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Abstract

With the advancement of highroughput sequencing and genotyping technolaggny multi-
omics data are generated in the genomic projects. Suchomittsdata are in betweenf genotype and
phenotypetherefore, may serve as dditdadges to help statistil genetic analyses. How to effectively
integrate such datilaridges brings challenges and opportunities for statistical geneticists. For iastance
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 datadges to characterize the genetic basis of complex diseases and
addressing the aforementioned challenges.

I have developed novel statistical models of analyzing roulics 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 timeodel robust despite the large number of possible
candidates; (Q3) How to utilize dabaidges 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 nistiekdtat
models and their implematton namely, (M1) sSTFTWAS, which integrates the prior knowledge of
transcription factors (TF) with association study; (M2) tran§TVFAS, which utilizes Group Lasso to
incorporate THinked translocated variants; (M3)ViTWAS, which leverages transcriptord@ected
feature selection towards rare variants; and (M4) IMAS, which uses borrowed brain images to conduct

imagedirected feature selection and aggregations.

All these four methods are verified by comprehensive sitiounls based on known genetic
architectures and heritability models. Utilizing the lasgale omics data accessed through dbGaP and
UK Biobank, as well as the large cohorts from our collaborator, | have applied them to cancers and
neuropsychiatric disorderyielding the discovery of additional genes underlying complex ttditsve
also thoroughly validated the methods by analyzing the discoveries using existing biological literature and
databasesThe development of thesmethods opens a door for integrating eatadges such as
transcriptomes and imaging data in genetic mapfihgnovel findings provide additional insights into

the genetic basis of cancers and brain disorders.



Preface

The work presented in thikesis is a result of my graduate research work carried out under the
supervision of Dr. Quan Lonand his collaborators, in particular Dr. Xingyi Guo and Dr. Qingrun Zhang
Their contributions and guidance were essential to all work presented in thésatbegell as the
publications listed below.

List of Publications: (*indicates jointfirst authors; #indicates corresponding authors

Original article:

[1] J He, W Wen, A BeeghlyfFadiel, Z Chen, C Cao, X Shu, W Zheng, Q Long#, X Guo#. Integrating
transcription factor occupancy with transcriptomiele association analysis identifies susceptibility genes

in human cancerdlature Communications3, 7118 (2022).

[2] C Cao*,Jd He*, L Mak*, D Perera, D Kwok, J Wang, M Li, T Mourier, S Gavriliuc, M Greenberg,
A.S Morrissy, L Sycuro, G Yang, D Jeffares, Q Long#. Reconstruction of microbial haplotypes by
integration of statistical and physical linkage in scaffoldWgl Biol Evol 2021 May 19;38(6):2660
2672.

[3] L Mak*, D Perera*, R Lang, P KossinnaHe, MJ Gill, Q Long#, G van Marle#. Evaluation of A
Phylogenetic Pipeline to Examine Transmission Networks in A Canadian HIV Chhomorganisms
2020 Jan 31;8(2):196.

[4] C Cao, P Kossinna, D Kwok, Q L1,He, L Su, X Guo, Q Zhang#, Q Long#. Disentangling genetic
feature selection and aggregation in transcriptange association studieGenetic2022 Feb
4;220(2):iyab216.

[5] Q Li, D Perera, C Cad, He, J Bian, X Chenk- Azeem, A Howe, B Au, J Wu, J Yan#, Q Long#.
Interactionintegrated linear mixed model reveals-8§Bnetic basis underlying Autist@enomics
2023;110575.

In process:

[6] D Wang*,J He*, D Perera*, C Cao, P Kossinna, Q Li, W Zhang, A Platt, J Wu, Q Zhahd.
Rarevariant disequilibrium between genomic regions identifies novel genomic interactions. Submitted to
PL0OS Genef2023+).



[7] I He, W Wen, J Ping, Q Li, Z Chen, D Perera, X Shu, J Long, Q Cai, X Shu, W Zheng, Q Long#, X
Guo#. Transcription Factdrinked Translocated Variants Improve Transcripteiele Association
Analysis for Disease Susceptibility Gene Discovémpreparatior(2023+).

[8] J He, Q Li, Q Zhang#. rvTWAS: identifying gefteait association using sequences by utilizing

transcriptomealirected feature selection. SubmittedXenetic§2023+).

[9] J He, L Antonyan, H Zhu, Q Li, D Enoma, W Zhang, A Liu, B Cao, M MacDon@aléynold#, Q
Long#. IMAS: A statistical method for imageediated association studies discovers genes and pathways
associated with four brain disorders. Submitte@ilie American Journal of Human Genei{2823+).

Review:

[10] K Shang,J He# Transcriptomewide association study: Opportunity and challenges for cancer
studiesInsights Biol Med2022; 6: 017021.

Chapters 2 was adopted from [1] of which | am the first author with permission fromaaltioars. The
contributions of all authors to [1] are fmdlows: X.G. and Q.L. conceived and designed the study. J.H.,
Q.L. and X.G. performed data collection and processing, bioinformatics and statistical analyses, with
additional data preparation and discussion from W.W., C.Z. and C.C. J.H., Q.L. and Xé&stharo
manuscript with contributions from A.B.F, X.S., and W.Z (Q.L. = Quan Long, Q.L.2 = Qing Li).

Chapters 3 was adopted from [7] of which | am the first author with permission fromaaltloars. The
contributions of all authors to [7] are as followsG. and Q.L. conceived and designed the study. J.H.,

Q.L. and X.G. performed data collection and processing, bioinformatics and statistical analyses, with
additional data preparation and discussion from W.W., J.P., and C.Z.. J.H., Q.L. and X.G.avrote th
manuscript with contributions from all other authors. All authors have reviewed and approved the content

of the article.

Chapters 4 was adopted from [8] of which | am the first author with permission fromaaltloars. The
contributions of all author® [8] are as follows: Conceived the idea and designed the models: Q.Z.
Analyzed real data: J.H., Q.L., and Q.Z. Developed the software: J.H. Conducted simulations: J.H. Wrote
the paper: J.H. and Q.Z. Supervised the project: Q.Z.



Chapters 5 was adoptédm [9] of which | am the first author with permission from allaathors. The
contributions of all authors to [9] are as follows: Conceived the study: P.A. and Q.L.; Developed the
software: J.H.; Conducted numerical simulations: J.H., W.Z.; Analyzédlata: J.H., Q.L.2, D.E.;
Provided biological interpretation: L.A., H.Z., A.L. and P.A.; Provided comments: B.C. and M.E.M.
Supervised the study: P.A. and Q.L. Wrote the paper: J.H., L.A., P.A. and Q.L. with the input from all
coauthors (Q.L. = Quan Lon@.L.2 = Qing Li).



Acknowledgments

I would like to take this opportunity to express my sincere gratitude to the following individuals
and organizations who have contributed to the successful completion of my PhD thesis:

Firstly, | would like toexpress my deep appreciation to my supervisor, Dr. Quan Long and Dr.
Qingrun Zhang, for their invaluable guidance, support, and encouragement throughout my PhD journey.
Their expertise, feedback, and advice have been instrumental in shaping the direttipalay of my
research. Furthermore, since my arrival in Canada, they have extended their support beyond the academic
realm, helping me navigate through personal difficulties and family crises. They have gone above and
beyond their duties as supervisdresating me not just as a student but as a member of their family. During
the jobhunting phase, they were a constant source of support, providing guidance and encouragement every
step of the way. Their unwavering kindness and encouragement have bgesathst pillars of support
throughout my PhD journey. | am deeply grateful for their kindness, selflessness, and compassion, and |
could not have completed this journey without them. Thank you for being my mentors, my advocates, and
my friends.

I would like to express my gratitude to the faculty members and staff of the University of Calgary
for providing me with a supportive and intellectually stimulating environment to pursue my education in
Canada. Specifically, | would like to thank my committee mester. Jason de Koning and Dr. Thierry
Chekouo Tekougang, for their invaluable feedback, insightful comments, and challenging questions that

have helped me refine and enhance my research.

I am also grateful to my collaborators and mentors, Dr. Xingyi fearm Vanderbilt University
and Dr. Paul Arnold from Hotchkiss Brain Institute, for their support and guidance on miNVgAB,
transTFTWAS, and IMAS paper. It was truly an honor to have worked with them.

| am also thankful to all the lecturers who hawparted their knowledge and expertise throughout
my years of study. Drs. Quan Long, Jason de Koning, Paul Gordon, Maja Taraileac, David Anderson,
Jennifer Cobb, and Sarah Childs, | appreciate you for introducing me to the intricacies of statistics,
bioinformatics and biology. Lastly, | would like to extend my appreciation to Leslie McGill, Susana

Escobedo, Katie Douglas, and Ali Kiani for their outstanding administrative support.

I would like to express my appreciation to my lab mates and reseaticippats, whose invaluable
time and experiences have made my research possible, including Qing (Leah) Li, Chen Cao, Dinghao Wang,

Archibald Qian, Pathum Kossinna, Deshan Perera, Mobina Kazemi, Drayden Kopp, Christian Chan, Jiayi

Vi



(Anne) Bian, Da Li, HamidHamidi, Sandesh Acharya, Abhishek Kumar Shukla, Ariel Kamdoum, David
Enoma, Lilit Antonyan, and Harold Zhu.

I would like to acknowledge the financial support provided by the China Scholarship Council, the
Alberta Children's Hospital Research Institutes @umming School of Medicine, and the Biochemistry
and Molecular Department, without which my research would not have been possible. | am grateful for the

opportunity to conduct my research and study in Calgary.

I would also like to give the biggest thanks my family for their unwavering support,
encouragement, and understanding during the ups and downs of my PhD journey, especially my mother
(Jianping Xie), father (Hong He), sister (Jingwen He), brother (Jingxuan He), birodagr (Ximing
Yang),andsisterin-law (Wanchun Huang). Their love and belief in me have sustained me through the long
hours of reading, writing, and analyzing data. All of you have been unwavering in your support and | do

hope | have done you proud.

Finally, | would like to acknovedge the authors of the research articles, books, and other scholarly
works that | have referenced in my thesis. Their pioneering work and contributions have inspired and

informed my research.

Thank you all for your invaluable contributions and support.

vii



To all the scientists and innovators,
who came before and will come after,

raising humanity to the stars.

viii



Table of Contents

Y 01 1 >V PSSR i
e 1= = 1o = jii
Yol g [0 11T/ [=To [ [ 41T L€ Vi
TaDIE OF CONIENTS .. ...ttt e e e e e e e s s bbbttt e e e e s s bbb et e e e e s ssbbbbeeeeeenannnes iX
IS A =V U Xi
LIST OF FIQUIES. ...ttt e ettt e e e e e e e e e e e s b e e e e e e e anbrrneeeeeenas Xiii
IS o Y o] o] =Y/ = [0 L PRSP XV
T 0o [0 Tox (o o RO PPRRP 1
1.1 Genomewide association StUdIES (GWAS).........uuuiiiiiiieiiiiicee e eeee e 2
1.2 Transcriptomewide association StUdIES (TWAS).......ociiiiiiiiiiiiiiieeeiie e eeeeees 4
1.3  Other omics data directed assoCiation STUdIES...........uueiiiiieiieccee e 5
1.4  The summary statistics based GWAS and TWAS.......ccoooiiiiiii i eeee 6
1.5 The community efforts of data generation............coooooueiiremiiiiiiiie e 8
1.6  Limitations of existing methods that motivated my thesis projects..................cceeeeennns 10
1.7  Summary of @aCh ChapLel.........ccoo oo e e e eee e 12
1.8  Statement Of CONIHDULIONS..........ovviiiiiiiiiiiiiree e e 15
Susceptible TF (sTF)occupied cisregulatory elements with TWAS................. e, 17
2200 R [ 11 o o [ Tox 1 o] o PSPPSR 17
2.2 Results: sTFTWAS identified cancer sucestibility genes.......ccccoeeveeiiiiiiiccceeeeeeeveeeeeeee, 18
2.3 Methods: Integrating prior knowledge of STFCRES.............c.coooiiiiieeeiiiiciiceee e 31
S I 1= o 1 1= [ o 40
TF-linked trans-located variants integrated in TWAS.........ccccceeiee e 45
G 700 R {11 o o 1 Tox 1 o] o PSPPSR 45
3.2 Results: transTHWAS identified cancer sucestibility genes..........cccccccvvvviicennviiinnnnn. 46
3.3  Methods: Intergrating THnked translocated variantS.............cccccceeeeiiiiccceeeeeeeeeeeeeeeeeeee 57
G 10 1= o1 1 1= T o 63
R TE Y= T = T LA YL OSSPSR 66
o R [ 011 o o 11 o 1o 66
4.2  Methods: Identifying gentrait association USING SEQUENCES..........ccuuvvvvrerieeeeeeeeeeeeeannee 67
4.3 Results: rvTWAS outperformed alternative TWAS methods.........ccccccvvvveeeeeeeeeeeen . 24
N D 1o 1] o] o P 80



Image-mediated assOCIiation STUAIES..........oviiiiiiiie e e e e e aaaa e 83

LG 700 R {11 o o [ Tox 1 o] o PSPPSR 83
5.2  Results: IMAS discovered genes and pathways associated with brain disarders......... 84
5.3 Methods: Utilizing images as a ddiddge to link genotype and phenotype.................... 99
B.4  DISCUSSION. ..cci ittt ittt ettt e e eemt e e e e e e ettt ettt e e e smmmt e e e e e e e e b bbbttt e e e e e e smmme e e e e e e n bbb e e eeeeeeeeean 105
Conclusions and FULUIe DIFECHIONS. .......uiiiiiiiiiiiiiie e e et e e s e e e e s e e e e e e e nnneees 108
6.1  Summary of CONtrIDULIONS.........ooiiiii e e 108
6.2  The limitations of OUr APPIOACNES..........oiiiiiiiiiieeer e e 110
6.3 The fULUIE dIr€CHIONS. ... .eeiiiiiie ittt ieeei e et e e e e e e s st eenes s e e e e aeeeas 111
BiDHOGIapRY ... e e 114
F Y o] 01T o oL ST PP P PO TP PPRPPP TP 144
A JLIE2 0] 1= PRSP 145
1001 285

C 1[0 =SSP 315

D References Cited IMPPENTIX........oueiiiiiiieeee e reeee e e e me e e e e e e annee 331

E Permissions With SIQIAtUMES. ........uuuuueiicicimce e ee e 351



List of Tables

2.1 Novel associationdentified from sTFTWAS and spsTFTWAS for breast cancer risk........... 25
2.2 Novel associations iddfied from sTFTWAS and spsTRTWAS for prostate cancer risk........ 26
2.3 Novel associations idefigid from sTFTWAS and spsTFTWAS for lung cancer risk............... 27
5.1 Significant IDPs and their corresponding P value and descriptians.............cccvvieeeeeeeeeeeee..ld 87

A2.1 GWAS summary statistics of European descendants for breast, prostate and lung.candets
A2.2 Prioritized putative T¥ccupied variants selected from susceptibleot&upied elements based on
aSSOCIatioNS WIth CANCET MISK.......uuiiiiiiiiiiiitiieiee e e 146
A2.3 Putative susceptibility genes identified from SIMVAS (50K), at a Bonferrortorrected P < 0.05

................................................................................................................................................... 149
A2.4 Putative susceptibility genes identified frors3~TWAS (50K), at a Bonferrontorrected P <
101 PSPPI 157
A2.5 Association results for genes identified frorRi®diXcan and sTHWAS (50K) for threebrain

[0 1= 0] 0 [T = 178
A3.1 Key sources for tranSTRWAS ...t eer e e e e e e 181
A3.2 Lead variants supported by transcriptional factQr.............cccceeiieemeee i 184

A3.3 Putative susceptibility genes identified from tran§VFAS, at a Bonferroncorrected P < 0.05

................................................................................................................................................... 186
A3.4 Putative susceptibility genes identified fromtsmsTFTWAS, at a Bonferroncorrected P < 0.05
................................................................................................................................................... 204
A4.1 Susceptibility genes identified by rvTWAS, PrediXcan, kKTWAS and mkTWASchizophrenia
................................................................................................................................................... 245
A4.2 Susceptibility genes identified by rvTWAS, PrediXcan, KTWAS and mkTVWA8ipolar

(0 LS (0 [T OO PPERPPR 248
A4.3 Susceptibility genes identified by ryTWAS, PrediXcan, KTWASraR@WAS for autism

] o =Toi 140140 o [ T0] o [=T SO OPPP PP PPP TR PPPPPRR 256
A5.1 The KEGG pathways for IMAS identified IDPs for fdarain disorders...................cceeevveeeee 260
A5.2 The Go enrichment analysis for biological processes for IMAS ightDPs for four brain

[0 TS0} 0 1T = 264
A5.3 The Go enrichment analysis for molectiarction for IMAS identified IDPs for four brain

[0 TS0} 0 1T = 268
A5.4 The Geenrichment analysis for cellular component for IMAS identified IDPs for four brain

[0 1S 0] 0 1T =R 273



A5.5 The top SNPs overlapped with eQTLs regulate functionally important genes for four brain

[0 1S 0] 0 [T 277
A5.6 The Go enrichment analysis for biological processes for standard GWAS for four brain disorders
................................................................................................................................................... 281
A5.7 The KEGG pathways for standard GWAS for four brain disorders.................ccoceeeniinnnes 282
A5.8 Gene to gene connections that are supported by literatures..........cccvvvvivcceeeeeieeeiieeeieeeee, 283
A5.9 The 5% cutoffs that ensure an empirical typaror of 0.05...........iiiiiiiiiiiicr e, 284

Xii



List of Figures

2.1 Overview of the Developed Analytical Framework..............c..vviiiiieemeieee oo 20
2.2 Comparison of gerteait associations between sTRWVAS with other TWAS approaches......... 23
2.3 Comparison between genes identified from-$WAS and other TWAS approaches.............. 24
2.4 Putative susceptibility genes identified by SMWAS and SgsTRTWAS.........ooooiiiiiiiiiiiiiirees 30
2.5 Core TRranscriptional network regulating putative susceptibility genes..............cccvvveeennnnn A4
3.1 Overview of the developed analytical framework for trarBWAS.............coovveiiiiiiimrmniiiene 48

3.2 Comparison of gerteait associations between transTWAS and other TWAS approaches...50

3.3 The gene regulatory network underlying cancer risk driven by master regulators............... 53
3.4 Putative susceptibility genes identified by tranrSWWFAS...........oooriiiiiiiiiiie 55
3.5 Putative susceptibility genes identified by tranWFAS and spransTFTWAS........................ 7
4.1 Overview of the r'VTWAS frameWOIK............eeiiiiieiiiiieen e reeee e 69
4.2 Power comparison under pleiotropy SCENANIONS.............ovviiiiiieeeiiieeree s s e e e e eeeeen 75
4.3 Power comparison under causality SCENALNIOS.............ccooiiiieeeiiiniiiiiimmmr e e e e e eeeeeeeee e L O
4.4 Manhattan plots showing associations identified by rvTWAS............cccoviriiieeeiiiie e, 78
4.5 The number and proportion of genes identified by ryTWAS and other methods that are validated by
D 1S 1= AN | SRRSO 80
4.6 Contributions of rare and common variants to the outcome of 'VTWAS.............vvvvvieenneennn. 82
5.1 The datdoridge framework in IMAS ...t enn 86
5.2 Applying IMAS to four neuropsychiatric diSOrderS...........ccooviiiiiiimmmniiiiiiiee e 90

5.3 Top IMASdiscovered SNVs overlap with eQTLs regulating functionally relevant genes for
NEUrOPSYCHIALIIC QISOIUEIS.......ciii ittt e e e reer e e e e e e e e e naneees 92
5.4 IMAS identifies underlying genetic mechanism correlated with cerebellum for four main
NEUIOPSYCHIALIC QISONTUEIS. ....eeiiieiiiiiiiiit et ieeet ettt ettt ereet et e e e e e e e et b e e e eeer e e e e e e e e e e e nnneees a5
5.5 Power comparison of protocols in simulated pleiotropy arshtiguscenarios.................cco...... 99

B2.1 PRvalues plotted against the null expectation gquantilequantile plot under null simulation285

B2.2 Power comparison of protocols in simethpleiotropy SCENANID...........cevvvveeeeiiiiicerriiirneee 286
B2.3 Power comparison of protocols in simulated caussd#pario................oooeeee e oo e 287
B2.4 Association P values plotted against the null expectation in a giaraiée plot.................. 288

B2.5 Putative susceptibility genes identified by TWAS and spsTRTWAS for prcstate cancer..289
B2.6 Putative susceptibility genes identified by TWAS andsp-sTFTWAS for lung cancer........ 290
B2.7 Comparisons of STFWAS (50K) and SPrediXcan in brain dders................oooo e, 291

Xiii



B2.8 Comparisons of ciseritability of genes using all eigariants (ALL), top50K (50K) and top 500K

(500K) PriONtIZEA VAIMNBNTS. ... .ceiiieiiiiiiiiiiiieieeert et e e e e e e eeens e e e e e e e e e e e s b e enemr s e e e e eeeeeeaaannns 292
B3.1 Validation using breast normalsti®s from KOME..............ccoooiiiiiimmmiiiceee e 293
B3.2 Comparisons of transTIFWAS and other TWAS approaches in breast, ptestnd lung cancers
................................................................................................................................................... 294
B3.3 Association P values plotted against the exglectation in a quantiguantile plot................. 295
B3.4 Putative susceptibility genes identified bUSImSTRFTWAS ......ooovviviiiiiiiieree e 296
B3.5 Comparisons of transTIFVAS, sTRTWAS and SPrediXcan in braimlisorders.................... 297
B4.1 Power comparison under pleiotropy SCENALIAS.......c.ccoiiiiii i i i i reree e e 298
B4.2 Power comparison under causality SCENAIIOS. ........vvvviiiiiiiiiie e e eeeeeee e e eeesaeeveeeanees 299

B4.3 Manhattan plots showing associations identified by PrediXcan, KTWAS and mkTWAS for

SCRIZOPNIENIA........oo i e e e e e e e e e e e e e e e e e e e e e e s rae e 300

B4.4 Manhattan plots showing associations identified by PrediXcan, KTWAS and mkTWAS for bipolar
(0 1S {0 =T PP RR PP PPRRPPR 301

B4.5 Manhattan plots showing associations identified by PrediXcan, kKTWAS and mkTWAS for autism
] o =Tot g0 0o o [ KT0] o [=T o PP PP P PP PP PPPPRR 302

B4.6 The comparisons of ryTWAS and other TWAS methods for SCZ, BPD aDd. AS............. 303

B5.1 Manhattan plots of applying standard GWAS to schizophrenia...............ccvveeeeeviieeneeenn. 304

B5.2 Manhattan plots of applying standard GWAS to major depression disorder................... 305

B5.3 Manhattan plots of applying standard GWAS to bipolar disarder...............cccceeeniiivinennn. 306

B5.4 Manhattan plots of applying standard GWAS to autism spectrum disorder..................... 307

B5.5 A correlation matrix between the expression level of cerebellum eQTLs thatemited from

BPD QNA SCZ..... ittt ettt eee e e b e et et e e e n et e e an e e eeneent e e e te e e e anbeeeanteeennanneee s 308

B5.6 A correlation matrix between the expression level of efitab eQTLs that were identified from

ASD AN SCZ.....eeieiiiee ettt emeea e b et b et e b bt e enh e e e R e et e e be e e e bb e e e nnanee e e 309

B5.7 A correlation matrix between th&pression level of cerebellum eQTLs that were identified from
BPD QNG M.ttt ettt a bt een bt e R bt e e e et e e amnnanee s 310

B5.8 A correlabn matrix between the expression level of cerebellum eQTLs that were identified from
ASD NG MDD........eeiiiiie ettt eme it ettt e bt e e e tee e e nner e e Eee e e anbe e e anbe e e antenaneeanes 311

B5.9 A correlation matrix between the expression level of cerebellum eQTLs that were identified from
F ST =T aTo [ =1 B TR 312
B5.10 Heritability of each IDP using GCTA and the UK Biobank dataset...............cccccceeeeen... 313

B5.11 Causality (A) and Pleiotropy (B) scenarios for genotype (X), image phenotype (Z) and phenotype
072 TSRO 314

Xiv



List of Abbreviations

ADAl zhei mer 6s di sease
ASD Autism spectrum disorder

BSLMM Bayesian sparse linear mixed model
BLUP Best linear unbiased predictor

BP Biological Process

BPD Bipolar disorder

BCAC Breast Cancer Associati@pnsortium
CGC Cancer Gene Census

CTCF CCCTGhinding factor

CC Cellular Component

Chip-segChromatin immunoprecipitation sequencing
Di-ASSO Direct-association

DHSsDnase | hypersensitive sites

EWAS Epigenomewide association studies
eQTL Expression Quantitative Trait Loci
GSEA Gene Set Enrichment Analysis

GDAs Genedisease associations

GReX Genetically Regulated expression
GWAS Genomewide association studies
GRM Genomic relationship maxi

GTEX GenotypeTissue Expression

HWE Hardy-Weinberg equilibrium

XV



IDPs Imagederived phenotypes

IMAS ImageMediated Association Study
IWAS ImagingWide Association Study
IOAS Integrative omics association studies
LMM Linear mixed model

LD Linkage disequilibrium

LC3 Lung Cancer Cohort Consortium

MRI Magnetic resonance images

MDD Major depression disorder

MWAS Metabolomewide association studies
MAF Minor allele frequency

MF Molecular Function

MGB Molecular Signatures Database

CGC Cancer Gene Census

PC Principal component

PEER Probabilistic estimt@on of expression residuals

PRACTICAL Prostate Cancekssociation Groupo InvestigateCancerAssociated Alterations in the

Genome

PWAS Proteomewide association studies

PGC Psychiatric Genomics Consortium website
QC Quality control

QQ Quantilequantile

rvTWAS Rare variant TWAS

REMC Roadmap Epigenomics Mapping Consortium

XVi



RNA-segRNA-sequencing

SCZ Schizophrenia

SKAT Sequence kernel association test

SNP Single nucleotide polymorphism

SNV Single nucleotide variants

STFCREsSusceptible TF (stBoccupied cigegulatory elements

sTF-TWAS Susceptible TF (stBoccupied cigregulatory elements (stfcres) with TWAS
TF Transcription factor

TFBS Transcription factor binding sites

transTF-TWAS Transcription factotinked translocated variants integratén TWAS
TSSTranscription start site

TWAS Transcriptomewide association studies

TRICL -ILCCO Transdisciplinary Research of Cancer in Lung of the International Lung Cancer

Consortium
WENet Weighted elastic net

WGS Whole genome sequencing

XVii



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 sfiblds in genetics, a cornerstone is ithentification of genomic
variants associated with phenotypic traitsvhich may benefit genotygeased phenotype predictith
The focus of this thesis is to develop novel methods on association studies for disease traits by leveraging
and extending ate-of-the-art in the field of statistical and machine learning and rouitics data
modeling.

With the advancement of highroughput sequencing and genotyping technolimggddition to
DNA sequences (genomanore and more muHbmics data, such as RN&kpression (transcriptome),
DNA modification (epigenomemnetabolome, anitnaging (which may be called radiomics), are
generatet! The spectrum of omics can be further extended to other biological data such as lipidome,
phosphoproteome, and glygmloteomé. Multi-omics data are in between of genotype pinenotype
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 thegeégidrafc project
are generally | imited, which causes a ‘pandobl em cal
researchers have to design models tailoring to the actual bi@pgyvalue adjustments because of the
burden of multipleestingmay decrease powetherefore prudent filtering and selection are critigjl;
multi-omics data bring unknown heterogeneity, such that one has to always keep the underlying

biological mechanisms in mifd

When working with high dimensionabmicsdata that contain a large number of featurgs (
and a much smaller numberof samples( t he probl em of the Acurse of
methods are compromised to reach optimum solutions because of the difficulties in striking a good
balane 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 fadégt'. 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 selettamd featur@ggregationFeature selection, also
known as variable selection, is the process of selecting a subset of relevant features (variables,
predictors) for model constructiofraditionaltechniquesncludelow variance and high correlation

filters®®, feature rankintf and stepwise selectith



These oleschool techniques, although are still in use for genomic analysis, are not optimal in
the integrated mukbmics data analysis in which biological mechanisms may be kept in mind. Modern
feature selection methods usually add a regularizer tepurtish complicated models to avoid
overfitting. These include LASS&?, Ridge regressiéh??and Elastic Nets, which have different
focuses reflected by the different mathematical formulation of the regularizer. Among many variants of
regularizer, Goup Lasso promoting grotlpased 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 genonhysiad®, and potentially
could be utilized in mukbmics modeling. The existing developments in our group have offered several
new methods to carry out feature selection and extraction directed bysoaldtiomics dataz®, which

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

In the past decade, applications of statistical genetic models have yielded fruitfut +&s &t
example, genomwide association studies (GWAS) are powerful tools fentifying genetic variants
associated with complex diseases and traits. Statistical genetic models, such as linear mix&#Finodels
logistic regressiott®2 Bayesian regressidt® and metanalysig®¢ are used to identify genetic
variantsthat areassociated with a particular trait or disease of interest. The use of statistical genetic
models in predicting genotygehenotype relationships has produced beneficial outcomes, including the
best linear unbiased predictor (BLUP)Bayesian sparse linemixed model (BSLMMY?, Bayes
alphabetic (e.g., BayesA and BayesBY, and otherS. In recent yeargraditionalmachine learning
(including support vector machitterandom fore4g, and knearest neighbat$ andmoderndeep
learning algorithms (g., multilayer perceptrdhand convolutional neural netwdfl) have also
improved the ability to predict the risk of complex dise&seowever, these models are mostly
genomicsbased only, without utilizing the othesmics data that in between of g¢ype and

phenotype, which is the focus of my works.

In this chapterto position my work with respect to stadéthe-art, | will introduce the
background and techniques of the genewide association studies (GWAS), transcriptewide
association studg(TWAS), as well as the other omidisected association studies. | 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 Genomewide associatiorstudies (GWAS)

The aim of genomavide 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 nfagquently in individuals with the disease or trait as
compared to those whodo not have it. The first GWAS was published in 28p&nd since then, the
GWAS haveexperience@n exponential increase in popularity. GWAS have grown in both sample size
andthe number ofienomicvariants under study. GWAS results have also influenced other fields of
applied epidemiological research, such as gamdéronment studies, Mendelian randomizatfoand
polygenic risk score approach&®ver the past two decades, @ have been successful in

associating single nucleotide polymorphism (SNP) with various complex human traits. The JNBGRI
GWAS catalog has listed over 167,000 SNPs associated with human diseases and traits as of July
202F*. This has led to significaigrowth in interdisciplinary, translational medicine studies aimed at
achieving precision medicine and improving the overall quality of healtf’care

However, the majority of statistically significant GWAS signals are located ircadimg
regions of thdauman genome, which makig connection athese variants to affected genes a
challenging task. Several functional elements within roading regions, such as enhancers,
promoters, transcription factor binding sites (TFBS), and CC8in@ing factor (CTE), can host
genetic variants that modulate genes through various transcriptional and translational regulatory
mechanismswhich are revealed by largeale consortium projectse. VISTA Enhancer Browsegt
The FANTOM Consortium and the RIKEN PMI and CLEDGT) °>*"; Roadmap Epigenomics
Consortiuni® ENCODE Project Consortiuity GTEx Consortiurff-63.

Many novel molecular technologies and bioinformatics algorithms have been developed to
connect significant GWAS signals in the pooding regions with affcted geneg:irst, one may use
functional annotatioprovided by molecular profilingp identify the potential regulatory elements in the
noncoding regions of the genome where the significant variants are I&icdtaid can be done by
using methods sudis chromatin immunoprecipitation sequencing (&dB), DNaseseq, and ATAC
seq to identify active regulatory elements such as enhancers, promoters, and etloelimmpregulatory
region$>®4 Second, dinctional validation experiments such as CRISPRI@asdiated 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 appi5ad¥ieally, Expression Quantitative
Trait Loci (eQTL) amlysisis a frequently adaptestrategyto identify genesvhose expressiorae

regulated by the genetic variants in the4ecoding regions of the genofié’.

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

of the biological interpretation of statistical discoveries.



1.2  Transcriptome-wide association studies (TWAS)

Transcriptomewide association studi¢g$WAS) have uncovered more than hundreds of
susceptibility genes for many complex diseases and*trditsinlike conventional genoraeide
association studies (GWAS) and expression quantitative trait loci (eQTL) andl{’BdsWAS
evaluates association§ disease risk with the predicted expression level of a given gene using
aggregated information from multiple @ignetic variants. Because of its utilization of transcriptome
data,TWAS might be more powerful than other aggregation based GWAS methcilitate

identification of additional associations that have been missed by G¥WAS

The first known method was developed by Gamazon et al. called PretfiXeianeered by
PrediXcan methdd, TWAS was typically conducted in two steps: First, a magleiined tqredict
genetically regulated expression (GReX) by combining transcriptional regulatory effects of the eQTLs
for a gene using different statistical or macHe&rning models. A reference dataset, such as Genotype
Tissue Expression (GTEX) BLUEPRINT’®, MESA'®, and singlecell eQTLGEN?, that contains paired
expression and genotype data is used for training such genotggpression prediction models. Then,
in the next step, in a separate association mapping dataset in which expressmardatailableone
can predict GReX and use predicteReXto associatavith phenotype. The key concept behind TWAS
is genetically regulated expression (GReX), which is the component of gene expression attributed to
genetic regulators. The importance dR€xX is evidenced by the number of publications which either
seek to improve its prediction accuracy or expand its applic&tidtesearchers have refined the
original ElasticNe(used inPrediXcaff®) and Bayesiafased modelsyr BSLMM®? (used inFusior?)
to predict GReX. Additionally, sophisticated modéhsegrating multiple tissué%®, adding trans
eQTLS"88 incorporating improved Bayesian methd@d deep learning auncoder modetg®?
were developed to improve TWAGReX counterpasthave also been developed for-sEoré?,
polygenic risk scof®, and finemapping*.

Recent works by our group showed that the inte
reveal the essence of TWAS, if not misleadiri§’s First, theoretical @wver analysis showed that
TWAS could be more powerful than the hypothetical scenario in which expression data is available in
the main GWAS datasét additionally, TWAS could be underpowered comparing with GWAS when
the expression heritability is Id%v Both results question the interpretation of the prediction of
expression in TWAS. As such, we proposed to inter
variants directed by expression. From the perspective of Machine Learning, the firs{TatéfsSrs
exactly feature selection and the second being feature aggrégatiith this interpretation in mind,

one may cancel GReX and instead conduct feature selection and aggregation independently using



whatever methods fit best. Indeed, novel methptitisg these two steps developed by*d&and

others® showed higher power than standard TWAS. This insight has been incorporated the design of
two of my projects Chapter 4 andChapter 5). As our insight of splitting feature selection and
aggregatiorcurrently can only be applied to subjetel genotype data, | still used the standard
interpretation and protocols in TWAS in the other two projeCteapter 2 andChapter 3) that

involves very large cancer cohorts for which summary statistics areglyutieed.

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 afataiase
proteomics, metabolomics, epigenomics, and pharmacogeriériticsse 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 datacted association studies:

Proteomewide association studies (PWAS)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 e¥b 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,

nongnse, frameshift).

Epigenomewide association studies (EWASj®. EWAS involve analyzing whether the
changes in DNA methylation patterns can distinguish individuals with a particular phenotype from
control subjects. DNA methylation-fhethylcytosiné™) is a covalent modification to DNA that can be
faithfully propagated to daughter céffsand have longdasting regulatory effects on gene expres$fon
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 phetfotype

Metabolomewide association studies (MWAS} MWAS typically involve analyzing
metabolonic data from biological samples, such as blood or urine, usingttighghput analytical
techniques such as mass spectrometry or nuclear magnetic resonance spectroscopy. These techniques
can detect hundreds or even thousands of metabolites simultanddwesfyoal 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 resul't

can be assaated with defined metabolic pathwa$fs
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Integrative omics association studies (IORS)These studies investigate the association
between multiple types of omics data and a particular trait or disease. For example, integrative omics
studies may combingenetic, 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. HowevecalOBs
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 laigle analysis of biological molecules
such as gnes, proteins, and metabolites, it has been expanded to include other typedrobhmjiput
data. In this broader sense, for example, imaging data can also be considered as omics data, known as
i Radi émmagimgomics can include various typesnofiges such as radiographic images,
microscopic images, computed tomography (CT), magnetic resonance images (MRI) and positron
emission tomography scan (PET). Through figloughput computing and statistical methods,
innumerable quantitative features gratterns can now be extracted from these images, which can be

associated with particular traits and dise®8es

In this thesis, the mutdmics modeling incorporates transcriptomes and brain imaging.
Although other omics data are not explicitly modelkbe, statistical framework are ready to be adapted

into other omics and endophenotype data.

1.4  The summary statistics based GWAS and TWAS

Sumnary gtatisticsbased GWAS refers to a type of genetic association study that utilizes
summary statistics deriddrom GWAS, in contrast to the conventional GWAS that requires subject
level”. In summarystatisticsbased GWAS, researchers analyze the summary statistics, such as effect
sizes, standard errors, andgues, that are typically reportedpoblished GWAS studié¥. Instead of
having access to individudvel 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 partcular trait or diseas&or example, tatisticsbased GWAS methods can include approaches
like metaanalysis, where summary statistics from multiple independent GWAS studies are combined to
increase statistical power and identify robust genetic assoa&titnsummary statisticbased GWAS,
the missing information of subject level data may be compensated by borrowing Linkage Disequilibrium
(LD) data from reference panels (such as UK BioB&mk The 1000 Genomes Projg€}, assuming the

LD structures ee generally similar between the focal GWAS cohort and the reference panel.



Obtaining individuallevel genotype data from published GWAS studies is challenging, which
limits the feasibility of TWAS approaches. Howevanalternative TWAS method called FLION2
emerged swiftly after the introduction of PrediXcBUSION employs GWAS summary statistics to

directly impute the regression statistics (referred @ pghat relate gene expression levels to a specific

trait. To accomplish thig : -scoreis used to denote a vector of standardized -BiP 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 amo&iN&lsis approximated by the

existing LD matrix borrowed from the reference panghresented bB , $.In FUSION,& is imputed

by taking a linear combination ofelements using estimated weights ( In cases where there are no

SNRtrait associations (no signals)follows a normal distributioN(0 ,B ), andresulting ind having a

mean of zero and a variancewB & 8For agiven gene, the effect of genetically regulated gene

expressionevel on the phenotype can be obtained as follows in FUS¢ON'=B.

Compared to TWAS methods that rely on individigadel data, summary statistibased TWAS
offers computational efficiency and the ability to analyze larger GWAS datasets, as it requires less CPU
and memory resource&dditionally, it does not requirdne complicated procedure to access the subject
level genotypesSeveral GWAS summary statistibased TWAS methods have emerged since FUSION,
including SPrediXcan!' and UTMOST!2 The main distinction between using individlewvel data and
those usingummary statistics lies in the estimation of LD structure for testing populations. Accessing
individuaklevel genotype data from published GWAS studies is often challenging, hindering the
examination of LD structure among eQTLs in each GWAS dataset. GWARaty statisticdhased
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 Genom#&S. Phaect
increasing sample sizes in redace population panels offer more accurate LD structure estimates, which

is crucial for GWAS summary statistibmsed studié$’.

In summary, individualevel TWAS provides more accurate estimates of gmieassociations
but demands substantial compigagl resources, and individullvel genotype data are not always
accessible to researchers. On the other hand, GWAS summary staisBdsTWAS has the advantage
of prioritizing genes using only GWAS summary statistics and offers computational speéemdsod
magnitude faster than individulvel TWAS. However, GWAS summary statistltzased 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. Ae¥ing satisfactory statistical power with GWAS



summary statistiecbased TWAS requires a larger GWAS sample size. Due to these limitations, additional
validation and careful interpretation are generally necessary for GWAS summary stasisédsTWAS.

In this thesis, Chapters 2 and 3 are based on summary statistics of large cancer cohorts, whereas
Chapters 4 and 5 are based on sub@atl data.

15 The community efforts of data generation

After Watson, Crick and Franklin discovered #tructure of the DNA in 1953, many attempts
were made to sequence DNA In 1972, WalteFierset al.was first to sequence the DNA of a complete
gene by utilising RNAses to digest the virus RNA and isolate oligonucleBfidesncurrentlyjn 1977,
Frecerick Sanger developed the first DNA sequencing method, known as Sanger sequencing or chain
termination sequencin@methodthatrevolutionized genetic researahdbecame the gold standard for
DNA sequencingf® In 2005, the nexgieneration sequencing @8) technologies emerged,
revolutionizing the field. NGS enables higiroughput, massively parallel sequencing and reduces the
cost and time required for sequendéirig'® Various NGS platforms, such as lllumina, lon Torrent, and
their extension of Thirdseneration Sequencing (suchRecBioand Oxford Nanoporegllowed for the
simultaneous sequencing of millions of DNA fragmé¥its8® This advancement enabled sexjuencing
of whole genomes, whole exomes, and targeted gene panels more efficiemttpaochically*®12% In
parallel to the development of NGS, genotyping arrays became popular for analyzing genetic variations
on a genomavide scale. Genotyping arrays utilize microarray technology to simultaneously genotype
thousands to millions dfnownsingle nucleotide polymorphisms (SNPs) across the geribnhis
approacHacilitatedlarge-scale genotyping studies and enabled geraide association studies
(GWAS) to identify genetic variants associated with diseases and Ttadtemergence of RN&eq in
the mid2000s enablettanscriptomewide profiling of gene expressi&'2 RNA-seq utilizel NGS
technologies to sequence and quantify RNA molecplesiding insights into the transcriptome,
including the identification ofifferentially gene expression armdternative splicing eventé'2 Beyond
NGS, thirdgeneration sequencing technologies, such as PacBio and Oxford Nanopore, have'&merged
126 These technologies offer lomgad sequencing capabilities, allowing foe #equencing of longer

DNA fragmentsj | | umi nat i nregioms afithg gefioth@ r k 0

Empowered by higlthroughput sequencing and genotyping instruments, researchers have carried
out largescale flagship omics projects to generate shared resources fasrttievide scientists to

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



Back to 1997, the NIH launchdthe Database of Genotype and Phenotype (dhGatalling
the efforts of communitghared repositories. ThikGaP provides two types of datapen 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 thassociatiorbetween genotypes and phenotyiess. originally for GWAS cohorts,
and later on also includes maipmics dataThe database serves as a valuable resource for researchers
and scientists studying human genetics, genonmmckrelated fields, ultimately advancing our

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

Funded in 2006 e UK Biobank ighe firstlargescale biomedical database in facilitating
scientific discoveries. The resource yides 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 lifiereatening ilinesses. The study is following ati@,000 volunteers in
the United Kingdom (UK), enrolled at ages from 40 to 69. Initial enroliment took place over four years
from 2006, and the volunteers will be followed for at least 30 years therdafparticular, the UK
Biobank also provides imagirdata 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 expressioms,Genotypgissue Expression (GTEX)
Program, initially fundd by theNIH Common Fundn the year of 2010established 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 individualateEh&ersion of the GTEX
dataset, referred to as V8, encompasses DNA data obtained from 88&opiesh donors, consisting of
17,382 RNAseq data points spanning 54 tissue sites and two cell lines. Access to GTEx data is facilitated
through multiple pldorms, 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 éisdueated 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 chsegisss

mechanisms mediatdry gene expression§WAS is a typical protocol promoting the use of GTEX.

Besides the above three gengratpose repositories, different disedseused consortiums are
also emerging. In the field of cancers study, researchers have formed multipteckElsgeonsortiums and
providedsummary statistics of GWAS data fmher researchers. For instandagast cancettata are
available throughhe Breast Cancer Association Consortium (BCAC). The BCAC is an international,

multidisciplinary consortium desigd 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 cade$léhddhtrols from

European descendants were released from the Prostate Cancer Association Group to Investigate Cancer
Associated Alterations in the Genome (PRACTICAAGWAS data for lung cancer were downloaded

from the websites of the Transdisciplind&gsearch of Cancer in Lung of the International Lung Cancer
Consortium (TRICEILCCO) and the Lung Cancer Cohort Consortium (LC3) totaling 29,266 cases and

56,450 controls from European descendants.

In this thesis, the largscale genotyping, whole genommeguencing, 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 disorde These diversenulti-omicsdataprovide valuable insights into the genetic and

molecular basis diuman diseases

16 Limitations of existing methods that motivated my thesis projects

GWAS have successfully identified thousands of geneatiants associated with complex traits
and diseasé$'*2 however, being wariantbased association method, each genetic variant typically
explains only a small proportion of disease phenotype vartétiddternatively, locusbased methods
take multple genetic variants into account to assess the overall contribution of a gene or a genetic
region-3#13¢ The cumulative effect of genetic variants across genes or regions can account for a
substantial proportion of phenotypic variai&nwhich is a maeg interpretable functional unit than ron
coding variants, to complex disease susceptibility. Additionalbysbased testsave a lower multiple
testing burden thasingle-variantbasedGWAS, typically adjusting only for thousands of genes tested,
rather than millions of varianf&1%®, TWASis a type of locusased association method, whinhay
offer a better alternative tther locusbasedGWAS?8°due to its ability of integrating transcriptonie
has proven that TWAS can improve the poweassgociations by identifying disease susceptibility genes
that would have been missed by GWAS alone, especially for genes that are expressed in specific tissues

or cell typeg®140

Even though TWAS is a promising method for disease gene discoveryhéverbeen some

challenges and limitatioh¥14%

1) The accuracy of gene expression prediction models is limited by the gene expression heritability
(h?) that determines the upper bound of prediction accbi&EyThis can be further split into

two casedelow.
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a. The accuracy of gene expression prediction models may be jeopardized by inclusion of
nonregulatory variants or variants in nonspecific regulatory elements (i.e., occupied by
nontranscribed transcription factor [TFs] in target cells and tissuésth may not be
relevant to diseasariving state$4141.143144Thys, he accuracy of prediction models
based on cigenetic variants could be compromised if variants occur irregualatory
regions or if they disrupt binding sites of Awanscribedl'Fs in target tissues.

Furthermore, some putative susceptibility genes may beaasal, owing to
pleiotropic effects of genetic variants and/ofregulated gene expression, which is

driven, at least in part, by linkage disequilibrium (LD) among th@amg®+141.143

b. Despite the progress made by TWAS in recent ye&r¥44 most current models
build expression prediction of a gene only based on i®caéed genetic variants
(<1Mb distance), which generally account for only a modest propasfidisease
heritability'. In comparison, trareQTLs (expression quantitative trait loci) may have
more impact on the disease phenotype due to their advantages in population selection
pressure and compensatory pwanscriptional bufferintf®1°2 However, including
translocated variants in TWAS analysis is a challenge due to their overwhelming
numbers and smaller effect sizes on gene expression tHacatied variants, requiring

larger sample sizes for detectio#r3 154

2) Rare variants accountifthe majority of the human mutational catdfSgand their importance
in gene mapping is justified by the rationale that diseassal variants could be under negative
selection therefore being rare in the populatif®. However, due to the sparsity (i.e., not
sharing across individuals) of there 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 APt edictabled using rare v

3) TWAS only integrate transcriptomesithough other omics such as proteomics and
epigenomics are integrated, this idea has not been extended to whag@thstudies. The
difficulty I|Iies in that there are no natur al fi
expressions. Howeveputting all genetic variants in the genome to predict imaging data will
run into huge overfitting. As such, a current attempt that using imaging (A8l managed
to assign the effect of genetic variants to images to individual genes in a {J344®

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 integrateningtdata.

In my thesis] have included four manuscripts, edoiminga chapter. In Chapter Rdescribe sTF

TWAS, which integrates the prior knowledge ofseription factors (TF) with TWASThe Chapter 3

focuses on trans FFWAS, which utilizes Group Lasso to incorporateliffked translocated variants.

In Chapter 4] present rvTWAS, which leverages transcriptetirected feature selection towards rare

variants. Finally, in Chapter bjntroduce IMAS, which uses borrowed brain images to conduct image

directed feature selection and aggregations. Together, these manuscripts rapyeseatn d coaut hor s
contribution to the field of statistical genetics and fewew 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, sSTFTWAS, transTFTWAS, rvTWAS and IMAS, which have been or will be published as-first

author papers.
STF-TWAS: susceptible TF (sTF)-occupied cisregulatory elements with TWAS (Chapter 2)

The newtoolsTH WAS st ands f or fccupedosmpgulatdsylelements (s TF)
(STFCRESs) with TWAS**. This work improves the susceptible gene discovery by integrating prior
knowledge of susceptible transcription factor occupied elements to TAVAS introduced, TWAS
have successfully discovered many putative disease susdgptibiles. However, a potential caveat is
that gene expression prediction models may be jeopardized by inclusionefgubatory variants or
variants in nonspecific regulatory elements (i.e., occupied bytraoscribed transcription factor [TFs]
in tarcet cells and tissues), which may not be relevant to diskagag state$4141143144 Thys, he
accuracy of prediction models based orgesetic variants could be compromised if variants occur in
non-regulatory regions or if they disrupinding sites of noftranscribed TFs in target tissues. To bridge
this gap, we developed sTIFNVAS, a tool that utilized susceptible -Beécupied cigegulatory elements
to train the gene expression prediction models for improving the power of TWAS.

We condeted comprehensive analyses in both simulation and real data and demonstrated that
sTRTWAS outperforms existing TWAS approaches (i.epr&diXcart® Fusiof?, EpiXcart*4). Under
the sTFTWAS framework, we build genetic models to predict alternativeisglignd gene expression
in normal breast, prostate and lung tissues from the Gendtgpee Expression project. The potential
impact of STFTWAS is evidenced through our discoveries by applying it to large GWAS conducted
among Europeaancestry populatian At Bonferronicorrected 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 susitetithibman
cancers. Additionally, we prove the generalizability of the-3VY¥AS on noncancer diseases.

transTF-TWAS: transcription factor -linked trans-located variants integrated inTWAS (Chapter
3)

As mentioned, despite the progress made by TWAScenteyear® 9144148 most current
models build expression prediction of a gene only based on-itscaied genetic variants (<1Mb
distance), which generally account for only a modest proportion of disease heritaHitityontrast,
translocated \ariants explain a significant amount of variation in gene expression levels of the target
gené. However, trandocated variants are too many, and confer significant risk of overfitting if one

models them naively.

In this study, we introduce transTIFVAS, which includes additional transcription factor (TF)
based trantocated variants for prediction model buildi$y The innovation lies in the integration of
known TFbinding (as assessed by CtBReq datdf'’ and our novel use of Group La$¥do distingtish
critical TFs from othergthat bind to the regulatory regions however not altering expression levels
substantially) This design conquers the lotagting problem of overfitting, allowing the inclusion of
comprehensive information. Our results show thensTFTWAS 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 toarge 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 Bonferroairected P €.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 basiscomplex traits, transcriptorgide 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 irherent 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 feaeiection and aggregations that do not have to

involve predictions. Based on this insight disent

expression traits is no longer an obstacle.
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In this study, we devel op ®dthafifirseuses aBagesignant TWAS
model to conduct expressialirected 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 therformance of ryTWAS 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 sequdrased association mappings

integrating gene expressions.
IMAS: Image-Mediated Association Study (Chapter 5)

Lastl vy, we i ntroduced a newetdoioalt eldMAASs,s owhiiacth osr
163 As mentioned, this works is partially inspired by the method of T$#/%&8*9411.141145|n the sense
they both utilized endophenotype data, which is gene expression in TWAS and images in IMAS.
However, brain imaging data have many unigue aspects: on the positive side, they enjoy higher
heritability'®% on the negative side, themgtic basis of a brain imaging may not be straightforwardly
' imited into a fAciso scope I-hbrkied ggeedn easn gdloe oBfuidits eur
TWAS into feature selection and feature aggregation, IMAS aggregates selected genetid@ariants
determine the association of each aggregated-S&NWith 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 l1€gfat&S cohorts. By leveraging the UK
Biobank imagederived phenotypes (IDPs), IMAS discovered genetic bases underlying four
neuropsychiatric disorders and verified them by analyzing annotations, pathways, and eQTLs. A
cerebellaimediated mechanism was idéietd to be common to the four disorders (i.e., schizophrenia
(SCZ)*4, major depression disorder (MDI® bipolar disorder (BPBY®, and autism spectrum disorder
(ASD)'®"). Simulations show that, if the goal is identifying genetic risk, IMAS is rporeerful 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 geneéinsl imaging.

These four projects form my different angles attacking the problem of integratingomids
data into association mapping with multiple biological and statistical challenges addressed. This thesis
complies with the oiptheasedfTwesits mgby thlManUmrsi ver si f

the requirement of Aincludes ful/l chapters of pre
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repetitions of introduction of background and methods in ChapterS gdue to theslightly ovetapped
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 indggl cancers, or neurosciences.

18  Statement of contributions

This PhD thesis is based on four original research papers that were published or submitted in
peerreviewed journals during my candidature. As the first author, | have done the majorgywadrthas
well as writing. However, these papers also represent collaborative efforts involving mulgultoos,
and | would like to acknowledge theiontributions to this workAll co-authors are in agreement with me
to put the full manuscript intdé thesis, in the format of signed Letter of Permission attached at the end
of the thesis.

In the first paper (Chapter 2), entitledhtegrating transcription factor occupancy with
transcriptomewide association analysis identifisgsceptibility genes in human cancers". | served as the
first author, and my cauthors were Dr. Quan LoramdDr. Xingyi Guowho conceived and designed the
study. | performedhe data collection, processing, bioinformatics and statistical analyses, with additional
data preparation and discussion frbm Quan LongDr. Xingyi Gug Mr. Wanging Wen, Dr. Zhishan
Chen, and Dr. Chen Cao. | wrote the manuscript with contributions fro@u2n LongDr. Xingyi Guo,

Dr. Alicia Beeghly, Dr. XiaeOu Shu, and Dr. Wei Zheng.

The second paper (Chapter 3), entitléidénscription FacteLinked Translocated Variants
Improve Transcriptom&Vide Association Analysis for Disease Susceptibility &Biscovery " was a
collaborative effort between myself, Mr. Wanging Wen, Dr. Jie Ping, Ms. Qing Li, Dr. Zhishan Chen,
Mr. Deshan Perera, Dr. Xiang Shu, Dr. Jirong Long, Dr. Qiuyin Cai, Dr.-®ia&hu, Dr. Wei Zheng,

Dr. Quan Long, and Dr. Xingyi Guo. DRuan Long and Dr. Xingyi Guo provided guidance on the
statistical methods and study desipwas responsible for performing data collection and processing,
bioinformatics and statistical analysesth additional data preparation and discussion fEmQuan
Long, Dr. Xingyi Guo, Mr. Wanging Wen, Dr. Jie Ping and Dr. Zhishan Gh&rote the manuscript,

which was reviewed and edited by all@athors.

In the third paper (Chapter 4), entitled/TWAS: identifying gendrait association using
sequences bytilizing transcriptomedirected feature selection”. | 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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| developed the software with additional data preparatiordesadission from from Ms. Qing Li. | wrote
the manuscript, which was reviewed and edited by Dr. Qingrun Zhang.

In the fourth paper (Chapter 5), entitled " A statistical method for imaeiated association
studies discovers genes and pathways associdtefowr brain disorders". Dr. Quan Long and Dr. Paul
D. Arnold conceived and supervised the study. | was responsible for developing the software, conducting
simulations, and analyzing the real data, and writing the manuscript. The biological intenpseteie
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 manysctiwrote the manuscript, which was reviewed and edited
by all ccauthors.

In summary, this PhD thesis represents a collaborative effort involving multialetbors who
contributed to the design, execution, and analysis of the research preseniethigsts. | am grateful for

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

16



Chapter 2

Susceptible TF (sTF)occupied cisregulatory elements with TWAS

2.1 Introduction

Transcriptomewide association studies (TWA®)**have identified hundreds of putative
susceptibility genes for many human diseases including c&i¥é¢&t€ Unlike conventional genome
wide association studies (GWAS) and expression quantitative trait loci (eQTL) anafs&svVAS
evaluates associatis of disease risk with the predicted expression level of a given gene using aggregated
information from multiple ciggenetic variantsSTWAS may detect more genes than other aggregation
based GWAS methodsd facilitate identification of additional assatibns that have been missed by
GWAS 5, however,a potential caveat is that gene expression prediction models may be jeopardized by
inclusion of norregulatory variants or variants in nonspecific regulatory elements (i.e., occupied-by non
transcribed trascription factor [TFs] in target cells and tissues), which may not be relevant to disease
driving state§4141:143144Thys, he accuracy of prediction models based ofyeisetic variants could be
compromised if variants occur in noegulatory regionsr if they disrupt binding sites of neranscribed
TFs in target tissues. Furthermore, some putative susceptibility genes maydaisal owing to
pleiotropic effects of genetic variants and/ofregulated gene expression, which is driven, at least in
part, by linkage disequilibrium (LD) among the variatit§143 Previous TWAS approaches, such as
PrediXcaf® and FUSION*®, show comparable overall performance in susceptibility gene discovery,
while they have not integrated prior diseapecific rgulatory information. A recent approach, EpiXcan
144 integrates notissuespecific epigenome information, however, it might introduce overfitting through
automatic learning due to lack of mechanistic support. Therefore, our approacimsgnate prior
knowledge of diseasgpecific regulatory elements into gene expression prediction are essential to

improve the detection of disease susceptibility genes.

Genetic variations of TTONA bindings are increasingly considered as key factorsrafeza
susceptibility. Core master TFs transcribe in a cell-ggpecific manner and emccupy cisregulatory
elements control gene expression programs, which are known to establish and maintain celfdéntity
identifying TFs whose DNA bindings ardetled by riskassociated genetic variations and their
controlling genes will improve our understanding of transcriptional dysregulation in human diseases,
including cancer$*'”". Genetic finemapping studies, together with functional experiments, have
swggested that cisegulatory risk variants may disrupt DNA binding affinities of TFs, particularly for

known master regulators, which play a key role in mediating cancéer#t8k Studies of hormonre
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regulated cancers, such as breast cancer and prcetatr, have shown that pathogenic dysregulations

of gene expression are mediated through risk variants altering binding affinities of master TFs, such as
FOXAL, 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’®®. We further demonstrated that A8 using only putative regulatory variants occupied

by the susceptible TFs, detected additional genes associated with breast catf€eHmkever, 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 otb@mmon cancers, such as prostate and lung
cancers, for which comprehensive epigenetic, gene expression, ansdalgeublicly available GWAS
data have been availabl e. l'téds al so unclear wheth

othertype of genetic prediction (i.e., alternative splicing).

In this chapter, we proposed an approach by integrating prior knowledge of susceptible TF (STF)
-occupied cigegulatory elements (STFCRES) with TWAS (sT®WAS) in an effort to improve
susceptiblgene discovery. We conducted comprehensive analyses with both simulation and real data and
demonstrated that sSTRNVAS outperformed the existing TWAS approaches (i-gresliXcan, Fusion,
EpiXcan) in detection of cancer risk genes. Although TWAS appredtdne 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 conducfE@#B-to analyze both
gene expression amdternative splicing with data generated from multiple normal tissues from the
GenotypeTissue Expression (GTEX) and largeale GWAS data for cancers of breast (N = 247,173),
prostate (N = 140,306), and lung (N=85,716) to search for susceptibility gahkxchof these common
cancersAppendix 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 STFCRESs based on our recently ettatlanalytical framework for breast cantér
(Figures 2.1A, 2.1B. We first regressed Clsiquared 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 canceelated cells (1 for a variant located in a TF binding site, O

otherwise) using generalized mixed modé&tsWe then prioritized putative regulatory variants located in
STFCREs based on the ranks of the significa¢leregression coefficients for the variargg(re

2.1B; Appendix Table A2.2; Method$. 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 datéethods) 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 setnofomly selected variantsigure 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'®’) using allcis-variants or randomly selected variants of the comparable nuieéndds).

We first verified that the typeerror of STFTWAS protocol was under control under the null hypothesis
(Appendix Figure B2.1). We then tested the following two scenarios: edityswhere genotypes cause a
phenotype via the intermediary of gene expression and pleiotropy where genotypes cause a phenotype and
expression independentliléthods). In both scenarios, we observed that-gWAS is superior to

regular TWAS using all cisariants or randomly selected variants. The statistical power eT$VAS

increased proportionally to the heritability of both gene expression and phenotype traits, and decreased
with increased numbers of causal variakigires 2.1D, 2.1E; Appendix Figues B2.2, B2.3 which is

consistent with our previous theoretical characterizatidrighese results provide strong evidence that

our STFTWAS 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 FramewaArkAn illustration of a regulatory variant
in strong LD with a GWASdentified variant that disrupts DNA bindj affinities of FOXAL, and

consequently, alters expression of susceptibility genes. Our previous

work established transcription

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

squared values (i.e., to amure 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 wekedarased 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, acrosg gariant 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 indioatthe yaxis. 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 SIWAS with existing TWAS approaches using
summary statistics data for breast, prostate and lung caihettsods). We showed that our approach
detected more genes thanghdrom existing TWAS approaches (i.eP&diXcan, EpiXcan and Fusion)
under multipleP-value cutoffs; the number of predicted genes (with a cutoffof ®01) for each set
(i.e., the top 50K, 100K, 200K, 500K variants) was comparable or slightly less than those from existing
approachesHigure 2.2A; Appendix Figure B2.4. In analysis for breast cancer using the four sets of
selected regulatory variantse identified 62 (for 50K variants), 66 (for 100K variants), 63 (for 200K
variants) and 66 (for 500K variants) putative susceptibility genes usin@WHS, at a Bonferroni
correctedP < 0.05, which were more than those identified biyr8diXcan (52 gengsEpiXcan (41
genes) and Fusion (39 gendsiglre 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 approachegigure 2.2B). Of nde, we observed a high proportion of overlap among the
identified genes using the four selected sets of variants, suggesting the robustnesBVBAST® the
selection of regulatory variants with different prioritization criteFiggre 2.2B). For the devnstream
analyses, we only focused on genes identified fromBMAS using the set with 50K variants of the

highest prioritization.

We next performed functional annotation for the genes identified byTSTAS and other
approaches with known canemlatedgenes Methods). In the analyses for breast cancer, we found that
more (n=26 for STHWAS [50K] vs. n=14 for SPrediXcan, n=10 for EpiXcan, and n=14,for Fusion)
and a higher proportion (61.9% for sTRVAS [50K] vs. 41.2% for SPrediXcan, 45.5% for EpiXcan
and 53.8% for Fusion) of breast canoelated genes were detected by our approach than those identified

by SPrediXcan, EpiXcan, and Fusion, respectivégthods; Figures 2.2C, 2.2p In the analyses for
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prostate and lung cancer, we also found thatgédentified by sSTHWAS had an overall comparable or

higher proportion being cancer related than other three appro&ihees 2.2C, 2.2D.

We compared genes that were identified by-3T¥AS and other TWAS approaches for breast,

lung, and prostate caers. We found that half of genes (31 genes) identified byT&VAS were missed

by other approacheg&igure 2.3A) for breast cancer. Similarly, high proportions of genes identified by

sTRTWAS were missed by other approaches for prostate and lung carigere 2.3A). These results

suggest that sSFFWAS 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 getrait associations between TWAS conducted in sets of variants selected

from TFsoccupied elements with other TWAS approacheBr@&liXcan, EpiXcan and Fusion) for

breast, prostate and lusgncerA. Bar chart showing the number of genes identified from TWAS

conducted for each set of variants of interest and other TWAS approaches under vasioesdatoffs

(i.e., P < 1605, 1e06, 1e07, and 1€08). The Pvalues are the raw-¥Palues fronthe 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 Bonfaroordcted P < 0.05. The number of

overlapping genes identified from TWAS betmetwo 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 Hdgk@fied genes from each setinferest

and other TWAS approaches. D. Bar chart showing a comparison of the proportion (success rate) of target
cancer related gene among TW4Eentified genes from each set of interest and other TWAS approaches,

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

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

We further analyzed alternative splicing using SIWAS (spsTFTWAS) for breast, lung and
prostate cancers with the set of 50K regulatory varidnethods). We compared our findings from both
STFTWAS and sgsTRTWAS with those reported from previous TWAS, eQTL, orfinapping studies

for breast!18% 74 185.186,189 nrostatd 75821%%nd lung cancefd!®!

For breast cancer, weentified 62 and 85 putative susceptibility genes from-$WAS and sp
sTRTWAS respectivelyFigure 2.3B). Combing the results from both analyses, we identified a total of
139 putative breast cancer susceptibility genes, including 17 genes at 15umiglyeunreported by
GWAS (more than 1Mb away from any previous GW#igntified risk variants for breast cangand 86
at GWAS loci but previously unreporteBligures 2.4A, 2.4B; Table 2.1; Appendix Tables A2.3, A2.4

For prostate cancer, we identifiéd and 96 putative susceptibility genes from-9WAS and
spsTRTWAS respectivelyAppendix 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 unreportemjgres 2.4A, 2.4B; Table 2.2; V, A%

For lung cancer, we identified 33 and 40 putative susceptibility genes frof\WHRS and sp
STRTWAS respectivelyAppendix Figure B2.6. Combing the results frotmth 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 unreportBij(res 2.4A, 2.4B; Table 2.3; Appendix Tables A2.3,

A2.4).
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Figure 2.3. Comparisdoetween genes identified from sTRWVAS 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

24



associations identified from sTFWAS (50K) and sgsTFTWAS (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 Bonferommreded P < 0.05. The-Ralues are the raw-P

values from the Z score test from TWAS (tsided).

Table 2.1. sSTHWAS and spsTFTWAS in breast cancer identified total 17 putative susceptibility genes

| ocated at genomic r egi 0n s-idemtifiedbreastsancerlriskMdriant(geaey f r o

expression prediction performance

at

R2 > 0.01)

Distance to the

Locus Gene P-value? R2b Closet risk SNP closet risk SNP
(Mb)
Associations identified from sFFWAS (50K)
14932.11 NRDE2 1.46x10 0.02 rs941764 1.04
2935 PECR 5.48x1® 0.16 rs4442975 0.97
16g22.2 PHLPP2 1.50x10" 0.19 rs13329835 >5
10926.13 DMBT1 1.76x1F  0.18 rs45631563 0.97
20013.33 RGS19 2.36x1¢  0.07 rs13039563 >5
9g21.12 RP131109D9.4 5.78x1¢  0.16 rs4742903 >5
Novel associations identified from-sg FTWAS (50K)
5q11.2 SLC38A9 2.02x10'® 0.05 rs62355902 0.98
12p11.23 TM7SF3 8.06x10% 0.02 rs7297051 1.01
4pl16.3 PIGG 2.16x10 0.06 rs495367 1.45
16022.2 ZNF19 5.87x10 0.09 rs13329835 >5
1922 SLC25A44 7.26x10 0.29 rs4971059 1.02
1922 BGLAP 9.30x10' 0.02 rs4971059 1.07
6p22.2 CARMIL1 1.38x1¢° 0.06 rs71557345 1.06
3p21.31 MST1 1.46x1C° 0.36 rs6796502 2.86
14924.3  VASH1 1.46x1C° 0.02 rs999737 >5
12924.31 RILPL1 1.47x10° 0.14 rs2464195 2.47
5q14.1 MSH3 1.58x1¢° 0.04 rs7707921 1.37

P-value derived from 50K, associations with ®. 6 1'°dre cdnSidered statistically significant on the
basis of Bonferroni correction of559 tests (0.05/ 7,559) for TRNAS, and associations with
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P D. 0 9'%dre cdnSidered statistically significant e basis of Bonferroni correction of 23,905 tests
(0.05/ 23,905). The-values are the raR-values from the Z score test from TWAS®/0-sided).

R2 prediction performance @Rof gene expression predicted by-genetic variants. The predictive

model wth the most significant association was presented.

Closest risk SNP: identified by previous GWAS or fiapping studi¢€®. The risk SNP closest to the
gene is listed.

Table 2.2. sSTHWAS and spsTFTWAS in prostate cancer identified 12 putative susceptibility genes
l ocated at genomi c r egi o0n s-identffiedlprestate tancer ridkbariemway fr o
(gene@ pression prediction performance at R2 > 0.01)

Distance to the closet
risk SNP (Mb)

Locus Gene P-value? R2b Closet risk SNP

Associations identified from sTFWAS

6p21.33 LY6GS5B 6.04x10° 0.36 rs9275160 1.01
21922.3 AGPAT3 6.85x10 0.06 rs9978557 2.35
21921.3 AP000223.42 8.11x10’ 0.10 rs11701433 >5
2gq37.1 EFHD1 2.37x10° 0.21 rs74001374 4.82
17921.33 LRRC59 2.90x1¢®  0.08 rs565189650 1.05
18p11.31 LINCO00526 3.34x10° 0.17 rs8089411 >5
Associations identified frormpsTFTWAS

2¢31.1 DCAF17 1.34x10° 0.04 rs77167534 0.97
11913.4  GDPD5 1.33x1¢ 0.05 rs1483103293 1.03
17925.3 ARL16 1.59x1C 0.59 rs148351530 >5
12914.2 DPY19L2 1.73x1C° 0.03 rs7968403 0.95
6p21.33  BAG6 1.89x10° 0.09 rs9275160 1.03
4pl4 KLF3-AS1 7.00x10’ 0.18 rs17804499 >5

P-value derived from 50K, associations with ©. 5 0'° dre cdnSidered statistically significant on the
basis of Bonferroni correction of 11,109 tests (0.05/ 11,109) fefWRS, and associations with

P O. 6 6'°dre cdnfidered statistically significant on the basis of Bonferroni correction of 30,211 tests
(0.05/ 30,211). The-values are the raR-values from the Z score test from TWAS (taided).
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R prediction performance @Rof gene expression predicted by-genetic variants. The predictive
model with the most significant association was presented.

Closest risk SNP: identified by previous GWAS or fmapping studieg€? The risk SNP closest to the

gene is listed.

Table 2.3sTRFTWAS and spsTFTWAS in lung cancer identified 16 putative susceptibility genes
|l ocated at genomic | oci addentfieélang tancér ridd bariaatgene f r om a

expression prediction performance at R2 > 0.01)

Distance to the

Locus Gene P-value? R2b Closet risk SNP closet risk SNP
(Mb)
Associations identified from sSTFWAS
5023.3 HINT1 1.56x10°* 0.07 rs150464151 >5
6p22.1 HLA-G 5.39x10% 0.22 rs4324798 1.02
6p22.2 RP1-221C16.8 9.58x10° 0.02 rs4324798 2.64
6p22.1 ZNRD1 3.93x10° 0.16 rs4324798 1.25
6p22.1 TRIM31 6.51x1¢° 0.17 rs4324798 1.29
6p22.1 HCP5B 3.68x10’ 0.68 rs4324798 1.06
6p22.2 BTN3A3 1.23x10¢° 0.16 rs4324798 2.35
Associations identified from spTFTWAS
15q15.2 TMEMG62 3.49x10' 0.07 rs66759488 4.10
6p22.1 HLA-A 1.55x10' 0.89 rs4324798 1.13
6p22.1 PPP1R11 9.01x10% 0.02 rs4324798 1.26
6p22.2 BTN2A1 4.91x10% 0.01 rs4324798 2.33
3p21.31 FYCO1 3.67x1@ 0.36 rs141178913 >5
6p22.1 TRIM26 5.32x1¢ 0.13 rs3094604 1.25
6p22.2 BTN3Al 2.87x1¢° 0.04 rs4324798 2.39
4921.23 FAM175A 1.15x1¢° 0.04 rs144058808 >5
2033.1 CASPS8 1.29x1¢° 0.04 rs182939337 >5

Pval ue: derived from 50 K/%aracossioared statistiaally significartt dtnthe O 4 .
basis of Bonferroni correction of 11,711 tests (0.05/11,711) fef WS, and associations with
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P O 1 °%ar@ cohsideredl statistically significant on the basis of Bonferroni correction of 31,399 tests
(0.05/ 31,399). The-values are the raR-values from the Z score test from TWAS (taided).

R2 prediction performance @Rof gene expression predicted by-genetic variants. The predictive

model with the most significant association wassented.

Closest risk SNP: identified by previous GWAS stutfigd* The risk SNP closest to the gene is listed.

Functional evidence for identified putative cancer susceptibility genes

We examined whether our identified putative cancer susceptipditegs had been reported as
predisposition gené¥1° cancer drivers®” 1% or Cancer Gene Census (CGC) géefit@vethods). We
conducted the functional enrichment analysis for our identified genes based on a statistical test under the
hypergeometricidtribution We showed that the identified genes were significantly enriched as known
cancesrelated genes witR = 9.4 x 10" for breast canceP, = 8.2 x 1 for prostate cancer arl= 6.2
x 10 for lung cancer (Methods). For breast cancer, we foungested breast cancer predisposition
gene(RAD5S0, five cancer driver genelGHMBP2, ATXN3, KANSL1, IL6&hdMSH3 and five CGC
(PPFIBPY IL6ST, SS18, TRIP11 and TF&enesamong the previously unreportgdnesand four
cancer driver gene€ASP8, AKAP9, ESRINdMEF2B) and four CGC gendCASP8, MUC1, AKAP9
and ESR1among the previously reportgegnes Figure 2.40). For prostate cancer, we found four cancer
driver genelGHMBP2 STK19 TEAD3andARL16§ and four CGC geneFRRAP, CARS, HOXA#fhd
POUS5F1) among the previously unreportgdnesand two cancer driver genSCNDlandZFP36L2
andthreeCGC genesTMPRSS2, SUFU and CCNpdmong the previously reportgénes Figure
2.40). For lung cancer, we found three cancer driver gedbes{A, CASP8 and LEMD2nd two CGC
genes FLA-A and CASPBamong the unreportegenesand one cancer driver gertéL(A-B) and one
CGC genekGFR10B among the previously reportgénes [figure 2.4C).

We also explored the functional roles of the identifiathtive susceptibility genes using
CRISPRCas9 screen silencing data to investigate gene essentiality on cell proliferation in breast (n = 45),
prostate (n = 8), and lung (n = 130) cancer relevant cell IMethpds). Using a cutoff of median
CERESScar < 10.5 in the above c e P%thegéneddenwmstrated t he
essential roles in cell proliferation were ten previously unreported putative susceptibility g8fes (
NRDE2, BET1, UBQLN4, KANSL1, MST1, MRPL21, MSTO1, FAMaa&NASH and one previously
reported genesSUGP) for breast cancer risleigure 2.4D); five unreported putative susceptibility
genesRPP21, CHMP7, TRRAP, CIAPINthdDPY19L 3 and six previously reported gen®&JL10,
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WTAP, BRI3, USP39, SNRRGACCNDL) for prostate cancer riskigure 2.4E); and six unreported
putative susceptibility geneBEFDN6, MRPL36, PPP1R11, LST1, DDX3&BIEXOC3 and one
previously reported gen®EMAJ (Figure 2.4F for lung cancer risk.
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Figure 2.4. Putativeusceptibility genes identified I§f F-TWAS and spsTRFTWAS. A. Venn diagrams
showed the number of putative susceptibility genes coynworuniquely identified by sSTHWAS and
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spsTRTWAS. B. Bar chart showed total identified putative susceptibility genes combined from sTF
TWAS and spsTFTWAS for breast, prostate and lung cancer. C. Cancer driven genes or Cancer Gene
Census CGC) weredlighted for putative susceptibility genes identified in our study (yes denoted by
"+", otherwise denoted by™ ; A*0 referring to a predisposition g
driven genes, and right grey box denoted CGC gené&s.Bdxplot showig effects of putative

susceptibility genes on cell proliferation using experimental data from DepMap 21Q4 Public (left and
right panel for sSTHTWAS and spsTRTWAS, respectively). Gray dashed box denoted putative
susceptibility genes that showed evidentessential roles in cell proliferation based on a cutoff of

median CERES values-8.5 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 boxpletsishibese figures,

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

median.

The generalizability of the sSTFTWAS on non-cancer diseases

To evaluate the generalizability of our sT®WAS framework, we conducted additional analysis
for brain disorders including schizophrenia (SC2Z)
disorder (ASD). We first used generalized mixed models to estimate an association between the Chi
squared values (Yreported from the GWAS and TF binding status of genetic variant&gesion (1)
in theMethods). We identified 7 significant TFs for SCZ, 10 TFs for AD and 8 TFs for ASD,
respectively. Similar to our SFTFWAS analysis in cancers, we used the top 50&rpized putative
regulatory variants to predict gene expression for each disease based on data generated in brain cortex
tissues from 205 individuals from the GTBWdthods). We applied the prediction models into GWAS
data for each of the three disease&lentify putative susceptibility genes. For comparison, we also
conducted SrediXcan using all cigariants for each of the diseases. We found thatBWVRAS
identified more putative susceptibility genes thaRr&diXcan for each diseaskppendix Figure B2.7;
Appendix Table A2.5. Using SCZ as an example, we identified 20 putative susceptibility genes from
STRTWAS (50K) at a BonferroncorrectedP < 0.05, while only three genes were identified by S
PrediXcan Appendix Figure B2.7; Appendix Table A2.5. These results suggest that our SMFAS

approach can be applied to improve susceptibility gene discovery icamoer diseases.

2.3 Methods

Data resources
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The individuallevel genotype dataset was downloaded from GTEXx (v8), which was quality
controlled using PLINR®. 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 susceptibilijofa 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 descendantere released from the Prostate Carociation
Groupto InvestigateCancerAssociated Alterations in the Genome (PRACTICAE) The GWAS data
for lung cancer were downloaded from the websites of the Transdisciplinary Research of Cancer in Lung
of thelnternational Lung Cancer Consortium (TRKILCCO) and the Lung Cancer Cohort Consortium
(LC3) totaling 29,266 cases and 56,450 controls from European descétidapfsendix Table A2.1).
The GWAS summary statistics for schizophrenia (SCzZ, N= 70,1000, &lz mer 6 s di sease ( AD
N=22,246), and autism spectrum disorder (ASD, N= 10,263) were downloaded from the Psychiatric

Genomics Consortium website (PGC).

We characterized ChiBeq data of TFs generated in prostate, lung and brain estated cell
lines from the Cistrome database. After evaluating their quality control (QC) based on the guidance from
the Cistrome database, we collected TF &dg datasets with high qualities for our downstream
analyses. Detailed Chiseq data for breast cancer have beegrileed in our previous work for breast
cancer®, The processed TF ChHeq 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 sequewGi8y{nd RNA
sequencing (RNAeq) 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=2iddividuals (both sexes) in our study. The fully processed,
filtered and normalized gene expression data matrices (in BED format) was downloaded from GTEXx
portal (ttps://gtexportal.org/home/datagefBhe 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/cbin/study.cgi?study id=phs000424.v8 pPhe sample

attributes were obtained from the file
phs000424.v8.pht002743.v8.p2.c1.GTEXx_Sample_Attributes.GRU.txt and the subject pheootsmes
and age information were obtained from the file
phs000424.v8.pht002742.v8.p2.c1.GTEX_Subject_Phenotypes.GRU.ixt. The covariates used in eQTL

analysis, including genotyping principal components (PCs), were obtained from
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GTEx_Analysis_v8 eQTL_covatigs.tar.gz, and the covariates for sQTL analysis were obtained from
GTEx_Analysis_v8 sQTL_covariates.tar.gz, which were downloaded from the GTEXx portal
(https://gtexportal.org/home/datagets

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 (R§EAvwWwW.gsea

msigdb.org/gsealindex.jspWe also downloaded lists of predisposition genes #6416 cancer driven
genes from two previous literatur€$'%and Cancer Gene Census (C&&yom 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 downl oaded two comprehensive dat
ACRI SP®ne _effect. csvo f hittps/ddpemgpbrg/gortadPubl i ¢ 21 Q4 (

Genotype and gene expression data processing

The genotype dataset for the GTEX was quality controlleshuBLINK2%2 Multiple QC steps
were applied by excluding variants with missingness rate > 10%, minor allele frequency (MAF) < 1%, or
large deviations from Hardweinberg equilibrium aP for HWE test < 16. For the normalized gene
expression data, we ffermed a probabilistic estimation of expression residuals (PEER,
https://github.com/PMBio/peer/wiki/Tutoriphnalysis to adjust for potential confounding factrsve
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 fac{@F)-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 vgipendix Table A2.2. The associations of cancer risk with
genetic variations of (TFPPNA bindings by a single TF or paired TFs were estimated using generalized
mixed models based on our recent Wtkn brief, we generated a data matrix for all genetic variants
from the GWAS summary statistics and the annotdtiom all available TFDNA binding regions. We
used Chisquared 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 Chisquared valuesr] and TF binding status of genetic variants located in binding sites of each TF
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given LD blocks of genetic variants to handle the dependence between genetic vagants 1A,
Equation (1)).

® I 1Yo o - €\

Specifically, is the Chisquared value for theth variant in the-th LD block;bis the fixed
intercept, andd, is the fixed slope, which measure the mean difference of th&@irdred value/(.[)
between TF statu8Y Ois thej-th TF value (i.e., 1 for a variant located in a TF binding site, O otherwise)
in thei-th LD block;® is the random interceptiféhei-th LD block; andR is the error term. Based on
this statistical model, we identified eisgulatory elements occupied by TFs whose genetic variations of
TF-DNA bindings are associated with target cancer risk at Bonfecamnected® < 0.05. We
additionally used generalized mixed models to estimate the association¥ @albes of variants with
the TRpair occupancy if they showed a significant interacti®aguation (2)). Of note, we used genetics
variants noroccupied by any of #investigated TFs as the referenced control group for all the analyses
in Equations (1) and (2)

& 1 TYR TYO 1YR YO @ - (2

To prioritize putative regulatory variants located in STFCRES, we conducted a series of
systematic evaluations and ranked the begdficients for TFpair occupancy derived from the in
Equation (2) and for the single TF from the in theEquation (1). Based on the ranked informatiomng
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 geneexpression prediction models for the setstdiiest using genetic variants and
normalized gene expression data generated in different tissue samples from GTEX. For each variant set,
we trained the gerexpression prediction model using an elagtit regularization. We only included the
TF-occupiedvariants 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). Prediatimdel performance was assessed using the

variance explained @Rvia al0-fold crossvalidation.

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'®’. The statistical method described in Equatiortt{@) was also described elsewHéfé was
used for association analyses.

& B o —— 3)

In Equation (3), the Zcore was used to estimate the association between predicted gene

expression and cancer risk. Hebe, is the weight of genetic variaafor predicting the expression of

geneQl andOA are the GWASeported regressiocoefficients, and its standard error for varignt
and, and, are the estimated variances of variaand the predicted expression of géfeespectively.

Transcriptome-wide association analysis using FUSION and EpiXcan

TWAS was performedsing FUSION® and EpiXcaf™ 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-8i{ifession weights represent the coriefet
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 falfiverossvalidation for each
of the desired models to determine which model is the best. For a given gerex@bi3ion weights in
the cislocus were computed using the best prediction model. The TWAS calcutatamtes were used
to assess the assdai@ between gene and cancers and the absolute valuesda@ereflects the

association strength between implicated genes and cancers.

EpiXcan*4improves the accuracy of transcriptomic imputation through the incorporation of
epigenetic information fathe purpose of prioritizing the effect of SNPs on gene expression. To carry out
the EpiXcan protocaol, first, we calculated SNP priors by using the specified hierarchical Bayesian model
(qtiBHM)2*® which jointly leverages REMC (Roadmap Epigenomics Mapflagsortium3®’ 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 elastiet (WENet). The source codes of EpiXcan and qtIBHM were obtained from
https://bitbucket.org/roussoslab/epixaamd https://github.com/rajanil/gtiIBHMespectively.
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Simulation analysis

To demonstrate the power gain with use of priori knowledge of functional relevance, we
conducted a simutimn study by assuming the functional weights of genetic variants are accessible
through the sSTHWAS protocol. The individualevel genotype data provided by GTEX is used as the
reference dataset to simulate the gene expressions assuming the fundtieaat 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-tygreor of our STFTWAS. We first
randomly generated phenotype values (@)andependently 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 distribuBleralfes from the
simulations for type | error rate by evaluating the quaifilantile (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 iemariants and their TF binding status.
Specifically, we randomly assigned 50K-6Fc c upi ed variants to a valwue A1l
to a value A0O0 (i .e., 1 for a variant | ocated in
linea mixed models to estimate an association between thedqDhred values (Y) and TF binding status
of genetic variants (sdgquation (1) in theMethods). We prioritized a set of variants based on the
association for a gPvCh Weérededed the abdve statistical analysisi s k a't
(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 exyession
further conducted TWAS analysis based on the well predicted gene expression mod€lH(R and
GWAS summary statistics. We visualized the distributioR-walues from TWAS analysis using both
QQ plots Appendix Figure B2.1.B and their frequencglistributions Appendix Figure B2.1.Q.

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 expssion, 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 addititectuod, phenotypes and

gene expressions are simulated by the sum of genetic effects:

Qo I @
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Where®is the genotype matrix from either the GTEx or 1000 Genomes Prdjedto o, éc }. The
effect sizé is drawn from the standard normal distributh0,1), which will be used in the
downstream TWAS analysis.

The formula for simulating gene expression:
o Qw -
a Qo -
Whered is the gene expression simulated using genotype tilenlGTEx(® , anda  is the gene
expression simulated using genotype from the 1000 Genomes Pébjelit lere the supendex (1)

indicates that the data is from the expression dataset, GTEX, whereas thad®yp€2) indicates the

data is fronthe GWAS dataset, which is the 1000 Genomes Project in this simulation.
The formula for simulating phenotype under the causality scenario:
©  Qa R -
Wherew is the phenotype simulated wi function, wheréQ & R =& +-.
The formula for simulating phenotype under the pleiotropy scenario:
W Q® -

Wherew is the phenotype simulated wilfunction, wheréQ &  employs the same format to

"Q |, except that the variance componentiscaled 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 componeiat t@attribute
genotype, or heritability, equals a preselected Vislue That i s, given the varianc
genetic component gs , we solved, to satisfy that, ¥, +, "Q. We then sampled from the
normal distributiond T8,  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 powrrtalcula

To simulate the effect of putative regulatory variants, we first randomly selected 200 variants
from the local gene regions (M of the gene locations) as potential predictors. We then randomly

selected a certain number of variants (i.e., 1042060, 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 gesieregpre
phenotypic heritability.

To illustrate the improvement of statistical power of SMVAS which incorporates prior
knowledge of the potential regulatory elements with simulation we compared the statistical power of sTF
TWAS with two other TWAS argses: 1) using all cigenetic variants (+LM of the gene body); 2)
using only randomly selected variants from alt@énetic variants (+1M of the gene body) with the

same number as the prioritized regulatory variants used HTBIAS.

For all modelsthe 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 (repbgsthietd 000 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.
identify the genes in each dataset, where succesdefiasd as a BonferromiorrectedP-value that is
lower than a predetermined critical value (0.05).

Annotation of our identified genes using cancerelated gene database

To search the evidence whether the TWédéntified genes are related to cancer susduiéty,
we extracted cancer related gene sets from the MGB database. Putative cancer related genes were
characterized based on their annotation with the
cancer 6. We <cal cul atge(succesh rate) ofyputative cancarretategpgenestiean t a

overlapped with those extracted from the MGB database among the identified genes in this study.

Previous TWAS or eQTL studies for breast carié&r818 prostate cancef ’>#21%and lung
cancer’>®reported genes related with these cancers. Genetic variants related with risk of breast cancer
185,189 prostate cancéf?and lung cance®®**were reported in previous GWAS. We also examined the
overlapping between the genes identifiethis study with predisposition genes, cancer driver genes and

CGGCbased gene sets.

We conducted enrichment analysis using the hypergeometric test. The probability mass function

of the hypergeometric distribution is:
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Where m is the total number of genes in all canadated gene databases, which includes all

predisposition genes, cancer drivers and CGC genes; n is the number of genes that are not included in the
cancerrelated gene databases (nEl, N= 19, 291 proteicoding genes based on the annotation from

the Gencode.v26.GRCh38); k is the number of significant genes frofMWHS (the dataset using 50K

putative variants) and g is the number of significant genes frorTSTAS being validated in all cancer

related genélatabases.

We calcul ated the distribution fRvalogis on using
calculated as phyper (q, m, n, k, lower.tail = FALSE). IfRhe al ue i s < 0.05, itods co

significant enrichment.

Effect of gene silencingn cell proliferation using data from CRISPR-Cas9 essentiality screens in

cancer relevant cells

Genedependency levels from CRISRRas9 essentiality screens for a total 17,386 genes using a
computational method, CERES, were downloaded fronDeyMap portal,
https://depmap.org/portal/downlod/ CRISPRCas9 has enabled genoseale identification of genes
that are important for the proliferation and survival of cancer cells, which have been widely used for
genetic studi€g2%0.201 For eaclyene, 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 essentidht®

TF-transcriptional network regulating breast cancer susceptibility genes

We investigated the FENA bindings for the susceptibility genes identified from SINWAS
and spsTRTWAS based on genetic variants included in the gene expression ipredicdel using the
50K regulatory variants. For each identified gene, y&iie 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 THanscriptonal 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.ok&ortia/bcag] 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 fhenTRICL-ILCCO website
(https:/lilcco.iarc.frf. The summary statistics of GWAS for brain disorders, inclu&@g, AD, and

ASD, weredownloaded from the website of PGI&tps://pgc.unc.edl/ChlRseq data in breast cancer

cell lines were collected from the ENCODE (https://www.encodeproject.org/) and the Cistrome database

(http://cistrome.org/ ChlRseq data in prostate, lung cancers and brain disorders related cell lines were

downloaded from the Cistrome databdsttp(/cistrome.orgl. Gene expression and alternative splicing

data generated in breast, prostate, lung and brain tissues, along indeiweligenotype were

downloaded from GTEXh{tps://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//iitpg:.genome.gov/27528684/1000
genomesproject. Target cancer related genes were collected from Molecular Signatures Database,

https://www.gseansigdb.org/gsea/msigdbhd Gene Set Enrichment Analysis (GSEA),

http://www.gseamsigdb.org/gseal/index.js@GC were accessed via COSMIC website,

https://cancer.sanger.ac.uk/censtise list of predisposition genes and cancer driven genes was collected

from previous literaturg®>1%197.1% Eor data of essentiality for proliferation and survival of caceds,
we downl oaded wo comprehensive datasets including

from the DepMap portahftps://depmap.org/portql/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/theLonglLab/TRWAS or https://github.com/XinqyiGud/F-TWAS/.

2.4  Discussion

In this study, we developed the sTRVAS 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 inedestatistical power and accuracy over
other existing TWAS approaches. Under sIWAS framework, we identified 354 putative susceptibility
genes, including 189 at GWAS loci but previously unreported and 45 at loci unreported by GWAS for
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breast, prostate driung 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 multiglesue approaches (UTMOSTand SMultiXcan 2%), or variance
component (Kernel) TWA%*>or instrumentalariable analysi$*-“¢approaches.

As described in our recent wétk 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 cikeritability of genes using three sets of genetic variants (all common varentspt
prioritized 50K or 500K variants) for each cancer and observed that a high correlaticheriteisility
of the gene expression estimated based on the two sets of prioritized vagesdix Figure B2.8),
supporting our approach using the ptieed 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 beeseal$o rank prior
information of STFCRESs. 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 expressionMAS (i.e., excluding cigjenetic variants flanking genes).

We found a high correlation (Pearsonés r > 0.8) o
analyses. The results suggest that our approach to rank STFCRESs using all genetidyvaoiamst and

could be deemed as biological fifact so Asmsch,ead of
the ranking of the STFCRESs using all genetic variants from the GWAS dataset for TWAS analysis will

not introduce meaningful bias tisk gene discovery for downstream TWAS analysis, especially that we

only used very limited putative regulatory variants for our-3V¥AS analysis (i.e., the top prioritized

50K variants located in STFCRES).

Previous studies, including our own wdfR have provided strong evidence that genetic risk
variants contribute to cancer risk via modulating the binding affinity of susceptib®*FHsIn this
study, we observed that our identified putative susceptible genes were commonly regulated by at least
three TFs in breast canggiigures 2.5A, 2.5B. From the analysis with the 50K variants, the findings
from sTRTWAS showed that most TFs were observed to regulate at least 80% of the putative
susceptibility genes, except foCF7L2 (75.8%), SRF (74.2%) aML (38.7%)(Figure 2.5A). The
findings from the sgsTRTWAS showed that most TFs were observed to regulate at least 70% of these
putative susceptibility genes, except T@F7L2 (68.2%), SRF (67.1%) and PNR6.5%)(Figure 2.5B).

To evaluatavhether gene expression prediction models built in caspecific 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 signifecead for breast, prostate and lung
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cancers based on tissspecific 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, usng 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 lungoaedst cancers, respectively. In all cases, the
number of susceptibility genes identified from cargecific tissues were significantly higher than those

from mismatch tissue®(= 1.7x10" basedononse i ded Fi sher dés exact test).

To expand the applition of traditional TWAS, we investigated genetically predicted alternative
splicing for breast, prostate, and lung cancers, which were largely unexplored. UnderTTWASF
framework, we conducted T FTWAS analyses for the three common cancers twhdar
susceptibility genes and genetic loci. Our results suggest that genetically regulated alternative splicing
significantly contribute to cancer risk. Similar to the performance of BMAS, we also observed that
spsTRTWAS improved the detection cancer susceptibility genes with increased statistical power and
accuracy over frediXcan. Specifically, we identified 85, 96 and 40 for breast, prostate, and lung cancer
respectively at a Bonferrogibrrected? < 0.05. By comparison, the correspondingniver of genes
identified by SPrediXcan is only 46, 30, and 19.

In summary, sSTHWAS, integrating the prior information of STFCREs with TWAS, improved
the detection of cancer susceptibility genes. Our study identified a large number of putative slitgceptibi
genes for breast, prostate and lung cancers and advanced the understandingsedTtFanscriptional

networks underlying genetic susceptibility to these common cancers.
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A TF-gene network from sTF-TWAS in breast cancer
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Figure 2.5Core TFtranscriptional network regulating putative susceptibility genes in breast cancer.
Network showed putative susceptibility genes identified by Ay SWAS and B) sgsTFTWAS,

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 TAV/AB~and

B) spsTRTWAS, potentially regulated by ela TF.
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Chapter 3

TF-linked trans-located variants integrated in TWAS

3.1 Introduction

Approximately 90% of genome&ide association study (GWA$Jentified risk variants are
located in noncoding or intergenic regions, which suggests that they may affect cancer risk by
dysregulating gene expressi#??L. Finemapping in genetic risk locogether with functional
experiments provide strong evidence that regulatory variants in linkage disequilibrium (LD) with-GWAS
identified risk variants disrupt DNA binding affinities of specific transcription factors (TFs) and modulate
expression of suscebpility genes’#178:179.183.209.211.2227  Thyg it is essential to identify TFs, whose DNA
bindings are altered by riskssociated genetic variations, and their controlling genes to improve the
understanding of transcriptional dysregulation in huniaeases and cance€fs’’. A pioneering study
analyzed Chromatin immunoprecipitation followed by sequencing (€&dfp data for FOXA1 and ESR1
in multiple breast cancer cell lines to investigate the binding of G\dastified risk variant$®. The
studysuggested that regulatory variants confer breast cancer risk by mediating their altered binding
affinities. Subsequent studies have analyzed gene expression, TBdghiata, and GWAIMentified
risk variants, which have revealed multiple breast canskassociated TFs such as ESR1, MYC, and
KLF4 210211 \We have recently conducted a comprehensive analysis of TFs€gl&nd GWAS summary
statistics data for breast cancer, and developed an analytical framework to identify TFs that contribute to
breast cacer risk. Our study revealed that the genetic variations of 22 TFs were significantly associated

with breast cancer risk®.

Transcriptomewide association studie$\\VAS) have successfully uncovered large numbers of
putative susceptibility genes for aans and other diseases, and many of these genes have been validated
by functional experimenf&’2 In TWAS, a reference transcriptome and hilgimsity genotyping data
from a small set of subjects, such as the Genetyggue Expression project (GTEx)eaused to build
prediction models of gene expression in normal tissues. Hovteeasccuracy of the prediction model
with cis-genetic variants could be compromised if they are located Hmetpiatory elements or if they
disrupt binding sites of nemanscribed TFs in target tissu¥g41-143142Qurrecent approach, sTFWAS
147 by integrating susceptible T¢ccupied cigegulatory elements (STFCRES) from rizgsociated TFs
significantly improve the detection of cancer susceptibility genes comiuatiee existing TWAS

approaches.
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Despite the progress made by TWAS in recent y&4rd*448 the current models for predicting
gene expression were based solely onadated genetic variants (<1Mb distance), which generally
account for only a modeproportion of disease heritabilit§’. In comparison, trarecated genetic
variants may have more impact on the disease phenotype due to their advantages in population selection
pressure and compensatory pwanscriptional buffering®22% However jncluding trandocated variants
in TWAS analysis is a challenge due to their overwhelming numbers and smaller effect sizes on gene
expression than ciecated variants, requiring larger sample sizes for detetfiofherefore, an
integrative epigenetidata approach is needed to prioritize trbotated variants that may play a

regulatory role in gene expression.

In this chapter, we introduced transT®AS, which included THinked translocated variants
for prediction model building in an effort to ingye susceptible gene discovery. We showed that
transTFTWAS outperforms other methods by significantly improving prediction models and identifying
disease genes. In particular, we conducted traiTQVRAS to analyze both gene expression and
alternative splimg with data generated from multiple normal tissues from the Gendigpae
Expression (GTEx) and larggeale 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, transiMiWAS, to build gene expression prediction models by
adding TFlinked translocated variants together with eiariants under our previous sTRWAS
framework. As illustraté using data in breast cancer, we firstly identified putative Tregslatory
variants that potentially affect expression of a TF (e.g., FOXA1) by conductieqdik analysis and
analyzing epigenetic data generated in breast caalzed cells. A saif the cisregulatory variants
regulating TF expression (namely -Cis-regulatoryvariants) was determined based on the significant
associations between TF gene expression and genetic variants, as well as regulatory evidence by these
variants through intactions with proximal promoters or distal enharmemoter regionsKigure 3.1A,
Methods).

Second, we analyzed TF Ch#eq data generated in breast camekated cells to characterize
their genomewide binding sites for susceptible TFs which have bdentified in breast cancer from our
prior work '8¢ (Figure 3.1B; Methods. We next characterized each gene potentially regulated by all

possible susceptible TFs based on the evidence of #NA-binding sites that are located in its
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flanking of transciption start sites (TSS, -20K; Fig. 1C). As TFcis-regulatoryvariants 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 ggokged 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 itsci$regulatoryvariants to predict expression of

each targegene using Group Lasso method (i.e., number of G Hifsre 3.1C; Method9!®L. The

Group Lassobds pr op e r-groyp spafsityanmnd evithigroug geiainntent bligns o eue n
intention of selecting the actual functioning TFs and then retathiig cisregulatoryvariants. The

groups survive the regularization are corresponding to those-cisTEgulatoryvariants that may affect

the expression of the gene. The final set ofcidregulatory variants was identified for downstream
seconeroundgene expression model building by combining the groups from the significant models using
standard Elastic NeF{gure 3.1C; Appendix Table A3.1; Methods).

Last, by expending our previous sTRVAS framework to build gene expression prediction
models usinghe prioritized 50K cidocated variantsHigure 3.1B), we includedl F-cis-regulatory
variants (as tran®cated variants) identified from the above analyldisre, we only focused on the set
with 50K cis-locatedvariants, as the identified genes werehhigoverlapped among analyses with
different number of variants (i.e., 50K vs 500K variants) in our prior W6 The GTEX reference
data were primarily used to build genetically predicted gene expression in four tissues, including breast,
prostatejung and brainNethods; Figure 3.10. 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 susceptibilityarghkxi Figure 3.1D).
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Figure 3.1. Overview of the Developed Analytical Framework. A. An illustraifdrow to prioritize TF

linked translocated variants for prediction model building (using FOXA1 as an example). B. Flow chart

showing prioritized TFoccupied regulatory variants (50K), which were ranked based on established TF

occupied elements assoc@imith breast cancer risk. C. An illustrationof the {8tep gene expression

prediction model building in transFTFRWAS, in contrast to the model used by sTWAS. D. The top

table showed the sample size of the data that used for training gene expresiwiopmodel. 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 R > 0.01 among transFTFWAS, sTFTWAS and simulated model. The right bar chart
showed the number of significant gemaamg transTHTWAS, sTFTWAS and simulated model. The
number of significantly identified genes was indicated at a Bonfecamected? < 0.05.

transTF-TWAS outperforms existing TWAS approaches

To evaluate the performance of transTWAS, weconducted isnulations under an extension of
our STFTWAS framework*’, sTRTWAS(R), by adding randomly selected trdosated variants of the
equal numberMethods). We firstly compared prediction performance of gene expression built from
transTFTWAS with sSTRTWAS(R) and sTFTWAS. In the analysis using data from breast tissues in
GTEX, we observed that transTTRWVAS predicted slightly more genes than sTWAS(R) at a cutoff of
R2> 0.01, while it predicted over 2,000 genes more thar®WAS (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 GTEXx were verified in traf®VAS when compared to two
alternative approache8gpendix Figure B3.1). By further applying the prediction models to GWAS
data in breast cancer, we identified 154 putative susceptibility genes using tianels; at a
Bonferronicorrected P < 0.05, which were more than those identified byTSTAS (62 genes), and
STFTWAS(R) (41 genes)Higure 3.1E).

We next substantially expanded our comparisons for tral8VAS with existing approaches
including sSTFTWAS! PUMICE8 and SPrediXcaf®, in the analysis for breast, prostate and lung
cancers. We showed that transTWAS identified more genes than sT®WAS under multipleP-value
cutoffs Figure 3.2A). As described above, we identified 154 putative susceptibility genes from transTF
TWAS, at a BonferroncorrectedP < 0.05, while fewer genes were identified by sSTWAS (n=62), S
PrediXcan (n=52), and PUMICE (n=42gpendix Figures B3.2, B3.3 We conducted similar
comparisons for prostate and lung cancers and demonstrated consistent trends of more genes identified by
transTFTWAS compared to the other three approachepéndix Figures B3.2, B3.3

We next performed functional annotation for the genes identified by traRél&S and sTF
TWAS with known target canceelated genes of interedfiéthods). We showed that more (i.e., n=68
for transTFTWAS vs. n=26 for sSTHWAS) (Figure 3.2B) and a comparable proportion (i.e., 63.1% for
transTFTWAS vs. 61.9% for sSTHWAS) of breast cancaelated genes were detected by transTF
TWAS than those identified by other approachéagure 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 approadhigaré 3.2B,0.
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Figure 3.2. Comparison of gettrait associations between transTWAS with other TWAS approaches
(STFTWAS, PUMICE, and SrediXcan) for breast, prostate and lung cankeBar chart showing the
number of genes identified from transTWAS and other TWAS approaches under variduslue

cutoffs (i.e.,P < 1e05, 1e06, 1e07, and 1€08). The Pvalues are the nominahRlues from the Z score
test from TWAS. B. Bar chart showing a comparison betwi@e total number of target cancer related
genes among transTRNVAS and other TWAS approaches. C. Bar chart showing a comparison of the
proportion (success rate) of target cancer related gene among HBWSE and other TWAS

approaches, relative to thatal number of genes identified from the set.

Genetically-driven key regulators and their associated networks underlying cancer risk

We showed that transTRWVAS detected more genes than sTWAS in breast, prostate, and
lung cancers, whereas a large nemdif significant genes were uniquely detected by trarilMAS

(Figure 3.3A). To further illustrate how these unigue genes contributed bylwaated variants, we
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examined whether these genes can be predictable by WHS. We found that most of the unig genes

in breast and prostate cancers failed to be genetically predicted HWgABE, indicating the trans

located variants significantly contributed risk gene discovery via the improved gene expression prediction
performanceKigure 3.3A).

Of the identiied genes, we next evaluated the lead ttanated 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 observedhth&tad variantare significantly enriched in the
TF-cis-regulatoryvariantsfor ESR1 (n= 74 genes), followed by TCF7L2 (n=17), and FOXA1 (n=11)
(Fi sher 6 <@0M torcall;Figuress3.8B, 3.3C; Appendix Table A3.R2 In prostate cancer, we
observed thathe lead ariantsare significantly enriched in NKX2 (n= 65 genes), followed by GATA2
(n=14) ( Fi s R«0.0d or akAppendix Table A3t2, These results highlighted these
geneticallydriven key regulators and their associated regulatory netwaksierlie cancer
susceptibility.
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Figure 3.3The gene regulatory network underlying cancer risk driven by master regulatvienm.
diagrams showing the number of putative susceptibility genes commonly or uniquely identified by
transTFTWAS and sTFTWAS. An arrow points from the uniquely identifiggines by transFTFWAS

to a bar chart showing: Set 1: genes predicted in traf$VRS, but not in STFTWAS. Set 2: genes
predicted in both transFIFWAS and sTFTWAS. B. A heatmap showing the LD structure among
putative ESR1 cisegulatory variants in breasancer. The ESR1 eiggulatory variants are trashscated
variants that present the strongest associations with cancer risk in the prediction model. C. A network
showing the connections between the putative ESRrkegidatory variants in breast cancadgutative
susceptibility genes identified by transTRWVAS that were contributed by putative ESRErggulatory

variants.

Charactering novel cancer risk genes identified by transTHWAS

To further characterize putative susceptibility genes and locfifbel under our transFFWAS
framework, we additionally analyzed alternative splicingttapsTFTWAS) for breast, prostate and
lung cancersKigure 3.4; Appendix Figure B3.4; Appendix Tables A3.3, A3)4 We comprehensively
compared our findings from botransTFTWAS and spiransTFTWAS, with those reported from
previous TWAS, eQTL, or other genetic studies for bré&§t’+ 147.185186.189 nrogtatd 5:82.147.19nd

lung cancer$:147:191

For breast cancer, we identified 154 putative susdéftibenes from transTHWAS and 243
putative susceptibility genes from-8ansTFTWAS, at a Bonferroncorrected® < 0.05. Combing the
results from both analyses, we identified 391 putative breast cancer susceptibility genes, including 219
genes at 1660vel loci fnore than 1Mb away from any previous GW#gntified risk variant for breast
cancey and 54 previously unreported, although located in GWAS Figufe 3.5A, 3.5B. For prostate
cancer, we identified 145 putative susceptibility genes frons i@t WAS and 345 putative
susceptibility genes from gpansTFTWAS. 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 howeveardated in known GWAS lo¢Figure 3.5A, 3.58. For lung cancer, we
identified 36 putative susceptibility genes from trandMWAS and 41 putative susceptibility genes from
sptransTFTWAS. Combing the results from both analyses, we identified 70 putatigeckncer
susceptibility genes, including 2 genes at one novel locus and 9 genes previously unreported however

located in GWAS lociFigure 3.5A, 3.58. 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.

A Discovery from transTF-TWAS in breast cancer (gene expression predictions based on the set of 50K)
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Figure 3.4. Putative susceptibility genes identified by trarBUWAS. A-C. Manhattan plots showing the
associations identified from transTWAS. Red dots indicated all newly identified susceptibility genes,
and the grey dashed line refers to Bonfenarected® < 0.05. The newly identified putative
susceptibility genes witR < 10'° were highlighted. Th@-values are the ra®-values from the Z score
test from TWAS (twesided). A. breast cancer. B. prostate cancer. C. lung cancer.

Functional evidence of oncogenic roles for the identified putative susceptibility genes

We net examined whether our identified putative cancer susceptibility genes had been reported
as predisposition gends!® cancer driver$®’1% or Cancer Gene Census (CGC) gefit@ethods).
We found eight cancer driver genes among previaustgported genes for breast cancer, as well as six
cancer driver genes and eight CGC among previously reported gémae (3.50. Similarly, for
prostate cancer, we found 11 cancer driver genes and eight CGC among previously unreported genes, and
eight ancer driver genes and four CGC among previously reported geégase(3.5C). For lung cancer,
we identified four cancer driver genes and three CGC among previously reportedrigunes3.50).
Functional enrichment analysis showed that our identifieg@g&vere significantly enriched in those
known cancerelated genes with P = 0.0044 for breast cancer, P = 0.0097 for prostate cancer and P =
0.012 for lung canceMethods).

We also explored the functional roles of the identified putative susceptilglitysgusing
CRISPRCas9 screen silencing data to investigate gene essentiality on cell proliferation in breast (n=45),
prostate (n=8), and lung (n=130) cancer relevant cell lideshods). Using a cutoff of median CERES
Score < 10.5 i lowirgbthe prexibus liteeatur€e’t we providédstrong evidence of
essential roles in cell proliferation for 21 previously unreported genes for breast éagesx 8.5D); 39
unreported genes for prostate canéégiire 3.5E); and two unreported genfs lung cancerKigure
3.5P.
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Figure 3.5. Putative susceptibility genes identified by trarBUWAS and spransTFTWAS. A. Venn

diagiams showing the number of putative susceptibility genes commonly or uniquely identified by
transTFTWAS and sgransTFTWAS. B. Bar chart showing the total identified putative susceptibility
genes combined from transTIVAS and sgransTFTWAS for breast, prostate and lung cancer. C.

Venn diagrams showing all newly identified genes that were cancer driven genes, Cancer Gene Census
(CGCQC), or genes with CERESX5. DF. Boxplot showing all newly identified genes with evidence of
essential roles inell proliferation based on a cutoff of median CERES valu€s5for 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 figureswhiskers denote tlange; the boxes denote

the interquartile range; the middle bars in denote the median.

TransTF-TWAS strengthens noncancer risk gene discovery

To evaluate the generalizability of transTRWAS, we conducted additional analysis fwain
di sorders including schizophrenia (SCZ), Al zhei me
(ASD). By comparison, we also conducte®@diXcan and sTHWAS for each of the diseases. We
found that transTHWAS identified more putative susceptityi genes than both sFFWAS and S
PrediXcan for AD and ASD. Using ASD as an example, we identified eight putative susceptibility genes
from transTFTWAS at a Bonferrontorrected? < 0.05, while only one and six genes was identified by
S-PrediXcan and H-TWAS, respectively. The results suggest that our trasfiSIWAS approach has
broad applicability for enhancing the discovery of disease susceptibility gigpmsndix Figure B3.5.

3.3 Methods

Data availability

We obtained thendividuatlevel genotype dataset from GTEXx (¥ which was quality
controlled using PLINR®. Summary statistics of GWAS data for breast cancer were obtained from the
Breast Cancer Association Consortium (BCAC), which has generated GWAS data, faf71@2ses 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 (PRACAL)?2%, 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 éncer Cohort Consortium (LC3¥, 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 dowrfloatd¢he
Psychiatric Genomics Consortium website (PG&gyre 3.1D).

The TFoccupied regulatory variants for breast, prostate, lung cancers, and three brain disorders
were collected based on Chéq data of transcription factors (TFs) generated irasiéserelated cell
lines from the Cistrome datab&¥eWe evaluated their quality control based on the guidance from the
database and selected hignality datasets for downstream analysis. Detailed GhtPdata for breast,

prostate, lung cancers and lordisorders were described in our previous wWorke®

We included germline whole genome sequencing (WGS) and-&8gf8encing (RNAeq) data
from GTEXx (release 8f2%°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 matrieeBED 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 fom GTEx_Analysis_v8 eQTL_covariates.tar.gz, and the covariates for sQTL analysis were
obtained from GTEXx_Analysis_v8 sQTL_covariates.tar.gz, both of which were downloaded from the
GTEX portal.

We downloaded approximately 3.6 million DNase | hypersenssites (DHSs) regions within
human genome sequerféé The enhancers regions were downloaded from EpiMap repoitomhich
contains ~2M nottissue specific enhancers regions. The CAGE peak regions were downloaded from
FANTOMS5 */, and we also includeall regions within transcription start site (TSS)2K for each gene
as promoter regions. The eQTLs were downloaded from the GTEx {¥éfaind eQTLGef. The
Enhancer to gene link information across 833-tygles were downloaded from EpiMap repasit&=.

We all used celtype specific chromatiechromatin interaction data from the 4D genomics and previous

literature?3+235

To analyze cancerelated susceptibility genes, we downloaded a list of gene sets from the
Molecular Signatures Database (M@ Gene Set Enrichment Analysis (GSEA). Additionally, we
downloaded lists of predisposition genes from previous literatth&§ cancerdriven genes from two
previous literature$*’2% and CGC?°from the COSMIC website. To investigate the effafcan
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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 detemine a set of the cisegulatory variants that potentially regulate TF expression (namely
TF-cis-regulatoryvariants), wdirst prioritized putative regulatory variants by only including TF
occupied variants that are located in DNase | hypersensitivgBHSs) 232, enhancer regioA¥ and
promoter region$®. Of them, the significant associations between a TF and itgaistic variantsvere
identifiedat a nominal pralue < 0.05hased on the eQTL analysis in both target tissues and whole blood
samples using data fro@TEXx portat®?*°and eQTLGef. Furthermore, we also analyzed epigenetic data
to searchregulating evidence by these variants through interactions with proxinmabfes or distal
enhancepromoter regions. Specifically, we examined if these variants are locatesipnomoter region
of a TF (TSS +/2K) or enhance region with an evidence of the enhancer linking to the TF based on
expressiorenhancer activity cortation across 833 cetipes from the EpiMap repositofy?, as well as
chromatinchromatin interaction data from the 4D genomics and previous litefatéte Finally, theTF-
cis-regulatoryvariants were identified based on the significant associdtiomseQTL results, and the
regulatory evidence from the variants linked to the Higyre 3.1A; Appendix Table A3.1).

Gene expression prediction model building based on trarlecated variants

We analyzed TF ChHBeq data generated in target cafedated cells to characterize their
genomewide binding sites for susceptible TFs using data from the Cistdotabasé®.. We next
characterized each gene potentially regulated by all possible susceptible TFs based on the evidence of
their TFDNA binding sites that are located in its flanking 20Kb of TSS (i.e., numhb@rTdfs; Fig. 1C).

For each TF, we assessed the performance of a prediction model that utilizedigseftlatory
variants to predict expression of each target gene using Group Lasso riéthinained a Group Lasso

to select a group ofF-cis-regulatoryvariants from each TF (i.e., 1 to G TF)
i

do vy Frjog-L<s 1 s
|
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Where the coefficient im are divided intdS groups andyp denotes the coefficients vector of variants in

theg-th group.X are all transvariantsfrom G groups.« is normalized gene expression data generated in
different tissue samples from GTEXx v8. In Group Lasso, the regulagzpss , also calledx -norm
consists of the intrgroup norsparsity viad -norm and integroup sparsity via -norm.Only significant
models were used to determine those groups dfiFFegulatoryvariants that may affect the expression
of the gene. The final set of Tdts-regulatory variants was identified for downstreamegexpression

model building by combining the groups from the significant modéesnext built gene expression
prediction models for the final sets DF-cis-regulatory variantand cis TFoccupied variants under our
sTFTWAS framework. For each gene, thene 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 nididel bui
based on the recommendation for breast, prostate and brain tissues, and 60 PEER factors for lung tissue.

Prediction model performance was assessed using’tia R 16fold crossvalidation.

Simulation study and external verification of gene expresion predictions

To evaluate prediction performance of our developed approach, we simulated scenario for each
gene thahad the equal number of artificial TF groups with wansTFTWAS. We also randomly
generated the same number of trlotsited genetivariants (> 1Mb distance) within each TF group with
our transTFTWAS. Similarly, we next used Group Lasso to select significant groups from the artificial
TF groups. The final set of trascated variants was identified for downstream gene expressidel mo
building by combining the groups from the significant modéle next built gene expression prediction
models for the final sets of and cis-6Ecupied variants under sTRNVAS framework. The models of
genetically predicted gene expression were bulir@ast 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
GTEXx (v8), and then we realculated the prediction performances in terms of variance explaifed (R
using selected variants trained from the GTEx based on an independent dataset generated in breast normal

tissues from KOME, which contain both genotype gade 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 summadistiss implemented in-S
PrediXcan'®’. The statistical method described in the following equation that was also described

elsewheré 72 was used for association analyses.

Here, Zscore was used to estimate the association between predicted gene expression and cancer risk.
Here,0 is the weight of genetic variatfor predicting the expression of geit¥ andO A  are the
GWAS-reported regression coefficienssd its standard error for variamtand, and, are the

estimated variances of variand the predicted expression of géfeespectively.

Transcriptome-wide association analysis using PUMICE

Analysis was performed using PUMIEE(Predction Using Models Informed by Chromatin
conformations and Epigenomics) with default settings. PUMICE improves the accuracy of transcriptomic
imputation through utilizing tissugpecific 3D genomic and epigenomic data to prioritize regions that
harbor cisregulatory variantsThe source codes of PUMICE were obtained from
https://github.com/ckhunsr1l/PUMICEhe precomputed models trained in breast, prostate and lung
tissuesifom GTEx v8 can be found under
https://github.com/ckhunsr1l/PUMICE/tree/master/models_ GTEx v8

Genetically-driven key regulators and their associated networksegulating breast cancer
susceptibility genes

For each of the identified putative susceptibility genes, we evaluated the lead variant that present
the strongest associations with cancer misthe prediction model. If the lead variant was a tlanated
variant, we next identified its potential regulated TF based on the previous analysisist@dulatory
variant (see the preceding section). AJéne pair was further determined basedhenabove
information of the lead traAscated variant linked to both the gene and TF. Based on the information of
TF-gene pairs, a TRanscriptional network was built using Cytoscape 3%9.To evaluate whether our

identified susceptibility genes sidigiantly enriched in a TF of interest, we conducted a comparison
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bet ween this TF and the remaining combined TFs as
in R.

Annotation of identified genes using cancerelated gene database

To verify the eidence whether the TWABIentified 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 anndttadtei cmnwietr® tamea
cancerd. We calculated the number and percentage
overlapped with those extracted from the MGB database among the identified genes in this study.
Previous TWAS or eQTL studies fbreast cancel74147:186.188 prostate cancéf>82147.1%nd lung
cancer>4"1%%reported genes related with these cancers. Genetic variants related with risk of breast
cancer®189 prostate cancéf?and lung cance®®°*were reportedh previous GWAS. We also
examined the overlapping between the genes identified in this study with predisposition genes, cancer
driver genes and CGRlased gene sets. To evaluate whether our identified genes significantly enriched in
these cancerelated gees, we conducted enrichment analysis based on the probability mass function of
the hypergeometric distribution. Similar to our previous WbrkheP-value is calculated as phyper

function implemented in R.

Effect of gene silencing on cell proliferatia using data from CRISPRCas9 essentiality screens in

cancer relevant cells

Genedependency levels from CRISREas9 essentiality screens for a total 17,386 genes using a
computational method, CERES, were downloaded from the DepMap?Bo@RISPRCas9 ha enabled
genomescale identification of genes that are important for the proliferation and survival of cancer cells,
which have been widely used for genetic stuldteg’2° For each gene, we calculated the total count and
the median of negative CERESIlues (for cell proliferation) from 45 breast relevant cells, 8 prostate
relevant cells and 130 lung relevant cells. The cutoff of CERES waldi® was used to indicate the

essentiality?®2%

The probability mass function of the hypergeometric distribution is: Whreiethe total number
of genes in all canceelated gene databases, which includes all predisposition genes, cancer drivers and
CGC genesnis the number of genes that are not included in the caielzded gene databases{N i

m, N= 19, 291 proteirtoding 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 wereatsehfrom
the TRICL-ILCCO website, and for three brain disorders (SCZ, ASD and AD) were downloaded from the
PGC, which can be accessed frAppendix Table A3.1 The epigenetic data, including ChBq data
of transcription factors, DHSs, enhancer, prom@B genomics informed regions, enhancer gene links,
and eQTLs, can be accessed frAppendix Table A3.1 Gene expression and alternative splicing data
generated in breast, prostate, lung and brain tissues, were downloaded from GTEx consortium, and the
individuaklevel 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 datthd@00 Genomes Project data
was downloaded through the website, https://www.genome.gov/27528684f&00Mesroject. The
functional annotation data, including target cancer related genes, CGC, and cancer driven genes can be
accessed fromppendix Table A3.1. For data of essentiality for proliferation and survival of cancer
cell s, we downl oaded wo comprehensive datasets in
AAchill es _gene_effect . ApmendixTable A3r). t he DepMap port al

Code Availability

The develope pipeline and main source R codes used in this work are available from Github
website:https://github.com/thel ongLab/transTRWVAS or https://github.com/XingyiGuo/transFF
TWAS/.

3.4  Discussion

In this study, we demonstrated that the new approach, traRd/mA&S, significantly improved the
detection of cancer susceptibility genes with increased statistical power and accuracy over other existing
TWAS approaches (i.e. sSTFWAS, PUMICE*8 and SPrediXcaf®). Under transTHWAS
framework, we predicted alternative splicing and gene expression and applied these models to large
GWAS datasets for breast, prostate, and lung cancers. Our analysiedeéwtd 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
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roles in cancer developmetit!®®, including 83 genes from cancer driver gef@&SCor 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.

Previaus TWAS have mainly focused on the effects ofgggetic variants on gene expression.
However, investigation into traflecated variants has been limited due to the statistical analysis burden
of their large numbersvhich may confer significant risk of/erfitting if one models them naivelyo
address this, transTPWAS is to identify TFlinked translocated variants by comprehensively
characterizing F-cis-regulatoryvariants andising Group Lasso to select a set of these variants
significantly contibute prediction models. The use@foup Lasso can be powerful in identifying a set of
TF-cis-regulatoryvariants, which may affect the expression of the TF regulated target genes. This design
conquers the lortasting problem of overfitting, allowing theclusion of comprehensive information.

Our analysis identified many Hihked translocated 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
expressn 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 g&épper(dix Figure B3.1). Of note, in our prior
study of STFTWAS, it is demonstrated that the approach improves statistical power compared to existing
approaches and the Typ&rror is well under control despite the TF data have been utilized in both
GWAS summary statistics geration and variants prioritizatidfY. By conducting simulations and real
data analysis, we further showed that tran§VWFAS predicted a higher proportion of verifiable genes
and detected more significant genes with higher accuracy compared 104, indicating the strong
validity of our methodAppendix Figure B3.1).

Much efforts?°®211 including our work®, have established susceptifiles, whoseéDNA binding
sites altered by risk genetic variants that regulate cancer susceptibility geneseHawemains
unclearly how susceptibilitf F-based transcriptional networks underlying genetic susceptibility to
common cancers. In this study, transTWAS can strengthen suscepitibility gene discovery through
integrating the prior information afF-cis-regulatoryvariantsaltered regulators and theiownstream
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 gutteptible
genes that were identified appear to be commonly regulated by FOXA1 and ESR1 through the upstream
geneticallydriven 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, NKX34+244
and GATAZ42%for prostate canceAppendix Table A3.2). Unfortunately, we did not observe
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significant TFs in lung cancer, likely due to the less genetic effects of the TF on downstyektede
genes$*’.

Using the transTHWAS framework, we also conducted-spnsTFTWAS for breast, prostate,
and lung cancers. In line with previous wdrkour results also suggested that genetically regulated
alternative splicing significantly contribeito cancer risk. We demonstrated thatrapsTFTWAS
improved the detection of cancer susceptibility genes with increased statistical power and accuracy over
S-PrediXcan and sTHRWAS (Appendix Figure B3.4).

In conclusion, we demonstrated that our trda$WAS, by integrating THinked translocated
variants with TWAS, significantly improved disease susceptibility gene discovery and advanced our
understanding of complex human diseases, including cancers. Our study also highlighted several
geneticallydriven 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 genotyplenotype association studies, transcriptovite
association study (TWAS) represents a successful example in utiizitigs data in gene mappiftf°
A typical TWAS tool is implemented as a twstep protocol: Fitts for a gene, one can form an expression

prediction model using (usually cis) genotype: + 8 - in a reference dataset [e.g., GTEX].
The predicted expressiof}iis called Genetically Regulated eXpression, or GReX, for this gene. Next, in

the second step, in the main dataset forgerened e associ ati on study, or GWA
expressions), one can predict expression using the gent@iper 8 , and then use the

predicted expressiofio conduct association mappicy U The out come wil | be whe
genetic variants are (aggregately) associated with the phenot¥és procedure can be carried out for

all genes with good heritability -wWiedgo. BPWAS ,t & dle:

have been widely used in integrating transcriptomes with legacy GWAS data and has led to the discovery

of novel genes in many diseage®’3147.168

Despite its success in using legacy GWAS data, TWAS protocols do not utilize rare genetic
variants. Theeason 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 filtt2%2, especially since the availability of the hitiiroughput instruments
popularizing wholeexome or wholeggenome sequencing. Rare variants account for much of the human
mutational catalog’, and their importance in gene mapping is justified by the rdédhat disease
causal variants could be under negative selection therefore being rare in the poffifatidtowever,
due to the sparsity of the rare variants (i.e., not sufficiently shared across individuals), there is little

promise in using them twonduct predictions. As such, no efforts using rare variants for TWAS because

expressions are not fApredictabledo using rare var.i

Our recent works showed that the interpretatio

essence of TWAS, if nahisleading?®?2% ¢ 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®. Additionally, TWAS could be underpowered comparing with GWA®mvthe expression

heritability is low’®. Both results question the interpretation of the prediction of expression in TWAS. As
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such, we proposed to interpret the fApredictiono s
expression. From the perspeetof Machine Learning, the first step in TWAS is exactly feature selection

and the second being feature aggregafiowith this interpretation in mind, one may cancel GReX and

instead conduct feature selection and aggregation independently usingavhat#vods fit best. Indeed,

novel methods splitting these two steps developed By?fiand others® showed higher power than

standard TWAS.

Our above insight opens a door to developing tools covering broader ranges of data, for instance
rare variantsn 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:ufailii, as long as one can select rare
variants associating with gene expressions and aggregate them for downstream gunasigpge
mapping, transcriptomes can be utilized regardless of whether one could predict them. Indeed, many tools
facilitate theabove two procedures. As far as our knowledge, Bayesian model selection methods using
posterior inclusion probability, or PIP represents stéthe-art in variant selectior®. Also, kernel
machine method$* have been widely used in aggregating kamgants in association mapping.

Based upon the above rationale and preliminary development, we propeseriane TWAS, or
rvTWAS, which is composed by two steps: First, vTWAS uses Sum of Single Effects, or’SuSiE
carry out variants selections to form a prioritized set of gematiants (including rare variants) weighted
by their relevance to gene expressidrigire 4.1A). Second, supported by our previauscessful
attempt using kernel methods to carry out common variants TS as wel | as the comn
practice of usig kernel models in both common and rare variants GWASS rvTWAS uses a kernel
method**13%to aggregate weighted variants to form a score test for the assodrigjore(4.1B). We
carried out thorough simulations using various genetic archieeahd causality models to test the
performance of ryTWAS. We also applied rvTWAS to real sequencing data for association mapping in
schizophrenia (SC2¥%?5" bipolar disorder (BPD¥%25"and autism spectrum disorder (AS1)2%°
leading to the disary of additional genes underlying these psychiatric disorders which have greater

enrichment in a comprehensive disease gene dat&6&se

42 Methods

Overview of the analytic framework

As depicted inEigure 4.1), vTWAS uses the Bayesian feature selection model implemented by

SuSiE?*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 Kéth&l rvTWAS works on oa 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 minaliele frequency (MAF) as the coff of qualified variants into the

analysis. For instance, one can set up affut 0.005 (only rare variants with MAF<0.5% are included);
however, one may specify no enff (= all variants included). In Step 1, vTWASBns SuSIE using its

default parameters, which leads to the outcome of setésafenetic variants, which are termed as
ficredi ble setso by SuSieE. For the credi b)fe sets o
each variant, indicatings importance quantified by the selected mo#&e&\re 4.1A). By default,

rvTWAS includes all variants within all the credible sets. In Step 2, for each gene, by using the regression
coefficients ¢) as weights of selected variants, vTWAS aggregatese thariants using a weighted

kernel as implemented in Sequence Kernel Association Test, or SKXT(Figure 4.1B). Briefly

speaking, rvTWAS calculates a weighted genomic relationship matrix (GRM) by 'O w "¢ (where

"Ois the local genotype nrat of selected genetic variants, is the diagonal matrix formed by the

weights (i.e., regression coefficieid (of corresponding variants, abds the number of variants). Using

this GRM, rvTWAS further forms @-score by calculating ®0 « wherewis the phenotype (after
adjusting cefactors). Thi) -score follows a mixture ckiquared distributiof?* 135253 By testing the

significance of thi® -score to all genes, rvTWAS completes the genarnte asociation analysis.

As mentioned above, by adjusting the MAF-offt vTWAS 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 commuariants leads to better results. Therefore, the main results (to be
presented ifResulty are based on the inclusive analysis of both rare and common variants, leaving the

disentanglement of contributions from common and rare variafitsaussion

68



Association

Weights

Selected variants

SuSiE SKAT
°e g D Gene_1 * D Pheno 2
DS id1 o [}
. ID_.2 0.08 id_2 5 07
:ﬂc? D3 -098 id3 0 —
Q=y'Ky
p ]'/4
® e h16C8Y e G P Jors 000
"‘\AQ & CATGQF\ ].AJ_) TA A 24 ﬁ,m“jﬂ
AAATATCATGCGC ) ) DTAITATAAA
Feature selection Feature aggregation

Figure 4.1. Overview of the ryTWAS framework. A.The framewasks a reference gene expression
dataset for feature selection by SuSIE. B. Weights derived from the feature selectiame shem 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 thperformance of rvyTWAS to multiple alternative methods, namely
PrediXcaff®, kKTWAS 25, and mkTWAS?®. Here we briefly describe the mathematical models of

alternative methods for an intuitive comparison, leaving details to their corresponding publications.

PrediXcar®is the representative TWAS protocol. We chose this tool to compare rvTWAS to
standard TWAS. As describedlimroduction , PrediXcan firstrains an expression prediction model
A tr8 rRin a reference dataset (e.g., GTEX9 using cis gnetic variants (wherkis the gene
expressiong is the tth genetic variant in the region, amd is the coefficient to be estimated). Next,
in the GWAS dataset, using the coordiratatched genotype , it predicts expressiork
tr8 , and then use the predicted expresdida conduct association mappibly A(whereUis
the phenotype). Particularly, the variants within-#te€500Kb flanking region of the gene are included in

the analysis, and Elastic Nétis used to train the coefficients.
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KTWAS (kernelTWAS) 25 and mkTWAS (marginal kerndlWAS) 2® 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 whenalyzing common variant§-? which is in principle echoed by others
using a similar todf. We choose kTWAS and mkTWAS to test if vTWAS indeed outperform them
when analyzing rare variants, which essentially is testing whether $aSédtl feature selecti
outperforms the predictiebased feature selection in KTWAS and the marginab@ased feature
selection in mkTWAS. Mathematically, the same as rvTWAS, both KTWAS and mkTWAS adopts kernel
machine for Step 2 association tdst: U+ U where the weightekiernel + 7'M .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 & + 1 8 R (Where, the same as the case of PrediX&is,

the gene expressiod, is the ith genetic variant in the region, amdis the coefficient to be

estimated); and mkTWAS uses marginal tests of one genetic variant a time to leweigtitey :

A 18 R.

Procedure of simulations

We conducted simulations to coarp 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 (&&ttaining
individuals with 51,717,523 SNV&Y% 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 SNVsSY°, we simulated phenotype in the GWAS datdfor ryTWAS 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 andaoist 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 a%%i gwe ftoor-StNWepshetymba h e s
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 pseudsNV. The pseudeSNV 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 mod&¥, we count the number of rare variaosried by an individual as the
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contribution of the rare variants to its phenotyp

Note that homozygous sites will be counted twice.

Acknowledging that common variant may also contribute to gen@ssipn or phenotype, the
overall genetic component is modelled as the sum of this rare variant effect (i.e.-gbalido Sum
effect) and common variants. More specifically, five common variants (with MAF >5%) were randomly
selected as causal variantsg dhe 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 distribGtiofp .

Genetic archictures 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 botloscesmesimulated
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:
/E ['

Where' denotes the genotype matrix, The effect sizesere drawn from the standard normal
distribution. 1dp mentioned above. Superscriptay be 1 or 2 for reference (GTEx) and GWAS
genotype datasets (1000 Genomes Project), respectively. The expresdiereirtecand GWAS datasets
thus are generated by:

U /E R
U /E R
Wherer andr 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:
U Uu =R
Whereas with a pleiotropy model, the phenotype is decided by genetidlydisdiog a similar linear

formula for expression (except that the variance component is rescaled by expression heritability instead

of trait heritability):
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U /£ R

The genetic component contributing to expression or phenotypes is prespecifieal s

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 matcheritability. In the above simulations of expression and phenotypes, the

residualr serves as the role to adjust genetic components based on prespecified values (i.e., heritability)

denoted a& . To achieve that, we first generated the genetic compoasation related formulas and

real genotypes, and next calculated its variance of the genetic compofeni\esthen solved in
equation—— E .Wethensamplex . /P to determine values of residuals, ensuring the

heritability to be gactlyE .

Typel 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 pralues. Then the typleerror for the rvTWAS model was estimated using the top

5% cutoff for the most significantwalues.

For each of the genetic architectures and their associated parameters, we generated 1,000 datasets

with simulated phenotype and causal variants. The paasithen calculated as the proportion of each
protocol 6s success in identifying the causal

Bonferronicorrected prvalue that is lower than a predetermined criticalaftiof 0.05.

Real data analyss

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 baagsdise

schizophrenia (SCZ¥%?5" bipolar disorder (BPD¥%2%’and autism spectrum disorder (AS)2%°
downloaded from dbGaP web portBlata and code availability). The GTEXx (release 8) consortium has
provided whole genome sequencing (WGS) Bhth-sequencing (RNAseq) data for multiple tissues.

We included whole blood tissue that has the largest sample size (N=670) in our study. The fully

gene

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

GTEXx 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 dbi@aB and code availability).
Additionally, the following files from dbGaP and GTEXx portal are useddatity 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 eQ@&balysis, including genotyping principal components (PCs)
(GTEx_Analysis_v8 eQTL_covariates.tar.gz). Based on the GTEx recommendation for whole blood

sample, 60 PEER factot® were regressed out for adjustment of additional confounding factors.

The gewtype QC was conducted by PLINR. The QC steps involve excluding variants with
missingness rate > 0.1, high deviations from HaAdginberg equilibrium (Falue >1¢) and removing
samples with missingness rate > 0.1. For genotype datasets contaigitfgeacommon variants with
minor allele frequenntayf (OMAOF5) 0> 0t.o0 5f,i Iwtee rusoeudt fAal | v a
whil e for genotype datasets containinmgaxmafl y the r
0.0050 to i MAFdeuedaanO05uBvenwially, 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 dat aset srdhcegaased (GVER)andGWAS di nat
dataset (the three disorder cohorts), Liftoiféwas 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 pe@erhether the identified genes
are related to the di s e asdiséaseassocatorgndlysidbusingithey , we p
DisGeNET repository (v7.Gf%%2 a platform containing 1,134,942 gedisease associations (GDAS)
between 21,671 genasd 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 digemesr@dchich 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 examitiee 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 setdBA(genes only in A and not B), and-B\ (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/rvTWASKTWAS,
https://github.com/theLongLab/mkTWASTWAS, https://github.com/theLongLab/kTWA®rediXcan,
https://github.com/hakyim/PrediXcaBuSiE, https://github.com/stephenslab/susiéR INK,

https://zzz.bwh.harvard.edu/plinkl000 Genomes Projettttps://www.internationalgenome.or@@ TEX,

https://gtexportal.org/ anttps://www.ncbi.nlm.nih.gov/projects/gap/eqgi

bin/study.cgi?study_id=phs000424.v8.[EXon sequencing data of Schizophrenia,

https://www.ncbi.nlm.nih.gov/projects/gap/dgin/study.cgi?study_id=phs000473.v2.pitism
Sequencing Consortium (ASQittps://www.ncbi.nlm.nih.gov/projects/gap/eqgi

bin/study.cgi?study_id=phs000298.v4,.jEXxon sequencing data of bipolar disorder,

https://www.ncbi.nlm.nih.gov/projects/gap/dgin/study.cgi?gdy_id=phs000473.v2.p2

43 Results

Simulations show rvTWAS has a wellcontrolled type-1 error and higher power

Our null simulation shows that the typerror of rvTWAS, i.e., the 5% cdff (determined by
simulating traits under the null distribution) is 0.051, which is close to the targeted typger r or o f
0.05. Therefore, the type | error of rvTWAS is undentrol. The typd-errors of KTWAS and mkTWAS

have been shown previousf#®

With the typel error controlled, we then compare power. Under pleiotropy, rvTWAS
significantly outperform PrediXcan that does not disentangle feature selectiaggredation, as well as
kKTWAS and mkTWAS that do not use Bayesian feature selections, in both heterogeseitjeSNV}
and additive modelsSun) (Figure 4.2; Appendix Figure B4.). When there is no causal rare variant,
rvTWAS is slightly more powerful #n the alternativeg-{gure 4.2A; Appendix Figure B4.]), while the
advantage is more pronounced when more rare variants are included as causal Mayiset4.2B,
4.2C, 4.2D; Appendix Figure B4.) All kernelbased methods (rvTWAS, kTWAS and mkTWAS)
outperform the GRe>based protocols (PrediXcan), evidencing the supremacy of Keasetl methods in
feature aggregation. Under causality scenario, the observation is similar to the pleiotropy model: rvTWAS
outperforms other tools and the effect is more puoced when more rare variants are predeigufe
4.3; Appendix Figure B4.3. All models enjoy an observable higher power in pleiotropy than causality,

which is consistent with previous simulatiofi§>258
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Figure 4.2. Power comparison under pleiotropy scenarios. Power is indicated esxtbeAll panels are
results under an additive genetic architecture, with differing exprebsittability 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. Powelicated on the-gxis. All panels are
results under an additive genetic architecture, with differing expression heritability and trait heritability
denotedbelow 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 signifcant genes identified by the four methods to three brain disorders are presented in
Appendix Tables A4.1, A4.2, A4.3Below is the analysis of their indications.

The Manhattan plots generated by applying ryTWAS are shoWwigime 4.4, and the
correspondig Manhattan plots generated by alternative methods @ependix Figures B4.3, B4.4,
B4.5. Evidently, rvTWAS outperforms alternative in terms of the number of genes identified. In SCZ, at a
Bonferronicorrected P < 0.05, rvTWAS identified 30 susceptipijenes, 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 approashé&or 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 PrediX¢éhSkand
mMKTWAS, respectivelyAppendix Figure B4.6).

In SCZ, among the 30 genes, 14 genes were uniquely identified by rvyTWAS. Out of these 14
uniquely identified, 6 have been reported to be associated with SCZ; they are ZKSCAN4 (nominal
P=3.37€08) %%, HCG9 (nominal P=3.94@7)2°, FLOT1 (nominal P=4.88&0)?"*?"2 C4B (nominal
P=4.79e07) 273274 CNTNAP (nominal P=3.8469)27>*and XRCC3 (nominal P=4.8a&6) 2’5 Similar
outcomes are observed for BPD and ASD. Eight uniquely identified genes iaf8RDpported by
literatures, including RASGRF2 (nominal P=2.658 2772’8 NOTCH4 (nominal P=6.98@6)%"°, PC
(nominal P=1.8182) %% CHRFAM7A (nominal P=3.46481)281282 TGM2 (nominal P=3.1724) 28>
285 TRPM2 (nominal P=9.54@7) 2%, CYTH4 (rominal P=2.056)9) 2%, and TSPO (nominal P=3.44e
211)2% 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 rvyTWAS. Bésiied lines indicate the
cut-off specified by Bonferroni correction at the level e¥&ue < 0.05. Red dots represent uniquely
identified susceptibility genes. The uniquéadgntified signals that have been reported literatures are
labeled by its gene name. TheaXis ranges from 0 to 20 for a convenient visualization. The signals with
-log10(Rvalue) larger than 20 can be founddppendix Tables A4.1, A4.2, A4.3A. 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 gatisease associatiof8252 We assessed each protocol on the number
and proportion of its identified genes thag eeported as disease associated in DisGeN&idéatedand
validated rat@, as well as the corresponding statistics for uniquely identifiiedods). We found that
rvTWAS outperforms all alternatives for SCZ and BPD with a very large maigfiough slightly lower
than PrediXcan in ASD by 2 vs. Bifure 4.5. These results suggest that vTWAS 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 ryTWAS and other methods that are
validated by DisGeNET. A. Number of validated gefgesProportion of validated genes (validated rate).

C. Number of validated genes reported exclusively by one of the two protocols in the DisGeNET
database. D. Proportion (unigue 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 vTWAS presentedResultsare 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 vTWAS on rate varia

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 rareniants Figure 4.6A Middle Column), whereas for ASD most genes (88%)
only contain common variantgigure 4.6A Right Column). The proportion SCZ is in between with a
moderate percentage (33%) containing rare vari&igsie 4.6A Left Column).

To undestand what will happen if the common and rare variants are separately analyzed, we
specifically carried out two additional analyses: 1) by specifying a minimal MABftof 0.05, only
common genetic variants are included, which is termed as rvFédi8non 2) by specifying a maximal
MAF cut-off of 0.005, only rare variants are included, which is called rvTWa#®. These additional
protocols are compared to the main model: 3) the inclusive protocol without any filters, which is just
called rvTWAS. Note thzthe filtering of data was conducted before the Sufiged Bayesian feature
selection Methods). There are two observations. First, vTWAS evidently identified more genes than
either vTWAScommon or rvTWASare alone in all three disorders. Moreovel,WAS identified
number is higher than the aggregated numbers of rvTA@Bx8monandrvTWAS-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 theerlap between rvTWASommon and rvTWASare are
universally low, the overlap between rvTWAS and an alternative is depending on specifical disease
(Figure 4.60). Interestingly, in BPD, a significant number of ragiant only genes are identified,

howeve 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 ottfé?$ Using ryTWAS, more thorough

characterization may be carried out in the future work.

Playing a critical role in Step 2 of vTWAS, SKAP41%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 critefilteaig, 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 transcriptatinected strategy in prioritizing
and weighting rare variants for SKAT.

In conclusion, we developed rvTWAS, a raagiantfocused tool leveraging our unique insight
into disentangling TWAS protot®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 sequentased association mappings integrating gene expnsssi
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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 SuSIiE haselected both rare and common variatstgenes for which only
common variants have been selected. B. The number of significant genes discovered by rvTWAS,
rvTWAS-common and rvTWASare. C. The numbers of overlapped genes among rvTWAS (including
both conmon and rare variants) and the two filtered rvTWAS analyses, rvTAddh8non and rvTWAS

rare. For all panels, the left, middle, and right columns are for SCZ, BPD and ASD, respectively.
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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 rigkhgs and associated physiological processes in the
brain. Projects focusing on the genetic basis of brain images, i.e., imaging gbagtédseen launched
and led to discoveries via associating single nucleotide variants (SNVs) to image featuresteelevant
neurological or psychiatric disordét&°¢. Neuroimaging has been extensively studied as a potential
biomarker in diagnostics and risk assessment of neuropsychiatric did8rd&rghus, there are potential
mediating roles that imaging can sermeaccurately 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 brainglisorder
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 availabl®®3%030! |f researcherscanredird s uch exi sting data as a dref
dedicated studies for preliminary discovery of putative associations, it will bring enormosa\ziosts
for scientific discovery as well as timely judgement in a clinic setting. The UK Biobarflaigship
database that contains genomics data for half a million individuals, including nearly 50,000 assessed for
brain image¥®. Those brain images include a wealth of contrast types, including: T1 and T2 weighted,

Fluid Attenuated Inversion Recovergsting and taskased functional MRI, and diffusion MRI.
Moreover, it also offers hundreds of neuroimaging endophenotypes, calledderaged 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 statid framework, Imagéediated 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 Transcriptom
Wide Association Study (TWA&)®9849411114L185  h owever , bui |l t-bruipdge @ uanglne

disentangling TWAS into feature selection and feature aggredattdh
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Al t hough | MAS utilizes a A nsteadobregeidng imagmdie r enc e
the cohort with genotype and phenotype, it could be even more powerful than applying a naive
association on the data with both images and phenotype. This is because, assuming the genetic component
is the causal factorundgri ng br ain morphol ogy, aggregated SNVs
contains only genetic component, whereas the real images suffer from noise, motion, or other factors.
This insight was demonstrated in another similar setting for transcriptotieeassocition study
(TWAS) by usg®. 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 parametddnatto verify this advantage for IMAS, which allows

costsavings 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 Uiobank and genotype/phenotype data from four neuropsychiatric disorders, i.e.,
schizophrenia (SCZ¥, major depression disorder (MDI® bipolar disorder (BPBj?, and autism
spectrum disorder (ASE¥. We observed that: (1) IMAS identified IDPs that eglevant 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
guantitative trait loci) that regulate ¢cial 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 patbgpacross
disorders.

5.2 Results

The IMAS model and implementation.

IMAS is partly inspired by the method of transcriptemiele association studies (TWAS) that
have been extensively develoffgi]é+94111.141.148nd applied1453%1! recenly. The mainstream format
of TWAS is a twestep protocol: First, one trains an expression prediction model usifgy@®type:
o 11 8 X in a reference dataset, e.g., GTExn which the expression and genotype are
available Figure 5.1A). The predicted expression is called Genetically Regulated eXpression (GReX).
Second, in the main dataset for GWAS (that doesnbo
the genotype© + 1 8 , and then use the predicted expressignp 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%.

84



Our recent mathematical analy8i®indi cat ed t hat dApredicting expr
the essence of TWAS and may be -miisdgadi hgamé&wo sk ct
interpret the fApredictiond step as the sedection
by expressionKigure 5.1C) and interpret the use of predicted expression in the second step as feature
aggregationKigure 5.1D) by a linear model. These are two distinct steps in Machine Learning. With this
interpretation, the original TWAS dubioudhinds two distinct steps into the same statistical form
( GRe X) . Il nstead, if we split themdagrd,comeshdenl| g
research focusing on optimal combinations of feature selection and aggregation approaches wéll be mor
powerful. Consistent with this insight, alternative methods splitting these two steps developEdtby us

and independently by othé&tsre superior to standard TWAS.

Enabled by this framework, IMAS considers reference images as-hritia to linkgenotype
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 aggregatesctetl genetic variants to determine the association of each
aggregated SN\get with the phenotype, reporting the association between the genetic component and the
risk of disease. Particularly, IMAS provides two optional models for feature selectiorel@s@net, a
regularized multipleegressioff the default method in TWAS, and (1.b) a test for each SNV individually
(i.e., testing for the marginal effect) using linear mixed m8debr the feature aggregation step, there are
also two optional modsi (2.a) the linear combination of selected SNVs, and (2.b) the kernel machine as
implemented by SKAT* The above models form 2 x 2 = 4 combinations of protocols offered by IMAS
(Methods). Based on our previous comparisotfand that of othef8 kerrel methods are more powerful
than linear combinations in aggregating signals. Additionally, our previous research shows marginal
effectbased selection outperform elastiet in most casé% This is also confirmed by the IMAGilored
simulations, as wilbe presented. Therefore, the recommended IMAFocol 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 dathridge framework in IMAS. Standard TWAS (A and B) anddh&-bridge
Framework adapted in IMAS (C and D). A. Standard TWAS uses a reference dataset to train a predictive
model of gene expression using genotgtp&a. 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. Tldata-bridgeframework 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 feateresassediated

with the phenotype of interest to identify variants of interest. Both TWAS and IMAS are special cases of

the databridge framework.

IMAS discovered IDPs associated with neuropsychiatric disorders.

We applied IMAS to the GWAS datasets (igenotyping data and disease labels without

neuroimaging) of four brain disorders, i.e., schizophrenia (SCZ), major depression disorder (MDD),

autism

spectrum disorder (ASD) and bipolar

di sord

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 Bonfewoniected Pralue < 0.05) Table
5.1; Figures 5.2A, 5.2D, 5.2G, 5.2JWe conducted literature sehron 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 exisng work on neuroimaging studie&gpendix Note C5.).

Table 5.1. SignificantDPs and their correspondifgvalue and descriptions for schizophref8&2),

major depression disorder (MDD), autism spectrum disorder (ASD), and bipolar disorder (BPD).

#IDP P value Descriptions
Schizophrenia
251902.0 | 9.82E06 Mean MO in fornix cres+stria terminalis on FA skeleton (right)
253062.0 | 3.69E05 Mean L3 ininferior cerebellar peduncle on FA skeleton (right)
250942.0 | 5.44E05 Mean FA in fornix cres+stria terminalis on FA skeleton (right)
Major Depression Disorder
251522.0 | 1.01E06 Mean MO in middle cerebellar peduncle on FA skeleton
257032.0 | 1.50E05 Weightedmean OD in tract uncinate fasciculus (right)
259042.0 | 3.78E05 Volume of grey matter in Vermis Crus Il Cerebellum
259052.0 | 1.77E06 Volume of grey matter in Crus Il Cerebellum (right)
258622.0 | 1.28E05 Volume of grey matter iffrontal Operculum Cortex (left)
259112.0 | 3.42E05 Volume of grey matter in Vllla Cerebellum (right)
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259102.0 | 4.41E05 Volume of grey matter in Vermis Vllla Cerebellum
259142.0 | 5.52E05 Volume of grey matter in VIIIb Cerebellum (right)
AutismSpectrum Disorder
258692.0 | 1.45E06 Volume of grey matter in Planum Polare (right)
250962.0 | 1.68E06 Mean FA in superior longitudinal fasciculus on FA skeleton (right)
251962.0 | 3.78E06 Mean MO in uncinate fasciculus on FA skeleton (right)
256472.0 | 8.76E06 Weightedmean L3 in tract superior thalamic radiation (right)
259202.0 | 3.20E05 Volume of grey matter in X Cerebellum (right)
256722.0 | 4.37E05 Weightedmean ICVF in tract superior longitudinal fasciculus (right
252882.0 | 3.88E06 Mean L2 in superior longitudinal fasciculus on FA skeleton (right)
252042.0 | 1.91E05 Mean L1 in splenium of corpus callosum on FA skeleton
253362.0 | 2.60E05 Mean L3 in superior longitudinal fasciculus on FA skeleton (right)
252282.0 | 2.63E05 MeanL1 in posterior thalamic radiation on FA skeleton (right)
258572.0 | 2.90E05 Volume of grey matter in Temporal Fusiform Cortex, posterior divisi
(right)
258582.0 | 2.96E05 Volume of grey matter in Temporal Occipital Fusiform Cortex (left
251982.0 | 4.23E05 Mean MO in tapetum on FA skeleton (right)
253312.0 | 4.85E05 Mean L3 in cingulum cingulate gyrus on FA skeleton (left)
Bipolar Disorder
259042.0 2.20E05 Volume of grey matter in Vermis Crus Il 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 pathwvay analysis towards the genes where the SNV sets are located (by mapping each SNV to its

Afuncti onal IMethodd). e shewedthagSérdets idéntified 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 dispfagecesn5.2B

5.2E, 5.2H, 5.2K andFigures 5.2C, 5.2F, 5.2I, 5.2] respectively. The KEGG pathways for the rest of

the IDPs are listed iAppendix Table A5.1, and the GO enrichment of the rest IDPs are listed in

Appendix Tables A5.2, A5.3, A5.4listing Biological Pocesses, Molecular Function, and Cellular

Component, respectively. We further examined the experimental evidence to show the relevance of these

88



pathways and GO terms in relation to the corresponding disorders and indeed discovered massive
evidence for althe top five setsAppendix Note C5.3.
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Figure 5.2. ApplyindMAS to four neuropsychiatric disorder&,D,G,J. Dashed line indicates the cutoffs

of Bonferronicorrection ( = 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 NPs. 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¢hof the enrichment {&djusted
values). The GeneRatio is calculated as count/setSize. ‘count' is the number of genes that belong to a
given geneset, while 'setSize' is the total number of genes in thegen€,F,I,L. The GO enrichment
analysis 6r IMAS identified SNPs for four neuropsychiatric disorders. All the panels are bar plot
showing the top 10 enriched biological processes rankeevajups. The correlation is more significant

as the red/blue ratio increases. The number on-thésxindcates the number of genes that belongs to a
given geneset. B.C. Schizophrenia, IBE519062.0. E.F. Major Depression Disorder, 1E051522.0.

H.l. Autism Spectrum Disorder, IDE58692.0. K.L. Bipolar Disorder, IDR259042.0.

The top SNVs overlapped wilh eQTLs that regulate genes functionally important for

neuropsychiatric disorders.

To link the IDPs to gene regulatory mechanisms, we conducted eQTL analysis based en GTEX
reported eQTLE*13(Methods). We required a strict criterion that identical ldoas of the IDPselected
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.Z%ppendix 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 supportéaperdix Note
C5.3and the regulatory networks are depicte#igure 5.3
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Figure 5.3. TodMAS-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 regulgéses. A. Schizophrenia. B. Major
Depression Disorder. C. Bipolar Disorder. D. Autism Spectrum Disorder.

Standard GWAS cannot discover the IMASselected SNVs and pathways.

To compare IMAS with standard GWAS, we used linear mixed model (IXAYo identify
genetic variants associated with the susceptibility to the four neuropsychiatric diséymFadix
Figures B5.1, B5.2, B5.3, B5)4Upon Bonferroni correction, except for ASD, standard GWAS methods
did not discover any significant variants. Witleas stringent ®alue cutoff of 168, we were able to
identify some variants. We conducted GO enrichment and KEGG pathway analysis using the same
pipeline for IMAS outcomesAppendix Tables A5.6, A5.7. Evidently, the enriched pathways do not
show clear @dence 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 ba&em more consistently associated with
ASD, such as neurotransmission, synaptic dysfunction, neuron recognition and neurtg&neatshe
loose threshold of selecting SNPs of°1there are no enriched GO terms being identified for ASD. For
anotherexample, for SCZ, most GO terms are enriched in processes relatedsiabstihte adhesion.
There are some literatures stated that focal adhesion dynamics are altereé$na®@zell adhesion
molecules help determine the systdmgel structure oftte nervous system during development and
regeneratioft®, 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 inform&gppe(dix 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 dedirtbat

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 atld@morders: grey matter changes
in MDD (IDP-259042.0, IDR259052.0, IDR259112.0, IDR259102.0, IDR259142.0), ASD (IDR
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259202.0) and BPD (IDR259042.0); white matter changes in SCZ (H2B3062.0) (Table 5.1;Figure
5.4A).

To delineate the sharggnetic mechanism of the four mental disorders, we followed up on the
associations with cerebellum by expanding to an underlying network identified via knovolesken
analysis. For a given pair of disorders, e.g., MDD and ASD, we calculated-éxprasin matrix of
IMAS identified MDD-regulating genes and ASi2gulating genes in the GTEX cerebellum tissue
(Methods). (Figure 5.4B; Appendix Figures B5.5, B5.6, B5.7, B5.8, B.9

As shown inFigure 5.4C, various genes in our @xpression matrix have ditegnd/or indirect
relationships wittADORA2B(adenosine A2b receptoADORAZ2Bis involved in axon elongation
through its interactions withetrin-131°. It plays a crucial role in brain agiff§and in general cognitive
function®?. ADORAZ2receptors have been identified as a risk gene for ERgblan syndrome, a
congenital disorder that severely affects the brain and behaviour of ctitdféMDORA2Balso
interacts inMAPK pathway and associated sigri#t$?(Figure 5.40). In our stugd, a long norcoding
region of theMAPK gene is expressed in cerebellum IDPs of MDD, SCZ and Agid(e 5.4B;
Appendix Figures B5.5, B5.6, B5.7, B5.8, B5.9-urther, TP53gene control81ARK signaling via
Ras1/Rafkinase activatioft>3?’, Shao et al. ghw that in neurological injurfP53activation is regulated
by TNF-Uand induces apoptodi&(Figure 5.4C). If IFNG gene levels are elevateétl\F increases in
individuals with neurodevelopmental and immunological disoféiSigure 5.4C). IFNG controlsIL6
gene regulatioti® which can be increased in myeloid cellADORA2Bis activated®™. This subnetwork
plays a crucial role in newionmune interaction which has been proposed as a potential mechanism in

many neurodevelopmental and psychiatric disa?ée® (Appendix Table A5.8).

FurthermoreTP53also controls the encoding 1Y (junctionmediating and regulatory)
proteirt**. JIMY s related to cytoskeleton dynamics and upregulates myelination in actin polymerization
and oligodendrocyte differentian®®. It also plays a major role in cortical developnig&éniWe show that
JMYis negatively correlated witROCK9 (corr =-0.35 and ceexpressed in cerebellum IDPs of MDD,
SCZ, ASD and BPDHjgure 5.4B; Appendix Figures B5.5, B5.6, B5.7, B5.8, Bj.Moreover, CDH1
(epithelial cadherin) andMY expression leads to downregulation of adhesion molecules of the cadherin
family33"33YAppendix Table A5.8. Further, DOCK9gene enables cadherin binding actitft{?and is
predicted to be involved in positive regulation of an activatitlefGTPase Cdc4DOCK9has been
associated with BPD with regards to both risk andeiased iliness severity. Cdc42in Bergmann glia
was found to play an important role during the late phase of radial migration of cerebellar granule
neurons, important in cerebellar corticogenésigccording to the c@xpression matricdl8OCK9is

alsonegatively correlated wit€RIPT(corr =-0.46) and ceexpressed in cerebellum IDPs of MDD, ASD
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and BPD Appendix Figures B5.5, B5.6, B5.7, B5.8, B§.9CRIPTis a component diIMDA receptor
DLG4 (alternative gene nameRSD95) complexX*2 It plays a mpr role in synaptogenesis and synaptic
plasticity?**and is a risk candidate gene for SE€2% Further, the expression BIDM2 leads to the
restoration oPSD95 ubiquitination, degradation, and synapse elimination in the neurons of a mouse
model of Fagile X Syndrome, a leading genetic cause of intellectual disability and #atisfdM?2 is

also involved in the regulation of JMY protein state changessawd 4gene regulation via expression of
PIM3 activatior?*’ (Appendix Table A5.8).

Overall, the propsed mechanism once again proves the growing interest of the immune system

and inflammation pathways in the pathophysiology of mental disorders.

94



CDKN2D 054
XXbac.BPG299F13.17 0.08 | 0.03
ASD FAMS5B 055 -0.07| 002
IDP-25920-2.0 RP4.740C47 001|005 008 022
THEMG 022 028 -a.aa. 003
SCZ RP11.259G18.3 001 |0.08 |0.09 |-0.08| 02 | 008
IDP-25306-2.0 KANSL1AS1 . 002 013 015 017 018 -0.02,
RP11.250G18.1 .I‘Lﬁ 001 002|048 |-004 02 04
MAPKBIP1P1 ... 001|000 | 005 |-0.12 0.13 | 0.04 | Com

0

8 FLNBAS1 -0.16 -0.14-0.08|-0.18 002 -0.25 -0.25| 0.13 -0.08-0.14, o5

MDD = RP11.179B22 -0.14/ 0.01 0.03 001|007 -0.94 -002 0.18 |-0.05 0.22 -0.22 e

o5

|DP-25904-2 0 RP5.827C214 04 -0.15(0.13 0.08 0.06|0.18| 025 0.08 047 | 0.05 023 | 0.07 .ﬂ
IDP-25905-2.0 RP11.326L171 013 047 006 0.14 007 007|008 -016-0.17 048 0 013 -0.11

IDP-25911-2.0
IDP-25910-2.0 RP11.4410153 051 022 012 006 007 008 002 013 048 -025 025 0.12 -0.00 -0.18
IDP-25914-2.0 KRTAP5.AS1 014 ~04% 045 05 0.13 -0.18 -0.15-0.05 015 0.15 ﬂD?.*I].Dd -0.14-0.04
BPD CCDC74BP1 .ﬂm 008|008 -006 011 -002 002 004 D06 002 -D02-005 0.1 003 -003
ABHD17AP4 -0.05{085) 0.11 -0.08-0.04 -0.08 0.12|-007 0 | 0.04|0.03| 0.07 008 -0.150.08 002|008
IDP-25904-2.0

ALKBHS 0.08 |~0.14 -0.06 ~0.04 ~0.02|-0.02 043 -0.01| -0.1 -0.03 -0.04|~0.08 0.28 0.38 —0.32 -0.08 -0.21 047
Dsccit -0.02|-0.00 0.1 | 0.01 | 0.02 | 0.1 -025 02 |-0.01 0.04 | 0.08 0.0% | 0.08 -0.22-0.17 0.08 013 .14 | 0.3

JMY (B85 02 003015 006 -031 015 -007 02 006 |-0.18-0.13-0.17-015 0 -038-0.19 0.07 S8 -0.13|
~

& © & PP o &£ @ & QP & 05& \.@ & ey
ST P S F TV EFF R Y FFFEEE
& Q%Q & P ‘ge é{b T ‘ﬂg@ ‘xsg@ﬁa \f;d@m c;\\,ﬁ: &

L) B
& 5 & s &
&
scz

Gene - Gene Connection PubMed ID Description

ADORAZB activation causes an increase of IL-6 in myeloid cells. Plays arole in

1 ADORAZB - IL6 27320922 neurc-immune interaction.
2 TNF - TP53 32344470 TNF-a regulates TP53 activation, which induces apoptosis in neurological injury.
3 IENG - TNE 12694877 Elevating the levels of IFNG can increase the secretion of TNF-a. This is

associated with neurodevelopmental and immunological disorders.

The expression of MDM2 leads to the restoration of DLG4 (PSD-95)
4 MDM2 -DLG4 28025327 ubiquitination, degradation, and synapse elimination tha is associated with
intellectual disability and autism.

CRIPT gene is a component of NMDA receptor DLG4 gene. DLG4 is a candidate
5 DLG4 - CRIPT 9581762 sk gene for 507,

Figure 5.4. IMASidentifies 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 crogsdisorder ceexpression matrix between the expression level of
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cerebellum eQTLs that were identified from MDD and SCZA Gene to gene connection network includes
genegene interactions that are identified by literato@sed analysis of publications. Nodes are genes.

Links are gengene interactions. A link with an arrow shows regulation and the direction;aroom 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 i litet ur e . Number s eGe nteheColninreecd i @n
mentioned in the table below. D. Five connections are selected as they play crucial roles in

neurodevelopmental and psychiatric pathophysiology accotdifigs mechanism.

Simulations show that IMAS outperforms direct association mapping between actual IDPs and
disorders.

The above real data anal ysi @nalfizc BWASdatesHeret he UK
by simulations, we demonstrate that even if the IDPs are dée [itel the legacy GWAS datasets, the
statistical power of IMAS is higher than a naive association mapping between images (IDPs) and the

phenotype, which is cal IMetHodgiDi rect associationo h

We first checked the type | errors of IMAS. Fdrthk four protocols, the 5% cutoffs (determined
by simulating traits under the null distributiavi¢thods)) are around 0.05Appendix Table A5.9. So,

the type | error of IMAS is under control.

Assuming that actual images are available in the GWAS dajase tested power of IMAS
under both pleiotropy and causality architectures in contrast to iseotiation (BASSO) based on
linear genetic architecturedléthods). We estimated heritability of each IDP using GEC®and the UK
Biobank datasetAppendix 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 thbebDbility
between 0.02 and 0.25. For the phenotype heritability (corresponding to theu88&rsan 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 contribute 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 omber 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 architeigjure §.5).
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Under the pleiotropy s c e DaAS$Dis substanbatly seboptinthle n t
compared with IMAS protocolg-{gures 5.5A, 5.5B, 5.5C, 5.5D, 5.5E, 5.pFAn explanation is that
when the effect of genetic variants on phenotypes is not causal through the IDP -¢lemeioneffects
within the real DP 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 scenaii8Si generally
outperforms IMAS Figures 5.5G, 5.5H, 5.5, 5.5J, 5.5K, 5.5LHowever, tie power of IMAS is still
comparable with DASSO, especially when the IDP and phenotype heritability are relatively high.
Notably, the power of BASSO is all 1.0 based on the parameterization under our hypotheses. In
practice, we expect that brain imagesay 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 prokilyitexpensive. 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 yaxis. All panels are results under an additive genetic architecture, with differing image
heritability and local trait heritability denoted belowckaanel. The total number of contributing genetic
variants is 5, 10, 20, 50, 75 and 100 in panels AG, BH, ClI, DJ, EK, FL, respectivelyli#e pleiotropic
scenario, which simulates independent associations from genotype to phenotype and expre#ss3@. Di

is short for the Direeissociation model. G. The causality scenario, which simulates dependence of

phenotype on genotype via gene expression.

53 Methods

The IMAS model and implementation

The IMAS model includes two steps. First, IMAS selects tienvariants (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 method4 @), (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 regressioit (H&f8)
and linear mixed model (EMMAX319,

(1.a) Elastic Net:

An additive model is used to fit a linear combination of genetic variants:
6x BT ;"0 - where-x () 1,

Wheresuperscript (1) indicates the Step 1 datdséd, the brain image matri®, is thek-th IDP,"O is
the genotype matriXQ is the number of reference alleles-dh variant (=0, 1, or 2), ; is the effect
size ofi-th variant fork-th IDP, andbis the residual witl) as its variance. Using a mixturefandd
regularization, we solve the { ) by Elastic Net, a regularized regression model. The variants with non

zero coefficients will be selected.
(1.b) Linear Mix& 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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6x 01y O -,whered x D wOmh, O ,-x 0 ®OMH O

Whered ,"0O ,f ; arethe same as defined in (1@); is the random effect term with & b

, U ,whered is the genetic relationship matrix (GRM), which is calculdig’O "O 7th

whereg is the number of SNVs, is an the residual effect such tliato t ., OMVNdenotes

multivariate normal distribution.

This model is equivalent to EMMAXand in IMAS our oubf-core implementatiot’is
utilized. The SNVs with nomind?-valuelower than a useprespecified cutoff (default =0.01) will be
selected.

Step 2:The method for aggregation may be multiple linear regression (as in the original TWAS

protocol$?) or a kernel machirt& which is more robust to noise, as showed by previét&ly

(2.a) Linear Combination:
6 Th G

Where superscript (2) indicates the Step 2 data@sets the estimated IDP values fieth IDP in he
GWAS cohort]  is the coefficient for-th variant and-th IDP derived from Step 10 is the
genotype in the GWAS cohort, in whicli). is the variant of the-th selected variants of tii¢h
individuals.6 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:
O w O

Where"O s standardized gengig matrixusingO ( by rescaling each SNVo&s
variance to be 1)p =diag ( 88 ), wheret is the number of selected variants. The subs&ipt

denotes théxth IDP.

This weighted kernel reflects the similarity of sedig 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 (SKATY349
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Wherew is the vector of phenotype values, and; is calculated above. This scare follows a

mixture of chisquared distributiofi*263.34°

We recommend allowing a relatively large number of potential SNVs (e.g., SNVs with nominal
p-values < 0.01 before multipkest correction) to be aggregatedtie 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 vafigotssibly due to the advantage of
kernel methods beingore robust to noise.

Procedure of Simulations

Genotype dataBased 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 Projé€tgenotype (containing 2,548 subjects with 4,422 SBYs), 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 Gen{@ues P
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 componget, heritability).

Genetic models underlying IDP and phenotyp®o typical genetic architectures are considered:
causality, where genotypes alter phenotype via the infggeefdix Figure B5.11) and pleiotropy,
where genotypes contribute to phenatygmd image independentégpendix 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
prespeified 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:

00 )
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Where"Odenotes the genotype matrix, Téféect size$ are drawn from the standard normal distribution
O Tip . Superscripfkmay 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:

& "0°0 i
¢ I\QI\O _
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:
W o} -

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):

® Q0 -

The genetic component doibuting 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 paisamet

Generating residuals to warrant the heritability being specified valuethe above simulations
of IDP and phenotypes, the residuaerves as the role to adjust genetic components based on
prespecified values (i.e., heritability) denoted(asTo 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 equationr—— Q. We then samplex 0 0h, to

determine values of residuals, ensuring the heritability to be exactly

Typel error estimation & power calculation¥Ve generated random phenotypes using genotype
data from the 1,000 Genomes Project to form the empirical null distribution oflegs. Then the

type-l error for the IMAS model was estimated using the top 5% cutoff for the most signifivahigs.

For each of the genetic architectures and their associated parameters, we simulated 1,000 datasets
each, in which causal variants aamdomly selected. The power was then calculated as the proportion of
each protocol ds success in identifying the | DPs i

Bonferronicorrected prvalue 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
datasetA goal in our simulation is to compare the power of IMAS that borrow IDPs from reference
dataset to a naive method that directly associate IPDs to pper{assuming IDPs are available in the
GWAS). Towards this line, a simple linear regression is used to associate IDPs with phenotype:

0w *f (X -
Wherew is the simulated phenotype aind is the simulated image phenotype in the GWAS dataset

(based on the 1,000 Genome Project genotypes).

Real Data Analysis

Data source and quality controllhe UK Biobank IDPs are downloaded from their website under
the application number #ukb45132 and the IRB #REBIL®1. Initially, we collected 34,568 individuals
in UK Biobank with 885 IDPs and nemissing values for other covariates such as genetic Bgsarsd
age at recruitment. First, each | DP6s data vector
determined by being greater than six times the median absolute deviation from the ®ietitzaT), we
discarded individuals for whom 50 or mof&HAs were missing’. Each | DP6s data vecto
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
DataField22009), age, sex, squared age, age x seX, squared age x sex, head size (UK Biobank DataField
25000), head motion (UK Biobank DataField 25741), and scanner positions (UK Biobank DataField
25756, 25757, 25758, 2575%)*! Eventually, we collected 33,5%%ividuals in UK Biobank for 885
IDPs.

We run IMAS with default parameters on four different brain diseases datasets, % SCZ
MDD, BPD'*¢ and ASD®’, downloaded from dbGaP web portBlata and code availability and the
MSSNG databasé@ata and ode availability) 7. All genotyping datasets are quality controlled using
PLINK?%2 The QC steps involved: excluding markers with missingness rate > 0.1, minor allele frequency
< 0.05, high deviations from Harelyeinberg equilibrium>10and removing sapies with missingness
rate > 0.1. The significant IDPs are defined as gerwide significant after Bonferroni correction Bf
value < 0.05. The multipleest correction considers the number of IDPs. Eventually, we collected 2,548
individuals with 728,62@NVs 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

guality control.
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When aligning two datasetsd gen@KBighaklendor di nat
GWAS dataset (the 4 disorder cohorts), Lifté¥ewas 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 analysigalidate the funatinal relevance of
the identified IDPs with focal diseases, we first conducted literature research for evidence from other
studies Appendix Note C5.). Then, we carried out GO enrichment and KEGG pathway analysis to
confirm our findings. We first collectadp SNVs (P < 0.01) for each significant IDP (that is associated
with the focal disorder), then we mapped those SNVs to genes according ttm-gilive linking reported
by Steven Gazal, et®&. After mapping SNVs to (a set of) genes, we conducted GGheneint> and
KEGG pathway analysi¥. The GO enrichment is carried out frol
Processd (BP), o6Cellul ar CompoAKEGGEBuUSEIALC) or O6Mol e
systematically analyze gene functions, which ligkse information with highevel functional
informatior?>®. The GO enrichment and KEGG pathway analyses were conducted using the
6clusterPro¥i | Bhd &KnmpiackadeGO terms and KEGG pat h\
considered diseaselated biologi processes or signaling pathwagpgpendix Note C5.3.

Standard GWAS analysis for the four disord@ise standard GWAS analyses of four disorders
are conducted using standard linear mixed model (LY. Mathematically, it is the same as the
featureselection part (1.b) in IMAS, expect for that we used phenotype instead of IDP as the dependent
variablew:on the lefthand side of the regression.

eQTL analysisTo link the IDPs to gene regulatory mechanisms, we conduct eQTL analysis using
eQTL filesof brain tissues downloaded from the GTEx Consor#irfror 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 gapeession level. The criterion of the mapping
is that the IDPassociated 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 literato®s pf top five regulated genes
(Appendix Note C5.3.

Crossdisorder ceexpression matrix of cerebelluralated genesBased on the above eQTL
analysis, we first prioritized the top 20 eQTL genes with the most signifiealups 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 Pearsomsrrelations between expressions of every pair of genes (in total 20x19/2 = 190
pairs). This forms the croslisorder ceexpression matrices for all pair of disorders.

Geneto-gene connection networkhe gendgo-gene connection network was constructed by
searching literature and databases based towards the genes identified iexpieession matrices.
Multiple resources such as MEDLINE datalFas&®and KEGG pathway databd%evere used. We
included the gen&-gene connections that are associatetl witurological 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)softwaré®,

Data and code availability

IMAS, https://github.com/theLongLab/IMASNKTWAS, https://github.com/theLon@b/mkTWAS
kKTWAS, https://github.com/theLongLab/kTWA®rediXcanhttps://github.corthakyim/PrediXcan
BrainXcan,https://github.com/hakyimlab/brainxcan
JAWAMIX5,https://github.com/theLongLab/Jawamix5 ; PLINtps://zzz.bwh.harvard.edu/plink/
GCTA, https://lyanglab.westlake.edu.cn/software/gcta/#Downlo&aG

mapping:https://alkesgroup.broadinstitute.org/cS2G/cS2G_UKBB/; Qiagen Ingenuity Pathway Analysis
(IPA), https://digitalinsights.giagen.com/productgerview/discoveninsightsportfolio/analysisand

visualization/giagetipa/; UK BIOBANK, https://www.ukbiobank.ac.uk/;1000 Genomes Project,

https://www.internationalgenome.or@¢ TEX, https://gtexportal.org/ and
https:/ivww.ncbi.nlm.nih.gov/projects/gap/cbin/study.cgi?study _id=phs000424.v8.&EnomeWwide

Association Study of Schizophrenktps://www.nchi.nlm.nih.gov/projects/gap/egi

bin/study.cqgi?study_id=phs000021.v3.p2ajor Depression: Stage 1 Gencwmiele Association in

PopulationBased Samplegttps://www.nchi.nlm.nih.gov/projects/gap/egi

bin/study.cqgi?study _id=phs000020.v2.pthole Genome Association Study of Bipolar Disorder,
https://www.ncbi.nlm.nih.gov/projects/gap/dgin/study.cgi?study_id=phs000017.v3.pMSSNG,

https://research.mss.ndEDLINE databasehttps://www.nIm.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 genotypphenotype association studies. With empirical data analysis, we showed that IMAS can

105


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

identify IDPs relevant to the focal disorders, despite BiesIinot being assessed in the GWAS dataset.
Additionally, the underlying SN\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 identied 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 mecharisgucopsychiatric disorders.

Although the cerebellum has long been believed to be critical for disorders of motor
functioning®’, it is increasingly recognized as one of the most important®t&ih3*Fegions playing a
crucial role in psychopatholggf nonmotor 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 schizophréfiiaviany irregularities in ggy matter volume have
been shown to be associated with bipolar disorder compared to healthy étritfolRomer et al.
reported that shared risk for a wide range of mental disorders is strongly associated with white matter
abnormalities of the pons, wdh 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 genetc pasii bor r owed d i mage
existing dataset such as the UK Biobank can work well (or even better in many scenarios) comparing to
having actual i mages in onebs dataset. This wild.l
researchers andigicians 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 thresilico results. In this work IMAS and standa@WAS (i.e., LMM)
outcomes are compared with the real data analysis without further verification in simulahsis
because the power of IMAS and LMM largely depends on the level of genetic basis of IDP, which is
somewhat arbitrary to specify in simatibns.

IMAS is partly inspired byTWAS®8in 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 geneticallyutatpd expression (GReX) that serves as both
the target of genotypeased prediction of expressions and the statistic of aggregating SNVs for the next
stepoO6s as s 0% lacontrash IMASSplitsithesg two essentially independent steps into
imagedirected SNV selection and kerrmsed SNV aggregation. Second, TWAS is gameed,
therefore naturally it is straightforward to predict the expression levels mainly using leS&l\¢ss and

it is unclear whether extending this concept to the whefeome without furthea priori knowledge may
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work well. In this work, by analyzing real data using keifimeded SNV aggregation in the association
test, it has been proven that extending the concept winksl, an inherent problem of TWAS lies in that
the expression heritability is generally [&therefore the power may be only marginally higher or even
lower than GWAS in some scenaridbdHowever, the high heritability of IDPg&Wpendix Figure B5.10
over expression heritability allowssagnificantly higher power of IMAS over GWAS, as demonstrated in
our real data analysig\ppendix 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 terméahagingWide Association Study, or IWAS. IWAS mimics the
practice of TWAS in that it still predicts the contribution of8NVs in a single gene to image(s) and
then associate the gene to the disease. They have not touched the topic of selectingnsMi¢svhole
genome, nor did they exhaustively analyze the advantage of higher heritability of IDPs as well as the
striking advantage of #Aborrowingo i mages over the

Following the standard TWAS pipeline, BrainXé%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 profigote (
5.5). By applying BrainXca#t®to the four brain disorders, we were not able to identify any significant
IDPs Appendix Note C5.9.

That said, BrainXcan tteed enjoys the advantage of supporting summary statistics. IMAS can
also be extended to summary statistics based on the idea of met&SkiaWwever, in the initial GWAS,
researchers in general generate summary statistics usiogr& or other means witht 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 eiemetanalysis
using standard summary statistics. Ashsuoefore 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

Conclusons 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, sSTHWAS and tran§F-TWAS, are built based on the traditional perspective of TWAS, while
the | ast two methods, rvTWAS and -brMAdSg e Ga r.We abnuel Wwatr k
also have extended TWAS to imalgased study be leveraging imaging data as the bgadtsta.

6.1 Summary of contributions

The firsttool, STRFTWAS'* focuses on integrating the prior information of susceptible TF (STF)
-occupied cigegulatory elements (STFCRES) with TWAS. We have demonstrated thalWas
improved the detection of cancer susceptibility genes with increased statistical power aaclamoer
other existing TWAS approaches. Under sWAS 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 findirmdade additional insight into the genetic susceptibility
of the three common cancers. We conducted multiple analyses uskigdAE 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 largestmher 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 imdlegiating
prior information of STFCRES into other extensions of TWAS, such as mdiitiglee approaches
(UTMOST & and SMultiXcan 2%), or variance component (Kernel) TWAS® or instrumentalariable

analysis*>*approaches.

The second developent discussed in this thesis, transTWAS!®, which includes THinked
translocated variants for model building. By conducting simulations and real data analysis, we further
showed that transFFWAS predicted a higher proportion of verifiable genes astdaled more
significant genes with higher accuracy compared to BWAS'#, indicating the strong validity of our

method. Our findings are in line with the evidence that tlacested genetic variants may have more
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impact on diseases than-tigated gentic variant§’1°4368 Additionally, we also highlighted several
geneticallydriven key regulators and their associated regulatory networks underlying disease
susceptibility. For our transFIFWAS, one critical step is to prioritize Finked translocatedvariants for
model building based on identifying Idis-regulatoryvariants and TF regulated downstream genes. The
concept of our approach can also be used to identify-koaaged variants based on long distabesed
epigenetic signals (>1Mb) such dgstdl chromatirchromatin interactiorenhancegene link, enhancer
gene correlation as well as trae@TLs3%3"2 Therefore, our transFTIFWAS will further strengthen
disease susceptibility gene discovery with increasing availability of extensive dfuigktasets in future
studies. Additionally, similar to sSFTFWAS, the prior information of THinked translocated variants can

also be integrated into other extensions of TWAS in future work.

The first two projects focus on applying of our novel TWASrapphes to common cancers,
including breast, prostate, and lung cancers. While cancer heterogeneity and cell heterogeneity play
crucial roles in cancer reseatththeir impact orthe discovery in this thesismains limited. Traditional
TWAS predominanyl 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 associatdu géhe 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 witin 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 geawticst If certain cell types or cancer
subpopulations exhibit distinct gene expression patterns, these genes may not reach statistical
significance, thus avoiding false positives in TWARvertheless, a potential approach disentangling

heterogeneity usmnsinglecell data should increase the discovery substantially.

The third development discussed in this thesis, rvTWABresents the extension of published
work in our group relating to the disentanglement of the TWAS frame&iStky incorporating ree
variants. We demonstrated rvyTWAS outperforms alternative protocols through simulations and real data
analysis in three neuropsychiatric disorders and opened a door for sefjasedessociation mappings
integrating gene expressions. Howeelimitation 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 locatiomagutation®’% The
very rare variants will have poor sharing, which are also difficult to impute. The spectrum of frequencies

that allows optimal use of vTWAS may be characterized in the future. Other future work includes the
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extension of rvTWAS to these of other middle omics data such as brain ima§fhgnd different
methods of feature aggregation other than kernel may also be tested.

The last development discussed in this thesis, IARBverages existing imaging data (such as
IDPs in the UK Biolank) to mediate genotygghenotype 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 pmrerful than a
hypothetical protocol in which the imaging data was available in the GWAS dataset, yieldisgwings
for integrated analysis of genetics and imaging. IMAS can also be extended to summary statistics based
on the idea of metaSKAY. However, in the initial GWAS, researchers in general generate summary
statistics using A&core or other means without involvement of kernel, whereas metaSKAT assumes that
the summary statistics in individual GWAS cohorts were generated by the kernel méAdq. (B/e
have not derived the model to carry out retenel 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 beneficialif 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 expresien int

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
heterogeneity/>. Many effortshave made to gather data for cansgecific cell lines. For example,
DepMap’tis extensively profiling hundreds of cancer cell line models to gather genomic information and
evaluate their sensitivity to genetic and small molecule perturbations. By combifongation from
diverse largescale datasets, the aim is to enhaheeomprehension of cancer vulnerabilitiewever it
is important to note that singtell transcriptome profiling is costly, and comprehensive reference panels
containing both singleell transcriptomic and genomic datsth large sample sizare not yet widely
accessible for training TWAS models, which limits the efforts to complement TWAS with sieiyle
profiling. Alternativdy, advanceapproaches are being explored to deconedutglecell data from bulk
sequencing datd® Leveraging computational algorithms and statistical methods, researchers can
extrapolate and decipher singlell information from bulk sequencing data, offering a -@d#ctive

substitute for directlyprofiling 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 gerexpression. 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 susceptibdisemse¥®. 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¥®°, are capble of identifying potential rSNPs, which is crucial for advancing our understanding of

disease mechanisms.

Lastly, comparing the first two projects (sTRWVAS and transTHWAS) to the last two projects
(rvTWAS and IMAS), we built the latter two projectaded on our datlridge 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 sizat the level of hundreds of thousarfésr instance, the breast cancer
data were obtained from the Breast Cancer Assoni&bnsortium (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 appliedto 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 tgddnathe
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 suscigjiity 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 molecubmacteristics and examining the
associations between genetic variants and gene expression specifically within each subtype, for example,
subtypespecific GWAS analyses have been applied to breast é&npeoviding materials for applying
our work to subtpe-specific TWAS using the methods developed in this th&sisocusing on subtype
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specific analyses, researchers can uncover sulspygefic genetic drivers and identify unique molecular
signatures associated with different disease subtypes.

Secondlywhile 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 comprehensiveo¥ithe biological mechanisms
underlying complex diseasdaclusionof multiple databridges (e.g, proteomics, epigenomics, etc) can
bestraightforwardlya c hi eved -byi dge of.Meissasthecauserthdie method of variant
selection foronedatabridge is independemd otherdatabridges in the model (e.g., transcriptomes and
brain imaging). Although different dataridges could be highly heterogenous in their sample sizes,
population structure, and functional roles, there is no neggdmusly adjust/rescale them globally. This
i s because, bhas ad edn fawrmefivmbatka t he variant select
weights of individually selected genetic variants may be the negative logarithms efaheep that
reflectthe effect sizes and the sample sizes. Additionally, some aggregation methods, e.g., kernel
machine, may be robust to low sigi@inoise ratio, resulting in smoother outcofi&s3

Thirdly, it should be noted that TF Ch#eqg data can be generatediiiferent cancer related cell
lines (i.e., various cell types/states and conditi§h¥}® Using the celtype specific TF with the strongest
association has the potential to maximize diseakged TF occupancies in downstream TWAS analysis.
Thereforejncorporating celtype specific TFs into our approach may further improved the susceptibility
gene discoveiy}’. As more epigenomic, chromatin interaction (e.g-CHBD), and singkeell multi-
omics data become available, there would be more oppaeritotexplore other omics data in different

model building for functional genetic studies.

Lastly, a more comprehensive anedigpth analysis is needed to provide a better understanding of
the disease mechanisms and fully comprehend the functions, rismeaand 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
newlyidentified 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 gemgzoteins. 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 anddiagal analysis, we have demonstrated
that our novel approaches improve the discovery of susceptible disease genes by utilizegalarge
omics data. Our findings provide additional insights into the genetic basis of human diseases, including
cancers andrhin disorders. While acknowledging the presence of limitations, the development of these
methods has paved the way for integrating-thaidges, such as transcriptomes and imaging data, into
genetic mapping. This integration holds promise for furtherrazbaents in understanding the complex

interplay between genetics and disease phenotypes.
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A Tables

Table A2.1. GWAS summary statistics data of Europmksstendants for breast, prostate and lung cancers

used in this study.

Cancer type Consortium (primary | Number of | Number of Reference
contributors) cases controls
Breast cancer BCAC 133,384 113,789 PMID: 32424353
Prostate cancer PRACTICAL 79,194 61,112 PMID: 29892016
Lung cancer TRICL-ILCCO and 29,266 56,450 PMID: 28604730
LC3

BCAC: the Breast Cancer Association Consortium

PRACTICAL: theProstate Cancekssociation Groupo InvestigateCancerAssociated 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 Téccupied 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 _FOXAl E2F1_FOXAl E2F1_FOXAl E2F1_FOXAl
TLE3_ZNF217 TLE3_ZNF217 TLE3_ZNF217 TLE3_ZNF217
FOXA1l_PML FOXA1l_PML FOXA1_PML FOXA1l_PML

NR2F2_FOXAl

NR2F2_FOXAl

NR2F2_FOXAl

NR2F2_FOXAl

FOXA1_ZNF217

FOXA1l_ZNF217

FOXA1_ZNF217

FOXA1l_ZNF217

FOXA1_SRF

FOXAL1_SRF

FOXAL1_SRF

FOXAL1_SRF

GREB1_ZNF217

GREB1_ZNF217

GREB1_ZNF217

GREB1_ZNF217

FOXA1_GREB1

FOXA1_GREB1

FOXA1_GREB1

FOXAl1_GREB1

FOXA1_TLES FOXA1_TLES FOXA1_TLES
FOXA1_SIN3AK FOXA1_SIN3AK FOXA1_SIN3AK
AR_ZNF217 AR_ZNF217 AR_ZNF217
ESR1_FOXAl ESR1_FOXAl ESR1_FOXAl
GREB1_TLES3 GREB1_TLE3 GREB1_TLE3

CTBP_ZNF217

CTBP_ZNF217

CTBP_ZNF217

ESR1_ZNF217

ESR1_ZNF217

ESR1_ZNF217

CTBP_FOXAl CTBP_FOXA1 CTBP_FOXAl
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_TLES

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
TLES TLES
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
MXI11 MXI11 MXI1
POLR2A POLR2A POLR2A
RELA RELA
EP300 EP300
H2AZ H2AZ
REST REST
RAD21 RAD21
MAZ
NR3C1
BRD4
MYC
MAX

SOX4




Table A2.3. Putative susceptibility genes identified from-3VW¥AS (50K), at a Bonferrontorrected P <

0.05 (gene expression plietion at R2 > 0.01). The-fPalues are the raw-falues from the Z score test
from TWAS (twosided).

Cancer Reported Region Gene P-value¢ | R?P Closet risk | Distanc

Type Status SNP¢ e to the
closet
risk
SNP
(Mb)

Breast | Novellocus | 14g32.11 NRDE2 1.46E12 | 0.02 rs941764 1.04

Cancer

Breast Novel locus 2935 PECR 5.48E08 | 0.16 | rs4442975 0.97

Cancer

Breast | Novel locus | 16g22.2 PHLPP2 1.50E07 | 0.19| rs13329835| 8.89

Cancer

Breast | Novel locus | 10926.13 DMBT1 1.76E06 | 0.18 | rs45631563| 0.97

Cancer

Breast Novel locus | 20q13.33 RGS19 2.36E06 | 0.07 | rs13039563| 10.39

Cancer

Breast | Novellocus | 9921.12 | RP11109D9.4| 5.78E06 | 0.16 | rs4742903 34.42

Cancer

Breast | Novel gene in| 10926.12| WDR11AS1 | 1.44E84 | 0.10 | rs11199914| 0.48

Cancer | GWAS locus

Breast | Novel gene in| 10926.13| NSMCE4A | 6.37E69 | 0.07 | rs45631563 0.37

Cancer | GWAS locus

Breast | Novel gene in| 10926.12| RP1195116.4 | 2.07E44 | 0.15| rs11199914| 0.45

Cancer | GWAS locus

Breast | Novel gene in| 22g13.2 TEF 9.46E23 | 0.10| rs73161324| 0.24

Cancer | GWAS locus

Breast | Novel gene in| 16912.2 | RP1144F14.6 | 1.60E20 | 0.14 | rs17817449 0.29

Cancer | GWAS locus

Breast | Novel gene in| 12p11.22 RP1t 3.44E18 | 0.01| rs7297051 0.14

Cancer | GWAS locus 967K21.1

Breast | Novel gene in| 19p13.11 IL12RB1 2.72E14 | 0.09 | rs4808801 0.36

Cancer | GWAS locus

Breast | Novel gene in| 10926.13 ARMS2 2.19E13 | 0.08 | rs45631563| 0.86

Cancer | GWAS locus

Breast | Novel gene in| 12p11.22 PPFIBP1 5.64E12 | 0.08 | rs7297051 0.33

Cancer | GWAS locus

Breast | Novel gene in| 19p13.11| AC005253.2 | 1.88E10 | 0.08 | rs4808801 0.10

Cancer | GWAS locus
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Breast | Novel gene in| 17921.31 RP1t 2.82E10 | 0.30| rs2532263 0.58
Cancer | GWAS locus 707023.1

Breast | Novel gene in| 14924.1 | CTD-2566J3.1| 5.73E10 | 0.33 | rs2588809 0.06
Cancer | GWAS locus

Breast | Novelgenein| 17922 | RP1125705.2| 7.26E10 | 0.23 | rs2787486 0.17
Cancer | GWAS locus

Breast | Novel gene in| 10926.12| RP1%95116.6 | 1.70E09 | 0.14 | rs11199914| 0.35
Cancer | GWAS locus

Breast | Novel gene in| 12p13.1 GRIN2B 2.56E09 | 0.04 | rs12422552| 0.28
Cancer | GWAS locus

Breast | Novel gene in| 6025.1 RN7SKP268 | 9.24E09 | 0.07 | rs3757322 0.30
Cancer | GWAS locus

Breast | Novel gene in| 22g12.1 | CTA292E10.8| 9.97E09 | 0.22 | rs17879961 | 0.09
Cancer | GWAS locus

Breast | Novel gene in| 15g26.1 CTD- 1.38E08 | 0.23| rs2290203 0.35
Cancer | GWAS locus 3065B20.3

Breast | Novel gene in| 17g21.32 WNTOB 1.93E08 | 0.01| rs2532263 0.66
Cancer | GWAS locus

Breast | Novel gene in| 22q13.1 LGALS2 4.97E08 | 0.01 rs738321 0.59
Cancer | GWAS locus

Breast | Novel gene in| 12p11.22 RP11 7.31E08 | 0.19| rs7297051 0.16
Cancer | GWAS locus 425D17.1

Breast | Novel gene in| 5q31.1 RAD50 1.61E07 | 0.08| rs6596100 0.43
Cancer | GWAS locus

Breast | Novel gene in| 5¢31.1 SLC22A5 2.93E07 | 0.21| rs6596100 0.68
Cancer | GWAS locus

Breast | Novel gene in| 7021.3 BET1 3.16E07 | 0.05| rs17268829| 0.48
Cancer | GWAS locus

Breast | Novel gene in| 17921.31| RP11798G7.8| 3.84E07 | 0.09 | rs2532263 0.64
Cancer | GWAS locus

Breast | Novel gene in| 2p23.3 | DNAJC27AS1| 5.74E07 | 0.08 | rs6725517 0.06
Cancer | GWAS locus

Breast | Novel genein| 122 UBQLN4 6.09E07 | 0.15| rs4971059 0.86
Cancer | GWAS locus

Breast | Novel gene in| 2p23.3 CENPO 1.00EO06 | 0.02| rs6725517 0.08
Cancer | GWAS locus

Breast | Novel gene in| 5p15.33 EXOC3 1.12E06 | 0.16 | rs62641919| 0.10
Cancer | GWAS locus

Breast | Novel gene in| 5g31.1 KIF3A 1.29E06 | 0.02| rs6596100 0.33
Cancer | GWASIocus

Breast | Novel gene in| 17g21.31 NSF 1.99E06 | 0.07 | rs2532263 0.42
Cancer | GWAS locus
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Breast | Novel gene in| 9p21.3 RP1% 3.54E06 | 0.04| rs1011970 0.71
Cancer | GWAS locus 370B11.3

Breast | Novel genein| 17q21.31| FAM215B 6.20E06 | 0.07 | rs2532263 0.38
Cancer | GWAS locus

Breast Reported 5p12 RP1153019.1| 5.39E46 | 0.08 | rs10941679| 0.04
Cancer gene

Breast Reported 2033.1 ALS2CR12 | 3.27E16 | 0.19| rs1830298 0.03
Cancer gene

Breast Reported 2033.1 CASP8 2.41E15 | 0.21| rs1830298 0.03
Cancer gene

Breast Reported | 19p13.11 LRRC25 3.80E12 | 0.08| rs4808801 0.06
Cancer gene

Breast Reported | 17921.31 ARL17A 2.79E10 | 0.17 | rs2532263 0.34
Cancer gene

Breast Reported 15¢26.1 RCCD1 4.09E10 | 0.17| rs2290203 0.01
Cancer gene

Breast Reported | 17921.31| KANSLXAS1 | 6.14E10 | 0.64 | rs2532263 0.02
Cancer gene

Breast Reported | 17921.31 CRHR1 7.74E10 | 0.11 | rs2532263 0.34
Cancer gene

Breast Reported | 17921.31] LRRC37A | 1.15E09 | 0.37 | rs2532263 0.12
Cancer gene

Breast Reported 1p33 NSUN4 1.94E09 | 0.12| rs1707302 0.20
Cancer gene

Breast Reported | 17921.31| LRRC37A2 | 8.05E09 | 0.66 | rs2532263 0.34
Cancer gene

Breast Reported 3p24.1 LRRC3B 2.08E08 | 0.11| rs4973768 0.66
Cancer gene

Breast Reported | 17921.32 WNT3 3.37E08 | 0.09 | rs2532263 0.59
Cancer gene

Breast Reported | 19p13.11 SSBP4 3.70E08 | 0.15| rs4808801 0.03
Cancer gene

Breast Reported 1p36.13 KLHDC7A | 4.42E08 | 0.19 | rs2992756 0.00
Cancer gene

Breast Reported 2¢31.1 CYBRD1 5.49E08 | 0.32 | rs2016394 0.55
Cancer gene

Breast Reported | 19p13.11 HAPLN4 7.59E08 | 0.15| rs2965183 0.17
Cancer gene

Breast Reported 6p22.2 BTN3A2 2.64E07 | 0.56 | rs71557345| 0.30
Cancer gene

Breast Reported 1922 THBS3 7.64E07 | 0.11 | rs4971059 0.02
Cancer gene
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Breast Reported 3g12.1 CMSS1 9.66E07 | 0.06| rs9833888 0.18
Cancer gene

Breast Reported | 17g21.31| PLEKHM1 1.01E06 | 0.17 | rs2532263 0.68
Cancer gene

Breast Reported 5g31.1 ZCCHC10 | 1.72E06 | 0.08 | rs6596100 0.04
Cancer gene

Breast Reported | 19p13.11 SUGP1 3.04E06 | 0.03| rs2965183 0.11
Cancer gene

Prostate| Novel locus | 6p21.33 LY6G5B 6.04E09 | 0.36 | rs9275160 1.01
Cancer

Prostate| Novel locus | 21g22.3 AGPAT3 6.85E07 | 0.06 | rs9978557 2.35
Cancer

Prostate| Novellocus | 21g21.3 | AP000223.42| 8.11E07 | 0.10| rs11701433| 13.34
Cancer

Prostate| Novellocus 2g37.1 EFHD1 2.37E06 | 0.21 | rs74001374| 4.82
Cancer

Prostate| Novel locus | 17921.33 LRRC59 2.90E06 | 0.08 | rs565189650| 1.05
Cancer

Prostate| Novel locus | 18p11.31| LINC00526 | 3.34E06 | 0.17 | rs8089411 | 49.01
Cancer

Prostate| Novel gene in| 6g25.3 SNORA29 | 6.32E57 | 0.08 rs963800 0.06
Cancer | GWAS locus

Prostate| Novel gene in| 8p21.3 CHMP7 3.31E17 | 0.08 | rs6557704 0.35
Cancer | GWAS locus

Prostate| Novel gene in| 6p21.1 FOXP4AS1 | 7.46E14 | 0.09 | rs4714485 0.02
Cancer | GWAS locus

Prostate| Novel gene in| 6p22.1 RPP21 1.02E11 | 0.37 | rs62407547| 0.10
Cancer | GWASIocus

Prostate| Novel gene in| 12921.33 GALNT4 1.82E11 | 0.01| rs4842687 0.24
Cancer | GWAS locus

Prostate| Novel gene in| 9p22.1 SAXO1 3.76E11 | 0.06 | rs10122990 0.02
Cancer | GWAS locus

Prostate| Novel gene in| 14g22.1 Cl4orfl66 | 1.75E10 | 0.04| rs4901313 0.91
Cancer | GWAS locus

Prostate | Novel gene in| 10g22.3 RP11 7.04E09 | 0.04| rs12412705| 0.86
Cancer | GWAS locus 479017.12

Prostate| Novel gene in| 22g13.2 | EFCABGASL | 9.76E09 | 0.24 | rs5759167 0.41
Cancer | GWAS locus

Prostate| Novel gene in| 199q13.41| CTG518B2.9 | 1.11E08 | 0.08 | rs76765083| 0.17
Cancer | GWAS locus

Prostate| Novel gene in| 4¢22.3 UNC5C 6.70E08 | 0.09 | rs6853490 0.54
Cancer | GWAS locus
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Prostate| Novel gene in| 3913.12 RP1t 7.97E08 | 0.03| rs1283104 0.09
Cancer | GWAS locus 446H18.6

Prostate| Novel gene in| 8p23.1 AF131215.9 | 1.48E07 | 0.25| rs2572375 0.25
Cancer | GWAS locus

Prostate| Novel gene in| 9p21.3 | RP1%170L8.5 | 2.65E07 | 0.05| rs17694493| 0.15
Cancer | GWAS locus

Prostate| Novel gene in| 20913.33 EEF1A2 4.90E07 | 0.18 rs381331 0.10
Cancer | GWAS locus

Prostate| Novel gene in| 1g25.3 | RP11181K3.4| 5.54E07 | 0.08 | rs56677963| 0.08
Cancer | GWAS locus

Prostate| Novel gene in| 20913.33 MIR647 6.17E07 | 0.08 | rs1058319 0.20
Cancer | GWAS locus

Prostate| Novel gene in| 12921.33| ATP2B1AS1 | 1.21E06 | 0.10 | rs4842687 0.05
Cancer | GWAS locus

Prostate| Novel gene in| 3p24.3 SATB1AS1 | 1.92E06 | 0.04 | rs6550597 0.22
Cancer | GWAS locus

Prostate| Novel gene in| 8p23.1 AF131215.2 | 2.80E06 | 0.31| rs2572375 0.25
Cancer | GWAS locus

Prostate| Novel gene in| 6p21.32 PRRT1 4.32E06 | 0.11 | rs9275160 0.53
Cancer | GWAS locus

Prostate Reported 8g24.21 PCAT1 6.48E31 | 0.04| rs7463326 0.01
Cancer gene

Prostate Reported 7pl15.2 HIBADH 1.17E30 | 0.07| rs6956484 0.00
Cancer gene

Prostate Reported 7921.3 TECPR1 3.84E28 | 0.07 | rs127507726| 0.16
Cancer gene 9

Prostate Reported 7921.3 BHLHA15 1.24E21 | 0.07 | rs127507726] 0.15
Cancer gene 9

Prostate Reported 8g24.21 PVT1 5.62E21 | 0.14 | rs12549761 0.27
Cancer gene

Prostate Reported 4922.3 BMPR1B 1.74E18 | 0.14| rs6853490 0.13
Cancer gene

Prostate Reported 2p15 AC092155.4 | 3.83E18 | 0.11 | rs11125927| 0.06
Cancer gene

Prostate Reported 3pll.2 CHMP2B 2.68E17 | 0.12| rs114810266| 0.09
Cancer gene

Prostate Reported 2g31.1 PDK1 2.37E14 | 0.01| rs77167534| 0.10
Cancer gene

Prostate Reported 8p21.3 LOXL2 5.76E13 | 0.03| rs6557704 0.19
Cancer gene

Prostate Reported | 22qg11.21 TBX1 1.43E11 | 0.29| rs1978060 0.01
Cancer gene
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Prostate Reported 2p15 UGP2 8.75E11 | 0.02 | rs139283528| 0.13
Cancer gene

Prostate Reported 11g13.5 EMSY 1.10E10 | 0.08 | rs148310329| 0.00
Cancer gene 3

Prostate Reported | 10g24.32| MFSD13A | 1.64E10 | 0.41| rs12262998 | 0.19
Cancer gene

Prostate Reported 21922.3 TMPRSS2 | 5.06E10 | 0.26 | rs9978557 0.02
Cancer gene

Prostate Reported 17p13.3 FAM57A 8.55E10 | 0.41 rs684232 0.02
Cancer gene

Prostate Reported 2pll.2 GGCX 9.73E10 | 0.23| rs2028900 0.00
Cancer gene

Prostate Reported | 10024.32| RPARPAS1 | 1.91E09 | 0.14 | rs12262998 | 0.21
Cancer gene

Prostate Reported 70921.3 BRI3 2.24E09 | 0.06 | rs127507726| 0.19
Cancer gene 9

Prostate Reported 10925.2 | RP1157H14.2| 2.31E08 | 0.12 | rs10885396| 0.00
Cancer gene

Prostate Reported 2p25.1 NOL10 7.16E08 | 0.06 | rs1990613 0.05
Cancer gene

Prostate Reported | 129g13.12 ciQL4 1.28E07 | 0.28 | rsb6222401| 0.05
Cancer gene

Prostate Reported 6p21.33 CLIC1 1.48E07 | 0.04| rs9275160 0.95
Cancer gene

Prostate Reported 7921.3 RP1t 1.52E07 | 0.14 | rs127507726] 0.26
Cancer gene 307C18.1 9

Prostate Reported 3013.2 SIDT1 1.93E07 | 0.10| rs2271494 0.05
Cancer gene

Prostate Reported 3025.1 MBNL1 1.93E07 | 0.10 | rs747791781] 0.05
Cancer gene g25.2

Prostate Reported | 20g11.21 DNMT3B 2.86E07 | 0.04 | rs149149158| 0.00
Cancer gene 0

Prostate Reported 4913.3 RASSF6 3.22E07 | 0.05| rs17804499| 0.01
Cancer gene

Prostate Reported 2p15 WDPCP 3.44E07 | 0.11 | rs58235267| 0.07
Cancer gene

Prostate Reported 2g33.1 CASP10 3.71E07 | 0.40| rsl1861270 0.03
Cancer gene

Prostate Reported | 10g24.32 SUFU 547607 | 0.03| rs12262998 | 0.04
Cancer gene

Prostate Reported 16923.3 SDR42E1 | 7.30E07 | 0.06 | rs8052913 0.12
Cancer gene
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Prostate Reported 6925.3 WTAP 9.71E07 | 0.28 rs963800 0.00
Cancer gene
Prostate Reported 7p21.1 SP8 1.46E06 | 0.07 | rs9655205 0.17
Cancer gene
Prostate Reported 4931.3 RPS3A 2.92E06 | 0.03 | rs147762399| 0.00
Cancer gene
Lung Novellocus 5g23.3 HINT1 1.56E61 | 0.07 | rs150464151] 16.92
Cancer
Lung Novel locus | 6p22.1 HLA-G 5.39E13 | 0.22 | rs4324798 1.02
Cancer
Lung Novel locus | 6p22.2 | RP1221C16.8| 9.58E10 | 0.02| rs4324798 2.64
Cancer
Lung Novel locus | 6p22.1 ZNRD1 3.93E09 | 0.16 | rs4324798 1.25
Cancer
Lung Novel locus | 6p22.1 TRIM31 6.51E09 | 0.17 | rs4324798 1.29
Cancer
Lung Novel locus 6p22.1 HCP5B 3.68E07 | 0.68 | rs4324798 1.06
Cancer
Lung Novel locus | 6p22.2 BTN3A3 1.23E06 | 0.16 | rs4324798 2.35
Cancer
Lung Novel gene in| 15¢g25.1 ACSBG1 3.25E20 | 0.03| rs8034191 0.27
Cancer | GWASIocus
Lung Novel gene in| 15¢g25.1 TMED3 1.06E17 | 0.02| rs8042374 0.70
Cancer | GWAS locus
Lung Novel gene in| 6p21.33 HCP5 2.95E14 | 0.05| rs3094604 0.00
Cancer | GWAS locus
Lung Novel gene in| 6p21.33 PPP1R18 | 8.55E13 | 0.07 | rs3094604 0.78
Cancer | GWAS locus
Lung Novel gene in| 19q13.2 CTG 7.09E12 | 0.04 | rs56113850 0.01
Cancer | GWAS locus 490E21.11
Lung Novel gene in| 6p21.33 GPANK1 1.45E11 | 0.06 | rs3117582 0.01
Cancer | GWAS locus
Lung Novel gene in| 5p15.33 MRPL36 6.59E08 | 0.05| rs56397275| 0.43
Cancer | GWASIocus
Lung Novel gene in| 6p21.32 HCG23 4.01E07 | 0.27 | rs3817963 0.01
Cancer | GWAS locus
Lung Novel gene in| 6p21.32 PFDNG6 8.59E07 | 0.02| rs2179920 0.20
Cancer | GWAS locus
Lung Novel gene in| 6p21.33 XXbae 1.71E06 | 0.50 | rs3094604 0.27
Cancer | GWAS locus BPG299F13.1

7
Lung Reported 15925.1 IREB2 2.07E59 | 0.03| rs8034191 0.01
Cancer gene
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Lung Reported 15925.1 PSMA4 1.33E31 | 0.08 | rs55781567| 0.01
Cancer gene
Lung Reported 15¢25.1 CHRNA3 3.68E27 | 0.09| rs8042374 0.01
Cancer gene
Lung Reported 15¢25.1 CHRNAS5 1.93E24 | 0.17| rsb5781567 | 0.00
Cancer gene
Lung Reported 6p21.33 FLOT1 4.42E18 | 0.30| rs3094604 0.72
Cancer gene

Lung Reported 6p21.33 C4A 190E16 | 0.34 | rs3117582 0.33
Cancer gene
Lung Reported 15g25.1 CTSH 9.69E12 | 0.05| rs8042374 0.31
Cancer gene
Lung Reported 6p22.1 ZFP57 5.19E09 | 0.70 | rs4324798 0.86
Cancer gene

Lung Reported 11923.3 MPZL3 2.60E08 | 0.09| rs1056562 0.00
Cancer gene

Lung Reported 6p21.33 CCHCR1 3.52E08 | 0.49 | rs3094604 0.31
Cancer gene
Lung Reported 6027 RNASET2 | 5.33E08 | 0.20| rs6920364 0.01
Cancer gene
Lung Reported 11923.3 JAML 2.21E07 | 0.05| rs1056562 0.03
Cancer gene
Lung Reported 6p21.33 HLA-C 8.82E07 | 0.68 | rs3094604 0.19
Cancer gene
Lung Reported 6p21.33 SFTA2 9.07E07 | 0.22 | rs3094604 0.51
Cancer gene

Lung Reported 6927 FGFR10OP | 2.63E06 | 0.02| rs6920364 0.04
Cancer gene
Lung Reported 15921.1 | SECISBP2L | 3.18E06 | 0.18 | rs77468143| 0.04
Cancer gene

Note:
a. P-value: derived from 50K, considered statisticalignificant on the basis of Bonferroni correction

b. R2: prediction performance of gene expression predicted fgeaistic variants. The predictive
model with the most significant association was presented.

d. Closest risk SNP: identified by prieus GWAS or finemapping studies. The risk SNP closest to
the gene is listed.
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Table A2.4. Putative susceptibiligenes identified from spTFTWAS (50K), at a Bonferrontorrected
P < 0.05 (gene expression prediction at R2 > 0.1). Tadres are the raw-¥alues from the Z score test
from TWAS (twosided).

Cancer| Reported Gene P value R2P Region | Closet Risk | Distance

Type status a SNP° to the
Closet
Risk
SNP
(1Mb)

Breast | Novel locus| SLC38A9 | 2.02E 0.05 5g11.2 | rs62355902 | 0.98

Cancer 18

Breast | Novel locus| TM7SF3 8.06E 0.02 | 12p11.23] rs7297051 1.01

Cancer 15

Breast | Novel locus| TM7SF3 241E 0.10 | 12pl11.23] rs7297051 1.01

Cancer 10

Breast | Novel locus| SLC38A9 | 1.73E 0.15 5011.2 | rs62355902 0.98

Cancer o7

Breast | Novel locus PIGG 2.16E 0.06 4p16.3 rs495367 1.45

Cancer o7

Breast | Novel locus ZNF19 5.87E 0.09 16g22.2 | rs13329835 9.05

Cancer 07

Breast | Novel locus| SLC25A44 | 7.26E 0.29 1922 rs4971059 1.02

Cancer 07

Breast | Novel locus BGLAP 9.30E 0.02 1922 rs4971059 1.07

Cancer 07

Breast | Novel locus| SLC25A44 | 9.61E 0.12 1922 rs4971059 1.02

Cancer 07

Breast | Novel locus| CARMIL1 | 1.38E 0.06 6p22.2 | rs71557345 1.06

Cancer 06

Breast | Novel locus MST1 1.46E 0.36 3p21.31| rs6796502 2.86

Cancer 06

Breast | Novel locus VASH1 1.46E 0.02 14924.3 rs999737 8.19

Cancer 06

Breast | Novel locus RILPL1 1.47E 0.14 | 12924.31 rs2464195 2.47

Cancer 06

Breast | Novel locus MSH3 1.58E 0.04 5q14.1 rs7707921 1.37

Cancer 06

Breast | Novel locus BGLAP 1.63E 0.04 1922 rs4971059 1.07

Cancer 06

Breast | Novel gene WDR11 2.26E 0.06 | 100926.12] rs11199914 0.42

Cancer | in GWAS 99

locus
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Breast | Novel gene WDR11 1.40E 0.06 | 100926.12] rs11199914 0.42
Cancer| in GWAS 98

locus
Breast | Novel gene| IGHMBP2 | 2.02E 0.09 11913.3 rs554219 0.58
Cancer| in GWAS 43

locus
Breast | Novel gene| IGHMBP2 | 3.34E 0.10 11913.3 rs554219 0.58
Cancer| in GWAS 43

locus
Breast | Novel gene PPFIA1 8.68E 0.08 11913.3| rs75915166 0.71
Cancer| in GWAS 34

locus
Breast | Novel gene IL6ST 3.36E 0.16 5911.2 | rs62355902 0.76
Cancer| in GWAS 29

locus
Breast | Novel gene IL6ST 1.82E 0.04 5911.2 | rs62355902 0.76
Cancer| in GWAS 24

locus
Breast | Novel gene USP25 3.28E 0.04 21921.1| rs2823093 0.58
Cancer | in GWAS 24

locus
Breast | Novel gene WDR11 3.93E 0.12 | 10926.12] rs11199914 0.42
Cancer | in GWAS 24

locus
Breast | Novel gene| NSMCE4A | 3.31E 0.21 | 10926.13] rs45631563 0.37
Cancer | in GWAS 23

locus
Breast | Novel gene ARMCG6 8.58E 0.05 |19p13.11] rs2965183 0.37
Cancer | in GWAS 23

locus
Breast | Novel gene| NSMCE4A | 1.63E 0.03 | 10926.13 rs45631563 0.37
Cancer | in GWAS 21

locus
Breast | Novel gene| ORAOV1 | 3.98E 0.22 11913.3| rs75915166 | 0.09
Cancer | in GWAS 21

locus
Breast | Novel gene TACC2 1.14E 0.05 | 10926.13] rs45631563 | 0.40
Cancer | in GWAS 19

locus
Breast | Novel gene| ARMCG6 6.49E 0.02 | 19p13.11] rs2965183 0.37
Cancer | in GWAS 19

locus
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Breast | Novel gene| CTNNAL1 | 1.48E 0.03 9931.3 rs676256 0.81
Cancer| in GWAS 16

locus
Breast | Novel gene| ARMCG6 3.87E 0.02 | 19p13.11] rs2965183 0.37
Cancer | in GWAS 15

locus
Breast | Novel gene SS18 6.70E 0.02 18q11.2 rs527616 0.67
Cancer| in GWAS 15

locus
Breast | Novel gene PICK1 1.88E 0.01 22913.1 rs738321 0.10
Cancer| in GWAS 12

locus
Breast | Novel gene TRIP11 2.01E 0.04 | 14932.12] rs941764 0.59
Cancer| in GWAS 12

locus
Breast | Novel gene SGCE 4.99E 0.33 70921.3 | rs17268829 0.10
Cancer| in GWAS 12

locus
Breast | Novel gene PTPN4 8.02E 0.03 2q14.2 rs4849887 0.50
Cancer | in GWAS 12

locus
Breast | Novel gene| XPNPEP3 | 1.62E 0.40 22913.2| rs6001930 0.38
Cancer | in GWAS 11

locus
Breast | Novel gene| ZC3H7B 3.54E 0.19 22913.2 | rs73161324 0.28
Cancer | in GWAS 11

locus
Breast | Novel gene| MRPL21 6.77E 0.15 11913.3 rs554219 0.61
Cancer | in GWAS 11

locus
Breast | Novel gene| MTERF1 6.85E 0.05 7921.2 rs6964587 0.12
Cancer | in GWAS 11

locus
Breast | Novel gene| ORAOV1 | 1.08E 0.37 11913.3| rs75915166 | 0.09
Cancer | in GWAS 10

locus
Breast | Novel gene ZBTB2 1.59E 0.05 6025.1 rs3757322 0.23
Cancer | in GWAS 10

locus
Breast | Novel gene ASHI1L 1.67E 0.03 1922 rs4971059 0.16
Cancer | in GWAS 10

locus
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Breast | Novel gene| SETMAR | 1.83E 0.10 3p26.1 rs6762644 0.38
Cancer| in GWAS 10

locus
Breast | Novel gene RADS0 2.16E 0.17 5031.1 rs6596100 0.43
Cancer| in GWAS 10

locus
Breast | Novel gene PTPN4 2.20E 0.03 2q14.2 rs4849887 0.50
Cancer| in GWAS 10

locus
Breast | Novel gene| C5orf56 2.67E 0.15 5g31.1 rs6596100 0.58
Cancer| in GWAS 10

locus
Breast | Novel gene MSTO1 3.16E 0.02 1922 rs4971059 0.43
Cancer| in GWAS 10

locus
Breast | Novel gene| KANSL1 3.24E 0.75 |17921.31] rs2532263 0.05
Cancer| in GWAS 10

locus
Breast | Novel gene CTTN 3.34E 0.09 11913.3| rs75915166 0.83
Cancer | in GWAS 10

locus
Breast | Novel gene| GTPBP1 5.56E 0.14 220913.1 | rs868638441| 0.23
Cancer | in GWAS 10

locus
Breast | Novel gene| GTPBP1 6.80E 0.04 22913.1 | rs868638441| 0.23
Cancer | in GWAS 10

locus
Breast | Novel gene| KANSL1 7.52E 0.04 | 17921.31] rs2532263 0.05
Cancer | in GWAS 10

locus
Breast | Novel gene| LINC-PINT | 9.33E 0.18 7032.3 rs4593472 0.04
Cancer | in GWAS 10

locus
Breast | Novel gene| XPNPEP3 | 1.61E 0.03 22913.2| rs6001930 0.38
Cancer | in GWAS 09

locus
Breast | Novel gene| LINC-PINT | 2.88E 0.30 7932.3 rs4593472 0.04
Cancer | in GWAS 09

locus
Breast | Novel gene CLK2 4.16E 0.06 1922 rs4971059 0.09
Cancer | in GWAS 09

locus
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Breast | Novel gene| KANSL1 4.66E 0.05 | 17921.31 rs2532263 0.05
Cancer | in GWAS 09

locus
Breast | Novel gene WDR11 5.39E 0.04 | 10926.12] rs11199914 0.42
Cancer| in GWAS 09

locus
Breast | Novel gene| FAM91Al | 6.53E 0.12 8024.13 | rs17350191 0.02
Cancer| in GWAS 09

locus
Breast | Novel gene| MAN2A2 7.69E 0.04 15926.1| rs2290203 0.05
Cancer| in GWAS 09

locus
Breast | Novel gene| TFCP2L1 | 8.31E 0.05 2q14.2 rs4849887 0.73
Cancer| in GWAS 09

locus
Breast | Novel gene| MIPOL1 9.69E 0.03 14921.1 | rs752059786| 0.53
Cancer| in GWAS 09

locus
Breast | Novelgene PPFIAL 1.19E 0.06 11913.3| rs75915166 0.71
Cancer| in GWAS 08

locus
Breast | Novel gene NASP 1.22E 0.06 1p34.1 rs1707302 0.52
Cancer| in GWAS 08

locus
Breast | Novel gene ATXN3 1.72E 0.04 | 14932.12] rs11627032 0.53
Cancer | in GWAS 08

locus
Breast | Novelgene ZNF311 1.72E 0.04 6p22.1 rs9257408 0.04
Cancer | in GWAS 08

locus
Breast | Novel gene ATXN3 2.96E 0.12 | 14932.12] rs11627032 0.53
Cancer | in GWAS 08

locus
Breast | Novel gene GCSH 5.51E 0.14 16023.2 | rs13329835 0.47
Cancer | in GWAS 08

locus
Breast | Novelgene | RHBDD3 5.58E 0.17 22912.2 rs132390 0.03
Cancer | in GWAS 08

locus
Breast | Novel gene MTSS1 5.74E 0.21 8024.13 | rs17350191 0.81
Cancer | in GWAS 08

locus

161




Breast | Novel gene ATE1 7.13E 0.08 | 10026.13] rs45631563 | 0.15
Cancer| in GWAS 08

locus
Breast | Novelgene GON4L 8.28E 0.09 1922 rs4971059 0.57
Cancer| in GWAS 08

locus
Breast | Novel gene| CTDSP1 8.50E 0.18 2935 rs16857609 0.97
Cancer| in GWAS 08

locus
Breast | Novel gene SGCE 1.33E 0.16 70921.3 | rs17268829 0.10
Cancer| in GWAS 07

locus
Breast | Novel gene NASP 1.48E 0.11 1p34.1 rs1707302 0.52
Cancer | in GWAS 07

locus
Breast | Novel gene| AC018816.3] 1.65E 0.16 3p26.1 rs6762644 0.11
Cancer| in GWAS 07

locus
Breast | Novel gene GON4L 1.87E 0.08 1922 rs4971059 0.57
Cancer | in GWAS 07

locus
Breast | Novel gene GOSR1 1.90E 0.11 17q11.2| rs10612648 0.38
Cancer | in GWAS 07

locus
Breast | Novel gene PTPN4 1.92E 0.05 2q14.2 rs4849887 0.50
Cancer | in GWAS 07

locus
Breast | Novel gene RNF212 2.43E 0.12 4p16.3 rs495367 0.87
Cancer | in GWAS 07

locus
Breast | Novel gene RADS0 2.58E 0.04 5031.1 rs6596100 0.43
Cancer | in GWAS 07

locus
Breast | Novel gene WDR11 2.77E 0.08 | 10926.12] rs11199914 0.42
Cancer | in GWAS 07

locus
Breast | Novel gene SGCE 2.80E 0.33 7921.3 | rs17268829| 0.10
Cancer | in GWAS 07

locus
Breast | Novel gene SS18 2.85E 0.12 18q11.2 rs527616 0.67
Cancer | in GWAS 07

locus
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Breast | Novel gene| NUTM2B 3.02E 0.04 10922.3 rs704010 0.58
Cancer| in GWAS AS1 07

locus
Breast | Novel gene GCSH 3.03E 0.16 16923.2 | rs13329835| 0.47
Cancer| in GWAS 07

locus
Breast | Novel gene| NSMCE4A | 3.67E 0.03 | 10026.13| rs45631563 | 0.37
Cancer| in GWAS 07

locus
Breast | Novel gene NASP 5.38E 0.05 1p34.1 rs1707302 0.52
Cancer| in GWAS 07

locus
Breast | Novel gene TFG 5.82E 0.03 3q12.2 rs9833888 0.70
Cancer| in GWAS 07

locus
Breast | Novel gene GGAl 6.03E 0.05 22913.1 rs738321 0.54
Cancer| in GWAS 07

locus
Breast | Novel gene TRAK2 7.21E 0.03 2033.1 rs1830298 0.06
Cancer | in GWAS 07

locus
Breast | Novel gene ATXN3 7.22E 0.08 |14932.12] rs11627032 0.53
Cancer | in GWAS 07

locus
Breast | Novel gene P4HAZ2 9.54FE 0.30 5031.1 rs6596100 0.78
Cancer | in GWAS 07

locus
Breast | Novel gene| PPP1R37 | 1.28E 0.03 |19013.32| rs1263619624 0.53
Cancer | in GWAS 06

locus
Breast | Novel gene P4HA2 1.55E 0.02 5031.1 rs6596100 0.78
Cancer | in GWAS 06

locus
Breast | Novel gene P4HA2 1.55E 0.03 5031.1 rs6596100 0.78
Cancer | in GWAS 06

locus
Breast | Novel gene MAGI3 1.60E 0.07 1p13.2 | rs11552449 0.22
Cancer | in GWAS 06

locus
Breast | Novel gene TPCN2 1.73E 0.07 11913.3 rs554219 0.35
Cancer | in GWAS 06

locus
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Breast | Novel gene MSTO1 1.81E 0.16 1922 rs4971059 0.43
Cancer| in GWAS 06
locus
Breast | Novel gene TNS1 1.94E 0.13 2035 rs16857609 | 0.37
Cancer| in GWAS 06
locus
Breast Reported SETD9 2.45E 0.02 5011.2 | rs62355902 | 0.15
Cancer gene 89
Breast Reported SETD9 1.73E 0.08 5011.2 | rs62355902 | 0.15
Cancer gene 25
Breast Reported NIF3L1 1.23E 0.03 2033.1 rs1830298 0.41
Cancer gene 13
Breast Reported CASPS8 5.76E 0.30 2033.1 rs1830298 0.03
Cancer gene 13
Breast Reported MAFF 4.87E 0.18 22913.1 rs738321 0.03
Cancer gene 11
Breast Reported PLA2G6 6.52E 0.06 22913.1 rs738321 0.03
Cancer gene 11
Breast Reported CASPS8 7.20E 0.21 2033.1 rs1830298 0.03
Cancer gene 11
Breast Reported FAM189B | 1.21E 0.06 1922 rs4971059 0.07
Cancer gene 10
Breast Reported MUC1 1.77E 0.41 1922 rs4971059 0.01
Cancer gene 10
Breast Reported MAFF 6.80E 0.02 22913.1 rs738321 0.03
Cancer gene 10
Breast Reported AKAP9 6.87E 0.04 7921.2 rs6964587 0.06
Cancer gene 10
Breast Reported ESR1 8.31E 0.03 6025.1 rs2747652 0.01
Cancer gene 10
Breast Reported SSBP4 1.19E 0.08 |19p13.11] rs4808801 0.03
Cancer gene 09
Breast Reported KRIT1 1.74E 0.02 7921.2 rs6964587 0.20
Cancer gene 09
Breast Reported | ARHGAP27| 2.06E 0.05 | 17921.31 rs2532263 0.74
Cancer gene 09
Breast Reported NSUN4 3.70E 0.10 1p33 rs1707302 0.20
Cancer gene 09
Breast Reported ATP13Al | 441E 0.04 | 19p13.11] rs2965183 0.21
Cancer gene 09
Breast Reported MUC1 1.38E 0.88 1922 rs4971059 0.01
Cancer gene 08
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Breast Reported PLA2G6 1.70E 0.12 22913.1 rs738321 0.03
Cancer gene 08

Breast Reported EFNA1 1.71E 0.19 1922 rs4971059 0.04
Cancer gene 08

Breast Reported MUC1 2.73E 0.88 1922 rs4971059 0.01
Cancer gene 08

Breast Reported NSUN4 3.27E 0.11 1p33 rs1707302 0.20
Cancer gene 08

Breast Reported NSUN4 1.08E 0.11 1p33 rs1707302 0.20
Cancer gene 07

Breast Reported | PLEKHM1 | 1.31E 0.13 | 17921.31 rs2532263 0.68
Cancer gene 07

Breast Reported NSUN4 1.76E 0.20 1p33 rs1707302 0.20
Cancer gene 07

Breast Reported SUGP1 2.24E 0.08 | 19p13.11] rs2965183 0.11
Cancer gene 07

Breast Reported MEF2B 4.89E 0.06 | 19p13.11] rs2965183 0.26
Cancer gene 07

Breast Reported PLA2G6 1.38E 0.10 22913.1 rs738321 0.03
Cancer gene 06

Breast Reported CYBRD1 1.56E 0.16 2031.1 rs2016394 0.55
Cancer gene 06

Breast Reported | ARHGAP27| 1.74E 0.29 | 17921.31 rs2532263 0.74
Cancer gene 06

Prostate| Novel locus| DCAF17 1.34E 0.04 20931.1 | rs77167534 0.97
Cancer 09

Prostate| Novel locus| GDPD5 1.33E 0.05 | 11913.4 | rs1483103293 1.03
Cancer 08 ql3.5

Prostate| Novel locus ARL16 1.59E 0.59 17925.3 | rs148351530| 10.56
Cancer 08

Prostate| Novel locus| DPY19L2 1.73E 0.03 12q14.2 | rs7968403 0.95
Cancer 08

Prostate| Novel locus BAG6 1.89E 0.09 6p21.33| rs9275160 1.03
Cancer 08

Prostate| Novel locus| KLF3-AS1 | 7.00E 0.18 4pl4 rs17804499 | 34.91
Cancer 07

Prostate| Novel gene| MRGPRF 1.61E 0.11 119g13.3| rs3018690 0.10
Cancer| in GWAS AS1 65

locus
Prostate| Novel gene| IGHMBP2 | 3.06E 0.01 11g13.3| rs3018690 0.17
Cancer| in GWAS 56
locus

165




Prostate| Novel gene| MRGPRF | 9.56E 0.03 11913.3| rs3018690 0.10
Cancer| in GWAS AS1 43

locus
Prostate| Novel gene KLK11 1.09E 0.06 | 19913.41] rs76765083 | 0.16
Cancer| in GWAS 39

locus
Prostate| Novel gene PNKP 1.91E 0.02 | 19913.33] rs2659051 0.97
Cancer| in GWAS 38

locus
Prostate| Novel gene| CHMP7 4.27E 0.06 8p21.3 rs6557704 0.35
Cancer| in GWAS 36

locus
Prostate| Novel gene CHMP7 4.13E 0.02 8p21.3 rs6557704 0.35
Cancer| in GWAS 29

locus
Prostate| Novel gene TRRAP 2.03E 0.02 70922.1 | rs1275077269 0.82
Cancer| in GWAS 17

locus
Prostate| Novel gene CTD- 1.15E 0.12 | 20g13.33] rs381331 0.03
Cancer | in GWAS 3184A7.4 16

locus
Prostate| Novel gene SOD2 4.65E 0.12 6025.3 rs963800 0.03
Cancer | in GWAS 14

locus
Prostate| Novel gene| SCARF1 9.42E 0.01 17p13.3 rs684232 0.92
Cancer | in GWAS 14

locus
Prostate| Novel gene TRRAP 1.18E 0.01 70922.1 | rs1275077269 0.82
Cancer | in GWAS 12

locus
Prostate| Novel gene| OSBPL5 1.22E 0.11 11p15.4| rs11043143| 0.87
Cancer | in GWAS 12

locus
Prostate| Novel gene CARS 5.96E 0.05 11p15.4| rs11043143| 0.79
Cancer | in GWAS 12

locus
Prostate| Novel gene| IGHMBP2 | 6.56E 0.08 11913.3| rs3018690 0.17
Cancer | in GWAS 12

locus
Prostate| Novel gene| RNF181 1.49E 0.28 2pl1.2 rs2028900 0.06
Cancer | in GWAS 11

locus
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Prostate| Novel gene| RNF181 2.01E 0.10 2pll1.2 rs2028900 0.06
Cancer| in GWAS 11

locus
Prostate| Novelgene EFCABG 2.46E 0.27 22913.2| rs5759167 0.42
Cancer| in GWAS 11

locus
Prostate| Novel gene SH2D6 6.76E 0.19 2pll1.2 rs2028900 0.10
Cancer| in GWAS 11

locus
Prostate| Novel gene| FAM117A | 1.29E 0.02 | 17921.33| rs565189650| 0.39
Cancer| in GWAS 10

locus
Prostate| Novel gene| TESMIN 1.39E 0.06 11913.3| rs3018690 0.36
Cancer| in GWAS 10

locus
Prostate| Novel gene| TESMIN 2.32E 0.07 11913.3| rs3018690 0.36
Cancer| in GWAS 10

locus
Prostate| Novel gene TPRA1 8.94E 0.01 30921.3 rs2811476 0.58
Cancer | in GWAS 10

locus
Prostate| Novel gene MED15 1.14E 0.04 | 22911.21] rs1978060 0.73
Cancer | in GWAS 09

locus
Prostate| Novel gene HOXA9 2.10E 0.11 7pl15.2 rs6956484 0.35
Cancer | in GWAS 09

locus
Prostate| Novel gene SETD6 2.56E 0.03 16921 rs11863709 0.89
Cancer | in GWAS 09

locus
Prostate| Novel gene| YWHAQ 5.62E 0.03 2p25.1 | rs73913932 0.32
Cancer | in GWAS 09

locus
Prostate| Novel gene| PPP6R3 5.78E 0.09 11913.2| rs3018690 0.50
Cancer | in GWAS 09

locus
Prostate| Novel gene EPS8L2 7.15E 0.01 11p15.5| rs1881502 0.76
Cancer | in GWAS 09

locus
Prostate| Novel gene| POUS5SF1 8.05E 0.03 6p21.33| rs62407547 | 0.92
Cancer | in GWAS 09

locus
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Prostate| Novel gene DUBR 2.05E 0.01 3013.12| rs1283104 0.00
Cancer| in GWAS 08

locus
Prostate| Novel gene SSR2 3.32E 0.02 1922 rs184104770| 0.29
Cancer| in GWAS 08

locus
Prostate| Novel gene GK5 3.37E 0.01 3023 rs7650602 0.73
Cancer| in GWAS 08

locus
Prostate| Novel gene| SLC25A36 | 4.51E 0.03 3023 rs7650602 0.45
Cancer| in GWAS 08

locus
Prostate| Novel gene TAP2 4.58E 0.03 6p21.32| rs9275160 0.14
Cancer| in GWAS 08

locus
Prostate| Novel gene STK19 6.52E 0.03 6p21.33| rs9275160 0.70
Cancer| in GWAS 08

locus
Prostate| Novel gene POC1B 6.78E 0.10 | 12921.33] rs4842687 0.24
Cancer | in GWAS 08

locus
Prostate| Novel gene| PLEKHA6 | 6.81E 0.01 1932.1 | rs372560516| 0.16
Cancer | in GWAS 08

locus
Prostate| Novel gene| TSPAN32 | 7.68E 0.05 11p15.5| rs11043143 0.09
Cancer | in GWAS 08

locus
Prostate| Novel gene| MTERF4 8.07E 0.09 20937.3 | rs77559646 0.09
Cancer | in GWAS 08

locus
Prostate| Novel gene VRK3 8.41E 0.01 | 19913.33] rs2659051 0.82
Cancer | in GWAS 08

locus
Prostate| Novel gene SMPD2 8.93E 0.03 6921 rs2038542 0.47
Cancer | in GWAS 08

locus
Prostate| Novel gene| TARBP2 9.00E 0.06 | 12913.13| rs187809440| 0.57
Cancer | in GWAS 08

locus
Prostate| Novel gene| CIAPIN1 2.09E 0.03 16921 rs11863709 0.17
Cancer | in GWAS 07

locus
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Prostate| Novel gene STK19 2.23E 0.77 6p21.33 | rs9275160 0.70
Cancer| in GWAS 07

locus
Prostate| Novel gene TEAD3 2.75E 0.07 6p21.31| rs9469899 0.65
Cancer| in GWAS 07

locus
Prostate| Novelgene RIPK4 3.22E 0.02 21922.3| rs9978557 0.23
Cancer| in GWAS 07

locus
Prostate| Novel gene| ANKMY1l | 4.85E 0.03 2037.3 | rs77559646 | 0.63
Cancer| in GWAS 07

locus
Prostate| Novel gene STK19 5.39E 0.11 6p21.33| rs9275160 0.70
Cancer| in GWAS 07

locus
Prostate| Novel gene CERSS 6.17E 0.02 |12913.12] rsb6222401 0.85
Cancer| in GWAS 07

locus
Prostate| Novel gene| DCST1AS1| 7.30E 0.03 1921.3 | rs56103503 0.04
Cancer | in GWAS 07

locus
Prostate| Novel gene| TDRD10 7.30E 0.01 1921.3 | rs56103503 0.46
Cancer | in GWAS 07

locus
Prostate| Novel gene GNL1 7.66E 0.07 6p21.33 | rs62407547 0.29
Cancer | in GWAS 07

locus
Prostate| Novel gene CTD- 8.20E 0.05 11p15.4| rs61890184 0.01
Cancer | in GWAS 2516F10.2 07

locus
Prostate| Novel gene| TMEM91 8.45E 0.04 19913.2| rs11673591 0.10
Cancer | in GWAS 07

locus
Prostate| Novel gene| RNF181 8.68E 0.23 2pll1.2 rs2028900 0.06
Cancer | in GWAS 07

locus
Prostate| Novel gene| EPS8L2 8.94E 0.04 11p15.5| rs1881502 0.76
Cancer | in GWAS 07

locus
Prostate| Novel gene| STRADB | 9.05E 0.02 2033.1 rs1861270 0.13
Cancer | in GWAS 07

locus
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Prostate| Novel gene PCBD2 9.79E 0.04 5031.1 | rs10793821 0.40
Cancer| in GWAS 07

locus
Prostate| Novel gene ALS2 9.99E 0.02 2033.1 rs1861270 0.44
Cancer| in GWAS 07

locus
Prostate| Novel gene ROBO4 1.01E 0.04 11924.2 | rs138466039| 0.29
Cancer| in GWAS 06

locus
Prostate| Novel gene| RAPGEF3 | 1.15E 0.04 | 12913.11] rs80130819 0.25
Cancer| in GWAS 06

locus
Prostate| Novel gene| TDRD10 1.17E 0.02 1921.3 | rs56103503 0.46
Cancer| in GWAS 06

locus
Prostate| Novel gene| HLA-DOA 1.32E 0.04 6p21.32| rs9275160 0.32
Cancer| in GWAS 06

locus
Prostate| Reported CCND1 1.14E 0.02 11913.3| rs3918298 0.01
Cancer gene 85
Prostate| Reported NKX31 1.23E 0.04 8p21.2 rs1160267 0.01
Cancer gene 58
Prostate| Reported NKX31 6.04E 0.05 8p21.2 rs1160267 0.01
Cancer gene 46
Prostate| Reported TPCN2 9.88E 0.06 11913.3| rs3018690 0.05
Cancer gene 25
Prostate| Reported CHMP2B 6.77E 0.09 3p11.2 | rs114810266| 0.09
Cancer gene 24
Prostate| Reported CHMP2B 3.23E 0.09 3p11.2 | rs114810266| 0.09
Cancer gene 23
Prostate| Reported VAMP5 3.35E 0.05 2pll.2 rs2028900 0.04
Cancer gene 23
Prostate| Reported VAMPS8 1.37E 0.10 2pll.2 rs2028900 0.02
Cancer gene 22
Prostate| Reported PVT1 6.65E 0.05 8024.21 | rs12549761 0.27
Cancer gene 22
Prostate| Reported VAMP5 141E 0.24 2p11.2 rs2028900 0.04
Cancer gene 20
Prostate| Reported ACAT2 5.75E 0.09 6025.3 rs963800 0.03
Cancer gene 18
Prostate| Reported ACAT2 3.06E 0.09 6025.3 rs963800 0.03
Cancer gene 17
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Prostate| Reported PVT1 2.39E 0.10 8024.21 | rs12549761 0.27
Cancer gene 15
Prostate| Reported NKX3-1 4.16E 0.13 8p21.2 rs1160267 0.01
Cancer gene 13
Prostate| Reported RTEL1 1.29E 0.37 | 20913.33] rs3787099 0.02
Cancer gene 12
Prostate| Reported FAM162B | 1.88E 0.02 6022.1 rs339351 0.11
Cancer gene 12
Prostate| Reported PVT1 3.39E 0.13 8724.21| rs12549761 0.27
Cancer gene 12
Prostate| Reported SFXN2 1.64E 0.23 | 10924.32| rs12262998 0.05
Cancer gene 11
Prostate| Reported VAMPS8 3.24E 0.34 2pll1.2 rs2028900 0.02
Cancer gene 11
Prostate| Reported CCHCR1 | 4.55E 0.08 6p21.33| rs62407547 | 0.89
Cancer gene 11
Prostate| Reported VAMPS8 4.58E 0.51 2pll.2 rs2028900 0.02
Cancer gene 11
Prostate| Reported SIDT1 9.56E 0.03 3913.2 rs2271494 0.05
Cancer gene 11
Prostate| Reported TECPR1 1.13E 0.02 7921.3 | rs1275077269 0.16
Cancer gene 10
Prostate| Reported ANO7 5.30E 0.06 2037.3 | rs77559646 0.01
Cancer gene 10
Prostate| Reported THBS3 7.04E 0.10 1922 rs147847496, 0.05
Cancer gene 10
Prostate| Reported CCHCR1 | 7.79E 0.08 6p21.33| rs62407547 | 0.89
Cancer gene 10
Prostate| Reported HOTTIP 9.81E 0.04 7pl15.2 rs6956484 0.32
Cancer gene 10
Prostate| Reported BRI3 1.13E 0.18 7921.3 | rs1275077269 0.19
Cancer gene 09
Prostate| Reported PVT1 5.35E 0.01 8024.21 | rs12549761| 0.27
Cancer gene 09
Prostate| Reported | PSORS1C3| 8.05E 0.03 6p21.33| rs62407547 | 0.92
Cancer gene 09
Prostate| Reported THBS3 9.71E 0.19 1922 rs147847496| 0.05
Cancer gene 09
Prostate| Reported HIBADH 1.09E 0.08 7p15.2 rs6956484 0.00
Cancer gene 08
Prostate| Reported CCHCR1 | 1.23E 0.12 6p21.33| rs62407547 | 0.89
Cancer gene 08




Prostate| Reported USP39 1.40E 0.01 2pll1.2 rs2028900 0.06
Cancer gene 08
Prostate| Reported ATF6B 2.07E 0.03 6p21.32| rs9275160 0.56
Cancer gene 08
Prostate| Reported RTEL1 2.30E 0.14 | 20913.33] rs3787099 0.02
Cancer gene 08
Prostate| Reported CCHCR1 | 2.45E 0.09 6p21.33| rs62407547 | 0.89
Cancer gene 08
Prostate| Reported CFAP44 3.01E 0.09 3013.2 rs2271494 0.14
Cancer gene 08
Prostate| Reported PPA2 3.18E 0.08 4924 rs17035310 0.23
Cancer gene 08
Prostate| Reported SNRPC 4.26E 0.08 6p21.31| rs9469899 0.05
Cancer gene 08
Prostate| Reported RWDD1 5.11E 0.03 6022.1 rs339351 0.28
Cancer gene 08
Prostate| Reported VAMPS8 5.87E 0.09 2pll.2 rs2028900 0.02
Cancer gene 08
Prostate| Reported COL23A1 | 9.06E 0.01 5035.3 | rs61739424 | 0.02
Cancer gene 08
Prostate| Reported TMPRSS2 | 1.05E 0.03 21922.3| rs9978557 0.02
Cancer gene 07
Prostate| Reported | MPHOSPH6| 1.79E 0.05 16923.3| rs8052913 0.02
Cancer gene 07
Prostate| Reported FOXP4 1.99E 0.05 6p21.1 rs4714485 0.02
Cancer gene 07
Prostate| Reported HOTTIP 2.52E 0.07 7p15.2 rs6956484 0.32
Cancer gene 07
Prostate| Reported TRIM26 4.51E 0.03 6p22.1 | rs62407547 0.04
Cancer gene 07
Prostate| Reported CFAP44 4.52E 0.04 3913.2 rs2271494 0.14
Cancer gene 07
Prostate| Reported VAMP5 4.56E 0.15 2pll1.2 rs2028900 0.04
Cancer gene 07
Prostate| Reported MLPH 4.67E 0.20 2937.3 | rs74001374 0.02
Cancer gene 07
Prostate| Reported SPICE1 6.14E 0.02 3013.2 rs2271494 0.07
Cancer gene 07
Prostate| Reported SPICE1 6.55E 0.02 3913.2 rs2271494 0.07
Cancer gene 07
Prostate| Reported TRIM26 8.77E 0.02 6p22.1 | rs62407547 0.04
Cancer gene 07
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Prostate| Reported ARMC2 9.76E 0.01 6921 rs2038542 0.00
Cancer gene 07
Prostate| Reported RNF123 1.07E 0.05 3p21.31| rs397743718| 0.11
Cancer gene 06
Prostate| Reported PPA2 1.15E 0.06 4924 rs17035310 0.23
Cancer gene 06
Prostate| Reported NOTCH4 1.22E 0.05 6p21.32| rs9275160 0.46
Cancer gene 06
Prostate| Reported CCHCRL1 1.38E 0.46 6p21.33 | rs62407547 0.89
Cancer gene 06
Prostate| Reported ZFP36L2 1.45E 0.08 2p21 rs7591218 0.18
Cancer gene 06
Prostate| Reported SIDT1 1.47E 0.02 3913.2 rs2271494 0.05
Cancer gene 06
Lung | Novel locus| TMEM62 3.49E 0.07 15915.2 | rs66759488 | 4.10
Cancer 18
Lung Novel locus HLA-A 1.55E 0.89 6p22.1 rs4324798 1.13
Cancer 16
Lung | Novel locus HLA-A 2.78E 0.90 6p22.1 rs4324798 1.13
Cancer 13
Lung | Novellocus| PPP1R11 | 9.01E 0.02 6p22.1 rs4324798 1.26
Cancer 13
Lung Novel locus HLA-A 4.44E 0.91 6p22.1 rs4324798 1.13
Cancer 11
Lung Novel locus| BTN2Al 491E 0.01 6p22.2 rs4324798 2.33
Cancer 10
Lung | Novel locus HLA-A 5.23E 0.77 6p22.1 rs4324798 1.13
Cancer 10
Lung Novel locus FYCO1 3.67E 0.36 3p21.31 | rs141178913| 35.99
Cancer 09
Lung Novel locus| TRIM26 5.32E 0.13 6p22.1 rs3094604 1.25
Cancer 09
Lung | Novellocus BTN3Al 2.87E 0.04 6p22.2 rs4324798 2.39
Cancer 08
Lung | Novellocus| TRIM26 5.26E 0.16 6p22.1 rs3094604 1.25
Cancer 08
Lung | Novel locus HLA-A 1.20E 0.88 6p22.1 rs4324798 1.13
Cancer 07
Lung | Novel locus FYCO1 7.89E 0.16 3p21.31 | rs141178913| 35.99
Cancer 07
Lung | Novellocus| FAM175A | 1.15E 0.04 4021.23 | rs144058808| 53.74
Cancer 06
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Lung | Novel locus CASPS8 1.29E 0.04 2033.1 | rs182939337| 15.66
Cancer 06
Lung Novel gene IDH3A 2.97E 0.04 15g25.1| rs8034191 0.34
Cancer | in GWAS 17

locus
Lung Novel gene EXOC3 3.67E 0.01 5p15.33| rs7705526 0.82
Cancer | in GWAS 15

locus
Lung Novel gene PRR3 5.22E 0.01 6p21.33| rs3094604 0.90
Cancer | in GWAS 15

locus
Lung Novel gene| CYP21A2 | 1.98E 0.13 6p21.33 | rs3817963 0.36
Cancer| in GWAS 14

locus
Lung Novel gene| HLA-DMA | 5.65E 0.05 6p21.32| rs2179920 0.12
Cancer| in GWAS 11

locus
Lung Novel gene| CYP21A2 | 1.73E 0.21 6p21.33| rs3817963 0.36
Cancer| in GWAS 10

locus
Lung Novel gene| HLA-F-AS1| 3.58E 0.08 6p22.1 rs4324798 0.93
Cancer| in GWAS 10

locus
Lung Novel gene| DDX39B 8.64E 0.03 6p21.33| rs3094604 0.06
Cancer| in GWAS 10

locus
Lung Novel gene BAG6 1.49E 0.01 6p21.33| rs3117582 0.00
Cancer| in GWAS 09

locus
Lung Novel gene DDAHZ2 217 0.02 6p21.33| rs3117582 0.07
Cancer | in GWAS 09

locus
Lung Novelgene | RASGRF1 | 2.42E 0.06 15925.1| rs8042374 0.34
Cancer | in GWAS 09

locus
Lung Novel gene| C19orf54 1.10E 0.04 19g13.2 | rs56113850 0.10
Cancer| in GWAS 08

locus
Lung Novel gene| TBC1D2B | 1.34E 0.06 | 15g24.3 | rs8034191 0.44
Cancer| in GWAS 08 g25.1

locus
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Lung Novel gene ITPR3 3.98E 0.03 6p21.31| rs2179920 0.53
Cancer| in GWAS 08

locus
Lung Novel gene TAP1 491E 0.05 6p21.32| rs2179920 0.24
Cancer| in GWAS 08

locus
Lung Novel gene LST1 5.02E 0.08 6p21.33| rs3117582 0.06
Cancer| in GWAS 08

locus
Lung Novel gene ITPR3 2.06E 0.02 6p21.31| rs2179920 0.53
Cancer | in GWAS 07

locus
Lung Novel gene DDR1 251E 0.02 6p21.33| rs3094604 0.57
Cancer| in GWAS 07

locus
Lung Novel gene GPSM3 2.68E 0.04 6p21.32| rs3817963 0.21
Cancer| in GWAS 07

locus
Lung Novel gene CFB 6.67E 0.02 6p21.33| rs3117582 0.29
Cancer | in GWAS 07

locus
Lung Novel gene| HLA-DMA | 6.99E 0.08 6p21.32| rs2179920 0.12
Cancer | in GWAS 07

locus
Lung Novel gene LST1 1.11E 0.43 6p21.33| rs3117582 0.06
Cancer | in GWAS 06

locus
Lung Novel gene| ZSCAN12 | 1.11E 0.02 6p22.1 rs4324798 041
Cancer | in GWAS 06

locus
Lung Novel gene LST1 1.16E 0.03 6p21.33| rs3117582 0.06
Cancer | in GWAS 06

locus
Lung Novel gene| HLA-F-AS1| 1.35E 0.19 6p22.1 rs4324798 0.93
Cancer | in GWAS 06

locus
Lung Novel gene LEMD2 1.47E 0.03 6p21.31| rs2179920 0.68
Cancer | in GWAS 06

locus
Lung Reported PSMA4 7.51E 0.15 15925.1| rs55781567 0.01
Cancer gene 57
Lung Reported PSMA4 2.29E 0.04 15925.1| rsb5781567 | 0.01
Cancer gene 45
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Lung Reported PSMA4 7.90E 0.26 15925.1| rs55781567 | 0.01
Cancer gene 35
Lung Reported FLOT1 2.14E 0.42 6p21.33 | rs3094604 0.72
Cancer gene 20
Lung Reported FLOT1 4.32E 0.02 6p21.33 | rs3094604 0.72
Cancer gene 20
Lung Reported FLOT1 2.80E 0.47 6p21.33| rs3094604 0.72
Cancer gene 18
Lung Reported FLOT1 3.33E 0.14 6p21.33 | rs3094604 0.72
Cancer gene 18
Lung Reported FLOT1 4.59E 0.05 6p21.33 | rs3094604 0.72
Cancer gene 18
Lung Reported FLOT1 1.03E 0.21 6p21.33| rs3094604 0.72
Cancer gene 17
Lung Reported FLOT1 1.59E 0.02 6p21.33| rs3094604 0.72
Cancer gene 17
Lung Reported FLOT1 6.70E 0.53 6p21.33| rs3094604 0.72
Cancer gene 17
Lung Reported HLA-C 2.77E 0.76 6p21.33| rs3094604 0.19
Cancer gene 14
Lung Reported HLA-C 2.73E 0.88 6p21.33| rs3094604 0.19
Cancer gene 13
Lung Reported HLA-B 4.35E 0.88 6p21.33| rs3094604 0.11
Cancer gene 13
Lung Reported CTSH 7.65E 0.02 15925.1| rs8042374 0.31
Cancer gene 13
Lung Reported CTSH 1.20E 0.01 15925.1| rs8042374 0.31
Cancer gene 12
Lung Reported FLOT1 3.41E 0.16 6p21.33| rs3094604 0.72
Cancer gene 12
Lung Reported HLA-C 1.88E 0.62 6p21.33| rs3094604 0.19
Cancer gene 09
Lung Reported JAML 8.26E 0.07 11923.3| rs1056562 0.03
Cancer gene 09
Lung Reported JAML 9.96E 0.06 11923.3| rs1056562 0.03
Cancer gene 09
Lung Reported CCHCR1 | 1.14E 0.21 6p21.33| rs3094604 0.31
Cancer gene 08
Lung Reported CCHCR1 | 1.19E 0.18 6p21.33| rs3094604 0.31
Cancer gene 08
Lung Reported HLA-C 1.36E 0.61 6p21.33| rs3094604 0.19
Cancer gene 08
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Lung Reported SFTA2 1.38E 0.11 6p21.33| rs3094604 0.51
Cancer gene 08
Lung Reported JAML 3.60E 0.06 11923.3| rs1056562 0.03
Cancer gene 08
Lung Reported ZSCAN26 | 4.69E 0.07 6p22.1 rs4324798 0.53
Cancer gene 08
Lung Reported CCHCR1 | 7.97E 0.26 6p21.33| rs3094604 0.31
Cancer gene 08
Lung Reported CCHCRL1 1.29E 0.53 6p21.33 | rs3094604 0.31
Cancer gene 07
Lung Reported | PSORS1Cl| 2.71E 0.22 6p21.33 | rs3094604 0.33
Cancer gene 07
Lung Reported | FGFR10OP | 3.89E 0.04 6927 rs6920364 0.04
Cancer gene 07
Lung Reported HLA-C 7.90E 0.84 6p21.33| rs3094604 0.19
Cancer gene 07
Lung Reported CCHCR1 | 143E 0.01 6p21.33| rs3094604 0.31
Cancer gene 06
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 spliatigbegl by cisgenetic variants; the
predictive model with the most significant association was presented.

c. Closest risk SNP: identified by previous GWAS or finapping studies. The risk SNP closest to
the gene is listed.
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Table A2.5. Association results for genes identified frefr&diXcan and sTRWAS (50K) for brain

disorders: schizophrenfaS CZ ) ,

Al zhei mer 6s

values are the raw-¥alues from the Z score test from TWAS (twided).

di sease

(AD) -and

Traits | Model Type Gene Gene name| Z score P-value Predictive_r2

SCZ | sTFRTWAS | ENSG00000278970.1 HEIH -11.83 | 2.74E32 0.26
(50K)

SCZ | sTFRTWAS | ENSG00000049167.1 ERCC8 -9.51 1.83E21 0.14
(50K)

SCZ | sTFRTWAS | ENSG00000111801.1] BTN3A3 7.91 2.65E15 0.26
(50K)

SCZ | sTFRTWAS | ENSG00000272462.4 U91328.19| 6.76 1.38E11 0.61
(50K)

SCZ | sTFRTWAS | ENSG00000197258.5 EIF4BP6 6.44 1.20E10 0.09
(50K)

SCZ | sTFRTWAS | ENSG00000197302.1f ZNF720 5.80 6.60E09 0.07
(50K)

SCZ | sTFRTWAS | ENSG00000271755.] RP1 -5.72 1.07E08 0.37
(50K) 153G14.4

SCZ | sTFRTWAS | ENSG00000158286.1f RNF207 -5.61 1.98E08 0.09
(50K)

SCZ | sTFRTWAS | ENSG00000228223.2 HCG11 -5.58 2.45E08 0.04
(50K)

SCZ | sTRTWAS | ENSG00000242574.§¢ HLA-DMB 5.32 1.03E07 0.04
(50K)

SCZ | sTFRTWAS | ENSG00000092020.1] PPP2R3C | 5.27 1.40E07 0.17
(50K)

SCZ | sTFRTWAS | ENSG00000114378.1] HYAL1 -5.19 2.07E07 0.04
(50K)

SCZ | sTRTWAS | ENSG00000165502.6 RPL36AL | 5.00 5.61E07 0.38
(50K)

SCZ | sTFRTWAS | ENSG00000186162.1] CIDECP -4.89 1.03E06 0.30
(50K)

SCZ | sTFTWAS | ENSG00000125447.1] GGA3 -4.81 1.54E06 0.20
(50K)

SCZ | sTRTWAS | ENSG00000223500.1 AC083862.6 4.79 1.68E06 0.08
(50K)

SCZ | sTRTWAS | ENSG00000105717.1 PBX4 4.72 2.30E06 0.12
(50K)

SCZ | sTFRTWAS | ENSG00000275371.] RP1Z% 4.66 3.11E06 0.23
(50K) 455F5.6

SCZ | sTFRTWAS | ENSG00000216915.2 GPR89P | -4.62 3.80E06 0.06
(50K)
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SCZ | sSTRTWAS | ENSG00000224389.¢  C4B 462 | 3.89E06 0.06
(50K)

SCZ | SPrediXcan| ENSG00000238245.4 MYO5BP2 | 7.05 | 1.81E12 0.03

SCZ | SPrediXcan| ENSG00000010704.1]  HFE -5.09 | 3.66E07 0.18

SCZ | SPrediXcan| ENSG00000283020.] DUX4L37 | -4.95 | 7.42E07 0.07

AD | STRTWAS | ENSG00000130202.¢ NECTIN2 | 27.01 | 1.06E160 0.06
(50K)

AD | STRTWAS | ENSG00000167380.1] ZNF226 | -22.11 | 2.32E108 0.06
(50K)

AD | STRTWAS | ENSG00000125740.1] FOSB | -19.30 | 5.34E83 0.06
(50K)

AD | STRTWAS | ENSG00000159905.1] ZNF221 | 11.96 | 5.79E33 0.14
(50K)

AD | STRTWAS | ENSG00000266903.] CTB 11.69 | 1.52E31 0.10
(50K) 171A8.1

AD | STRTWAS | ENSG00000213889.1 PPMIN | -11.38 | 5.28E30 0.13
(50K)

AD | STRTWAS | ENSG00000104884.1] ERCC2 | 11.22 | 3.42E29 0.11
(50K)

AD | STRTWAS | ENSG00000130203.f APOE 9.32 | 1.15E20 0.04
(50K)

AD | STRTWAS | ENSG00000234906.f APOC2 | -8.71 | 2.99E18 0.19
(50K)

AD | STRTWAS | ENSG00000142252.1 GEMIN7 | -5.93 | 3.12E09 0.19
(50K)

AD | STRTWAS | ENSG00000267058.] RP1t 591 | 3.40E09 0.18
(50K) 15A1.3

AD | STRTWAS | ENSG00000197882.9 OR7E13P | -5.35 | 8.67E08 0.04
(50K)

AD | STRTWAS | ENSG00000125755.1] SYMPK | -5.20 | 2.00E07 0.08
(50K)

AD | STRTWAS | ENSG00000108556.7 CHRNE | -4.89 | 1.02E06 0.34
(50K)

AD | STRTWAS | ENSG00000102886.1 GDPD3 | 4.82 | 1.44E06 0.13
(50K)

AD | STRTWAS | ENSG00000188659.f SAXO2 | 4.79 | 1.64E06 0.24
(50K)

AD | STRTWAS | ENSG00000172543.7 CTSW | -4.73 | 2.22E06 0.07
(50K)

AD | STRTWAS | ENSG00000104853.1 CLPTM1 | 4.73 | 2.29E06 0.10
(50K)

AD | STRTWAS | ENSG00000234327.7 AC012146.7 4.71 | 2.43E06 0.04
(50K)
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AD | STRTWAS | ENSG00000267508.§ ZNF285 | -4.66 | 3.14E06 0.12
(50K)
AD | STRTWAS | ENSG00000159915.1] ZNF233 | 4.66 | 3.17E06 0.16
(50K)
AD | STRTWAS | ENSG00000156886.1] ITGAD | -4.61 | 4.05E06 0.25
(50K)
AD | STRTWAS | ENSG00000124459.1] ZNF45 461 | 4.09E06 0.12
(50K)
AD | S-PrediXcan| ENSG00000277806.1 RP1%t 29.25 | 3.91E188 0.02
15A1.8
AD | S-PrediXcan| ENSG00000186567.1] CEACAM19| 10.13 | 4.07E24 0.18
AD | SPrediXcan| ENSG00000104859.1 CLASRP | -9.48 | 2.60E21 0.10
AD | SPrediXcan| ENSG00000266903.] CTB 9.47 | 2.82E21 0.78
171A8.1
AD | SPrediXcan| ENSG00000159905.1] ZNF221 | 9.45 | 3.24E21 0.37
AD | SPrediXcan| ENSG00000130202.¢ NECTIN2 | 9.40 | 5.60E21 0.11
AD | SPrediXcan| ENSG00000007255.1] TRAPPCGA| 8.97 | 2.95E19 0.16
AD | SPrediXcan| ENSG00000203710.1  CR1 8.65 | 5.31E18 0.15
AD | SPrediXcan| ENSG00000167380.1] ZNF226 | -8.60 | 8.21E18 0.17
AD | S-PrediXcan| ENSG00000136717.1]  BIN1 7.65 | 2.07E14 0.03
AD | SPrediXcan| ENSG00000104853.1] CLPTM1 | 597 | 2.37E09 0.21
AD | SPrediXcan| ENSG00000170684.§ ZNF296 | 5.84 | 5.37E09 0.23
AD | SPrediXcan| ENSG00000176761.7 ZNF285B | -5.34 | 9.24E08 0.37
AD | SPrediXcan| ENSG00000279103.] CTG 5.08 | 3.74E07 0.12
204F22.1
AD | SPrediXcan| ENSG00000234327.7 AC012146.7 5.08 | 3.79E07 0.15
AD | SPrediXcan| ENSG00000213889.1 PPMIN | -5.05 | 4.33E07 0.26
ASD | STFTWAS | ENSG00000101773.1 RBBP8 | -10.56 | 4.48E26 0.09
(50K)
ASD | STFTWAS | ENSG00000166503.& RP1%t 747 | 8.24E14 0.23
(50K) 382A20.3
ASD | STFTWAS | ENSG00000151834.1 GABRA2 | 7.32 | 2.39E13 0.09
(50K)
ASD | STFTWAS | ENSG00000225725.4 FAMG6E | 555 | 2.87E08 0.24
(50K)
ASD | STETWAS | ENSG00000223572.¢ CKMTIA | 4.97 | 6.81E07 0.39
(50K)
ASD | STETWAS | ENSG00000132781.1 MUTYH | -4.77 | 1.88E06 0.13
(50K)
ASD | S-PrediXcan| ENSG00000280425.4 RP1t -3.88 | 1.05E06 0.02
446E24.3
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Table A3.1. Key sources for transTRVAS.

1. GWAS resources

Disease Sample size Consortium Link
Breast cacner 247,173 BCAC http://apps.ccge.medschl.cam.ac.uk/q
sortia/bcac/
Prostate cancer 140,306 PRACTICAL http://practical.icac.uk/ blog/
Lung cancer 85,716 TRICL-ILCCO and https://ilcco.iarc.fr/
LC3
Schizophrenia 70,100 PGC https://pgc.unc.edu/
Alzheimer's 22,246 PGC https://pgc.unc.edu/
disease
Autism spectrum 10,263 PGC https://pgc.unc.edu/
disorder

2. Epigenetic resources

Data Description Link
ChiP-seq | CISTROME: The cistrome http://cistrome.org/
data of refers to "the set of cis

transcripti| acting targets of a trans
on factors| acting factor on a genome
wide scale, also known ag
the in vivo genomavide
location of transcription
factor bindingsites or
histone modifications"
DNase | | This data contains ~3.6M https://www.meuleman.org/research/dhsindex/
hyperseng DHSs regions, and we onl
itivesites| kept fACance
(DHSs) related DHSs regions for
regions breast, prostate and lung

cancers.
Enhancer| This data contains ~2M http://compbio.mit.edu/epimap/
regions nontissue specific
enhancers regions
Promoter This data contains all https://fantom.gsc.riken.jp/5/data/
regions CAGE peak regions

downloaded from
FANTOMS, and all regions
within transcription start
site (TSS) +2K for each
gene
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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/

3D Hi-C measures the https://4Adgenome.research.chop.edu/Tables/4ADGenon
genomics| frequency at which two omoSapiens_hg19.txt .
informed | DNA fragments physically
regions associate in 3D space,
linking chromosomal
structure directly to the
genomic sequence
https://www.nature.com/articles/s414679-120798
Enhancer | The data contains EpiMag https://pesonal.broadinstitute.org/cboix/epimap/links/lin
gene enhancers based on corr_only/.
linking expressiorenhancer
group activity correlation across
833 celttypes.
Expressio| Significant variarigene https://www.gtexportal.org/home/datasets/)
n pairs (eQTLs), we includec
guantitati | all variants to gene pairs
ve trait | with nominal pvalue <0.05,
loci and esure that the variant
(eQTLs) sit within ++ 1M of the

gene body;

https{/www.eqtlgen.org/cigqtls.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 PMI
32015527
Gene Set Enrichment Analysis http://www.gseamsigdb.org/gseal/index.jsp
(GSEA)
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/
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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/

PEER https://github.com/PMBio/peer/wiki/Tutorial
PUMICE https://github.com/ckhunsrl/PUMICE/
PrediXcan https://github.com/hakyim/PrediXcan
STRFTWAS https://github.com/theLimgL ab/TFTWAS
https://github.com/XingyiGuo/THWAS/
transTF https://github.com/theLongLab/transTRVAS
TWAS https://github.com/XingyiGuo/trans FFWAS/
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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| GATAZ2 rs10934838 eQTL

Breast cancer| GATAZ2 rs74501258 eQTL

Breast cancer| GATA2 rs2811475 eQTL

Breast cancer | GATA3 rs17145088 4D

Breast cancer | GREBL1 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 cancel NKX3-1 rs77096235 eQTL
Prostate cancel NKX3-1 rs77096235 Promoter
Prostate cancel NKX3-1 rs11781886 eQTL
Prostate cancel NKX3-1 rs11781886 Promoter
Prostate cancel NKX3-1 rs28623239 eQTL
Prostate cancel NKX3-1 rs62501649 eQTL
Prostate cancel NKX3-1 rs1810193 eQTL
Prostate cancel NKX3-1 rs4242400 eQTL
Prostate cancel NKX3-1 rs4872167 eQTL
Prostate cancel NKX3-1 rs2942219 eQTL
Prostate cancel NKX3-1 rs2978487 eQTL
Prostate cancel NKX3-1 rs4872162 eQTL
Prostate cancel FOXA1l rs376616750 Promoter
Prostate cancel GATAZ2 rs10934838 eQTL
Prostate cance| GATA2 rs74501258 eQTL
Prostate cancel GATAZ2 rs2811475 eQTL
Prostate cance|l POLR2A rs7338 eQTL
Prostate cancel RELA rs537786 eQTL
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Table A3.3. Putative susceptibility genes identified from trarBWAS, at a Bonferroncorrected P <
0.05 (genexgpression prediction at R2 > 0.01). The&tues are the raw-falues from the Z score test
from TWAS.

Cancer| Reported Region Gene P-value? R2b Closet risk | Distanc

Type Status SNP° e to the
closet
risk
SNP
(Mb)

Breast Novel 8g24.3 LY6K 153E60 | 0.12 | rs11780156 | 14.52

cancer locus

Breast Novel 8p23.1 AF131216.6 | 2.52E33 | 0.06 | rs66823261| 11.10

cancer locus

Breast Novel 11913.2 C110rf80 7.96E33 | 0.11 rs3903072 1.03

cancer locus

Breast Novel 5931.1 PCBD2 3.71E31 | 0.26 rs6596100 1.83

cancer locus

Breast Novel 19g13.11 WDRS88 2.92E30 0.04 | rs113701136/ 3.35
cancer locus

Breast Novel 6p21.31 | RP351008.4| 1.32E25 | 0.22 | rs17215231 2.46
cancer locus

Breast Novel 5033.2 FAM114A2 | 4.41E21 0.06 rs1432679 4.78
cancer locus

Breast Novel 12924.22 RP1% 1.09820 | 0.14 rs1292011 1.26
cancer locus 497G19.1

Breast Novel 9¢g21.11 | RP1188I118.3| 2.98E20 0.15 rs4742903 35.67
cancer locus

Breast Novel 19p13.2 PIN1 2.38E19 0.25 rs322144 1.46
cancer locus

Breast Novel 3012.3 ZBTB11 3.60E19 0.03 rs9833888 1.64
cancer locus

Breast Novel 3022.3 PCCB 5.94E18 0.01 | rs34207738| 5.06
cancer locus

Breast Novel 18pl11.21 | RP1153B2.2| 8.37E18 0.11 rs206435 3.13
cancer locus

Breast Novel 10g22.1 HK1 1.71E17 0.14 | rs10995201 6.73
cancer locus

Breast Novel 4934.1 SCRG1 1.87E16 0.13 rs6828523 1.52
cancer locus

Breast Novel 7pld.1 RP1%t 4.51E16 0.21 rs17156577 | 14.58
cancer locus 111K18.2

186



Breast Novel 17p13.1 TMEM220 6.27E16 0.07 | rs78378222| 3.06
cancer locus AS1

Breast Novel 2024.2 TANC1 1.48E15 | 0.16 rs2016394 12.88
cancer locus

Breast Novel 3026.1 BCHE 3.82E14 | 0.04 | rs58058861 6.73
cancer locus

Breast Novel 14924.2 PSEN1 597614 | 0.27 rs999737 457
cancer locus

Breast Novel 5013.3 PDES8B 1.22E13 0.28 rs7707921 4.81
cancer locus

Breast Novel 9021.32 RP11 1.92E13 0.03 rs4742903 20.82
cancer locus 439K3.3

Breast Novel 1g42.12 SDE2 2.07E13 0.33 | rs11117758| 8.94
cancer locus

Breast Novel 17921.31 HEXIM2 2.61E13 0.42 rs2532263 1.01
cancer locus

Breast Novel 15921.2 MAPK®6 2.65E13 0.31 rs2290203 38.90
cancer locus

Breast Novel 1g42.12 PARP1 3.17E13 0.14 | rs11117758 9.31
cancer locus

Breast Novel 7933 AKR1B15 4.25E13 0.33 rs4593472 3.57
cancer locus

Breast Novel 5031.2 CDcC23 4.34E13 0.02 rs6596100 5.12
cancer locus

Breast Novel 16922.1 DPEP2 9.79E13 0.11 rs2432539 11.60
cancer locus

Breast Novel 3921.2 SLC12A8 9.88E13 0.27 | rs34207738 | 16.18
cancer locus

Breast Novel 6q27 XXyac 9.90E13 0.16 rs2747652 17.10
cancer locus YX65C7_A.2

Breast Novel 11913.4 PPME1 1.20E12 0.04 | rs75915166 | 4.61
cancer locus

Breast Novel 10p14 SFMBT2 1.88E12 0.22 rs2380205 1.31
cancer locus

Breast Novel 8g24.3 ZNF707 3.60E12 | 0.06 | rs11780156 | 15.50
cancer locus

Breast Novel 9g22.32 ZNF169 5.51E12 0.10 rs4742903 9.79
cancer locus

Breast Novel 19913.42 PRKCG 9.33E12 | 0.06 | rs126361962| 8.20
cancer locus 4

Breast Novel 17921.2 KRT23 3.54E11 0.08 | rs72826962 1.75
cancer locus
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Breast Novel 2pll.2 TMSB10 1.38E10 | 0.26 | rs899491003| 15.74
cancer locus

Breast Novel 12923.3 RP11 2.60E10 | 0.07 | rs11065822| 3.40
cancer locus 864J10.4

Breast Novel 9p21.1 LINGO2 9.32E10 | 0.07 rs1011970 5.89
cancer locus

Breast Novel 9g22.33 TSTD2 9.68610 | 0.16 rs4742903 6.46
cancer locus

Breast Novel 1p36.31 PHF13 1.79E09 0.03 rs616488 3.88
cancer locus

Breast Novel 13934 LAMP1 2.15E09 0.08 rs6562760 39.91
cancer locus

Breast Novel 6p21.33 LY6G6EC 4.60E09 0.07 | rs17215231 1.55
cancer locus

Breast Novel 3p22.3 SUSD5 5.08E09 0.11 | rs12493607 2.51
cancer locus

Breast Novel 15914 LINC01852 | 6.59E09 0.04 rs2290203 52.90
cancer locus

Breast Novel 12g13.2 BLOC1S1 1.01E08 0.07 rs1027113 26.73
cancer locus

Breast Novel 20913.33 RBBP8NL 1.08E08 0.50 | rs13039563| 8.73
cancer locus

Breast Novel 15q915.1 DISP2 1.23E08 0.20 rs2290203 50.59
cancer locus

Breast Novel 6p24.1 EDN1 1.40E08 0.03 rs204247 1.43
cancer locus

Breast Novel 14911.2 TPPP2 1.63E08 | 0.17 | rs752059786| 15.63
cancer locus

Breast Novel 9g34.11 SET 3.27E08 0.15 | rs10760444 | 2.05
cancer locus

Breast Novel 19913.41 ZNF614 3.38E08 0.30 | rs126361962| 6.33
cancer locus 4

Breast Novel 17pl11.2 TVP23B 3.72E08 0.53 rs78378222 | 11.11
cancer locus

Breast Novel 2036.1 MOGAT1 41708 0.41 | rs12479355| 3.65
cancer locus

Breast Novel 12g21.2 CSRP2 5.02E08 0.10 | rs202049448| 7.74
cancer locus

Breast Novel 3929 NRROS 5.52E08 | 0.12 | rs58058861 | 24.07
cancer locus

Breast Novel 12q13.13 RARG 5.91E08 0.30 rs1027113 24.22
cancer locus
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Breast Novel 19913.42 CTD- 7.10E08 | 0.26 | rs126361962| 9.98
cancer locus 253719.12 4

Breast Novel 10g21.2 TMEM26 8.27E08 0.11 | rs10995201 1.09
cancer locus

Breast Novel 14924.2 SMOC1 9.72E08 0.19 rs999737 1.29
cancer locus

Breast Novel 1p36.13 PADI3 1.25E07 0.06 rs2992756 1.20
cancer locus

Breast Novel 8g24.3 JRK 1.56E07 0.03 | rs11780156 | 14.48
cancer locus

Breast Novel 14932.33 | PPP1R13B | 1.74E07 0.34 | rs10623258 1.09
cancer locus

Breast Novel 1p22.1 BTBDS8 1.77E07 0.29 | rs17426269| 4.39
cancer locus

Breast Novel 19p13.3 TNFSF14 1.97E07 0.24 rs322144 4.64
cancer locus

Breast Novel 20911.23 SOGA1 2.60E07 0.07 rs6065254 3.76
cancer locus

Breast Novel 10g11.21 | LINC00840 | 3.56E07 0.14 | rs10995201 | 18.64
cancer locus

Breast Novel 19g13.11 CTD- 3.74E07 0.10 | rs113701136| 4.86
cancer locus 2553L13.5

Breast Novel 3p21.2 DCAF1 4.33E07 0.07 rs6796502 4,57
cancer locus

Breast Novel 7911.23 WBSCR27 | 5.70E07 0.72 | rs78816009 1.08
cancer locus

Breast Novel 12g14.1 RP1%t 5.72E07 0.16 | rs202049448| 25.83
cancer locus 767120.1

Breast Novel 11pl4.1 RP1% 7.30E07 0.09 | rs10838267 | 16.86
cancer locus 159H22.2

Breast Novel 12923.2 DRAM1 7.42E07 0.09 | rs17356907 6.24
cancer locus

Breast Novel 10p12.1 RAB18 1.06E06 0.40 rs11814448 5.48
cancer locus

Breast Novel 9934.3 TOR4A 1.28E06 0.04 | rs146178028| 4.00
cancer locus 5

Breast Novel 1p35.1 RBBP4 1.28E06 0.06 rs4233486 8.23
cancer locus

Breast Novel 1p32.3 HSPB11 1.35E06 | 0.25 | rs373040997| 3.54
cancer locus

Breast Novel 12¢13.12 LETMD1 1.37E06 0.07 rs1027113 22.06
cancer locus
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Breast Novel 16p13.3 LAl6c 3.12E06 | 0.16 | rs11076805| 2.50
cancer locus 380F5.3
Breast Novel 12924.11 | FAM222A 4.22E06 0.17 | rs11065822 1.39
cancer locus AS1
Breast Novel 11923.3 SIDT2 4.31E06 0.17 rs7924772 3.17
cancer locus
Breast | Novel gene| 5p15.33 CTD- 1.37E26 | 0.23 | rs397956230| 0.25
cancer | in GWAS 2245E15.3

locus
Breast | Novel gene| 22q13.2 DNAJB7 1.27E25 | 0.05 rs6001930 0.38
cancer | in GWAS

locus
Breast | Novel gene| 17025.3 C1QTNFZ 2.76E24 | 0.03 rs745570 0.78
cancer | in GWAS AS1

locus
Breast | Novel gene| 18pl11.22 RP1t 2.99E22 0.11 rs206435 0.44
cancer | in GWAS 474N24.6

locus
Breast | Novel gene| 19q13.32 CTG 1.21E18 0.19 | rs126361962| 0.35
cancer | in GWAS 344H19.4 4

locus
Breast | Novel gene| 7qg22.1 | AC004893.11 1.04E16 | 0.23 | rs398067103| 0.62
cancer | in GWAS

locus
Breast | Novel gene| 11p15.5 LRRC56 9.15E13 0.21 rs6597981 0.25
cancer | in GWAS

locus
Breast | Novel gene| 19p13.11| TMEM59L 2.72E12 0.20 rs4808801 0.15
cancer | in GWAS

locus
Breast | Novel geng| 6p21.32 WDR46 5.28E12 0.14 | rsl17215231 0.01
cancer | in GWAS

locus
Breast | Novel gene| 8q24.13 TBC1D31 2.73E11 | 0.14 | rsb8847541| 0.45
cancer | in GWAS

locus
Breast | Novel gene| 16q12.2 IRX6 9.86E11 | 0.03 | rs28539243| 0.68
cancer | in GWAS

locus
Breast | Novel gene| 3p21.31 CCR1 7.63E10 | 0.15 rs6796502 0.62
cancer | in GWAS

locus
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Breast | Novel gene| 3p26.1 BHLHEA40 4.91E09 0.37 rs6762644 0.28
cancer | in GWAS

locus
Breast | Novel gene| 18qg21.1 RN7SKP26 | 2.49E08 | 0.02 | rs17743054 | 0.67
cancer | in GWAS

locus
Breast | Novel gene 1943 OPN3 4.36E08 0.29 | rs72755295| 0.19
cancer | in GWAS

locus
Breast | Novel gene| 17pl13.1 DNAH2 1.17E07 0.66 | rs78378222| 0.05
cancer | in GWAS

locus
Breast | Novel gene| 6025.2 MTRF1L 2.77E07 0.17 rs2747652 0.87
cancer | in GWAS

locus
Breast | Novel gene| 22g13.31 | CTA29F11.1| 1.27E06 | 0.38 | rs28512361| 0.87
cancer | in GWAS

locus
Breast | Novel gene| 5qg11.2 PLK2 1.48E06 0.25 | rs10472076 0.43
cancer | in GWAS

locus
Breast | Novel gene| 10p12.31 RP1E 1.68E06 0.06 | rs11814448 0.23
cancer | in GWAS 573G6.6

locus
Breast | Novel geng| 12p12.3 HIST4H4 2.41E06 0.26 | rs12422552 0.51
cancer | in GWAS

locus
Breast | Novel gene| 1432.33 RP1t 3.62E06 0.13 | rs10623258 0.72
cancer | in GWAS 521B24.5

locus
Breast | Novel gene| 17q22 RP1%t 4.83E06 0.04 rs2787486 0.14
cancer | in GWAS 515017.2

locus
Breast | Novelgene| 5g31.1 UQCRQ 1.92E06 | 0.02 rs6596100 0.20
cancer | in GWAS

locus
Breast | Reported | 22q13.2 TEF 2.74E32 0.05 | rs73161324 0.24
cancer gene
Breast | Reported | 19p13.11 TM6SF2 1.66E15 | 0.04 rs2965183 0.16
cancer gene
Breast | Reported | 10026.12 | RP1195116.6 | 1.22E14 | 0.02 | rs11199914| 0.35
cancer gene
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Breast | Reported | 12p13.1 GRIN2B 1.96E11 | 0.05 | rs12422552| 0.28
cancer gene

Breast | Reported | 17921.31| PLEKHM1 9.66E11 0.05 rs2532263 0.68
cancer gene

Breast | Reported | 17g21.31 ARL17A 9.70E11 0.15 rs2532263 0.34
cancer gene

Breast | Reported | 19p13.11 SUGP1 1.02E10 | 0.04 rs2965183 0.11
cancer gene

Breast | Reported | 17g21.31 LRRC37A 1.32E10 | 0.24 rs2532263 0.12
cancer gene

Breast | Reported | 17g21.31 RP11 19510 | 0.42 rs2532263 0.58
cancer gene 707023.1

Breast | Reported | 17921.31 | LRRC37A2 | 4.72E10 | 0.61 rs2532263 0.34
cancer gene

Breast | Reported | 17921.31 FAM215B 5.48E10 | 0.04 rs2532263 0.38
cancer gene

Breast | Reported | 14q24.1 CTD- 1.16E09 0.12 rs2588809 0.06
cancer gene 2566J3.1

Breast | Reported | 17921.31 CRHR1 1.6709 | 0.14 rs2532263 0.34
cancer gene

Breast | Reported 1p33 NSUN4 4.82E09 0.10 rs1707302 0.20
cancer gene

Breast | Reported | 17¢921.32 WNT3 1.12E08 | 0.05 rs2532263 0.59
cancer gene

Breast | Reported | 17921.31 | KANSLXAS1| 1.52E08 | 0.67 rs2532263 0.02
cancer gene

Breast | Reported | 1p36.13 KLHDC7A 4.42E08 | 0.19 rs2992756 0.00
cancer gene

Breast | Reported | 17¢921.32 WNT9B 44508 | 0.03 rs2532263 0.66
cancer gene

Breast | Reported | 10026.12 | WDR11AS1 | 8.16E08 | 0.05 | rs11199914| 0.48
cancer gene

Breast | Reported | 17¢g21.31 NSF 1.00E06 | 0.05 rs2532263 0.42
cancer gene

Breast | Reported | 20g13.33 RGS19 2.36E06 | 0.03 | rs13039563| 10.39
cancer gene

Breast | Reported 5¢31.1 KIF3A 1.29E07 0.02 rs6596100 0.33
cancer gene

Breast | Reported 2031.1 CYBRD1 5.49E08 | 0.04 rs2016394 0.55
cancer gene

Breast | Reported 7921.3 BET1 3.16E07 | 0.02 | rs17268829 | 0.48
cancer gene
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Breast | Reported | 16922.2 PHLPP2 1.50E07 | 0.02 | rs13329835| 8.89
cancer gene

Breast | Reported | 9g21.12 RP11 5.78E07 0.02 rs4742903 34.42
cancer gene 109D9.4

Breast | Reported 1922 UBQLN4 2.84E06 0.35 rs4971059 0.86
cancer gene

Breast | Reported | 16q12.2 RP1% 1.60E20 | 0.02 | rs17817449| 0.29
cancer gene 44F14.6

Breast | Reported 6p22.2 BTN3A2 1.66E06 0.06 | rs71557345| 0.30
cancer gene

Breast | Reported | 22q13.1 LGALS2 4.97E08 0.05 rs738321 0.59
cancer gene

Breast | Reported 5p12 RP11 5.39E46 0.08 | rs10941679| 0.04
cancer gene 53019.1

Breast | Reported | 100926.12 | RP1195I16.4| 2.07E44 | 0.15 | rs11199914| 0.45
cancer gene

Breast | Reported | 12p11.22 RP1t 3.44E18 | 0.01 rs7297051 0.14
cancer gene 967K21.1

Breast | Reported 2033.1 ALS2CR12 | 3.27E16 | 0.19 rs1830298 0.03
cancer gene

Breast | Reported 2033.1 CASPS8 241E15 | 0.21 rs1830298 0.03
cancer gene

Breast | Reported | 19p13.11 IL12RB1 2.72E14 | 0.09 rs4808801 0.36
cancer gene

Breast | Reported | 10g26.13 ARMS2 2.19E13 | 0.08 | rs45631563| 0.86
cancer gene

Breast | Reported | 14g32.11 NRDE2 1.46E12 | 0.02 rs941764 1.04
cancer gene

Breast | Reported 17922 RP1t 7.26E10 0.23 rs2787486 0.17
cancer gene 25705.2

Breast | Reported 6025.1 RN7SKP268| 9.24E09 | 0.07 rs3757322 0.30
cancer gene

Breast | Reported | 15026.1 CTD 1.38608 | 0.23 rs2290203 0.35
cancer gene 3065B20.3

Breast | Reported 3p24.1 LRRC3B 2.08£08 | 0.11 rs4973768 0.66
cancer gene

Breast | Reported 2935 PECR 5.48E08 0.16 rs4442975 0.97
cancer gene

Breast | Reported | 19p13.11 HAPLN4 7.59E08 | 0.15 rs2965183 0.17
cancer gene

Breast | Reported 3g12.1 CMSS1 9.66E07 | 0.06 rs9833888 0.18
cancer gene
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Breast | Reported 2p23.3 CENPO 1.00E06 | 0.02 rs6725517 0.08
cancer gene

Breast | Reported | 5p15.33 EXOC3 1.12E06 0.16 | rs62641919| 0.10
cancer gene

Breast | Reported | 10026.13 DMBT1 1.76E06 0.18 | rs45631563 | 0.97
cancer gene

Prostate] Novel 16p12.1 HS3ST4 5.65E43 0.09 rs7188897 28.30
cancer locus

Prostate] Novel 2034 RPE 5.86E32 0.06 | rs12621900 2.75
cancer locus

Prostate] Novel 1925.3 IER5 9.32E28 0.15 rs507603 1.16
cancer locus

Prostate] Novel 5q11.2 RP1%t 1.92E27 0.16 rs9292122 1.50
cancer locus 506H20.1

Prostate] Novel 615 MDN1 3.61E25 | 0.03 rs9443189 13.86
cancer locus

Prostate] Novel 8021.13 | ZFHX4AS1 | 4.97E25 | 0.05 | rs73700335| 31.23
cancer locus

Prostate] Novel 22q11.22 IGLV3-1 1.06E22 0.05 rs1978060 3.12
cancer locus

Prostate] Novel 3927.3 RPL39L 4 54E22 0.04 | rs11717887 | 14.46
cancer locus

Prostate] Novel 3p24.1 NEK10 4,76E22 0.19 rs7618603 4.00
cancer locus

Prostate] Novel 13932.3 | UBAC2AS1 | 3.40E20 | 0.06 | rs75823044 | 10.51
cancer locus

Prostate Novel 6p22.3 FAM65B 2.71E19 0.05 rs58003108 1.71
cancer locus

Prostate] Novel 5031.3 HDAC3 1.41E18 0.03 | rs10793821 7.12
cancer locus

Prostate] Novel 1944 ZNF672 1.73E18 0.12 rs708723 43.07
cancer locus

Prostate] Novel 20913.12 CTD- 3.37E18 0.07 | rs73909841| 3.25
cancer locus 2653D5.1

Prostate Novel 15g13.1 HERC?2 9.69E17 0.17 rs11561564 | 12.35
cancer locus

Prostate] Novel 17923.3 TACO1 7.26E14 | 0.19 | rs12938538| 5.25
cancer locus

Prostate] Novel 1g31.2 RGS2 8.86E14 | 0.21 | rs56677963 9.75
cancer locus

Prostate] Novel 1p31.1 ST6GALNAC| 2.10E13 0.02 | rs398049422| 11.11
cancer locus 3
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Prostate] Novel 4912 IGFBP7 2.45E13 0.29 | rs17804499 | 16.47
cancer locus

Prostate] Novel 16p13.3 ZNF500 1.49E12 0.39 rs7188897 49.67
cancer locus

Prostate] Novel 11p15.4 FAM160A2 1.99E12 0.18 | rs61890184 1.29
cancer locus

Prostate] Novel 15¢26.2 LINC00923 | 3.27E12 0.05 | rs12913603 | 27.20
cancer locus

Prostate] Novel 7036.1 RN7SL521P| 6.00E12 0.24 | rs127507726] 51.07
cancer locus 9

Prostate] Novel 7011.21 | GS1124K5.4| 3.66E11 0.29 rs834608 19.08
cancer locus

Prostate] Novel 5915 FAM172A 4.00E11 0.08 rs9292122 36.83
cancer locus

Prostate] Novel 19p13.2 ZNF44 477611 0.04 | rs10412482 | 4.82
cancer locus

Prostate] Novel 1p36.11 MDS2 1.0810 | 0.18 | rs10803412 7.53
cancer locus

Prostate] Novel 17p13.2 KIF1C 1.09E10 | 0.10 | rs78378222 2.64
cancer locus

Prostate] Novel 11p15.1 LDHALGA 1.23E10 | 0.19 | rs61890184 | 10.93
cancer locus

Prostate] Novel 19913.42 KMT5C 2.52E10 | 0.11 | rs76765083| 4.48
cancer locus

Prostate] Novel 1p22.1 BTBD8 3.95E10 | 0.07 | rs398049422| 4.34
cancer locus

Prostate] Novel 7p14.3 AVL9 1.14E09 0.06 | rs10486567 | 4.56
cancer locus

Prostate] Novel 6q15 C6orf163 1.15E09 0.13 rs9443189 11.56
cancer locus

Prostate] Novel 6p22.1 ZSCAN23 1.62E09 0.35 | rs58003108 1.78
cancer locus

Prostate] Novel 1p32.3 SSBP3 1.93E09 0.02 | rs578241623| 8.44
cancer locus

Prostate] Novel 10925.3 SLC18A2 4.45E09 0.13 rs4558107 3.76
cancer locus

Prostate] Novel 19q13.43 ZNF671 5.95E09 0.11 | rs76765083 6.86
cancer locus

Prostate] Novel 19g13.11 SCGB2B2 8.16E09 0.10 | rs17501397 2.92
cancer locus

Prostate] Novel 5¢21.1 CHD1 8.66E09 0.19 | rs10793821 | 35.57
cancer locus
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Prostate] Novel 17923.2 | RP1%15K2.2 | 1.15E08 0.05 | rs12938538 | 3.11
cancer locus

Prostate] Novel 6915 GABRR2 1.97E08 0.12 rs9443189 13.47
cancer locus

Prostate] Novel 17912 CCL14 2.93E08 0.12 rs3110641 1.70
cancer locus

Prostate,  Novel 2012.2 FHL2 3.45E08 | 0.06 rs2165108 5.67
cancer locus

Prostate] Novel 6026 AGPAT4 3.94E08 0.07 rs4646284 1.02
cancer locus

Prostate] Novel 6pl2.2 EFHC1 3.97E08 0.01 rs9472120 8.62
cancer locus

Prostate] Novel 15¢26.1 ISG20 5.09E08 0.03 | rs12913603| 18.26
cancer locus

Prostate] Novel 10g11.21 | LINC00840 | 5.73E08 0.07 rs7075427 1.71
cancer locus

Prostate] Novel 11pl4.1 LGR4 7.58E08 0.06 | rs61890184 | 19.84
cancer locus

Prostate] Novel 2033.1 TYWS5 8.04E08 0.06 rs1861270 1.31
cancer locus

Prostate] Novel 6p21.2 SAYSD1 8.20E08 0.22 rs4714485 2.45
cancer locus

Prostate] Novel 19p13.2 ICAM1 1.22E07 0.30 | rs10412482 6.83
cancer locus

Prostate] Novel 7032.2 CPA4 1.31E07 0.06 | rs127507726| 32.23
cancer locus 9

Prostate Novel 1g42.2 ARV1 1.61E07 0.08 rs708723 25.21
cancer locus

Prostate] Novel 8024.3 | RP1110J21.2| 2.74E07 0.05 | rs12549761| 13.70
cancer locus

Prostate] Novel 4p15.32 FAM184B 3.34E07 0.05 | rs17804499 | 55.80
cancer locus

Prostate Novel 10g11.22 FRMPD2 4.38E07 0.25 rs11599847 1.93
cancer locus

Prostate] Novel 11p15.4 CSNK2A3 6.49E07 0.24 | rs61890184 | 3.83
cancer locus

Prostate] Novel 3p21.1 ACTRS8 9.70E07 0.09 | rs397743718| 4.28
cancer locus

Prostate] Novel 16p13.13 | TNFRSF17 | 1.29E06 0.11 rs7188897 42.47
cancer locus

Prostate] Novel 19¢g13.32 | AC011551.3| 1.77E06 0.06 rs2659051 4.24
cancer locus
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Prostate] Novel 20p11.21 NINL 2.82E06 | 0.29 | rs149149158| 7.17
cancer locus 0
Prostate| Novel gene| 1p34.1 HECTDS3 1.01E49 0.01 | rs578241623| 0.77
cancer | in GWAS

loci
Prostate| Novel gene| 6p22.2 RP11 1.50E41 0.01 | rs58003108| 0.35
cancer | in GWAS 239L20.6

loci
Prostatel Novel genel 17¢924.3 | KCNJ2AS1 | 2.25E15 | 0.11 | rs148351530| 0.95
cancer | in GWAS

loci
Prostate| Novel gene| 17922 MRPS23 9.63E15 | 0.03 | rs12938538| 0.50
cancer | in GWAS

loci
Prostate| Novel genel 1g23.1 RP1t 3.28E14 | 0.02 | rs80237341| 0.44
cancer | in GWAS 66D17.5

loci
Prostate| Novel gene| 17g21.32 HOXB6 8.54E14 | 0.30 | rs138213197| 0.12
cancer | in GWAS

loci
Prostate| Novel gene| 12g13.11 OR10AD1 3.97E13 0.02 | rs80130819| 0.18
cancer | in GWAS

loci
Prostate| Novel gene| 2p25.1 RP1t 8.88E13 | 0.08 | rs73913932| 0.44
cancer | in GWAS 400L8.2

loci
Prostate| Novel gene| 5p15.33 RP1t 1.05E12 0.14 rs4975758 0.04
cancer | in GWAS 25902.1

loci
Prostate| Novel gene| 3p21.31 TMEM115 3.32E12 0.05 | rs397743718] 0.77
cancer | in GWAS

loci
Prostate| Novel gene| 16913 MT1G 2.14E11 0.22 | rs11863709 0.95
cancer | in GWAS

loci
Prostate| Novel gene 4924 INTS12 2.16E11 0.25 | rs17035310| 0.54
cancer | in GWAS

loci
Prostate| Novel gene| 19g13.33 POLD1 2.75E11 0.14 rs2659051 0.42
cancer | in GWAS

loci
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Prostate| Novel gene| 12p13.1 ATF7IP 1.31E10 | 0.06 | rs10845938 | 0.10
cancer | in GWAS

loci
Prostate| Novel gene| 12g21.33 RP1t 1.64E10 | 0.11 rs4842687 0.35
cancer | in GWAS 567C2.1

loci
Prostate| Novel gene| 1¢21.3 LYSMD1 1.54E09 | 0.01 rs607518 0.18
cancer | in GWAS

loci
Prostatel Novel genel 11g13.2 ALDH3B1 2.80E09 | 0.06 | rs12785905| 0.82
cancer | in GWAS

loci
Prostate| Novel gene| 19g13.12 CTD- 1.96E08 0.20 | rsb9710626 0.33
cancer | in GWAS 2528L19.6

loci
Prostate| Novel gene| 19p13.11| TMEM38A 2.25E08 0.08 | rs10412482 0.43
cancer | in GWAS

loci
Prostate| Novel gene| 4g22.3 | BMPR1BAS1| 3.22E08 0.15 rs6853490 0.12
cancer | in GWAS

loci
Prostate| Novel gene 1922 TMEM79 4.28E08 0.18 | rs184104770; 0.56
cancer | in GWAS

loci
Prostate| Novel genel 10g11.21 RASSF4 5.04E08 0.18 rs7075427 0.61
cancer | in GWAS

loci
Prostate| Novel gene| 6p21.1 RP1t 6.58E08 0.08 rs9472120 0.67
cancer | in GWAS 387M24.5

loci
Prostate| Novel gene| 22g11.21 XXbace 8.07&08 0.04 rs1978060 0.44
cancer | in GWAS B444P24.8

loci
Prostate| Novel gene| 11q13.2 LRP5 8.56E08 0.03 rs3018690 0.67
cancer | in GWAS

loci
Prostate| Novel genel 10g11.21 C10o0rf10 1.57E07 0.08 rs7075427 0.63
cancer | in GWAS

loci
Prostate| Novel genel 17p13.3 NXN 2.44E07 0.04 rs684232 0.08
cancer | in GWAS

loci
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Prostate| Novel gene| 8p21.3 TNFRSF10D| 3.25E07 | 0.03 rs6557704 0.45
cancer | in GWAS

loci
Prostate| Novel gene| 17pl13.1 CTD 6.30E07 0.13 | rs78378222 0.42
cancer | in GWAS 2545G14.6

loci
Prostate| Novel genel 2q37.3 PER2 6.87E07 0.02 rs2292884 0.71
cancer | in GWAS

loci
Prostate] Novel genel 12¢23.2 ASCL1 9.50E07 | 0.06 | rs77121786| 0.90
cancer | in GWAS

loci
Prostate] Reported 6025.3 SLC22A3 1.48E157 | 0.15 rs4646284 0.19
cancer gene
Prostate| Reported 6025.3 SNORA29 | 4.59E56 | 0.06 rs963800 0.06
cancer gene
Prostate] Reported 7pl15.2 HIBADH 1.17E30 0.07 rs6956484 0.00
cancer gene
Prostate] Reported 7921.3 BHLHA15 1.24E21 | 0.07 | rs127507726| 0.15
cancer gene 9
Prostate] Reported 8p21.3 CHMP7 5.34E20 | 0.10 rs6557704 0.35
cancer gene
Prostate] Reported 2p15 AC092155.4| 3.83E18 | 0.11 | rs11125927 | 0.06
cancer gene
Prostate] Reported 3p11.2 CHMP2B 1.68E17 | 0.13 | rs114810266| 0.09
cancer gene
Prostate] Reported 6025.3 SLC22A1 1.85E17 0.27 rs4646284 0.00
cancer gene
Prostate] Reported 4922.3 BMPR1B 7.40E17 0.15 rs6853490 0.13
cancer gene
Prostate] Reported 6p21.1 FOXP4AS1 | 7.46E14 | 0.09 rs4714485 0.02
cancer gene
Prostate] Reported | 20913.33 MIR647 297E13 | 0.11 rs1058319 0.20
cancer gene
Prostate] Reported | 22g11.21 TBX1 1.43E11 0.29 rs1978060 0.01
cancer gene
Prostate] Reported 3026.2 SKIL 2.30E11 0.10 | rs78416326| 0.00
cancer gene
Prostate] Reported | 11913.5 EMSY 2.33E11 0.07 | rs148310329| 0.00
cancer gene 3
Prostate] Reported | 21g22.3 TMPRSS2 | 8.8310 | 0.28 rs9978557 0.02
cancer gene
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Prostate] Reported | 10924.32 | MFSD13A 9.19E10 | 0.47 | rs12262998 | 0.19
cancer gene

Prostate] Reported | 12921.33 | ATP2BXAS1 | 1.13E09 0.02 rs4842687 0.05
cancer gene

Prostate] Reported | 10924.32 | RPARPAS1 | 1.34E09 0.16 | rs12262998 | 0.21
cancer gene

Prostate] Reported | 6p21.33 LY6G5B 4.69E09 0.35 rs9275160 1.01
cancer gene

Prostate] Reported 7921.3 BRI3 7.10E09 0.07 | rs127507726] 0.19
cancer gene 9

Prostate] Reported 8p23.1 AF131215.2 | 7.38E09 0.23 rs2572375 0.25
cancer gene

Prostate] Reported | 3q13.12 RP11 2.05E08 0.02 rs1283104 0.09
cancer gene 446H18.6

Prostate, Reported | 10¢25.2 RP1t 2.31E08 | 0.12 | rs10885396| 0.00
cancer gene 57H14.2

Prostate, Reported | 22g13.2 | EFCAB6AS1| 4.78e08 | 0.20 rs5759167 0.41
cancer gene

Prostate] Reported | 20g11.22 GDF5 5.94E08 0.04 rs6141551 0.01
cancer gene

Prostate] Reported 2p25.1 NOL10 7.16E08 0.06 rs1990613 0.05
cancer gene

Prostate] Reported | 12g13.12 CclQL4 1.40E07 | 0.30 | rs56222401| 0.05
cancer gene

Prostate] Reported | 6p21.33 CLIC1 1.48E07 0.04 rs9275160 0.95
cancer gene

Prostate] Reported 2pl1.2 GGCX 2.56E07 | 0.27 rs2028900 0.00
cancer gene

Prostate] Reported 9p21.3 RP1:70L8.5| 2.65E07 | 0.05 | rs17694493| 0.15
cancer gene

Prostate] Reported | 20g11.21 DNMT3B 2.86E07 | 0.03 | rs149149158| 0.00
cancer gene 0

Prostate] Reported 4922.3 UNCS5C 4.82E07 0.10 rs6853490 0.54
cancer gene

Prostate] Reported 7p21.1 SP8 4.98E07 0.05 rs9655205 0.17
cancer gene

Prostate] Reported | 11g24.2 PKNOX2 6.55E07 | 0.19 | rs138466039| 0.02
cancer gene

Prostate] Reported | 21g22.3 AGPAT3 6.85E07 0.06 rs9978557 2.35
cancer gene

Prostate] Reported | 21g21.3 | AP000223.42| 8.11E07 0.10 | rs11701433| 13.34
cancer gene
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Prostate| Reported 6p22.1 RPP21 9.54E07 0.24 | rs62407547 | 0.10
cancer gene
Prostate] Reported 3pll.2 POU1F1 9.93E07 0.07 | rs114810266| 0.07
cancer gene
Prostate] Reported 4913.3 RASSF6 1.01E06 0.09 | rs17804499| 0.01
cancer gene
Prostate] Reported 2g37.1 EFHD1 2.56E06 0.15 | rs74001374 | 4.82
cancer gene
Prostate] Reported 1921.3 ADAM15 2.88E06 0.06 | rsb6103503| 0.04
cancer gene
Prostate] Reported 6025.3 WTAP 2.97E06 0.25 rs963800 0.00
cancer gene
Prostate] Reported | 20g13.33 EEF1A2 3.14E06 0.15 rs381331 0.10
cancer gene
Prostate] Reported | 18p11.31 | LINC00526 | 2.62E06 0.17 rs8089411 49.01
cancer gene
Prostate] Reported 2pl5 WDPCP 3.25E07 0.08 | rsb8235267 0.07
cancer gene
Prostate] Reported | 17921.33 LRRC59 3.77E07 | 0.13 | rs565189650, 1.05
cancer gene
Prostate] Reported | 6p21.32 PRRT1 3.78E07 0.08 rs9275160 0.53
cancer gene
Prostate] Reported 8p21.3 LOXL2 5.15E10 0.17 rs6557704 0.19
cancer gene
Prostate] Reported | 8g24.21 PVT1 7.54E12 0.23 | rs12549761 0.27
cancer gene
Prostate] Reported 70921.3 TECPR1 3.84E28 | 0.07 | rs127507726| 0.16
cancer gene 9
Prostate] Reported 2q031.1 PDK1 2.37E14 0.01 | rs77167534 0.10
cancer gene
Prostate] Reported 2pl5 UGP2 8.75E11 0.02 | rs139283528| 0.13
cancer gene
Prostate] Reported | 14g22.1 Cl4orfl66 1.75E10 | 0.04 rs4901313 0.91
cancer gene
Lung | Novel genel 6p21.32 HLA-DQB2 4.46E16 | 0.66 rs2395185 0.29
cancer | in GWAS

loci
Lung | Novel genel 6p21.33 LTB 6.34E11 0.03 rs3117582 0.07
cancer | in GWAS

loci
Lung | Novel genel 6p21.33 CLIC1 2.03E09 | 0.08 rs3117582 0.08
cancer | in GWAS

loci
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Lung | Novel genel 6021 SMPD2 3.34E08 | 0.11 | rs17534632| 0.02
cancer | in GWAS

loci
Lung | Novel genel 15¢25.1 RP1% 4.61E07 | 0.02 rs8034191 0.02
cancer | in GWAS 650L12.4

loci
Lung | Novel genel 15¢24.2 PPCDC 4.00E06 | 0.10 | rs115735578] 0.20
cancer | in GWAS

loci
Lung Reported | 15g25.1 IREB2 3.49E68 | 0.02 rs8034191 0.01
cancer gene
Lung Reported | 15g25.1 PSMA4 1.57E62 | 0.03 | rs55781567| 0.01
cancer gene
Lung Reported | 15g25.1 CHRNA3 1.72E42 | 0.06 rs8042374 0.01
cancer gene
Lung Reported | 6p21.33 FLOT1 1.42E40 | 0.31 rs3094604 0.72
cancer gene
Lung Reported | 15g25.1 CHRNA5 3.13E31 | 0.13 | rs55781567 | 0.00
cancer gene
Lung Reported | 15g25.1 CTSH 3.51E31 | 0.01 rs8042374 0.31
cancer gene
Lung Reported | 15g25.1 ACSBG1 3.12E30 | 0.02 rs8034191 0.27
cancer gene
Lung Reported | 15g25.1 TMED3 5.60E21 | 0.03 rs8042374 0.70
cancer gene
Lung Reported | 6p21.33 HCP5 2.48E18 | 0.04 rs3094604 0.00
cancer gene
Lung Reported | 6p21.33 C4A 1.90E16 | 0.34 rs3117582 0.33
cancer gene
Lung Reported 6p22.1 HLA-G 5.39E13 0.22 rs4324798 1.02
cancer gene
Lung Reported | 6p21.33 GPANK1 1.45E11 | 0.06 rs3117582 0.01
cancer gene
Lung Reported | 6p21.33 PPP1R18 5.04E11 | 0.10 rs3094604 0.78
cancer gene
Lung Reported | 6p21.33 LY6G5B 1.32E09 0.27 rs3117582 0.02
cancer gene
Lung Reported 6p22.2 RP 1.52E09 0.02 rs4324798 2.64
cancer gene 221C16.8
Lung Reported 6p22.1 ZNRD1 6.18E09 | 0.17 rs4324798 1.25
cancer gene
Lung Reported 6p22.1 TRIM31 6.57E09 | 0.18 rs4324798 1.29
cancer gene
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Lung Reported | 6p21.33 CCHCR1 2.69E08 | 0.51 rs3094604 0.31
cancer gene
Lung Reported 6q27 RNASET?2 3.97E08 0.19 rs6920364 0.01
cancer gene
Lung Reported | 5p15.33 MRPL36 6.59E08 0.05 | rsb6397275| 0.43
cancer gene
Lung Reported 6p22.1 HCP5B 2.00E07 | 0.67 rs4324798 1.06
cancer gene
Lung Reported 6p22.2 HIST1H2BD | 2.08E07 0.02 rs4324798 2.64
cancer gene
Lung Reported | 6p21.32 HCG23 3.17E07 0.27 rs3817963 0.01
cancer gene
Lung Reported | 6p21.33 HLA-C 8.82E07 | 0.68 rs3094604 0.19
cancer gene
Lung Reported | 6p21.33 SFTA2 9.07E07 | 0.22 rs3094604 0.51
cancer gene

Lung Reported | 6p21.32 PFDNG6 1.29E06 | 0.01 rs2179920 0.20
cancer gene
Lung Reported 6p22.1 ZFP57 1.53E06 | 0.69 rs4324798 0.86
cancer gene

Lung Reported 6027 FGFR10OP | 3.05E06 | 0.02 | rs6920364 0.04
cancer gene

Lung Reported 6p22.2 BTN3A3 1.07E06 0.15 rs4324798 2.35
cancer gene

Lung Reported | 15021.1 | SECISBP2L | 3.19E06 0.17 | rs77468143| 0.04
cancer gene

Note:

a. P-value: derived from 50K, considered statisticaiignificant on the basis of Bonferroni correction

b. R2 prediction performance of gene expression predicted byetistic variants. The predictive
model with the most significant association was presented.

c. Closest risk SNRdentified by previous GWAS or finmapping studies. The risk SNP closest to
the gene is listed.
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Table A3.4. Putativeusceptibility genes identified from-$@nsTFTWAS, at a Bonferroncorrected P

< 0.05 (gene expression prediction at R2 > 0.1). Faelkes are the raw-¥alues from the Z score test

from TWAS.

Cancer| Reported | Region Gene P value? R2° | Closet Risk SNA Distanc

Type status ¢ e to the
Closet
Risk
SNP
(1Mb)

Breast Novel 14924.3 ACYP1 2.78E71 0.05 rs999737 6.49

cancer locus

Breast Novel 21922.3 C2lorf2 1.30E53 0.02 rs9808759 2.02

cancer locus

Breast Novel 11g12.3 SNHG1 1.30E53 0.01 rs3903072 2.96

cancer locus

Breast Novel 3023 TRPC1 1.11E50 | 0.02 rs34207738 1.33

cancer locus

Breast Novel 2021.3 CCNT2 3.05E47 0.08 rs4849887 14.43

cancer locus

Breast Novel 15025.2 AP3B2 4.09e44 | 0.08 rs2290203 8.26

cancer locus

Breast Novel 8qg24.12 ENPP2 49742 0.10 rs13267382 3.36

cancer locus

Breast Novel 12913.12] SLC11A2 | 6.77E39 0.03 rs1027113 21.99

cancer locus

Breast Novel 2pl13.3 TEX261 7.50E32 0.09 rs899491003 1.82

cancer locus

Breast Novel 9934.3 NALT1 8.35E32 0.18 rs1461780285| 3.27

cancer locus

Breast Novel 5p13.2 PRLR 4.59E29 0.33 rs2012709 2.48

cancer locus

Breast Novel 5p15.31 NSUN2 8.45E29 0.12 rs397956230 5.30

cancer locus

Breast Novel 2021.1 PTPN18 4.13E28 0.16 rs4849887 9.87

cancer locus

Breast Novel 7p22.1 DAGLB 7.02E28 0.19 rs7971 15.45

cancer locus

Breast Novel 9pl13.2 | TRMT10B | 8.10E28 0.07 rs1011970 15.69

cancer locus

Breast Novel 2¢31.1 TLK1 2.17E26 0.03 rs2016394 1.09

cancer locus
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Breast Novel 16p12.1| NSMCE1l 1.89E25 | 0.04 rs11076805 23.17
cancer locus
Breast Novel 5g35.3 MGAT4B 5.32E24 | 0.23 rs4562056 9.63
cancer locus
Breast Novel 5g35.3 MGAT4B 4.67E21 0.15 rs4562056 9.63
cancer locus
Breast Novel 11p15.1 ABCC38 1.85620 | 0.24 rs3817198 15.51
cancer locus
Breast Novel 1p35.3 EYA3 2.76E19 0.17 rs2992756 9.49
cancer locus
Breast Novel 14qg12 TM9SF1 7.88E19 0.09 rs752059786 12.47
cancer locus
Breast Novel 3022.3 DZIP1L 1.62E18 0.14 rs34207738 3.28
cancer locus
Breast Novel 60923.2 VNN2 1.93E18 0.26 rs6569648 2.72
cancer locus
Breast Novel 9934.11 KYAT1 4.84E18 0.20 rs10760444 2.20
cancer locus
Breast Novel 1p22.2 KYAT3 5.65E18 0.15 rs17426269 1.24
cancer locus
Breast Novel 9931.3 PTGR1 1.24E17 0.20 rs676256 3.42
cancer locus
Breast Novel 6921 AK9 1.94E17 0.06 rs6569648 20.34
cancer locus
Breast Novel 3p21.31| ZMYND10 | 2.15E17 0.14 rs6796502 3.52
cancer locus
Breast Novel 11p15.1 ABCCS8 3.08E17 0.52 rs3817198 15.51
cancer locus
Breast Novel 15925.2 TM6SF1 5.20E17 0.05 rs2290203 7.82
cancer locus
Breast Novel 7p22.1 PMS2 7.80E17 0.08 rs7971 15.89
cancer locus
Breast Novel 2935 OBSL1 9.10E17 0.02 rs16857609 2.12
cancer locus
Breast Novel 2p11.2 THNSL2 3.49E16 | 0.32 rs899491003 | 19.01
cancer locus
Breast Novel 3q11.1 ARL13B 3.90E16 0.24 rs9833888 5.95
cancer locus
Breast Novel 11g13.2 TCIRG1 1.23E15 0.25 rs554219 1.47
cancer locus
Breast Novel 8024.12 ENPP2 1.43E15 | 0.07 rs13267382 3.36
cancer locus

205




Breast Novel 11g23.2 UsP28 7.74615 | 0.07 rs74911261 5.31
cancer locus
Breast Novel 1p35.3 EYA3 8.05E15 | 0.22 rs2992756 9.49
cancer locus
Breast Novel 15923 MAP2K5 2.55E14 | 0.04 rs2290203 23.16
cancer locus
Breast Novel 11g23.2 UsP28 46314 | 0.03 rs74911261 5.31
cancer locus
Breast Novel 11g12.1| TIMM10 7.00E14 | 0.21 rs3903072 8.28
cancer locus
Breast Novel 1p36.33| CDK11B 9.76E14 | 0.09 rs616488 8.85
cancer locus
Breast Novel 12p13.31 CHD4 1.41E13 0.26 rs12422552 7.65
cancer locus
Breast Novel 11g12.3 SNHG1 1.47E13 0.57 rs3903072 2.96
cancer locus
Breast Novel 15921.3 TCF12 2.09E13 0.23 rs2290203 33.67
cancer locus
Breast Novel 11g23.1 ALG9 2.23E13 0.02 rs74911261 3.30
cancer locus
Breast Novel 1p22.2 RBMXL1 2.29E13 0.11 rs17426269 1.29
cancer locus
Breast Novel 2p25.3 | TRAPPC12| 3.79E13 0.12 rs113577745 6.51
cancer locus
Breast Novel 2033.2 ICA1L 3.87E13 0.04 rs1830298 1.46
cancer locus
Breast Novel 14924.3 TTLLS5 6.95E13 0.29 rs999737 7.07
cancer locus
Breast Novel 3022.2 CEP63 6.97E13 0.24 rs34207738 6.82
cancer locus
Breast Novel 2014.3 UGGT1 8.14E13 0.02 rs4849887 7.60
cancer locus
Breast Novel 5031.1 JADE?2 9.49E13 | 0.03 rs6596100 1.45
cancer locus
Breast Novel 8p21.3 | FAM160B2 | 1.57E12 0.06 rs10581440 1.52
cancer locus
Breast Novel 11g12.2| PPP1R32 | 1.65E12 0.07 rs3903072 4.32
cancer locus
Breast Novel 15923 MAP2K5 1.02E11 0.07 rs2290203 23.16
cancer locus
Breast Novel 7p13 POLM 1.32E11 0.05 rs17156577 15.75
cancer locus
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Breast Novel 5934 WWC1 1.43E11 0.22 rs4562056 1.69
cancer locus
Breast Novel 11p15.2| PLEKHA7 | 1.60E11 0.07 rs3817198 14.89
cancer locus
Breast Novel 14¢g23.3| PPP1R36 | 1.81E11 0.14 rs2588809 3.60
cancer locus
Breast Novel 1p36.33 | SLC35E2B| 2.33E11l 0.34 rs616488 8.81
cancer locus
Breast Novel 3026.2 GOLIM4 2.35E11 0.09 rs58058861 4.47
cancer locus
Breast Novel 1925.2 CEP350 3.94E11 0.19 rs35383942 21.35
cancer locus
Breast Novel 1g31.3 NEK7 3.97E11 | 0.08 rs35383942 3.15
cancer locus
Breast Novel 17921.32| CDC27 4.28E11 0.02 rs2532263 1.09
cancer locus
Breast Novel 16p13.11] ABCC6 4.30E11 0.06 rs11076805 12.09
cancer locus
Breast Novel 15921.3| ZNF280D | 4.92E11 0.19 rs2290203 34.05
cancer locus
Breast Novel 1p36.11| RPS6KA1l | 6.03E11 0.14 rs2992756 8.05
cancer locus
Breast Novel 17921.32] CDC27 7.76E11 0.03 rs2532263 1.09
cancer locus
Breast Novel 22912.2 INPP5J 7.84E11 0.13 rs132390 1.90
cancer locus
Breast Novel 7p13 URGCP 8.98E11 0.36 rs17156577 15.56
cancer locus
Breast Novel 6915 ANKRD6 1.17810 | 0.28 rs17529111 8.01
cancer locus
Breast Novel 4p16.3 CPLX1 1.85E10 | 0.05 rs495367 1.16
cancer locus
Breast Novel 119134 ARRB1 2.02E10 0.07 rs75915166 5.70
cancer locus
Breast Novel 8p21.3 | FAM160B2 | 2.33E10 0.10 rs10581440 1.52
cancer locus
Breast Novel 7pl3 | AC004951.6/ 2.80E10 | 0.06 rs17156577 15.69
cancer locus
Breast Novel 12924.23] TAOK3 3.61E10 | 0.37 rs206966 2.02
cancer locus
Breast Novel 20p11.21] ENTPDG6 46810 | 0.23 rs753173948 13.67
cancer locus
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Breast Novel 8924.22 | PHF20L1 6.41E10 | 0.02 rs11780156 459
cancer locus
Breast Novel 3p22.2 TTC21A 1.02E09 0.31 rs6796502 7.69
cancer locus
Breast Novel 6915 ANKRD6 1.13E09 0.64 rs17529111 8.01
cancer locus
Breast Novel 6q14.2 ME1 1.35E09 0.05 rs17529111 1.79
cancer locus
Breast Novel 5g21.3 PJA2 1.91E09 0.03 rs6882649 2.47
cancer locus
Breast Novel 16p13.3 SRRM2 2.60E09 0.08 rs11076805 1.28
cancer locus
Breast Novel 3023 NMNAT3 2.79E09 0.16 rs34207738 1.72
cancer locus
Breast Novel 9933.3 RABEPK 2.95E09 0.18 rs10760444 1.40
cancer locus
Breast Novel 15915.1| PLA2G4B | 3.55E09 0.27 rs2290203 49.12
cancer locus
Breast Novel 8p23.3 CLN8 4.18E09 0.21 rs66823261 1.54
cancer locus
Breast Novel 11g12.3 GANAB 49709 0.05 rs3903072 3.17
cancer locus
Breast Novel 8p23.1 NEIL2 5.77E09 0.31 rs66823261 11.55
cancer locus
Breast Novel 12913.13] ACVRL1 9.07E09 0.08 rs1027113 22.92
cancer locus
Breast Novel 2p25.1 GREB1 9.57E09 0.09 rs113577745 1.49
cancer locus
Breast Novel 1p36.21 CTRC 9.63E09 0.37 rs2992756 3.03
cancer locus
Breast Novel 3923 XRN1 9.84E09 0.10 rs34207738 1.09
cancer locus
Breast Novel 10g25.1| XPNPEP1 1.04E08 0.21 rs7904519 3.09
cancer locus
Breast Novel 21921.1 | MIR99AHG | 1.11E08 | 0.04 rs2823093 1.08
cancer locus
Breast Novel 7922.1 CYP3A5 1.37E08 0.26 rs398067103 1.25
cancer locus
Breast Novel 3pl4.1 FRMD4B 1.39E08 0.01 rs6805189 1.94
cancer locus
Breast Novel 2p25.3 PXDN 1.61E08 0.07 rs113577745 8.25
cancer locus
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Breast Novel 7036.1 | ATP6VOE2 | 1.68E08 0.40 rs720475 5.49
cancer locus AS1

Breast Novel 5g33.1 SPARC 2.26E08 0.04 rs1432679 7.13
cancer locus

Breast Novel 3q11.2 DHFR2 2.27E08 0.12 rs9833888 5.94
cancer locus

Breast Novel 9p22.1 PLIN2 2.76E08 0.21 rs1011970 2.91
cancer locus

Breast Novel 8g24.12 TAF2 3.68E08 0.14 rs13267382 3.53
cancer locus

Breast Novel 11g23.3 CEP164 3.70E08 0.06 rs7924772 2.95
cancer locus

Breast Novel 16p11.2 CDIPT 3.74E08 0.06 rs4784227 22.70
cancer locus

Breast Novel 3922.2 CEP63 4.41E08 0.06 rs34207738 6.82
cancer locus

Breast Novel 7931.1 FOXP2 5.25E08 0.07 rs71559437 12.18
cancer locus

Breast Novel 17925.3| SLC38A10| 6.41E08 0.33 rs745570 1.44
cancer locus

Breast Novel 9934.3 LCN10 6.61E08 0.05 rs1461780285| 3.46
cancer locus

Breast Novel 2035 CNPPD1 6.93E08 0.06 rs16857609 1.74
cancer locus

Breast Novel 19p13.3 TPGS1 8.01E08 0.39 rs322144 10.79
cancer locus

Breast Novel 12g13.12] ADCY6 8.93E08 0.09 rs1027113 19.78
cancer locus

Breast Novel 60923.2 ENPP1 9.08E08 0.18 rs6569648 1.78
cancer locus

Breast Novel 5g31.2 SIL1 9.15E08 0.08 rs6596100 5.88
cancer locus

Breast Novel 20p12.3 PLCB4 9.98E08 | 0.08 rs753173948 2.04
cancer locus

Breast Novel 8924.22| TMEM71 1.02E07 0.25 rs11780156 4.50
cancer locus

Breast Novel 3p22.1 RPL14 1.21E07 0.30 rs6796502 6.36
cancer locus

Breast Novel 3p22.2 TTC21A 1.26E07 0.04 rs6796502 7.69
cancer locus

Breast Novel 4931.21 USP38 1.28E07 0.14 rs77528541 17.26
cancer locus
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Breast Novel 2pll.2 CYTOR 1.29E07 0.10 rs899491003 18.29
cancer locus
Breast Novel 1p36.13 CAPZB 1.46E07 0.11 rs2992756 1.09
cancer locus
Breast Novel 1p13.3 CEPT1 1.63E07 0.23 rs796135252 1.46
cancer locus
Breast Novel 15q15.1 | PLA2G4B | 1.71E07 0.17 rs2290203 49.12
cancer locus
Breast Novel 9¢33.3 RABEPK 1.75E07 0.11 rs10760444 1.40
cancer locus
Breast Novel 4pl6.3 ATP5I 1.79E07 0.09 rs495367 1.31
cancer locus
Breast Novel 22q12.2 TCN2 2.23E07 0.31 rs132390 1.38
cancer locus
Breast Novel 16g22.1 FUK 3.49E07 0.06 rs13329835 10.14
cancer locus
Breast Novel 8pl1.22 ADAM9 3.55E07 0.02 rs13365225 2.00
cancer locus
Breast Novel 13q13.3 POSTN 4.82E07 0.04 rs11571833 5.16
cancer locus
Breast Novel 6023.2 ENPP1 5.01E07 0.18 rs6569648 1.78
cancer locus
Breast Novel 9p22.1 PLIN2 5.54E07 0.16 rs1011970 2.91
cancer locus
Breast Novel 7021.13 CDK14 5.60E07 0.03 rs6964587 0.79
cancer locus
Breast Novel 18923 NFATC1 6.29E07 0.44 rs17743054 34.07
cancer locus
Breast Novel 4pl16.3 | TMEM175 | 6.50E07 0.03 rs495367 1.03
cancer locus
Breast Novel 14912 TM9SF1 7.14E07 0.14 rs752059786 12.47
cancer locus
Breast Novel 12924.33 FBRSL1 7.27TE07 0.21 rs2464195 11.49
cancer locus
Breast Novel 9¢22.31 IARS 7.30E07 0.02 rs4742903 11.80
cancer locus
Breast Novel 17q11.2 NLK 8.18E07 0.15 rs10612648 2.71
cancer locus
Breast Novel 5932 LARS 9.22E07 0.43 rs1432679 12.63
cancer locus
Breast Novel 17911.2 KSR1 1.00E06 0.23 rs10612648 3.28
cancer locus
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Breast Novel 1922 SMGb5 1.04E06 0.21 rs4971059 1.07
cancer locus
Breast Novel 10p14 USP6NL 1.08E06 0.12 rs67958007 2.41
cancer locus
Breast Novel 5g35.3 TRIM52 1.10E06 0.33 rs4562056 11.10
cancer locus AS1
Breast Novel 3p21.1 DNAH1 1.15E06 0.12 rs6796502 5.49
cancer locus
Breast Novel 17923.1| RPS6KB1 | 1.30E06 0.07 rs2787486 4.76
cancer locus
Breast Novel 9934.3 AGPAT2 1.35E06 0.26 rs1461780285| 3.40
cancer locus
Breast Novel 17921.32 UBE2Z 1.46E06 0.21 rs2532263 2.73
cancer locus
Breast Novel 8g24.3 PLEC 1.49E06 0.36 rs11780156 15.73
cancer locus
Breast Novel 16p13.3 WDR90 1.54E06 0.07 rs11076805 3.39
cancer locus
Breast Novel 1942.12 WDR26 1.61E06 0.36 rs11117758 7.34
cancer locus
Breast Novel 22g11.21 Pl14KA 1.63E06 0.23 rs17879961 7.87
cancer locus
Breast Novel 12921.33] POC1B 1.71E06 0.10 rs202049448 4.80
cancer locus
Breast | Novel gene| 2g31.1 MAP3K20 | 5.46E29 0.04 rs1550623 0.08
cancer | in GWAS

locus
Breast | Novel gene| 10g25.2 VTI1A 2.31E25 0.02 rs7904519 0.20
cancer | in GWAS

locus
Breast | Novel gene| 2g31.1 MAP3K20 | 5.37E20 0.08 rs1550623 0.08
cancer | in GWAS

locus
Breast | Novel gene| 11g22.3| SLC35F2 7.86E18 0.19 rs201942465 0.55
cancer | in GWAS

locus
Breast | Novel gene| 19913.31| ZNF235 4.71E15 0.03 rs3760982 0.45
cancer | in GWAS

locus
Breast | Novel gene| 99g33.1 TRIM32 1.14E14 | 0.26 rs1895062 0.14
cancer | in GWAS

locus
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Breast | Novel gene| 9g34.2 STKLD1 5.42E12 | 0.05 rs1461780285| 0.10
cancer | in GWAS

locus
Breast | Novel gene| 14932.33 MTA1 7.71E12 0.17 rs10623258 0.67
cancer | in GWAS

locus
Breast | Novel gene| 12g24.31 COQ5 3.20E11 0.09 rs206966 0.11
cancer | in GWAS

locus
Breast | Novel gene| 16q12.2 RBL2 5.39E11 0.13 rs17817449 0.29
cancer | in GWAS

locus
Breast | Novel gene| 19p12 ZNF93 9.54E11 0.04 rs2965183 0.47
cancer | in GWAS

locus
Breast | Novel gene| 19p13.2 LDLR 4.08£10 0.28 rs322144 0.18
cancer | in GWAS

locus
Breast | Novel gene| 14932.33 MTAL 3.87E09 0.22 rs10623258 0.67
cancer | in GWAS

locus
Breast | Novel gene| 18g21.1 HAUS1 4.66E09 0.06 rs17743054 0.78
cancer | in GWAS

locus
Breast | Novel gene| 7021.3 CASD1 7.00E09 0.01 rs17268829 0.02
cancer | in GWAS

locus
Breast | Novel gene| 18q11.2 RIOK3 7.19E09 0.41 rs12962334 0.55
cancer | in GWAS

locus
Breast | Novel gene| 9934.13 AK8 7.57E09 0.30 rs1461780285| 0.40
cancer | in GWAS

locus
Breast | Novel gene| 11g13.2 RBM14 1.50E08 | 0.02 rs3903072 0.80
cancer | in GWAS

locus
Breast | Novel gene| 9q34.2 STKLD1 1.57E08 0.18 rs1461780285| 0.10
cancer | in GWAS

locus
Breast | Novel gene| 19g13.32 EML2 1.89E08 | 0.18 rs1263619624 | 0.03
cancer | in GWAS

locus
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Breast | Novel gene| 10p15.1 | FAM208B | 4.26E08 | 0.05 rs2380205 0.08
cancer | in GWAS

locus
Breast | Novel gene| 18qg11.2 RIOK3 6.56E08 | 0.45 rs12962334 0.55
cancer | in GWAS

locus
Breast | Novel gene| 1p34.1 | CCDC163 | 1.29E07 | 0.05 rs1707302 0.64
cancer | in GWAS

locus
Breast | Novel gene| 122 RUSC1 1.42E07 0.23 rs4971059 0.15
cancer | in GWAS

locus
Breast | Novel gene| 10g22.3 PPIF 1.62E07 0.03 rs704010 0.27
cancer | in GWAS

locus
Breast | Novel gene| 19p13.12| NDUFB7 1.91E07 0.48 rs2594714 0.72
cancer | in GWAS

locus
Breast | Novel gene| 6025.2 VIP 2.81E07 0.05 rs2747652 0.63
cancer | in GWAS

locus
Breast | Novel gene| 12p11.22 FAR2 3.27E07 0.10 rs1027113 0.16
cancer | in GWAS

locus
Breast | Novel gene| 19913.32 EML2 3.56E07 0.14 rs1263619624 | 0.03
cancer | in GWAS

locus
Breast | Novel gene| 19p13.11| C190rf60 4.44E07 0.06 rs4808801 0.13
cancer | in GWAS

locus
Breast | Novel gene| 19p13.11 GMIP 45707 | 0.06 rs2965183 0.19
cancer | in GWAS

locus
Breast | Novel gene| 1g22 YY1AP1 4.61E07 0.10 rs4971059 0.48
cancer | in GWAS

locus
Breast | Novel gene| 18q12.1| GAREM1 1.01E06 0.07 rs117618124 0.07
cancer | in GWAS

locus
Breast | Novel gene| 16p13.3 GLYR1 1.11E06 0.12 rs11076805 0.75
cancer | in GWAS

locus
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Breast | Novel gene| 6p22.1 | HLA-F-AS1 | 1.71E06 0.24 rs9257408 0.78
cancer | in GWAS

locus
Breast | Novel gene| 7qg21.3 CASD1 177206 | 0.05 rs17268829 0.02
cancer | in GWAS

locus
Breast | Reported | 11913.3 | IGHMBP2 | 1.00E48 | 0.08 rs554219 0.58
cancer gene
Breast | Reported | 11913.3 | IGHMBP2 | 2.38E36 | 0.14 rs554219 0.58
cancer gene
Breast | Reported | 11g13.3 PPFIAL 2.52E32 0.07 rs75915166 0.71
cancer gene
Breast | Reported | 20p12.2 JAG1 2.53E27 | 0.11 rs753173948 0.85
cancer gene
Breast | Reported | 10926.12] WDR11 2.79e27 | 0.20 rs11199914 0.42
cancer gene
Breast | Reported | 5q11.2 SETD9 1.0825 | 0.07 rs62355902 0.15
cancer gene
Breast | Reported | 11g13.3| ORAOV1 | 4.16E24 | 0.17 rs75915166 0.09
cancer gene
Breast | Reported | 10926.13] NSMCE4A | 6.84E23 | 0.04 rs45631563 0.37
cancer gene
Breast | Reported | 10026.12] WDRI11 1.56E22 | 0.24 rs11199914 0.42
cancer gene
Breast | Reported | 19p13.11] ARMCG6 9.53E22 | 0.04 rs2965183 0.37
cancer gene
Breast | Reported | 10926.13] NSMCE4A | 1.63E21 | 0.03 rs45631563 0.37
cancer gene
Breast | Reported | 10926.12] WDR11 7.58E17 | 0.28 rs11199914 0.42
cancer gene
Breast | Reported | 12p11.23| TM7SF3 2.92E16 | 0.03 rs7297051 1.01
cancer gene
Breast | Reported | 11913.3| MRPL21 5.69E16 | 0.02 rs554219 0.61
cancer gene
Breast | Reported | 11p15.5 RIC8A 3.84E15 | 0.28 rs6597981 0.59
cancer gene
Breast | Reported | 19p13.11] ARMCG6 3.87E15 | 0.02 rs2965183 0.37
cancer gene
Breast | Reported | 18g11.2 SS18 6.70E15 | 0.02 rs527616 0.67
cancer gene
Breast | Reported | 16g23.2 GCSH 9.62E14 | 0.07 rs13329835 0.47
cancer gene
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Breast | Reported | 10926.13] NSMCE4A | 1.12E13 | 0.26 rs45631563 0.37
cancer gene
Breast | Reported | 5g11.2 IL6ST 1.95E13 0.12 rs62355902 0.76
cancer gene
Breast | Reported | 3p26.1 SETMAR 2.34E13 0.04 rs6762644 0.38
cancer gene
Breast | Reported | 20g33.1 CASPS8 1.50E12 | 0.31 rs1830298 0.03
cancer gene
Breast | Reported | 60g25.1 ESR1 4.08E12 0.06 rs2747652 0.01
cancer gene
Breast | Reported | 5q14.2 ATG10 4.15E12 0.22 rs7707921 0.03
cancer gene
Breast | Reported 2935 TNS1 9.37E12 0.04 rs16857609 0.37
cancer gene
Breast | Reported | 14932.12] TRIP11 1.11E11 | 0.05 rs941764 0.59
cancer gene
Breast | Reported | 2g14.2 PTPN4 1.22E11 0.02 rs4849887 0.50
cancer gene
Breast | Reported | 22913.2| ZC3H7B 1.94E11 | 0.18 rs73161324 0.28
cancer gene
Breast | Reported | 7921.3 SGCE 3.29E11 | 0.38 rs17268829 0.10
cancer gene
Breast | Reported | 22913.2| XPNPEP3 | 4.11E11 | 0.36 rs6001930 0.38
cancer gene
Breast | Reported | 2033.1 CASPS8 5.72E11 0.22 rs1830298 0.03
cancer gene
Breast | Reported | 20g33.1 NIF3L1 1.01E10 | 0.05 rs1830298 0.41
cancer gene
Breast | Reported 1922 ASHI1L 1.67E10 0.03 rs4971059 0.16
cancer gene
Breast | Reported | 5031.1 C5orf56 1.99E10 0.18 rs6596100 0.58
cancer gene
Breast | Reported 1922 FAM189B | 1.99E10 | 0.07 rs4971059 0.07
cancer gene
Breast | Reported | 5031.1 RADS0 2.67E10 | 0.15 rs6596100 0.43
cancer gene
Breast | Reported | 12p11.23] TM7SF3 2.81E10 | 0.25 rs7297051 1.01
cancer gene
Breast | Reported 1922 MUC1 3.47&10 | 0.47 rs4971059 0.01
cancer gene
Breast | Reported | 17921.31] KANSL1 3.57E10 | 0.75 rs2532263 0.05
cancer gene
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Breast | Reported | 19p13.11 SSBP4 4.25E10 | 0.06 rs4808801 0.03
cancer gene
Breast | Reported | 12p11.23] TM7SF3 442E10 | 0.11 rs7297051 1.01
cancer gene
Breast | Reported | 19p13.11] ATP13Al | 4.66E10 | 0.03 rs2965183 0.21
cancer gene
Breast | Reported | 22913.1| GTPBP1 6.42E10 | 0.15 rs868638441 0.23
cancer gene
Breast | Reported | 22q13.1 PLA2G6 6.75£10 | 0.09 rs738321 0.03
cancer gene
Breast | Reported | 11g13.3 MRPL21 8.38E10 | 0.38 rs554219 0.61
cancer gene
Breast | Reported | 16923.2 GCSH 1.0309 | 0.09 rs13329835 0.47
cancer gene
Breast | Reported | 10922.3 ZMIZ1 1.19e09 | 0.19 rs704010 0.01
cancer gene
Breast | Reported | 22913.1| GTPBP1 1.23609 | 0.04 rs868638441 0.23
cancer gene
Breast | Reported | 22913.2 | XPNPEP3 | 1.61E09 | 0.03 rs6001930 0.38
cancer gene
Breast | Reported | 7021.2 KRIT1 1.74E09 0.02 rs6964587 0.20
cancer gene
Breast | Reported | 17921.31] ARHGAP27| 2.06E09 | 0.05 rs2532263 0.74
cancer gene
Breast | Reported | 7g32.3 | LINC-PINT | 2.30E09 | 0.19 rs4593472 0.04
cancer gene
Breast | Reported | 7g32.3 | LINC-PINT | 2.88E09 | 0.30 rs4593472 0.04
cancer gene
Breast | Reported | 2q14.2 | TFCP2L1 | 3.07E09 | 0.04 rs4849887 0.73
cancer gene
Breast | Reported | 22913.1| PLA2G6 3.52E09 | 0.03 rs738321 0.03
cancer gene
Breast | Reported 1922 CLK2 3.60E09 | 0.07 rs4971059 0.09
cancer gene
Breast | Reported | 22g13.1 MAFF 41709 | 0.08 rs738321 0.03
cancer gene
Breast | Reported | 2g33.1 CASP8 6.39E09 0.06 rs1830298 0.03
cancer gene
Breast | Reported 1p33 NSUN4 7.24E09 0.11 rs1707302 0.20
cancer gene
Breast | Reported | 15026.1 | MAN2A2 7.69E09 | 0.04 rs2290203 0.05
cancer gene
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Breast | Reported 1p33 NSUN4 8.08E09 | 0.07 rs1707302 0.20
cancer gene

Breast | Reported | 14921.1 MIPOL1 9.69E09 0.03 rs752059786 0.53
cancer gene

Breast | Reported | 8924.13| FAM91Al1 | 1.00E08 0.13 rs17350191 0.02
cancer gene

Breast | Reported | 11913.3| ORAOV1 1.30E08 | 0.38 rs75915166 0.09
cancer gene

Breast | Reported 1922 MUC1 1.34E08 0.88 rs4971059 0.01
cancer gene

Breast | Reported | 17921.31| KANSL1 1.89E08 0.06 rs2532263 0.05
cancer gene

Breast | Reported | 6p22.1 ZNF311 1.91E08 | 0.04 rs9257408 0.04
cancer gene

Breast | Reported | 9g31.3 | CTNNAL1 | 1.95E08 | 0.05 rs676256 0.81
cancer gene

Breast | Reported | 14932.12] ATXN3 1.96E08 | 0.05 rs11627032 0.53
cancer gene

Breast | Reported 1922 MUC1 2.72E08 0.88 rs4971059 0.01
cancer gene

Breast | Reported | 5q11.2 IL6ST 2.76E08 | 0.47 rs62355902 0.76
cancer gene

Breast | Reported | 11913.3 CTTN 3.14E08 | 0.09 rs75915166 0.83
cancer gene

Breast | Reported | 12p13.33 RP1: 3.38E08 | 0.45 rs12422552 13.60
cancer gene 218M22.1

Breast | Reported | 17921.31] ARHGAP27| 3.43E08 0.13 rs2532263 0.74
cancer gene

Breast | Reported | 14932.12] ATXN3 42708 | 0.08 rs11627032 0.53
cancer gene

Breast | Reported | 8p21.3 BMP1 5.61E08 0.17 rs10581440 141
cancer gene

Breast | Reported 1922 EFNA1 5.93E08 | 0.22 rs4971059 0.04
cancer gene

Breast | Reported 1922 MSTO1 8.54E08 0.07 rs4971059 0.43
cancer gene

Breast | Reported | 8g24.13 MTSS1 9.25E08 | 0.11 rs17350191 0.81
cancer gene

Breast | Reported | 18q11.2 SS18 1.28E07 0.09 rs527616 0.67
cancer gene

Breast | Reported | 14932.12] ATXN3 1.31E07 0.11 rs11627032 0.53
cancer gene
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Breast | Reported | 17921.31] PLEKHM1 | 1.31E07 | 0.13 rs2532263 0.68
cancer gene
Breast | Reported 1922 GONA4L 1.51E07 0.11 rs4971059 0.57
cancer gene
Breast | Reported 1p33 NSUN4 1.76E07 0.20 rs1707302 0.20
cancer gene
Breast | Reported | 10926.13 ATE1 1.79e07 | 0.07 rs45631563 0.15
cancer gene
Breast | Reported 1p33 NSUN4 1.86E07 0.13 rs1707302 0.20
cancer gene
Breast | Reported 1922 GONA4L 1.87E07 0.08 rs4971059 0.57
cancer gene
Breast | Reported | 16022.2 ZNF19 2.02E07 | 0.10 rs13329835 9.05
cancer gene
Breast | Reported | 4p16.3 PIGG 2.10E07 0.05 rs495367 1.45
cancer gene
Breast | Reported | 19p13.11] SUGP1 2.24E07 | 0.08 rs2965183 0.11
cancer gene
Breast | Reported | 4pl16.3 RNF212 2.43E07 | 0.12 rs495367 0.87
cancer gene
Breast | Reported | 7g32.3 | LINC-PINT | 2.46E07 | 0.14 rs4593472 0.04
cancer gene
Breast | Reported | 5031.1 RADS0 2.58E07 0.04 rs6596100 0.43
cancer gene
Breast | Reported | 7021.3 SGCE 2.80E07 0.33 rs17268829 0.10
cancer gene
Breast | Reported | 19p13.11 SSBP4 3.45E07 | 0.06 rs4808801 0.03
cancer gene
Breast | Reported | 10g26.13] TACC2 3.65E07 | 0.11 rs45631563 0.40
cancer gene
Breast | Reported | 17g11.2 GOSR1 3.83607 | 0.10 rs10612648 0.38
cancer gene
Breast | Reported | 1p34.1 NASP 4.30E07 | 0.06 rs1707302 0.52
cancer gene
Breast | Reported | 3qgl12.2 TFG 5.82E07 | 0.03 rs9833888 0.70
cancer gene
Breast | Reported | 3p26.1 | AC018816.3] 6.46E07 | 0.11 rs6762644 0.11
cancer gene
Breast | Reported | 22g13.1 PLA2G6 7.34E07 | 0.09 rs738321 0.03
cancer gene
Breast | Reported | 1p34.1 NASP 7.43E07 0.14 rs1707302 0.52
cancer gene
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Breast | Reported | 11913.3 PPFIA1 7.46E07 | 0.08 rs75915166 0.71
cancer gene
Breast | Reported | 11913.3 TPCN2 7.59E07 0.07 rs554219 0.35
cancer gene
Breast | Reported | 5031.1 P4HA2 9.24E07 0.33 rs6596100 0.78
cancer gene
Breast | Reported 1922 BGLAP 9.30E07 0.02 rs4971059 1.07
cancer gene
Breast | Reported | 17921.31| ARL17A 9.86E07 0.09 rs2532263 0.34
cancer gene
Breast | Reported 1922 SLC25A44 | 1.04E06 0.11 rs4971059 1.02
cancer gene
Breast | Reported | 1921.2 PDE4DIP 1.13606 | 0.12 rs587712509 0.05
cancer gene
Breast | Reported | 2g31.1 CYBRD1 1.39E06 | 0.16 rs2016394 0.55
cancer gene
Breast | Reported | 11913.3 CTTN 1.39E06 | 0.07 rs75915166 0.83
cancer gene
Breast | Reported 1922 SLC25A44 | 1.46E06 | 0.31 rs4971059 1.02
cancer gene
Breast | Reported | 5qg31.1 P4HA2 1.55E06 | 0.02 rs6596100 0.78
cancer gene
Breast | Reported | 5031.1 P4HA2 1.55E06 0.03 rs6596100 0.78
cancer gene
Breast | Reported | 14924.3 VASH1 1.64E06 0.03 rs999737 8.19
cancer gene
Breast | Reported 1922 MSTO1 1.68£06 | 0.18 rs4971059 0.43
cancer gene
Breast | Reported | 10g26.13] TACC2 1.79E06 | 0.08 rs45631563 0.40
cancer gene
Breast | Reported | 19p13.11] ISYNAl 1.80E06 | 0.15 rs4808801 0.02
cancer gene
Prostate] Novel 2011.2 | KIAA1211L | 1.01E49 | 0.02 rs2165108 12.17
cancer locus
Prostate] Novel 3027.3 MASP1 1.01E49 0.02 rs11717887 14.55
cancer locus
Prostate] Novel 10026.13] HTRAl 455E45 | 0.07 rs10749415 1.04
cancer locus
Prostate] Novel 18g12.3| SLC14Al 1.27E42 0.04 rs8089411 8.49
cancer locus
Prostate] Novel 8022.3 DPYS 2.64E38 0.02 rs73700335 3.44
cancer locus
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Prostate] Novel 10p12.31] NSUNG6 2.22E33 0.04 rs12781100 17.75
cancer locus
Prostate] Novel 18p11.21| CEP192 1.23E32 0.03 rs8089411 41.12
cancer locus
Prostate] Novel 18p11.32| THOC1 2.20E29 0.18 rs8089411 53.98
cancer locus
Prostate, Novel 18p11.32] THOC1 3.02E28 | 0.17 rs8089411 53.98
cancer locus
Prostate] Novel 14924.3 TTLL5 6.15E26 0.05 rs17565772 5.34
cancer locus
Prostate] Novel 1p31.3 SERBP1 3.61E25 | 0.02 rs398049422 20.31
cancer locus
Prostate] Novel 5q15 TTC37 3.61E25 | 0.01 rs9292122 38.67
cancer locus
Prostate] Novel 4925 CYP2U1 3.61E25 | 0.01 rs17035310 2.79
cancer locus
Prostate] Novel 11923.3 OAF 4.32E24 | 0.42 rs138466039 4,95
cancer locus
Prostate] Novel 2g914.1 CCDC93 4.00E23 0.26 rs111595856 2.33
cancer locus
Prostate] Novel 16p13.3 WDR90 5.50E23 0.01 rs7188897 53.77
cancer locus
Prostate] Novel 6p22.3 TDP2 9.19E23 0.16 rs58003108 1.98
cancer locus
Prostate] Novel 11p14.1| BDNFAS 9.42E23 0.06 rs68010938 19.71
cancer locus
Prostate Novel 11921 SLC36A4 1.10E22 0.11 rs11568818 9.33
cancer locus
Prostate] Novel 2036.3 TRIP12 4.37E21 0.12 rs74001374 7.58
cancer locus
Prostate] Novel 12p13.31 EMG1 1.12E20 | 0.05 rs2066827 5.74
cancer locus
Prostate Novel 9p24.2 | VLDLRAS1| 1.07E18 0.12 rs34540271 15.93
cancer locus
Prostate] Novel 4pl15.2 ZCCHC4 2.38E18 0.02 rs17804499 48.21
cancer locus
Prostate] Novel 10926.3 LRRC27 6.52E18 0.10 rs12769682 7.32
cancer locus
Prostate] Novel 15g15.1 | PLA2G4B 1.22E17 0.15 rs11561564 1.16
cancer locus
Prostate] Novel 15¢26.3 LRRC28 9.50E17 0.35 rs12913603 28.87
cancer locus
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Prostate] Novel 17p13.3 RP1: 1.02E16 0.12 rs684232 1.66
cancer locus 59D14.5

Prostate] Novel 22013.2| POLR3H 1.07E16 0.04 rs1043621631 | 1.42
cancer locus

Prostate] Novel 13g12.3 | LINC0O0426 | 1.74E16 0.15 rs1327653 20.13
cancer locus

Prostate] Novel 9932 KIF12 2.13E16 0.06 rs143655302 6.56
cancer locus

Prostate] Novel 1p36.22 CLCNG6 2.34E16 0.17 rs2847344 1.30
cancer locus

Prostate] Novel 17p13.3 | RAP1GAP2| 4.58E16 0.18 rs684232 2.04
cancer locus

Prostate] Novel 7922.1 GIGYF1 5.01E16 0.05 rs1275077269 | 2.62
cancer locus

Prostate] Novel 4p16.3 GAK 5.28E16 0.09 rs17804499 72.64
cancer locus

Prostate] Novel 3p21.2 DCAF1 5.65E15 | 0.15 rs397743718 1.81
cancer locus

Prostate] Novel 2pl6.2 PSME4 7.16E15 | 0.02 rs11125927 8.56
cancer locus

Prostate] Novel 10g24.1 PGAM1 8.42E15 | 0.02 rs12262998 5.24
cancer locus

Prostate] Novel 8pl12 HMBOX1 1.03614 | 0.02 rs12677206 2.68
cancer locus

Prostate] Novel 1p36.11 ARID1A 2.60E14 | 0.08 rs10803412 10.65
cancer locus

Prostate] Novel 6023.3 AHI1 2.95E14 | 0.02 rs561636259 1.31
cancer locus

Prostate] Novel 14932.31] ZNF839 3.70E14 | 0.02 rs17565772 32.03
cancer locus

Prostate] Novel 9g34.3 EHMT1 5.54E14 | 0.09 rs12634 7.81
cancer locus

Prostate Novel 7934 LUC7L2 1.31E13 0.02 rs1275077269 | 41.28
cancer locus

Prostate Novel 8024.3 PTK2 1.31E13 0.02 rs12549761 13.13
cancer locus

Prostate] Novel 9g33.2 MRRF 1.37E13 0.05 rs2241167 5.34
cancer locus

Prostate] Novel 5g23.1 DMXL1 1.46E13 0.02 rs10793821 15.25
cancer locus

Prostate] Novel 10p12.33] HACD1 1.52E13 0.03 rs12781100 16.80
cancer locus
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Prostate] Novel 2p22.1 ATL2 2.30E13 0.02 rs6738169 4.46
cancer locus

Prostate] Novel 10g24.2 HPS1 2.65E13 0.02 rs12262998 4.22
cancer locus

Prostate] Novel 5p13.3 TARS 3.30E13 0.44 rs10941370 4.36
cancer locus

Prostate] Novel 9934.13 | RAPGEF1 | 3.66E13 0.05 rs12634 1.77
cancer locus

Prostate] Novel 19p13.3 APBA3 3.76E13 0.19 rs10412482 13.36
cancer locus

Prostate] Novel 2p23.3 ITSN2 3.77E13 0.18 rs9306894 3.52
cancer locus

Prostate] Novel 5922.3 CDO1 5.27E13 0.03 rs10793821 18.68
cancer locus

Prostate] Novel 10g24.1 MMS19 6.01E13 0.03 rs12262998 5.17
cancer locus

Prostate] Novel 12924.13] MAPKAPK5| 9.11E13 0.06 rs1270884 2.35
cancer locus

Prostate] Novel 3pla.l LRIG1 1.00E12 0.16 rs13091518 4.25
cancer locus

Prostate] Novel 1g42.3 | B3GALNT2| 1.12E12 0.04 rs708723 29.68
cancer locus

Prostate] Novel 3p22.1 CCDC13 1.28E12 0.23 rs397743718 6.81
cancer locus

Prostate] Novel 14912 PCK2 1.77E12 0.12 rs1004030 1.26
cancer locus

Prostate Novel 17921.32 RP1%t 2.02E12 0.04 rs138213197 1.08
cancer locus 580116.2

Prostate] Novel 1p35.3 SRSF4 2.17E12 0.06 rs10803412 13.10
cancer locus

Prostate] Novel 9g33.3 SCAI 2.55E12 0.21 rs2241167 2.52
cancer locus

Prostate] Novel 3022.1 CPNE4 3.02E12 0.03 rs35006112 3.04
cancer locus

Prostate] Novel 17p11.2 TRPV2 3.02E12 0.02 rs72811270 3.74
cancer locus

Prostate] Novel 3pla.l FRMD4B 3.47E12 0.10 rs13091518 1.20
cancer locus

Prostate] Novel 1923.2 SLAMF8 4.66E12 0.01 rs80237341 2.68
cancer locus

Prostate] Novel 4927 EXOSC9 7.14E12 0.09 rs17035310 16.66
cancer locus
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Prostate] Novel 13q34 TMCO3 7.15E12 0.02 rs75823044 3.78
cancer locus
Prostate] Novel 19913.42| KMT5C 8.10E12 0.14 rs76765083 4.48
cancer locus
Prostate] Novel 9g34.13 SETX 8.99E12 0.23 rs12634 2.45
cancer locus
Prostate] Novel 17925.3 AFMID 1.15E11 0.08 rs148351530 7.07
cancer locus
Prostate] Novel 16p12.3 ACSM3 1.36E11 0.04 rs7188897 33.64
cancer locus
Prostate] Novel 4q13.2 YTHDC1 1.77E11 0.05 rs17804499 5.23
cancer locus
Prostate] Novel 16p12.3| TMEM159 | 2.07E11l 0.37 rs7188897 33.25
cancer locus
Prostate] Novel 6p21.2 RNF8 2.72E11 0.02 rs9469899 2.53
cancer locus
Prostate] Novel 6p25.2 PRPF4B 2.74E11 0.09 rs2814811 2.35
cancer locus
Prostate] Novel 7p13 DBNL 3.56E11 0.09 rs12701838 3.21
cancer locus
Prostate] Novel 5p13.3 TARS 3.56E11 0.42 rs10941370 4.36
cancer locus
Prostate] Novel 2011.2 | ANKRD36B| 4.38E11 0.21 rs2028900 11.95
cancer locus
Prostate] Novel 5g31.3 KIAAO141 | 5.57E11 0.32 rs10793821 7.42
cancer locus
Prostate] Novel 16g22.1 COG4 6.38E11 0.11 rs28709974 9.29
cancer locus
Prostate] Novel 7pl3 POLM 8.37E11 0.09 rs12701838 3.23
cancer locus
Prostate] Novel 21911.2 | AF127936.7| 8.85E11 0.21 rs11701433 24.01
cancer locus
Prostate Novel 2021.3 DARS 9.15Fk11 0.14 rs10206072 15.29
cancer locus
Prostate] Novel 15g24.1 ULK3 9.66E11 0.08 rs12913603 4.46
cancer locus
Prostate] Novel 5912.3 PPWD1 1.10810 | 0.18 rs9292122 8.77
cancer locus
Prostate] Novel 7p15.3 TOMM7 1.16E10 | 0.08 rs35389879 1.04
cancer locus
Prostate] Novel 15g24.1 ULK3 1.21E10 0.07 rs12913603 4.46
cancer locus
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Prostate] Novel 1g42.13 | CDC42BPA| 1.48E10 | 0.26 rs708723 21.22
cancer locus

Prostate] Novel 20913.12] ELMO2 1.66E£10 | 0.01 rs73909841 4.50
cancer locus

Prostate] Novel 22012.3 IFT27 1.66E£10 | 0.01 rs138708 1.97
cancer locus

Prostate] Novel 1p32.1 OMA1l 1.81E10 | 0.18 rs578241623 12.63
cancer locus

Prostate] Novel 1p34.3 NCDN 19510 | 0.03 rs578241623 10.22
cancer locus

Prostate] Novel 2g31.1 UBR3 1.96E10 | 0.03 rs16854905 1.67
cancer locus

Prostate] Novel 16p13.3 ZNF598 19710 | 0.25 rs7188897 52.43
cancer locus

Prostate] Novel 6p25.2 BPHL 2.19E10 | 0.22 rs2814811 1.45
cancer locus

Prostate] Novel 9921.32 IDNK 2.21E10 | 0.26 rs142727307 4.15
cancer locus

Prostate] Novel 13g14.11] DNAJC15 | 3.07E10 | 0.14 rs1327653 7.39
cancer locus

Prostate] Novel 16g22.1 COoG4 3.0910 | 0.10 rs28709974 9.29
cancer locus

Prostate] Novel 17925.3| SEC14L1 | 3.39E10 | 0.29 rs148351530 5.97
cancer locus

Prostate] Novel 8024.3 PTK2 3.41E10 | 0.10 rs12549761 13.13
cancer locus

Prostate] Novel 15qg24.1 STRAG6 3.53610 | 0.04 rs12913603 3.80
cancer locus

Prostate] Novel 9g22.31 RP1% 4.03610 | 0.20 rs4451364 13.33
cancer locus 165J3.6

Prostate] Novel 1p36.32 PLCH2 4.87E10 | 0.16 rs7542260 3.18
cancer locus

Prostate] Novel 8g22.2 NIPAL2 5.7810 | 0.28 rs73700335 9.62
cancer locus

Prostate] Novel 17p13.3 | RAP1GAP2| 6.51E10 0.02 rs684232 2.04
cancer locus

Prostate] Novel 11g12.1 | TNKS1BP1| 6.99E10 | 0.12 rs1048374 1.81
cancer locus

Prostate] Novel 2021.3 R3HDM1 7.72E10 0.07 rs10206072 14.92
cancer locus

Prostate] Novel 3013.33 HGD 8.25E10 | 0.24 rs2271494 7.05
cancer locus
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Prostate, Novel 15924.1 STRAG 8.72E10 | 0.04 rs12913603 3.80
cancer locus

Prostate] Novel 3pl4.1 | ADAMTS9 | 9.16E10 | 0.11 rs13091518 6.06
cancer locus

Prostate] Novel 2024.2 PLA2R1 1.18E09 0.06 rs16854905 8.09
cancer locus

Prostate] Novel 11g12.1| SLC43A1 | 1.25E09 0.03 rs1048374 1.62
cancer locus

Prostate] Novel 19p13.3 CTB 1.71E09 0.08 rs10412482 12.62
cancer locus 50L17.10

Prostate] Novel 14g11.2 | CCNB1lIP1 | 1.72E09 0.04 rs1004030 2.50
cancer locus

Prostate] Novel 12g24.11| ANKRD13A| 1.73E09 0.14 rs1270884 4.21
cancer locus

Prostate] Novel 20913.12] ACOT8 1.73E09 0.04 rs73909841 5.07
cancer locus

Prostate] Novel 8024.3 FBXL6 1.85E09 0.03 rs12549761 16.83
cancer locus

Prostate] Novel 3pl2.2 GBE1 2.01E09 0.17 rs143745027 5.33
cancer locus

Prostate] Novel 20p11.23| RALGAPA2| 2.95E09 0.14 rs1491491580 | 12.05
cancer locus

Prostate] Novel 19p13.2 CERS4 2.99E09 0.18 rs10412482 8.86
cancer locus

Prostate] Novel 2p25.3 SNTG2 3.78E09 0.14 rs11686272 7.09
cancer locus

Prostate] Novel 16p12.2 POLR3E 3.98E09 0.06 rs7188897 32.10
cancer locus

Prostate] Novel 5g22.2 YTHDC2 4.40E09 0.05 rs10793821 20.91
cancer locus

Prostate] Novel 2024.2 CD302 4.54E09 0.19 rs16854905 8.36
cancer locus

Prostate] Novel 5035.3 RUFY1 4. 7709 0.10 rs2672843 1.09
cancer locus

Prostate] Novel 15¢26.3 LRRC28 5.16E09 0.15 rs12913603 28.87
cancer locus

Prostate] Novel 3913.33 | POGLUT1 | 5.21E09 0.26 rs2271494 5.89
cancer locus

Prostate] Novel 17p13.3| MIR22HG 5.66E09 0.22 rs684232 1.01
cancer locus

Prostate] Novel 5q12.3 RNF180 6.16E09 0.12 rs9292122 7.37
cancer locus
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Prostate] Novel 19p13.2 KANK3 6.37E09 0.02 rs10412482 8.77
cancer locus
Prostate] Novel 17924.3| SOX9AS1 | 7.12E09 0.19 rs148351530 0.91
cancer locus
Prostate] Novel 16g22.1 PSMB10 7.42E09 0.05 rs11863709 10.31
cancer locus
Prostate] Novel 12g23.1 ACTR6 8.50E09 0.19 rs77121786 1.81
cancer locus
Prostate] Novel 5g35.3 MGAT4B 1.04E08 0.03 rs2672843 1.33
cancer locus
Prostate] Novel 12p13.33] CCDC77 1.08E08 0.05 rs2066827 12.28
cancer locus
Prostate] Novel 15g21.1 | DUOXA1l 1.12E08 0.17 rs11561564 4.44
cancer locus
Prostate] Novel 9934.3 EHMT1 1.18E08 0.14 rs12634 7.81
cancer locus
Prostate] Novel 2034 LANCL1 1.45E08 0.04 rs12621900 3.18
cancer locus
Prostate] Novel 2934 SPAG16 1.45E08 0.05 rs12621900 6.03
cancer locus
Prostate] Novel 16g22.1 TRADD 1.45E08 0.02 rs11863709 9.53
cancer locus
Prostate] Novel 1941 BPNT1 1.45E08 0.02 rs708723 14.29
cancer locus
Prostate] Novel 3p21.1 ITIH4 1.45E08 0.02 rs397743718 3.23
cancer locus
Prostate] Novel 13g33.1 TPP2 2.10E08 0.04 rs75823044 7.03
cancer locus
Prostate] Novel 7922.1 PDAP1 2.26E08 0.32 rs1275077269 | 1.33
cancer locus
Prostate] Novel 19p13.3| SLC25A23| 2.36E08 0.06 rs10412482 10.65
cancer locus
Prostate] Novel 11g13.4 XRRA1 3.02E08 0.09 rs1483103293| 1.61
cancer locus
Prostate] Novel 22q11.21 Pl4KA 3.21E08 0.02 rs1978060 1.01
cancer locus
Prostate] Novel 4pl16.1 TBC1D14 | 3.37E08 0.17 rs17804499 66.55
cancer locus
Prostate] Novel 2p23.3 ITSN2 3.42E08 0.01 rs9306894 3.52
cancer locus
Prostate] Novel 9g33.2 PTGS1 3.50E08 0.06 rs2241167 5.27
cancer locus
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Prostate] Novel 5913.2 | ARHGEF28| 3.64E08 0.04 rs9292122 16.83
cancer locus

Prostate] Novel 21g22.3 PDXK 3.65E08 0.14 rs9978557 2.21
cancer locus

Prostate] Novel 14g32.2| PAPOLA 3.69E08 0.16 rs17565772 26.21
cancer locus

Prostate] Novel 2pl6.2 ACYP2 3.97E08 0.17 rs11125927 8.22
cancer locus

Prostate] Novel 14932.12| CATSPERB| 3.97E08 0.03 rs17565772 21.29
cancer locus

Prostate] Novel 11924.3 ZBTB44 3.97E08 0.01 rs878987 4.08
cancer locus

Prostate] Novel 16p12.2 POLR3E 4.23E08 0.10 rs7188897 32.10
cancer locus

Prostate] Novel 15qg24.1 ARID3B 4.48E08 0.11 rs12913603 4.16
cancer locus

Prostate] Novel 6p25.2 BPHL 4,52E08 0.22 rs2814811 1.45
cancer locus

Prostate] Novel 8024.3 PTK2 4.60E08 0.04 rs12549761 13.13
cancer locus

Prostate] Novel 12924.22| FBXWS8 5.58E08 0.20 rs1270884 2.66
cancer locus

Prostate] Novel 18q12.2 ELP2 5.60E08 0.06 rs8089411 18.06
cancer locus

Prostate] Novel 20911.22 AHCY 5.63E08 0.12 rs6141551 1.11
cancer locus

Prostate] Novel 1q44 LINC01341 | 6.06E08 0.05 rs708723 41.01
cancer locus

Prostate] Novel 1924.2 NME7 6.26E08 0.12 rs4075646 1.97
cancer locus

Prostate] Novel 8021.3 RP1% 6.35E08 0.16 rs73700335 18.15
cancer locus 37B2.1

Prostate] Novel 15q14 C15orf41 6.91E08 0.04 rs11561564 3.86
cancer locus

Prostate] Novel 16g23.2 GCSH 7.23E08 0.24 rs8052913 1.04
cancer locus

Prostate] Novel 15g21.1 SHF 7.34E08 0.03 rs11561564 4.49
cancer locus

Prostate] Novel 13g12.13 CDK8 7.36E08 0.09 rs1327653 24.10
cancer locus

Prostate] Novel 12924.13| MAPKAPK5| 7.61E08 0.12 rs1270884 2.35
cancer locus
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Prostate] Novel 17921.31] AARSD1 7.82E08 0.04 rs11263763 5.21
cancer locus
Prostate] Novel 5q14.1 SERINCS5 | 8.46E08 0.16 rs9292122 23.32
cancer locus
Prostate] Novel 15922.31| PLEKHO2 | 8.95E08 0.09 rs74634457 1.68
cancer locus
Prostate] Novel 11p15.4 NUP98 9.06E08 0.06 rs11043143 1.46
cancer locus
Prostate] Novel 19p13.3| SLC25A23 | 9.29E08 0.26 rs10412482 10.65
cancer locus
Prostate] Novel 20p13 MAVS 1.02E07 0.23 rs6039055 2.96
cancer locus
Prostate] Novel 22913.33| PLXNB2 1.04E07 0.15 rs9615099 4.97
cancer locus
Prostate] Novel 7p21.3 ARL4A 1.10E07 0.04 rs397697277 7.68
cancer locus
Prostate] Novel 17921.31] AARSD1 1.15E07 0.04 rs11263763 5.21
cancer locus
Prostate] Novel 2p23.3 SLC5A6 1.16E07 0.15 rs9306894 6.52
cancer locus
Prostate] Novel 1p36.12 ASAP3 1.16E07 0.08 rs10803412 7.38
cancer locus
Prostate] Novel 8024.3 TSTAS 1.24E07 0.08 rs12549761 16.08
cancer locus
Prostate] Novel 13g12.13 CDK8 1.36E07 0.10 rs1327653 24.10
cancer locus
Prostate Novel 6022.31 MAN1A1l 1.46E07 0.12 rs339351 2.30
cancer locus
Prostate] Novel 5g21.3 PJA2 1.49E07 0.19 rs10793821 25.09
cancer locus
Prostate] Novel 2p13.3 ANXA4 1.51E07 0.12 rs74702681 3.22
cancer locus
Prostate Novel 2032.2 HIBCH 1.55E07 0.14 rs1861270 10.94
cancer locus
Prostate] Novel 3q12.2 NIT2 1.62E07 0.18 rs1283104 6.88
cancer locus
Prostate] Novel 1p32.3 OSBPL9 1.62E07 0.03 rs578241623 5.79
cancer locus
Prostate] Novel 1p32.3 OSBPL9 1.65E07 0.08 rs578241623 5.79
cancer locus
Prostate] Novel 1p36.33 FAAP20 1.90E07 0.15 rs7542260 3.47
cancer locus
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Prostate] Novel 5912.3 PPWD1 2.02E07 0.14 rs9292122 8.77
cancer locus
Prostate] Novel 70921.11 PHTF2 2.08E07 0.17 rs6955627 14.99
cancer locus
Prostate] Novel 1923.2 PEX19 2.26E07 0.18 rs6660538 3.04
cancer locus
Prostate] Novel 15q13.1 APBA2 2.32E07 0.16 rs11561564 11.55
cancer locus
Prostate] Novel 8pl2 LEPROTL1 | 2.34E07 0.07 rs12677206 3.89
cancer locus
Prostate] Novel 10g26.3 PAOX 2.41E07 0.06 rs12769682 8.37
cancer locus
Prostate] Novel 5p15.31 SRD5A1 2.66E07 0.02 rs4975758 4.74
cancer locus
Prostate] Novel 18p11.21] CEP192 2.68E07 0.39 rs8089411 41.12
cancer locus
Prostate] Novel 4932.1 PPID 2.75E07 0.15 rs147762399 7.60
cancer locus
Prostate, Novel 22011.23 RAB36 2.83E07 | 0.14 rs1978060 3.38
cancer locus
Prostate] Novel 12g24.11 TCHP 2.85E07 0.10 rs1270884 4.26
cancer locus
Prostate] Novel 6p21.31 LEMD2 2.87E07 0.03 rs9469899 1.04
cancer locus
Prostate] Novel 1921.2 ACP6 2.99E07 0.12 rs1811698 3.13
cancer locus
Prostate] Novel 1p36.12 ASAP3 3.26E07 0.09 rs10803412 7.38
cancer locus
Prostate] Novel 5g31.2 KDM3B 3.26E07 0.17 rs10793821 3.85
cancer locus
Prostate] Novel 17923.1 VMP1 3.42E07 0.17 rs12938538 1.36
cancer locus
Prostate] Novel 1p36.11 ZNF683 3.53E07 0.08 rs10803412 10.31
cancer locus
Prostate] Novel 7011.21 | RABGEF1 | 3.53E07 0.17 rs834608 19.27
cancer locus
Prostate] Novel 12q14.1 0s9 3.69E07 0.15 rs187809440 4.76
cancer locus
Prostate] Novel 6p21.1 UBR2 3.96E07 0.21 rs4714485 1.02
cancer locus
Prostate] Novel 3012.3 NXPES3 4.28E07 0.19 rs1283104 5.42
cancer locus

229




Prostate] Novel 11923.3 HMBS 4.51E07 0.17 rs56969947 5.26
cancer locus
Prostate] Novel 14913.2 | RALGAPALl| 5.17E07 0.14 rs6571758 1.01
cancer locus
Prostate] Novel 6016.2 FBXL4 5.21E07 0.02 rs2038542 10.03
cancer locus
Prostate, Novel 16924.2| FBXO031 5.41E07 | 0.07 rs8052913 5.19
cancer locus
Prostate] Novel 11p11.2 CRY2 5.43E07 0.27 rs68010938 1.52
cancer locus
Prostate] Novel 20pl11.21 PYGB 5.46E07 0.20 rs1491491580 | 7.46
cancer locus
Prostate] Novel 14932.12| CATSPERB| 5.51E07 0.07 rs17565772 21.29
cancer locus
Prostate] Novel 1p34.3 MEAF6 5.77E07 0.07 rs578241623 8.27
cancer locus
Prostate] Novel 17921.2| NKIRAS2 | 6.03E07 0.04 rs11263763 4.27
cancer locus
Prostate] Novel 12915 NUP107 6.06E07 0.25 rs7968403 4.07
cancer locus
Prostate] Novel 5q35.2 UIMC1 6.06E07 0.09 rs61739424 1.23
cancer locus
Prostate] Novel 4p16.3 ZBTB49 6.60E07 0.16 rs17804499 69.25
cancer locus
Prostate] Novel 3pl14.1 | ADAMTSY9 | 6.77E07 0.02 rs13091518 5.74
cancer locus AS2
Prostate Novel 11p15.4 | FAM160A2 | 7.40EQ7 0.37 rs61890184 1.29
cancer locus
Prostate] Novel 9g33.2 TRAF1 8.01E07 0.14 rs2241167 6.74
cancer locus
Prostate] Novel 2p23.3 CGREF1 8.27E07 0.13 rs9306894 6.42
cancer locus
Prostate Novel 17921.31f EFTUD2 1.13E06 0.16 rs138213197 3.83
cancer locus
Prostate] Novel 20q12 DHX35 1.21E06 0.05 rs6141551 3.54
cancer locus
Prostate] Novel 16p13.2 USP7 1.34E06 0.02 rs7188897 45.47
cancer locus
Prostate| Novel gene| 11g13.3 CPT1A 1.01E49 0.02 rs3018690 0.27
cancer | in GWAS

locus
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Prostate| Novel gene| 1p34.1 UROD 5.83E34 0.06 rs578241623 0.77
cancer | in GWAS

locus
Prostate| Novel gene| 16921 KIFC3 2.00E24 0.11 rs11863709 0.14
cancer | in GWAS

locus
Prostate| Novel gene| 7021.3 TAC1 6.14E24 | 0.14 rs1275077269| 0.32
cancer | in GWAS

locus
Prostate| Novel gene| 1022 SMG5 4.35E23 | 0.03 rs184104770 0.53
cancer | in GWAS

locus
Prostate| Novel gene| 19913.33] MYH14 1.90E20 0.10 rs2659051 0.53
cancer | in GWAS

locus
Prostate| Novel gene| 17pl2 | ARHGAP44| 1.51E17 0.17 rs72811270 0.11
cancer | in GWAS

locus
Prostate| Novel gene| 17pl2 | ARHGAP44| 2.58E17 0.06 rs72811270 0.11
cancer | in GWAS

locus
Prostate| Novel gene| 11g12.2 TKFC 3.27E15 0.05 rs2277283 0.79
cancer | in GWAS

locus
Prostate| Novel gene| 1p36.22 MTOR 4.93E15 0.16 rs2847344 0.60
cancer | in GWAS

locus
Prostate| Novel gene| 4g22.3 | SMARCAD1| 6.56E15 0.01 rs6853490 0.33
cancer | in GWAS

locus
Prostate| Novel gene| 7p21.1 | AC005062.2| 1.01E14 | 0.12 rs397697277 0.24
cancer | in GWAS

locus
Prostate| Novel gene| 1g22 FAM189B 6.18E13 0.02 rs147847496 0.10
cancer | in GWAS

locus
Prostate| Novel gene| 12g13.13 PRR13 1.12E12 0.13 rs187809440 0.51
cancer | in GWAS

locus
Prostate| Novelgene| 3p21.31 HYAL1 2.17E11 0.04 rs397743718 0.72
cancer | in GWAS

locus
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Prostate| Novel gene| 2p11.2 KCMF1 2.58E11 | 0.03 rs2028900 0.48
cancer | in GWAS

locus
Prostate| Novel gene| 20913.33] UCKL1 4.26E11 | 0.07 rs1058319 0.20
cancer | in GWAS

locus
Prostate| Novel gene| 18g21.2| CCDC68 7.24E11 | 0.13 rs8089411 0.66
cancer | in GWAS

locus
Prostate| Novel gene| 18g23 PQLC1 7.75E11 | 0.15 rs9959454 0.89
cancer | in GWAS

locus
Prostate| Novel gene| 12g13.11| PCED1B 1.06E10 0.07 rs80130819 0.81
cancer | in GWAS AS1

locus
Prostate| Novel gene| 11pl15.4 NAP1L4 1.67E10 0.05 rs11043143 0.73
cancer | in GWAS

locus
Prostate| Novel gene| 7pl5.2 | AC004549.6| 1.97E10 0.04 rs10486567 0.20
cancer | in GWAS

locus
Prostate| Novel gene| 12924.33 CHFR 2.36E10 0.02 rs7295014 0.34
cancer | in GWAS

locus
Prostate| Novel gene| 1g21.3 RFX5 2.48E10 0.04 rs607518 0.36
cancer | in GWAS

locus
Prostate| Novel gene| 12g13.13 PRR13 1.11E09 0.08 rs187809440 0.51
cancer | in GWAS

locus
Prostate| Novel gene| 17g21.33| SLC35B1 | 1.18E09 | 0.03 rs565189650 0.38
cancer | in GWAS

locus
Prostate| Novel gene| 5p15.2 OTULIN 1.50E09 | 0.15 rs372221721 0.29
cancer | in GWAS

locus
Prostate| Novel gene| 5035.3 RGS14 1.84E09 0.03 rs61739424 0.88
cancer | in GWAS

locus
Prostate| Novel gene| 7pl5.2 HOXA10 2.10E09 0.11 rs6956484 0.34
cancer | in GWAS

locus
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Prostate| Novel gene| 1p36.13 CROCC 2.14E09 | 0.14 rs10803412 0.87
cancer | in GWAS

locus
Prostate| Novel gene| 5pl15.2 OTULIN 2.55E09 | 0.18 rs372221721 0.29
cancer | in GWAS

locus
Prostate| Novel gene| 20q11.22] EDEM2 2.71E09 0.15 rs6141551 0.27
cancer | in GWAS

locus
Prostate| Novel gene| 17p12 ELAC2 3.01E09 0.08 rs72811270 0.31
cancer | in GWAS

locus
Prostate| Novel gene| 8p21.2 DOCKS5 3.39E09 0.28 rs74273823 0.62
cancer | in GWAS

locus
Prostate| Novel gene| 11913.2 DPP3 3.55E09 0.04 rs12785905 0.67
cancer | in GWAS

locus
Prostate| Novel gene| 20g11.22] NCOA6 2.35E08 0.11 rs6141551 0.59
cancer | in GWAS

locus
Prostate| Novel gene| 1p34.1 UROD 3.42E08 0.09 rs578241623 0.77
cancer | in GWAS

locus
Prostate| Novel gene| 1g22 MSTO1 3.74E08 0.08 rs184104770 0.11
cancer | in GWAS

locus
Prostate| Novel gene| 17921.32] COPZ2 3.97E08 0.01 rs138213197 0.69
cancer | in GWAS

locus
Prostate| Novel gene| 1p36.22 MTOR 40708 | 0.18 rs2847344 0.60
cancer | in GWAS

locus
Prostate| Novelgene| 16q12.2 LPCAT2 5.32E08 | 0.19 rs13380763 0.86
cancer | in GWAS

locus
Prostate| Novel gene| 2g37.3 | LINC01238 | 6.95E08 0.27 rs76832527 0.75
cancer | in GWAS

locus
Prostate| Novel gene| 1p36.22 MTOR 8.83E08 0.25 rs2847344 0.60
cancer | in GWAS

locus
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Prostate| Novel gene| 21qg22.2 WRB 1.52E07 0.04 rs11701433 0.46
cancer | in GWAS

locus
Prostate| Novel gene| 6p21.1 CuL9 1.99E07 0.16 rs9472120 0.52
cancer | in GWAS

locus
Prostate| Novel gene| 19q13.2 FBXO17 2.11E07 0.15 rs4802297 0.69
cancer | in GWAS

locus
Prostate| Novel gene| 17q12 TADA2A 2.66E07 0.16 rs3110641 0.21
cancer | in GWAS

locus
Prostate| Novel gene| 20911.22| TRPC4AP | 5.48E07 0.09 rs6141551 0.33
cancer | in GWAS

locus
Prostate| Novel gene| 10924.33| PDCD11 5.89E07 0.04 rs12262998 0.73
cancer | in GWAS

locus
Prostate| Novel gene| 6p21.33 DDR1 5.96E07 0.27 rs62407547 0.63
cancer | in GWAS

locus
Prostate| Novel gene| 6p21.1 MRPL2 5.98E07 0.03 rs9472120 0.68
cancer | in GWAS

locus
Prostate| Novel gene| 16921 KIFC3 7.17E07 0.10 rs11863709 0.14
cancer | in GWAS

locus
Prostate| Novel gene| 20913.33| LSM14B 8.66E07 0.10 rs869150169 0.29
cancer | in GWAS

locus
Prostate| Novel gene| 19¢q13.33 NUPG62 1.23E06 0.03 rs2659051 0.91
cancer | in GWAS

locus
Prostate| Novel gene| 1g21.3 SEMAGC 1.24E06 0.39 rs607518 0.15
cancer | in GWAS

locus
Prostate| Novel gene| 8p23.1 SOX7 1.40E06 0.13 rs2572375 0.63
cancer | in GWAS

locus
Prostate] Reported | 8g24.21 PVT1 1.38E67 0.01 rs12549761 0.27
cancer gene
Prostate] Reported | 11913.3| MRGPRF 6.35E62 0.14 rs3018690 0.10
cancer gene AS1
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Prostate] Reported | 8p21.2 NKX31 1.23E58 0.04 rs1160267 0.01
cancer gene

Prostate] Reported | 8p21.2 NKX3-1 8.33E51 0.04 rs1160267 0.01
cancer gene

Prostate] Reported | 6g25.3 SOD2 8.86E49 0.02 rs963800 0.03
cancer gene

Prostate] Reported | 19913.41 KLK11 1.56E39 | 0.05 rs76765083 0.16
cancer gene

Prostate] Reported | 11913.3| IGHMBP2 1.79E38 0.01 rs3018690 0.17
cancer gene

Prostate] Reported | 8p21.3 CHMP7 8.10E28 0.03 rs6557704 0.35
cancer gene

Prostate] Reported | 2pl1.2 VAMP5 5.28E26 0.06 rs2028900 0.04
cancer gene

Prostate] Reported | 3pll.2 CHMP2B 6.77E24 | 0.10 rs114810266 0.09
cancer gene

Prostate] Reported | 6p21.1 FOXP4 1.13E22 0.05 rs4714485 0.02
cancer gene

Prostate] Reported | 8qg24.21 PVT1 1.16E22 | 0.09 rs12549761 0.27
cancer gene

Prostate] Reported | 11913.3 TPCN2 1.57E21 0.07 rs3018690 0.05
cancer gene

Prostate] Reported | 6g25.3 ACAT?2 3.25E21 0.02 rs963800 0.03
cancer gene

Prostate] Reported | 6g25.3 ACAT?2 2.32E20 0.05 rs963800 0.03
cancer gene

Prostate] Reported | 2pl1.2 VAMP5 1.25E18 0.35 rs2028900 0.04
cancer gene

Prostate] Reported | 2pll1.2 VAMPS8 8.02E18 0.13 rs2028900 0.02
cancer gene

Prostate] Reported | 7¢22.1 TRRAP 1.83E17 | 0.05 rs1275077269| 0.82
cancer gene

Prostate] Reported | 19913.33 PNKP 1.95E17 | 0.04 rs2659051 0.97
cancer gene

Prostate] Reported | 20913.33 CTD 1.15E16 0.12 rs381331 0.03
cancer gene 3184A7.4

Prostate] Reported | 8924.21 PVT1 2.69E16 0.08 rs12549761 0.27
cancer gene

Prostate] Reported | 7¢g22.1 TRRAP 4.52E16 0.03 rs1275077269 | 0.82
cancer gene

Prostate] Reported | 11pl15.4 CARS 8.32E16 0.08 rs11043143 0.79
cancer gene
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Prostate] Reported | 3pll.2 CHMP2B 1.36E15 | 0.15 rs114810266 0.09
cancer gene
Prostate] Reported | 20913.33 RTEL1 5.63E14 | 0.44 rs3787099 0.02
cancer gene
Prostate] Reported | 17p13.3 SCARF1 9.42E14 | 0.01 rs684232 0.92
cancer gene
Prostate] Reported | 14924.2| SYNJ2BP | 4.86E13 | 0.18 rs17565772 0.08
cancer gene
Prostate] Reported | 2pll.2 VAMPS8 5.98E13 0.32 rs2028900 0.02
cancer gene
Prostate| Reported | 11pl15.4 OSBPL5 1.22E12 0.11 rs11043143 0.87
cancer gene
Prostate] Reported | 8p21.3 CHMP7 2.00E12 0.19 rs6557704 0.35
cancer gene
Prostate] Reported | 11pl15.4 CARS 2.89E12 0.07 rs11043143 0.79
cancer gene
Prostate] Reported | 11913.3 TESMIN 3.52E12 0.03 rs3018690 0.36
cancer gene
Prostate] Reported | 2pl1l1.2 RNF181 3.58E12 | 0.08 rs2028900 0.06
cancer gene
Prostate] Reported | 6p21.33 APOM 3.74E12 0.11 rs9275160 1.03
cancer gene
Prostate] Reported | 2pll1.2 VAMPS8 4.29E12 0.52 rs2028900 0.02
cancer gene
Prostate] Reported | 6g22.1 FAM162B 1.44E11 0.03 rs339351 0.11
cancer gene
Prostate] Reported | 22q13.2| EFCABG6 2.46E11 | 0.27 rs5759167 0.42
cancer gene
Prostate] Reported | 11g13.3| IGHMBP2 | 2.77E11 | 0.10 rs3018690 0.17
cancer gene
Prostate] Reported | 2g37.3 ANO7 3.33E11 0.05 rs77559646 0.01
cancer gene
Prostate] Reported | 6p21.33| CCHCR1 3.53E11 0.03 rs62407547 0.89
cancer gene
Prostate] Reported | 2pl1l1.2 RNF181 7.73E11 | 0.28 rs2028900 0.06
cancer gene
Prostate] Reported | 7021.3 TECPR1 1.13610 | 0.02 rs1275077269| 0.16
cancer gene
Prostate] Reported | 7pl5.2 HOTTIP 2.15E10 | 0.05 rs6956484 0.32
cancer gene
Prostate] Reported | 11q13.3| TESMIN 2.32E10 | 0.07 rs3018690 0.36
cancer gene
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Prostate] Reported | 12g13.13| TARBP2 2.40E10 | 0.03 rs187809440 0.57
cancer gene
Prostate] Reported | 1g25.3 LAMC1 2.65E10 | 0.02 rs56677963 0.04
cancer gene
Prostate] Reported | 7921.3 BRI3 2.88E10 | 0.19 rs1275077269 | 0.19
cancer gene
Prostate] Reported | 16g21 SETD6 6.48E10 | 0.03 rs11863709 0.89
cancer gene
Prostate] Reported | 10924.32 SFXN2 6.97£10 | 0.19 rs12262998 0.05
cancer gene
Prostate] Reported | 3g21.3 TPRAL 8.94E10 | 0.01 rs2811476 0.58
cancer gene
Prostate] Reported | 22¢g11.21| MED15 1.14E09 0.04 rs1978060 0.73
cancer gene
Prostate] Reported | 17925.3 ARL16 1.14E09 | 0.62 rs148351530 | 10.56
cancer gene
Prostate] Reported | 22913.2| ARFGAP3 | 1.19E09 | 0.23 rs6003062 0.25
cancer gene
Prostate] Reported | 8p21.2 NKX31 1.50E09 0.16 rs1160267 0.01
cancer gene
Prostate] Reported | 6g22.1 RWDD1 1.72E09 0.03 rs339351 0.28
cancer gene
Prostate] Reported | 10g24.32] MFSD13A | 2.47E09 | 0.11 rs12262998 0.19
cancer gene
Prostate] Reported | 6p21.32 TAP2 3.57E09 0.06 rs9275160 0.14
cancer gene
Prostate] Reported | 6025.3 WTAP 4.13E09 0.10 rs963800 0.00
cancer gene
Prostate] Reported | 8924.21 PVT1 4.34E09 0.02 rs12549761 0.27
cancer gene
Prostate] Reported 1922 THBS3 4.38E09 0.09 rs147847496 0.05
cancer gene
Prostate] Reported | 6p21.33| CCHCR1 5.49E09 0.10 rs62407547 0.89
cancer gene
Prostate] Reported | 3g25.1 MBNL1 6.54E09 0.02 rs747791781 0.05
cancer gene
Prostate) Reported | 11p15.5 EPS8L2 8.79E09 0.01 rs1881502 0.76
cancer gene
Prostate] Reported | 2p25.1 YWHAQ 9.40E09 0.05 rs73913932 0.32
cancer gene
Prostate] Reported | 6p21.33 STK19 9.55E09 0.03 rs9275160 0.70
cancer gene
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Prostate] Reported | 8924.21 PVT1 1.20E08 0.10 rs12549761 0.27
cancer gene
Prostate] Reported | 19913.33 VRK3 1.67E08 0.02 rs2659051 0.82
cancer gene
Prostate] Reported | 6p21.32 ATF6B 1.67E08 0.04 rs9275160 0.56
cancer gene
Prostate] Reported | 12q14.2 | DPY19L2 1.73E08 | 0.03 rs7968403 0.95
cancer gene
Prostate] Reported | 3913.12 DUBR 2.05E08 0.02 rs1283104 0.00
cancer gene
Prostate] Reported | 2p25.1 YWHAQ 2.37E08 0.02 rs73913932 0.32
cancer gene
Prostate] Reported | 11p11.2 MADD 2.78E08 | 0.04 rs68010938 0.08
cancer gene
Prostate] Reported | 3g13.2 CFAP44 3.01E08 0.09 rs2271494 0.14
cancer gene
Prostate] Reported 4924 PPA2 3.18E08 0.08 rs17035310 0.23
cancer gene
Prostate] Reported | 22913.2| ARFGAP3 | 3.74E08 | 0.27 rs6003062 0.25
cancer gene
Prostate] Reported | 2037.3 MLPH 4.50E08 0.06 rs74001374 0.02
cancer gene
Prostate] Reported | 21g22.3| TMPRSS2 | 4.74608 | 0.02 rs9978557 0.02
cancer gene
Prostate] Reported 1922 THBS3 5.12E08 0.16 rs147847496 0.05
cancer gene
Prostate] Reported | 2p23.2 MRPL33 6.10E08 0.07 rs9306894 7.09
cancer gene
Prostate] Reported | 8924.21 PVT1 6.80E08 0.24 rs12549761 0.27
cancer gene
Prostate] Reported | 6g25.3 SOD2 7.50E08 0.16 rs963800 0.03
cancer gene
Prostate] Reported | 6p21.33 BAG6 7.78£08 0.09 rs9275160 1.03
cancer gene
Prostate] Reported | 3qg13.2 CFAP44 7.89E08 0.04 rs2271494 0.14
cancer gene
Prostate] Reported | 20g37.3 MTERF4 8.07E08 0.09 rs77559646 0.09
cancer gene
Prostate] Reported 6021 SMPD2 8.93E08 0.03 rs2038542 0.47
cancer gene
Prostate] Reported | 11p15.5| TSPAN32 | 9.29E08 0.05 rs11043143 0.09
cancer gene
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Prostate] Reported | 11913.3 CCND1 9.76E08 0.02 rs3918298 0.01
cancer gene
Prostate] Reported | 11913.2 PPP6R3 9.87E08 0.10 rs3018690 0.50
cancer gene
Prostate] Reported | 1g21.2 SV2A 1.15E07 0.15 rs1811698 0.88
cancer gene
Prostate] Reported | 8924.21 PVT1 1.19E07 0.03 rs12549761 0.27
cancer gene
Prostate] Reported | 6p21.32 | HLA-DOA 1.46E07 0.06 rs9275160 0.32
cancer gene
Prostate] Reported | 6p21.31 TEADS3 1.66E07 0.10 rs9469899 0.65
cancer gene
Prostate] Reported | 6p21.1 FOXP4 1.99E07 0.05 rs4714485 0.02
cancer gene
Prostate] Reported | 2g31.1 ITGAG 2.25E07 | 0.14 rs77167534 0.03
cancer gene
Prostate] Reported | 16q21 CIAPIN1 2.46E07 | 0.04 rs11863709 0.17
cancer gene
Prostate] Reported | 12913.11] RAPGEF3 | 2.84E07 | 0.08 rs80130819 0.25
cancer gene
Prostate] Reported 4924 PPA2 2.90E07 0.08 rs17035310 0.23
cancer gene
Prostate] Reported | 16923.3 | MPHOSPH6| 2.92E07 | 0.05 rs8052913 0.02
cancer gene
Prostate] Reported | 7pl15.2 HOTTIP 2.97E07 0.06 rs6956484 0.32
cancer gene
Prostate] Reported | 6p21.33 STK19 3.35E07 0.78 rs9275160 0.70
cancer gene
Prostate] Reported | 6p21.33 BAG6 3.84E07 0.03 rs9275160 1.03
cancer gene
Prostate] Reported | 6p22.1 TRIM26 4.51E07 0.03 rs62407547 0.04
cancer gene
Prostate] Reported | 20913.33 RTEL1 4.88E07 0.05 rs3787099 0.02
cancer gene
Prostate] Reported | 3g13.2 SPICE1 6.49E07 | 0.01 rs2271494 0.07
cancer gene
Prostate] Reported | 8924.21 PVT1 6.56E07 0.37 rs12549761 0.27
cancer gene
Prostate] Reported 4pl4 KLF3-AS1 | 6.72E07 0.19 rs17804499 34.91
cancer gene
Prostate] Reported | 2g37.3 MLPH 7.21E07 0.25 rs74001374 0.02
cancer gene
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Prostate] Reported | 1921.3 | DCSTXAS1| 7.30E07 | 0.04 rs56103503 0.04
cancer gene
Prostate] Reported | 1g21.3 TDRD10 7.30E07 0.01 rs56103503 0.46
cancer gene
Prostate] Reported | 1g21.3 TDRD10 7.30E07 0.02 rs56103503 0.46
cancer gene
Prostate] Reported | 11pl15.4 CTD 8.20E07 0.05 rs61890184 0.01
cancer gene 2516F10.2
Prostate] Reported | 21922.3 RIPK4 8.20E07 0.03 rs9978557 0.23
cancer gene
Prostate] Reported | 14924.2| SYNJ2BP | 8.61E07 0.27 rs17565772 0.08
cancer gene
Prostate] Reported | 11p15.5 EPS8L2 8.94E07 0.04 rs1881502 0.76
cancer gene
Prostate] Reported | 14924.2 COX16 9.01E07 0.15 rs17565772 0.04
cancer gene
Prostate] Reported | 3qg13.2 SPICE1 9.14E07 0.01 rs2271494 0.07
cancer gene
Prostate] Reported | 2033.1 ALS2 9.60E07 0.03 rs1861270 0.44
cancer gene
Prostate] Reported | 5g31.1 PCBD2 9.79E07 0.04 rs10793821 0.40
cancer gene
Prostate] Reported | 3p21.31 RNF123 1.07E06 | 0.05 rs397743718 0.11
cancer gene
Prostate| Reported | 6p21.32| NOTCHA4 1.22E06 0.05 rs9275160 0.46
cancer gene
Prostate] Reported | 2pl1.2 VAMP5 1.27E06 | 0.16 rs2028900 0.04
cancer gene
Prostate] Reported 2pl5 WDPCP 1.33E06 0.07 rs58235267 0.07
cancer gene
Lung Novel 15915.2| CCNDBP1 | 6.25E17 | 0.05 rs66759488 4.09
cancer locus
Lung Novel 15915.2| CCNDBP1 | 2.46E12 | 0.06 rs66759488 4.09
cancer locus
Lung Novel 15915.2 CDAN1 4.26E08 | 0.04 rs66759488 4.55
cancer locus
Lung | Novel gene| 5p15.33 CTD- 1.82E08 | 0.06 rs7705526 0.81
cancer | in GWAS 2228K2.7

loci
Lung | Novel gene| 6p21.32 TNXB 4.02E08 | 0.06 rs3817963 0.29
cancer | in GWAS

loci
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Lung | Novel gene| 6p21.33 ABCF1 1.22E06 NA rs3094604 0.87
cancer | in GWAS

loci
Lung Reported | 15025.1 PSMA4 1.94E42 | 0.20 rs55781567 0.01
cancer gene
Lung Reported | 15¢g25.1 PSMA4 7.90E35 | 0.27 rs55781567 0.01
cancer gene
Lung Reported | 15¢g25.1 PSMA4 5.71E30 NA rs55781567 0.01
cancer gene
Lung Reported | 6p21.33 FLOT1 1.50E20 | 0.46 rs3094604 0.72
cancer gene
Lung Reported | 6p21.33 FLOT1 5.48E20 | 0.08 rs3094604 0.72
cancer gene
Lung Reported | 6p21.33 FLOT1 2.49E18 | 0.06 rs3094604 0.72
cancer gene
Lung Reported | 6p21.33 FLOT1 491E18 | 0.15 rs3094604 0.72
cancer gene
Lung Reported | 6p21.33 FLOT1 1.03E17 | 0.23 rs3094604 0.72
cancer gene
Lung Reported | 6p21.33 FLOT1 6.70E17 | 0.54 rs3094604 0.72
cancer gene
Lung Reported | 6p22.1 HLA-A 7.31E17 | 0.89 rs4324798 1.13
cancer gene
Lung Reported | 6p21.33 FLOT1 2.61E16 0.53 rs3094604 0.72
cancer gene
Lung Reported | 6p21.33 FLOT1 1.02E15 | 0.02 rs3094604 0.72
cancer gene
Lung Reported | 5p15.33 EXOC3 3.67E15 | 0.15 rs7705526 0.82
cancer gene
Lung Reported | 6p21.33 HLA-C 2.42E14 | 0.80 rs3094604 0.19
cancer gene
Lung Reported | 6p21.33 HLA-C 9.92E14 | 0.88 rs3094604 0.19
cancer gene
Lung Reported | 6p21.33| DDX39B 1.18E13 | 0.18 rs3094604 0.06
cancer gene
Lung Reported | 15025.1 CTSH 2.57E13 0.01 rs8042374 0.31
cancer gene
Lung Reported | 15025.1 CTSH 3.99E13 | 0.02 rs8042374 0.31
cancer gene
Lung Reported | 6p21.33 HLA-B 449E13 | 0.88 rs3094604 0.11
cancer gene
Lung Reported | 6p22.1 HLA-A 7.57E13 0.90 rs4324798 1.13
cancer gene
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Lung Reported | 6p21.33 FLOT1 3.41E12 | 0.18 rs3094604 0.72
cancer gene
Lung Reported | 6p21.33| CYP21lA2 | 7.74E12 0.20 rs3817963 0.36
cancer gene
Lung Reported | 6p22.1 PPP1R11 | 8.43E12 0.04 rs4324798 1.26
cancer gene
Lung Reported | 6p21.33 LST1 1.45E11 | 0.02 rs3117582 0.06
cancer gene
Lung Reported | 6p22.1 HLA-A 4.67E11 0.91 rs4324798 1.13
cancer gene
Lung Reported | 6p21.32 | HLA-DMA 5.65E11 0.18 rs2179920 0.12
cancer gene
Lung Reported | 6p21.33| CYP21A2 | 5.67E11 | 0.19 rs3817963 0.36
cancer gene
Lung Reported | 6p22.1 HLA-A 4.69E10 | 0.78 rs4324798 1.13
cancer gene
Lung Reported | 6p22.2 BTN2A1 5.70E10 | 0.01 rs4324798 2.33
cancer gene
Lung Reported | 6p22.1 | HLA-F-AS1| 7.49E10 | 0.01 rs4324798 0.93
cancer gene
Lung Reported | 6p21.33 DDAH2 1.18E09 | 0.03 rs3117582 0.07
cancer gene
Lung Reported | 6p21.33 BAG6 1.49E09 | 0.01 rs3117582 0.00
cancer gene
Lung Reported | 15¢g25.1| TBC1D2B | 3.33E09 | 0.06 rs8034191 0.44
cancer gene
Lung Reported | 3p21.31 FYCO1 3.60E09 | 0.36 rs141178913 | 35.99
cancer gene
Lung Reported | 19913.2| C19orf54 3.92E09 0.08 rs56113850 0.10
cancer gene
Lung Reported | 6p22.1 TRIM26 5.32E09 | 0.15 rs3094604 1.25
cancer gene
Lung Reported | 6p21.33| CCHCR1 5.77609 | 0.19 rs3094604 0.31
cancer gene
Lung Reported | 11923.3 JAML 8.26E09 | 0.01 rs1056562 0.03
cancer gene
Lung Reported | 6p21.33| CCHCR1 1.07E08 | 0.22 rs3094604 0.31
cancer gene
Lung Reported | 11923.3 JAML 1.08608 | 0.03 rs1056562 0.03
cancer gene
Lung Reported | 6p21.33 SFTA2 1.38608 | 0.01 rs3094604 0.51
cancer gene
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Lung Reported | 6p22.1 TRIM26 1.86E08 | 0.16 rs3094604 1.25
cancer gene
Lung Reported | 6p22.1 ZSCAN26 | 2.08E08 0.06 rs4324798 0.53
cancer gene
Lung Reported | 11923.3 JAML 2.36E08 0.19 rs1056562 0.03
cancer gene
Lung Reported | 11923.3 JAML 2.68E08 | 0.01 rs1056562 0.03
cancer gene
Lung Reported | 6p22.2 BTN3Al 2.69E08 0.04 rs4324798 2.39
cancer gene
Lung Reported | 6p21.31 ITPR3 3.98E08 0.03 rs2179920 0.53
cancer gene
Lung Reported | 15025.1 IDH3A 42908 | 0.01 rs8034191 0.34
cancer gene
Lung Reported | 6p21.31 ITPR3 5.00E08 | 0.01 rs2179920 0.53
cancer gene
Lung Reported | 6p21.33 LST1 6.34608 | 0.09 rs3117582 0.06
cancer gene
Lung Reported | 6p21.33 DDR1 6.50E08 | 0.03 rs3094604 0.57
cancer gene
Lung Reported | 6p21.33| PSORS1C1| 7.82E08 | 0.18 rs3094604 0.33
cancer gene
Lung Reported | 6p21.33| CCHCR1 | 8.44E08 | 0.25 rs3094604 0.31
cancer gene
Lung Reported | 6p21.33| CCHCR1 | 9.71E08 | 0.52 rs3094604 0.31
cancer gene
Lung Reported | 6p21.33 HLA-C 1.44E07 | 0.63 rs3094604 0.19
cancer gene
Lung Reported | 6p21.33 HLA-C 1.61E07 | 0.61 rs3094604 0.19
cancer gene
Lung Reported | 6p22.1 HLA-A 1.63E07 | 0.89 rs4324798 1.13
cancer gene
Lung Reported | 6p21.33| CCHCR1 | 2.98E07 | 0.89 rs3094604 0.31
cancer gene
Lung Reported | 6p21.31 LEMD2 3.28E07 | 0.03 rs2179920 0.68
cancer gene
Lung Reported | 6p21.32 GPSM3 5.81E07 | 0.89 rs3817963 0.21
cancer gene
Lung Reported | 6p21.33 HLA-C 7.71E07 | 0.83 rs3094604 0.19
cancer gene
Lung Reported | 3p21.31 FYCO1 7.89E07 | 0.16 rs141178913 | 35.99
cancer gene
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Lung Reported | 6p21.33| CCHCR1 8.82E07 | 0.02 rs3094604 0.31
cancer gene
Lung Reported | 4921.23| FAM175A | 9.27E07 0.89 rs144058808 53.74
cancer gene
Lung Reported | 6p21.33 LST1 1.05E06 0.03 rs3117582 0.06
cancer gene
Lung Reported 6q27 FGFR10P | 1.08¢06 | 0.05 rs6920364 0.04
cancer gene
Lung Reported | 6p22.1 ZSCAN12 | 1.11E06 0.12 rs4324798 0.41
cancer gene
Lung Reported | 6p21.33 CFB 1.16E06 0.89 rs3117582 0.29
cancer gene
Lung Reported | 15025.1| TBC1D2B | 1.29E06 | 0.09 rs8034191 0.44
cancer gene
Lung Reported | 2g33.1 CASP8 1.37E06 | 0.04 rs182939337 | 15.66
cancer gene
Note:

a. P-value: derived from 50K, considered statistically significant on the baBisrdérroni correction

b. R prediction performance of gene expression predicted byecistic variants. The predictive
model with the most significant association was presented.

c. Closest risk SNP: identified by previous GWAS or fmapping tudies. The risk SNP closest to
the gene is listed.
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Table A4.1. Susceptibility genes identified by rvTWAS, PrediXcan, kTWABmakTWAS, at a

Bonferronicorrected P < 0.05 for Schizophrenia (SCZ).

Model Gene Chr Start End P-value Validated
rvTWAS PPP1R12B 1 202348699 | 202590595 3.77E06 -
rvTWAS FTCDNL1 2 199760544 | 199851173 4,25E11 +
rvTWAS C2o0rf69 2 199911256 | 199955392 4.25E11 -
rvTWAS MAIP1 2 199955317 | 200008540 4.25E11 +
rvTWAS ZMYND10 3 50341229 50346852 2.36E10 -
rvTWAS ZNF391 6 27374615 27403904 3.47E06 -
rvTWAS ZKSCAN4 6 28244623 28252224 3.37E08 +
rvTWAS GABBR1 6 29602228 29633976 1.26E14 +
rvTWAS ZFP57 6 29672392 29681110 1.27E14 -
rvTWAS HLA-F-AS1 6 29735028 29748993 2.21E10 -
rvTWAS HLA-G 6 29826967 29831125 6.01E13 +
rvTWAS HCP5B 6 29871895 29873783 1.11E09 -
rvTWAS HCG9 6 29975112 29978410 3.94E07 +
rvTWAS FLOT1 6 30727709 30742733 4,.88E10 +
rvTWAS IER3 6 30743199 30744554 5.05E10 -
rvTWAS LINC00243 6 30798654 30830659 1.15E09 +
rvTWAS VARS2 6 30914205 30926459 6.10E06 +
rvTWAS C4A 6 31982024 32002681 4,49E07 +
rvTWAS C4B 6 32014762 32035418 4.79E07 +
rvTWAS CYP21A2 6 32038265 32041670 6.74E07 +
rvTWAS PPT2 6 32153999 32163680 3.53E06 -
rvTWAS AGER 6 32180968 32184324 1.19E08 +
rvTWAS PBX2 6 32184836 32190186 2.57E08 +
rvTWAS CNTNAP3 9 39072767 39288315 8.40E09 +
rvTWAS KRTAP59 11 71548418 71549553 1.54E06 -
rvTWAS XRCC3 14 103697609 | 103715504 4.80E06 +
rvTWAS WDR90 16 649325 667833 3.16E07 -
rvTWAS ZSWIM7 17 15976560 15993830 3.02E06 -
rvTWAS HSBP1L1 18 79964561 79970810 4.63E06 -
rvTWAS Fiz1 19 55591371 55601878 7.57E08 -
PrediXcan SCAP 3 47413694 47477126 5.18E08 -
PrediXcan ZNF699 19 9294275 9309838 1.86E07 -
PrediXcan PP7080 5 466124 473098 2.16E07 -
PrediXcan PDLIM3 4 185500660 | 185535612 5.00E07 -
PrediXcan TRIM35 8 27284887 27311319 8.20E07 -
PrediXcan SPECCIL 22 24270817 24417740 3.91E06 -
PrediXcan VN1R1 19 57454790 57457142 4.02E06 -
kTWAS SLC35E2B 1 1659529 1692728 1.57E08 -
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KTWAS SLC35E2 1 1724838 1745992 1.88E07 -
KTWAS SYTL1 1 27342020 27353932 3.37E08 -
KTWAS EML6 2 54723665 54972025 1.09E06 -
KTWAS CLHC1 2 55174791 55232354 4.58E06 -
KTWAS TMEM163 2 134455759 | 134719000 5.45E06 -
KTWAS MAIP1 2 199955317 | 200008540 | 4.25E11 +
KTWAS C4orf33 4 129093608 | 129116640 | 4.75E06 -
KTWAS BTN3A2 6 26365159 26378320 2.19E07 +
KTWAS GABBR1 6 29602228 29633976 1.26E14 +
KTWAS ZFP57 6 29672392 29681110 1.26E14 -
KTWAS HLA-G 6 29826967 29831125 1.62E07 +
KTWAS HCP5B 6 29871895 29873783 2.19E06 -
KTWAS IER3 6 30743199 30744554 4.69E10 -
KTWAS VARS2 6 30914205 30926459 6.08E06 +
KTWAS CCHCR1 6 31142439 31158238 1.26E08 +
KTWAS POU5F1 6 31164337 31180731 4.28E06 +
KTWAS CLIC1 6 31730618 31739763 5.12E10 -
KTWAS C4A 6 31982024 32002681 1.58E07 +
KTWAS PPT2 6 32153999 32163680 4.69E06 -
KTWAS AGER 6 32180968 32184324 2.57E08 +
KTWAS PBX2 6 32184836 32190186 5.56E08 +
KTWAS RP1:890B15.3 | 11 130866254 | 130870247 3.15E06 -
KTWAS PPP2R5C 14 101761798 | 101927989 1.70E06 -
mKTWAS FTCDNL1 2 199760544 | 199851173 | 4.25E11 +
mMKTWAS C2orf69 2 199911256 | 199955392 3.66E10 -
mMKTWAS ZSCAN12 6 28378955 28399734 1.78E09 +
MKTWAS OR2H2 6 29587455 29589038 2.37E12 -
MKTWAS MOG 6 29656981 29672372 1.83E14 +
mKTWAS ZFP57 6 29672392 29681110 3.77E13 -
MKTWAS HLA-F-AS1 6 29735028 29748993 1.22E08 -
MKTWAS HLA-G 6 29826967 29831125 1.31E12 +
MKTWAS HCP5B 6 29871895 29873783 2.16E15 -
MKTWAS PRR3 6 30557175 30563723 4.12E13 -
MKTWAS IER3 6 30743199 30744554 2.78E07 -
MKTWAS HCG20 6 30766825 30792250 1.34E14 -
MKTWAS LINC00243 6 30798654 30830659 3.03E12 +
MKTWAS CCHCR1 6 31142439 31158238 1.15E09 +
MKTWAS MIR6891 6 31355224 31355316 2.43E06 -
MKTWAS APOM 6 31655471 31658210 4.15E09 -
MKTWAS C4A 6 31982024 32002681 1.89E10 +
mKTWAS CYP21A2 6 32038265 32041670 5.90E11 +
MKTWAS FKBPL 6 32128707 32130291 6.98E08 -
MKTWAS NOTCH4 6 32194843 32224067 1.49E06 +

246




MKTWAS

LINC00239

14

101730437

101732522

1.62E06

MKTWAS

SIRPB2

20

1470741

1491587

2.47E07
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Table A4.2. Susceptibility genes identified by rvTWAS, PrediXcan, kTWAS and mkTWAS, at a
Bonferrontcorrected P < 0.05 for Bolar Disorder (BPD).

Model Gene Chr Start End P-value Validated
rvTWAS DVL1 1 1335307 1349350 9.51E13 -
rvTWAS ATAD3B 1 1471769 1496202 4.24E14 -
rvTWAS UBR4 1 19076740 19210276 1.14E16 -
rvTWAS PINK1-AS 1 20642657 20651766 3.89E14 -
rvTWAS SERINC2 1 31409565 31434680 2.35E21 -
rvTWAS PRPF38A 1 52404564 52420839 4.06E23 -
rvTWAS OMA1 1 58415384 58546802 1.64E07 -
rvTWAS TACSTD2 1 58575423 58577773 1.72E07 -
rvTWAS RP1%1 1 58715609 58771295 1.72E07 -

63G10.4

rvTWAS CELSR2 1 10925001 109275750 1.57E200 -
9

rvTWAS GSTM4 1 10965608 109665496 1.08E18 -
1

rvTWAS TRIM33 1 11439277 114511160 1.16E223 -
7

rvTWAS BCAS2 1 11456755 114581639 1.16E223 -
7

rvTWAS S100A4 1 15354361 153550136 1.27E76 -
3

rvTWAS RP1% 1 16002495 160026794 2.24E19 -
226L15.5 3

rvTWAS FCGR3B 1 16162319 161631963 9.14E08 -
6

rvTWAS ZBTB41 1 19715368 197200542 1.30E77 -
0

rvTWAS DARS 2 13590667 135985877 3.81E45 -
7

rvTWAS KCNH7 2 16237159 162838730 2.04E15 -
6

r'vTWAS BMPR2 2 20237693 202567751 2.92E07 -
6

rvTWAS CAND2 3 12796472 12871916 4.06E50 -

r'vTWAS PDCDG6IP 3 33798352 33869707 1.65E22 -

rvTWAS PARP14 3 12268061 122730840 2.14E122 -
8

r'vTWAS ATP2C1 3 13085059 131016712 1.66E118 -
5
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rvTWAS PCCB 3 13625030 136336232 2.37TE17
6

rvTWAS MUC20 3 19572088 195741123 2.90E07
2

rvTWAS PCGF3 4 705748 770640 0

rvTWAS TBCK 4 10604159 106321495 9.83E29
9

rvTWAS RASGRF2 5 80960672 81230156 2.65E24

rvTWAS FAM153A 5 17770798 177783398 2.19E12
1

rvTWAS MRNIP 5 17983513 179858887 2.31F11
3

rvTWAS SERPINB1 6 2832332 2842006 4 4907

rvTWAS MDC1 6 30699807 30717889 4.15E30

rvTWAS POUSF1 6 31164337 31180731 6.45E10

rvTWAS SAPCD1 6 31762835 31764851 5.01E218

rvTWAS CYP21A2 6 32038265 32041670 2.73E06

r'vTWAS NOTCH4 6 32194843 32224067 6.98E06

rvTWAS RPS18 6 33272048 33276510 2.25E45

rvTWAS INTS1 7 1470277 1504367 1.81E142

rvTWAS IKZF1 7 50304124 50405101 1.18E19

rvTWAS RBM48 7 92528773 92538005 0

rvTWAS CAPZA2 7 11681107 116922049 1.97E57
0

rvTWAS TRBC1 7 14279169 142793368 2.13E22
4

r'vTWAS TRBC2 7 14280104 142802748 1.71E22
1

rvTWAS GIMAP6 7 15062537 150632648 2.75E06
5

rvTWAS CNOT7 8 17224964 17246570 2.05E11

rvTWAS BAG4 8 38176731 38213301 3.98E06

r'vTWAS RP1% 8 38382364 38383461 6.17E06

350N15.5

rvTWAS TOP1IMT 8 14330438 143359979 3.24E07
4

rvTWAS FBXL6 8 14435543 144358512 8.35E08
1

rvTWAS ZNF251 8 14472090 144755605 3.58E10
7

rvTWAS MIGA2 9 12903662 129072082 1.55E63
1

rvTWAS MRPS16 10 73248863 73252693 5.49E13
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rvTWAS COX15 10 99711844 99732100 9.57E37
rvTWAS ADAMS8 10 13326240 133276868 3.87E138
3
rvTWAS SIGIRR 11 405716 417397 2.98E115
rvTWAS DNHD1 11 6497296 6572022 2.44E08
rvTWAS MS4A3 11 60056587 60071128 2.56E14
rvTWAS EFEMP2 11 65866441 65873592 7.48E11
rvTWAS RIN1 11 66332062 66336840 1.15E198
rvTWAS PC 11 | 66848233 66958376 1.81E32
rvTWAS ARAP1 11 72685069 72752403 6.16E13
rvTWAS ZNF384 12 6666477 6689510 3.43E84
r'vTWAS TM7SF3 12 26973195 27014434 1.59E15
r'vTWAS RP3 12 11050161 110503441 7.03E06
424M6.4 4
rvTWAS RP1% 12 11842828 118428870 2.04E16
131L12.3 1
rvTWAS COQ5 12 12050327 120534350 7.14E91
4
rvTWAS ABCB9 12 12292095 122981570 1.19E99
1
rvTWAS ARLGIP4 12 12298165 122982913 3.36E115
0
rvTWAS DHRS4 14 | 23955035 23969279 1.97E120
r'vTWAS ATP6V1D 14 | 67294371 67359996 1.69E219
rvTWAS CHRFAM7 15 30357766 30393849 3.46E181
A
r'vTWAS GOLGA8SR | 15 30403740 30414162 1.47E12
rvTWAS GOLGA8B | 15 34525207 34583651 1.06E59
rvTWAS C15o0rf62 15 40770290 40772449 1.06E09
r'vTWAS CAPNS3 15 | 42359500 42412317 7.09E13
r'vTWAS RPS27L 15 63125872 63158021 3.79E11
rvTWAS RP1% 15 | 80999593 80999981 0
775C24.5
r'vTWAS AKAP13 15 85380571 85749358 8.87E36
rvTWAS HBZ 16 152687 154503 2.06E21
rvTWAS LUC7L 16 188969 229463 7.61E12
rvTWAS PKMYT1 16 2968384 2980539 8.24E96
rvTWAS PAQR4 16 2969245 2973489 1.48E36
rvTWAS PDXDC1 16 14974591 15139339 1.58E112
rvTWAS GDE1 16 19501890 19522145 3.12E19
rvTWAS TBX6 16 | 30085793 30091887 4.03E08
rvTWAS 01-Sep 16 | 30378210 30395991 1.20E55
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rvTWAS RP1%t 16 | 55538200 55541837 1.10E144
212121.4
rvTWAS BBS2 16 | 56466836 56520283 2.09E229
rvTWAS CLEC18A | 16 | 69950705 69964347 3.16E08
rvTWAS CLEC18C | 16 | 70173449 70187256 1.01E08
rvTWAS FUK 16 | 70454421 70480274 1.05E197
rvTWAS HP 16 | 72054592 72061055 2.79E07
rvTWAS HPR 16 | 72063224 72077246 2.69E07
rvTWAS APRT 16 | 88809339 88811944 1.59E20
rvTWAS ACADVL 17 7217716 7225273 1.30E10
rvTWAS EIF1 17 | 41688887 41692668 6.16E16
rvTWAS NME1 17 | 51153536 51162428 7.50E10
rvTWAS NME2 17 | 51165435 51171747 9.14E08
rvTWAS NTSC 17 | 75130266 75130867 7.65E86
rvTWAS TNRC6G 17 | 78109051 78110457 2.91E15
AS1
rvTWAS TPGS1 19 507834 519654 6.50E37
rvTWAS HMG20B 19 3572777 3579088 2.69E120
rvTWAS CLPP 19 6361452 6368908 1.29E204
rvTWAS CD320 19 8302127 8308356 1.38E183
rvTWAS CTD- 19 | 11987617 12046275 2.90E15
2006C1.2
rvTWAS SIN3B 19 | 16829400 16880353 1.70E94
rvTWAS RPL18A 19 | 17859876 17864153 4.05E06
rvTWAS BLOC1S3 | 19 | 45178745 45181801 1.23E17
rvTWAS LILRA4 19 | 54333185 54339150 5.63E63
rvTWAS LILRB4 19 | 54643889 54670359 5.27E43
rvTWAS KIR2DL3 19 | 54738515 54753052 7.39E12
rvTWAS KIR2DL1 19 | 54769811 54784322 1.33E22
rvTWAS TGM2 20 | 38127781 38166578 3.17E24
rvTWAS NCOAS 20 | 47501902 47656877 5.18E11
rvTWAS UBE2V1 20 | 50081124 50115959 2.28E40
rvTWAS FAMG65C 20 | 50586108 50691528 6.98E11
rvTWAS BIRC7 20 | 63235883 63240507 1.66E66
rvTWAS IFNAR1 21 | 33324477 33359862 2.21E45
rvTWAS TRPM2 21 | 44350163 44443081 9.54E07
rvTWAS IGLV5-48 22 | 22352940 22353433 8.97E09
rvTWAS CHCHD10 | 22 | 23765862 23768443 5.71E21
rvTWAS NEFH 22 | 29480243 29491390 1.67E56
rvTWAS CYTH4 22 | 37282027 37315345 2.05E09
rvTWAS EIF3L 22 | 37849328 37876011 8.46E21
rvTWAS TSPO 22 | 43151514 43163242 3.44E211
rvTWAS HDAC10 22 | 50245183 50249859 1.59E06

251




PrediXcan EXT1 8 11779449 118111853 1.38E21
0

PrediXcan APIP 11 34853094 34916499 3.05E18

PrediXcan OTX1 2 63050057 63057836 1.23E16

PrediXcan | RAB3GAP2| 1 22014829 220272454 8.64E16
3

PrediXcan IARS2 1 22009410 220148041 4.29E14
2

PrediXcan SPINT1 15 | 40844018 40858207 7.38E13

PrediXcan RNMT 18 13726664 13764558 7.15E12

PrediXcan CRYBA4 22 26621964 26630672 7.23E12

PrediXcan PMM2 16 8788823 8848104 1.06E11

PrediXcan ERICHG 3 15070404 150720146 2.78E11
AS1 3

PrediXcan BRI3BP 12 12499370 125031231 3.11E11
0

PrediXcan DNAJB6 7 15733538 157417439 3.47E11
1

PrediXcan SEMA3C 7 80742538 80922359 3.94E11

PrediXcan CHMP6 17 80991598 81009517 4.15F11

PrediXcan ZNF350 19 51964343 51986856 4.19E11

PrediXcan SPATA7 14 | 88384924 88470350 9.78E11

PrediXcan | RN7SL364PF 19 | 46688797 46689068 1.40E10

PrediXcan SORD 15 | 45023104 45077185 1.04E09

PrediXcan TAAR1 6 13264498 132646003 1.05E09
4

PrediXcan RP1% 16 8849332 8860456 1.21E09

77H9.2

PrediXcan FBXO2 1 11648367 11655785 1.79E09

PrediXcan LARS 5 14611303 146182660 2.39E09
8

PrediXcan HIF1AN 10 | 10052907 100559998 4.56E09
2

PrediXcan CD36 7 80369575 80677008 4.76E09

PrediXcan ANXA11l 10 | 80150889 80205572 5.46E09

PrediXcan RRBP1 20 17613678 17682295 5.83E09

PrediXcan VENTX 10 13323740 133241929 9.23E09
4

PrediXcan DUSP13 10 75094432 75109221 1.44E08

PrediXcan | CARHSP1| 16 8852942 8869012 1.59E08

PrediXcan | CYB561D2| 3 50365334 50368137 1.84E08

PrediXcan SCN2B 11 11816195 118176673 2.10E08
1
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PrediXcan IL12RB1 19 | 18058995 18098944 2.28E08
PrediXcan P3H2 3 18995672 190122437 2.41E08
8
PrediXcan CLDND1 3 98500840 98523066 9.27E08
PrediXcan TMEM40 3 12733525 12769457 1.67E07
PrediXcan RNF114 20 | 49936336 49953892 1.73E07
PrediXcan MAST3 19 18097793 18151692 1.73E07
PrediXcan ATG2B 14 | 96279202 96363451 2.05E07
PrediXcan PDK1 2 17255537 172608669 2.08E07
3
PrediXcan SLC39A1 1 15395909 153967533 3.53E07
9
PrediXcan | ZFAND2A 7 1152071 1160759 4.48E07
PrediXcan PDLIM3 4 18550066 185535612 4. 75E07
0
PrediXcan NADK?2 5 36192592 36242279 5.86E07
PrediXcan | SEPSECS 4 25160641 25201440 1.32E06

AS1
PrediXcan LILRB2 19 54273821 54281184 1.37E06
PrediXcan FANCM 14 | 45135940 45200890 1.47E06
PrediXcan INO8OB 2 74455023 74457960 1.62E06
PrediXcan WDR41 5 77425970 77620611 1.69E06
PrediXcan TMCS8 17 78130770 78142968 2.72E06
PrediXcan | TUBGCP2 | 10 13327863 133311715 2.83E06
0
PrediXcan | LINC01146| 14 | 88024550 88097619 2.95E06
PrediXcan ACAD11 3 13255814 132644896 3.40E06
4
PrediXcan | A2M-AS1 12 9065177 9068060 3.58E06
kTWAS EXO5 1 40508741 40516556 3.23E26
kTWAS HLA-DQB2 6 32756098 32763534 1.86E26
KTWAS INPP5E 9 13642861 136439823 7.07E54
9
kTWAS NDOR1 9 13720569 137217009 9.13E47
5
kTWAS ZNF384 12 6666477 6689510 3.44E84
kTWAS AKAP13 15 85380571 85749358 3.53E35
kTWAS NME2 17 51165435 51171747 7.41E10
kTWAS DNAH17 17 78423697 78577394 1.30E10
mkTWAS TACSTD?2 1 58575423 58577773 7.40E07
mkTWAS RP1% 1 58715609 58771295 577607
63G10.4
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mkTWAS | ADAMTSL4| 1 15054936 150560894 5.42E15
9
mkTWAS SEMAG6C 1 15113168 151146664 4.00E72
5
mkTWAS GTF3C3 2 19676303| 196799725 8.24E10
2
mkTWAS GLB1L 2 21923667 219245454 5.09E07
0
mkTWAS RP1%t 4 8482270 8512610 2.53E13
689P11.2
mkTWAS RP1%t 5 17761125| 177619754 5.75E07
1277A3.1 3
mkTWAS FAM153A 5 17770798 177783398 1.97E10
1
mkTWAS NRM 6 30688047 30691420 2.25E12
mkTWAS XXbae 6 30723105 30723339 1.84E09
BPG252P9.
9
mkTWAS LY6G6C 6 31718648 31721845 9.86E08
mkTWAS NOLG6 9 33461441 33473930 5.62E08
mkTWAS SNAPC4 9 13637557 136400168 2.75E15
7
mkTWAS C90rf163 9 13648349 136486067 6.25E30
5
mkTWAS RP1%t 10 | 79681973 79682996 1.63E07
119F19.5
mkTWAS MRPL23 11 1947278 1972793 1.51E08
mkTWAS TRIM6 11 5596109 5612958 6.26E18
mkTWAS HPX 11 6431049 6442617 3.59E14
mkTWAS RIN1 11 | 66332062 66336840 43337
mkTWAS B4GAT1 11 | 66345372 66347692 4.15E73
mkTWAS ZNF384 12 6666477 6689510 1.96E82
mkTWAS EID3 12 | 10430373| 104305205 1.59E19
9
mkTWAS RP1%t 12 | 11842828| 118428870 1.17E13
131L12.3 1
mkTWAS RP1% 14 24201612 24202811 3.89E10
468E2.11
mkTWAS MPP5 14 67241109 67335819 1.84632233037745
e-317
mkTWAS ATP6VID | 14 | 67294371 67359996 1.03E288
mkTWAS IGHV3-33 14 | 10635979| 106360324 6.64E11
3
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