

 

The top SNVs overlapped with eQTLs that regulate genes functionally important for 

neuropsychiatric disorders.  

To link the IDPs to gene regulatory mechanisms, we conducted eQTL analysis based on GTEx-

reported eQTLs61,313 (Methods). We required a strict criterion that identical locations of the IDP-selected 

SNVs and eQTL should be matched. As a result, many associated SNVs are not mappable to the eQTLs, 

with the proportion of successfully mapped IMAS SNVs (to a GTEx SNV that is an eQTL) ranging from 

11.9% to 96.6% with a mean of 22.2% (Appendix Table A5.5). Among these mapped eQTL SNVs, we 

chose to analyze the top five for each IDP, and indeed verified the critical roles of these genes in the 

pathology of the related disorders. The detailed descriptions of literature supports are in Appendix Note 

C5.3 and the regulatory networks are depicted in Figure 5.3. 
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Figure 5.3. Top IMAS-discovered SNVs overlap with eQTLs regulating functionally relevant genes for 

neuropsychiatric disorders. Red ovals indicate four neuropsychiatric disorders. Yellow ovals are significant 

IDPs for each disorder. Blue ovals are top five eQTLs regulated genes. A. Schizophrenia. B. Major 

Depression Disorder. C. Bipolar Disorder. D. Autism Spectrum Disorder.  

 

Standard GWAS cannot discover the IMAS-selected SNVs and pathways. 

To compare IMAS with standard GWAS, we used linear mixed model (LMM)30,314 to identify 

genetic variants associated with the susceptibility to the four neuropsychiatric disorders (Appendix 

Figures B5.1, B5.2, B5.3, B5.4). Upon Bonferroni correction, except for ASD, standard GWAS methods 

did not discover any significant variants. With a less stringent P-value cutoff of 10-5, we were able to 

identify some variants. We conducted GO enrichment and KEGG pathway analysis using the same 

pipeline for IMAS outcomes (Appendix Tables A5.6, A5.7). Evidently, the enriched pathways do not 

show clear evidence associated to the related disorders. For instance, in ASD (the only one with 

significant SNVs using Bonferroni correction), the enrichment is mostly related to antigen processing, 

without direct correlations with aspects of brain function that have been more consistently associated with 

ASD, such as neurotransmission, synaptic dysfunction, neuron recognition and neurogenesis315-317. At the 

loose threshold of selecting SNPs of 10-5, there are no enriched GO terms being identified for ASD. For 

another example, for SCZ, most GO terms are enriched in processes related to cell-substrate adhesion. 

There are some literatures stated that focal adhesion dynamics are altered in SCZ318, and cell adhesion 

molecules help determine the systems-level structure of the nervous system during development and 

regeneration318, but none of the pathways that were identified by our methods appeared to be enriched. 

The results for KEGG pathway analysis also shows little relevant information (Appendix Table A5.7). 

 

A genetic mechanism underlying cerebellar abnormalities shared by four disorders. 

Numerous theories have been proposed to explain the pathophysiology of psychiatric disorders, 

specifically SCZ, MDD, ASD and BPD. Utilizing the IMAS approach new theories can be delineated that 

integrate data derived from the IMAS tool with evidence from existing literature.   

Across the whole brain IDPs, one brain region emerged as being particularly noteworthy. 

Significant abnormalities were identified in the cerebellum IDPs in all four disorders: grey matter changes 

in MDD (IDP-25904-2.0, IDP-25905-2.0, IDP-25911-2.0, IDP-25910-2.0, IDP-25914-2.0), ASD (IDP-
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25920-2.0) and BPD (IDP-25904-2.0); white matter changes in SCZ (IDP-25306-2.0) (Table 5.1; Figure 

5.4A). 

To delineate the shared genetic mechanism of the four mental disorders, we followed up on the 

associations with cerebellum by expanding to an underlying network identified via knowledge-based 

analysis. For a given pair of disorders, e.g., MDD and ASD, we calculated the co-expression matrix of 

IMAS identified MDD-regulating genes and ASD-regulating genes in the GTEx cerebellum tissue 

(Methods). (Figure 5.4B; Appendix Figures B5.5, B5.6, B5.7, B5.8, B5.9). 

As shown in Figure 5.4C, various genes in our co-expression matrix have direct and/or indirect 

relationships with ADORA2B (adenosine A2b receptor). ADORA2B is involved in axon elongation 

through its interactions with netrin-1319. It plays a crucial role in brain aging320 and in general cognitive 

function321. ADORA2 receptors have been identified as a risk gene for Lesch-Nyhan syndrome, a 

congenital disorder that severely affects the brain and behaviour of children322,323. ADORA2B also 

interacts in MAPK pathway and associated signals324,325 (Figure 5.4C). In our study, a long non-coding 

region of the MAPK gene is expressed in cerebellum IDPs of MDD, SCZ and ASD (Figure 5.4B; 

Appendix Figures B5.5, B5.6, B5.7, B5.8, B5.9). Further, TP53 gene controls MARK signaling via 

Ras1/Raf1 kinase activation325-327. Shao et al. show that in neurological injury TP53 activation is regulated 

by TNF-Ŭ and induces apoptosis328 (Figure 5.4C). If IFNG gene levels are elevated, TNF increases in 

individuals with neurodevelopmental and immunological disorders329 (Figure 5.4C). IFNG controls IL6 

gene regulation330 which can be increased in myeloid cells if ADORA2B is activated331. This sub-network 

plays a crucial role in neuro-immune interaction which has been proposed as a potential mechanism in 

many neurodevelopmental and psychiatric disorders331-333 (Appendix Table A5.8). 

Furthermore, TP53 also controls the encoding of JMY (junction-mediating and regulatory) 

protein334. JMY is related to cytoskeleton dynamics and upregulates myelination in actin polymerization 

and oligodendrocyte differentiation335. It also plays a major role in cortical development336. We show that 

JMY is negatively correlated with DOCK9 (corr = -0.35 and co-expressed in cerebellum IDPs of MDD, 

SCZ, ASD and BPD (Figure 5.4B; Appendix Figures B5.5, B5.6, B5.7, B5.8, B5.9). Moreover, CDH1 

(epithelial cadherin) and JMY expression leads to downregulation of adhesion molecules of the cadherin 

family337-339(Appendix Table A5.8). Further, DOCK9 gene enables cadherin binding activity68, 69 and is 

predicted to be involved in positive regulation of an activator of Rho-GTPase Cdc42. DOCK9 has been 

associated with BPD with regards to both risk and increased illness severity340. Cdc42 in Bergmann glia 

was found to play an important role during the late phase of radial migration of cerebellar granule 

neurons, important in cerebellar corticogenesis341. According to the co-expression matrices DOCK9 is 

also negatively correlated with CRIPT (corr = -0.46) and co-expressed in cerebellum IDPs of MDD, ASD 



94 
 

and BPD (Appendix Figures B5.5, B5.6, B5.7, B5.8, B5.9). CRIPT is a component of NMDA receptor 

DLG4 (alternative gene name is PSD-95) complex342. It plays a major role in synaptogenesis and synaptic 

plasticity343 and is a risk candidate gene for SCZ344,345. Further, the expression of MDM2 leads to the 

restoration of PSD-95 ubiquitination, degradation, and synapse elimination in the neurons of a mouse 

model of Fragile X Syndrome, a leading genetic cause of intellectual disability and autism346. MDM2 is 

also involved in the regulation of JMY protein state changes and STAT4 gene regulation via expression of 

PIM3 activation347 (Appendix Table A5.8). 

Overall, the proposed mechanism once again proves the growing interest of the immune system 

and inflammation pathways in the pathophysiology of mental disorders. 
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Figure 5.4. IMAS identifies underlying genetic mechanism correlated with cerebellum for four main 

neuropsychiatric disorders. A. An illustration of cerebellum IDPs that were identified by IMAS in all four 

disorders: schizophrenia (SCZ), major depression disorder (MDD), autism spectrum disorder (ASD) and 

bipolar disorder (BPD). B. A cross-disorder co-expression matrix between the expression level of 
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cerebellum eQTLs that were identified from MDD and SCZ. C. A gene to gene connection network includes 

gene-gene interactions that are identified by literature-based analysis of publications. Nodes are genes. 

Links are gene-gene interactions. A link with an arrow shows regulation and the direction, a non-arrow link 

shows reported correlation. Purple nodes are genes that were identified from our analysis. White nodes 

were identified from the literature, and they connect the genes identified from our analysis. All the gene-

gene interactions have been reported in literature. Numbers on the lines are ñGene-Gene Connectionsò 

mentioned in the table below. D. Five connections are selected as they play crucial roles in 

neurodevelopmental and psychiatric pathophysiology according to this mechanism.  

 

Simulations show that IMAS outperforms direct association mapping between actual IDPs and 

disorders.   

The above real data analysis ñborrowsò the UK Biobank IDPs to re-analyze GWAS data. Here, 

by simulations, we demonstrate that even if the IDPs are in place for the legacy GWAS datasets, the 

statistical power of IMAS is higher than a naïve association mapping between images (IDPs) and the 

phenotype, which is called ñDirect associationò hereafter (Methods).  

We first checked the type I errors of IMAS. For all the four protocols, the 5% cutoffs (determined 

by simulating traits under the null distribution (Methods)) are around 0.05 (Appendix Table A5.9). So, 

the type I error of IMAS is under control.  

Assuming that actual images are available in the GWAS datasets, we tested power of IMAS 

under both pleiotropy and causality architectures in contrast to Direct-association (Di-ASSO) based on 

linear genetic architectures (Methods). We estimated heritability of each IDP using GCTA348 and the UK 

Biobank dataset (Appendix Figure B5.10), leading to a mean heritability around 0.25, a minimum 

heritability of 0.02, and a maximum heritability of 0.49. Therefore, we simulated the IDP-heritability 

between 0.02 and 0.25. For the phenotype heritability (corresponding to the SNVs under an IDP), 

relatively low values were selected (0.025, 0.05 and 0.1); this is because of the assumption that the overall 

phenotype heritability is contributed to by multiple IDPs and other factors, leading to a relatively lower 

heritability contributed by the genetic variants underlying a single IDP.  

Under both pleiotropy and causality scenarios, we observed that the heritability of IDP or 

phenotype is relevant to the powers of all methods. Although the power of IMAS dropped a bit with an 

increasing number of causal SNVs when the heritability is relatively low, the overall power ranges from 

0.88 to 1.0 under pleiotropy architecture and 0.83 to 1.0 under causality architecture (Figure 5.5).  
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Under the pleiotropy scenario, itôs evident that the power of Di-ASSO is substantially suboptimal 

compared with IMAS protocols (Figures 5.5A, 5.5B, 5.5C, 5.5D, 5.5E, 5.5F). An explanation is that 

when the effect of genetic variants on phenotypes is not causal through the IDP, the non-genetic effects 

within the real IDP add noises to the association test. In contrast, the IMAS method captures the genetic 

component of IDPs, leading to a higher power. Under the casualty scenario, Di-ASSO generally 

outperforms IMAS (Figures 5.5G, 5.5H, 5.5I, 5.5J, 5.5K, 5.5L). However, the power of IMAS is still 

comparable with Di-ASSO, especially when the IDP and phenotype heritability are relatively high. 

Notably, the power of Di-ASSO is all 1.0 based on the parameterization under our hypotheses. In 

practice, we expect that brain images may be a biomarker for disease progression and not necessarily the 

cause of the disease. As such, we expect pleiotropy scenarios may be more prevalent. This result has 

significant practical implication given that brain imaging, e.g., MRI, can be prohibitively expensive. In 

practice, IMAS can be used as a replacement for the standard test that requires images to be assessed, or 

at least a preliminary statistical analysis before conducting imaging. 
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Figure 5.5. Power comparison of protocols in simulated pleiotropy and causality scenarios. Power is 

indicated on the y-axis. All panels are results under an additive genetic architecture, with differing image 

heritability and local trait heritability denoted below each panel. The total number of contributing genetic 

variants is 5, 10, 20, 50, 75 and 100 in panels AG, BH, CI, DJ, EK, FL, respectively. A-F. The pleiotropic 

scenario, which simulates independent associations from genotype to phenotype and expressions. Di-ASSO 

is short for the Direct-association model. G-L. The causality scenario, which simulates dependence of 

phenotype on genotype via gene expression. 

 

5.3 Methods 

The IMAS model and implementation 

The IMAS model includes two steps. First, IMAS selects genetic variants (and their weights) 

using the IDP cohort that contains genotype and the image features. Second, IMAS aggregates the 

selected (weighted) variants to associate them to the disease phenotype. For each step, IMAS provides 

two alternative methods (1.a), (1.b) and (2.a), (2.b), potentially four configurations. However, the 

recommended default protocol is (1.b) + (2.b), i.e., linear mixed model plus kernel method.  

Step 1: For feature selection, we implemented two models: regularized regression (Elastic Net68) 

and linear mixed model (EMMAX30,314). 

(1.a) Elastic Net: 

An additive model is used to fit a linear combination of genetic variants: 

                                          ὄ ͯ В‍ȟὋ  ‐              where ‐ ͯ ὔπȟ„  

Where superscript (1) indicates the Step 1 dataset, ὄ is the brain image matrix, ὄ  is the k-th IDP, Ὃ  is 

the genotype matrix, Ὃ  is the number of reference alleles of i-th variant (=0, 1, or 2), ‍ȟ  is the effect 

size of i-th variant for k-th IDP,  and ὑ is the residual with „  as its variance. Using a mixture of ὒand ὒ 

regularization, we solve the (‍ȟ ) by Elastic Net, a regularized regression model. The variants with non-

zero coefficients will be selected.  

(1.b) Linear Mixed Model:  

In contrast to the above method using a linear combination of variants, feature selection is carried 

out by assessing marginal effect of each SNV individually. This is achieved by fitting a linear mixed 

model: 
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ὄ ͯ Ὃ ‍ȟ ό  ‐, where ό  ͯ ὓὠὔπȟ„ὑ , ‐ ͯ ὓὠὔπȟ„Ὅ 

Where ὄ , Ὃ , ‍ȟ  are the same as defined in (1.a); ό  is the random effect term with ὺὥὶό

 „ὑ  , where ὑ  is the genetic relationship matrix (GRM), which is calculated by Ὃ Ὃ Ⱦὲȟ 

where ὲ is the number of SNVs, ‐ is an the residual effect such that ὺὥὶ‐  „Ὅ. MVN denotes 

multivariate normal distribution.  

This model is equivalent to EMMAX30 and in IMAS our out-of-core implementation314 is 

utilized. The SNVs with nominal P-value lower than a user-prespecified cutoff (default =0.01) will be 

selected.  

Step 2: The method for aggregation may be multiple linear regression (as in the original TWAS 

protocols68) or a kernel machine134 which is more robust to noise, as showed by previously25,26. 

(2.a) Linear Combination: 

ὄ  ‍ȟὋȟ  

Where superscript (2) indicates the Step 2 dataset,  ὄ  is the estimated IDP values for k-th IDP in the 

GWAS cohort. ‍ȟ  is the coefficient for i-th variant and k-th IDP derived from Step 1. Ὃ  is the 

genotype in the GWAS cohort, in which  Ὃȟ  is the variant of the i-th selected variants of the j-th 

individuals. ὄ  will then be tested for association with the phenotype in the GWAS cohort. 

(2.b) Weighted Kernel: 

IMAS forms a weighted kernel using the selected SNVs and their estimated coefficients: 

ὑ ȟ

ρ

ὲ
Ὃ ὡ  Ὃ   

Where Ὃ  is standardized genotype matrix using Ὃ  (by rescaling each SNVôs mean to be 0 and 

variance to be 1), ὡ = diag (‍  ȟȢȢȢȟ‍ ), where ὲ is the number of selected variants. The subscript Ὧ 

denotes the Ὧ-th IDP.  

This weighted kernel reflects the similarity of subjects in terms of SNVs that are functionally 

relevance to images, which will be used for association test as implemented in the sequence kernel 

association test (SKAT)134,349: 
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ὗ ώὑ ȟ ώ 

Where ώ is the vector of phenotype values, and ὑ ȟ is calculated above. This score ὗ  follows a 

mixture of chi-squared distribution134,263,349. 

We recommend allowing a relatively large number of potential SNVs (e.g., SNVs with nominal 

p-values < 0.01 before multiple-test correction) to be aggregated in the second SKAT. This is because our 

previous work in TWAS revealed that the performance of SKAT favors a large number of weakly 

associated variants over a small number of highly significant variants25, possibly due to the advantage of 

kernel methods being more robust to noise.  

 

Procedure of Simulations  

Genotype data. Based on the real UK Biobank genotype (containing 33,553 individuals with 

367,986 SNVs), we simulate brain images in the reference dataset (for IMAS Step 1 analysis). Based on 

the 1000 Genomes Project110 genotype (containing 2,548 subjects with 4,422,985 SNVs), we simulate 

phenotype in the GWAS dataset (for IMAS Step 2 analysis).  

As we also compare with the IMAS power to the hypothetical protocol where brain images are 

available in the GWAS dataset, brain images are also simulated using the 1000 Genomes Project 

genotype. We assume that the brain image data is quantitative, same as the format of UK Biobank IDPs. 

In all cases, we simulate a genetic component first and then incorporate it to the IDP or phenotypes using 

prespecified values of genetic component (i.e., heritability).    

Genetic models underlying IDP and phenotype. Two typical genetic architectures are considered: 

causality, where genotypes alter phenotype via the image (Appendix Figure B5.11) and pleiotropy, 

where genotypes contribute to phenotype and image independently (Appendix Figure B5.11). 

Under both scenarios, we simulate IDPs and phenotypes with an additive genetic architecture, in 

which phenotypes and IDPs are associated with the sum of genetic effects. We first randomly selected a 

prespecified number of SNVs (5, 10, 20, 50, 75, 100) with minor allele frequency (MAF) higher than 1% 

as causal variants, and then simulate the genetic component of IDPs or phenotypes below: 

ὪὋ  ‍Ὃ  
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Where Ὃ denotes the genotype matrix, The effect sizes ‍ are drawn from the standard normal distribution 

ὔπȟρ. Superscript Ὠ may be 1 or 2 for reference (UK Biobank) and GWAS datasets (1000 Genomes 

Project) respectively. The IDPs in reference and GWAS datasets thus are generated by: 

ᾀ ὪὋ  ‐ 

ᾀ ὪὋ  ‐ 

Where ‐  and ‐ specify the levels of genetic component by adjusting their variance (will be 

detailed below).  

With a causality model, the phenotype is decided by IDPs:  

ώ ᾀ ‐ 

Whereas with a pleiotropy model, the phenotype is decided by genetics directly using the same formula 

for IDPs (except that the variance component is rescaled by image heritability instead of trait heritability):  

ώ ὪὋ ‐ 

The genetic component contributing to IDPs or phenotypes is prespecified as a value between 0 

and 1. Under both models, the variance components are rescaled by image heritability and phenotype 

heritability to ensure the relevant heritability indeed matches the prespecified parameters.  

Generating residuals to warrant the heritability being specified values. In the above simulations 

of IDP and phenotypes, the residual ‐ serves as the role to adjust genetic components based on 

prespecified values (i.e., heritability) denoted as Ὤ. To achieve that, we first generate the genetic 

component based on related formulas and real genotypes and calculate its variance of the genetic 

component as „ . We then solve „  in equation 
 
Ὤ. We then sample ‐ ͯ ὔ ὕȟ„   to 

determine values of residuals, ensuring the heritability to be exactly Ὤ.  

Type-I error estimation & power calculations. We generated random phenotypes using genotype 

data from the 1,000 Genomes Project to form the empirical null distribution of the p-values. Then the 

type-I error for the IMAS model was estimated using the top 5% cutoff for the most significant p-values.  

For each of the genetic architectures and their associated parameters, we simulated 1,000 datasets 

each, in which causal variants are randomly selected. The power was then calculated as the proportion of 

each protocolôs success in identifying the IDPs in each dataset, where the success is defined as a 

Bonferroni-corrected p-value that is lower than a predetermined critical value (0.05).  
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Direct association analysis in the hypothetical protocol where IDPs are available in the GWAS 

dataset. A goal in our simulation is to compare the power of IMAS that borrow IDPs from reference 

dataset to a naïve method that directly associate IPDs to phenotype (assuming IDPs are available in the 

GWAS). Towards this line, a simple linear regression is used to associate IDPs with phenotype: 

ώ  ͯ‍ᾀ  ‐ 

Where ώ  is the simulated phenotype and ᾀ  is the simulated image phenotype in the GWAS dataset 

(based on the 1,000 Genome Project genotypes).  

 

Real Data Analysis 

Data source and quality control. The UK Biobank IDPs are downloaded from their website under 

the application number #ukb45132 and the IRB #REB19-1121. Initially, we collected 34,568 individuals 

in UK Biobank with 885 IDPs and non-missing values for other covariates such as genetic PCs, sex, and 

age at recruitment. First, each IDPôs data vector had outliers removed (set to missing, with outliers 

determined by being greater than six times the median absolute deviation from the median)350. Then, we 

discarded individuals for whom 50 or more IDPs were missing350. Each IDPôs data vector was 

normalized, resulting in it being Gaussian distributed, with mean = 0 and s.d. = 1. Lastly, we regressed 

out covariates, including the top 10 genetic principal components supplied by UKB (UK Biobank 

DataField 22009), age, sex, squared age, age × sex, squared age × sex, head size (UK Biobank DataField 

25000), head motion (UK Biobank DataField 25741), and scanner positions (UK Biobank DataField 

25756, 25757, 25758, 25759)350,351. Eventually, we collected 33,553 individuals in UK Biobank for 885 

IDPs. 

We run IMAS with default parameters on four different brain diseases datasets, i.e., SCZ164, 

MDD165, BPD166 and ASD167, downloaded from dbGaP web portal (Data and code availability) and the 

MSSNG database (Data and code availability) 167. All genotyping datasets are quality controlled using 

PLINK202. The QC steps involved: excluding markers with missingness rate > 0.1, minor allele frequency 

< 0.05, high deviations from Hardy-Weinberg equilibrium>10-6 and removing samples with missingness 

rate > 0.1. The significant IDPs are defined as genome-wide significant after Bonferroni correction of P-

value < 0.05. The multiple-test correction considers the number of IDPs. Eventually, we collected 2,548 

individuals with 728,620 SNVs for SCZ, 3,644 individuals with 450,236 SNVs for MDD, 1,028 

individuals with 844,975 SNVs for BPD, and 7,068 individuals with 5,140,328 SNVs for ASD after 

quality control.  
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When aligning two datasetsô genotype coordinates, i.e., the reference dataset (UK Biobank) and 

GWAS dataset (the 4 disorder cohorts), Liftover267 was utilized to convert all coordinates to HG38. The 

locations that are in overlap are used for the analyses.  

Mapping SNVs to genes and pathway enrichment analysis. To validate the functional relevance of 

the identified IDPs with focal diseases, we first conducted literature research for evidence from other 

studies (Appendix Note C5.1). Then, we carried out GO enrichment and KEGG pathway analysis to 

confirm our findings. We first collected top SNVs (P < 0.01) for each significant IDP (that is associated 

with the focal disorder), then we mapped those SNVs to genes according to SNV-to-gene linking reported 

by Steven Gazal, et al352. After mapping SNVs to (a set of) genes, we conducted GO enrichment353 and 

KEGG pathway analysis354. The GO enrichment is carried out from three different aspects: óBiological 

Processô (BP), óCellular Componentô (CC) or óMolecular Functionô (MF)353. KEGG is used to 

systematically analyze gene functions, which links gene information with high-level functional 

information355. The GO enrichment and KEGG pathway analyses were conducted using the 

óclusterProfilerô R package356. The enriched GO terms and KEGG pathways with a p < 0.05 were 

considered disease-related biologic processes or signaling pathways (Appendix Note C5.2). 

Standard GWAS analysis for the four disorders. The standard GWAS analyses of four disorders 

are conducted using standard linear mixed model (LMM) 30,314. Mathematically, it is the same as the 

feature selection part (1.b) in IMAS, expect for that we used phenotype instead of IDP as the dependent 

variable ώ :on the left-hand side of the regression.  

eQTL analysis. To link the IDPs to gene regulatory mechanisms, we conduct eQTL analysis using 

eQTL files of brain tissues downloaded from the GTEx Consortium230. For each significant IDP, we first 

mapped selected SNVs associated with this IDP to expression quantitative trait loci (eQTL), SNVs whose 

genetic variation explains a fraction of the variance of gene expression level. The criterion of the mapping 

is that the IDP-associated SNV and the eQTL must share identical location. Then, for the SNVs that we 

can successfully map to an eQTL, we rank the genes being regulated using the level of significance in 

LMM -based feature selection (step (1.b) of IMAS). These regulated genes were then deemed as genes 

explaining the genetic basis of brain disorders medicated by IDPs via the expression regulatory 

mechanism. To verify such mechanisms, we searched for literature proofs of top five regulated genes 

(Appendix Note C5.3). 

Cross-disorder co-expression matrix of cerebellum-related genes. Based on the above eQTL 

analysis, we first prioritized the top 20 eQTL genes with the most significant p-values for each disorder. 

Then for each pair of disorders, using the GTEx gene expression data (in the cerebellum tissue), we 
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calculated the Pearson's correlations between expressions of every pair of genes (in total 20x19/2 = 190 

pairs). This forms the cross-disorder co-expression matrices for all pair of disorders. 

Gene-to-gene connection network. The gene-to-gene connection network was constructed by 

searching literature and databases based towards the genes identified in the co-expression matrices. 

Multiple resources such as MEDLINE database357,358 and KEGG pathway database354 were used. We 

included the gene-to-gene connections that are associated with neurological traits or play a role in 

molecular, metabolomic and immunological cellular functions, and excluded those connections that have 

only been reported in the cancer cell lines. The network was generated via Qiagen Ingenuity Pathway 

Analysis (IPA) software359.  

 

Data and code availability  

IMAS, https://github.com/theLongLab/IMAS; mkTWAS, https://github.com/theLongLab/mkTWAS; 

kTWAS, https://github.com/theLongLab/kTWAS; PrediXcan, https://github.com/hakyim/PrediXcan; 

BrainXcan, https://github.com/hakyimlab/brainxcan; 

JAWAMIX5,https://github.com/theLongLab/Jawamix5 ; PLINK, https://zzz.bwh.harvard.edu/plink/; 

GCTA, https://yanglab.westlake.edu.cn/software/gcta/#Download; cS2G 

mapping:https://alkesgroup.broadinstitute.org/cS2G/cS2G_UKBB/; Qiagen Ingenuity Pathway Analysis 

(IPA), https://digitalinsights.qiagen.com/products-overview/discovery-insights-portfolio/analysis-and-

visualization/qiagen-ipa/; UK BIOBANK, https://www.ukbiobank.ac.uk/;1000 Genomes Project, 

https://www.internationalgenome.org/; GTEx, https://gtexportal.org/ and 

https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000424.v8.p2; Genome-Wide 

Association Study of Schizophrenia, https://www.ncbi.nlm.nih.gov/projects/gap/cgi-

bin/study.cgi?study_id=phs000021.v3.p2; Major Depression: Stage 1 Genome-wide Association in 

Population-Based Samples, https://www.ncbi.nlm.nih.gov/projects/gap/cgi-

bin/study.cgi?study_id=phs000020.v2.p1; Whole Genome Association Study of Bipolar Disorder, 

https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000017.v3.p1; MSSNG, 

https://research.mss.ng/; MEDLINE database, https://www.nlm.nih.gov/medline/medline_overview.html. 

 

5.4 Discussion 

IMAS is a new method that leverages existing imaging data (such as IDPs in the UK Biobank) to 

mediate genotype-phenotype association studies. With empirical data analysis, we showed that IMAS can 

https://github.com/theLongLab/IMAS
https://github.com/theLongLab/mkTWAS
https://github.com/theLongLab/kTWAS
https://github.com/hakyim/PrediXcan
https://github.com/hakyimlab/brainxcan
https://zzz.bwh.harvard.edu/plink/
https://yanglab.westlake.edu.cn/software/gcta/#Download
https://digitalinsights.qiagen.com/products-overview/discovery-insights-portfolio/analysis-and-visualization/qiagen-ipa/
https://digitalinsights.qiagen.com/products-overview/discovery-insights-portfolio/analysis-and-visualization/qiagen-ipa/
https://www.internationalgenome.org/
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000424.v8.p2
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000021.v3.p2
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000021.v3.p2
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000020.v2.p1
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000020.v2.p1
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000017.v3.p1
https://research.mss.ng/
https://www.nlm.nih.gov/medline/medline_overview.html
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identify IDPs relevant to the focal disorders, despite the IDPs not being assessed in the GWAS dataset. 

Additionally, the underlying SNV-set selected by corresponding IDPs are enriched in neuropsychiatric 

pathways and the SNVs that are eQTLs indeed regulate functionally important genes. Those images that 

are identified by our model indicate the possible regions implicated for the four diseases and may help 

distinguish different diseases with similar symptoms. The corresponding SNVs provide preliminary 

candidates for further functional studies towards the mechanism of neuropsychiatric disorders.  

Although the cerebellum has long been believed to be critical for disorders of motor 

functioning360, it is increasingly recognized as one of the most important brain302,361,362 regions playing a 

crucial role in psychopathology of non-motor disorders as well. Similar to our findings, Kim et al. 

suggested that the disruption of white matter connectivity in the cerebellum has strong association with 

cognitive impairments in patients with schizophrenia363. Many irregularities in grey matter volume have 

been shown to be associated with bipolar disorder compared to healthy controls364,365. Romer et al. 

reported that shared risk for a wide range of mental disorders is strongly associated with white matter 

abnormalities of the pons, which is in turn positively correlated with cerebellar grey matter volume. 

Taken together, these findings indicate that the cerebellum is involved in psychopathology of many 

mental disorders. 

As demonstrated by simulations, when the focus is the genetic basis, ñborrowedò images from an 

existing dataset such as the UK Biobank can work well (or even better in many scenarios) comparing to 

having actual images in oneôs dataset. This will bring substantial cost savings in practice. Additionally, 

researchers and clinicians can use IMAS to conduct a first round of analysis before deciding whether 

imaging is necessary, and which imaging techniques and which patients may need to be assess with 

neuroimaging based on the in-silico results. In this work IMAS and standard GWAS (i.e., LMM) 

outcomes are compared with the real data analysis without further verification in simulations ï this is 

because the power of IMAS and LMM largely depends on the level of genetic basis of IDP, which is 

somewhat arbitrary to specify in simulations. 

IMAS is partly inspired by TWAS68 in the sense they both utilized endophenotype data, which is 

gene expression in TWAS and images in IMAS. There are three conceptual advantages of IMAS over 

TWAS. First, TWAS relies on the concept of genetically regulated expression (GReX) that serves as both 

the target of genotype-based prediction of expressions and the statistic of aggregating SNVs for the next 

stepôs association mapping25,26. In contrast, IMAS splits these two essentially independent steps into 

image-directed SNV selection and kernel-based SNV aggregation. Second, TWAS is gene-based, 

therefore naturally it is straightforward to predict the expression levels mainly using local cis-SNVs, and 

it is unclear whether extending this concept to the whole-genome without further a priori knowledge may 
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work well. In this work, by analyzing real data using kernel-based SNV aggregation in the association 

test, it has been proven that extending the concept works. Third, an inherent problem of TWAS lies in that 

the expression heritability is generally low68, therefore the power may be only marginally higher or even 

lower than GWAS in some scenarios76. However, the high heritability of IDPs (Appendix Figure B5.10) 

over expression heritability allows a significantly higher power of IMAS over GWAS, as demonstrated in 

our real data analysis (Appendix Tables A5.6, A5.7).   

In 2017, Xu et al. published a tool to utilize imaging endophenotype to identify genes contributed 

to brain disorders, which they termed  Imaging-Wide Association Study, or IWAS159. IWAS mimics the 

practice of TWAS in that it still predicts the contribution of cis-SNVs in a single gene to image(s) and 

then associate the gene to the disease. They have not touched the topic of selecting SNVs from the whole-

genome, nor did they exhaustively analyze the advantage of higher heritability of IDPs as well as the 

striking advantage of ñborrowingò images over the scenario of assess the real image.  

Following the standard TWAS pipeline, BrainXcan366 has been proposed to analyze behavioral 

and psychiatric traits using large scale genetic and imaging data. The BrainXcan pipeline is similar to our 

IMAS protocol (1.a) + (2.a), except for its support to summary statistics whereas IMAS assumes subject 

level genotypes. In our simulations, this protocol is the least powerful among the four protocols (Figure 

5.5). By applying BrainXcan366 to the four brain disorders, we were not able to identify any significant 

IDPs (Appendix Note C5.4).  

That said, BrainXcan indeed enjoys the advantage of supporting summary statistics. IMAS can 

also be extended to summary statistics based on the idea of metaSKAT367. However, in the initial GWAS, 

researchers in general generate summary statistics using Z-score or other means without involvement of 

kernel, whereas metaSKAT assumes that the summary statistics in individual GWAS cohorts were 

generated by the kernel method (SKAT). We have not derived the model to carry out meta-kernel analysis 

using standard summary statistics. As such, before the community is convinced to provide summary 

statistics by kernel methods for the first line GWAS (which in our opinion is beneficial), it is unlikely that 

IMAS could be extended to summary statistics, which is a limitation.  
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Chapter 6 

Conclusions and Future Directions 

 

In this thesis, we have presented four methods that focus on association studies for disease traits 

and how these are impacted by recent advances in statistics. Among these four methods, the first two 

methods, sTF-TWAS and transTF-TWAS, are built based on the traditional perspective of TWAS, while 

the last two methods, rvTWAS and IMAS, are built based on our proposed ñdata-bridgeò framework. We 

also have extended TWAS to image-based study be leveraging imaging data as the bridging data. 

 

6.1 Summary of contributions 

The first tool, sTF-TWAS147 focuses on integrating the prior information of susceptible TF (sTF) 

-occupied cis-regulatory elements (STFCREs) with TWAS. We have demonstrated that sTF-TWAS 

improved the detection of cancer susceptibility genes with increased statistical power and accuracy over 

other existing TWAS approaches. Under sTF-TWAS framework, we identified 354 putative susceptibility 

genes, including 189 at GWAS loci but previously unreported and 45 at loci unreported by GWAS for 

breast, prostate and lung cancers. These findings provide additional insight into the genetic susceptibility 

of the three common cancers. We conducted multiple analyses using sTF-TWAS based on different 

number of prioritized variants. The identified genes were highly overlapped among analyses with 

different number of variants (i.e., 50K vs 500K variants), although statistical power varied slightly with 

the number of variants used. In the Chapter 2, we only reported the findings of the analysis using the top 

50K variants, since it identified the largest number of genes. However, more sophisticated statistical 

approach to quantify the overall association significance by combining correlated results using different 

sets of prioritized variants will be needed in future studies. Other future work could include integrating 

prior information of STFCREs into other extensions of TWAS, such as multiple-tissue approaches 

(UTMOST 84 and S-MultiXcan 208), or variance component (Kernel) TWAS 25,95 or instrumental-variable 

analysis 145,146 approaches.  

The second development discussed in this thesis, transTF-TWAS160, which includes TF-linked 

trans-located variants for model building. By conducting simulations and real data analysis, we further 

showed that transTF-TWAS predicted a higher proportion of verifiable genes and detected more 

significant genes with higher accuracy compared to sTF-TWAS147, indicating the strong validity of our 

method. Our findings are in line with the evidence that trans-located genetic variants may have more 
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impact on diseases than cis-located genetic variants87,154,368. Additionally, we also highlighted several 

genetically-driven key regulators and their associated regulatory networks underlying disease 

susceptibility. For our transTF-TWAS, one critical step is to prioritize TF-linked trans-located variants for 

model building based on identifying TF-cis-regulatory-variants and TF regulated downstream genes. The 

concept of our approach can also be used to identify trans-located variants based on long distance-based 

epigenetic signals (>1Mb) such as distal chromatin-chromatin interaction, enhancer-gene link, enhancer-

gene correlation as well as trans-eQTLs 369-372. Therefore, our transTF-TWAS will further strengthen 

disease susceptibility gene discovery with increasing availability of extensive epigenetic datasets in future 

studies. Additionally, similar to sTF-TWAS, the prior information of TF-linked trans-located variants can 

also be integrated into other extensions of TWAS in future work. 

The first two projects focus on applying of our novel TWAS approaches to common cancers, 

including breast, prostate, and lung cancers. While cancer heterogeneity and cell heterogeneity play 

crucial roles in cancer research373, their impact on the discovery in this thesis remains limited. Traditional 

TWAS predominantly relies on gene expression data obtained from bulk tissues or cell lines, where gene 

expression represents an average of all cells in the sample. Based on our unique interpretation of TWAS, 

the first step of TWAS identifies genetic variants associated with gene by leveraging genotype and gene 

expression from reference databases. These databases incorporate samples from diverse tissues or cell 

types, enabling the capture of a wide range of genetic effects on gene expression, including some 

heterogeneity within the samples. Subsequently, the second step of TWAS aggregates the effects of 

multiple genetic variants across the genome to estimate the overall genetic influence on gene expression. 

This process aims to capture the combined impact of various genetic factors. If certain cell types or cancer 

subpopulations exhibit distinct gene expression patterns, these genes may not reach statistical 

significance, thus avoiding false positives in TWAS. Nevertheless, a potential approach disentangling 

heterogeneity using single-cell data should increase the discovery substantially.  

The third development discussed in this thesis, rvTWAS162, presents the extension of published 

work in our group relating to the disentanglement of the TWAS framework25,26 by incorporating rare 

variants. We demonstrated rvTWAS outperforms alternative protocols through simulations and real data 

analysis in three neuropsychiatric disorders and opened a door for sequence-based association mappings 

integrating gene expressions. However, a limitation of rvTWAS is that the rare variants cannot be too rare 

(e.g., singletons private to the carrying individual). As the cohorts of feature selection (such as GTEx) and 

association mapping are different, one relies on their sharing the same locations or an imputation 374. The 

very rare variants will have poor sharing, which are also difficult to impute. The spectrum of frequencies 

that allows optimal use of rvTWAS may be characterized in the future. Other future work includes the 
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extension of rvTWAS to the use of other middle omics data such as brain imaging 159, and different 

methods of feature aggregation other than kernel may also be tested. 

The last development discussed in this thesis, IMAS163, leverages existing imaging data (such as 

IDPs in the UK Biobank) to mediate genotype-phenotype association studies. IMAS uncovered the 

genetic basis underlying four neuropsychiatric disorders and verified them by analyzing annotations, 

pathways, and eQTLs. Additionally, through simulations, we verified IMAS is more powerful than a 

hypothetical protocol in which the imaging data was available in the GWAS dataset, yielding cost-savings 

for integrated analysis of genetics and imaging. IMAS can also be extended to summary statistics based 

on the idea of metaSKAT367. However, in the initial GWAS, researchers in general generate summary 

statistics using Z-score or other means without involvement of kernel, whereas metaSKAT assumes that 

the summary statistics in individual GWAS cohorts were generated by the kernel method (SKAT). We 

have not derived the model to carry out meta-kernel analysis using standard summary statistics. As such, 

before the community is convinced to provide summary statistics by kernel methods for the first line 

GWAS (which in our opinion is beneficial), it is unlikely that IMAS could be extended to summary 

statistics, which is a limitation. Future work could include integration of more specific image analyses 

with genetic mapping and developing methods for integrating both images and gene expression into the 

same statistical framework.  

 

6.2 The limitations of our approaches 

TWAS has its limitations and may not fully encompass the intricacies of cancer or cell 

heterogeneity375. Many efforts have made to gather data for cancer-specific cell lines. For example, 

DepMap376 is extensively profiling hundreds of cancer cell line models to gather genomic information and 

evaluate their sensitivity to genetic and small molecule perturbations. By combining information from 

diverse large-scale datasets, the aim is to enhance the comprehension of cancer vulnerabilities. However, it 

is important to note that single-cell transcriptome profiling is costly, and comprehensive reference panels 

containing both single-cell transcriptomic and genomic data with large sample size are not yet widely 

accessible for training TWAS models, which limits the efforts to complement TWAS with single-cell 

profiling. Alternatively, advanced approaches are being explored to deconvolute single-cell data from bulk 

sequencing data377,378. Leveraging computational algorithms and statistical methods, researchers can 

extrapolate and decipher single-cell information from bulk sequencing data, offering a cost-effective 

substitute for directly profiling individual cells.  
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Additionally, our approaches do not specifically focus on the variants of transcription factor 

binding sites (TFBSs). However, current evidence strongly indicates a close connection between SNPs 

occurring within TFBSs and gene expression. These genetic variations within TFBS regions have the 

potential to modify the binding affinity of transcription factors, resulting in altered gene expression levels. 

Such alterations may contribute to phenotypic differences or susceptibility to diseases379. Regulatory SNPs 

(rSNPs) are a type of SNP that impacts gene regulation by modifying the binding affinity of transcription 

factors to genomic sequences. Various software tools, including affinity testing for regulatory SNPs 

(atSNP)380, are capable of identifying potential rSNPs, which is crucial for advancing our understanding of 

disease mechanisms. 

Lastly, comparing the first two projects (sTF-TWAS and transTF-TWAS) to the last two projects 

(rvTWAS and IMAS), we built the latter two projects based on our data-bridge framework, where TWAS 

is considered only as a special case. The reason for the first two statistical models achieving more 

significant findings is mainly due to the substantial differences in sample sizes. The first two statistical 

models were applied to summary statistics obtained from our collaborators in big cancer consortiums, 

which included huge sample sizes at the level of hundreds of thousands. For instance, the breast cancer 

data were obtained from the Breast Cancer Association Consortium (BCAC), which generated GWAS 

data for a total of 122,977 cases and 105,974 controls of European descent. However, due to the 

limitations of applying kernel methods for GWAS summary statistics, the last two statistical models were 

only applied to genotyping and sequencing data, which consisted of only a few thousand samples that 

limited the overall power of the statistical models. 

 

6.3 The future directions 

Understanding the genetic architecture of human diseases remains an ongoing task in the field of 

statistical genetics and translational medicine. Looking forward, there are several promising directions for 

future research.  

Firstly, our approaches can be extended to investigate other complex diseases, enabling the 

discovery of disease susceptibility genes in future studies. For the same disease type, our approaches can 

be applied independently for different disease subtypes within a heterogeneous disease population. This 

involves stratifying the patient cohort based on clinical or molecular characteristics and examining the 

associations between genetic variants and gene expression specifically within each subtype, for example, 

subtype-specific GWAS analyses have been applied to breast cancer381, providing materials for applying 

our work to subtype-specific TWAS using the methods developed in this thesis. By focusing on subtype-
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specific analyses, researchers can uncover subtype-specific genetic drivers and identify unique molecular 

signatures associated with different disease subtypes.  

Secondly, while our models only incorporate transcriptomes and brain imaging, the statistical 

framework can be further strengthened and extended to other omics, including proteomics, epigenomics, 

metabolomics or integrative omics studies for a more comprehensive view of the biological mechanisms 

underlying complex diseases. Inclusion of multiple data-bridges (e.g., proteomics, epigenomics, etc) can 

be straightforwardly achieved by our ñdata-bridgeò framework. This is because that the method of variant 

selection for one data-bridge is independent to other data-bridges in the model (e.g., transcriptomes and 

brain imaging). Although different data-bridges could be highly heterogenous in their sample sizes, 

population structure, and functional roles, there is no need to rigorously adjust/rescale them globally. This 

is because, based on our ñdata-bridgeò framework, the variant selection is conducted locally and the 

weights of individually selected genetic variants may be the negative logarithms of the p-values that 

reflect the effect sizes and the sample sizes. Additionally, some aggregation methods, e.g., kernel 

machine, may be robust to low signal-to-noise ratio, resulting in smoother outcomes134,135.  

Thirdly, it should be noted that TF ChIP-seq data can be generated in different cancer related cell 

lines (i.e., various cell types/states and conditions)382,383. Using the cell-type specific TF with the strongest 

association has the potential to maximize disease-related TF occupancies in downstream TWAS analysis. 

Therefore, incorporating cell-type specific TFs into our approach may further improved the susceptibility 

gene discovery147. As more epigenomic, chromatin interaction (e.g., Hi-C, 3D), and single-cell multi-

omics data become available, there would be more opportunities to explore other omics data in different 

model building for functional genetic studies.  

Lastly, a more comprehensive and in-depth analysis is needed to provide a better understanding of 

the disease mechanisms and fully comprehend the functions, mechanisms, and potential implications of our 

newly identified genes. This analysis could lead to the identification of additional therapeutic targets. 

Performing a comprehensive literature review to identify existing studies or publications related to the 

newly identified genes is crucial. Other key analyses to consider include investigating biological pathways 

and signaling networks using tools such as KEGG, Reactome, and IPA, which can help identify relevant 

pathways and potential interactions with other genes or proteins. Furthermore, experimental studies such 

as knockdown or overexpression experiments are necessary to validate the functional roles of the newly 

identified genes in cellular processes.  
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In conclusion, through comprehensive simulations and real data analysis, we have demonstrated 

that our novel approaches improve the discovery of susceptible disease genes by utilizing large-scale 

omics data. Our findings provide additional insights into the genetic basis of human diseases, including 

cancers and brain disorders. While acknowledging the presence of limitations, the development of these 

methods has paved the way for integrating data-bridges, such as transcriptomes and imaging data, into 

genetic mapping. This integration holds promise for further advancements in understanding the complex 

interplay between genetics and disease phenotypes. 
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A Tables 

 

Table A2.1. GWAS summary statistics data of European descendants for breast, prostate and lung cancers 

used in this study. 

Cancer type Consortium (primary 

contributors) 

Number of 

cases 

Number of 

controls 

Reference 

Breast cancer BCAC 133,384 113,789 PMID: 32424353 

Prostate cancer PRACTICAL 79,194 61,112 PMID: 29892016 

Lung cancer TRICL-ILCCO and 

LC3 

29,266 56,450 PMID: 28604730 

 

BCAC: the Breast Cancer Association Consortium 

PRACTICAL: the Prostate Cancer Association Group to Investigate Cancer Associated Alterations in the 

Genome 

TRICL-ILCCO: the Transdisciplinary Research of Cancer in Lung of the International Lung Cancer 

Consortium 

LC3: the Lung Cancer Cohort Consortium 
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Table A2.2. Prioritized putative TF-occupied variants (i.e. 50K to 500K) selected from susceptible TF-

occupied elements based on associations with cancer risk (i.e., beta coefficient). 

Breast Cancer 

50K 100K 200K 500K 

E2F1_FOXA1 E2F1_FOXA1 E2F1_FOXA1 E2F1_FOXA1 

TLE3_ZNF217 TLE3_ZNF217 TLE3_ZNF217 TLE3_ZNF217 

FOXA1_PML FOXA1_PML FOXA1_PML FOXA1_PML 

NR2F2_FOXA1 NR2F2_FOXA1 NR2F2_FOXA1 NR2F2_FOXA1 

FOXA1_ZNF217 FOXA1_ZNF217 FOXA1_ZNF217 FOXA1_ZNF217 

FOXA1_SRF FOXA1_SRF FOXA1_SRF FOXA1_SRF 

GREB1_ZNF217 GREB1_ZNF217 GREB1_ZNF217 GREB1_ZNF217 

FOXA1_GREB1 FOXA1_GREB1 FOXA1_GREB1 FOXA1_GREB1  
FOXA1_TLE3 FOXA1_TLE3 FOXA1_TLE3  

FOXA1_SIN3AK FOXA1_SIN3AK FOXA1_SIN3AK  
AR_ZNF217 AR_ZNF217 AR_ZNF217  

ESR1_FOXA1 ESR1_FOXA1 ESR1_FOXA1  
GREB1_TLE3 GREB1_TLE3 GREB1_TLE3  
CTBP_ZNF217 CTBP_ZNF217 CTBP_ZNF217  
ESR1_ZNF217 ESR1_ZNF217 ESR1_ZNF217  
CTBP_FOXA1 CTBP_FOXA1 CTBP_FOXA1  

PML_TLE3 PML_TLE3 PML_TLE3   
E2F1_ESR1 E2F1_ESR1   

SIN3AK_ZNF217 SIN3AK_ZNF217   
E2F1_ZNF217 E2F1_ZNF217   
SIN3AK_TLE3 SIN3AK_TLE3   
CTBP_GREB1 CTBP_GREB1   

SRF_TLE3 SRF_TLE3   
ESR1_PML ESR1_PML   

NR2F2_ZNF217 NR2F2_ZNF217   
PML_ZNF217 PML_ZNF217   

AR_TLE3 AR_TLE3   
AR_FOXA1 AR_FOXA1   
E2F1_TLE3 E2F1_TLE3   
ESR1_SRF ESR1_SRF   

CTBP_TLE3 CTBP_TLE3   
E2F1_GREB1 E2F1_GREB1   
AR_GREB1 AR_GREB1   

ESR1_GREB1 ESR1_GREB1   
GREB1_SIN3AK GREB1_SIN3AK   

GREB1_PML GREB1_PML   
ESR1_TLE3 ESR1_TLE3 
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SRF_ZNF217 SRF_ZNF217   
GREB1_SRF GREB1_SRF   
E2F1_SRF E2F1_SRF   
TCF7L2 TCF7L2   
ZNF217 ZNF217    

NR2F2_GREB1    
CTBP_ESR1    

ESR1_SIN3AK    
AR_ESR1    
FOXA1    

SIN3AK_SRF    
CTBP_SIN3AK    

AR_CTBP    
P300    

AR_SIN3AK    
GREB1    

CTBP_SRF    
AR_E2F1    

E2F1_SIN3AK    
TCF12    

NR2F2_ESR1    
AR_NR2F2    
AR_CEBP    

NR2F2_TLE3    
FOXM1    

CTBP_E2F1    
ESR1    

CTBP_PML    
SIN3AK 

Prostate cancer 

CREB1_ASH2L CREB1_ASH2L CREB1_ASH2L CREB1_ASH2L 

ASH2L_PIAS1 ASH2L_PIAS1 ASH2L_PIAS1 ASH2L_PIAS1 

ARID1A ARID1A ARID1A ARID1A 

PIAS1 PIAS1 PIAS1 PIAS1 

CREB1_POLR2A CREB1_POLR2A CREB1_POLR2A CREB1_POLR2A 

RELA RELA RELA RELA 

ASH2L ASH2L ASH2L ASH2L  
MED1 MED1 MED1  

NANOG NANOG NANOG  
NKX3-1 NKX3-1 NKX3-1  
POLR2A POLR2A POLR2A  
NR3C1 NR3C1 NR3C1 
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HOXB13 HOXB13   

TLE3 TLE3   
SUMO2 SUMO2   

ERG ERG    
AR    

GATA2    
FOXA1    
CREB1 

Lung cancer 

RFX5 RFX5 RFX5 RFX5 

SUMO2 SUMO2 SUMO2 SUMO2 

SUMO1 SUMO1 SUMO1 SUMO1 

E2F7 E2F7 E2F7 E2F7 

CTCF CTCF CTCF CTCF  
POLR2B POLR2B POLR2B  

PBX3 PBX3 PBX3  
ETS1 ETS1 ETS1  
TAF1 TAF1 TAF1  
MXI1 MXI1 MXI1  

POLR2A POLR2A POLR2A   
RELA RELA   
EP300 EP300   
H2AZ H2AZ   
REST REST   

RAD21 RAD21    
MAZ    

NR3C1    
BRD4    
MYC    
MAX    
SOX4 
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Table A2.3. Putative susceptibility genes identified from sTF-TWAS (50K), at a Bonferroni-corrected P < 

0.05 (gene expression prediction at R2 > 0.01). The P-values are the raw P-values from the Z score test 

from TWAS (two-sided). 

Cancer 

Type 

Reported 

Status 

Region Gene P-valuea R2 b Closet risk 

SNP c 

Distanc

e to the 

closet 

risk 

SNP 

(Mb) 

Breast 

Cancer 

Novel locus 14q32.11 NRDE2 1.46E-12 0.02 rs941764 1.04 

Breast 

Cancer 

Novel locus 2q35 PECR 5.48E-08 0.16 rs4442975 0.97 

Breast 

Cancer 

Novel locus 16q22.2 PHLPP2 1.50E-07 0.19 rs13329835 8.89 

Breast 

Cancer 

Novel locus 10q26.13 DMBT1 1.76E-06 0.18 rs45631563 0.97 

Breast 

Cancer 

Novel locus 20q13.33 RGS19 2.36E-06 0.07 rs13039563 10.39 

Breast 

Cancer 

Novel locus 9q21.12 RP11-109D9.4 5.78E-06 0.16 rs4742903 34.42 

Breast 

Cancer 

Novel gene in 

GWAS locus 

10q26.12 WDR11-AS1 1.44E-84 0.10 rs11199914 0.48 

Breast 

Cancer 

Novel gene in 

GWAS locus 

10q26.13 NSMCE4A 6.37E-69 0.07 rs45631563 0.37 

Breast 

Cancer 

Novel gene in 

GWAS locus 

10q26.12 RP11-95I16.4 2.07E-44 0.15 rs11199914 0.45 

Breast 

Cancer 

Novel gene in 

GWAS locus 

22q13.2 TEF 9.46E-23 0.10 rs73161324 0.24 

Breast 

Cancer 

Novel gene in 

GWAS locus 

16q12.2 RP11-44F14.6 1.60E-20 0.14 rs17817449 0.29 

Breast 

Cancer 

Novel gene in 

GWAS locus 

12p11.22 RP11-

967K21.1 

3.44E-18 0.01 rs7297051 0.14 

Breast 

Cancer 

Novel gene in 

GWAS locus 

19p13.11 IL12RB1 2.72E-14 0.09 rs4808801 0.36 

Breast 

Cancer 

Novel gene in 

GWAS locus 

10q26.13 ARMS2 2.19E-13 0.08 rs45631563 0.86 

Breast 

Cancer 

Novel gene in 

GWAS locus 

12p11.22 PPFIBP1 5.64E-12 0.08 rs7297051 0.33 

Breast 

Cancer 

Novel gene in 

GWAS locus 

19p13.11 AC005253.2 1.88E-10 0.08 rs4808801 0.10 
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Breast 

Cancer 

Novel gene in 

GWAS locus 

17q21.31 RP11-

707O23.1 

2.82E-10 0.30 rs2532263 0.58 

Breast 

Cancer 

Novel gene in 

GWAS locus 

14q24.1 CTD-2566J3.1 5.73E-10 0.33 rs2588809 0.06 

Breast 

Cancer 

Novel gene in 

GWAS locus 

17q22 RP11-257O5.2 7.26E-10 0.23 rs2787486 0.17 

Breast 

Cancer 

Novel gene in 

GWAS locus 

10q26.12 RP11-95I16.6 1.70E-09 0.14 rs11199914 0.35 

Breast 

Cancer 

Novel gene in 

GWAS locus 

12p13.1 GRIN2B 2.56E-09 0.04 rs12422552 0.28 

Breast 

Cancer 

Novel gene in 

GWAS locus 

6q25.1 RN7SKP268 9.24E-09 0.07 rs3757322 0.30 

Breast 

Cancer 

Novel gene in 

GWAS locus 

22q12.1 CTA-292E10.8 9.97E-09 0.22 rs17879961 0.09 

Breast 

Cancer 

Novel gene in 

GWAS locus 

15q26.1 CTD-

3065B20.3 

1.38E-08 0.23 rs2290203 0.35 

Breast 

Cancer 

Novel gene in 

GWAS locus 

17q21.32 WNT9B 1.93E-08 0.01 rs2532263 0.66 

Breast 

Cancer 

Novel gene in 

GWAS locus 

22q13.1 LGALS2 4.97E-08 0.01 rs738321 0.59 

Breast 

Cancer 

Novel gene in 

GWAS locus 

12p11.22 RP11-

425D17.1 

7.31E-08 0.19 rs7297051 0.16 

Breast 

Cancer 

Novel gene in 

GWAS locus 

5q31.1 RAD50 1.61E-07 0.08 rs6596100 0.43 

Breast 

Cancer 

Novel gene in 

GWAS locus 

5q31.1 SLC22A5 2.93E-07 0.21 rs6596100 0.68 

Breast 

Cancer 

Novel gene in 

GWAS locus 

7q21.3 BET1 3.16E-07 0.05 rs17268829 0.48 

Breast 

Cancer 

Novel gene in 

GWAS locus 

17q21.31 RP11-798G7.8 3.84E-07 0.09 rs2532263 0.64 

Breast 

Cancer 

Novel gene in 

GWAS locus 

2p23.3 DNAJC27-AS1 5.74E-07 0.08 rs6725517 0.06 

Breast 

Cancer 

Novel gene in 

GWAS locus 

1q22 UBQLN4 6.09E-07 0.15 rs4971059 0.86 

Breast 

Cancer 

Novel gene in 

GWAS locus 

2p23.3 CENPO 1.00E-06 0.02 rs6725517 0.08 

Breast 

Cancer 

Novel gene in 

GWAS locus 

5p15.33 EXOC3 1.12E-06 0.16 rs62641919 0.10 

Breast 

Cancer 

Novel gene in 

GWAS locus 

5q31.1 KIF3A 1.29E-06 0.02 rs6596100 0.33 

Breast 

Cancer 

Novel gene in 

GWAS locus 

17q21.31 NSF 1.99E-06 0.07 rs2532263 0.42 
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Breast 

Cancer 

Novel gene in 

GWAS locus 

9p21.3 RP11-

370B11.3 

3.54E-06 0.04 rs1011970 0.71 

Breast 

Cancer 

Novel gene in 

GWAS locus 

17q21.31 FAM215B 6.20E-06 0.07 rs2532263 0.38 

Breast 

Cancer 

Reported 

gene 

5p12 RP11-53O19.1 5.39E-46 0.08 rs10941679 0.04 

Breast 

Cancer 

Reported 

gene 

2q33.1 ALS2CR12 3.27E-16 0.19 rs1830298 0.03 

Breast 

Cancer 

Reported 

gene 

2q33.1 CASP8 2.41E-15 0.21 rs1830298 0.03 

Breast 

Cancer 

Reported 

gene 

19p13.11 LRRC25 3.80E-12 0.08 rs4808801 0.06 

Breast 

Cancer 

Reported 

gene 

17q21.31 ARL17A 2.79E-10 0.17 rs2532263 0.34 

Breast 

Cancer 

Reported 

gene 

15q26.1 RCCD1 4.09E-10 0.17 rs2290203 0.01 

Breast 

Cancer 

Reported 

gene 

17q21.31 KANSL1-AS1 6.14E-10 0.64 rs2532263 0.02 

Breast 

Cancer 

Reported 

gene 

17q21.31 CRHR1 7.74E-10 0.11 rs2532263 0.34 

Breast 

Cancer 

Reported 

gene 

17q21.31 LRRC37A 1.15E-09 0.37 rs2532263 0.12 

Breast 

Cancer 

Reported 

gene 

1p33 NSUN4 1.94E-09 0.12 rs1707302 0.20 

Breast 

Cancer 

Reported 

gene 

17q21.31 LRRC37A2 8.05E-09 0.66 rs2532263 0.34 

Breast 

Cancer 

Reported 

gene 

3p24.1 LRRC3B 2.08E-08 0.11 rs4973768 0.66 

Breast 

Cancer 

Reported 

gene 

17q21.32 WNT3 3.37E-08 0.09 rs2532263 0.59 

Breast 

Cancer 

Reported 

gene 

19p13.11 SSBP4 3.70E-08 0.15 rs4808801 0.03 

Breast 

Cancer 

Reported 

gene 

1p36.13 KLHDC7A 4.42E-08 0.19 rs2992756 0.00 

Breast 

Cancer 

Reported 

gene 

2q31.1 CYBRD1 5.49E-08 0.32 rs2016394 0.55 

Breast 

Cancer 

Reported 

gene 

19p13.11 HAPLN4 7.59E-08 0.15 rs2965183 0.17 

Breast 

Cancer 

Reported 

gene 

6p22.2 BTN3A2 2.64E-07 0.56 rs71557345 0.30 

Breast 

Cancer 

Reported 

gene 

1q22 THBS3 7.64E-07 0.11 rs4971059 0.02 
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Breast 

Cancer 

Reported 

gene 

3q12.1 CMSS1 9.66E-07 0.06 rs9833888 0.18 

Breast 

Cancer 

Reported 

gene 

17q21.31 PLEKHM1 1.01E-06 0.17 rs2532263 0.68 

Breast 

Cancer 

Reported 

gene 

5q31.1 ZCCHC10 1.72E-06 0.08 rs6596100 0.04 

Breast 

Cancer 

Reported 

gene 

19p13.11 SUGP1 3.04E-06 0.03 rs2965183 0.11 

Prostate 

Cancer 

Novel locus 6p21.33 LY6G5B 6.04E-09 0.36 rs9275160 1.01 

Prostate 

Cancer 

Novel locus 21q22.3 AGPAT3 6.85E-07 0.06 rs9978557 2.35 

Prostate 

Cancer 

Novel locus 21q21.3 AP000223.42 8.11E-07 0.10 rs11701433 13.34 

Prostate 

Cancer 

Novel locus 2q37.1 EFHD1 2.37E-06 0.21 rs74001374 4.82 

Prostate 

Cancer 

Novel locus 17q21.33 LRRC59 2.90E-06 0.08 rs565189650 1.05 

Prostate 

Cancer 

Novel locus 18p11.31 LINC00526 3.34E-06 0.17 rs8089411 49.01 

Prostate 

Cancer 

Novel gene in 

GWAS locus 

6q25.3 SNORA29 6.32E-57 0.08 rs963800 0.06 

Prostate 

Cancer 

Novel gene in 

GWAS locus 

8p21.3 CHMP7 3.31E-17 0.08 rs6557704 0.35 

Prostate 

Cancer 

Novel gene in 

GWAS locus 

6p21.1 FOXP4-AS1 7.46E-14 0.09 rs4714485 0.02 

Prostate 

Cancer 

Novel gene in 

GWAS locus 

6p22.1 RPP21 1.02E-11 0.37 rs62407547 0.10 

Prostate 

Cancer 

Novel gene in 

GWAS locus 

12q21.33 GALNT4 1.82E-11 0.01 rs4842687 0.24 

Prostate 

Cancer 

Novel gene in 

GWAS locus 

9p22.1 SAXO1 3.76E-11 0.06 rs10122990 0.02 

Prostate 

Cancer 

Novel gene in 

GWAS locus 

14q22.1 C14orf166 1.75E-10 0.04 rs4901313 0.91 

Prostate 

Cancer 

Novel gene in 

GWAS locus 

10q22.3 RP11-

479O17.12 

7.04E-09 0.04 rs12412705 0.86 

Prostate 

Cancer 

Novel gene in 

GWAS locus 

22q13.2 EFCAB6-AS1 9.76E-09 0.24 rs5759167 0.41 

Prostate 

Cancer 

Novel gene in 

GWAS locus 

19q13.41 CTC-518B2.9 1.11E-08 0.08 rs76765083 0.17 

Prostate 

Cancer 

Novel gene in 

GWAS locus 

4q22.3 UNC5C 6.70E-08 0.09 rs6853490 0.54 
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Prostate 

Cancer 

Novel gene in 

GWAS locus 

3q13.12 RP11-

446H18.6 

7.97E-08 0.03 rs1283104 0.09 

Prostate 

Cancer 

Novel gene in 

GWAS locus 

8p23.1 AF131215.9 1.48E-07 0.25 rs2572375 0.25 

Prostate 

Cancer 

Novel gene in 

GWAS locus 

9p21.3 RP11-70L8.5 2.65E-07 0.05 rs17694493 0.15 

Prostate 

Cancer 

Novel gene in 

GWAS locus 

20q13.33 EEF1A2 4.90E-07 0.18 rs381331 0.10 

Prostate 

Cancer 

Novel gene in 

GWAS locus 

1q25.3 RP11-181K3.4 5.54E-07 0.08 rs56677963 0.08 

Prostate 

Cancer 

Novel gene in 

GWAS locus 

20q13.33 MIR647 6.17E-07 0.08 rs1058319 0.20 

Prostate 

Cancer 

Novel gene in 

GWAS locus 

12q21.33 ATP2B1-AS1 1.21E-06 0.10 rs4842687 0.05 

Prostate 

Cancer 

Novel gene in 

GWAS locus 

3p24.3 SATB1-AS1 1.92E-06 0.04 rs6550597 0.22 

Prostate 

Cancer 

Novel gene in 

GWAS locus 

8p23.1 AF131215.2 2.80E-06 0.31 rs2572375 0.25 

Prostate 

Cancer 

Novel gene in 

GWAS locus 

6p21.32 PRRT1 4.32E-06 0.11 rs9275160 0.53 

Prostate 

Cancer 

Reported 

gene 

8q24.21 PCAT1 6.48E-31 0.04 rs7463326 0.01 

Prostate 

Cancer 

Reported 

gene 

7p15.2 HIBADH 1.17E-30 0.07 rs6956484 0.00 

Prostate 

Cancer 

Reported 

gene 

7q21.3 TECPR1 3.84E-28 0.07 rs127507726

9 

0.16 

Prostate 

Cancer 

Reported 

gene 

7q21.3 BHLHA15 1.24E-21 0.07 rs127507726

9 

0.15 

Prostate 

Cancer 

Reported 

gene 

8q24.21 PVT1 5.62E-21 0.14 rs12549761 0.27 

Prostate 

Cancer 

Reported 

gene 

4q22.3 BMPR1B 1.74E-18 0.14 rs6853490 0.13 

Prostate 

Cancer 

Reported 

gene 

2p15 AC092155.4 3.83E-18 0.11 rs11125927 0.06 

Prostate 

Cancer 

Reported 

gene 

3p11.2 CHMP2B 2.68E-17 0.12 rs114810266 0.09 

Prostate 

Cancer 

Reported 

gene 

2q31.1 PDK1 2.37E-14 0.01 rs77167534 0.10 

Prostate 

Cancer 

Reported 

gene 

8p21.3 LOXL2 5.76E-13 0.03 rs6557704 0.19 

Prostate 

Cancer 

Reported 

gene 

22q11.21 TBX1 1.43E-11 0.29 rs1978060 0.01 
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Prostate 

Cancer 

Reported 

gene 

2p15 UGP2 8.75E-11 0.02 rs139283528 0.13 

Prostate 

Cancer 

Reported 

gene 

11q13.5 EMSY 1.10E-10 0.08 rs148310329

3 

0.00 

Prostate 

Cancer 

Reported 

gene 

10q24.32 MFSD13A 1.64E-10 0.41 rs12262998 0.19 

Prostate 

Cancer 

Reported 

gene 

21q22.3 TMPRSS2 5.06E-10 0.26 rs9978557 0.02 

Prostate 

Cancer 

Reported 

gene 

17p13.3 FAM57A 8.55E-10 0.41 rs684232 0.02 

Prostate 

Cancer 

Reported 

gene 

2p11.2 GGCX 9.73E-10 0.23 rs2028900 0.00 

Prostate 

Cancer 

Reported 

gene 

10q24.32 RPARP-AS1 1.91E-09 0.14 rs12262998 0.21 

Prostate 

Cancer 

Reported 

gene 

7q21.3 BRI3 2.24E-09 0.06 rs127507726

9 

0.19 

Prostate 

Cancer 

Reported 

gene 

10q25.2 RP11-57H14.2 2.31E-08 0.12 rs10885396 0.00 

Prostate 

Cancer 

Reported 

gene 

2p25.1 NOL10 7.16E-08 0.06 rs1990613 0.05 

Prostate 

Cancer 

Reported 

gene 

12q13.12 C1QL4 1.28E-07 0.28 rs56222401 0.05 

Prostate 

Cancer 

Reported 

gene 

6p21.33 CLIC1 1.48E-07 0.04 rs9275160 0.95 

Prostate 

Cancer 

Reported 

gene 

7q21.3 RP11-

307C18.1 

1.52E-07 0.14 rs127507726

9 

0.26 

Prostate 

Cancer 

Reported 

gene 

3q13.2 SIDT1 1.93E-07 0.10 rs2271494 0.05 

Prostate 

Cancer 

Reported 

gene 

3q25.1-

q25.2 

MBNL1 1.93E-07 0.10 rs747791781 0.05 

Prostate 

Cancer 

Reported 

gene 

20q11.21 DNMT3B 2.86E-07 0.04 rs149149158

0 

0.00 

Prostate 

Cancer 

Reported 

gene 

4q13.3 RASSF6 3.22E-07 0.05 rs17804499 0.01 

Prostate 

Cancer 

Reported 

gene 

2p15 WDPCP 3.44E-07 0.11 rs58235267 0.07 

Prostate 

Cancer 

Reported 

gene 

2q33.1 CASP10 3.71E-07 0.40 rs1861270 0.03 

Prostate 

Cancer 

Reported 

gene 

10q24.32 SUFU 5.47E-07 0.03 rs12262998 0.04 

Prostate 

Cancer 

Reported 

gene 

16q23.3 SDR42E1 7.30E-07 0.06 rs8052913 0.12 
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Prostate 

Cancer 

Reported 

gene 

6q25.3 WTAP 9.71E-07 0.28 rs963800 0.00 

Prostate 

Cancer 

Reported 

gene 

7p21.1 SP8 1.46E-06 0.07 rs9655205 0.17 

Prostate 

Cancer 

Reported 

gene 

4q31.3 RPS3A 2.92E-06 0.03 rs147762399 0.00 

Lung 

Cancer 

Novel locus 5q23.3 HINT1 1.56E-61 0.07 rs150464151 16.92 

Lung 

Cancer 

Novel locus 6p22.1 HLA-G 5.39E-13 0.22 rs4324798 1.02 

Lung 

Cancer 

Novel locus 6p22.2 RP1-221C16.8 9.58E-10 0.02 rs4324798 2.64 

Lung 

Cancer 

Novel locus 6p22.1 ZNRD1 3.93E-09 0.16 rs4324798 1.25 

Lung 

Cancer 

Novel locus 6p22.1 TRIM31 6.51E-09 0.17 rs4324798 1.29 

Lung 

Cancer 

Novel locus 6p22.1 HCP5B 3.68E-07 0.68 rs4324798 1.06 

Lung 

Cancer 

Novel locus 6p22.2 BTN3A3 1.23E-06 0.16 rs4324798 2.35 

Lung 

Cancer 

Novel gene in 

GWAS locus 

15q25.1 ACSBG1 3.25E-20 0.03 rs8034191 0.27 

Lung 

Cancer 

Novel gene in 

GWAS locus 

15q25.1 TMED3 1.06E-17 0.02 rs8042374 0.70 

Lung 

Cancer 

Novel gene in 

GWAS locus 

6p21.33 HCP5 2.95E-14 0.05 rs3094604 0.00 

Lung 

Cancer 

Novel gene in 

GWAS locus 

6p21.33 PPP1R18 8.55E-13 0.07 rs3094604 0.78 

Lung 

Cancer 

Novel gene in 

GWAS locus 

19q13.2 CTC-

490E21.11 

7.09E-12 0.04 rs56113850 0.01 

Lung 

Cancer 

Novel gene in 

GWAS locus 

6p21.33 GPANK1 1.45E-11 0.06 rs3117582 0.01 

Lung 

Cancer 

Novel gene in 

GWAS locus 

5p15.33 MRPL36 6.59E-08 0.05 rs56397275 0.43 

Lung 

Cancer 

Novel gene in 

GWAS locus 

6p21.32 HCG23 4.01E-07 0.27 rs3817963 0.01 

Lung 

Cancer 

Novel gene in 

GWAS locus 

6p21.32 PFDN6 8.59E-07 0.02 rs2179920 0.20 

Lung 

Cancer 

Novel gene in 

GWAS locus 

6p21.33 XXbac-

BPG299F13.1

7 

1.71E-06 0.50 rs3094604 0.27 

Lung 

Cancer 

Reported 

gene 

15q25.1 IREB2 2.07E-59 0.03 rs8034191 0.01 



156 
 

Lung 

Cancer 

Reported 

gene 

15q25.1 PSMA4 1.33E-31 0.08 rs55781567 0.01 

Lung 

Cancer 

Reported 

gene 

15q25.1 CHRNA3 3.68E-27 0.09 rs8042374 0.01 

Lung 

Cancer 

Reported 

gene 

15q25.1 CHRNA5 1.93E-24 0.17 rs55781567 0.00 

Lung 

Cancer 

Reported 

gene 

6p21.33 FLOT1 4.42E-18 0.30 rs3094604 0.72 

Lung 

Cancer 

Reported 

gene 

6p21.33 C4A 1.90E-16 0.34 rs3117582 0.33 

Lung 

Cancer 

Reported 

gene 

15q25.1 CTSH 9.69E-12 0.05 rs8042374 0.31 

Lung 

Cancer 

Reported 

gene 

6p22.1 ZFP57 5.19E-09 0.70 rs4324798 0.86 

Lung 

Cancer 

Reported 

gene 

11q23.3 MPZL3 2.60E-08 0.09 rs1056562 0.00 

Lung 

Cancer 

Reported 

gene 

6p21.33 CCHCR1 3.52E-08 0.49 rs3094604 0.31 

Lung 

Cancer 

Reported 

gene 

6q27 RNASET2 5.33E-08 0.20 rs6920364 0.01 

Lung 

Cancer 

Reported 

gene 

11q23.3 JAML 2.21E-07 0.05 rs1056562 0.03 

Lung 

Cancer 

Reported 

gene 

6p21.33 HLA-C 8.82E-07 0.68 rs3094604 0.19 

Lung 

Cancer 

Reported 

gene 

6p21.33 SFTA2 9.07E-07 0.22 rs3094604 0.51 

Lung 

Cancer 

Reported 

gene 

6q27 FGFR1OP 2.63E-06 0.02 rs6920364 0.04 

Lung 

Cancer 

Reported 

gene 

15q21.1 SECISBP2L 3.18E-06 0.18 rs77468143 0.04 

Note: 

a.      P-value: derived from 50K, considered statistically significant on the basis of Bonferroni correction 

b.      R2: prediction performance of gene expression predicted by cis-genetic variants. The predictive 

model with the most significant association was presented. 

d.      Closest risk SNP: identified by previous GWAS or fine-mapping studies. The risk SNP closest to 

the gene is listed. 
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Table A2.4. Putative susceptibility genes identified from sp-sTF-TWAS (50K), at a Bonferroni-corrected 

P < 0.05 (gene expression prediction at R2 > 0.1). The P-values are the raw P-values from the Z score test 

from TWAS (two-sided). 

Cancer 

Type 

Reported 

status 

Gene P value 
a 

R2 b Region Closet Risk 

SNP c 

Distance 

to the 

Closet 

Risk 

SNP 

(1Mb) 

Breast 

Cancer 

Novel locus SLC38A9 2.02E-

18 

0.05 5q11.2 rs62355902 0.98 

Breast 

Cancer 

Novel locus TM7SF3 8.06E-

15 

0.02 12p11.23 rs7297051 1.01 

Breast 

Cancer 

Novel locus TM7SF3 2.41E-

10 

0.10 12p11.23 rs7297051 1.01 

Breast 

Cancer 

Novel locus SLC38A9 1.73E-

07 

0.15 5q11.2 rs62355902 0.98 

Breast 

Cancer 

Novel locus PIGG 2.16E-

07 

0.06 4p16.3 rs495367 1.45 

Breast 

Cancer 

Novel locus ZNF19 5.87E-

07 

0.09 16q22.2 rs13329835 9.05 

Breast 

Cancer 

Novel locus SLC25A44 7.26E-

07 

0.29 1q22 rs4971059 1.02 

Breast 

Cancer 

Novel locus BGLAP 9.30E-

07 

0.02 1q22 rs4971059 1.07 

Breast 

Cancer 

Novel locus SLC25A44 9.61E-

07 

0.12 1q22 rs4971059 1.02 

Breast 

Cancer 

Novel locus CARMIL1 1.38E-

06 

0.06 6p22.2 rs71557345 1.06 

Breast 

Cancer 

Novel locus MST1 1.46E-

06 

0.36 3p21.31 rs6796502 2.86 

Breast 

Cancer 

Novel locus VASH1 1.46E-

06 

0.02 14q24.3 rs999737 8.19 

Breast 

Cancer 

Novel locus RILPL1 1.47E-

06 

0.14 12q24.31 rs2464195 2.47 

Breast 

Cancer 

Novel locus MSH3 1.58E-

06 

0.04 5q14.1 rs7707921 1.37 

Breast 

Cancer 

Novel locus BGLAP 1.63E-

06 

0.04 1q22 rs4971059 1.07 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

WDR11 2.26E-

99 

0.06 10q26.12 rs11199914 0.42 
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Breast 

Cancer 

Novel gene 

in GWAS 

locus 

WDR11 1.40E-

98 

0.06 10q26.12 rs11199914 0.42 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

IGHMBP2 2.02E-

43 

0.09 11q13.3 rs554219 0.58 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

IGHMBP2 3.34E-

43 

0.10 11q13.3 rs554219 0.58 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

PPFIA1 8.68E-

34 

0.08 11q13.3 rs75915166 0.71 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

IL6ST 3.36E-

29 

0.16 5q11.2 rs62355902 0.76 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

IL6ST 1.82E-

24 

0.04 5q11.2 rs62355902 0.76 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

USP25 3.28E-

24 

0.04 21q21.1 rs2823093 0.58 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

WDR11 3.93E-

24 

0.12 10q26.12 rs11199914 0.42 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

NSMCE4A 3.31E-

23 

0.21 10q26.13 rs45631563 0.37 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

ARMC6 8.58E-

23 

0.05 19p13.11 rs2965183 0.37 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

NSMCE4A 1.63E-

21 

0.03 10q26.13 rs45631563 0.37 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

ORAOV1 3.98E-

21 

0.22 11q13.3 rs75915166 0.09 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

TACC2 1.14E-

19 

0.05 10q26.13 rs45631563 0.40 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

ARMC6 6.49E-

19 

0.02 19p13.11 rs2965183 0.37 
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Breast 

Cancer 

Novel gene 

in GWAS 

locus 

CTNNAL1 1.48E-

16 

0.03 9q31.3 rs676256 0.81 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

ARMC6 3.87E-

15 

0.02 19p13.11 rs2965183 0.37 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

SS18 6.70E-

15 

0.02 18q11.2 rs527616 0.67 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

PICK1 1.88E-

12 

0.01 22q13.1 rs738321 0.10 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

TRIP11 2.01E-

12 

0.04 14q32.12 rs941764 0.59 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

SGCE 4.99E-

12 

0.33 7q21.3 rs17268829 0.10 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

PTPN4 8.02E-

12 

0.03 2q14.2 rs4849887 0.50 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

XPNPEP3 1.62E-

11 

0.40 22q13.2 rs6001930 0.38 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

ZC3H7B 3.54E-

11 

0.19 22q13.2 rs73161324 0.28 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

MRPL21 6.77E-

11 

0.15 11q13.3 rs554219 0.61 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

MTERF1 6.85E-

11 

0.05 7q21.2 rs6964587 0.12 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

ORAOV1 1.08E-

10 

0.37 11q13.3 rs75915166 0.09 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

ZBTB2 1.59E-

10 

0.05 6q25.1 rs3757322 0.23 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

ASH1L 1.67E-

10 

0.03 1q22 rs4971059 0.16 
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Breast 

Cancer 

Novel gene 

in GWAS 

locus 

SETMAR 1.83E-

10 

0.10 3p26.1 rs6762644 0.38 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

RAD50 2.16E-

10 

0.17 5q31.1 rs6596100 0.43 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

PTPN4 2.20E-

10 

0.03 2q14.2 rs4849887 0.50 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

C5orf56 2.67E-

10 

0.15 5q31.1 rs6596100 0.58 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

MSTO1 3.16E-

10 

0.02 1q22 rs4971059 0.43 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

KANSL1 3.24E-

10 

0.75 17q21.31 rs2532263 0.05 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

CTTN 3.34E-

10 

0.09 11q13.3 rs75915166 0.83 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

GTPBP1 5.56E-

10 

0.14 22q13.1 rs868638441 0.23 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

GTPBP1 6.80E-

10 

0.04 22q13.1 rs868638441 0.23 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

KANSL1 7.52E-

10 

0.04 17q21.31 rs2532263 0.05 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

LINC-PINT 9.33E-

10 

0.18 7q32.3 rs4593472 0.04 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

XPNPEP3 1.61E-

09 

0.03 22q13.2 rs6001930 0.38 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

LINC-PINT 2.88E-

09 

0.30 7q32.3 rs4593472 0.04 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

CLK2 4.16E-

09 

0.06 1q22 rs4971059 0.09 
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Breast 

Cancer 

Novel gene 

in GWAS 

locus 

KANSL1 4.66E-

09 

0.05 17q21.31 rs2532263 0.05 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

WDR11 5.39E-

09 

0.04 10q26.12 rs11199914 0.42 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

FAM91A1 6.53E-

09 

0.12 8q24.13 rs17350191 0.02 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

MAN2A2 7.69E-

09 

0.04 15q26.1 rs2290203 0.05 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

TFCP2L1 8.31E-

09 

0.05 2q14.2 rs4849887 0.73 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

MIPOL1 9.69E-

09 

0.03 14q21.1 rs752059786 0.53 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

PPFIA1 1.19E-

08 

0.06 11q13.3 rs75915166 0.71 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

NASP 1.22E-

08 

0.06 1p34.1 rs1707302 0.52 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

ATXN3 1.72E-

08 

0.04 14q32.12 rs11627032 0.53 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

ZNF311 1.72E-

08 

0.04 6p22.1 rs9257408 0.04 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

ATXN3 2.96E-

08 

0.12 14q32.12 rs11627032 0.53 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

GCSH 5.51E-

08 

0.14 16q23.2 rs13329835 0.47 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

RHBDD3 5.58E-

08 

0.17 22q12.2 rs132390 0.03 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

MTSS1 5.74E-

08 

0.21 8q24.13 rs17350191 0.81 
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Breast 

Cancer 

Novel gene 

in GWAS 

locus 

ATE1 7.13E-

08 

0.08 10q26.13 rs45631563 0.15 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

GON4L 8.28E-

08 

0.09 1q22 rs4971059 0.57 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

CTDSP1 8.50E-

08 

0.18 2q35 rs16857609 0.97 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

SGCE 1.33E-

07 

0.16 7q21.3 rs17268829 0.10 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

NASP 1.48E-

07 

0.11 1p34.1 rs1707302 0.52 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

AC018816.3 1.65E-

07 

0.16 3p26.1 rs6762644 0.11 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

GON4L 1.87E-

07 

0.08 1q22 rs4971059 0.57 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

GOSR1 1.90E-

07 

0.11 17q11.2 rs10612648 0.38 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

PTPN4 1.92E-

07 

0.05 2q14.2 rs4849887 0.50 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

RNF212 2.43E-

07 

0.12 4p16.3 rs495367 0.87 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

RAD50 2.58E-

07 

0.04 5q31.1 rs6596100 0.43 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

WDR11 2.77E-

07 

0.08 10q26.12 rs11199914 0.42 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

SGCE 2.80E-

07 

0.33 7q21.3 rs17268829 0.10 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

SS18 2.85E-

07 

0.12 18q11.2 rs527616 0.67 
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Breast 

Cancer 

Novel gene 

in GWAS 

locus 

NUTM2B-

AS1 

3.02E-

07 

0.04 10q22.3 rs704010 0.58 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

GCSH 3.03E-

07 

0.16 16q23.2 rs13329835 0.47 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

NSMCE4A 3.67E-

07 

0.03 10q26.13 rs45631563 0.37 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

NASP 5.38E-

07 

0.05 1p34.1 rs1707302 0.52 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

TFG 5.82E-

07 

0.03 3q12.2 rs9833888 0.70 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

GGA1 6.03E-

07 

0.05 22q13.1 rs738321 0.54 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

TRAK2 7.21E-

07 

0.03 2q33.1 rs1830298 0.06 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

ATXN3 7.22E-

07 

0.08 14q32.12 rs11627032 0.53 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

P4HA2 9.54E-

07 

0.30 5q31.1 rs6596100 0.78 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

PPP1R37 1.28E-

06 

0.03 19q13.32 rs1263619624 0.53 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

P4HA2 1.55E-

06 

0.02 5q31.1 rs6596100 0.78 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

P4HA2 1.55E-

06 

0.03 5q31.1 rs6596100 0.78 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

MAGI3 1.60E-

06 

0.07 1p13.2 rs11552449 0.22 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

TPCN2 1.73E-

06 

0.07 11q13.3 rs554219 0.35 
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Breast 

Cancer 

Novel gene 

in GWAS 

locus 

MSTO1 1.81E-

06 

0.16 1q22 rs4971059 0.43 

Breast 

Cancer 

Novel gene 

in GWAS 

locus 

TNS1 1.94E-

06 

0.13 2q35 rs16857609 0.37 

Breast 

Cancer 

Reported 

gene 

SETD9 2.45E-

89 

0.02 5q11.2 rs62355902 0.15 

Breast 

Cancer 

Reported 

gene 

SETD9 1.73E-

25 

0.08 5q11.2 rs62355902 0.15 

Breast 

Cancer 

Reported 

gene 

NIF3L1 1.23E-

13 

0.03 2q33.1 rs1830298 0.41 

Breast 

Cancer 

Reported 

gene 

CASP8 5.76E-

13 

0.30 2q33.1 rs1830298 0.03 

Breast 

Cancer 

Reported 

gene 

MAFF 4.87E-

11 

0.18 22q13.1 rs738321 0.03 

Breast 

Cancer 

Reported 

gene 

PLA2G6 6.52E-

11 

0.06 22q13.1 rs738321 0.03 

Breast 

Cancer 

Reported 

gene 

CASP8 7.20E-

11 

0.21 2q33.1 rs1830298 0.03 

Breast 

Cancer 

Reported 

gene 

FAM189B 1.21E-

10 

0.06 1q22 rs4971059 0.07 

Breast 

Cancer 

Reported 

gene 

MUC1 1.77E-

10 

0.41 1q22 rs4971059 0.01 

Breast 

Cancer 

Reported 

gene 

MAFF 6.80E-

10 

0.02 22q13.1 rs738321 0.03 

Breast 

Cancer 

Reported 

gene 

AKAP9 6.87E-

10 

0.04 7q21.2 rs6964587 0.06 

Breast 

Cancer 

Reported 

gene 

ESR1 8.31E-

10 

0.03 6q25.1 rs2747652 0.01 

Breast 

Cancer 

Reported 

gene 

SSBP4 1.19E-

09 

0.08 19p13.11 rs4808801 0.03 

Breast 

Cancer 

Reported 

gene 

KRIT1 1.74E-

09 

0.02 7q21.2 rs6964587 0.20 

Breast 

Cancer 

Reported 

gene 

ARHGAP27 2.06E-

09 

0.05 17q21.31 rs2532263 0.74 

Breast 

Cancer 

Reported 

gene 

NSUN4 3.70E-

09 

0.10 1p33 rs1707302 0.20 

Breast 

Cancer 

Reported 

gene 

ATP13A1 4.41E-

09 

0.04 19p13.11 rs2965183 0.21 

Breast 

Cancer 

Reported 

gene 

MUC1 1.38E-

08 

0.88 1q22 rs4971059 0.01 
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Breast 

Cancer 

Reported 

gene 

PLA2G6 1.70E-

08 

0.12 22q13.1 rs738321 0.03 

Breast 

Cancer 

Reported 

gene 

EFNA1 1.71E-

08 

0.19 1q22 rs4971059 0.04 

Breast 

Cancer 

Reported 

gene 

MUC1 2.73E-

08 

0.88 1q22 rs4971059 0.01 

Breast 

Cancer 

Reported 

gene 

NSUN4 3.27E-

08 

0.11 1p33 rs1707302 0.20 

Breast 

Cancer 

Reported 

gene 

NSUN4 1.08E-

07 

0.11 1p33 rs1707302 0.20 

Breast 

Cancer 

Reported 

gene 

PLEKHM1 1.31E-

07 

0.13 17q21.31 rs2532263 0.68 

Breast 

Cancer 

Reported 

gene 

NSUN4 1.76E-

07 

0.20 1p33 rs1707302 0.20 

Breast 

Cancer 

Reported 

gene 

SUGP1 2.24E-

07 

0.08 19p13.11 rs2965183 0.11 

Breast 

Cancer 

Reported 

gene 

MEF2B 4.89E-

07 

0.06 19p13.11 rs2965183 0.26 

Breast 

Cancer 

Reported 

gene 

PLA2G6 1.38E-

06 

0.10 22q13.1 rs738321 0.03 

Breast 

Cancer 

Reported 

gene 

CYBRD1 1.56E-

06 

0.16 2q31.1 rs2016394 0.55 

Breast 

Cancer 

Reported 

gene 

ARHGAP27 1.74E-

06 

0.29 17q21.31 rs2532263 0.74 

Prostate 

Cancer 

Novel locus DCAF17 1.34E-

09 

0.04 2q31.1 rs77167534 0.97 

Prostate 

Cancer 

Novel locus GDPD5 1.33E-

08 

0.05 11q13.4-

q13.5 

rs1483103293 1.03 

Prostate 

Cancer 

Novel locus ARL16 1.59E-

08 

0.59 17q25.3 rs148351530 10.56 

Prostate 

Cancer 

Novel locus DPY19L2 1.73E-

08 

0.03 12q14.2 rs7968403 0.95 

Prostate 

Cancer 

Novel locus BAG6 1.89E-

08 

0.09 6p21.33 rs9275160 1.03 

Prostate 

Cancer 

Novel locus KLF3-AS1 7.00E-

07 

0.18 4p14 rs17804499 34.91 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

MRGPRF-

AS1 

1.61E-

65 

0.11 11q13.3 rs3018690 0.10 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

IGHMBP2 3.06E-

56 

0.01 11q13.3 rs3018690 0.17 
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Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

MRGPRF-

AS1 

9.56E-

43 

0.03 11q13.3 rs3018690 0.10 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

KLK11 1.09E-

39 

0.06 19q13.41 rs76765083 0.16 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

PNKP 1.91E-

38 

0.02 19q13.33 rs2659051 0.97 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

CHMP7 4.27E-

36 

0.06 8p21.3 rs6557704 0.35 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

CHMP7 4.13E-

29 

0.02 8p21.3 rs6557704 0.35 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

TRRAP 2.03E-

17 

0.02 7q22.1 rs1275077269 0.82 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

CTD-

3184A7.4 

1.15E-

16 

0.12 20q13.33 rs381331 0.03 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

SOD2 4.65E-

14 

0.12 6q25.3 rs963800 0.03 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

SCARF1 9.42E-

14 

0.01 17p13.3 rs684232 0.92 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

TRRAP 1.18E-

12 

0.01 7q22.1 rs1275077269 0.82 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

OSBPL5 1.22E-

12 

0.11 11p15.4 rs11043143 0.87 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

CARS 5.96E-

12 

0.05 11p15.4 rs11043143 0.79 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

IGHMBP2 6.56E-

12 

0.08 11q13.3 rs3018690 0.17 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

RNF181 1.49E-

11 

0.28 2p11.2 rs2028900 0.06 



167 
 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

RNF181 2.01E-

11 

0.10 2p11.2 rs2028900 0.06 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

EFCAB6 2.46E-

11 

0.27 22q13.2 rs5759167 0.42 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

SH2D6 6.76E-

11 

0.19 2p11.2 rs2028900 0.10 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

FAM117A 1.29E-

10 

0.02 17q21.33 rs565189650 0.39 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

TESMIN 1.39E-

10 

0.06 11q13.3 rs3018690 0.36 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

TESMIN 2.32E-

10 

0.07 11q13.3 rs3018690 0.36 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

TPRA1 8.94E-

10 

0.01 3q21.3 rs2811476 0.58 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

MED15 1.14E-

09 

0.04 22q11.21 rs1978060 0.73 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

HOXA9 2.10E-

09 

0.11 7p15.2 rs6956484 0.35 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

SETD6 2.56E-

09 

0.03 16q21 rs11863709 0.89 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

YWHAQ 5.62E-

09 

0.03 2p25.1 rs73913932 0.32 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

PPP6R3 5.78E-

09 

0.09 11q13.2 rs3018690 0.50 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

EPS8L2 7.15E-

09 

0.01 11p15.5 rs1881502 0.76 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

POU5F1 8.05E-

09 

0.03 6p21.33 rs62407547 0.92 
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Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

DUBR 2.05E-

08 

0.01 3q13.12 rs1283104 0.00 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

SSR2 3.32E-

08 

0.02 1q22 rs184104770 0.29 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

GK5 3.37E-

08 

0.01 3q23 rs7650602 0.73 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

SLC25A36 4.51E-

08 

0.03 3q23 rs7650602 0.45 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

TAP2 4.58E-

08 

0.03 6p21.32 rs9275160 0.14 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

STK19 6.52E-

08 

0.03 6p21.33 rs9275160 0.70 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

POC1B 6.78E-

08 

0.10 12q21.33 rs4842687 0.24 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

PLEKHA6 6.81E-

08 

0.01 1q32.1 rs372560516 0.16 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

TSPAN32 7.68E-

08 

0.05 11p15.5 rs11043143 0.09 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

MTERF4 8.07E-

08 

0.09 2q37.3 rs77559646 0.09 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

VRK3 8.41E-

08 

0.01 19q13.33 rs2659051 0.82 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

SMPD2 8.93E-

08 

0.03 6q21 rs2038542 0.47 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

TARBP2 9.00E-

08 

0.06 12q13.13 rs187809440 0.57 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

CIAPIN1 2.09E-

07 

0.03 16q21 rs11863709 0.17 
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Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

STK19 2.23E-

07 

0.77 6p21.33 rs9275160 0.70 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

TEAD3 2.75E-

07 

0.07 6p21.31 rs9469899 0.65 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

RIPK4 3.22E-

07 

0.02 21q22.3 rs9978557 0.23 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

ANKMY1 4.85E-

07 

0.03 2q37.3 rs77559646 0.63 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

STK19 5.39E-

07 

0.11 6p21.33 rs9275160 0.70 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

CERS5 6.17E-

07 

0.02 12q13.12 rs56222401 0.85 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

DCST1-AS1 7.30E-

07 

0.03 1q21.3 rs56103503 0.04 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

TDRD10 7.30E-

07 

0.01 1q21.3 rs56103503 0.46 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

GNL1 7.66E-

07 

0.07 6p21.33 rs62407547 0.29 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

CTD-

2516F10.2 

8.20E-

07 

0.05 11p15.4 rs61890184 0.01 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

TMEM91 8.45E-

07 

0.04 19q13.2 rs11673591 0.10 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

RNF181 8.68E-

07 

0.23 2p11.2 rs2028900 0.06 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

EPS8L2 8.94E-

07 

0.04 11p15.5 rs1881502 0.76 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

STRADB 9.05E-

07 

0.02 2q33.1 rs1861270 0.13 
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Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

PCBD2 9.79E-

07 

0.04 5q31.1 rs10793821 0.40 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

ALS2 9.99E-

07 

0.02 2q33.1 rs1861270 0.44 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

ROBO4 1.01E-

06 

0.04 11q24.2 rs138466039 0.29 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

RAPGEF3 1.15E-

06 

0.04 12q13.11 rs80130819 0.25 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

TDRD10 1.17E-

06 

0.02 1q21.3 rs56103503 0.46 

Prostate 

Cancer 

Novel gene 

in GWAS 

locus 

HLA-DOA 1.32E-

06 

0.04 6p21.32 rs9275160 0.32 

Prostate 

Cancer 

Reported 

gene 

CCND1 1.14E-

85 

0.02 11q13.3 rs3918298 0.01 

Prostate 

Cancer 

Reported 

gene 

NKX3-1 1.23E-

58 

0.04 8p21.2 rs1160267 0.01 

Prostate 

Cancer 

Reported 

gene 

NKX3-1 6.04E-

46 

0.05 8p21.2 rs1160267 0.01 

Prostate 

Cancer 

Reported 

gene 

TPCN2 9.88E-

25 

0.06 11q13.3 rs3018690 0.05 

Prostate 

Cancer 

Reported 

gene 

CHMP2B 6.77E-

24 

0.09 3p11.2 rs114810266 0.09 

Prostate 

Cancer 

Reported 

gene 

CHMP2B 3.23E-

23 

0.09 3p11.2 rs114810266 0.09 

Prostate 

Cancer 

Reported 

gene 

VAMP5 3.35E-

23 

0.05 2p11.2 rs2028900 0.04 

Prostate 

Cancer 

Reported 

gene 

VAMP8 1.37E-

22 

0.10 2p11.2 rs2028900 0.02 

Prostate 

Cancer 

Reported 

gene 

PVT1 6.65E-

22 

0.05 8q24.21 rs12549761 0.27 

Prostate 

Cancer 

Reported 

gene 

VAMP5 1.41E-

20 

0.24 2p11.2 rs2028900 0.04 

Prostate 

Cancer 

Reported 

gene 

ACAT2 5.75E-

18 

0.09 6q25.3 rs963800 0.03 

Prostate 

Cancer 

Reported 

gene 

ACAT2 3.06E-

17 

0.09 6q25.3 rs963800 0.03 



171 
 

Prostate 

Cancer 

Reported 

gene 

PVT1 2.39E-

15 

0.10 8q24.21 rs12549761 0.27 

Prostate 

Cancer 

Reported 

gene 

NKX3-1 4.16E-

13 

0.13 8p21.2 rs1160267 0.01 

Prostate 

Cancer 

Reported 

gene 

RTEL1 1.29E-

12 

0.37 20q13.33 rs3787099 0.02 

Prostate 

Cancer 

Reported 

gene 

FAM162B 1.88E-

12 

0.02 6q22.1 rs339351 0.11 

Prostate 

Cancer 

Reported 

gene 

PVT1 3.39E-

12 

0.13 8q24.21 rs12549761 0.27 

Prostate 

Cancer 

Reported 

gene 

SFXN2 1.64E-

11 

0.23 10q24.32 rs12262998 0.05 

Prostate 

Cancer 

Reported 

gene 

VAMP8 3.24E-

11 

0.34 2p11.2 rs2028900 0.02 

Prostate 

Cancer 

Reported 

gene 

CCHCR1 4.55E-

11 

0.08 6p21.33 rs62407547 0.89 

Prostate 

Cancer 

Reported 

gene 

VAMP8 4.58E-

11 

0.51 2p11.2 rs2028900 0.02 

Prostate 

Cancer 

Reported 

gene 

SIDT1 9.56E-

11 

0.03 3q13.2 rs2271494 0.05 

Prostate 

Cancer 

Reported 

gene 

TECPR1 1.13E-

10 

0.02 7q21.3 rs1275077269 0.16 

Prostate 

Cancer 

Reported 

gene 

ANO7 5.30E-

10 

0.06 2q37.3 rs77559646 0.01 

Prostate 

Cancer 

Reported 

gene 

THBS3 7.04E-

10 

0.10 1q22 rs147847496 0.05 

Prostate 

Cancer 

Reported 

gene 

CCHCR1 7.79E-

10 

0.08 6p21.33 rs62407547 0.89 

Prostate 

Cancer 

Reported 

gene 

HOTTIP 9.81E-

10 

0.04 7p15.2 rs6956484 0.32 

Prostate 

Cancer 

Reported 

gene 

BRI3 1.13E-

09 

0.18 7q21.3 rs1275077269 0.19 

Prostate 

Cancer 

Reported 

gene 

PVT1 5.35E-

09 

0.01 8q24.21 rs12549761 0.27 

Prostate 

Cancer 

Reported 

gene 

PSORS1C3 8.05E-

09 

0.03 6p21.33 rs62407547 0.92 

Prostate 

Cancer 

Reported 

gene 

THBS3 9.71E-

09 

0.19 1q22 rs147847496 0.05 

Prostate 

Cancer 

Reported 

gene 

HIBADH 1.09E-

08 

0.08 7p15.2 rs6956484 0.00 

Prostate 

Cancer 

Reported 

gene 

CCHCR1 1.23E-

08 

0.12 6p21.33 rs62407547 0.89 
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Prostate 

Cancer 

Reported 

gene 

USP39 1.40E-

08 

0.01 2p11.2 rs2028900 0.06 

Prostate 

Cancer 

Reported 

gene 

ATF6B 2.07E-

08 

0.03 6p21.32 rs9275160 0.56 

Prostate 

Cancer 

Reported 

gene 

RTEL1 2.30E-

08 

0.14 20q13.33 rs3787099 0.02 

Prostate 

Cancer 

Reported 

gene 

CCHCR1 2.45E-

08 

0.09 6p21.33 rs62407547 0.89 

Prostate 

Cancer 

Reported 

gene 

CFAP44 3.01E-

08 

0.09 3q13.2 rs2271494 0.14 

Prostate 

Cancer 

Reported 

gene 

PPA2 3.18E-

08 

0.08 4q24 rs17035310 0.23 

Prostate 

Cancer 

Reported 

gene 

SNRPC 4.26E-

08 

0.08 6p21.31 rs9469899 0.05 

Prostate 

Cancer 

Reported 

gene 

RWDD1 5.11E-

08 

0.03 6q22.1 rs339351 0.28 

Prostate 

Cancer 

Reported 

gene 

VAMP8 5.87E-

08 

0.09 2p11.2 rs2028900 0.02 

Prostate 

Cancer 

Reported 

gene 

COL23A1 9.06E-

08 

0.01 5q35.3 rs61739424 0.02 

Prostate 

Cancer 

Reported 

gene 

TMPRSS2 1.05E-

07 

0.03 21q22.3 rs9978557 0.02 

Prostate 

Cancer 

Reported 

gene 

MPHOSPH6 1.79E-

07 

0.05 16q23.3 rs8052913 0.02 

Prostate 

Cancer 

Reported 

gene 

FOXP4 1.99E-

07 

0.05 6p21.1 rs4714485 0.02 

Prostate 

Cancer 

Reported 

gene 

HOTTIP 2.52E-

07 

0.07 7p15.2 rs6956484 0.32 

Prostate 

Cancer 

Reported 

gene 

TRIM26 4.51E-

07 

0.03 6p22.1 rs62407547 0.04 

Prostate 

Cancer 

Reported 

gene 

CFAP44 4.52E-

07 

0.04 3q13.2 rs2271494 0.14 

Prostate 

Cancer 

Reported 

gene 

VAMP5 4.56E-

07 

0.15 2p11.2 rs2028900 0.04 

Prostate 

Cancer 

Reported 

gene 

MLPH 4.67E-

07 

0.20 2q37.3 rs74001374 0.02 

Prostate 

Cancer 

Reported 

gene 

SPICE1 6.14E-

07 

0.02 3q13.2 rs2271494 0.07 

Prostate 

Cancer 

Reported 

gene 

SPICE1 6.55E-

07 

0.02 3q13.2 rs2271494 0.07 

Prostate 

Cancer 

Reported 

gene 

TRIM26 8.77E-

07 

0.02 6p22.1 rs62407547 0.04 
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Prostate 

Cancer 

Reported 

gene 

ARMC2 9.76E-

07 

0.01 6q21 rs2038542 0.00 

Prostate 

Cancer 

Reported 

gene 

RNF123 1.07E-

06 

0.05 3p21.31 rs397743718 0.11 

Prostate 

Cancer 

Reported 

gene 

PPA2 1.15E-

06 

0.06 4q24 rs17035310 0.23 

Prostate 

Cancer 

Reported 

gene 

NOTCH4 1.22E-

06 

0.05 6p21.32 rs9275160 0.46 

Prostate 

Cancer 

Reported 

gene 

CCHCR1 1.38E-

06 

0.46 6p21.33 rs62407547 0.89 

Prostate 

Cancer 

Reported 

gene 

ZFP36L2 1.45E-

06 

0.08 2p21 rs7591218 0.18 

Prostate 

Cancer 

Reported 

gene 

SIDT1 1.47E-

06 

0.02 3q13.2 rs2271494 0.05 

Lung 

Cancer 

Novel locus TMEM62 3.49E-

18 

0.07 15q15.2 rs66759488 4.10 

Lung 

Cancer 

Novel locus HLA-A 1.55E-

16 

0.89 6p22.1 rs4324798 1.13 

Lung 

Cancer 

Novel locus HLA-A 2.78E-

13 

0.90 6p22.1 rs4324798 1.13 

Lung 

Cancer 

Novel locus PPP1R11 9.01E-

13 

0.02 6p22.1 rs4324798 1.26 

Lung 

Cancer 

Novel locus HLA-A 4.44E-

11 

0.91 6p22.1 rs4324798 1.13 

Lung 

Cancer 

Novel locus BTN2A1 4.91E-

10 

0.01 6p22.2 rs4324798 2.33 

Lung 

Cancer 

Novel locus HLA-A 5.23E-

10 

0.77 6p22.1 rs4324798 1.13 

Lung 

Cancer 

Novel locus FYCO1 3.67E-

09 

0.36 3p21.31 rs141178913 35.99 

Lung 

Cancer 

Novel locus TRIM26 5.32E-

09 

0.13 6p22.1 rs3094604 1.25 

Lung 

Cancer 

Novel locus BTN3A1 2.87E-

08 

0.04 6p22.2 rs4324798 2.39 

Lung 

Cancer 

Novel locus TRIM26 5.26E-

08 

0.16 6p22.1 rs3094604 1.25 

Lung 

Cancer 

Novel locus HLA-A 1.20E-

07 

0.88 6p22.1 rs4324798 1.13 

Lung 

Cancer 

Novel locus FYCO1 7.89E-

07 

0.16 3p21.31 rs141178913 35.99 

Lung 

Cancer 

Novel locus FAM175A 1.15E-

06 

0.04 4q21.23 rs144058808 53.74 
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Lung 

Cancer 

Novel locus CASP8 1.29E-

06 

0.04 2q33.1 rs182939337 15.66 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

IDH3A 2.97E-

17 

0.04 15q25.1 rs8034191 0.34 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

EXOC3 3.67E-

15 

0.01 5p15.33 rs7705526 0.82 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

PRR3 5.22E-

15 

0.01 6p21.33 rs3094604 0.90 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

CYP21A2 1.98E-

14 

0.13 6p21.33 rs3817963 0.36 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

HLA-DMA 5.65E-

11 

0.05 6p21.32 rs2179920 0.12 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

CYP21A2 1.73E-

10 

0.21 6p21.33 rs3817963 0.36 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

HLA-F-AS1 3.58E-

10 

0.08 6p22.1 rs4324798 0.93 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

DDX39B 8.64E-

10 

0.03 6p21.33 rs3094604 0.06 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

BAG6 1.49E-

09 

0.01 6p21.33 rs3117582 0.00 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

DDAH2 2.17E-

09 

0.02 6p21.33 rs3117582 0.07 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

RASGRF1 2.42E-

09 

0.06 15q25.1 rs8042374 0.34 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

C19orf54 1.10E-

08 

0.04 19q13.2 rs56113850 0.10 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

TBC1D2B 1.34E-

08 

0.06 15q24.3-

q25.1 

rs8034191 0.44 
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Lung 

Cancer 

Novel gene 

in GWAS 

locus 

ITPR3 3.98E-

08 

0.03 6p21.31 rs2179920 0.53 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

TAP1 4.91E-

08 

0.05 6p21.32 rs2179920 0.24 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

LST1 5.02E-

08 

0.08 6p21.33 rs3117582 0.06 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

ITPR3 2.06E-

07 

0.02 6p21.31 rs2179920 0.53 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

DDR1 2.51E-

07 

0.02 6p21.33 rs3094604 0.57 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

GPSM3 2.68E-

07 

0.04 6p21.32 rs3817963 0.21 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

CFB 6.67E-

07 

0.02 6p21.33 rs3117582 0.29 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

HLA-DMA 6.99E-

07 

0.08 6p21.32 rs2179920 0.12 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

LST1 1.11E-

06 

0.43 6p21.33 rs3117582 0.06 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

ZSCAN12 1.11E-

06 

0.02 6p22.1 rs4324798 0.41 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

LST1 1.16E-

06 

0.03 6p21.33 rs3117582 0.06 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

HLA-F-AS1 1.35E-

06 

0.19 6p22.1 rs4324798 0.93 

Lung 

Cancer 

Novel gene 

in GWAS 

locus 

LEMD2 1.47E-

06 

0.03 6p21.31 rs2179920 0.68 

Lung 

Cancer 

Reported 

gene 

PSMA4 7.51E-

57 

0.15 15q25.1 rs55781567 0.01 

Lung 

Cancer 

Reported 

gene 

PSMA4 2.29E-

45 

0.04 15q25.1 rs55781567 0.01 
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Lung 

Cancer 

Reported 

gene 

PSMA4 7.90E-

35 

0.26 15q25.1 rs55781567 0.01 

Lung 

Cancer 

Reported 

gene 

FLOT1 2.14E-

20 

0.42 6p21.33 rs3094604 0.72 

Lung 

Cancer 

Reported 

gene 

FLOT1 4.32E-

20 

0.02 6p21.33 rs3094604 0.72 

Lung 

Cancer 

Reported 

gene 

FLOT1 2.80E-

18 

0.47 6p21.33 rs3094604 0.72 

Lung 

Cancer 

Reported 

gene 

FLOT1 3.33E-

18 

0.14 6p21.33 rs3094604 0.72 

Lung 

Cancer 

Reported 

gene 

FLOT1 4.59E-

18 

0.05 6p21.33 rs3094604 0.72 

Lung 

Cancer 

Reported 

gene 

FLOT1 1.03E-

17 

0.21 6p21.33 rs3094604 0.72 

Lung 

Cancer 

Reported 

gene 

FLOT1 1.59E-

17 

0.02 6p21.33 rs3094604 0.72 

Lung 

Cancer 

Reported 

gene 

FLOT1 6.70E-

17 

0.53 6p21.33 rs3094604 0.72 

Lung 

Cancer 

Reported 

gene 

HLA-C 2.77E-

14 

0.76 6p21.33 rs3094604 0.19 

Lung 

Cancer 

Reported 

gene 

HLA-C 2.73E-

13 

0.88 6p21.33 rs3094604 0.19 

Lung 

Cancer 

Reported 

gene 

HLA-B 4.35E-

13 

0.88 6p21.33 rs3094604 0.11 

Lung 

Cancer 

Reported 

gene 

CTSH 7.65E-

13 

0.02 15q25.1 rs8042374 0.31 

Lung 

Cancer 

Reported 

gene 

CTSH 1.20E-

12 

0.01 15q25.1 rs8042374 0.31 

Lung 

Cancer 

Reported 

gene 

FLOT1 3.41E-

12 

0.16 6p21.33 rs3094604 0.72 

Lung 

Cancer 

Reported 

gene 

HLA-C 1.88E-

09 

0.62 6p21.33 rs3094604 0.19 

Lung 

Cancer 

Reported 

gene 

JAML 8.26E-

09 

0.07 11q23.3 rs1056562 0.03 

Lung 

Cancer 

Reported 

gene 

JAML 9.96E-

09 

0.06 11q23.3 rs1056562 0.03 

Lung 

Cancer 

Reported 

gene 

CCHCR1 1.14E-

08 

0.21 6p21.33 rs3094604 0.31 

Lung 

Cancer 

Reported 

gene 

CCHCR1 1.19E-

08 

0.18 6p21.33 rs3094604 0.31 

Lung 

Cancer 

Reported 

gene 

HLA-C 1.36E-

08 

0.61 6p21.33 rs3094604 0.19 
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Lung 

Cancer 

Reported 

gene 

SFTA2 1.38E-

08 

0.11 6p21.33 rs3094604 0.51 

Lung 

Cancer 

Reported 

gene 

JAML 3.60E-

08 

0.06 11q23.3 rs1056562 0.03 

Lung 

Cancer 

Reported 

gene 

ZSCAN26 4.69E-

08 

0.07 6p22.1 rs4324798 0.53 

Lung 

Cancer 

Reported 

gene 

CCHCR1 7.97E-

08 

0.26 6p21.33 rs3094604 0.31 

Lung 

Cancer 

Reported 

gene 

CCHCR1 1.29E-

07 

0.53 6p21.33 rs3094604 0.31 

Lung 

Cancer 

Reported 

gene 

PSORS1C1 2.71E-

07 

0.22 6p21.33 rs3094604 0.33 

Lung 

Cancer 

Reported 

gene 

FGFR1OP 3.89E-

07 

0.04 6q27 rs6920364 0.04 

Lung 

Cancer 

Reported 

gene 

HLA-C 7.90E-

07 

0.84 6p21.33 rs3094604 0.19 

Lung 

Cancer 

Reported 

gene 

CCHCR1 1.43E-

06 

0.01 6p21.33 rs3094604 0.31 

Note: 

a.      P value: derived from 50K, associations, considered statistically significant after a Bonferroni 

correction 

b.      R2: prediction performance of a model for an alternative splice predicted by cis-genetic variants; the 

predictive model with the most significant association was presented. 

c.      Closest risk SNP: identified by previous GWAS or fine-mapping studies. The risk SNP closest to 

the gene is listed. 
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Table A2.5. Association results for genes identified from S-PrediXcan and sTF-TWAS (50K) for brain 

disorders: schizophrenia (SCZ), Alzheimerôs disease (AD) and autism spectrum disorder (ASD). The P-

values are the raw P-values from the Z score test from TWAS (two-sided). 

Traits Model Type Gene Gene name Z score P-value Predictive_r2 

SCZ sTF-TWAS 

(50K) 

ENSG00000278970.1 HEIH -11.83 2.74E-32 0.26 

SCZ sTF-TWAS 

(50K) 

ENSG00000049167.13 ERCC8 -9.51 1.83E-21 0.14 

SCZ sTF-TWAS 

(50K) 

ENSG00000111801.15 BTN3A3 7.91 2.65E-15 0.26 

SCZ sTF-TWAS 

(50K) 

ENSG00000272462.2 U91328.19 6.76 1.38E-11 0.61 

SCZ sTF-TWAS 

(50K) 

ENSG00000197258.5 EIF4BP6 6.44 1.20E-10 0.09 

SCZ sTF-TWAS 

(50K) 

ENSG00000197302.10 ZNF720 5.80 6.60E-09 0.07 

SCZ sTF-TWAS 

(50K) 

ENSG00000271755.1 RP1-

153G14.4 

-5.72 1.07E-08 0.37 

SCZ sTF-TWAS 

(50K) 

ENSG00000158286.12 RNF207 -5.61 1.98E-08 0.09 

SCZ sTF-TWAS 

(50K) 

ENSG00000228223.2 HCG11 -5.58 2.45E-08 0.04 

SCZ sTF-TWAS 

(50K) 

ENSG00000242574.8 HLA-DMB 5.32 1.03E-07 0.04 

SCZ sTF-TWAS 

(50K) 

ENSG00000092020.10 PPP2R3C 5.27 1.40E-07 0.17 

SCZ sTF-TWAS 

(50K) 

ENSG00000114378.16 HYAL1 -5.19 2.07E-07 0.04 

SCZ sTF-TWAS 

(50K) 

ENSG00000165502.6 RPL36AL 5.00 5.61E-07 0.38 

SCZ sTF-TWAS 

(50K) 

ENSG00000186162.10 CIDECP -4.89 1.03E-06 0.30 

SCZ sTF-TWAS 

(50K) 

ENSG00000125447.16 GGA3 -4.81 1.54E-06 0.20 

SCZ sTF-TWAS 

(50K) 

ENSG00000223500.1 AC083862.6 4.79 1.68E-06 0.08 

SCZ sTF-TWAS 

(50K) 

ENSG00000105717.13 PBX4 4.72 2.30E-06 0.12 

SCZ sTF-TWAS 

(50K) 

ENSG00000275371.1 RP11-

455F5.6 

4.66 3.11E-06 0.23 

SCZ sTF-TWAS 

(50K) 

ENSG00000216915.2 GPR89P -4.62 3.80E-06 0.06 
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SCZ sTF-TWAS 

(50K) 

ENSG00000224389.8 C4B 4.62 3.89E-06 0.06 

SCZ S-PrediXcan ENSG00000238245.2 MYO5BP2 7.05 1.81E-12 0.03 

SCZ S-PrediXcan ENSG00000010704.18 HFE -5.09 3.66E-07 0.18 

SCZ S-PrediXcan ENSG00000283020.1 DUX4L37 -4.95 7.42E-07 0.07 

AD sTF-TWAS 

(50K) 

ENSG00000130202.9 NECTIN2 27.01 1.06E-160 0.06 

AD sTF-TWAS 

(50K) 

ENSG00000167380.16 ZNF226 -22.11 2.32E-108 0.06 

AD sTF-TWAS 

(50K) 

ENSG00000125740.13 FOSB -19.30 5.34E-83 0.06 

AD sTF-TWAS 

(50K) 

ENSG00000159905.14 ZNF221 11.96 5.79E-33 0.14 

AD sTF-TWAS 

(50K) 

ENSG00000266903.1 CTB-

171A8.1 

-11.69 1.52E-31 0.10 

AD sTF-TWAS 

(50K) 

ENSG00000213889.10 PPM1N -11.38 5.28E-30 0.13 

AD sTF-TWAS 

(50K) 

ENSG00000104884.14 ERCC2 11.22 3.42E-29 0.11 

AD sTF-TWAS 

(50K) 

ENSG00000130203.9 APOE 9.32 1.15E-20 0.04 

AD sTF-TWAS 

(50K) 

ENSG00000234906.9 APOC2 -8.71 2.99E-18 0.19 

AD sTF-TWAS 

(50K) 

ENSG00000142252.10 GEMIN7 -5.93 3.12E-09 0.19 

AD sTF-TWAS 

(50K) 

ENSG00000267058.1 RP11-

15A1.3 

5.91 3.40E-09 0.18 

AD sTF-TWAS 

(50K) 

ENSG00000197882.3 OR7E13P -5.35 8.67E-08 0.04 

AD sTF-TWAS 

(50K) 

ENSG00000125755.18 SYMPK -5.20 2.00E-07 0.08 

AD sTF-TWAS 

(50K) 

ENSG00000108556.7 CHRNE -4.89 1.02E-06 0.34 

AD sTF-TWAS 

(50K) 

ENSG00000102886.14 GDPD3 4.82 1.44E-06 0.13 

AD sTF-TWAS 

(50K) 

ENSG00000188659.9 SAXO2 4.79 1.64E-06 0.24 

AD sTF-TWAS 

(50K) 

ENSG00000172543.7 CTSW -4.73 2.22E-06 0.07 

AD sTF-TWAS 

(50K) 

ENSG00000104853.15 CLPTM1 4.73 2.29E-06 0.10 

AD sTF-TWAS 

(50K) 

ENSG00000234327.7 AC012146.7 4.71 2.43E-06 0.04 



180 
 

AD sTF-TWAS 

(50K) 

ENSG00000267508.5 ZNF285 -4.66 3.14E-06 0.12 

AD sTF-TWAS 

(50K) 

ENSG00000159915.12 ZNF233 4.66 3.17E-06 0.16 

AD sTF-TWAS 

(50K) 

ENSG00000156886.11 ITGAD -4.61 4.05E-06 0.25 

AD sTF-TWAS 

(50K) 

ENSG00000124459.11 ZNF45 4.61 4.09E-06 0.12 

AD S-PrediXcan ENSG00000277806.1 RP11-

15A1.8 

29.25 3.91E-188 0.02 

AD S-PrediXcan ENSG00000186567.12 CEACAM19 10.13 4.07E-24 0.18 

AD S-PrediXcan ENSG00000104859.14 CLASRP -9.48 2.60E-21 0.10 

AD S-PrediXcan ENSG00000266903.1 CTB-

171A8.1 

9.47 2.82E-21 0.78 

AD S-PrediXcan ENSG00000159905.14 ZNF221 9.45 3.24E-21 0.37 

AD S-PrediXcan ENSG00000130202.9 NECTIN2 9.40 5.60E-21 0.11 

AD S-PrediXcan ENSG00000007255.10 TRAPPC6A 8.97 2.95E-19 0.16 

AD S-PrediXcan ENSG00000203710.10 CR1 8.65 5.31E-18 0.15 

AD S-PrediXcan ENSG00000167380.16 ZNF226 -8.60 8.21E-18 0.17 

AD S-PrediXcan ENSG00000136717.14 BIN1 7.65 2.07E-14 0.03 

AD S-PrediXcan ENSG00000104853.15 CLPTM1 5.97 2.37E-09 0.21 

AD S-PrediXcan ENSG00000170684.8 ZNF296 5.84 5.37E-09 0.23 

AD S-PrediXcan ENSG00000176761.7 ZNF285B -5.34 9.24E-08 0.37 

AD S-PrediXcan ENSG00000279103.1 CTC-

204F22.1 

-5.08 3.74E-07 0.12 

AD S-PrediXcan ENSG00000234327.7 AC012146.7 5.08 3.79E-07 0.15 

AD S-PrediXcan ENSG00000213889.10 PPM1N -5.05 4.33E-07 0.26 

ASD sTF-TWAS 

(50K) 

ENSG00000101773.18 RBBP8 -10.56 4.48E-26 0.09 

ASD sTF-TWAS 

(50K) 

ENSG00000166503.8 RP11-

382A20.3 

-7.47 8.24E-14 0.23 

ASD sTF-TWAS 

(50K) 

ENSG00000151834.15 GABRA2 7.32 2.39E-13 0.09 

ASD sTF-TWAS 

(50K) 

ENSG00000225725.4 FAM66E 5.55 2.87E-08 0.24 

ASD sTF-TWAS 

(50K) 

ENSG00000223572.9 CKMT1A 4.97 6.81E-07 0.39 

ASD sTF-TWAS 

(50K) 

ENSG00000132781.17 MUTYH -4.77 1.88E-06 0.13 

ASD S-PrediXcan ENSG00000280425.2 RP11-

446E24.3 

-3.88 1.05E-06 0.02 
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Table A3.1. Key sources for transTF-TWAS. 

1.   GWAS resources 

Disease Sample size Consortium Link 

Breast cacner 247,173 BCAC http://apps.ccge.medschl.cam.ac.uk/con

sortia/bcac/ 

Prostate cancer 140,306 PRACTICAL http://practical.icr.ac.uk/ blog/ 

Lung cancer 85,716 TRICL-ILCCO and 

LC3 

https://ilcco.iarc.fr/ 

Schizophrenia 70,100 PGC https://pgc.unc.edu/ 

Alzheimer's 

disease 

22,246 PGC https://pgc.unc.edu/ 

Autism spectrum 

disorder 

10,263 PGC https://pgc.unc.edu/ 

 

2.   Epigenetic resources 

Data Description Link 

ChIP-seq 

data of 

transcripti

on factors 

CISTROME: The cistrome 

refers to "the set of cis-

acting targets of a trans-

acting factor on a genome-

wide scale, also known as 

the in vivo genome-wide 

location of transcription 

factor binding-sites or 

histone modifications" 

http://cistrome.org/  

DNase I 

hypersens

itive sites 

(DHSs) 

regions 

This data contains ~3.6M 

DHSs regions, and we only 

kept ñCancer/epithelialò 

related DHSs regions for 

breast, prostate and lung 

cancers. 

https://www.meuleman.org/research/dhsindex/ 

Enhancer 

regions 

This data contains ~2M 

non-tissue specific 

enhancers regions 

http://compbio.mit.edu/epimap/  

Promoter 

regions 

This data contains all 

CAGE peak regions 

downloaded from 

FANTOM5, and all regions 

within transcription start 

site (TSS) +/-2K for each 

gene 

https://fantom.gsc.riken.jp/5/data/ 

http://apps.ccge.medschl.cam.ac.uk/consortia/bcac/
http://apps.ccge.medschl.cam.ac.uk/consortia/bcac/
http://practical.icr.ac.uk/%20blog/
https://ilcco.iarc.fr/
https://pgc.unc.edu/
https://pgc.unc.edu/
https://pgc.unc.edu/
http://cistrome.org/
https://www.meuleman.org/research/dhsindex/
http://compbio.mit.edu/epimap/
https://fantom.gsc.riken.jp/5/data/
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3D 

genomics 

informed 

regions 

Hi-C measures the 

frequency at which two 

DNA fragments physically 

associate in 3D space, 

linking chromosomal 

structure directly to the 

genomic sequence 

https://4dgenome.research.chop.edu/Tables/4DGenome_H

omoSapiens_hg19.txt .  

  
 https://www.nature.com/articles/s41467-019-12079-8 

Enhancer-

gene 

linking 

group 

The data contains EpiMap 

enhancers based on 

expression-enhancer 

activity correlation across 

833 cell-types.  

https://personal.broadinstitute.org/cboix/epimap/links/links

_corr_only/.  

Expressio

n 

quantitati

ve trait 

loci 

(eQTLs) 

Significant variant-gene 

pairs (eQTLs), we included 

all variants to gene pairs 

with nominal p-value <0.05, 

and ensure that the variants 

sit within +/- 1M of the 

gene body; 

https://www.gtexportal.org/home/datasets/)  

  
https://www.eqtlgen.org/cis-eqtls.html 

 

3.   Gene expression resources 

Tissue type Sample size Consortium 

Breast tissue 151 GTEx 

Prostate tissue 221 GTEx 

Lung tissue 515 GTEx 

Brain cortex tissue 205 GTEx 

Breast  normal tissue 181 KOME 

 

4.   Functional annotations 

Data Link 

Cancer driver genes Downloaded from literatures PMID: 30096302  and PMID: 

32015527 

Gene Set Enrichment Analysis 

(GSEA) 

http://www.gsea-msigdb.org/gsea/index.jsp 

COSMIC https://cancer.sanger.ac.uk/census 

DepMap Public 21Q4 https://depmap.org/portal/ 

 

5.   Tools 

Name Link 

PLINK https://zzz.bwh.harvard.edu/plink/  

https://4dgenome.research.chop.edu/Tables/4DGenome_HomoSapiens_hg19.txt
https://4dgenome.research.chop.edu/Tables/4DGenome_HomoSapiens_hg19.txt
https://www.nature.com/articles/s41467-019-12079-8
https://personal.broadinstitute.org/cboix/epimap/links/links_corr_only/
https://personal.broadinstitute.org/cboix/epimap/links/links_corr_only/
https://personal.broadinstitute.org/cboix/epimap/links/links_corr_only/
https://personal.broadinstitute.org/cboix/epimap/links/links_corr_only/
https://personal.broadinstitute.org/cboix/epimap/links/links_corr_only/
https://personal.broadinstitute.org/cboix/epimap/links/links_corr_only/
https://personal.broadinstitute.org/cboix/epimap/links/links_corr_only/
https://www.gtexportal.org/home/datasets
https://www.eqtlgen.org/cis-eqtls.html
http://www.gsea-msigdb.org/gsea/index.jsp
https://cancer.sanger.ac.uk/census
https://depmap.org/portal/
https://zzz.bwh.harvard.edu/plink/
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PEER https://github.com/PMBio/peer/wiki/Tutorial 

PUMICE https://github.com/ckhunsr1/PUMICE/ 

PrediXcan https://github.com/hakyim/PrediXcan  

sTF-TWAS https://github.com/theLongLab/TF-TWAS  
https://github.com/XingyiGuo/TF-TWAS/ 

transTF-

TWAS 

https://github.com/theLongLab/transTF-TWAS 

https://github.com/XingyiGuo/transTF-TWAS/ 

https://github.com/PMBio/peer/wiki/Tutorial
https://github.com/ckhunsr1/PUMICE/
https://github.com/hakyim/PrediXcan
https://github.com/theLongLab/TF-TWAS
https://github.com/XingyiGuo/transTF-TWAS/
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Table A3.2. Lead variants supported by transcriptional factor. 

Cancer type TF Lead variants Support 

Breast cancer ESR1 rs75859313 4D 

Breast cancer ESR1 rs9479090 Enhancer_Gene_Link 

Breast cancer ESR1 rs851970 eQTL 

Breast cancer ESR1 rs851970 Promoter 

Breast cancer ESR1 rs9397069 Enhancer_Gene_Link 

Breast cancer ESR1 rs75356952 4D 

Breast cancer ESR1 rs61176871 Enhancer_Gene_Link 

Breast cancer ESR1 rs9397068 Enhancer_Gene_Link 

Breast cancer ESR1 rs9397068 4D 

Breast cancer ESR1 rs576330 4D 

Breast cancer ESR1 rs59623026 Promoter 

Breast cancer ESR1 rs6914432 4D 

Breast cancer ESR1 rs12663827 Enhancer_Gene_Link 

Breast cancer ESR1 rs3020339 Enhancer_Gene_Link 

Breast cancer ESR1 rs56681564 4D 

Breast cancer ESR1 rs146355230 Enhancer_Gene_Link 

Breast cancer ESR1 rs34978802 4D 

Breast cancer ESR1 rs851971 Promoter 

Breast cancer ESR1 rs76955876 Promoter 

Breast cancer ESR1 rs10484920 Promoter 

Breast cancer ESR1 rs115453059 Enhancer_Gene_Link 

Breast cancer ESR1 rs80234160 Enhancer_Gene_Link 

Breast cancer ESR1 rs2504072 eQTL 

Breast cancer ESR1 rs1999805 eQTL 

Breast cancer ESR1 rs1825368 4D 

Breast cancer FOXA1 rs1749935 4D 

Breast cancer FOXA1 rs571874359 4D 

Breast cancer FOXA1 rs7144852 4D 

Breast cancer FOXA1 rs848087 4D 

Breast cancer FOXA1 rs76470659 Promoter 

Breast cancer FOXM1 rs3794296 eQTL 

Breast cancer GATA2 rs10934838 eQTL 

Breast cancer GATA2 rs74501258 eQTL 

Breast cancer GATA2 rs2811475 eQTL 

Breast cancer GATA3 rs17145088 4D 

Breast cancer GREB1 rs73917221 Promoter 

Breast cancer GREB1 rs73917221 Enhancer_Gene_Link 

Breast cancer HDAC2 rs7747961 eQTL 

Breast cancer NKX3-1 rs77096235 eQTL 

Breast cancer NKX3-1 rs77096235 Promoter 
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Breast cancer NKX3-1 rs11781886 eQTL 

Breast cancer NKX3-1 rs11781886 Promoter 

Breast cancer NKX3-1 rs28623239 eQTL 

Breast cancer NKX3-1 rs62501649 eQTL 

Breast cancer NKX3-1 rs1810193 eQTL 

Breast cancer NKX3-1 rs4242400 eQTL 

Breast cancer NKX3-1 rs4872167 eQTL 

Breast cancer NKX3-1 rs2942219 eQTL 

Breast cancer NKX3-1 rs2978487 eQTL 

Breast cancer NKX3-1 rs4872162 eQTL 

Breast cancer POLR2A rs7338 eQTL 

Breast cancer TCF7L2 rs7899529 Enhancer_Gene_Link 

Breast cancer TCF7L2 rs76642887 Enhancer_Gene_Link 

Breast cancer TCF7L2 rs17769979 4D 

Breast cancer TCF7L2 rs4402225 Enhancer_Gene_Link 

Breast cancer TCF7L2 rs1472751 4D 

Breast cancer TCF7L2 rs141549560 Enhancer_Gene_Link 

Breast cancer TCF7L2 rs56299331 Enhancer_Gene_Link 

Breast cancer TCF7L2 rs7898648 Enhancer_Gene_Link 

Breast cancer TCF7L2 rs12762233 Enhancer_Gene_Link 

Breast cancer TCF12 rs189458842 Promoter 

Breast cancer ZNF217 rs1293153 Enhancer_Gene_Link 

Prostate cancer NKX3-1 rs77096235 eQTL 

Prostate cancer NKX3-1 rs77096235 Promoter 

Prostate cancer NKX3-1 rs11781886 eQTL 

Prostate cancer NKX3-1 rs11781886 Promoter 

Prostate cancer NKX3-1 rs28623239 eQTL 

Prostate cancer NKX3-1 rs62501649 eQTL 

Prostate cancer NKX3-1 rs1810193 eQTL 

Prostate cancer NKX3-1 rs4242400 eQTL 

Prostate cancer NKX3-1 rs4872167 eQTL 

Prostate cancer NKX3-1 rs2942219 eQTL 

Prostate cancer NKX3-1 rs2978487 eQTL 

Prostate cancer NKX3-1 rs4872162 eQTL 

Prostate cancer FOXA1 rs376616750 Promoter 

Prostate cancer GATA2 rs10934838 eQTL 

Prostate cancer GATA2 rs74501258 eQTL 

Prostate cancer GATA2 rs2811475 eQTL 

Prostate cancer POLR2A rs7338 eQTL 

Prostate cancer RELA rs537786 eQTL 
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Table A3.3. Putative susceptibility genes identified from transTF-TWAS, at a Bonferroni-corrected P < 

0.05 (gene expression prediction at R2 > 0.01). The P-values are the raw P-values from the Z score test 

from TWAS. 

Cancer 

Type 

Reported 

Status 

Region Gene P-value a R2 b Closet risk 

SNP c 

Distanc

e to the 

closet 

risk 

SNP 

(Mb) 

Breast 

cancer 

Novel 

locus 

8q24.3 LY6K 1.53E-60 0.12 rs11780156 14.52 

Breast 

cancer 

Novel 

locus 

8p23.1 AF131216.6 2.52E-33 0.06 rs66823261 11.10 

Breast 

cancer 

Novel 

locus 

11q13.2 C11orf80 7.96E-33 0.11 rs3903072 1.03 

Breast 

cancer 

Novel 

locus 

5q31.1 PCBD2 3.71E-31 0.26 rs6596100 1.83 

Breast 

cancer 

Novel 

locus 

19q13.11 WDR88 2.92E-30 0.04 rs113701136 3.35 

Breast 

cancer 

Novel 

locus 

6p21.31 RP3-510O8.4 1.32E-25 0.22 rs17215231 2.46 

Breast 

cancer 

Novel 

locus 

5q33.2 FAM114A2 4.41E-21 0.06 rs1432679 4.78 

Breast 

cancer 

Novel 

locus 

12q24.22 RP11-

497G19.1 

1.09E-20 0.14 rs1292011 1.26 

Breast 

cancer 

Novel 

locus 

9q21.11 RP11-88I18.3 2.98E-20 0.15 rs4742903 35.67 

Breast 

cancer 

Novel 

locus 

19p13.2 PIN1 2.38E-19 0.25 rs322144 1.46 

Breast 

cancer 

Novel 

locus 

3q12.3 ZBTB11 3.60E-19 0.03 rs9833888 1.64 

Breast 

cancer 

Novel 

locus 

3q22.3 PCCB 5.94E-18 0.01 rs34207738 5.06 

Breast 

cancer 

Novel 

locus 

18p11.21 RP11-53B2.2 8.37E-18 0.11 rs206435 3.13 

Breast 

cancer 

Novel 

locus 

10q22.1 HK1 1.71E-17 0.14 rs10995201 6.73 

Breast 

cancer 

Novel 

locus 

4q34.1 SCRG1 1.87E-16 0.13 rs6828523 1.52 

Breast 

cancer 

Novel 

locus 

7p14.1 RP11-

111K18.2 

4.51E-16 0.21 rs17156577 14.58 
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Breast 

cancer 

Novel 

locus 

17p13.1 TMEM220-

AS1 

6.27E-16 0.07 rs78378222 3.06 

Breast 

cancer 

Novel 

locus 

2q24.2 TANC1 1.48E-15 0.16 rs2016394 12.88 

Breast 

cancer 

Novel 

locus 

3q26.1 BCHE 3.82E-14 0.04 rs58058861 6.73 

Breast 

cancer 

Novel 

locus 

14q24.2 PSEN1 5.97E-14 0.27 rs999737 4.57 

Breast 

cancer 

Novel 

locus 

5q13.3 PDE8B 1.22E-13 0.28 rs7707921 4.81 

Breast 

cancer 

Novel 

locus 

9q21.32 RP11-

439K3.3 

1.92E-13 0.03 rs4742903 20.82 

Breast 

cancer 

Novel 

locus 

1q42.12 SDE2 2.07E-13 0.33 rs11117758 8.94 

Breast 

cancer 

Novel 

locus 

17q21.31 HEXIM2 2.61E-13 0.42 rs2532263 1.01 

Breast 

cancer 

Novel 

locus 

15q21.2 MAPK6 2.65E-13 0.31 rs2290203 38.90 

Breast 

cancer 

Novel 

locus 

1q42.12 PARP1 3.17E-13 0.14 rs11117758 9.31 

Breast 

cancer 

Novel 

locus 

7q33 AKR1B15 4.25E-13 0.33 rs4593472 3.57 

Breast 

cancer 

Novel 

locus 

5q31.2 CDC23 4.34E-13 0.02 rs6596100 5.12 

Breast 

cancer 

Novel 

locus 

16q22.1 DPEP2 9.79E-13 0.11 rs2432539 11.60 

Breast 

cancer 

Novel 

locus 

3q21.2 SLC12A8 9.88E-13 0.27 rs34207738 16.18 

Breast 

cancer 

Novel 

locus 

6q27 XXyac-

YX65C7_A.2 

9.90E-13 0.16 rs2747652 17.10 

Breast 

cancer 

Novel 

locus 

11q13.4 PPME1 1.20E-12 0.04 rs75915166 4.61 

Breast 

cancer 

Novel 

locus 

10p14 SFMBT2 1.88E-12 0.22 rs2380205 1.31 

Breast 

cancer 

Novel 

locus 

8q24.3 ZNF707 3.60E-12 0.06 rs11780156 15.50 

Breast 

cancer 

Novel 

locus 

9q22.32 ZNF169 5.51E-12 0.10 rs4742903 9.79 

Breast 

cancer 

Novel 

locus 

19q13.42 PRKCG 9.33E-12 0.06 rs126361962

4 

8.20 

Breast 

cancer 

Novel 

locus 

17q21.2 KRT23 3.54E-11 0.08 rs72826962 1.75 
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Breast 

cancer 

Novel 

locus 

2p11.2 TMSB10 1.38E-10 0.26 rs899491003 15.74 

Breast 

cancer 

Novel 

locus 

12q23.3 RP11-

864J10.4 

2.60E-10 0.07 rs11065822 3.40 

Breast 

cancer 

Novel 

locus 

9p21.1 LINGO2 9.32E-10 0.07 rs1011970 5.89 

Breast 

cancer 

Novel 

locus 

9q22.33 TSTD2 9.68E-10 0.16 rs4742903 6.46 

Breast 

cancer 

Novel 

locus 

1p36.31 PHF13 1.79E-09 0.03 rs616488 3.88 

Breast 

cancer 

Novel 

locus 

13q34 LAMP1 2.15E-09 0.08 rs6562760 39.91 

Breast 

cancer 

Novel 

locus 

6p21.33 LY6G6C 4.60E-09 0.07 rs17215231 1.55 

Breast 

cancer 

Novel 

locus 

3p22.3 SUSD5 5.08E-09 0.11 rs12493607 2.51 

Breast 

cancer 

Novel 

locus 

15q14 LINC01852 6.59E-09 0.04 rs2290203 52.90 

Breast 

cancer 

Novel 

locus 

12q13.2 BLOC1S1 1.01E-08 0.07 rs1027113 26.73 

Breast 

cancer 

Novel 

locus 

20q13.33 RBBP8NL 1.08E-08 0.50 rs13039563 8.73 

Breast 

cancer 

Novel 

locus 

15q15.1 DISP2 1.23E-08 0.20 rs2290203 50.59 

Breast 

cancer 

Novel 

locus 

6p24.1 EDN1 1.40E-08 0.03 rs204247 1.43 

Breast 

cancer 

Novel 

locus 

14q11.2 TPPP2 1.63E-08 0.17 rs752059786 15.63 

Breast 

cancer 

Novel 

locus 

9q34.11 SET 3.27E-08 0.15 rs10760444 2.05 

Breast 

cancer 

Novel 

locus 

19q13.41 ZNF614 3.38E-08 0.30 rs126361962

4 

6.33 

Breast 

cancer 

Novel 

locus 

17p11.2 TVP23B 3.72E-08 0.53 rs78378222 11.11 

Breast 

cancer 

Novel 

locus 

2q36.1 MOGAT1 4.17E-08 0.41 rs12479355 3.65 

Breast 

cancer 

Novel 

locus 

12q21.2 CSRP2 5.02E-08 0.10 rs202049448 7.74 

Breast 

cancer 

Novel 

locus 

3q29 NRROS 5.52E-08 0.12 rs58058861 24.07 

Breast 

cancer 

Novel 

locus 

12q13.13 RARG 5.91E-08 0.30 rs1027113 24.22 
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Breast 

cancer 

Novel 

locus 

19q13.42 CTD-

2537I9.12 

7.10E-08 0.26 rs126361962

4 

9.98 

Breast 

cancer 

Novel 

locus 

10q21.2 TMEM26 8.27E-08 0.11 rs10995201 1.09 

Breast 

cancer 

Novel 

locus 

14q24.2 SMOC1 9.72E-08 0.19 rs999737 1.29 

Breast 

cancer 

Novel 

locus 

1p36.13 PADI3 1.25E-07 0.06 rs2992756 1.20 

Breast 

cancer 

Novel 

locus 

8q24.3 JRK 1.56E-07 0.03 rs11780156 14.48 

Breast 

cancer 

Novel 

locus 

14q32.33 PPP1R13B 1.74E-07 0.34 rs10623258 1.09 

Breast 

cancer 

Novel 

locus 

1p22.1 BTBD8 1.77E-07 0.29 rs17426269 4.39 

Breast 

cancer 

Novel 

locus 

19p13.3 TNFSF14 1.97E-07 0.24 rs322144 4.64 

Breast 

cancer 

Novel 

locus 

20q11.23 SOGA1 2.60E-07 0.07 rs6065254 3.76 

Breast 

cancer 

Novel 

locus 

10q11.21 LINC00840 3.56E-07 0.14 rs10995201 18.64 

Breast 

cancer 

Novel 

locus 

19q13.11 CTD-

2553L13.5 

3.74E-07 0.10 rs113701136 4.86 

Breast 

cancer 

Novel 

locus 

3p21.2 DCAF1 4.33E-07 0.07 rs6796502 4.57 

Breast 

cancer 

Novel 

locus 

7q11.23 WBSCR27 5.70E-07 0.72 rs78816009 1.08 

Breast 

cancer 

Novel 

locus 

12q14.1 RP11-

767I20.1 

5.72E-07 0.16 rs202049448 25.83 

Breast 

cancer 

Novel 

locus 

11p14.1 RP11-

159H22.2 

7.30E-07 0.09 rs10838267 16.86 

Breast 

cancer 

Novel 

locus 

12q23.2 DRAM1 7.42E-07 0.09 rs17356907 6.24 

Breast 

cancer 

Novel 

locus 

10p12.1 RAB18 1.06E-06 0.40 rs11814448 5.48 

Breast 

cancer 

Novel 

locus 

9q34.3 TOR4A 1.28E-06 0.04 rs146178028

5 

4.00 

Breast 

cancer 

Novel 

locus 

1p35.1 RBBP4 1.28E-06 0.06 rs4233486 8.23 

Breast 

cancer 

Novel 

locus 

1p32.3 HSPB11 1.35E-06 0.25 rs373040997 3.54 

Breast 

cancer 

Novel 

locus 

12q13.12 LETMD1 1.37E-06 0.07 rs1027113 22.06 
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Breast 

cancer 

Novel 

locus 

16p13.3 LA16c-

380F5.3 

3.12E-06 0.16 rs11076805 2.50 

Breast 

cancer 

Novel 

locus 

12q24.11 FAM222A-

AS1 

4.22E-06 0.17 rs11065822 1.39 

Breast 

cancer 

Novel 

locus 

11q23.3 SIDT2 4.31E-06 0.17 rs7924772 3.17 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

5p15.33 CTD-

2245E15.3 

1.37E-26 0.23 rs397956230 0.25 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

22q13.2 DNAJB7 1.27E-25 0.05 rs6001930 0.38 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

17q25.3 C1QTNF1-

AS1 

2.76E-24 0.03 rs745570 0.78 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

18p11.22 RP11-

474N24.6 

2.99E-22 0.11 rs206435 0.44 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

19q13.32 CTC-

344H19.4 

1.21E-18 0.19 rs126361962

4 

0.35 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

7q22.1 AC004893.11 1.04E-16 0.23 rs398067103 0.62 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

11p15.5 LRRC56 9.15E-13 0.21 rs6597981 0.25 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

19p13.11 TMEM59L 2.72E-12 0.20 rs4808801 0.15 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

6p21.32 WDR46 5.28E-12 0.14 rs17215231 0.01 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

8q24.13 TBC1D31 2.73E-11 0.14 rs58847541 0.45 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

16q12.2 IRX6 9.86E-11 0.03 rs28539243 0.68 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

3p21.31 CCR1 7.63E-10 0.15 rs6796502 0.62 
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Breast 

cancer 

Novel gene 

in GWAS 

locus 

3p26.1 BHLHE40 4.91E-09 0.37 rs6762644 0.28 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

18q21.1 RN7SKP26 2.49E-08 0.02 rs17743054 0.67 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

1q43 OPN3 4.36E-08 0.29 rs72755295 0.19 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

17p13.1 DNAH2 1.17E-07 0.66 rs78378222 0.05 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

6q25.2 MTRF1L 2.77E-07 0.17 rs2747652 0.87 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

22q13.31 CTA-29F11.1 1.27E-06 0.38 rs28512361 0.87 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

5q11.2 PLK2 1.48E-06 0.25 rs10472076 0.43 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

10p12.31 RP11-

573G6.6 

1.68E-06 0.06 rs11814448 0.23 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

12p12.3 HIST4H4 2.41E-06 0.26 rs12422552 0.51 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

14q32.33 RP11-

521B24.5 

3.62E-06 0.13 rs10623258 0.72 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

17q22 RP11-

515O17.2 

4.83E-06 0.04 rs2787486 0.14 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

5q31.1 UQCRQ 1.92E-06 0.02 rs6596100 0.20 

Breast 

cancer 

Reported 

gene 

22q13.2 TEF 2.74E-32 0.05 rs73161324 0.24 

Breast 

cancer 

Reported 

gene 

19p13.11 TM6SF2 1.66E-15 0.04 rs2965183 0.16 

Breast 

cancer 

Reported 

gene 

10q26.12 RP11-95I16.6 1.22E-14 0.02 rs11199914 0.35 
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Breast 

cancer 

Reported 

gene 

12p13.1 GRIN2B 1.96E-11 0.05 rs12422552 0.28 

Breast 

cancer 

Reported 

gene 

17q21.31 PLEKHM1 9.66E-11 0.05 rs2532263 0.68 

Breast 

cancer 

Reported 

gene 

17q21.31 ARL17A 9.70E-11 0.15 rs2532263 0.34 

Breast 

cancer 

Reported 

gene 

19p13.11 SUGP1 1.02E-10 0.04 rs2965183 0.11 

Breast 

cancer 

Reported 

gene 

17q21.31 LRRC37A 1.32E-10 0.24 rs2532263 0.12 

Breast 

cancer 

Reported 

gene 

17q21.31 RP11-

707O23.1 

1.95E-10 0.42 rs2532263 0.58 

Breast 

cancer 

Reported 

gene 

17q21.31 LRRC37A2 4.72E-10 0.61 rs2532263 0.34 

Breast 

cancer 

Reported 

gene 

17q21.31 FAM215B 5.48E-10 0.04 rs2532263 0.38 

Breast 

cancer 

Reported 

gene 

14q24.1 CTD-

2566J3.1 

1.16E-09 0.12 rs2588809 0.06 

Breast 

cancer 

Reported 

gene 

17q21.31 CRHR1 1.67E-09 0.14 rs2532263 0.34 

Breast 

cancer 

Reported 

gene 

1p33 NSUN4 4.82E-09 0.10 rs1707302 0.20 

Breast 

cancer 

Reported 

gene 

17q21.32 WNT3 1.12E-08 0.05 rs2532263 0.59 

Breast 

cancer 

Reported 

gene 

17q21.31 KANSL1-AS1 1.52E-08 0.67 rs2532263 0.02 

Breast 

cancer 

Reported 

gene 

1p36.13 KLHDC7A 4.42E-08 0.19 rs2992756 0.00 

Breast 

cancer 

Reported 

gene 

17q21.32 WNT9B 4.45E-08 0.03 rs2532263 0.66 

Breast 

cancer 

Reported 

gene 

10q26.12 WDR11-AS1 8.16E-08 0.05 rs11199914 0.48 

Breast 

cancer 

Reported 

gene 

17q21.31 NSF 1.00E-06 0.05 rs2532263 0.42 

Breast 

cancer 

Reported 

gene 

20q13.33 RGS19 2.36E-06 0.03 rs13039563 10.39 

Breast 

cancer 

Reported 

gene 

5q31.1 KIF3A 1.29E-07 0.02 rs6596100 0.33 

Breast 

cancer 

Reported 

gene 

2q31.1 CYBRD1 5.49E-08 0.04 rs2016394 0.55 

Breast 

cancer 

Reported 

gene 

7q21.3 BET1 3.16E-07 0.02 rs17268829 0.48 
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Breast 

cancer 

Reported 

gene 

16q22.2 PHLPP2 1.50E-07 0.02 rs13329835 8.89 

Breast 

cancer 

Reported 

gene 

9q21.12 RP11-

109D9.4 

5.78E-07 0.02 rs4742903 34.42 

Breast 

cancer 

Reported 

gene 

1q22 UBQLN4 2.84E-06 0.35 rs4971059 0.86 

Breast 

cancer 

Reported 

gene 

16q12.2 RP11-

44F14.6 

1.60E-20 0.02 rs17817449 0.29 

Breast 

cancer 

Reported 

gene 

6p22.2 BTN3A2 1.66E-06 0.06 rs71557345 0.30 

Breast 

cancer 

Reported 

gene 

22q13.1 LGALS2 4.97E-08 0.05 rs738321 0.59 

Breast 

cancer 

Reported 

gene 

5p12 RP11-

53O19.1 

5.39E-46 0.08 rs10941679 0.04 

Breast 

cancer 

Reported 

gene 

10q26.12 RP11-95I16.4 2.07E-44 0.15 rs11199914 0.45 

Breast 

cancer 

Reported 

gene 

12p11.22 RP11-

967K21.1 

3.44E-18 0.01 rs7297051 0.14 

Breast 

cancer 

Reported 

gene 

2q33.1 ALS2CR12 3.27E-16 0.19 rs1830298 0.03 

Breast 

cancer 

Reported 

gene 

2q33.1 CASP8 2.41E-15 0.21 rs1830298 0.03 

Breast 

cancer 

Reported 

gene 

19p13.11 IL12RB1 2.72E-14 0.09 rs4808801 0.36 

Breast 

cancer 

Reported 

gene 

10q26.13 ARMS2 2.19E-13 0.08 rs45631563 0.86 

Breast 

cancer 

Reported 

gene 

14q32.11 NRDE2 1.46E-12 0.02 rs941764 1.04 

Breast 

cancer 

Reported 

gene 

17q22 RP11-

257O5.2 

7.26E-10 0.23 rs2787486 0.17 

Breast 

cancer 

Reported 

gene 

6q25.1 RN7SKP268 9.24E-09 0.07 rs3757322 0.30 

Breast 

cancer 

Reported 

gene 

15q26.1 CTD-

3065B20.3 

1.38E-08 0.23 rs2290203 0.35 

Breast 

cancer 

Reported 

gene 

3p24.1 LRRC3B 2.08E-08 0.11 rs4973768 0.66 

Breast 

cancer 

Reported 

gene 

2q35 PECR 5.48E-08 0.16 rs4442975 0.97 

Breast 

cancer 

Reported 

gene 

19p13.11 HAPLN4 7.59E-08 0.15 rs2965183 0.17 

Breast 

cancer 

Reported 

gene 

3q12.1 CMSS1 9.66E-07 0.06 rs9833888 0.18 
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Breast 

cancer 

Reported 

gene 

2p23.3 CENPO 1.00E-06 0.02 rs6725517 0.08 

Breast 

cancer 

Reported 

gene 

5p15.33 EXOC3 1.12E-06 0.16 rs62641919 0.10 

Breast 

cancer 

Reported 

gene 

10q26.13 DMBT1 1.76E-06 0.18 rs45631563 0.97 

Prostate 

cancer 

Novel 

locus 

16p12.1 HS3ST4 5.65E-43 0.09 rs7188897 28.30 

Prostate 

cancer 

Novel 

locus 

2q34 RPE 5.86E-32 0.06 rs12621900 2.75 

Prostate 

cancer 

Novel 

locus 

1q25.3 IER5 9.32E-28 0.15 rs507603 1.16 

Prostate 

cancer 

Novel 

locus 

5q11.2 RP11-

506H20.1 

1.92E-27 0.16 rs9292122 1.50 

Prostate 

cancer 

Novel 

locus 

6q15 MDN1 3.61E-25 0.03 rs9443189 13.86 

Prostate 

cancer 

Novel 

locus 

8q21.13 ZFHX4-AS1 4.97E-25 0.05 rs73700335 31.23 

Prostate 

cancer 

Novel 

locus 

22q11.22 IGLV3-1 1.06E-22 0.05 rs1978060 3.12 

Prostate 

cancer 

Novel 

locus 

3q27.3 RPL39L 4.54E-22 0.04 rs11717887 14.46 

Prostate 

cancer 

Novel 

locus 

3p24.1 NEK10 4.76E-22 0.19 rs7618603 4.00 

Prostate 

cancer 

Novel 

locus 

13q32.3 UBAC2-AS1 3.40E-20 0.06 rs75823044 10.51 

Prostate 

cancer 

Novel 

locus 

6p22.3 FAM65B 2.71E-19 0.05 rs58003108 1.71 

Prostate 

cancer 

Novel 

locus 

5q31.3 HDAC3 1.41E-18 0.03 rs10793821 7.12 

Prostate 

cancer 

Novel 

locus 

1q44 ZNF672 1.73E-18 0.12 rs708723 43.07 

Prostate 

cancer 

Novel 

locus 

20q13.12 CTD-

2653D5.1 

3.37E-18 0.07 rs73909841 3.25 

Prostate 

cancer 

Novel 

locus 

15q13.1 HERC2 9.69E-17 0.17 rs11561564 12.35 

Prostate 

cancer 

Novel 

locus 

17q23.3 TACO1 7.26E-14 0.19 rs12938538 5.25 

Prostate 

cancer 

Novel 

locus 

1q31.2 RGS2 8.86E-14 0.21 rs56677963 9.75 

Prostate 

cancer 

Novel 

locus 

1p31.1 ST6GALNAC

3 

2.10E-13 0.02 rs398049422 11.11 
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Prostate 

cancer 

Novel 

locus 

4q12 IGFBP7 2.45E-13 0.29 rs17804499 16.47 

Prostate 

cancer 

Novel 

locus 

16p13.3 ZNF500 1.49E-12 0.39 rs7188897 49.67 

Prostate 

cancer 

Novel 

locus 

11p15.4 FAM160A2 1.99E-12 0.18 rs61890184 1.29 

Prostate 

cancer 

Novel 

locus 

15q26.2 LINC00923 3.27E-12 0.05 rs12913603 27.20 

Prostate 

cancer 

Novel 

locus 

7q36.1 RN7SL521P 6.00E-12 0.24 rs127507726

9 

51.07 

Prostate 

cancer 

Novel 

locus 

7q11.21 GS1-124K5.4 3.66E-11 0.29 rs834608 19.08 

Prostate 

cancer 

Novel 

locus 

5q15 FAM172A 4.00E-11 0.08 rs9292122 36.83 

Prostate 

cancer 

Novel 

locus 

19p13.2 ZNF44 4.77E-11 0.04 rs10412482 4.82 

Prostate 

cancer 

Novel 

locus 

1p36.11 MDS2 1.08E-10 0.18 rs10803412 7.53 

Prostate 

cancer 

Novel 

locus 

17p13.2 KIF1C 1.09E-10 0.10 rs78378222 2.64 

Prostate 

cancer 

Novel 

locus 

11p15.1 LDHAL6A 1.23E-10 0.19 rs61890184 10.93 

Prostate 

cancer 

Novel 

locus 

19q13.42 KMT5C 2.52E-10 0.11 rs76765083 4.48 

Prostate 

cancer 

Novel 

locus 

1p22.1 BTBD8 3.95E-10 0.07 rs398049422 4.34 

Prostate 

cancer 

Novel 

locus 

7p14.3 AVL9 1.14E-09 0.06 rs10486567 4.56 

Prostate 

cancer 

Novel 

locus 

6q15 C6orf163 1.15E-09 0.13 rs9443189 11.56 

Prostate 

cancer 

Novel 

locus 

6p22.1 ZSCAN23 1.62E-09 0.35 rs58003108 1.78 

Prostate 

cancer 

Novel 

locus 

1p32.3 SSBP3 1.93E-09 0.02 rs578241623 8.44 

Prostate 

cancer 

Novel 

locus 

10q25.3 SLC18A2 4.45E-09 0.13 rs4558107 3.76 

Prostate 

cancer 

Novel 

locus 

19q13.43 ZNF671 5.95E-09 0.11 rs76765083 6.86 

Prostate 

cancer 

Novel 

locus 

19q13.11 SCGB2B2 8.16E-09 0.10 rs17501397 2.92 

Prostate 

cancer 

Novel 

locus 

5q21.1 CHD1 8.66E-09 0.19 rs10793821 35.57 



196 
 

Prostate 

cancer 

Novel 

locus 

17q23.2 RP11-15K2.2 1.15E-08 0.05 rs12938538 3.11 

Prostate 

cancer 

Novel 

locus 

6q15 GABRR2 1.97E-08 0.12 rs9443189 13.47 

Prostate 

cancer 

Novel 

locus 

17q12 CCL14 2.93E-08 0.12 rs3110641 1.70 

Prostate 

cancer 

Novel 

locus 

2q12.2 FHL2 3.45E-08 0.06 rs2165108 5.67 

Prostate 

cancer 

Novel 

locus 

6q26 AGPAT4 3.94E-08 0.07 rs4646284 1.02 

Prostate 

cancer 

Novel 

locus 

6p12.2 EFHC1 3.97E-08 0.01 rs9472120 8.62 

Prostate 

cancer 

Novel 

locus 

15q26.1 ISG20 5.09E-08 0.03 rs12913603 18.26 

Prostate 

cancer 

Novel 

locus 

10q11.21 LINC00840 5.73E-08 0.07 rs7075427 1.71 

Prostate 

cancer 

Novel 

locus 

11p14.1 LGR4 7.58E-08 0.06 rs61890184 19.84 

Prostate 

cancer 

Novel 

locus 

2q33.1 TYW5 8.04E-08 0.06 rs1861270 1.31 

Prostate 

cancer 

Novel 

locus 

6p21.2 SAYSD1 8.20E-08 0.22 rs4714485 2.45 

Prostate 

cancer 

Novel 

locus 

19p13.2 ICAM1 1.22E-07 0.30 rs10412482 6.83 

Prostate 

cancer 

Novel 

locus 

7q32.2 CPA4 1.31E-07 0.06 rs127507726

9 

32.23 

Prostate 

cancer 

Novel 

locus 

1q42.2 ARV1 1.61E-07 0.08 rs708723 25.21 

Prostate 

cancer 

Novel 

locus 

8q24.3 RP11-10J21.2 2.74E-07 0.05 rs12549761 13.70 

Prostate 

cancer 

Novel 

locus 

4p15.32 FAM184B 3.34E-07 0.05 rs17804499 55.80 

Prostate 

cancer 

Novel 

locus 

10q11.22 FRMPD2 4.38E-07 0.25 rs11599847 1.93 

Prostate 

cancer 

Novel 

locus 

11p15.4 CSNK2A3 6.49E-07 0.24 rs61890184 3.83 

Prostate 

cancer 

Novel 

locus 

3p21.1 ACTR8 9.70E-07 0.09 rs397743718 4.28 

Prostate 

cancer 

Novel 

locus 

16p13.13 TNFRSF17 1.29E-06 0.11 rs7188897 42.47 

Prostate 

cancer 

Novel 

locus 

19q13.32 AC011551.3 1.77E-06 0.06 rs2659051 4.24 
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Prostate 

cancer 

Novel 

locus 

20p11.21 NINL 2.82E-06 0.29 rs149149158

0 

7.17 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

1p34.1 HECTD3 1.01E-49 0.01 rs578241623 0.77 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

6p22.2 RP11-

239L20.6 

1.50E-41 0.01 rs58003108 0.35 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

17q24.3 KCNJ2-AS1 2.25E-15 0.11 rs148351530 0.95 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

17q22 MRPS23 9.63E-15 0.03 rs12938538 0.50 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

1q23.1 RP11-

66D17.5 

3.28E-14 0.02 rs80237341 0.44 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

17q21.32 HOXB6 8.54E-14 0.30 rs138213197 0.12 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

12q13.11 OR10AD1 3.97E-13 0.02 rs80130819 0.18 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

2p25.1 RP11-

400L8.2 

8.88E-13 0.08 rs73913932 0.44 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

5p15.33 RP11-

259O2.1 

1.05E-12 0.14 rs4975758 0.04 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

3p21.31 TMEM115 3.32E-12 0.05 rs397743718 0.77 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

16q13 MT1G 2.14E-11 0.22 rs11863709 0.95 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

4q24 INTS12 2.16E-11 0.25 rs17035310 0.54 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

19q13.33 POLD1 2.75E-11 0.14 rs2659051 0.42 
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Prostate 

cancer 

Novel gene 

in GWAS 

loci 

12p13.1 ATF7IP 1.31E-10 0.06 rs10845938 0.10 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

12q21.33 RP11-

567C2.1 

1.64E-10 0.11 rs4842687 0.35 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

1q21.3 LYSMD1 1.54E-09 0.01 rs607518 0.18 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

11q13.2 ALDH3B1 2.80E-09 0.06 rs12785905 0.82 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

19q13.12 CTD-

2528L19.6 

1.96E-08 0.20 rs59710626 0.33 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

19p13.11 TMEM38A 2.25E-08 0.08 rs10412482 0.43 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

4q22.3 BMPR1B-AS1 3.22E-08 0.15 rs6853490 0.12 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

1q22 TMEM79 4.28E-08 0.18 rs184104770 0.56 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

10q11.21 RASSF4 5.04E-08 0.18 rs7075427 0.61 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

6p21.1 RP11-

387M24.5 

6.58E-08 0.08 rs9472120 0.67 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

22q11.21 XXbac-

B444P24.8 

8.07E-08 0.04 rs1978060 0.44 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

11q13.2 LRP5 8.56E-08 0.03 rs3018690 0.67 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

10q11.21 C10orf10 1.57E-07 0.08 rs7075427 0.63 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

17p13.3 NXN 2.44E-07 0.04 rs684232 0.08 
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Prostate 

cancer 

Novel gene 

in GWAS 

loci 

8p21.3 TNFRSF10D 3.25E-07 0.03 rs6557704 0.45 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

17p13.1 CTD-

2545G14.6 

6.30E-07 0.13 rs78378222 0.42 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

2q37.3 PER2 6.87E-07 0.02 rs2292884 0.71 

Prostate 

cancer 

Novel gene 

in GWAS 

loci 

12q23.2 ASCL1 9.50E-07 0.06 rs77121786 0.90 

Prostate 

cancer 

Reported 

gene 

6q25.3 SLC22A3 1.48E-157 0.15 rs4646284 0.19 

Prostate 

cancer 

Reported 

gene 

6q25.3 SNORA29 4.59E-56 0.06 rs963800 0.06 

Prostate 

cancer 

Reported 

gene 

7p15.2 HIBADH 1.17E-30 0.07 rs6956484 0.00 

Prostate 

cancer 

Reported 

gene 

7q21.3 BHLHA15 1.24E-21 0.07 rs127507726

9 

0.15 

Prostate 

cancer 

Reported 

gene 

8p21.3 CHMP7 5.34E-20 0.10 rs6557704 0.35 

Prostate 

cancer 

Reported 

gene 

2p15 AC092155.4 3.83E-18 0.11 rs11125927 0.06 

Prostate 

cancer 

Reported 

gene 

3p11.2 CHMP2B 1.68E-17 0.13 rs114810266 0.09 

Prostate 

cancer 

Reported 

gene 

6q25.3 SLC22A1 1.85E-17 0.27 rs4646284 0.00 

Prostate 

cancer 

Reported 

gene 

4q22.3 BMPR1B 7.40E-17 0.15 rs6853490 0.13 

Prostate 

cancer 

Reported 

gene 

6p21.1 FOXP4-AS1 7.46E-14 0.09 rs4714485 0.02 

Prostate 

cancer 

Reported 

gene 

20q13.33 MIR647 2.97E-13 0.11 rs1058319 0.20 

Prostate 

cancer 

Reported 

gene 

22q11.21 TBX1 1.43E-11 0.29 rs1978060 0.01 

Prostate 

cancer 

Reported 

gene 

3q26.2 SKIL 2.30E-11 0.10 rs78416326 0.00 

Prostate 

cancer 

Reported 

gene 

11q13.5 EMSY 2.33E-11 0.07 rs148310329

3 

0.00 

Prostate 

cancer 

Reported 

gene 

21q22.3 TMPRSS2 8.83E-10 0.28 rs9978557 0.02 
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Prostate 

cancer 

Reported 

gene 

10q24.32 MFSD13A 9.19E-10 0.47 rs12262998 0.19 

Prostate 

cancer 

Reported 

gene 

12q21.33 ATP2B1-AS1 1.13E-09 0.02 rs4842687 0.05 

Prostate 

cancer 

Reported 

gene 

10q24.32 RPARP-AS1 1.34E-09 0.16 rs12262998 0.21 

Prostate 

cancer 

Reported 

gene 

6p21.33 LY6G5B 4.69E-09 0.35 rs9275160 1.01 

Prostate 

cancer 

Reported 

gene 

7q21.3 BRI3 7.10E-09 0.07 rs127507726

9 

0.19 

Prostate 

cancer 

Reported 

gene 

8p23.1 AF131215.2 7.38E-09 0.23 rs2572375 0.25 

Prostate 

cancer 

Reported 

gene 

3q13.12 RP11-

446H18.6 

2.05E-08 0.02 rs1283104 0.09 

Prostate 

cancer 

Reported 

gene 

10q25.2 RP11-

57H14.2 

2.31E-08 0.12 rs10885396 0.00 

Prostate 

cancer 

Reported 

gene 

22q13.2 EFCAB6-AS1 4.78E-08 0.20 rs5759167 0.41 

Prostate 

cancer 

Reported 

gene 

20q11.22 GDF5 5.94E-08 0.04 rs6141551 0.01 

Prostate 

cancer 

Reported 

gene 

2p25.1 NOL10 7.16E-08 0.06 rs1990613 0.05 

Prostate 

cancer 

Reported 

gene 

12q13.12 C1QL4 1.40E-07 0.30 rs56222401 0.05 

Prostate 

cancer 

Reported 

gene 

6p21.33 CLIC1 1.48E-07 0.04 rs9275160 0.95 

Prostate 

cancer 

Reported 

gene 

2p11.2 GGCX 2.56E-07 0.27 rs2028900 0.00 

Prostate 

cancer 

Reported 

gene 

9p21.3 RP11-70L8.5 2.65E-07 0.05 rs17694493 0.15 

Prostate 

cancer 

Reported 

gene 

20q11.21 DNMT3B 2.86E-07 0.03 rs149149158

0 

0.00 

Prostate 

cancer 

Reported 

gene 

4q22.3 UNC5C 4.82E-07 0.10 rs6853490 0.54 

Prostate 

cancer 

Reported 

gene 

7p21.1 SP8 4.98E-07 0.05 rs9655205 0.17 

Prostate 

cancer 

Reported 

gene 

11q24.2 PKNOX2 6.55E-07 0.19 rs138466039 0.02 

Prostate 

cancer 

Reported 

gene 

21q22.3 AGPAT3 6.85E-07 0.06 rs9978557 2.35 

Prostate 

cancer 

Reported 

gene 

21q21.3 AP000223.42 8.11E-07 0.10 rs11701433 13.34 
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Prostate 

cancer 

Reported 

gene 

6p22.1 RPP21 9.54E-07 0.24 rs62407547 0.10 

Prostate 

cancer 

Reported 

gene 

3p11.2 POU1F1 9.93E-07 0.07 rs114810266 0.07 

Prostate 

cancer 

Reported 

gene 

4q13.3 RASSF6 1.01E-06 0.09 rs17804499 0.01 

Prostate 

cancer 

Reported 

gene 

2q37.1 EFHD1 2.56E-06 0.15 rs74001374 4.82 

Prostate 

cancer 

Reported 

gene 

1q21.3 ADAM15 2.88E-06 0.06 rs56103503 0.04 

Prostate 

cancer 

Reported 

gene 

6q25.3 WTAP 2.97E-06 0.25 rs963800 0.00 

Prostate 

cancer 

Reported 

gene 

20q13.33 EEF1A2 3.14E-06 0.15 rs381331 0.10 

Prostate 

cancer 

Reported 

gene 

18p11.31 LINC00526 2.62E-06 0.17 rs8089411 49.01 

Prostate 

cancer 

Reported 

gene 

2p15 WDPCP 3.25E-07 0.08 rs58235267 0.07 

Prostate 

cancer 

Reported 

gene 

17q21.33 LRRC59 3.77E-07 0.13 rs565189650 1.05 

Prostate 

cancer 

Reported 

gene 

6p21.32 PRRT1 3.78E-07 0.08 rs9275160 0.53 

Prostate 

cancer 

Reported 

gene 

8p21.3 LOXL2 5.15E-10 0.17 rs6557704 0.19 

Prostate 

cancer 

Reported 

gene 

8q24.21 PVT1 7.54E-12 0.23 rs12549761 0.27 

Prostate 

cancer 

Reported 

gene 

7q21.3 TECPR1 3.84E-28 0.07 rs127507726

9 

0.16 

Prostate 

cancer 

Reported 

gene 

2q31.1 PDK1 2.37E-14 0.01 rs77167534 0.10 

Prostate 

cancer 

Reported 

gene 

2p15 UGP2 8.75E-11 0.02 rs139283528 0.13 

Prostate 

cancer 

Reported 

gene 

14q22.1 C14orf166 1.75E-10 0.04 rs4901313 0.91 

Lung 

cancer 

Novel gene 

in GWAS 

loci 

6p21.32 HLA-DQB2 4.46E-16 0.66 rs2395185 0.29 

Lung 

cancer 

Novel gene 

in GWAS 

loci 

6p21.33 LTB 6.34E-11 0.03 rs3117582 0.07 

Lung 

cancer 

Novel gene 

in GWAS 

loci 

6p21.33 CLIC1 2.03E-09 0.08 rs3117582 0.08 
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Lung 

cancer 

Novel gene 

in GWAS 

loci 

6q21 SMPD2 3.34E-08 0.11 rs17534632 0.02 

Lung 

cancer 

Novel gene 

in GWAS 

loci 

15q25.1 RP11-

650L12.4 

4.61E-07 0.02 rs8034191 0.02 

Lung 

cancer 

Novel gene 

in GWAS 

loci 

15q24.2 PPCDC 4.00E-06 0.10 rs115735578 0.20 

Lung 

cancer 

Reported 

gene 

15q25.1 IREB2 3.49E-68 0.02 rs8034191 0.01 

Lung 

cancer 

Reported 

gene 

15q25.1 PSMA4 1.57E-62 0.03 rs55781567 0.01 

Lung 

cancer 

Reported 

gene 

15q25.1 CHRNA3 1.72E-42 0.06 rs8042374 0.01 

Lung 

cancer 

Reported 

gene 

6p21.33 FLOT1 1.42E-40 0.31 rs3094604 0.72 

Lung 

cancer 

Reported 

gene 

15q25.1 CHRNA5 3.13E-31 0.13 rs55781567 0.00 

Lung 

cancer 

Reported 

gene 

15q25.1 CTSH 3.51E-31 0.01 rs8042374 0.31 

Lung 

cancer 

Reported 

gene 

15q25.1 ACSBG1 3.12E-30 0.02 rs8034191 0.27 

Lung 

cancer 

Reported 

gene 

15q25.1 TMED3 5.60E-21 0.03 rs8042374 0.70 

Lung 

cancer 

Reported 

gene 

6p21.33 HCP5 2.48E-18 0.04 rs3094604 0.00 

Lung 

cancer 

Reported 

gene 

6p21.33 C4A 1.90E-16 0.34 rs3117582 0.33 

Lung 

cancer 

Reported 

gene 

6p22.1 HLA-G 5.39E-13 0.22 rs4324798 1.02 

Lung 

cancer 

Reported 

gene 

6p21.33 GPANK1 1.45E-11 0.06 rs3117582 0.01 

Lung 

cancer 

Reported 

gene 

6p21.33 PPP1R18 5.04E-11 0.10 rs3094604 0.78 

Lung 

cancer 

Reported 

gene 

6p21.33 LY6G5B 1.32E-09 0.27 rs3117582 0.02 

Lung 

cancer 

Reported 

gene 

6p22.2 RP1-

221C16.8 

1.52E-09 0.02 rs4324798 2.64 

Lung 

cancer 

Reported 

gene 

6p22.1 ZNRD1 6.18E-09 0.17 rs4324798 1.25 

Lung 

cancer 

Reported 

gene 

6p22.1 TRIM31 6.57E-09 0.18 rs4324798 1.29 
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Lung 

cancer 

Reported 

gene 

6p21.33 CCHCR1 2.69E-08 0.51 rs3094604 0.31 

Lung 

cancer 

Reported 

gene 

6q27 RNASET2 3.97E-08 0.19 rs6920364 0.01 

Lung 

cancer 

Reported 

gene 

5p15.33 MRPL36 6.59E-08 0.05 rs56397275 0.43 

Lung 

cancer 

Reported 

gene 

6p22.1 HCP5B 2.00E-07 0.67 rs4324798 1.06 

Lung 

cancer 

Reported 

gene 

6p22.2 HIST1H2BD 2.08E-07 0.02 rs4324798 2.64 

Lung 

cancer 

Reported 

gene 

6p21.32 HCG23 3.17E-07 0.27 rs3817963 0.01 

Lung 

cancer 

Reported 

gene 

6p21.33 HLA-C 8.82E-07 0.68 rs3094604 0.19 

Lung 

cancer 

Reported 

gene 

6p21.33 SFTA2 9.07E-07 0.22 rs3094604 0.51 

Lung 

cancer 

Reported 

gene 

6p21.32 PFDN6 1.29E-06 0.01 rs2179920 0.20 

Lung 

cancer 

Reported 

gene 

6p22.1 ZFP57 1.53E-06 0.69 rs4324798 0.86 

Lung 

cancer 

Reported 

gene 

6q27 FGFR1OP 3.05E-06 0.02 rs6920364 0.04 

Lung 

cancer 

Reported 

gene 

6p22.2 BTN3A3 1.07E-06 0.15 rs4324798 2.35 

Lung 

cancer 

Reported 

gene 

15q21.1 SECISBP2L 3.19E-06 0.17 rs77468143 0.04 

Note: 

a.      P-value: derived from 50K, considered statistically significant on the basis of Bonferroni correction 

b.      R2: prediction performance of gene expression predicted by cis-genetic variants. The predictive 

model with the most significant association was presented. 

c.      Closest risk SNP: identified by previous GWAS or fine-mapping studies. The risk SNP closest to 

the gene is listed. 
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Table A3.4. Putative susceptibility genes identified from sp-transTF-TWAS, at a Bonferroni-corrected P 

< 0.05 (gene expression prediction at R2 > 0.1). The P-values are the raw P-values from the Z score test 

from TWAS. 

Cancer 

Type 

Reported 

status 

Region Gene P value a R2 b Closet Risk SNP 
c 

Distanc

e to the 

Closet 

Risk 

SNP 

(1Mb) 

Breast 

cancer 

Novel 

locus 

14q24.3 ACYP1 2.78E-71 0.05 rs999737 6.49 

Breast 

cancer 

Novel 

locus 

21q22.3 C21orf2 1.30E-53 0.02 rs9808759 2.02 

Breast 

cancer 

Novel 

locus 

11q12.3 SNHG1 1.30E-53 0.01 rs3903072 2.96 

Breast 

cancer 

Novel 

locus 

3q23 TRPC1 1.11E-50 0.02 rs34207738 1.33 

Breast 

cancer 

Novel 

locus 

2q21.3 CCNT2 3.05E-47 0.08 rs4849887 14.43 

Breast 

cancer 

Novel 

locus 

15q25.2 AP3B2 4.09E-44 0.08 rs2290203 8.26 

Breast 

cancer 

Novel 

locus 

8q24.12 ENPP2 4.97E-42 0.10 rs13267382 3.36 

Breast 

cancer 

Novel 

locus 

12q13.12 SLC11A2 6.77E-39 0.03 rs1027113 21.99 

Breast 

cancer 

Novel 

locus 

2p13.3 TEX261 7.50E-32 0.09 rs899491003 1.82 

Breast 

cancer 

Novel 

locus 

9q34.3 NALT1 8.35E-32 0.18 rs1461780285 3.27 

Breast 

cancer 

Novel 

locus 

5p13.2 PRLR 4.59E-29 0.33 rs2012709 2.48 

Breast 

cancer 

Novel 

locus 

5p15.31 NSUN2 8.45E-29 0.12 rs397956230 5.30 

Breast 

cancer 

Novel 

locus 

2q21.1 PTPN18 4.13E-28 0.16 rs4849887 9.87 

Breast 

cancer 

Novel 

locus 

7p22.1 DAGLB 7.02E-28 0.19 rs7971 15.45 

Breast 

cancer 

Novel 

locus 

9p13.2 TRMT10B 8.10E-28 0.07 rs1011970 15.69 

Breast 

cancer 

Novel 

locus 

2q31.1 TLK1 2.17E-26 0.03 rs2016394 1.09 
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Breast 

cancer 

Novel 

locus 

16p12.1 NSMCE1 1.89E-25 0.04 rs11076805 23.17 

Breast 

cancer 

Novel 

locus 

5q35.3 MGAT4B 5.32E-24 0.23 rs4562056 9.63 

Breast 

cancer 

Novel 

locus 

5q35.3 MGAT4B 4.67E-21 0.15 rs4562056 9.63 

Breast 

cancer 

Novel 

locus 

11p15.1 ABCC8 1.85E-20 0.24 rs3817198 15.51 

Breast 

cancer 

Novel 

locus 

1p35.3 EYA3 2.76E-19 0.17 rs2992756 9.49 

Breast 

cancer 

Novel 

locus 

14q12 TM9SF1 7.88E-19 0.09 rs752059786 12.47 

Breast 

cancer 

Novel 

locus 

3q22.3 DZIP1L 1.62E-18 0.14 rs34207738 3.28 

Breast 

cancer 

Novel 

locus 

6q23.2 VNN2 1.93E-18 0.26 rs6569648 2.72 

Breast 

cancer 

Novel 

locus 

9q34.11 KYAT1 4.84E-18 0.20 rs10760444 2.20 

Breast 

cancer 

Novel 

locus 

1p22.2 KYAT3 5.65E-18 0.15 rs17426269 1.24 

Breast 

cancer 

Novel 

locus 

9q31.3 PTGR1 1.24E-17 0.20 rs676256 3.42 

Breast 

cancer 

Novel 

locus 

6q21 AK9 1.94E-17 0.06 rs6569648 20.34 

Breast 

cancer 

Novel 

locus 

3p21.31 ZMYND10 2.15E-17 0.14 rs6796502 3.52 

Breast 

cancer 

Novel 

locus 

11p15.1 ABCC8 3.08E-17 0.52 rs3817198 15.51 

Breast 

cancer 

Novel 

locus 

15q25.2 TM6SF1 5.20E-17 0.05 rs2290203 7.82 

Breast 

cancer 

Novel 

locus 

7p22.1 PMS2 7.80E-17 0.08 rs7971 15.89 

Breast 

cancer 

Novel 

locus 

2q35 OBSL1 9.10E-17 0.02 rs16857609 2.12 

Breast 

cancer 

Novel 

locus 

2p11.2 THNSL2 3.49E-16 0.32 rs899491003 19.01 

Breast 

cancer 

Novel 

locus 

3q11.1 ARL13B 3.90E-16 0.24 rs9833888 5.95 

Breast 

cancer 

Novel 

locus 

11q13.2 TCIRG1 1.23E-15 0.25 rs554219 1.47 

Breast 

cancer 

Novel 

locus 

8q24.12 ENPP2 1.43E-15 0.07 rs13267382 3.36 
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Breast 

cancer 

Novel 

locus 

11q23.2 USP28 7.74E-15 0.07 rs74911261 5.31 

Breast 

cancer 

Novel 

locus 

1p35.3 EYA3 8.05E-15 0.22 rs2992756 9.49 

Breast 

cancer 

Novel 

locus 

15q23 MAP2K5 2.55E-14 0.04 rs2290203 23.16 

Breast 

cancer 

Novel 

locus 

11q23.2 USP28 4.63E-14 0.03 rs74911261 5.31 

Breast 

cancer 

Novel 

locus 

11q12.1 TIMM10 7.00E-14 0.21 rs3903072 8.28 

Breast 

cancer 

Novel 

locus 

1p36.33 CDK11B 9.76E-14 0.09 rs616488 8.85 

Breast 

cancer 

Novel 

locus 

12p13.31 CHD4 1.41E-13 0.26 rs12422552 7.65 

Breast 

cancer 

Novel 

locus 

11q12.3 SNHG1 1.47E-13 0.57 rs3903072 2.96 

Breast 

cancer 

Novel 

locus 

15q21.3 TCF12 2.09E-13 0.23 rs2290203 33.67 

Breast 

cancer 

Novel 

locus 

11q23.1 ALG9 2.23E-13 0.02 rs74911261 3.30 

Breast 

cancer 

Novel 

locus 

1p22.2 RBMXL1 2.29E-13 0.11 rs17426269 1.29 

Breast 

cancer 

Novel 

locus 

2p25.3 TRAPPC12 3.79E-13 0.12 rs113577745 6.51 

Breast 

cancer 

Novel 

locus 

2q33.2 ICA1L 3.87E-13 0.04 rs1830298 1.46 

Breast 

cancer 

Novel 

locus 

14q24.3 TTLL5 6.95E-13 0.29 rs999737 7.07 

Breast 

cancer 

Novel 

locus 

3q22.2 CEP63 6.97E-13 0.24 rs34207738 6.82 

Breast 

cancer 

Novel 

locus 

2q14.3 UGGT1 8.14E-13 0.02 rs4849887 7.60 

Breast 

cancer 

Novel 

locus 

5q31.1 JADE2 9.49E-13 0.03 rs6596100 1.45 

Breast 

cancer 

Novel 

locus 

8p21.3 FAM160B2 1.57E-12 0.06 rs10581440 1.52 

Breast 

cancer 

Novel 

locus 

11q12.2 PPP1R32 1.65E-12 0.07 rs3903072 4.32 

Breast 

cancer 

Novel 

locus 

15q23 MAP2K5 1.02E-11 0.07 rs2290203 23.16 

Breast 

cancer 

Novel 

locus 

7p13 POLM 1.32E-11 0.05 rs17156577 15.75 
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Breast 

cancer 

Novel 

locus 

5q34 WWC1 1.43E-11 0.22 rs4562056 1.69 

Breast 

cancer 

Novel 

locus 

11p15.2 PLEKHA7 1.60E-11 0.07 rs3817198 14.89 

Breast 

cancer 

Novel 

locus 

14q23.3 PPP1R36 1.81E-11 0.14 rs2588809 3.60 

Breast 

cancer 

Novel 

locus 

1p36.33 SLC35E2B 2.33E-11 0.34 rs616488 8.81 

Breast 

cancer 

Novel 

locus 

3q26.2 GOLIM4 2.35E-11 0.09 rs58058861 4.47 

Breast 

cancer 

Novel 

locus 

1q25.2 CEP350 3.94E-11 0.19 rs35383942 21.35 

Breast 

cancer 

Novel 

locus 

1q31.3 NEK7 3.97E-11 0.08 rs35383942 3.15 

Breast 

cancer 

Novel 

locus 

17q21.32 CDC27 4.28E-11 0.02 rs2532263 1.09 

Breast 

cancer 

Novel 

locus 

16p13.11 ABCC6 4.30E-11 0.06 rs11076805 12.09 

Breast 

cancer 

Novel 

locus 

15q21.3 ZNF280D 4.92E-11 0.19 rs2290203 34.05 

Breast 

cancer 

Novel 

locus 

1p36.11 RPS6KA1 6.03E-11 0.14 rs2992756 8.05 

Breast 

cancer 

Novel 

locus 

17q21.32 CDC27 7.76E-11 0.03 rs2532263 1.09 

Breast 

cancer 

Novel 

locus 

22q12.2 INPP5J 7.84E-11 0.13 rs132390 1.90 

Breast 

cancer 

Novel 

locus 

7p13 URGCP 8.98E-11 0.36 rs17156577 15.56 

Breast 

cancer 

Novel 

locus 

6q15 ANKRD6 1.17E-10 0.28 rs17529111 8.01 

Breast 

cancer 

Novel 

locus 

4p16.3 CPLX1 1.85E-10 0.05 rs495367 1.16 

Breast 

cancer 

Novel 

locus 

11q13.4 ARRB1 2.02E-10 0.07 rs75915166 5.70 

Breast 

cancer 

Novel 

locus 

8p21.3 FAM160B2 2.33E-10 0.10 rs10581440 1.52 

Breast 

cancer 

Novel 

locus 

7p13 AC004951.6 2.80E-10 0.06 rs17156577 15.69 

Breast 

cancer 

Novel 

locus 

12q24.23 TAOK3 3.61E-10 0.37 rs206966 2.02 

Breast 

cancer 

Novel 

locus 

20p11.21 ENTPD6 4.68E-10 0.23 rs753173948 13.67 



208 
 

Breast 

cancer 

Novel 

locus 

8q24.22 PHF20L1 6.41E-10 0.02 rs11780156 4.59 

Breast 

cancer 

Novel 

locus 

3p22.2 TTC21A 1.02E-09 0.31 rs6796502 7.69 

Breast 

cancer 

Novel 

locus 

6q15 ANKRD6 1.13E-09 0.64 rs17529111 8.01 

Breast 

cancer 

Novel 

locus 

6q14.2 ME1 1.35E-09 0.05 rs17529111 1.79 

Breast 

cancer 

Novel 

locus 

5q21.3 PJA2 1.91E-09 0.03 rs6882649 2.47 

Breast 

cancer 

Novel 

locus 

16p13.3 SRRM2 2.60E-09 0.08 rs11076805 1.28 

Breast 

cancer 

Novel 

locus 

3q23 NMNAT3 2.79E-09 0.16 rs34207738 1.72 

Breast 

cancer 

Novel 

locus 

9q33.3 RABEPK 2.95E-09 0.18 rs10760444 1.40 

Breast 

cancer 

Novel 

locus 

15q15.1 PLA2G4B 3.55E-09 0.27 rs2290203 49.12 

Breast 

cancer 

Novel 

locus 

8p23.3 CLN8 4.18E-09 0.21 rs66823261 1.54 

Breast 

cancer 

Novel 

locus 

11q12.3 GANAB 4.97E-09 0.05 rs3903072 3.17 

Breast 

cancer 

Novel 

locus 

8p23.1 NEIL2 5.77E-09 0.31 rs66823261 11.55 

Breast 

cancer 

Novel 

locus 

12q13.13 ACVRL1 9.07E-09 0.08 rs1027113 22.92 

Breast 

cancer 

Novel 

locus 

2p25.1 GREB1 9.57E-09 0.09 rs113577745 1.49 

Breast 

cancer 

Novel 

locus 

1p36.21 CTRC 9.63E-09 0.37 rs2992756 3.03 

Breast 

cancer 

Novel 

locus 

3q23 XRN1 9.84E-09 0.10 rs34207738 1.09 

Breast 

cancer 

Novel 

locus 

10q25.1 XPNPEP1 1.04E-08 0.21 rs7904519 3.09 

Breast 

cancer 

Novel 

locus 

21q21.1 MIR99AHG 1.11E-08 0.04 rs2823093 1.08 

Breast 

cancer 

Novel 

locus 

7q22.1 CYP3A5 1.37E-08 0.26 rs398067103 1.25 

Breast 

cancer 

Novel 

locus 

3p14.1 FRMD4B 1.39E-08 0.01 rs6805189 1.94 

Breast 

cancer 

Novel 

locus 

2p25.3 PXDN 1.61E-08 0.07 rs113577745 8.25 



209 
 

Breast 

cancer 

Novel 

locus 

7q36.1 ATP6V0E2-

AS1 

1.68E-08 0.40 rs720475 5.49 

Breast 

cancer 

Novel 

locus 

5q33.1 SPARC 2.26E-08 0.04 rs1432679 7.13 

Breast 

cancer 

Novel 

locus 

3q11.2 DHFR2 2.27E-08 0.12 rs9833888 5.94 

Breast 

cancer 

Novel 

locus 

9p22.1 PLIN2 2.76E-08 0.21 rs1011970 2.91 

Breast 

cancer 

Novel 

locus 

8q24.12 TAF2 3.68E-08 0.14 rs13267382 3.53 

Breast 

cancer 

Novel 

locus 

11q23.3 CEP164 3.70E-08 0.06 rs7924772 2.95 

Breast 

cancer 

Novel 

locus 

16p11.2 CDIPT 3.74E-08 0.06 rs4784227 22.70 

Breast 

cancer 

Novel 

locus 

3q22.2 CEP63 4.41E-08 0.06 rs34207738 6.82 

Breast 

cancer 

Novel 

locus 

7q31.1 FOXP2 5.25E-08 0.07 rs71559437 12.18 

Breast 

cancer 

Novel 

locus 

17q25.3 SLC38A10 6.41E-08 0.33 rs745570 1.44 

Breast 

cancer 

Novel 

locus 

9q34.3 LCN10 6.61E-08 0.05 rs1461780285 3.46 

Breast 

cancer 

Novel 

locus 

2q35 CNPPD1 6.93E-08 0.06 rs16857609 1.74 

Breast 

cancer 

Novel 

locus 

19p13.3 TPGS1 8.01E-08 0.39 rs322144 10.79 

Breast 

cancer 

Novel 

locus 

12q13.12 ADCY6 8.93E-08 0.09 rs1027113 19.78 

Breast 

cancer 

Novel 

locus 

6q23.2 ENPP1 9.08E-08 0.18 rs6569648 1.78 

Breast 

cancer 

Novel 

locus 

5q31.2 SIL1 9.15E-08 0.08 rs6596100 5.88 

Breast 

cancer 

Novel 

locus 

20p12.3 PLCB4 9.98E-08 0.08 rs753173948 2.04 

Breast 

cancer 

Novel 

locus 

8q24.22 TMEM71 1.02E-07 0.25 rs11780156 4.50 

Breast 

cancer 

Novel 

locus 

3p22.1 RPL14 1.21E-07 0.30 rs6796502 6.36 

Breast 

cancer 

Novel 

locus 

3p22.2 TTC21A 1.26E-07 0.04 rs6796502 7.69 

Breast 

cancer 

Novel 

locus 

4q31.21 USP38 1.28E-07 0.14 rs77528541 17.26 



210 
 

Breast 

cancer 

Novel 

locus 

2p11.2 CYTOR 1.29E-07 0.10 rs899491003 18.29 

Breast 

cancer 

Novel 

locus 

1p36.13 CAPZB 1.46E-07 0.11 rs2992756 1.09 

Breast 

cancer 

Novel 

locus 

1p13.3 CEPT1 1.63E-07 0.23 rs796135252 1.46 

Breast 

cancer 

Novel 

locus 

15q15.1 PLA2G4B 1.71E-07 0.17 rs2290203 49.12 

Breast 

cancer 

Novel 

locus 

9q33.3 RABEPK 1.75E-07 0.11 rs10760444 1.40 

Breast 

cancer 

Novel 

locus 

4p16.3 ATP5I 1.79E-07 0.09 rs495367 1.31 

Breast 

cancer 

Novel 

locus 

22q12.2 TCN2 2.23E-07 0.31 rs132390 1.38 

Breast 

cancer 

Novel 

locus 

16q22.1 FUK 3.49E-07 0.06 rs13329835 10.14 

Breast 

cancer 

Novel 

locus 

8p11.22 ADAM9 3.55E-07 0.02 rs13365225 2.00 

Breast 

cancer 

Novel 

locus 

13q13.3 POSTN 4.82E-07 0.04 rs11571833 5.16 

Breast 

cancer 

Novel 

locus 

6q23.2 ENPP1 5.01E-07 0.18 rs6569648 1.78 

Breast 

cancer 

Novel 

locus 

9p22.1 PLIN2 5.54E-07 0.16 rs1011970 2.91 

Breast 

cancer 

Novel 

locus 

7q21.13 CDK14 5.60E-07 0.03 rs6964587 0.79 

Breast 

cancer 

Novel 

locus 

18q23 NFATC1 6.29E-07 0.44 rs17743054 34.07 

Breast 

cancer 

Novel 

locus 

4p16.3 TMEM175 6.50E-07 0.03 rs495367 1.03 

Breast 

cancer 

Novel 

locus 

14q12 TM9SF1 7.14E-07 0.14 rs752059786 12.47 

Breast 

cancer 

Novel 

locus 

12q24.33 FBRSL1 7.27E-07 0.21 rs2464195 11.49 

Breast 

cancer 

Novel 

locus 

9q22.31 IARS 7.30E-07 0.02 rs4742903 11.80 

Breast 

cancer 

Novel 

locus 

17q11.2 NLK 8.18E-07 0.15 rs10612648 2.71 

Breast 

cancer 

Novel 

locus 

5q32 LARS 9.22E-07 0.43 rs1432679 12.63 

Breast 

cancer 

Novel 

locus 

17q11.2 KSR1 1.00E-06 0.23 rs10612648 3.28 



211 
 

Breast 

cancer 

Novel 

locus 

1q22 SMG5 1.04E-06 0.21 rs4971059 1.07 

Breast 

cancer 

Novel 

locus 

10p14 USP6NL 1.08E-06 0.12 rs67958007 2.41 

Breast 

cancer 

Novel 

locus 

5q35.3 TRIM52-

AS1 

1.10E-06 0.33 rs4562056 11.10 

Breast 

cancer 

Novel 

locus 

3p21.1 DNAH1 1.15E-06 0.12 rs6796502 5.49 

Breast 

cancer 

Novel 

locus 

17q23.1 RPS6KB1 1.30E-06 0.07 rs2787486 4.76 

Breast 

cancer 

Novel 

locus 

9q34.3 AGPAT2 1.35E-06 0.26 rs1461780285 3.40 

Breast 

cancer 

Novel 

locus 

17q21.32 UBE2Z 1.46E-06 0.21 rs2532263 2.73 

Breast 

cancer 

Novel 

locus 

8q24.3 PLEC 1.49E-06 0.36 rs11780156 15.73 

Breast 

cancer 

Novel 

locus 

16p13.3 WDR90 1.54E-06 0.07 rs11076805 3.39 

Breast 

cancer 

Novel 

locus 

1q42.12 WDR26 1.61E-06 0.36 rs11117758 7.34 

Breast 

cancer 

Novel 

locus 

22q11.21 PI4KA 1.63E-06 0.23 rs17879961 7.87 

Breast 

cancer 

Novel 

locus 

12q21.33 POC1B 1.71E-06 0.10 rs202049448 4.80 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

2q31.1 MAP3K20 5.46E-29 0.04 rs1550623 0.08 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

10q25.2 VTI1A 2.31E-25 0.02 rs7904519 0.20 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

2q31.1 MAP3K20 5.37E-20 0.08 rs1550623 0.08 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

11q22.3 SLC35F2 7.86E-18 0.19 rs201942465 0.55 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

19q13.31 ZNF235 4.71E-15 0.03 rs3760982 0.45 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

9q33.1 TRIM32 1.14E-14 0.26 rs1895062 0.14 



212 
 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

9q34.2 STKLD1 5.42E-12 0.05 rs1461780285 0.10 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

14q32.33 MTA1 7.71E-12 0.17 rs10623258 0.67 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

12q24.31 COQ5 3.20E-11 0.09 rs206966 0.11 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

16q12.2 RBL2 5.39E-11 0.13 rs17817449 0.29 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

19p12 ZNF93 9.54E-11 0.04 rs2965183 0.47 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

19p13.2 LDLR 4.08E-10 0.28 rs322144 0.18 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

14q32.33 MTA1 3.87E-09 0.22 rs10623258 0.67 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

18q21.1 HAUS1 4.66E-09 0.06 rs17743054 0.78 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

7q21.3 CASD1 7.00E-09 0.01 rs17268829 0.02 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

18q11.2 RIOK3 7.19E-09 0.41 rs12962334 0.55 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

9q34.13 AK8 7.57E-09 0.30 rs1461780285 0.40 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

11q13.2 RBM14 1.50E-08 0.02 rs3903072 0.80 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

9q34.2 STKLD1 1.57E-08 0.18 rs1461780285 0.10 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

19q13.32 EML2 1.89E-08 0.18 rs1263619624 0.03 



213 
 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

10p15.1 FAM208B 4.26E-08 0.05 rs2380205 0.08 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

18q11.2 RIOK3 6.56E-08 0.45 rs12962334 0.55 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

1p34.1 CCDC163 1.29E-07 0.05 rs1707302 0.64 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

1q22 RUSC1 1.42E-07 0.23 rs4971059 0.15 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

10q22.3 PPIF 1.62E-07 0.03 rs704010 0.27 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

19p13.12 NDUFB7 1.91E-07 0.48 rs2594714 0.72 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

6q25.2 VIP 2.81E-07 0.05 rs2747652 0.63 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

12p11.22 FAR2 3.27E-07 0.10 rs1027113 0.16 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

19q13.32 EML2 3.56E-07 0.14 rs1263619624 0.03 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

19p13.11 C19orf60 4.44E-07 0.06 rs4808801 0.13 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

19p13.11 GMIP 4.57E-07 0.06 rs2965183 0.19 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

1q22 YY1AP1 4.61E-07 0.10 rs4971059 0.48 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

18q12.1 GAREM1 1.01E-06 0.07 rs117618124 0.07 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

16p13.3 GLYR1 1.11E-06 0.12 rs11076805 0.75 



214 
 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

6p22.1 HLA-F-AS1 1.71E-06 0.24 rs9257408 0.78 

Breast 

cancer 

Novel gene 

in GWAS 

locus 

7q21.3 CASD1 1.77E-06 0.05 rs17268829 0.02 

Breast 

cancer 

Reported 

gene 

11q13.3 IGHMBP2 1.00E-48 0.08 rs554219 0.58 

Breast 

cancer 

Reported 

gene 

11q13.3 IGHMBP2 2.38E-36 0.14 rs554219 0.58 

Breast 

cancer 

Reported 

gene 

11q13.3 PPFIA1 2.52E-32 0.07 rs75915166 0.71 

Breast 

cancer 

Reported 

gene 

20p12.2 JAG1 2.53E-27 0.11 rs753173948 0.85 

Breast 

cancer 

Reported 

gene 

10q26.12 WDR11 2.79E-27 0.20 rs11199914 0.42 

Breast 

cancer 

Reported 

gene 

5q11.2 SETD9 1.08E-25 0.07 rs62355902 0.15 

Breast 

cancer 

Reported 

gene 

11q13.3 ORAOV1 4.16E-24 0.17 rs75915166 0.09 

Breast 

cancer 

Reported 

gene 

10q26.13 NSMCE4A 6.84E-23 0.04 rs45631563 0.37 

Breast 

cancer 

Reported 

gene 

10q26.12 WDR11 1.56E-22 0.24 rs11199914 0.42 

Breast 

cancer 

Reported 

gene 

19p13.11 ARMC6 9.53E-22 0.04 rs2965183 0.37 

Breast 

cancer 

Reported 

gene 

10q26.13 NSMCE4A 1.63E-21 0.03 rs45631563 0.37 

Breast 

cancer 

Reported 

gene 

10q26.12 WDR11 7.58E-17 0.28 rs11199914 0.42 

Breast 

cancer 

Reported 

gene 

12p11.23 TM7SF3 2.92E-16 0.03 rs7297051 1.01 

Breast 

cancer 

Reported 

gene 

11q13.3 MRPL21 5.69E-16 0.02 rs554219 0.61 

Breast 

cancer 

Reported 

gene 

11p15.5 RIC8A 3.84E-15 0.28 rs6597981 0.59 

Breast 

cancer 

Reported 

gene 

19p13.11 ARMC6 3.87E-15 0.02 rs2965183 0.37 

Breast 

cancer 

Reported 

gene 

18q11.2 SS18 6.70E-15 0.02 rs527616 0.67 

Breast 

cancer 

Reported 

gene 

16q23.2 GCSH 9.62E-14 0.07 rs13329835 0.47 



215 
 

Breast 

cancer 

Reported 

gene 

10q26.13 NSMCE4A 1.12E-13 0.26 rs45631563 0.37 

Breast 

cancer 

Reported 

gene 

5q11.2 IL6ST 1.95E-13 0.12 rs62355902 0.76 

Breast 

cancer 

Reported 

gene 

3p26.1 SETMAR 2.34E-13 0.04 rs6762644 0.38 

Breast 

cancer 

Reported 

gene 

2q33.1 CASP8 1.50E-12 0.31 rs1830298 0.03 

Breast 

cancer 

Reported 

gene 

6q25.1 ESR1 4.08E-12 0.06 rs2747652 0.01 

Breast 

cancer 

Reported 

gene 

5q14.2 ATG10 4.15E-12 0.22 rs7707921 0.03 

Breast 

cancer 

Reported 

gene 

2q35 TNS1 9.37E-12 0.04 rs16857609 0.37 

Breast 

cancer 

Reported 

gene 

14q32.12 TRIP11 1.11E-11 0.05 rs941764 0.59 

Breast 

cancer 

Reported 

gene 

2q14.2 PTPN4 1.22E-11 0.02 rs4849887 0.50 

Breast 

cancer 

Reported 

gene 

22q13.2 ZC3H7B 1.94E-11 0.18 rs73161324 0.28 

Breast 

cancer 

Reported 

gene 

7q21.3 SGCE 3.29E-11 0.38 rs17268829 0.10 

Breast 

cancer 

Reported 

gene 

22q13.2 XPNPEP3 4.11E-11 0.36 rs6001930 0.38 

Breast 

cancer 

Reported 

gene 

2q33.1 CASP8 5.72E-11 0.22 rs1830298 0.03 

Breast 

cancer 

Reported 

gene 

2q33.1 NIF3L1 1.01E-10 0.05 rs1830298 0.41 

Breast 

cancer 

Reported 

gene 

1q22 ASH1L 1.67E-10 0.03 rs4971059 0.16 

Breast 

cancer 

Reported 

gene 

5q31.1 C5orf56 1.99E-10 0.18 rs6596100 0.58 

Breast 

cancer 

Reported 

gene 

1q22 FAM189B 1.99E-10 0.07 rs4971059 0.07 

Breast 

cancer 

Reported 

gene 

5q31.1 RAD50 2.67E-10 0.15 rs6596100 0.43 

Breast 

cancer 

Reported 

gene 

12p11.23 TM7SF3 2.81E-10 0.25 rs7297051 1.01 

Breast 

cancer 

Reported 

gene 

1q22 MUC1 3.47E-10 0.47 rs4971059 0.01 

Breast 

cancer 

Reported 

gene 

17q21.31 KANSL1 3.57E-10 0.75 rs2532263 0.05 



216 
 

Breast 

cancer 

Reported 

gene 

19p13.11 SSBP4 4.25E-10 0.06 rs4808801 0.03 

Breast 

cancer 

Reported 

gene 

12p11.23 TM7SF3 4.42E-10 0.11 rs7297051 1.01 

Breast 

cancer 

Reported 

gene 

19p13.11 ATP13A1 4.66E-10 0.03 rs2965183 0.21 

Breast 

cancer 

Reported 

gene 

22q13.1 GTPBP1 6.42E-10 0.15 rs868638441 0.23 

Breast 

cancer 

Reported 

gene 

22q13.1 PLA2G6 6.75E-10 0.09 rs738321 0.03 

Breast 

cancer 

Reported 

gene 

11q13.3 MRPL21 8.38E-10 0.38 rs554219 0.61 

Breast 

cancer 

Reported 

gene 

16q23.2 GCSH 1.03E-09 0.09 rs13329835 0.47 

Breast 

cancer 

Reported 

gene 

10q22.3 ZMIZ1 1.19E-09 0.19 rs704010 0.01 

Breast 

cancer 

Reported 

gene 

22q13.1 GTPBP1 1.23E-09 0.04 rs868638441 0.23 

Breast 

cancer 

Reported 

gene 

22q13.2 XPNPEP3 1.61E-09 0.03 rs6001930 0.38 

Breast 

cancer 

Reported 

gene 

7q21.2 KRIT1 1.74E-09 0.02 rs6964587 0.20 

Breast 

cancer 

Reported 

gene 

17q21.31 ARHGAP27 2.06E-09 0.05 rs2532263 0.74 

Breast 

cancer 

Reported 

gene 

7q32.3 LINC-PINT 2.30E-09 0.19 rs4593472 0.04 

Breast 

cancer 

Reported 

gene 

7q32.3 LINC-PINT 2.88E-09 0.30 rs4593472 0.04 

Breast 

cancer 

Reported 

gene 

2q14.2 TFCP2L1 3.07E-09 0.04 rs4849887 0.73 

Breast 

cancer 

Reported 

gene 

22q13.1 PLA2G6 3.52E-09 0.03 rs738321 0.03 

Breast 

cancer 

Reported 

gene 

1q22 CLK2 3.60E-09 0.07 rs4971059 0.09 

Breast 

cancer 

Reported 

gene 

22q13.1 MAFF 4.17E-09 0.08 rs738321 0.03 

Breast 

cancer 

Reported 

gene 

2q33.1 CASP8 6.39E-09 0.06 rs1830298 0.03 

Breast 

cancer 

Reported 

gene 

1p33 NSUN4 7.24E-09 0.11 rs1707302 0.20 

Breast 

cancer 

Reported 

gene 

15q26.1 MAN2A2 7.69E-09 0.04 rs2290203 0.05 



217 
 

Breast 

cancer 

Reported 

gene 

1p33 NSUN4 8.08E-09 0.07 rs1707302 0.20 

Breast 

cancer 

Reported 

gene 

14q21.1 MIPOL1 9.69E-09 0.03 rs752059786 0.53 

Breast 

cancer 

Reported 

gene 

8q24.13 FAM91A1 1.00E-08 0.13 rs17350191 0.02 

Breast 

cancer 

Reported 

gene 

11q13.3 ORAOV1 1.30E-08 0.38 rs75915166 0.09 

Breast 

cancer 

Reported 

gene 

1q22 MUC1 1.34E-08 0.88 rs4971059 0.01 

Breast 

cancer 

Reported 

gene 

17q21.31 KANSL1 1.89E-08 0.06 rs2532263 0.05 

Breast 

cancer 

Reported 

gene 

6p22.1 ZNF311 1.91E-08 0.04 rs9257408 0.04 

Breast 

cancer 

Reported 

gene 

9q31.3 CTNNAL1 1.95E-08 0.05 rs676256 0.81 

Breast 

cancer 

Reported 

gene 

14q32.12 ATXN3 1.96E-08 0.05 rs11627032 0.53 

Breast 

cancer 

Reported 

gene 

1q22 MUC1 2.72E-08 0.88 rs4971059 0.01 

Breast 

cancer 

Reported 

gene 

5q11.2 IL6ST 2.76E-08 0.47 rs62355902 0.76 

Breast 

cancer 

Reported 

gene 

11q13.3 CTTN 3.14E-08 0.09 rs75915166 0.83 

Breast 

cancer 

Reported 

gene 

12p13.33 RP11-

218M22.1 

3.38E-08 0.45 rs12422552 13.60 

Breast 

cancer 

Reported 

gene 

17q21.31 ARHGAP27 3.43E-08 0.13 rs2532263 0.74 

Breast 

cancer 

Reported 

gene 

14q32.12 ATXN3 4.27E-08 0.08 rs11627032 0.53 

Breast 

cancer 

Reported 

gene 

8p21.3 BMP1 5.61E-08 0.17 rs10581440 1.41 

Breast 

cancer 

Reported 

gene 

1q22 EFNA1 5.93E-08 0.22 rs4971059 0.04 

Breast 

cancer 

Reported 

gene 

1q22 MSTO1 8.54E-08 0.07 rs4971059 0.43 

Breast 

cancer 

Reported 

gene 

8q24.13 MTSS1 9.25E-08 0.11 rs17350191 0.81 

Breast 

cancer 

Reported 

gene 

18q11.2 SS18 1.28E-07 0.09 rs527616 0.67 

Breast 

cancer 

Reported 

gene 

14q32.12 ATXN3 1.31E-07 0.11 rs11627032 0.53 
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Breast 

cancer 

Reported 

gene 

17q21.31 PLEKHM1 1.31E-07 0.13 rs2532263 0.68 

Breast 

cancer 

Reported 

gene 

1q22 GON4L 1.51E-07 0.11 rs4971059 0.57 

Breast 

cancer 

Reported 

gene 

1p33 NSUN4 1.76E-07 0.20 rs1707302 0.20 

Breast 

cancer 

Reported 

gene 

10q26.13 ATE1 1.79E-07 0.07 rs45631563 0.15 

Breast 

cancer 

Reported 

gene 

1p33 NSUN4 1.86E-07 0.13 rs1707302 0.20 

Breast 

cancer 

Reported 

gene 

1q22 GON4L 1.87E-07 0.08 rs4971059 0.57 

Breast 

cancer 

Reported 

gene 

16q22.2 ZNF19 2.02E-07 0.10 rs13329835 9.05 

Breast 

cancer 

Reported 

gene 

4p16.3 PIGG 2.10E-07 0.05 rs495367 1.45 

Breast 

cancer 

Reported 

gene 

19p13.11 SUGP1 2.24E-07 0.08 rs2965183 0.11 

Breast 

cancer 

Reported 

gene 

4p16.3 RNF212 2.43E-07 0.12 rs495367 0.87 

Breast 

cancer 

Reported 

gene 

7q32.3 LINC-PINT 2.46E-07 0.14 rs4593472 0.04 

Breast 

cancer 

Reported 

gene 

5q31.1 RAD50 2.58E-07 0.04 rs6596100 0.43 

Breast 

cancer 

Reported 

gene 

7q21.3 SGCE 2.80E-07 0.33 rs17268829 0.10 

Breast 

cancer 

Reported 

gene 

19p13.11 SSBP4 3.45E-07 0.06 rs4808801 0.03 

Breast 

cancer 

Reported 

gene 

10q26.13 TACC2 3.65E-07 0.11 rs45631563 0.40 

Breast 

cancer 

Reported 

gene 

17q11.2 GOSR1 3.83E-07 0.10 rs10612648 0.38 

Breast 

cancer 

Reported 

gene 

1p34.1 NASP 4.30E-07 0.06 rs1707302 0.52 

Breast 

cancer 

Reported 

gene 

3q12.2 TFG 5.82E-07 0.03 rs9833888 0.70 

Breast 

cancer 

Reported 

gene 

3p26.1 AC018816.3 6.46E-07 0.11 rs6762644 0.11 

Breast 

cancer 

Reported 

gene 

22q13.1 PLA2G6 7.34E-07 0.09 rs738321 0.03 

Breast 

cancer 

Reported 

gene 

1p34.1 NASP 7.43E-07 0.14 rs1707302 0.52 
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Breast 

cancer 

Reported 

gene 

11q13.3 PPFIA1 7.46E-07 0.08 rs75915166 0.71 

Breast 

cancer 

Reported 

gene 

11q13.3 TPCN2 7.59E-07 0.07 rs554219 0.35 

Breast 

cancer 

Reported 

gene 

5q31.1 P4HA2 9.24E-07 0.33 rs6596100 0.78 

Breast 

cancer 

Reported 

gene 

1q22 BGLAP 9.30E-07 0.02 rs4971059 1.07 

Breast 

cancer 

Reported 

gene 

17q21.31 ARL17A 9.86E-07 0.09 rs2532263 0.34 

Breast 

cancer 

Reported 

gene 

1q22 SLC25A44 1.04E-06 0.11 rs4971059 1.02 

Breast 

cancer 

Reported 

gene 

1q21.2 PDE4DIP 1.13E-06 0.12 rs587712509 0.05 

Breast 

cancer 

Reported 

gene 

2q31.1 CYBRD1 1.39E-06 0.16 rs2016394 0.55 

Breast 

cancer 

Reported 

gene 

11q13.3 CTTN 1.39E-06 0.07 rs75915166 0.83 

Breast 

cancer 

Reported 

gene 

1q22 SLC25A44 1.46E-06 0.31 rs4971059 1.02 

Breast 

cancer 

Reported 

gene 

5q31.1 P4HA2 1.55E-06 0.02 rs6596100 0.78 

Breast 

cancer 

Reported 

gene 

5q31.1 P4HA2 1.55E-06 0.03 rs6596100 0.78 

Breast 

cancer 

Reported 

gene 

14q24.3 VASH1 1.64E-06 0.03 rs999737 8.19 

Breast 

cancer 

Reported 

gene 

1q22 MSTO1 1.68E-06 0.18 rs4971059 0.43 

Breast 

cancer 

Reported 

gene 

10q26.13 TACC2 1.79E-06 0.08 rs45631563 0.40 

Breast 

cancer 

Reported 

gene 

19p13.11 ISYNA1 1.80E-06 0.15 rs4808801 0.02 

Prostate 

cancer 

Novel 

locus 

2q11.2 KIAA1211L 1.01E-49 0.02 rs2165108 12.17 

Prostate 

cancer 

Novel 

locus 

3q27.3 MASP1 1.01E-49 0.02 rs11717887 14.55 

Prostate 

cancer 

Novel 

locus 

10q26.13 HTRA1 4.55E-45 0.07 rs10749415 1.04 

Prostate 

cancer 

Novel 

locus 

18q12.3 SLC14A1 1.27E-42 0.04 rs8089411 8.49 

Prostate 

cancer 

Novel 

locus 

8q22.3 DPYS 2.64E-38 0.02 rs73700335 3.44 
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Prostate 

cancer 

Novel 

locus 

10p12.31 NSUN6 2.22E-33 0.04 rs12781100 17.75 

Prostate 

cancer 

Novel 

locus 

18p11.21 CEP192 1.23E-32 0.03 rs8089411 41.12 

Prostate 

cancer 

Novel 

locus 

18p11.32 THOC1 2.20E-29 0.18 rs8089411 53.98 

Prostate 

cancer 

Novel 

locus 

18p11.32 THOC1 3.02E-28 0.17 rs8089411 53.98 

Prostate 

cancer 

Novel 

locus 

14q24.3 TTLL5 6.15E-26 0.05 rs17565772 5.34 

Prostate 

cancer 

Novel 

locus 

1p31.3 SERBP1 3.61E-25 0.02 rs398049422 20.31 

Prostate 

cancer 

Novel 

locus 

5q15 TTC37 3.61E-25 0.01 rs9292122 38.67 

Prostate 

cancer 

Novel 

locus 

4q25 CYP2U1 3.61E-25 0.01 rs17035310 2.79 

Prostate 

cancer 

Novel 

locus 

11q23.3 OAF 4.32E-24 0.42 rs138466039 4.95 

Prostate 

cancer 

Novel 

locus 

2q14.1 CCDC93 4.00E-23 0.26 rs111595856 2.33 

Prostate 

cancer 

Novel 

locus 

16p13.3 WDR90 5.50E-23 0.01 rs7188897 53.77 

Prostate 

cancer 

Novel 

locus 

6p22.3 TDP2 9.19E-23 0.16 rs58003108 1.98 

Prostate 

cancer 

Novel 

locus 

11p14.1 BDNF-AS 9.42E-23 0.06 rs68010938 19.71 

Prostate 

cancer 

Novel 

locus 

11q21 SLC36A4 1.10E-22 0.11 rs11568818 9.33 

Prostate 

cancer 

Novel 

locus 

2q36.3 TRIP12 4.37E-21 0.12 rs74001374 7.58 

Prostate 

cancer 

Novel 

locus 

12p13.31 EMG1 1.12E-20 0.05 rs2066827 5.74 

Prostate 

cancer 

Novel 

locus 

9p24.2 VLDLR-AS1 1.07E-18 0.12 rs34540271 15.93 

Prostate 

cancer 

Novel 

locus 

4p15.2 ZCCHC4 2.38E-18 0.02 rs17804499 48.21 

Prostate 

cancer 

Novel 

locus 

10q26.3 LRRC27 6.52E-18 0.10 rs12769682 7.32 

Prostate 

cancer 

Novel 

locus 

15q15.1 PLA2G4B 1.22E-17 0.15 rs11561564 1.16 

Prostate 

cancer 

Novel 

locus 

15q26.3 LRRC28 9.50E-17 0.35 rs12913603 28.87 
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Prostate 

cancer 

Novel 

locus 

17p13.3 RP1-

59D14.5 

1.02E-16 0.12 rs684232 1.66 

Prostate 

cancer 

Novel 

locus 

22q13.2 POLR3H 1.07E-16 0.04 rs1043621631 1.42 

Prostate 

cancer 

Novel 

locus 

13q12.3 LINC00426 1.74E-16 0.15 rs1327653 20.13 

Prostate 

cancer 

Novel 

locus 

9q32 KIF12 2.13E-16 0.06 rs143655302 6.56 

Prostate 

cancer 

Novel 

locus 

1p36.22 CLCN6 2.34E-16 0.17 rs2847344 1.30 

Prostate 

cancer 

Novel 

locus 

17p13.3 RAP1GAP2 4.58E-16 0.18 rs684232 2.04 

Prostate 

cancer 

Novel 

locus 

7q22.1 GIGYF1 5.01E-16 0.05 rs1275077269 2.62 

Prostate 

cancer 

Novel 

locus 

4p16.3 GAK 5.28E-16 0.09 rs17804499 72.64 

Prostate 

cancer 

Novel 

locus 

3p21.2 DCAF1 5.65E-15 0.15 rs397743718 1.81 

Prostate 

cancer 

Novel 

locus 

2p16.2 PSME4 7.16E-15 0.02 rs11125927 8.56 

Prostate 

cancer 

Novel 

locus 

10q24.1 PGAM1 8.42E-15 0.02 rs12262998 5.24 

Prostate 

cancer 

Novel 

locus 

8p12 HMBOX1 1.03E-14 0.02 rs12677206 2.68 

Prostate 

cancer 

Novel 

locus 

1p36.11 ARID1A 2.60E-14 0.08 rs10803412 10.65 

Prostate 

cancer 

Novel 

locus 

6q23.3 AHI1 2.95E-14 0.02 rs561636259 1.31 

Prostate 

cancer 

Novel 

locus 

14q32.31 ZNF839 3.70E-14 0.02 rs17565772 32.03 

Prostate 

cancer 

Novel 

locus 

9q34.3 EHMT1 5.54E-14 0.09 rs12634 7.81 

Prostate 

cancer 

Novel 

locus 

7q34 LUC7L2 1.31E-13 0.02 rs1275077269 41.28 

Prostate 

cancer 

Novel 

locus 

8q24.3 PTK2 1.31E-13 0.02 rs12549761 13.13 

Prostate 

cancer 

Novel 

locus 

9q33.2 MRRF 1.37E-13 0.05 rs2241167 5.34 

Prostate 

cancer 

Novel 

locus 

5q23.1 DMXL1 1.46E-13 0.02 rs10793821 15.25 

Prostate 

cancer 

Novel 

locus 

10p12.33 HACD1 1.52E-13 0.03 rs12781100 16.80 
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Prostate 

cancer 

Novel 

locus 

2p22.1 ATL2 2.30E-13 0.02 rs6738169 4.46 

Prostate 

cancer 

Novel 

locus 

10q24.2 HPS1 2.65E-13 0.02 rs12262998 4.22 

Prostate 

cancer 

Novel 

locus 

5p13.3 TARS 3.30E-13 0.44 rs10941370 4.36 

Prostate 

cancer 

Novel 

locus 

9q34.13 RAPGEF1 3.66E-13 0.05 rs12634 1.77 

Prostate 

cancer 

Novel 

locus 

19p13.3 APBA3 3.76E-13 0.19 rs10412482 13.36 

Prostate 

cancer 

Novel 

locus 

2p23.3 ITSN2 3.77E-13 0.18 rs9306894 3.52 

Prostate 

cancer 

Novel 

locus 

5q22.3 CDO1 5.27E-13 0.03 rs10793821 18.68 

Prostate 

cancer 

Novel 

locus 

10q24.1 MMS19 6.01E-13 0.03 rs12262998 5.17 

Prostate 

cancer 

Novel 

locus 

12q24.13 MAPKAPK5 9.11E-13 0.06 rs1270884 2.35 

Prostate 

cancer 

Novel 

locus 

3p14.1 LRIG1 1.00E-12 0.16 rs13091518 4.25 

Prostate 

cancer 

Novel 

locus 

1q42.3 B3GALNT2 1.12E-12 0.04 rs708723 29.68 

Prostate 

cancer 

Novel 

locus 

3p22.1 CCDC13 1.28E-12 0.23 rs397743718 6.81 

Prostate 

cancer 

Novel 

locus 

14q12 PCK2 1.77E-12 0.12 rs1004030 1.26 

Prostate 

cancer 

Novel 

locus 

17q21.32 RP11-

580I16.2 

2.02E-12 0.04 rs138213197 1.08 

Prostate 

cancer 

Novel 

locus 

1p35.3 SRSF4 2.17E-12 0.06 rs10803412 13.10 

Prostate 

cancer 

Novel 

locus 

9q33.3 SCAI 2.55E-12 0.21 rs2241167 2.52 

Prostate 

cancer 

Novel 

locus 

3q22.1 CPNE4 3.02E-12 0.03 rs35006112 3.04 

Prostate 

cancer 

Novel 

locus 

17p11.2 TRPV2 3.02E-12 0.02 rs72811270 3.74 

Prostate 

cancer 

Novel 

locus 

3p14.1 FRMD4B 3.47E-12 0.10 rs13091518 1.20 

Prostate 

cancer 

Novel 

locus 

1q23.2 SLAMF8 4.66E-12 0.01 rs80237341 2.68 

Prostate 

cancer 

Novel 

locus 

4q27 EXOSC9 7.14E-12 0.09 rs17035310 16.66 
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Prostate 

cancer 

Novel 

locus 

13q34 TMCO3 7.15E-12 0.02 rs75823044 3.78 

Prostate 

cancer 

Novel 

locus 

19q13.42 KMT5C 8.10E-12 0.14 rs76765083 4.48 

Prostate 

cancer 

Novel 

locus 

9q34.13 SETX 8.99E-12 0.23 rs12634 2.45 

Prostate 

cancer 

Novel 

locus 

17q25.3 AFMID 1.15E-11 0.08 rs148351530 7.07 

Prostate 

cancer 

Novel 

locus 

16p12.3 ACSM3 1.36E-11 0.04 rs7188897 33.64 

Prostate 

cancer 

Novel 

locus 

4q13.2 YTHDC1 1.77E-11 0.05 rs17804499 5.23 

Prostate 

cancer 

Novel 

locus 

16p12.3 TMEM159 2.07E-11 0.37 rs7188897 33.25 

Prostate 

cancer 

Novel 

locus 

6p21.2 RNF8 2.72E-11 0.02 rs9469899 2.53 

Prostate 

cancer 

Novel 

locus 

6p25.2 PRPF4B 2.74E-11 0.09 rs2814811 2.35 

Prostate 

cancer 

Novel 

locus 

7p13 DBNL 3.56E-11 0.09 rs12701838 3.21 

Prostate 

cancer 

Novel 

locus 

5p13.3 TARS 3.56E-11 0.42 rs10941370 4.36 

Prostate 

cancer 

Novel 

locus 

2q11.2 ANKRD36B 4.38E-11 0.21 rs2028900 11.95 

Prostate 

cancer 

Novel 

locus 

5q31.3 KIAA0141 5.57E-11 0.32 rs10793821 7.42 

Prostate 

cancer 

Novel 

locus 

16q22.1 COG4 6.38E-11 0.11 rs28709974 9.29 

Prostate 

cancer 

Novel 

locus 

7p13 POLM 8.37E-11 0.09 rs12701838 3.23 

Prostate 

cancer 

Novel 

locus 

21q11.2 AF127936.7 8.85E-11 0.21 rs11701433 24.01 

Prostate 

cancer 

Novel 

locus 

2q21.3 DARS 9.15E-11 0.14 rs10206072 15.29 

Prostate 

cancer 

Novel 

locus 

15q24.1 ULK3 9.66E-11 0.08 rs12913603 4.46 

Prostate 

cancer 

Novel 

locus 

5q12.3 PPWD1 1.10E-10 0.18 rs9292122 8.77 

Prostate 

cancer 

Novel 

locus 

7p15.3 TOMM7 1.16E-10 0.08 rs35389879 1.04 

Prostate 

cancer 

Novel 

locus 

15q24.1 ULK3 1.21E-10 0.07 rs12913603 4.46 
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Prostate 

cancer 

Novel 

locus 

1q42.13 CDC42BPA 1.48E-10 0.26 rs708723 21.22 

Prostate 

cancer 

Novel 

locus 

20q13.12 ELMO2 1.66E-10 0.01 rs73909841 4.50 

Prostate 

cancer 

Novel 

locus 

22q12.3 IFT27 1.66E-10 0.01 rs138708 1.97 

Prostate 

cancer 

Novel 

locus 

1p32.1 OMA1 1.81E-10 0.18 rs578241623 12.63 

Prostate 

cancer 

Novel 

locus 

1p34.3 NCDN 1.95E-10 0.03 rs578241623 10.22 

Prostate 

cancer 

Novel 

locus 

2q31.1 UBR3 1.96E-10 0.03 rs16854905 1.67 

Prostate 

cancer 

Novel 

locus 

16p13.3 ZNF598 1.97E-10 0.25 rs7188897 52.43 

Prostate 

cancer 

Novel 

locus 

6p25.2 BPHL 2.19E-10 0.22 rs2814811 1.45 

Prostate 

cancer 

Novel 

locus 

9q21.32 IDNK 2.21E-10 0.26 rs142727307 4.15 

Prostate 

cancer 

Novel 

locus 

13q14.11 DNAJC15 3.07E-10 0.14 rs1327653 7.39 

Prostate 

cancer 

Novel 

locus 

16q22.1 COG4 3.09E-10 0.10 rs28709974 9.29 

Prostate 

cancer 

Novel 

locus 

17q25.3 SEC14L1 3.39E-10 0.29 rs148351530 5.97 

Prostate 

cancer 

Novel 

locus 

8q24.3 PTK2 3.41E-10 0.10 rs12549761 13.13 

Prostate 

cancer 

Novel 

locus 

15q24.1 STRA6 3.53E-10 0.04 rs12913603 3.80 

Prostate 

cancer 

Novel 

locus 

9q22.31 RP11-

165J3.6 

4.03E-10 0.20 rs4451364 13.33 

Prostate 

cancer 

Novel 

locus 

1p36.32 PLCH2 4.87E-10 0.16 rs7542260 3.18 

Prostate 

cancer 

Novel 

locus 

8q22.2 NIPAL2 5.78E-10 0.28 rs73700335 9.62 

Prostate 

cancer 

Novel 

locus 

17p13.3 RAP1GAP2 6.51E-10 0.02 rs684232 2.04 

Prostate 

cancer 

Novel 

locus 

11q12.1 TNKS1BP1 6.99E-10 0.12 rs1048374 1.81 

Prostate 

cancer 

Novel 

locus 

2q21.3 R3HDM1 7.72E-10 0.07 rs10206072 14.92 

Prostate 

cancer 

Novel 

locus 

3q13.33 HGD 8.25E-10 0.24 rs2271494 7.05 
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Prostate 

cancer 

Novel 

locus 

15q24.1 STRA6 8.72E-10 0.04 rs12913603 3.80 

Prostate 

cancer 

Novel 

locus 

3p14.1 ADAMTS9 9.16E-10 0.11 rs13091518 6.06 

Prostate 

cancer 

Novel 

locus 

2q24.2 PLA2R1 1.18E-09 0.06 rs16854905 8.09 

Prostate 

cancer 

Novel 

locus 

11q12.1 SLC43A1 1.25E-09 0.03 rs1048374 1.62 

Prostate 

cancer 

Novel 

locus 

19p13.3 CTB-

50L17.10 

1.71E-09 0.08 rs10412482 12.62 

Prostate 

cancer 

Novel 

locus 

14q11.2 CCNB1IP1 1.72E-09 0.04 rs1004030 2.50 

Prostate 

cancer 

Novel 

locus 

12q24.11 ANKRD13A 1.73E-09 0.14 rs1270884 4.21 

Prostate 

cancer 

Novel 

locus 

20q13.12 ACOT8 1.73E-09 0.04 rs73909841 5.07 

Prostate 

cancer 

Novel 

locus 

8q24.3 FBXL6 1.85E-09 0.03 rs12549761 16.83 

Prostate 

cancer 

Novel 

locus 

3p12.2 GBE1 2.01E-09 0.17 rs143745027 5.33 

Prostate 

cancer 

Novel 

locus 

20p11.23 RALGAPA2 2.95E-09 0.14 rs1491491580 12.05 

Prostate 

cancer 

Novel 

locus 

19p13.2 CERS4 2.99E-09 0.18 rs10412482 8.86 

Prostate 

cancer 

Novel 

locus 

2p25.3 SNTG2 3.78E-09 0.14 rs11686272 7.09 

Prostate 

cancer 

Novel 

locus 

16p12.2 POLR3E 3.98E-09 0.06 rs7188897 32.10 

Prostate 

cancer 

Novel 

locus 

5q22.2 YTHDC2 4.40E-09 0.05 rs10793821 20.91 

Prostate 

cancer 

Novel 

locus 

2q24.2 CD302 4.54E-09 0.19 rs16854905 8.36 

Prostate 

cancer 

Novel 

locus 

5q35.3 RUFY1 4.77E-09 0.10 rs2672843 1.09 

Prostate 

cancer 

Novel 

locus 

15q26.3 LRRC28 5.16E-09 0.15 rs12913603 28.87 

Prostate 

cancer 

Novel 

locus 

3q13.33 POGLUT1 5.21E-09 0.26 rs2271494 5.89 

Prostate 

cancer 

Novel 

locus 

17p13.3 MIR22HG 5.66E-09 0.22 rs684232 1.01 

Prostate 

cancer 

Novel 

locus 

5q12.3 RNF180 6.16E-09 0.12 rs9292122 7.37 
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Prostate 

cancer 

Novel 

locus 

19p13.2 KANK3 6.37E-09 0.02 rs10412482 8.77 

Prostate 

cancer 

Novel 

locus 

17q24.3 SOX9-AS1 7.12E-09 0.19 rs148351530 0.91 

Prostate 

cancer 

Novel 

locus 

16q22.1 PSMB10 7.42E-09 0.05 rs11863709 10.31 

Prostate 

cancer 

Novel 

locus 

12q23.1 ACTR6 8.50E-09 0.19 rs77121786 1.81 

Prostate 

cancer 

Novel 

locus 

5q35.3 MGAT4B 1.04E-08 0.03 rs2672843 1.33 

Prostate 

cancer 

Novel 

locus 

12p13.33 CCDC77 1.08E-08 0.05 rs2066827 12.28 

Prostate 

cancer 

Novel 

locus 

15q21.1 DUOXA1 1.12E-08 0.17 rs11561564 4.44 

Prostate 

cancer 

Novel 

locus 

9q34.3 EHMT1 1.18E-08 0.14 rs12634 7.81 

Prostate 

cancer 

Novel 

locus 

2q34 LANCL1 1.45E-08 0.04 rs12621900 3.18 

Prostate 

cancer 

Novel 

locus 

2q34 SPAG16 1.45E-08 0.05 rs12621900 6.03 

Prostate 

cancer 

Novel 

locus 

16q22.1 TRADD 1.45E-08 0.02 rs11863709 9.53 

Prostate 

cancer 

Novel 

locus 

1q41 BPNT1 1.45E-08 0.02 rs708723 14.29 

Prostate 

cancer 

Novel 

locus 

3p21.1 ITIH4 1.45E-08 0.02 rs397743718 3.23 

Prostate 

cancer 

Novel 

locus 

13q33.1 TPP2 2.10E-08 0.04 rs75823044 7.03 

Prostate 

cancer 

Novel 

locus 

7q22.1 PDAP1 2.26E-08 0.32 rs1275077269 1.33 

Prostate 

cancer 

Novel 

locus 

19p13.3 SLC25A23 2.36E-08 0.06 rs10412482 10.65 

Prostate 

cancer 

Novel 

locus 

11q13.4 XRRA1 3.02E-08 0.09 rs1483103293 1.61 

Prostate 

cancer 

Novel 

locus 

22q11.21 PI4KA 3.21E-08 0.02 rs1978060 1.01 

Prostate 

cancer 

Novel 

locus 

4p16.1 TBC1D14 3.37E-08 0.17 rs17804499 66.55 

Prostate 

cancer 

Novel 

locus 

2p23.3 ITSN2 3.42E-08 0.01 rs9306894 3.52 

Prostate 

cancer 

Novel 

locus 

9q33.2 PTGS1 3.50E-08 0.06 rs2241167 5.27 
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Prostate 

cancer 

Novel 

locus 

5q13.2 ARHGEF28 3.64E-08 0.04 rs9292122 16.83 

Prostate 

cancer 

Novel 

locus 

21q22.3 PDXK 3.65E-08 0.14 rs9978557 2.21 

Prostate 

cancer 

Novel 

locus 

14q32.2 PAPOLA 3.69E-08 0.16 rs17565772 26.21 

Prostate 

cancer 

Novel 

locus 

2p16.2 ACYP2 3.97E-08 0.17 rs11125927 8.22 

Prostate 

cancer 

Novel 

locus 

14q32.12 CATSPERB 3.97E-08 0.03 rs17565772 21.29 

Prostate 

cancer 

Novel 

locus 

11q24.3 ZBTB44 3.97E-08 0.01 rs878987 4.08 

Prostate 

cancer 

Novel 

locus 

16p12.2 POLR3E 4.23E-08 0.10 rs7188897 32.10 

Prostate 

cancer 

Novel 

locus 

15q24.1 ARID3B 4.48E-08 0.11 rs12913603 4.16 

Prostate 

cancer 

Novel 

locus 

6p25.2 BPHL 4.52E-08 0.22 rs2814811 1.45 

Prostate 

cancer 

Novel 

locus 

8q24.3 PTK2 4.60E-08 0.04 rs12549761 13.13 

Prostate 

cancer 

Novel 

locus 

12q24.22 FBXW8 5.58E-08 0.20 rs1270884 2.66 

Prostate 

cancer 

Novel 

locus 

18q12.2 ELP2 5.60E-08 0.06 rs8089411 18.06 

Prostate 

cancer 

Novel 

locus 

20q11.22 AHCY 5.63E-08 0.12 rs6141551 1.11 

Prostate 

cancer 

Novel 

locus 

1q44 LINC01341 6.06E-08 0.05 rs708723 41.01 

Prostate 

cancer 

Novel 

locus 

1q24.2 NME7 6.26E-08 0.12 rs4075646 1.97 

Prostate 

cancer 

Novel 

locus 

8q21.3 RP11-

37B2.1 

6.35E-08 0.16 rs73700335 18.15 

Prostate 

cancer 

Novel 

locus 

15q14 C15orf41 6.91E-08 0.04 rs11561564 3.86 

Prostate 

cancer 

Novel 

locus 

16q23.2 GCSH 7.23E-08 0.24 rs8052913 1.04 

Prostate 

cancer 

Novel 

locus 

15q21.1 SHF 7.34E-08 0.03 rs11561564 4.49 

Prostate 

cancer 

Novel 

locus 

13q12.13 CDK8 7.36E-08 0.09 rs1327653 24.10 

Prostate 

cancer 

Novel 

locus 

12q24.13 MAPKAPK5 7.61E-08 0.12 rs1270884 2.35 
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Prostate 

cancer 

Novel 

locus 

17q21.31 AARSD1 7.82E-08 0.04 rs11263763 5.21 

Prostate 

cancer 

Novel 

locus 

5q14.1 SERINC5 8.46E-08 0.16 rs9292122 23.32 

Prostate 

cancer 

Novel 

locus 

15q22.31 PLEKHO2 8.95E-08 0.09 rs74634457 1.68 

Prostate 

cancer 

Novel 

locus 

11p15.4 NUP98 9.06E-08 0.06 rs11043143 1.46 

Prostate 

cancer 

Novel 

locus 

19p13.3 SLC25A23 9.29E-08 0.26 rs10412482 10.65 

Prostate 

cancer 

Novel 

locus 

20p13 MAVS 1.02E-07 0.23 rs6039055 2.96 

Prostate 

cancer 

Novel 

locus 

22q13.33 PLXNB2 1.04E-07 0.15 rs9615099 4.97 

Prostate 

cancer 

Novel 

locus 

7p21.3 ARL4A 1.10E-07 0.04 rs397697277 7.68 

Prostate 

cancer 

Novel 

locus 

17q21.31 AARSD1 1.15E-07 0.04 rs11263763 5.21 

Prostate 

cancer 

Novel 

locus 

2p23.3 SLC5A6 1.16E-07 0.15 rs9306894 6.52 

Prostate 

cancer 

Novel 

locus 

1p36.12 ASAP3 1.16E-07 0.08 rs10803412 7.38 

Prostate 

cancer 

Novel 

locus 

8q24.3 TSTA3 1.24E-07 0.08 rs12549761 16.08 

Prostate 

cancer 

Novel 

locus 

13q12.13 CDK8 1.36E-07 0.10 rs1327653 24.10 

Prostate 

cancer 

Novel 

locus 

6q22.31 MAN1A1 1.46E-07 0.12 rs339351 2.30 

Prostate 

cancer 

Novel 

locus 

5q21.3 PJA2 1.49E-07 0.19 rs10793821 25.09 

Prostate 

cancer 

Novel 

locus 

2p13.3 ANXA4 1.51E-07 0.12 rs74702681 3.22 

Prostate 

cancer 

Novel 

locus 

2q32.2 HIBCH 1.55E-07 0.14 rs1861270 10.94 

Prostate 

cancer 

Novel 

locus 

3q12.2 NIT2 1.62E-07 0.18 rs1283104 6.88 

Prostate 

cancer 

Novel 

locus 

1p32.3 OSBPL9 1.62E-07 0.03 rs578241623 5.79 

Prostate 

cancer 

Novel 

locus 

1p32.3 OSBPL9 1.65E-07 0.08 rs578241623 5.79 

Prostate 

cancer 

Novel 

locus 

1p36.33 FAAP20 1.90E-07 0.15 rs7542260 3.47 



229 
 

Prostate 

cancer 

Novel 

locus 

5q12.3 PPWD1 2.02E-07 0.14 rs9292122 8.77 

Prostate 

cancer 

Novel 

locus 

7q21.11 PHTF2 2.08E-07 0.17 rs6955627 14.99 

Prostate 

cancer 

Novel 

locus 

1q23.2 PEX19 2.26E-07 0.18 rs6660538 3.04 

Prostate 

cancer 

Novel 

locus 

15q13.1 APBA2 2.32E-07 0.16 rs11561564 11.55 

Prostate 

cancer 

Novel 

locus 

8p12 LEPROTL1 2.34E-07 0.07 rs12677206 3.89 

Prostate 

cancer 

Novel 

locus 

10q26.3 PAOX 2.41E-07 0.06 rs12769682 8.37 

Prostate 

cancer 

Novel 

locus 

5p15.31 SRD5A1 2.66E-07 0.02 rs4975758 4.74 

Prostate 

cancer 

Novel 

locus 

18p11.21 CEP192 2.68E-07 0.39 rs8089411 41.12 

Prostate 

cancer 

Novel 

locus 

4q32.1 PPID 2.75E-07 0.15 rs147762399 7.60 

Prostate 

cancer 

Novel 

locus 

22q11.23 RAB36 2.83E-07 0.14 rs1978060 3.38 

Prostate 

cancer 

Novel 

locus 

12q24.11 TCHP 2.85E-07 0.10 rs1270884 4.26 

Prostate 

cancer 

Novel 

locus 

6p21.31 LEMD2 2.87E-07 0.03 rs9469899 1.04 

Prostate 

cancer 

Novel 

locus 

1q21.2 ACP6 2.99E-07 0.12 rs1811698 3.13 

Prostate 

cancer 

Novel 

locus 

1p36.12 ASAP3 3.26E-07 0.09 rs10803412 7.38 

Prostate 

cancer 

Novel 

locus 

5q31.2 KDM3B 3.26E-07 0.17 rs10793821 3.85 

Prostate 

cancer 

Novel 

locus 

17q23.1 VMP1 3.42E-07 0.17 rs12938538 1.36 

Prostate 

cancer 

Novel 

locus 

1p36.11 ZNF683 3.53E-07 0.08 rs10803412 10.31 

Prostate 

cancer 

Novel 

locus 

7q11.21 RABGEF1 3.53E-07 0.17 rs834608 19.27 

Prostate 

cancer 

Novel 

locus 

12q14.1 OS9 3.69E-07 0.15 rs187809440 4.76 

Prostate 

cancer 

Novel 

locus 

6p21.1 UBR2 3.96E-07 0.21 rs4714485 1.02 

Prostate 

cancer 

Novel 

locus 

3q12.3 NXPE3 4.28E-07 0.19 rs1283104 5.42 
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Prostate 

cancer 

Novel 

locus 

11q23.3 HMBS 4.51E-07 0.17 rs56969947 5.26 

Prostate 

cancer 

Novel 

locus 

14q13.2 RALGAPA1 5.17E-07 0.14 rs6571758 1.01 

Prostate 

cancer 

Novel 

locus 

6q16.2 FBXL4 5.21E-07 0.02 rs2038542 10.03 

Prostate 

cancer 

Novel 

locus 

16q24.2 FBXO31 5.41E-07 0.07 rs8052913 5.19 

Prostate 

cancer 

Novel 

locus 

11p11.2 CRY2 5.43E-07 0.27 rs68010938 1.52 

Prostate 

cancer 

Novel 

locus 

20p11.21 PYGB 5.46E-07 0.20 rs1491491580 7.46 

Prostate 

cancer 

Novel 

locus 

14q32.12 CATSPERB 5.51E-07 0.07 rs17565772 21.29 

Prostate 

cancer 

Novel 

locus 

1p34.3 MEAF6 5.77E-07 0.07 rs578241623 8.27 

Prostate 

cancer 

Novel 

locus 

17q21.2 NKIRAS2 6.03E-07 0.04 rs11263763 4.27 

Prostate 

cancer 

Novel 

locus 

12q15 NUP107 6.06E-07 0.25 rs7968403 4.07 

Prostate 

cancer 

Novel 

locus 

5q35.2 UIMC1 6.06E-07 0.09 rs61739424 1.23 

Prostate 

cancer 

Novel 

locus 

4p16.3 ZBTB49 6.60E-07 0.16 rs17804499 69.25 

Prostate 

cancer 

Novel 

locus 

3p14.1 ADAMTS9-

AS2 

6.77E-07 0.02 rs13091518 5.74 

Prostate 

cancer 

Novel 

locus 

11p15.4 FAM160A2 7.40E-07 0.37 rs61890184 1.29 

Prostate 

cancer 

Novel 

locus 

9q33.2 TRAF1 8.01E-07 0.14 rs2241167 6.74 

Prostate 

cancer 

Novel 

locus 

2p23.3 CGREF1 8.27E-07 0.13 rs9306894 6.42 

Prostate 

cancer 

Novel 

locus 

17q21.31 EFTUD2 1.13E-06 0.16 rs138213197 3.83 

Prostate 

cancer 

Novel 

locus 

20q12 DHX35 1.21E-06 0.05 rs6141551 3.54 

Prostate 

cancer 

Novel 

locus 

16p13.2 USP7 1.34E-06 0.02 rs7188897 45.47 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

11q13.3 CPT1A 1.01E-49 0.02 rs3018690 0.27 
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Prostate 

cancer 

Novel gene 

in GWAS 

locus 

1p34.1 UROD 5.83E-34 0.06 rs578241623 0.77 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

16q21 KIFC3 2.00E-24 0.11 rs11863709 0.14 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

7q21.3 TAC1 6.14E-24 0.14 rs1275077269 0.32 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

1q22 SMG5 4.35E-23 0.03 rs184104770 0.53 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

19q13.33 MYH14 1.90E-20 0.10 rs2659051 0.53 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

17p12 ARHGAP44 1.51E-17 0.17 rs72811270 0.11 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

17p12 ARHGAP44 2.58E-17 0.06 rs72811270 0.11 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

11q12.2 TKFC 3.27E-15 0.05 rs2277283 0.79 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

1p36.22 MTOR 4.93E-15 0.16 rs2847344 0.60 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

4q22.3 SMARCAD1 6.56E-15 0.01 rs6853490 0.33 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

7p21.1 AC005062.2 1.01E-14 0.12 rs397697277 0.24 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

1q22 FAM189B 6.18E-13 0.02 rs147847496 0.10 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

12q13.13 PRR13 1.12E-12 0.13 rs187809440 0.51 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

3p21.31 HYAL1 2.17E-11 0.04 rs397743718 0.72 
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Prostate 

cancer 

Novel gene 

in GWAS 

locus 

2p11.2 KCMF1 2.58E-11 0.03 rs2028900 0.48 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

20q13.33 UCKL1 4.26E-11 0.07 rs1058319 0.20 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

18q21.2 CCDC68 7.24E-11 0.13 rs8089411 0.66 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

18q23 PQLC1 7.75E-11 0.15 rs9959454 0.89 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

12q13.11 PCED1B-

AS1 

1.06E-10 0.07 rs80130819 0.81 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

11p15.4 NAP1L4 1.67E-10 0.05 rs11043143 0.73 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

7p15.2 AC004549.6 1.97E-10 0.04 rs10486567 0.20 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

12q24.33 CHFR 2.36E-10 0.02 rs7295014 0.34 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

1q21.3 RFX5 2.48E-10 0.04 rs607518 0.36 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

12q13.13 PRR13 1.11E-09 0.08 rs187809440 0.51 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

17q21.33 SLC35B1 1.18E-09 0.03 rs565189650 0.38 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

5p15.2 OTULIN 1.50E-09 0.15 rs372221721 0.29 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

5q35.3 RGS14 1.84E-09 0.03 rs61739424 0.88 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

7p15.2 HOXA10 2.10E-09 0.11 rs6956484 0.34 
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Prostate 

cancer 

Novel gene 

in GWAS 

locus 

1p36.13 CROCC 2.14E-09 0.14 rs10803412 0.87 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

5p15.2 OTULIN 2.55E-09 0.18 rs372221721 0.29 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

20q11.22 EDEM2 2.71E-09 0.15 rs6141551 0.27 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

17p12 ELAC2 3.01E-09 0.08 rs72811270 0.31 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

8p21.2 DOCK5 3.39E-09 0.28 rs74273823 0.62 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

11q13.2 DPP3 3.55E-09 0.04 rs12785905 0.67 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

20q11.22 NCOA6 2.35E-08 0.11 rs6141551 0.59 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

1p34.1 UROD 3.42E-08 0.09 rs578241623 0.77 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

1q22 MSTO1 3.74E-08 0.08 rs184104770 0.11 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

17q21.32 COPZ2 3.97E-08 0.01 rs138213197 0.69 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

1p36.22 MTOR 4.07E-08 0.18 rs2847344 0.60 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

16q12.2 LPCAT2 5.32E-08 0.19 rs13380763 0.86 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

2q37.3 LINC01238 6.95E-08 0.27 rs76832527 0.75 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

1p36.22 MTOR 8.83E-08 0.25 rs2847344 0.60 
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Prostate 

cancer 

Novel gene 

in GWAS 

locus 

21q22.2 WRB 1.52E-07 0.04 rs11701433 0.46 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

6p21.1 CUL9 1.99E-07 0.16 rs9472120 0.52 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

19q13.2 FBXO17 2.11E-07 0.15 rs4802297 0.69 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

17q12 TADA2A 2.66E-07 0.16 rs3110641 0.21 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

20q11.22 TRPC4AP 5.48E-07 0.09 rs6141551 0.33 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

10q24.33 PDCD11 5.89E-07 0.04 rs12262998 0.73 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

6p21.33 DDR1 5.96E-07 0.27 rs62407547 0.63 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

6p21.1 MRPL2 5.98E-07 0.03 rs9472120 0.68 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

16q21 KIFC3 7.17E-07 0.10 rs11863709 0.14 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

20q13.33 LSM14B 8.66E-07 0.10 rs869150169 0.29 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

19q13.33 NUP62 1.23E-06 0.03 rs2659051 0.91 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

1q21.3 SEMA6C 1.24E-06 0.39 rs607518 0.15 

Prostate 

cancer 

Novel gene 

in GWAS 

locus 

8p23.1 SOX7 1.40E-06 0.13 rs2572375 0.63 

Prostate 

cancer 

Reported 

gene 

8q24.21 PVT1 1.38E-67 0.01 rs12549761 0.27 

Prostate 

cancer 

Reported 

gene 

11q13.3 MRGPRF-

AS1 

6.35E-62 0.14 rs3018690 0.10 
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Prostate 

cancer 

Reported 

gene 

8p21.2 NKX3-1 1.23E-58 0.04 rs1160267 0.01 

Prostate 

cancer 

Reported 

gene 

8p21.2 NKX3-1 8.33E-51 0.04 rs1160267 0.01 

Prostate 

cancer 

Reported 

gene 

6q25.3 SOD2 8.86E-49 0.02 rs963800 0.03 

Prostate 

cancer 

Reported 

gene 

19q13.41 KLK11 1.56E-39 0.05 rs76765083 0.16 

Prostate 

cancer 

Reported 

gene 

11q13.3 IGHMBP2 1.79E-38 0.01 rs3018690 0.17 

Prostate 

cancer 

Reported 

gene 

8p21.3 CHMP7 8.10E-28 0.03 rs6557704 0.35 

Prostate 

cancer 

Reported 

gene 

2p11.2 VAMP5 5.28E-26 0.06 rs2028900 0.04 

Prostate 

cancer 

Reported 

gene 

3p11.2 CHMP2B 6.77E-24 0.10 rs114810266 0.09 

Prostate 

cancer 

Reported 

gene 

6p21.1 FOXP4 1.13E-22 0.05 rs4714485 0.02 

Prostate 

cancer 

Reported 

gene 

8q24.21 PVT1 1.16E-22 0.09 rs12549761 0.27 

Prostate 

cancer 

Reported 

gene 

11q13.3 TPCN2 1.57E-21 0.07 rs3018690 0.05 

Prostate 

cancer 

Reported 

gene 

6q25.3 ACAT2 3.25E-21 0.02 rs963800 0.03 

Prostate 

cancer 

Reported 

gene 

6q25.3 ACAT2 2.32E-20 0.05 rs963800 0.03 

Prostate 

cancer 

Reported 

gene 

2p11.2 VAMP5 1.25E-18 0.35 rs2028900 0.04 

Prostate 

cancer 

Reported 

gene 

2p11.2 VAMP8 8.02E-18 0.13 rs2028900 0.02 

Prostate 

cancer 

Reported 

gene 

7q22.1 TRRAP 1.83E-17 0.05 rs1275077269 0.82 

Prostate 

cancer 

Reported 

gene 

19q13.33 PNKP 1.95E-17 0.04 rs2659051 0.97 

Prostate 

cancer 

Reported 

gene 

20q13.33 CTD-

3184A7.4 

1.15E-16 0.12 rs381331 0.03 

Prostate 

cancer 

Reported 

gene 

8q24.21 PVT1 2.69E-16 0.08 rs12549761 0.27 

Prostate 

cancer 

Reported 

gene 

7q22.1 TRRAP 4.52E-16 0.03 rs1275077269 0.82 

Prostate 

cancer 

Reported 

gene 

11p15.4 CARS 8.32E-16 0.08 rs11043143 0.79 
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Prostate 

cancer 

Reported 

gene 

3p11.2 CHMP2B 1.36E-15 0.15 rs114810266 0.09 

Prostate 

cancer 

Reported 

gene 

20q13.33 RTEL1 5.63E-14 0.44 rs3787099 0.02 

Prostate 

cancer 

Reported 

gene 

17p13.3 SCARF1 9.42E-14 0.01 rs684232 0.92 

Prostate 

cancer 

Reported 

gene 

14q24.2 SYNJ2BP 4.86E-13 0.18 rs17565772 0.08 

Prostate 

cancer 

Reported 

gene 

2p11.2 VAMP8 5.98E-13 0.32 rs2028900 0.02 

Prostate 

cancer 

Reported 

gene 

11p15.4 OSBPL5 1.22E-12 0.11 rs11043143 0.87 

Prostate 

cancer 

Reported 

gene 

8p21.3 CHMP7 2.00E-12 0.19 rs6557704 0.35 

Prostate 

cancer 

Reported 

gene 

11p15.4 CARS 2.89E-12 0.07 rs11043143 0.79 

Prostate 

cancer 

Reported 

gene 

11q13.3 TESMIN 3.52E-12 0.03 rs3018690 0.36 

Prostate 

cancer 

Reported 

gene 

2p11.2 RNF181 3.58E-12 0.08 rs2028900 0.06 

Prostate 

cancer 

Reported 

gene 

6p21.33 APOM 3.74E-12 0.11 rs9275160 1.03 

Prostate 

cancer 

Reported 

gene 

2p11.2 VAMP8 4.29E-12 0.52 rs2028900 0.02 

Prostate 

cancer 

Reported 

gene 

6q22.1 FAM162B 1.44E-11 0.03 rs339351 0.11 

Prostate 

cancer 

Reported 

gene 

22q13.2 EFCAB6 2.46E-11 0.27 rs5759167 0.42 

Prostate 

cancer 

Reported 

gene 

11q13.3 IGHMBP2 2.77E-11 0.10 rs3018690 0.17 

Prostate 

cancer 

Reported 

gene 

2q37.3 ANO7 3.33E-11 0.05 rs77559646 0.01 

Prostate 

cancer 

Reported 

gene 

6p21.33 CCHCR1 3.53E-11 0.03 rs62407547 0.89 

Prostate 

cancer 

Reported 

gene 

2p11.2 RNF181 7.73E-11 0.28 rs2028900 0.06 

Prostate 

cancer 

Reported 

gene 

7q21.3 TECPR1 1.13E-10 0.02 rs1275077269 0.16 

Prostate 

cancer 

Reported 

gene 

7p15.2 HOTTIP 2.15E-10 0.05 rs6956484 0.32 

Prostate 

cancer 

Reported 

gene 

11q13.3 TESMIN 2.32E-10 0.07 rs3018690 0.36 
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Prostate 

cancer 

Reported 

gene 

12q13.13 TARBP2 2.40E-10 0.03 rs187809440 0.57 

Prostate 

cancer 

Reported 

gene 

1q25.3 LAMC1 2.65E-10 0.02 rs56677963 0.04 

Prostate 

cancer 

Reported 

gene 

7q21.3 BRI3 2.88E-10 0.19 rs1275077269 0.19 

Prostate 

cancer 

Reported 

gene 

16q21 SETD6 6.48E-10 0.03 rs11863709 0.89 

Prostate 

cancer 

Reported 

gene 

10q24.32 SFXN2 6.97E-10 0.19 rs12262998 0.05 

Prostate 

cancer 

Reported 

gene 

3q21.3 TPRA1 8.94E-10 0.01 rs2811476 0.58 

Prostate 

cancer 

Reported 

gene 

22q11.21 MED15 1.14E-09 0.04 rs1978060 0.73 

Prostate 

cancer 

Reported 

gene 

17q25.3 ARL16 1.14E-09 0.62 rs148351530 10.56 

Prostate 

cancer 

Reported 

gene 

22q13.2 ARFGAP3 1.19E-09 0.23 rs6003062 0.25 

Prostate 

cancer 

Reported 

gene 

8p21.2 NKX3-1 1.50E-09 0.16 rs1160267 0.01 

Prostate 

cancer 

Reported 

gene 

6q22.1 RWDD1 1.72E-09 0.03 rs339351 0.28 

Prostate 

cancer 

Reported 

gene 

10q24.32 MFSD13A 2.47E-09 0.11 rs12262998 0.19 

Prostate 

cancer 

Reported 

gene 

6p21.32 TAP2 3.57E-09 0.06 rs9275160 0.14 

Prostate 

cancer 

Reported 

gene 

6q25.3 WTAP 4.13E-09 0.10 rs963800 0.00 

Prostate 

cancer 

Reported 

gene 

8q24.21 PVT1 4.34E-09 0.02 rs12549761 0.27 

Prostate 

cancer 

Reported 

gene 

1q22 THBS3 4.38E-09 0.09 rs147847496 0.05 

Prostate 

cancer 

Reported 

gene 

6p21.33 CCHCR1 5.49E-09 0.10 rs62407547 0.89 

Prostate 

cancer 

Reported 

gene 

3q25.1 MBNL1 6.54E-09 0.02 rs747791781 0.05 

Prostate 

cancer 

Reported 

gene 

11p15.5 EPS8L2 8.79E-09 0.01 rs1881502 0.76 

Prostate 

cancer 

Reported 

gene 

2p25.1 YWHAQ 9.40E-09 0.05 rs73913932 0.32 

Prostate 

cancer 

Reported 

gene 

6p21.33 STK19 9.55E-09 0.03 rs9275160 0.70 
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Prostate 

cancer 

Reported 

gene 

8q24.21 PVT1 1.20E-08 0.10 rs12549761 0.27 

Prostate 

cancer 

Reported 

gene 

19q13.33 VRK3 1.67E-08 0.02 rs2659051 0.82 

Prostate 

cancer 

Reported 

gene 

6p21.32 ATF6B 1.67E-08 0.04 rs9275160 0.56 

Prostate 

cancer 

Reported 

gene 

12q14.2 DPY19L2 1.73E-08 0.03 rs7968403 0.95 

Prostate 

cancer 

Reported 

gene 

3q13.12 DUBR 2.05E-08 0.02 rs1283104 0.00 

Prostate 

cancer 

Reported 

gene 

2p25.1 YWHAQ 2.37E-08 0.02 rs73913932 0.32 

Prostate 

cancer 

Reported 

gene 

11p11.2 MADD 2.78E-08 0.04 rs68010938 0.08 

Prostate 

cancer 

Reported 

gene 

3q13.2 CFAP44 3.01E-08 0.09 rs2271494 0.14 

Prostate 

cancer 

Reported 

gene 

4q24 PPA2 3.18E-08 0.08 rs17035310 0.23 

Prostate 

cancer 

Reported 

gene 

22q13.2 ARFGAP3 3.74E-08 0.27 rs6003062 0.25 

Prostate 

cancer 

Reported 

gene 

2q37.3 MLPH 4.50E-08 0.06 rs74001374 0.02 

Prostate 

cancer 

Reported 

gene 

21q22.3 TMPRSS2 4.74E-08 0.02 rs9978557 0.02 

Prostate 

cancer 

Reported 

gene 

1q22 THBS3 5.12E-08 0.16 rs147847496 0.05 

Prostate 

cancer 

Reported 

gene 

2p23.2 MRPL33 6.10E-08 0.07 rs9306894 7.09 

Prostate 

cancer 

Reported 

gene 

8q24.21 PVT1 6.80E-08 0.24 rs12549761 0.27 

Prostate 

cancer 

Reported 

gene 

6q25.3 SOD2 7.50E-08 0.16 rs963800 0.03 

Prostate 

cancer 

Reported 

gene 

6p21.33 BAG6 7.78E-08 0.09 rs9275160 1.03 

Prostate 

cancer 

Reported 

gene 

3q13.2 CFAP44 7.89E-08 0.04 rs2271494 0.14 

Prostate 

cancer 

Reported 

gene 

2q37.3 MTERF4 8.07E-08 0.09 rs77559646 0.09 

Prostate 

cancer 

Reported 

gene 

6q21 SMPD2 8.93E-08 0.03 rs2038542 0.47 

Prostate 

cancer 

Reported 

gene 

11p15.5 TSPAN32 9.29E-08 0.05 rs11043143 0.09 
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Prostate 

cancer 

Reported 

gene 

11q13.3 CCND1 9.76E-08 0.02 rs3918298 0.01 

Prostate 

cancer 

Reported 

gene 

11q13.2 PPP6R3 9.87E-08 0.10 rs3018690 0.50 

Prostate 

cancer 

Reported 

gene 

1q21.2 SV2A 1.15E-07 0.15 rs1811698 0.88 

Prostate 

cancer 

Reported 

gene 

8q24.21 PVT1 1.19E-07 0.03 rs12549761 0.27 

Prostate 

cancer 

Reported 

gene 

6p21.32 HLA-DOA 1.46E-07 0.06 rs9275160 0.32 

Prostate 

cancer 

Reported 

gene 

6p21.31 TEAD3 1.66E-07 0.10 rs9469899 0.65 

Prostate 

cancer 

Reported 

gene 

6p21.1 FOXP4 1.99E-07 0.05 rs4714485 0.02 

Prostate 

cancer 

Reported 

gene 

2q31.1 ITGA6 2.25E-07 0.14 rs77167534 0.03 

Prostate 

cancer 

Reported 

gene 

16q21 CIAPIN1 2.46E-07 0.04 rs11863709 0.17 

Prostate 

cancer 

Reported 

gene 

12q13.11 RAPGEF3 2.84E-07 0.08 rs80130819 0.25 

Prostate 

cancer 

Reported 

gene 

4q24 PPA2 2.90E-07 0.08 rs17035310 0.23 

Prostate 

cancer 

Reported 

gene 

16q23.3 MPHOSPH6 2.92E-07 0.05 rs8052913 0.02 

Prostate 

cancer 

Reported 

gene 

7p15.2 HOTTIP 2.97E-07 0.06 rs6956484 0.32 

Prostate 

cancer 

Reported 

gene 

6p21.33 STK19 3.35E-07 0.78 rs9275160 0.70 

Prostate 

cancer 

Reported 

gene 

6p21.33 BAG6 3.84E-07 0.03 rs9275160 1.03 

Prostate 

cancer 

Reported 

gene 

6p22.1 TRIM26 4.51E-07 0.03 rs62407547 0.04 

Prostate 

cancer 

Reported 

gene 

20q13.33 RTEL1 4.88E-07 0.05 rs3787099 0.02 

Prostate 

cancer 

Reported 

gene 

3q13.2 SPICE1 6.49E-07 0.01 rs2271494 0.07 

Prostate 

cancer 

Reported 

gene 

8q24.21 PVT1 6.56E-07 0.37 rs12549761 0.27 

Prostate 

cancer 

Reported 

gene 

4p14 KLF3-AS1 6.72E-07 0.19 rs17804499 34.91 

Prostate 

cancer 

Reported 

gene 

2q37.3 MLPH 7.21E-07 0.25 rs74001374 0.02 
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Prostate 

cancer 

Reported 

gene 

1q21.3 DCST1-AS1 7.30E-07 0.04 rs56103503 0.04 

Prostate 

cancer 

Reported 

gene 

1q21.3 TDRD10 7.30E-07 0.01 rs56103503 0.46 

Prostate 

cancer 

Reported 

gene 

1q21.3 TDRD10 7.30E-07 0.02 rs56103503 0.46 

Prostate 

cancer 

Reported 

gene 

11p15.4 CTD-

2516F10.2 

8.20E-07 0.05 rs61890184 0.01 

Prostate 

cancer 

Reported 

gene 

21q22.3 RIPK4 8.20E-07 0.03 rs9978557 0.23 

Prostate 

cancer 

Reported 

gene 

14q24.2 SYNJ2BP 8.61E-07 0.27 rs17565772 0.08 

Prostate 

cancer 

Reported 

gene 

11p15.5 EPS8L2 8.94E-07 0.04 rs1881502 0.76 

Prostate 

cancer 

Reported 

gene 

14q24.2 COX16 9.01E-07 0.15 rs17565772 0.04 

Prostate 

cancer 

Reported 

gene 

3q13.2 SPICE1 9.14E-07 0.01 rs2271494 0.07 

Prostate 

cancer 

Reported 

gene 

2q33.1 ALS2 9.60E-07 0.03 rs1861270 0.44 

Prostate 

cancer 

Reported 

gene 

5q31.1 PCBD2 9.79E-07 0.04 rs10793821 0.40 

Prostate 

cancer 

Reported 

gene 

3p21.31 RNF123 1.07E-06 0.05 rs397743718 0.11 

Prostate 

cancer 

Reported 

gene 

6p21.32 NOTCH4 1.22E-06 0.05 rs9275160 0.46 

Prostate 

cancer 

Reported 

gene 

2p11.2 VAMP5 1.27E-06 0.16 rs2028900 0.04 

Prostate 

cancer 

Reported 

gene 

2p15 WDPCP 1.33E-06 0.07 rs58235267 0.07 

Lung 

cancer 

Novel 

locus 

15q15.2 CCNDBP1 6.25E-17 0.05 rs66759488 4.09 

Lung 

cancer 

Novel 

locus 

15q15.2 CCNDBP1 2.46E-12 0.06 rs66759488 4.09 

Lung 

cancer 

Novel 

locus 

15q15.2 CDAN1 4.26E-08 0.04 rs66759488 4.55 

Lung 

cancer 

Novel gene 

in GWAS 

loci 

5p15.33 CTD-

2228K2.7 

1.82E-08 0.06 rs7705526 0.81 

Lung 

cancer 

Novel gene 

in GWAS 

loci 

6p21.32 TNXB 4.02E-08 0.06 rs3817963 0.29 
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Lung 

cancer 

Novel gene 

in GWAS 

loci 

6p21.33 ABCF1 1.22E-06 NA rs3094604 0.87 

Lung 

cancer 

Reported 

gene 

15q25.1 PSMA4 1.94E-42 0.20 rs55781567 0.01 

Lung 

cancer 

Reported 

gene 

15q25.1 PSMA4 7.90E-35 0.27 rs55781567 0.01 

Lung 

cancer 

Reported 

gene 

15q25.1 PSMA4 5.71E-30 NA rs55781567 0.01 

Lung 

cancer 

Reported 

gene 

6p21.33 FLOT1 1.50E-20 0.46 rs3094604 0.72 

Lung 

cancer 

Reported 

gene 

6p21.33 FLOT1 5.48E-20 0.08 rs3094604 0.72 

Lung 

cancer 

Reported 

gene 

6p21.33 FLOT1 2.49E-18 0.06 rs3094604 0.72 

Lung 

cancer 

Reported 

gene 

6p21.33 FLOT1 4.91E-18 0.15 rs3094604 0.72 

Lung 

cancer 

Reported 

gene 

6p21.33 FLOT1 1.03E-17 0.23 rs3094604 0.72 

Lung 

cancer 

Reported 

gene 

6p21.33 FLOT1 6.70E-17 0.54 rs3094604 0.72 

Lung 

cancer 

Reported 

gene 

6p22.1 HLA-A 7.31E-17 0.89 rs4324798 1.13 

Lung 

cancer 

Reported 

gene 

6p21.33 FLOT1 2.61E-16 0.53 rs3094604 0.72 

Lung 

cancer 

Reported 

gene 

6p21.33 FLOT1 1.02E-15 0.02 rs3094604 0.72 

Lung 

cancer 

Reported 

gene 

5p15.33 EXOC3 3.67E-15 0.15 rs7705526 0.82 

Lung 

cancer 

Reported 

gene 

6p21.33 HLA-C 2.42E-14 0.80 rs3094604 0.19 

Lung 

cancer 

Reported 

gene 

6p21.33 HLA-C 9.92E-14 0.88 rs3094604 0.19 

Lung 

cancer 

Reported 

gene 

6p21.33 DDX39B 1.18E-13 0.18 rs3094604 0.06 

Lung 

cancer 

Reported 

gene 

15q25.1 CTSH 2.57E-13 0.01 rs8042374 0.31 

Lung 

cancer 

Reported 

gene 

15q25.1 CTSH 3.99E-13 0.02 rs8042374 0.31 

Lung 

cancer 

Reported 

gene 

6p21.33 HLA-B 4.49E-13 0.88 rs3094604 0.11 

Lung 

cancer 

Reported 

gene 

6p22.1 HLA-A 7.57E-13 0.90 rs4324798 1.13 
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Lung 

cancer 

Reported 

gene 

6p21.33 FLOT1 3.41E-12 0.18 rs3094604 0.72 

Lung 

cancer 

Reported 

gene 

6p21.33 CYP21A2 7.74E-12 0.20 rs3817963 0.36 

Lung 

cancer 

Reported 

gene 

6p22.1 PPP1R11 8.43E-12 0.04 rs4324798 1.26 

Lung 

cancer 

Reported 

gene 

6p21.33 LST1 1.45E-11 0.02 rs3117582 0.06 

Lung 

cancer 

Reported 

gene 

6p22.1 HLA-A 4.67E-11 0.91 rs4324798 1.13 

Lung 

cancer 

Reported 

gene 

6p21.32 HLA-DMA 5.65E-11 0.18 rs2179920 0.12 

Lung 

cancer 

Reported 

gene 

6p21.33 CYP21A2 5.67E-11 0.19 rs3817963 0.36 

Lung 

cancer 

Reported 

gene 

6p22.1 HLA-A 4.69E-10 0.78 rs4324798 1.13 

Lung 

cancer 

Reported 

gene 

6p22.2 BTN2A1 5.70E-10 0.01 rs4324798 2.33 

Lung 

cancer 

Reported 

gene 

6p22.1 HLA-F-AS1 7.49E-10 0.01 rs4324798 0.93 

Lung 

cancer 

Reported 

gene 

6p21.33 DDAH2 1.18E-09 0.03 rs3117582 0.07 

Lung 

cancer 

Reported 

gene 

6p21.33 BAG6 1.49E-09 0.01 rs3117582 0.00 

Lung 

cancer 

Reported 

gene 

15q25.1 TBC1D2B 3.33E-09 0.06 rs8034191 0.44 

Lung 

cancer 

Reported 

gene 

3p21.31 FYCO1 3.60E-09 0.36 rs141178913 35.99 

Lung 

cancer 

Reported 

gene 

19q13.2 C19orf54 3.92E-09 0.08 rs56113850 0.10 

Lung 

cancer 

Reported 

gene 

6p22.1 TRIM26 5.32E-09 0.15 rs3094604 1.25 

Lung 

cancer 

Reported 

gene 

6p21.33 CCHCR1 5.77E-09 0.19 rs3094604 0.31 

Lung 

cancer 

Reported 

gene 

11q23.3 JAML 8.26E-09 0.01 rs1056562 0.03 

Lung 

cancer 

Reported 

gene 

6p21.33 CCHCR1 1.07E-08 0.22 rs3094604 0.31 

Lung 

cancer 

Reported 

gene 

11q23.3 JAML 1.08E-08 0.03 rs1056562 0.03 

Lung 

cancer 

Reported 

gene 

6p21.33 SFTA2 1.38E-08 0.01 rs3094604 0.51 
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Lung 

cancer 

Reported 

gene 

6p22.1 TRIM26 1.86E-08 0.16 rs3094604 1.25 

Lung 

cancer 

Reported 

gene 

6p22.1 ZSCAN26 2.08E-08 0.06 rs4324798 0.53 

Lung 

cancer 

Reported 

gene 

11q23.3 JAML 2.36E-08 0.19 rs1056562 0.03 

Lung 

cancer 

Reported 

gene 

11q23.3 JAML 2.68E-08 0.01 rs1056562 0.03 

Lung 

cancer 

Reported 

gene 

6p22.2 BTN3A1 2.69E-08 0.04 rs4324798 2.39 

Lung 

cancer 

Reported 

gene 

6p21.31 ITPR3 3.98E-08 0.03 rs2179920 0.53 

Lung 

cancer 

Reported 

gene 

15q25.1 IDH3A 4.29E-08 0.01 rs8034191 0.34 

Lung 

cancer 

Reported 

gene 

6p21.31 ITPR3 5.00E-08 0.01 rs2179920 0.53 

Lung 

cancer 

Reported 

gene 

6p21.33 LST1 6.34E-08 0.09 rs3117582 0.06 

Lung 

cancer 

Reported 

gene 

6p21.33 DDR1 6.50E-08 0.03 rs3094604 0.57 

Lung 

cancer 

Reported 

gene 

6p21.33 PSORS1C1 7.82E-08 0.18 rs3094604 0.33 

Lung 

cancer 

Reported 

gene 

6p21.33 CCHCR1 8.44E-08 0.25 rs3094604 0.31 

Lung 

cancer 

Reported 

gene 

6p21.33 CCHCR1 9.71E-08 0.52 rs3094604 0.31 

Lung 

cancer 

Reported 

gene 

6p21.33 HLA-C 1.44E-07 0.63 rs3094604 0.19 

Lung 

cancer 

Reported 

gene 

6p21.33 HLA-C 1.61E-07 0.61 rs3094604 0.19 

Lung 

cancer 

Reported 

gene 

6p22.1 HLA-A 1.63E-07 0.89 rs4324798 1.13 

Lung 

cancer 

Reported 

gene 

6p21.33 CCHCR1 2.98E-07 0.89 rs3094604 0.31 

Lung 

cancer 

Reported 

gene 

6p21.31 LEMD2 3.28E-07 0.03 rs2179920 0.68 

Lung 

cancer 

Reported 

gene 

6p21.32 GPSM3 5.81E-07 0.89 rs3817963 0.21 

Lung 

cancer 

Reported 

gene 

6p21.33 HLA-C 7.71E-07 0.83 rs3094604 0.19 

Lung 

cancer 

Reported 

gene 

3p21.31 FYCO1 7.89E-07 0.16 rs141178913 35.99 
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Lung 

cancer 

Reported 

gene 

6p21.33 CCHCR1 8.82E-07 0.02 rs3094604 0.31 

Lung 

cancer 

Reported 

gene 

4q21.23 FAM175A 9.27E-07 0.89 rs144058808 53.74 

Lung 

cancer 

Reported 

gene 

6p21.33 LST1 1.05E-06 0.03 rs3117582 0.06 

Lung 

cancer 

Reported 

gene 

6q27 FGFR1OP 1.08E-06 0.05 rs6920364 0.04 

Lung 

cancer 

Reported 

gene 

6p22.1 ZSCAN12 1.11E-06 0.12 rs4324798 0.41 

Lung 

cancer 

Reported 

gene 

6p21.33 CFB 1.16E-06 0.89 rs3117582 0.29 

Lung 

cancer 

Reported 

gene 

15q25.1 TBC1D2B 1.29E-06 0.09 rs8034191 0.44 

Lung 

cancer 

Reported 

gene 

2q33.1 CASP8 1.37E-06 0.04 rs182939337 15.66 

Note: 

a.      P-value: derived from 50K, considered statistically significant on the basis of Bonferroni correction 

b.      R2: prediction performance of gene expression predicted by cis-genetic variants. The predictive 

model with the most significant association was presented. 

c.      Closest risk SNP: identified by previous GWAS or fine-mapping studies. The risk SNP closest to 

the gene is listed. 
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Table A4.1. Susceptibility genes identified by rvTWAS, PrediXcan, kTWAS and mkTWAS, at a 

Bonferroni-corrected P < 0.05 for Schizophrenia (SCZ). 

Model Gene Chr Start End P-value Validated 

rvTWAS PPP1R12B 1 202348699 202590595 3.77E-06 - 

rvTWAS FTCDNL1 2 199760544 199851173 4.25E-11 + 

rvTWAS C2orf69 2 199911256 199955392 4.25E-11 - 

rvTWAS MAIP1 2 199955317 200008540 4.25E-11 + 

rvTWAS ZMYND10 3 50341229 50346852 2.36E-10 - 

rvTWAS ZNF391 6 27374615 27403904 3.47E-06 - 

rvTWAS ZKSCAN4 6 28244623 28252224 3.37E-08 + 

rvTWAS GABBR1 6 29602228 29633976 1.26E-14 + 

rvTWAS ZFP57 6 29672392 29681110 1.27E-14 - 

rvTWAS HLA-F-AS1 6 29735028 29748993 2.21E-10 - 

rvTWAS HLA-G 6 29826967 29831125 6.01E-13 + 

rvTWAS HCP5B 6 29871895 29873783 1.11E-09 - 

rvTWAS HCG9 6 29975112 29978410 3.94E-07 + 

rvTWAS FLOT1 6 30727709 30742733 4.88E-10 + 

rvTWAS IER3 6 30743199 30744554 5.05E-10 - 

rvTWAS LINC00243 6 30798654 30830659 1.15E-09 + 

rvTWAS VARS2 6 30914205 30926459 6.10E-06 + 

rvTWAS C4A 6 31982024 32002681 4.49E-07 + 

rvTWAS C4B 6 32014762 32035418 4.79E-07 + 

rvTWAS CYP21A2 6 32038265 32041670 6.74E-07 + 

rvTWAS PPT2 6 32153999 32163680 3.53E-06 - 

rvTWAS AGER 6 32180968 32184324 1.19E-08 + 

rvTWAS PBX2 6 32184836 32190186 2.57E-08 + 

rvTWAS CNTNAP3 9 39072767 39288315 8.40E-09 + 

rvTWAS KRTAP5-9 11 71548418 71549553 1.54E-06 - 

rvTWAS XRCC3 14 103697609 103715504 4.80E-06 + 

rvTWAS WDR90 16 649325 667833 3.16E-07 - 

rvTWAS ZSWIM7 17 15976560 15993830 3.02E-06 - 

rvTWAS HSBP1L1 18 79964561 79970810 4.63E-06 - 

rvTWAS FIZ1 19 55591371 55601878 7.57E-08 - 

PrediXcan SCAP 3 47413694 47477126 5.18E-08 - 

PrediXcan ZNF699 19 9294275 9309838 1.86E-07 - 

PrediXcan PP7080 5 466124 473098 2.16E-07 - 

PrediXcan PDLIM3 4 185500660 185535612 5.00E-07 - 

PrediXcan TRIM35 8 27284887 27311319 8.20E-07 - 

PrediXcan SPECC1L 22 24270817 24417740 3.91E-06 - 

PrediXcan VN1R1 19 57454790 57457142 4.02E-06 - 

kTWAS SLC35E2B 1 1659529 1692728 1.57E-08 - 
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kTWAS SLC35E2 1 1724838 1745992 1.88E-07 - 

kTWAS SYTL1 1 27342020 27353932 3.37E-08 - 

kTWAS EML6 2 54723665 54972025 1.09E-06 - 

kTWAS CLHC1 2 55174791 55232354 4.58E-06 - 

kTWAS TMEM163 2 134455759 134719000 5.45E-06 - 

kTWAS MAIP1 2 199955317 200008540 4.25E-11 + 

kTWAS C4orf33 4 129093608 129116640 4.75E-06 - 

kTWAS BTN3A2 6 26365159 26378320 2.19E-07 + 

kTWAS GABBR1 6 29602228 29633976 1.26E-14 + 

kTWAS ZFP57 6 29672392 29681110 1.26E-14 - 

kTWAS HLA-G 6 29826967 29831125 1.62E-07 + 

kTWAS HCP5B 6 29871895 29873783 2.19E-06 - 

kTWAS IER3 6 30743199 30744554 4.69E-10 - 

kTWAS VARS2 6 30914205 30926459 6.08E-06 + 

kTWAS CCHCR1 6 31142439 31158238 1.26E-08 + 

kTWAS POU5F1 6 31164337 31180731 4.28E-06 + 

kTWAS CLIC1 6 31730618 31739763 5.12E-10 - 

kTWAS C4A 6 31982024 32002681 1.58E-07 + 

kTWAS PPT2 6 32153999 32163680 4.69E-06 - 

kTWAS AGER 6 32180968 32184324 2.57E-08 + 

kTWAS PBX2 6 32184836 32190186 5.56E-08 + 

kTWAS RP11-890B15.3 11 130866254 130870247 3.15E-06 - 

kTWAS PPP2R5C 14 101761798 101927989 1.70E-06 - 

mkTWAS FTCDNL1 2 199760544 199851173 4.25E-11 + 

mkTWAS C2orf69 2 199911256 199955392 3.66E-10 - 

mkTWAS ZSCAN12 6 28378955 28399734 1.78E-09 + 

mkTWAS OR2H2 6 29587455 29589038 2.37E-12 - 

mkTWAS MOG 6 29656981 29672372 1.83E-14 + 

mkTWAS ZFP57 6 29672392 29681110 3.77E-13 - 

mkTWAS HLA-F-AS1 6 29735028 29748993 1.22E-08 - 

mkTWAS HLA-G 6 29826967 29831125 1.31E-12 + 

mkTWAS HCP5B 6 29871895 29873783 2.16E-15 - 

mkTWAS PRR3 6 30557175 30563723 4.12E-13 - 

mkTWAS IER3 6 30743199 30744554 2.78E-07 - 

mkTWAS HCG20 6 30766825 30792250 1.34E-14 - 

mkTWAS LINC00243 6 30798654 30830659 3.03E-12 + 

mkTWAS CCHCR1 6 31142439 31158238 1.15E-09 + 

mkTWAS MIR6891 6 31355224 31355316 2.43E-06 - 

mkTWAS APOM 6 31655471 31658210 4.15E-09 - 

mkTWAS C4A 6 31982024 32002681 1.89E-10 + 

mkTWAS CYP21A2 6 32038265 32041670 5.90E-11 + 

mkTWAS FKBPL 6 32128707 32130291 6.98E-08 - 

mkTWAS NOTCH4 6 32194843 32224067 1.49E-06 + 
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mkTWAS LINC00239 14 101730437 101732522 1.62E-06 - 

mkTWAS SIRPB2 20 1470741 1491587 2.47E-07 - 
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Table A4.2. Susceptibility genes identified by rvTWAS, PrediXcan, kTWAS and mkTWAS, at a 

Bonferroni-corrected P < 0.05 for Bipolar Disorder (BPD). 

Model Gene Chr Start End P-value Validated 

rvTWAS DVL1 1 1335307 1349350 9.51E-13 - 

rvTWAS ATAD3B 1 1471769 1496202 4.24E-14 - 

rvTWAS UBR4 1 19076740 19210276 1.14E-16 - 

rvTWAS PINK1-AS 1 20642657 20651766 3.89E-14 - 

rvTWAS SERINC2 1 31409565 31434680 2.35E-21 - 

rvTWAS PRPF38A 1 52404564 52420839 4.06E-23 - 

rvTWAS OMA1 1 58415384 58546802 1.64E-07 - 

rvTWAS TACSTD2 1 58575423 58577773 1.72E-07 - 

rvTWAS RP11-

63G10.4 

1 58715609 58771295 1.72E-07 - 

rvTWAS CELSR2 1 10925001

9 

109275750 1.57E-200 - 

rvTWAS GSTM4 1 10965608

1 

109665496 1.08E-18 - 

rvTWAS TRIM33 1 11439277

7 

114511160 1.16E-223 - 

rvTWAS BCAS2 1 11456755

7 

114581639 1.16E-223 - 

rvTWAS S100A4 1 15354361

3 

153550136 1.27E-76 - 

rvTWAS RP11-

226L15.5 

1 16002495

3 

160026794 2.24E-19 - 

rvTWAS FCGR3B 1 16162319

6 

161631963 9.14E-08 - 

rvTWAS ZBTB41 1 19715368

0 

197200542 1.30E-77 - 

rvTWAS DARS 2 13590667

7 

135985877 3.81E-45 - 

rvTWAS KCNH7 2 16237159

6 

162838730 2.04E-15 - 

rvTWAS BMPR2 2 20237693

6 

202567751 2.92E-07 - 

rvTWAS CAND2 3 12796472 12871916 4.06E-50 - 

rvTWAS PDCD6IP 3 33798352 33869707 1.65E-22 - 

rvTWAS PARP14 3 12268061

8 

122730840 2.14E-122 - 

rvTWAS ATP2C1 3 13085059

5 

131016712 1.66E-118 - 
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rvTWAS PCCB 3 13625030

6 

136336232 2.37E-17 - 

rvTWAS MUC20 3 19572088

2 

195741123 2.90E-07 - 

rvTWAS PCGF3 4 705748 770640 0 - 

rvTWAS TBCK 4 10604159

9 

106321495 9.83E-29 - 

rvTWAS RASGRF2 5 80960672 81230156 2.65E-24 + 

rvTWAS FAM153A 5 17770798

1 

177783398 2.19E-12 - 

rvTWAS MRNIP 5 17983513

3 

179858887 2.31E-11 - 

rvTWAS SERPINB1 6 2832332 2842006 4.49E-07 - 

rvTWAS MDC1 6 30699807 30717889 4.15E-30 - 

rvTWAS POU5F1 6 31164337 31180731 6.45E-10 - 

rvTWAS SAPCD1 6 31762835 31764851 5.01E-218 - 

rvTWAS CYP21A2 6 32038265 32041670 2.73E-06 - 

rvTWAS NOTCH4 6 32194843 32224067 6.98E-06 + 

rvTWAS RPS18 6 33272048 33276510 2.25E-45 - 

rvTWAS INTS1 7 1470277 1504367 1.81E-142 - 

rvTWAS IKZF1 7 50304124 50405101 1.18E-19 - 

rvTWAS RBM48 7 92528773 92538005 0 - 

rvTWAS CAPZA2 7 11681107

0 

116922049 1.97E-57 - 

rvTWAS TRBC1 7 14279169

4 

142793368 2.13E-22 - 

rvTWAS TRBC2 7 14280104

1 

142802748 1.71E-22 - 

rvTWAS GIMAP6 7 15062537

5 

150632648 2.75E-06 - 

rvTWAS CNOT7 8 17224964 17246570 2.05E-11 - 

rvTWAS BAG4 8 38176731 38213301 3.98E-06 - 

rvTWAS RP11-

350N15.5 

8 38382364 38383461 6.17E-06 - 

rvTWAS TOP1MT 8 14330438

4 

143359979 3.24E-07 - 

rvTWAS FBXL6 8 14435543

1 

144358512 8.35E-08 - 

rvTWAS ZNF251 8 14472090

7 

144755605 3.58E-10 - 

rvTWAS MIGA2 9 12903662

1 

129072082 1.55E-63 - 

rvTWAS MRPS16 10 73248863 73252693 5.49E-13 - 
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rvTWAS COX15 10 99711844 99732100 9.57E-37 - 

rvTWAS ADAM8 10 13326240

3 

133276868 3.87E-138 - 

rvTWAS SIGIRR 11 405716 417397 2.98E-115 - 

rvTWAS DNHD1 11 6497296 6572022 2.44E-08 - 

rvTWAS MS4A3 11 60056587 60071128 2.56E-14 - 

rvTWAS EFEMP2 11 65866441 65873592 7.48E-11 - 

rvTWAS RIN1 11 66332062 66336840 1.15E-198 - 

rvTWAS PC 11 66848233 66958376 1.81E-32 + 

rvTWAS ARAP1 11 72685069 72752403 6.16E-13 - 

rvTWAS ZNF384 12 6666477 6689510 3.43E-84 - 

rvTWAS TM7SF3 12 26973195 27014434 1.59E-15 - 

rvTWAS RP3-

424M6.4 

12 11050161

4 

110503441 7.03E-06 - 

rvTWAS RP11-

131L12.3 

12 11842828

1 

118428870 2.04E-16 - 

rvTWAS COQ5 12 12050327

4 

120534350 7.14E-91 - 

rvTWAS ABCB9 12 12292095

1 

122981570 1.19E-99 - 

rvTWAS ARL6IP4 12 12298165

0 

122982913 3.36E-115 - 

rvTWAS DHRS4 14 23955035 23969279 1.97E-120 - 

rvTWAS ATP6V1D 14 67294371 67359996 1.69E-219 - 

rvTWAS CHRFAM7

A 

15 30357766 30393849 3.46E-181 + 

rvTWAS GOLGA8R 15 30403740 30414162 1.47E-12 - 

rvTWAS GOLGA8B 15 34525207 34583651 1.06E-59 - 

rvTWAS C15orf62 15 40770290 40772449 1.06E-09 - 

rvTWAS CAPN3 15 42359500 42412317 7.09E-13 - 

rvTWAS RPS27L 15 63125872 63158021 3.79E-11 - 

rvTWAS RP11-

775C24.5 

15 80999593 80999981 0 - 

rvTWAS AKAP13 15 85380571 85749358 8.87E-36 - 

rvTWAS HBZ 16 152687 154503 2.06E-21 - 

rvTWAS LUC7L 16 188969 229463 7.61E-12 - 

rvTWAS PKMYT1 16 2968384 2980539 8.24E-96 - 

rvTWAS PAQR4 16 2969245 2973489 1.48E-36 - 

rvTWAS PDXDC1 16 14974591 15139339 1.58E-112 - 

rvTWAS GDE1 16 19501890 19522145 3.12E-19 - 

rvTWAS TBX6 16 30085793 30091887 4.03E-08 - 

rvTWAS 01-Sep 16 30378210 30395991 1.20E-55 - 
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rvTWAS RP11-

212I21.4 

16 55538200 55541837 1.10E-144 - 

rvTWAS BBS2 16 56466836 56520283 2.09E-229 - 

rvTWAS CLEC18A 16 69950705 69964347 3.16E-08 - 

rvTWAS CLEC18C 16 70173449 70187256 1.01E-08 - 

rvTWAS FUK 16 70454421 70480274 1.05E-197 - 

rvTWAS HP 16 72054592 72061055 2.79E-07 - 

rvTWAS HPR 16 72063224 72077246 2.69E-07 - 

rvTWAS APRT 16 88809339 88811944 1.59E-20 - 

rvTWAS ACADVL 17 7217716 7225273 1.30E-10 - 

rvTWAS EIF1 17 41688887 41692668 6.16E-16 - 

rvTWAS NME1 17 51153536 51162428 7.50E-10 - 

rvTWAS NME2 17 51165435 51171747 9.14E-08 - 

rvTWAS NT5C 17 75130266 75130867 7.65E-86 - 

rvTWAS TNRC6C-

AS1 

17 78109051 78110457 2.91E-15 - 

rvTWAS TPGS1 19 507834 519654 6.50E-37 - 

rvTWAS HMG20B 19 3572777 3579088 2.69E-120 - 

rvTWAS CLPP 19 6361452 6368908 1.29E-204 - 

rvTWAS CD320 19 8302127 8308356 1.38E-183 - 

rvTWAS CTD-

2006C1.2 

19 11987617 12046275 2.90E-15 - 

rvTWAS SIN3B 19 16829400 16880353 1.70E-94 - 

rvTWAS RPL18A 19 17859876 17864153 4.05E-06 - 

rvTWAS BLOC1S3 19 45178745 45181801 1.23E-17 - 

rvTWAS LILRA4 19 54333185 54339150 5.63E-63 - 

rvTWAS LILRB4 19 54643889 54670359 5.27E-43 - 

rvTWAS KIR2DL3 19 54738515 54753052 7.39E-12 - 

rvTWAS KIR2DL1 19 54769811 54784322 1.33E-22 - 

rvTWAS TGM2 20 38127781 38166578 3.17E-24 + 

rvTWAS NCOA3 20 47501902 47656877 5.18E-11 - 

rvTWAS UBE2V1 20 50081124 50115959 2.28E-40 - 

rvTWAS FAM65C 20 50586108 50691528 6.98E-11 - 

rvTWAS BIRC7 20 63235883 63240507 1.66E-66 - 

rvTWAS IFNAR1 21 33324477 33359862 2.21E-45 - 

rvTWAS TRPM2 21 44350163 44443081 9.54E-07 + 

rvTWAS IGLV5-48 22 22352940 22353433 8.97E-09 - 

rvTWAS CHCHD10 22 23765862 23768443 5.71E-21 - 

rvTWAS NEFH 22 29480243 29491390 1.67E-56 - 

rvTWAS CYTH4 22 37282027 37315345 2.05E-09 + 

rvTWAS EIF3L 22 37849328 37876011 8.46E-21 - 

rvTWAS TSPO 22 43151514 43163242 3.44E-211 + 

rvTWAS HDAC10 22 50245183 50249859 1.59E-06 - 
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PrediXcan EXT1 8 11779449

0 

118111853 1.38E-21 - 

PrediXcan APIP 11 34853094 34916499 3.05E-18 - 

PrediXcan OTX1 2 63050057 63057836 1.23E-16 - 

PrediXcan RAB3GAP2 1 22014829

3 

220272454 8.64E-16 - 

PrediXcan IARS2 1 22009410

2 

220148041 4.29E-14 - 

PrediXcan SPINT1 15 40844018 40858207 7.38E-13 - 

PrediXcan RNMT 18 13726664 13764558 7.15E-12 - 

PrediXcan CRYBA4 22 26621964 26630672 7.23E-12 - 

PrediXcan PMM2 16 8788823 8848104 1.06E-11 - 

PrediXcan ERICH6-

AS1 

3 15070404

3 

150720146 2.78E-11 - 

PrediXcan BRI3BP 12 12499370

0 

125031231 3.11E-11 - 

PrediXcan DNAJB6 7 15733538

1 

157417439 3.47E-11 - 

PrediXcan SEMA3C 7 80742538 80922359 3.94E-11 - 

PrediXcan CHMP6 17 80991598 81009517 4.15E-11 - 

PrediXcan ZNF350 19 51964343 51986856 4.19E-11 - 

PrediXcan SPATA7 14 88384924 88470350 9.78E-11 - 

PrediXcan RN7SL364P 19 46688797 46689068 1.40E-10 - 

PrediXcan SORD 15 45023104 45077185 1.04E-09 - 

PrediXcan TAAR1 6 13264498

4 

132646003 1.05E-09 - 

PrediXcan RP11-

77H9.2 

16 8849332 8860456 1.21E-09 - 

PrediXcan FBXO2 1 11648367 11655785 1.79E-09 - 

PrediXcan LARS 5 14611303

8 

146182660 2.39E-09 - 

PrediXcan HIF1AN 10 10052907

2 

100559998 4.56E-09 - 

PrediXcan CD36 7 80369575 80677008 4.76E-09 + 

PrediXcan ANXA11 10 80150889 80205572 5.46E-09 - 

PrediXcan RRBP1 20 17613678 17682295 5.83E-09 - 

PrediXcan VENTX 10 13323740

4 

133241929 9.23E-09 - 

PrediXcan DUSP13 10 75094432 75109221 1.44E-08 - 

PrediXcan CARHSP1 16 8852942 8869012 1.59E-08 - 

PrediXcan CYB561D2 3 50365334 50368137 1.84E-08 - 

PrediXcan SCN2B 11 11816195

1 

118176673 2.10E-08 - 
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PrediXcan IL12RB1 19 18058995 18098944 2.28E-08 - 

PrediXcan P3H2 3 18995672

8 

190122437 2.41E-08 - 

PrediXcan CLDND1 3 98500840 98523066 9.27E-08 - 

PrediXcan TMEM40 3 12733525 12769457 1.67E-07 - 

PrediXcan RNF114 20 49936336 49953892 1.73E-07 - 

PrediXcan MAST3 19 18097793 18151692 1.73E-07 - 

PrediXcan ATG2B 14 96279202 96363451 2.05E-07 - 

PrediXcan PDK1 2 17255537

3 

172608669 2.08E-07 - 

PrediXcan SLC39A1 1 15395909

9 

153967533 3.53E-07 - 

PrediXcan ZFAND2A 7 1152071 1160759 4.48E-07 - 

PrediXcan PDLIM3 4 18550066

0 

185535612 4.75E-07 - 

PrediXcan NADK2 5 36192592 36242279 5.86E-07 - 

PrediXcan SEPSECS-

AS1 

4 25160641 25201440 1.32E-06 - 

PrediXcan LILRB2 19 54273821 54281184 1.37E-06 - 

PrediXcan FANCM 14 45135940 45200890 1.47E-06 - 

PrediXcan INO80B 2 74455023 74457960 1.62E-06 - 

PrediXcan WDR41 5 77425970 77620611 1.69E-06 - 

PrediXcan TMC8 17 78130770 78142968 2.72E-06 - 

PrediXcan TUBGCP2 10 13327863

0 

133311715 2.83E-06 - 

PrediXcan LINC01146 14 88024550 88097619 2.95E-06 - 

PrediXcan ACAD11 3 13255814

4 

132644896 3.40E-06 - 

PrediXcan A2M-AS1 12 9065177 9068060 3.58E-06 - 

kTWAS EXO5 1 40508741 40516556 3.23E-26 - 

kTWAS HLA-DQB2 6 32756098 32763534 1.86E-26 - 

kTWAS INPP5E 9 13642861

9 

136439823 7.07E-54 - 

kTWAS NDOR1 9 13720569

5 

137217009 9.13E-47 - 

kTWAS ZNF384 12 6666477 6689510 3.44E-84 - 

kTWAS AKAP13 15 85380571 85749358 3.53E-35 - 

kTWAS NME2 17 51165435 51171747 7.41E-10 - 

kTWAS DNAH17 17 78423697 78577394 1.30E-10 - 

mkTWAS TACSTD2 1 58575423 58577773 7.40E-07 - 

mkTWAS RP11-

63G10.4 

1 58715609 58771295 5.77E-07 - 
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mkTWAS ADAMTSL4 1 15054936

9 

150560894 5.42E-15 - 

mkTWAS SEMA6C 1 15113168

5 

151146664 4.00E-72 - 

mkTWAS GTF3C3 2 19676303

2 

196799725 8.24E-10 - 

mkTWAS GLB1L 2 21923667

0 

219245454 5.09E-07 - 

mkTWAS RP11-

689P11.2 

4 8482270 8512610 2.53E-13 - 

mkTWAS RP11-

1277A3.1 

5 17761125

3 

177619754 5.75E-07 - 

mkTWAS FAM153A 5 17770798

1 

177783398 1.97E-10 - 

mkTWAS NRM 6 30688047 30691420 2.25E-12 - 

mkTWAS XXbac-

BPG252P9.

9 

6 30723105 30723339 1.84E-09 - 

mkTWAS LY6G6C 6 31718648 31721845 9.86E-08 - 

mkTWAS NOL6 9 33461441 33473930 5.62E-08 - 

mkTWAS SNAPC4 9 13637557

7 

136400168 2.75E-15 - 

mkTWAS C9orf163 9 13648349

5 

136486067 6.25E-30 - 

mkTWAS RP11-

119F19.5 

10 79681973 79682996 1.63E-07 - 

mkTWAS MRPL23 11 1947278 1972793 1.51E-08 - 

mkTWAS TRIM6 11 5596109 5612958 6.26E-18 - 

mkTWAS HPX 11 6431049 6442617 3.59E-14 - 

mkTWAS RIN1 11 66332062 66336840 4.33E-37 - 

mkTWAS B4GAT1 11 66345372 66347692 4.15E-73 - 

mkTWAS ZNF384 12 6666477 6689510 1.96E-82 - 

mkTWAS EID3 12 10430373

9 

104305205 1.59E-19 - 

mkTWAS RP11-

131L12.3 

12 11842828

1 

118428870 1.17E-13 - 

mkTWAS RP11-

468E2.11 

14 24201612 24202811 3.89E-10 - 

mkTWAS MPP5 14 67241109 67335819 1.84632233037745

e-317 

- 

mkTWAS ATP6V1D 14 67294371 67359996 1.03E-288 - 

mkTWAS IGHV3-33 14 10635979

3 

106360324 6.64E-11 - 




























































































































































