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The Cancer genome study in big data era

Prof. Dongwan Hong (dwhong@catholic.ac.kr)

Catholic University of Korea, College of Medicine

Cancer genome study plays an important role in precision medicine as well as big data. To
make sense of cancer diseases, various types of mutations such as somatic point mutations,
copy number alterations and structural variants and so on, should be investigated together in
multi-layered level. The study results from international big cancer projects (TCGC, ICGC
PCAWG and CPTAC etc) have been published and opened continuously to cancer clinicians
and researchers to popular databases including GDC, PDC and ICGC data portal. Currently,
we have reached easily to public cancer databases and can examine somatic mutations from
pan-cancers. Through the cancer studies, we have found that somatic genome mutations
occur due to combinations of various intrinsic/extrinsic mutational processes and DNA repair
mechanisms. In this lecture, 1) we will survey the history of cancer and understand origin,
progression, recurrence and metastais of cancer. 2) In addition, we will find out the various
ngs technologies used in cancer study. 3) Finally, cancer databases and analysis tools will be

introduced and the tutorials of them provided with some instances on lecture notes.



KSBi-BIML
2021

Cancer Genome Study in Big Data Era

Dongwan Hong, Ph.D.
(dwhong@catholic.ac.kr)

Catholic University of Korea, College of Medicine

= 2o| 24T HRWHYREE|I} 2Bt KSBI-BIML
2021 Y3 2ef0l 22 SHOE e
23 o|2|o| C}2 BEE AISE £ 2128 2

S
O £ SHOS HIE U HS WL F0|E oS 2




Overview
* Part I: Cancer Big Database
* History of cancer genome study
* Cbioportal, Xena browser and GDC data portal
» Study example of cancer big database

* Part ll: Cancer Genome Analysis

* Mutational Signature Analysis: Mutalisk and FIREVAT
e Data driven subtyping of cancer

* Part lll: Artificial Intelligence Study using Cancer Big Data

PART |

What is the title of the paper
you are preparing for publication ?

% sciendo Data and Information Management, 2018; 2(2): 83-90 a

Research Article Open Access

Tolga Yuret*
Citation performance of publications grouped by
keywords, titles, and abstracts

Table B1: Word performance metrics

Performance Metric

YK Average annual performance
YT Year-adjusted performance

YA Year-adjusted abstract performance




Table B2: Top 30 Best Performing Words (YK)
N Y S
Embryonic stem-cells Acute myeloid-leukemia
2. Carbon nanotubes 7. Long-term potentiation
3. Field-effect transistors 18, Activated protein-kinase f H d
e i Best performing words
5. Genome-wide association 20.  Genome
6. Caenorhabditis-elegans 21, Placebo-controlled trial
Table B3: Top 30 Best Performing Words (YT)
7. DNAmethylation 22 Arabidopsis-thaliana
o Lingeots P T — mm
9. Regulatory T-cells 24.  Synaptic Plasticity 1. Graphene Histone
10.  Gold nanoparticles 25, Mouse model 2. Batteries i | e
1. TGF-p 26.  Mesenchymal stem-cells &[Sy W | Dbt
12, One-pot synthesis 27.  Growth-factor-f. 4 | Randomized 19| Aizheimer's
13, Quantum dots 28.  Drug-delivery 5. Meta-analysis 20.  Recent
14, Functionalization 29.  Human brain 6.  Genome-wide 21.  Mammalian
15, Electrodes 30.  Innate immunity 7. Guidelines 22 High-performance
8. Society 23 Arabidopsis
o Advances 24, Recommendations Table B4: Top 30 Best Performing Words (YA)
10 sysamate 25 Rovels m_m_
1. 2010 2. Solar Sraphene
2 Update | 2. BRAF 17.  Progression-free
& |mmey 2. Photovoltsic 3. Batteries 18.  Nanomaterials
14, Methylation 20.  Targeting SR L0 IRNAS
15.  Photocatalytic 30.  Topological @ |ClEesEn 20, Plasmonic
6. Autophagy 21.  Genome-wide
7. Nanosheets 22.  Pluripotent
8. microRNAs 23.  Biofuels
9. Reprogramming 24.  AACR
10.  miRNAs 25, NRF2
1. SIRT1 26.  Non-coding
12.  Person-years 27.  Transcriptome
13.  Trastuzumab 28.  Self.renewal
14.  KRAS 29.  Epigenetic
15, Nextgeneration 30.  Functionalization
[Table B5: Top 30 Worst Performing Words (YK)
N T S
Spaces 6.  Trauma
2. Sheep 17. Geometry
> oo 0. Comrne Worst performing words
4. Brazil 19.  Ceramics
5. Existence 20. Waves

Table B6: Top 30 Worst Performing Words (YT)

6. Cattle 21. Students
N T S

7. Law 22.  Politics
Note Some
8. Injuries 23.  Alloys
2. Theorem 17. Mexico
9.  Cultivars 24.  Fish
3. Graphs 18. Existence
10.  Steel 25.  Leaves
3 4. Turkey 19.  Politics
11.  Equations 26. Flows
12, Yield 27.  Spain 5. Operators 20. Integral
6. Genus Presenting

Table B7: Top 30 Worst Performing Words (YA)
o
15.  Constituents m 8. Spaces Symmetric ‘

1. Espana 16.  Abelian

Case 24.  Unusual
2. Boy 17.  Replications
Asymptotic 25.  Nursing

3. Girl 18.  Eyelid
11.  Teaching 26. Equations

o Lo Jomen
12, Law 27.  Education

5. Anstrom 20.  Turkish
13.  Brazil 28.  Brazilian

6. Banach 21.  Projective
14, Iran

7. Algebras 22. Irreducible
15.  Bilateral

His 23.  Polish

9. Tritium 24.  Paulo

10.  She 25.  Russian

11.  Opt 26.  Buffalo

12.  Woman 27.  Essay

13.  Algebra 28.  Courts

14.  Court 29.  Man

15.  Colonial 30. Rio
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The History of Cancer Genomics

Vol 458/9 April 2009/d0k10.1038/nature07943 nature

EVIEW
REV > | ~2,700 PanCan WGS
The cancer genome Cell Article | Open Access | Published: 05 February 2020

zon Perspective on Oncogenic Processes at the En Pan-cancer analysis of whole genomes
the Beginning of Cancer Genomics

Michael R. Stratton'?, Peter J. Campbell -
Al cancersarse s  result f changes that har [1tE97ated genomic analyses of ovarian carcinoma
quarter of a century much has beenleart abot Nature. 2011;474(7353):609-615. doi:10.1038/nature

are now, however, moving into an era in whict N :
cancergeome. These st vl provide s 2012 Graphical Abstract Alithicis The ICGC/TCGA Pan-Cancer Analysis of Whole Genomes Consortium
have developed. I "
Comprehensive molecular characterization of humz Li Ding, Matthew H. Bailey,
" i Nature. 2012;487(7407):330-337. doi:10.1038/nature THE CANCER GENOME ATLAS Eduard Porta-Pardo, ..., DavidA Nature 578, 82-93(2020) | Cite this article
Fertilized egg Gestation Infancy  Childhood I
L — O P05y ® | Gadl Getz, The Cancer Genome
Comprehensive molecular portraits of human breas Research Network 262k Accesses ‘ 169 Citations | 1189 Altmetric ‘ Metrics
| Nature. 2012;490(7418):61-70. d0i:10.1038/nature11.
a
5 s N N> Correspondence
Comprehensive genomic characterization of squam Iding@wustl.edu (L.D.),
Intrinsic Nature. 2012;489(7417):519-525. doi:10.1038/nature wheeler@bcm.edu (D.AW.),
mutation processes  Enyironmontal s gadgetz@broadinstitute.org (G §
andlifestyle exposures 20713 H
© Passengor mutation In Brief bt
¢ Driver mutation Integrated genomic characterization of endometria L . -
A Chemother Nature. 2013;497(7447):67-73. doi:10.1038/nature12 Asynthesized view on oncogel M
resistance mutation PANCANCER ATLAS processes based on PanCance H
Genomic and of adult de no analyses highlights the comple H
10510008 f micses N EnglJ Med. 2013;368(22):2059-2074. doi:10.1056/N | ChA DNA.BNA& Protely  Celluler of geno“me aheratic;r:s on' 1:9 si :
depending on the organ and multi-omic profiles of hume
Comprehensive molecular characterization of clear as well as their influence on tur
UK Sanger Nature. 2013;499(7456):43-49. doi:10.1038/nature12: @0@s i i
Nature 2009 The Cancer Genome Atas Pan-Cancer analysis proje [ e & 0 — e g o
Nat Genet. 2013;45(10):1113-1120. doi:10.1038/ng.27 subtypes
The somatic genomic landscape of glioblastoma &
Cell. 2013;155(2):462-477. doi:10.1016/j.cell.2013.09.034 H
Ding et al., Cell 2018

2014

Comprehensive molecular characterization of urothelial bladder carcinoma &
Nature. 2014;507(7492):315-322. doi:10.1038/nature12965

TCGA Research Network Publication

Nature, 2020
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Cancer Big Project §+k+ %~r

THE CANCER GENOME ATLAS

11,000 0 2005 2018 . - . .
E—— e 2 e e — e TCGA project was finished with advancements in
- | cancer genomics
a : e 7 . .
— ov® 3 N° LAML o Systemized large-scale genomics-based
TGCT 8 sarc JR BRCA READ cancer research (33 types / 11,000 tumors)
cesc & b PCPG
COADx THCACI MESO a
ucecHNsC £ = 2 2g HISTORY OF CANCER TREATMENT MODALITIES
skem HHC & v & phert
LGG 33 Cancer types CHEMO- | TARGETED IMMUNO-
PAN CANCER ATLAS Cut out accessible Use Hohly Ineferewtho || SvPPortthe immune
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‘somatic ® @ SINCE 18005 early 19005 Iate 19405 20005 20105
A pre . LJ
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subtypes o recurrence recurrence S
‘with other treatments

Li Ding et. al., Cell 2018

Trend 1. Data are More Impactful Than Individual Reports
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Trend 2. Medicine Outweighs Research
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Impact Factor
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Genome Biology

Genome Medicine

Genome Research

IF = 14.028

IF =10.866
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2010 2012 2014 2016 2018
Year
Research < Medicine
Clinical Genomic Big Data oo > 12,500,000 patients
/" -
P CRDW
500 PB (2012) -> 25,000 PB (2020) 3
» X"
Exa -> Zeta -> Yotta N —
w— By Cancer Type https://data.ncc.re.kr
() whscriicen cenove aruss ¢ % G
National Human Genome Research Institute Drug Pathology Diagnosis
TCGA produced over TCGA data describes including :_=: @ﬂ § Open Platform for Research
2 5 3 3 1 O C_h:rt Treatment NGS
. s

PETABYTES DIFFERENT  RARE )
ofdafa TUMORTYPES ~ CANCERS 1 patient = 2TB external HDD

based on paired tumor and normal tissue sets

To put this into perspective, 1 petabyte of data collected from

is equal to

212,000

using
7 DIFFERENT
DATATYPES

TCGA Research Network

W 11,000

82

PATIENTS

3

1 MRl file = 0.5 GB (512 x 512) l

1 biopsy slide = 1-2 GB (40x)
10 slides per patient = 30 GB

1 FASTQ file = 90-150 GB (WGS 30-50x)
4 FASTAQ files per patient = 600 GB
* NGS data analysis requires 3x intermediate storage




» Part I: Cancer Big Database

 History of cancer genome study
 Chioportal, Xena browser and GDC data portal
» Study example of cancer big database

The first version of TCGA(The Cancer Genome Atlas)

Next Generation Sequencing data
> 20 peta bytes

o S

TCGA data portal cbioportal

Clinical Genomic Data (2020)
~ 25,000 peta




Toward a Shared Vision for Cancer Genomic Data

Table 1. Acronyms for Data Sharing Projects and Groups

Genomic and Clinical
Data Sources

-\\‘\

\\ The Cancer

Genome Atlas
[TCGA)

Sl

Genomic Data Commons (GDC)
1. Import and standardize genomic and clinical data
from legacy and current NCI programs

2. Harmonize mapping of sequence data to the most
current genome and transcriptome build

I state-of-the-art methods for derived data:

TARGET
b (Therapeutically Applicable
Research to Generate

Effective Treatments)

International
Cancer Genome
Consortium

NCI clinical
trials

|1 N/

%

« Mutation calls  « Structural variants
« Copy number . Digital gene expression

4. Maintain data security and manage authorized
access

5. Provide data for browsing, download, or analysis
on a colocalized computer cluster

6. Open GDC for upload of new cancer genomic data
from researchers worldwide for comparison with
existing data and sharing

[~
-

GDC Use Cases

Identify low-frequency
cancer drivers

Define genomic
determinants of
treatment response

Compose clinical trial
cohorts sharing targetable
genetic lesions

NEJM, Sep, 2016

Acronym  Full Name

What is it?

CEDAR  Center for Expanded Data
Annotation and Retrieval
ClinGen  Clinical Genome Resource

ClinVar Clinical Variant Resource

dbGaP The database of Genotypes and
Phenotypes

GA4GH  Global Alliance for Genomics and

Health

GENIE Genomics, Evidence, Neoplasia,
Information, Exchange

ORIEN Oncology Research Information
Exchange Network

TARGET Therapeutically Applicable
Research
to Generate Effective Treatments

TCGA The Cancer Genome Atlas

Cell, 2017

A Stanford University center sponsored by
the National Institutes of Health’s Big Data
to Knowledge Initiative. It aims to improve
the metadata used to label cancer data for
easier retrieval.

A National Institutes of Health project to
define the clinical relevance of genes and
variants in various diseases, including
cancer.

A partner project of ClinGen that aggregates
information about the relationships between
genetic variation and human health.

An archive run by the National Center for
Biotechnology Information that collects
data on the interaction between human
genotypes and phenotypes.

A coalition of more than 300 health-related
institutions promoting the sharing of clinical
and genomic data.

An American Association for Cancer
Research project that collects clinical and
genomic information.

A research center collaborative that shares
a common protocol and provides clinical
trial matching for patients.

A National Cancer Institute project tracking
the molecular changes driving childhood
cancers.

A joint project of the National Cancer
Institute and National Human Genome
Research Institute that makes maps of key
genetic changes in 33 types of cancer.

Genomic/

Clinical Data

TCGA, ICGC

MSKCC

Broad

Sanger

cBioPortal

FOR CANCER GENOMICS

cBioPortal

carn oo IS4
a2 \.l g 001111144

(1) Visualization (2) Analysis (3) Download




Access cBioPortal http://www.cbioportal.org/

c
cBioPortal DataSets WebAPI R/MATLAB Tutorials FAQ News Visualize Your Data About
FOR CANCER GENOMICS

1o S0 o0
The cBioPortal for Cancer Genomics provides vi izati is and of large-scale cancer genomics data sets. @z!x [[o]

Please cite Gao et al. Sci. Signal. 2013 & Cerami et al. Cancer Dlscov 2012 when publishing results based on cBioPortal. nw gris: 07 299 gi

(116.052.A1A &) =2

QUERY
Cancer Studies
Select Studies: 0 studies selected (0 sfimples) Select all Search.. - I The portal contains 164 cancer studies (details)
PanCancer Studies 2 o - Cases by Top 20 Primary Sites
Prostate
Breast
Cell lines 2 0
Prostate Adenocarcinon cnsperain [N
Adrenal Gland a (1) Genomic Hallmarks of Prifstate Adenocarcinoma (CPC-GENE, Nature 477 samples @ lal & Lung
() MSK-IMPACT Clinical Sefluencing Cohort (MSKCC): Prostate Cancer 504 samples @ Ll Prostate
Ampulla of Vater 1 () Metastatic Prostate Candir, SU2C/PCF Dream Team (Robinson et al., ... 150 samples @ Ll Stomach
() Neuroendocrine ProstatefCancer (Trento/Cornell/Broad 2016) 114 samples @ Ll & Kidney
i () Prostate Broad/Cornell, Cell 2013, 57 samples @ L &
Biliary Tract 5 ) Bowel I
() Prostate Adenocarcinomd(Broad/Cornell, Nat Genet 2012) 112 samples @ Ll &
Bladder/Urinary Tract 7 () Prostate Adenocarcinom (Fred Hutchinson CRC, Nat Med 2016) 176 samples @ Lul & Blood
() Prostate AdenocarcinomgMSKCC, Cancer Cell 2010) 216 samplg g oy Head/Neck I
Blood 5 333 samplq Ovary 7 I
() Prostate Adenocarcinoma (TCGA, Provisional) 499 samples @ |l W Summary E
Bone 2 - n 14) 104 samples @ Ll &
(1) Prostate Adenocarcinoma Organoids (MSKCC, Cell 2014) 12 samples @ Ll & Uzus
Bowel 5 () Prostate Adenocarcinoma, Metastatic (Michigan, Nature 2012) 61samples @ Ll & Liver
Pancreas [N
Breast 10 Skin Bladder
T Aitanasin Gaiamane Call Carsinamn hd skin NI
Soft Tissue
Select Data Type Priority: ® Mutation and CNA Only Mutation Only CNA .
Bone
. Lymph
Enter Gene Set: User-defined List x v
Advanced: Onco Query Language (OQL) 0 2000 4000 6000

Enter HUGO Gene Symbols or Gene Aliases Example Queries

Prostate Adenocarcinoma (TCGA, Provisional) Study Summary £2.7|

o
cBioPortal Data Sets Web APl R/MATLAB Tutorials FAQ News Visualize Your Data  About

FOR CANCER GENOMICS

Prostate i (TCGA, Provisil Query this study ISR

TCGA Prostate Adenocarcinoma; raw data at the NCI

H Study Summary Clinical Data Mutated Genes Copy Number Alterations
Selected: 499 samples / 498 patients | @ | | & | | auery genes - cick to expand < | Query | Select cases by IDs | Add Chart
Overall Survival Disease Free Survival Mutation Count vs. CNA
100% ‘W* 100% Neoplasm American Joint Comm...
-
90% -| 90%
+——+ s, 600!
80% - 80%
s+
70% 70% -] o 500!
Lo + > -
o 0% b 4 o 60% — 2 400
£ £ 8
£ sox E s0%-| REY 5
z z £ 3001
& 40%4 7 40%— _4*_‘ ‘ o
30% 30% | # 200!
20% -| 209% 1000] o
10% 10% - 14
0 w e oo - e
0% 0%-|
T T T T T T T T T T T T T T T T IS W > ©
20 40 60 80 100 120 140 160 20 40 6D B0 100 120 140 160 o o o
Months Survival Months Survival Fraction of copy number altered genome
Mutated Genes (499 profiled samples) CNA Genes (492 profiled samples) With Mutation Data With CNA Data
Gene # Mut # v Freq Gene Cytoband CNA # v Freq
FRG1BP 134 97 ) 19.44% PTEN 10923.3 DEL 95 ) 19.31%
TP53® 64 61 0 12.22% LCP1 13q14.3 DEL 85 ) 17.28%
SPOP® 58 57 ) 11.42% EGR3 8p23-p21 DEL 83 o) 16.87%
MUC17® 36 33 ) 6.61% RB1 13q14.2 DEL 81 ) 16.46%
KMT2C 35 30 ) 6.01% CYSLTR2 13q14.2 DEL 81 [ 16.46%
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Prostate cancer related genes

Blood 8 J Frosiale Agenocdarcinorma CINA sway (VISALL, FINAD 4V 14) U4 Sdlnpies o [ sy
] Prostate Adenocarcinoma Organoids (MSKCC, Cell 2014) 12 samples @ |l &
Bone 2 Prostate Adenocarcinoma, Metastatic (Michigan, Nature 2012) 61 samples @ Ll &
Bowel 5 Skin
Cutaneous Squamous Cell Carcinoma
Breast 10
- ] Cutaneous squamous cell carcinoma (DFCI, Clin Cancer Res 2015) 29 samples @ Ll & -
Select Genomic Profiles: ¥ Mutations @
Y puai . N GISTIC Q
m RNA EXpreSSIOH o | ¥) mRNA Expression z-Scores (RNA Seq V2 RSEM) @
M = Enter a z-score threshold £ 2.0
z-score 21 EH/d7d
Protein expression Z-scores (RPPA) @
Select Patient/Case Set: All Complete Tumors (491) -
To build your own case set, try out our
| = enhanced Study View.
=7t (space) 2 22| ’
¢ CHD1
Enter Gene Set: User-defined List X v
L4 SPOP Advanced: Onco Query Language (OQL)
* FOXAl Select from Recurrently Mutated Genes (MutSig) Select Genes from Recurrent CNAs (Gistic)
.
TM PRSSZ : CHD1 SPOP FOXA1 TMPRSS2 ERG SLC45A3 PTEN SPINK1 ANPEP
* ERG '
e SLC45A3
¢ PTEN “« -1 '
@ All gene symbols are valid. « A” gene Symb0|S are Va||d %I-Ol_l
* SPINK1
¢ ANPEP
bmit Query
| .
La=» cBioPortal DataSets WebAPI R/MATLAB Tutorials FAQ News Visualize Your Data  About
] FOR CANCER GENOMICS

Prostate Adenocarcinoma (TCGA isi Gene Set / Pathway is altered in 354 (72.1%) of queried samples

HO|7} Lot ME H|E (98K 22/ AN K| £ 715)

OncoPrint Cancer Types Summary Mutual Exclusivity Plots Mutations Co-Expression Enrichments Survival Network CN Segments Download Bookmark

9719

Case Set: All

SR} HO| 50| QI B ME

omplete Tumors (491 patients / 491 samples)

ERG
= -
Altered iff 354 (72%) f491‘sequenced cases/patients (491 total) 7_!- SampIeEOH EH ol—l. ger ,.&10_ <°'o°:'o 001
oo oo | (NI e € ol <0001
SPOP 175 | -] o ] @ E 6 vily
| o TR B IR g‘&’ -

N 4-
TMPRSS2 © 2% FoAnie e 1 b '__i]
ERG 2% L1 Il B el g6 2 =
sLcasAs % | | ES o

14
PTEN S R U I R [ 1 D NN N O : i At i
SPINK1 % | | | ~‘\\0 0$ $\° 0$
ANPEP 6% | Q,Q'e & Q,Q.O &

< >/ A A 7 A

Genetic Alteration

I Amplification I Deep Deletion mRNA Upregulation [I mRNA Downregulation ~ ® Truncating Mutation (putative driver)

® Truncating Mutation (putative passenger) Inframe Mutation (putative passenger) ® Missense Mutation (putative driver)

= Missense Mutation (putative passenger)
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UCSC Xena Browser

UCSC Xena (&

See the bigger picture

TCGA, ICGC e AN
I11|0| E
TARGET
Xena Public Xena Private
GTEx 748 AR atA|
Cio| E{ 2t
Public G| O] E{
CCLE HZEM

(1) Visualization (2) Analysis (3) Download

20,530 rows, 550 columns
]
& MY 127l HoR| ool 44 oo HE  wI| Q YsHe w38 g
T e e m - BRI o, O, j
5 TER R A v
20197| s 3 7 et oizoida Y v % 9 60 -9 iﬁ— EAN 4R s - @ga §‘7|§‘ 1 e
Al = fx  sample
A B © D E F G H | J K 5 M N o P Q R

1 [sample _|TCGA-X)-A83 TCGA-G9-63¢ TCGA-CH-57/ TCGA-EJ-A65 TCGA-G9-63: TCGA-EJ-552 TCGA-HC-82 TCGA-Y6-A9) TCGA-E)-712 TCGA-CH-57. TCGA-E)-778 TCGA-HC-A9 TCGA-E)-A7N TCGA-SU-A7I TCGA-CH-57 TCGA-HI-716 TCGA-ZG-A9I
2 | ARHGEF10L 9.3554 8.8729 8.5581 9.2085 9.0514 8.7699 8.5544 9.0878 8.4893 9.4441 9.1028 9.4709 9.6591 9.3708 9.1592 9.2738 9.3908
3 HIF3A 5.1517 5.9049 4.9716 6.7795 5.3511 5.5978 3.7947 4.7539 6.9225 4.8565 5.717 5.7898 5.8705 5.4125 5.6668 7.7501 5.0439
4 [RNF17 0 0.4008 0.7574 0 0 2.5554 0 0 0 0 0.4854 0.6936 0 1.2187 0.8404 0 0.5773
5 |RNF10 12.4656  12.3538 12295 11.9701 125973 117983 124055  12.2347  11.5627  12.3659 11472 122844  12.0762  11.9082  12.0875  12.2941 12.4549
6 [RNF11 111274 115348 11.9867  11.3146  11.3622  11.7041 114244 116855 120737  11.3862  11.9641 107343 111947 11.2198  11.8186  11.2563 11.363
7 |RNF13 105783 105856 112172  11.3116  10.6387  11.3911 11.0284 104867 122673 10.4301 119204  10.8323  11.0969 104097  11.2294 105513  10.7424
8 GTF2IP1 126987 122242 123527 125196 124639  12.6874 127566 123302  12.0496 124927  11.9595  12.5088 129709  12.6189 124287  12.7822 12.559
9 REM1 4.5629 5.1002 43699 3.3596 3.9809 4.5872 3.6313 46165 4.5736 5.2208 5.6611 6.3221 4.5309 5.0186 5.711 6.6217 5.4695
10 MTVR2 0 0.4008 0 0 0 0.6248 0 0 0 0 0 0 0 0 0 0 0
11 |RTN4RL2 5.4558 6.1261 6.3596 5.9495 5.1578 5.0671 5.616 5.6585 3.8692 6.3881 4.1859 46122 4.0604 4.446 46728 3.4932 4.4044
12 |C160rf13 10.8922 9.9575 9.158  10.1131 10.8401 8.9041 9.8835 9.8099 9.6434 9.8836 8.7846  10.1879 9.4336 9.3278 9.7124 109282  10.0771
13 [C160rf11 0 0 0.4278 0 0 0 0 0 0.7956 0 0 0 0 0 0 0 0
14 |FGFR10P2 7.9025 8.8094 8.0633 8.8149 7.8995 8.8543 8.2104 8.4833 9.4731 7.4248 9.6938 9.0381 8.5798 8.6185 8.7277 8.596 9.0432
15 | TSKS 0.6742 0.9713 1.7724 0.659 0.6497 1.0594 0 0.5755 1.3055 0.3001 0.848 24117 0.8514 1.2187 0.8404 0.4799 1.5697
16 |ATRX 10.2488  10.3802 11.591 10.6535 9.9265  11.9403  11.0942 107434  10.0552  10.7634  10.6433  10.0359  10.8351 11.0568  11.3897  10.8021 10.6926
17 |PMM2 10.2546  10.6489 107094  10.1118 10.997 9.8776 103975 104575 97082 105794  10.0369  10.2901 10.0436 9.9749 9.5148 103233 10.2461
18 |LOC1002721 5.3752 41152 4.9395 5.4353 4.032 4.2394 4.2725 6.3205 3.5895 4.9989 3.8278 6.4901 4.9802 5.86 5.8755 6.3627 5.7719
19 |ASS1 105984 111878 10.6394 8.697 10619 10.0017  12.0449 9.6977  10.9019 9.7551 12043 119223 103571 10.0865 9.6655 114926  11.2002
20 |NCBP1 9.3001 9.0393 9.9152 9.5014 9.2123 9.9664 9.7174 9.5959 9.5292 9.4033 9.298 9.2562 9.3972 9.7205 9.851 9.5701 9.6685
21 |ZNF709 6.7892 6.3236 7.141 6.8893 7.3845 7.3613 6.9921 7.4952 7.947 6.9019 7.8668 7.2905 6.7109 7.3793 7.0031 5.8925 6.712
22 |ZNF708 83151 7.3714 8.7473 8.2306 8.0741 8.3557 8.849 8.6333 8.3301 8.2796 8.6717 7.6904 8.111 8.3477 8.4819 8.0326 8.2946
23 |RBM14 10.3883 9.8288  10.0501 10.0087 9.9999 9.9592  10.0438  10.2766 9.3575 105451 9.5417  10.0229 9.8928 103616  10.0676  10.1255 9.7899
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Access Xena Browser, Select TCGA PRAD

https://xenabrowser.net/datapages/

Home Data Sets Visualization Data Hubs View My Data Python Beta Features Help

91 Cohorts, 1098 Datasets e 2| 2 E0f| M TCGA Prostate Cancer (PRAD) 37|

©1000_genomes | Visualize

22l
@ Acute lymphoblastic leukemia (Mullighan 2008) | Visualize e TCGA PrOState Cancer (PRAD) =27

OB cells (Basso 2005) | Visualize 1

@ Breast Cancer (Caldas 2007) | Visualize
e Gmon G _— @ TCGA Prostate Cancer (PRAD) | Visualize
© Breast Cancer (Haverty 2008) | Visualize
@ Breast Cancer (Hess 2006) | Visualize
© Breast Cancer (Miller 2005) | Visualize
@ Breast Cancer (vantVeer 2002) | Visualize

© Breast Cancer (Vijver 2002) | Visualize

O Breast Cancer (Yau 2010) | Visualize

Gene Expression HIOIH OI2=2E

Visualize

Download

dataset: gene expression RNAseq (polyA+ o
llluminaHiSeq)

TCGA prostate adenocarcinoma (PRAD) gene expression by RNAseq (polyA+ llluminaHiSeq)

The gene expression profile was measured experimentally using the lllumina HiSeq 2000 RNA Sequencing platform by the University of North Carolina
TCGA genome characterization center. Level 3 data was downloaded from TCGA data coordination center. This dataset shows the gene-level transcription
estimates, as in log2(x+1) transformed RSEM normalized count. Genes are mapped onto the human genome coordinates using UCSC Xena HUGO
probeMap (see ID/Gene mapping link below for details). Reference to method description from University of North Carolina TCGA genome
characterization center: DCC description

o HiSeqv2.gz CI2 2 E &
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Gene Expression Cl|O|E{ 2 7IEhot 2517

1. https://github.com/cgab-ncc/Tutorials = ois
(Tutorials 223 28 HOIXI)

2. Goodle DriveZ 0|

README.md ‘

>TutorialsN

Xena Browser

Executables ‘L 2g|

e Gene Expression Analysis Tool --> Tutorials --> Xena Browser --> analyze_gene_expressions

Gene Expression C|O|E{ 2 7ITHet EM5}7]
3. Tutorials > Xena Browser £ 0|3

4. 0S (2IHIHEN0 2AHI Mac =2 Windows H A (analyze_gene_expressions) LI2E2E=

Google Drive %H 9_|,0|| (‘HE
analyze_gene_expressions
88 TEH UREE

Public > Tutorials > Xena Browser

5. analyze_gene_expressions HE S&010] T= ] Al

=20
ftezc
38 27
Zaty 7 JUR-2=E
i2 =24 - e o
=08 l2 747] 2ol s = APH| = M
K~ X - 71 &4
SERE T4 Mz gHE7|
4> LPC > OREE
O og
¥ I ﬂanalyze_gene_expressionsI
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Gene Expression Cl|O|E{ 2 7IEhot 2517

6. “GJI” #HO0l U™ Step 1 0IA] I2ZE A HiSeqV2 (gene expression file)
MEH/H| (T2 AIZF Al X181 AlZE: 2F 15 )

Clinical Genomics Analysis Branch, National National Cancer of Korea. All rights reserved. 2017===

[The purpose of this program is to calculate average gene expression of tumor samples and normal samples
lgiven a zipped gene expression file from UCSC Xena Browser

---> Please select the zipped gene expression file downloaded from UCSC Xena Browser <---

76 A7
= AR [§OREE ~ e®merE
* GZ
B2 2471
Hier 2o A o W
analyze_gene_ex HiSeqVv2
ENEEE]
&
LH PC
Ly
HEH3
I 0IS(N): [HiSeqv2 ~| Z71(0)
I AT [All Files (+.+) ~] FHA

Gene Expression C|O|E{ 2 ZITtsE 2 M 517]

7. B20H =W X9 =

linical Genomics Analysis Branch, National National Cancer of Korea. All rights reserved. 2017

The purpose of this program is to calculate average gene expression of tumor samples and normal samples
given a zipped gene expression file from UCSC Xena Browser.

---> Please select the zipped gene expression file downloaded from UCSC Xena Browser <---

Calculating average gene expression ratios between tumor and norma KSEEEE 4 dwhong — analyze_gene_expressions — 80x24

Last login: Fri Aug 25 09:56:36 on ttys@ol
dwhong-ui-MacBook-Pro:~ dwhong$ /Users/dwhong/Documents/2017/Analysis/analyze_ge

8. T2 0| Ct ZLIH analyze_gene_expression "o et
dAEFH A0l wet Xt 102 22 JHs)

===Clinical Genomics Analysis Branch, National National Cancer of Korea. All rig
hts reserved. 2017===

« v N > LfPC > CIREE The purpose of this program is to calculate average gene expression of tumor sam
ples and normal samples
0 e given a zipped gene expression file from UCSC Xena Browser
B2 717]
| HHEF SLO4 ia analyze_gene_expressions ---> Please select the zipped gene expression file downloaded from UCSC Xena Bro
= HHEY ot wser <—-—-
HiSegV2
$C22E -
results
2N Calculating average gene expression ratios between tumor and normal samples 99%

Finished calculating average gene expression value ratio
Started writing data to .csv files

Writing data to analysis.csv file

Finished writing data to analysis.csv file

Writing data to gene_expressions.csv file

Finished writing data to .csv files

-15-




Gene Expression C|O|E{ 2 ZHTHoH

9. results EH0I Y= A= M TESO S &
analysis.csv
Z= EE
1 gene_name SHEXO|IE
fumor _samples_count 'rumn'é—'."% ES
| gene_name tumor_samples_count normal_samples_count avgf{tumor) avg{normal) avgl{tumor)/avg{normal) | avg{tumor)=0_count | avg{normal}=0_count
MNKX2-3 497 52 4364812072 | D.857811538 5.088311216 13 21
| ZIC2 497 52 5.140035815 | 1.246317308 4124179118 14 12
SLC45AZ 497 52 5.236834406 | 1.359369231 3.852400281 3 5
1 DLX2 497 52 5.094922334 | 1.327380769 3.838327669 11 11
LOC100287718 497 52 2.125735815 | 0.572592308 3.712477074 46 21
1 MMP2G 497 52 3.777932354 | 1.140548077 3.311222019 15 16
LOC100138675 497 52 3.5081765459 | 1.075101923 3.263110579 4 10
—— DLX1 497 52 7.584439034 | 2.697932692 2.959465615 1 2
ANGPTL3 497 52 2.56153501 0.902688462 2.837673371 38 19
— EPHAB 497 52 2.863710463 | 1.025198077 2.793324068 15 14
C150rfS50 497 52 2.157590141 | 0.801048077 2.693458986 28 16
— GHRHR 497 52 2.859915694 | 1.0755442351 2.65066173 25 16
FOXN4 497 52 2.459121932 0.942075 2.620939874 32 2
RPRML 497 52 2270581891 | 0875782692 259263161 46 17
PHGR1 497 52 4.465725956 | 1.731853846 2.578581308 8 7
MIOX 497 52 2.012503622 | 0.812188462 2.477877632 24 13
LOC339674 497 52 2.04588672 0.834109615 2.452779206 12 10
TDRD1 497 52 5.499556338 | 2.667855769 2436247271 2 1
AMH 497 52 3.219250704 | 1.325751923 2.420940815 18 G
HOXCS 497 52 4580359155 | 1.903648077 2.405095544 3 7

9.results EH0 48 A= It

gene_expressions.csv

s EE

1 gene_name KX OIE
2 Tumor group
3 Normal group
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Matrix

Experiment or Sample

1 2 n 1 2 no_
I'fa;; a2 ... ain Ilayy a9 ... aip
21 a21  G22 ... Go2n 21 as1  as ... a9,
Gene
3| as as2 . asn 3| asy aso e asn
m _azﬂll a/m2 P a/mn_ m _aWLl a/mz PR amn_
NORMAL (CONTROL) TUMOR (TREATMENT)

An m x n matrix: the m rows are horizontal and the n columns are vertical. Each element of a matrix is often

denoted by a variable with two subscripts. For example, a, , represents the element at the second row and
first column of the matrix.

https://en.wikipedia.org/wiki/Matrix_(mathematics)

To download and install R software

* R packages

* https://cran.seoul.go.kr

* R studio

* https://www.rstudio.com/products/rstudio/download/#download
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To download and install R software

R R: The R Project for Statisti...

=

- 8-

[Home]

Download

CRAN

The R Project for Statistical Computing

Getting Started

R is a free software envirenment for statistical computing and graphics. It compiles and runs on a wide
variety of UNIX platforms, Windows and MacOS. To dewnload R, please choose your preferred CRAN
mirror

If you have gquestions about R like how to download and install the software, or what the license terms

R Project

About R

Logo

Contributors

What's New?

Reporting Bugs
Conferences

Search

Get Involved: Mailing Lists
Developer Pages

R Blog

R Foundation

Foundation
Board

are, please read our answers to frequently asked questions before you send an email

News

- R version 4.0.2 (Taking Off Again) has been released on 2020-06-22.

- useR! 2020 in Saint Louis has been cancelled. The European hub planned in Munich will not be an in-
person conference. Both organizing committees are working on the best course of action

» R version 3.6.3 (Holding the Windsock) has been released on 2020-02-29.

= You can support the R Foundation with a renewable subscription as a supporting member

News via Twitter

News from the R Foundation

* R packages

* https://cran.seoul.go.kr

e R https://cran r-project.org/mirrcrs.htm|

R CRAN - Mirrors
oEE EEE 27V SAHRAW ETM O ESEH)

& - M
Iran
https-//cran um ac ir/ Ferdowsi University of Mashhad
Ireland
https//fip.heanet.1e/mirrors/cran.r-project.org/ HEAnet.Dublin
Italy
hitps://cran mirror garr it/CRAN/ Garr Mirror, Milano
https://cran. stat unipd.it/ University of Padua
Japan

hitps-//cran ism ac jp/
iR V2 amac AR 2C R/ pub/ Cran)

The Institute of Statistical Mathematics, Tokyo

Jamagata University

Korea
https-//ftp.harukasan.org/CRAN/
https://cran yu.ac kr/
hitp://healthstat snu.ac ko/CRAN/
https://cran biodisk org/

Information and Database Systems Laboratory, Pukyong National University
Yeungnam University
Graduate School of Public Health, Seoul National University, Seoul

The Genome Institute of UNIST (Ulsan National Institute of Science and Technology)
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Qo

R The Comprehensive R Arch
YR BEE 270V SARINW =M ESEH)

snu.ac kr/C

= Biv B - O & - HOK(P) Y AHES
The Comprehensive R Archive Network
Download and Install R
Precompiled binary distributions of the base system and contributed packages, Windows and Mac users most likely want
one of these versions of R
CRAN
Mirrors * Download R for Linux
What's new? * Download R for (Mac) OS X
Task Views ¢ Dawnload R for Windows
Search
tbout R R is part of many Linux distributions, vou should check with vour Linux package management system in addition to the link
out above
R Homepage
The R Journal Source Code for all Platforms
Saftware ‘Windows and Mac users most likely want to download the precompiled binaries listed in the upper box, not the source code.
R Sources The sources hawe to be compiled before you can use them. If you do not know what this means, you probably do not want
R Binaries to do it
Packages
Other ¢ The latest release (2020-06-22, Taking Off Again) R-4.0.2.tar.gz, read what's new in the Iatest version
?A"C“’:f”mﬁ"" * Sources of R alpha and beta releases (daily snapshots, created only in time periods before a planned release).
Mlanuals
EA s * Daily snapshots of current patched and development versions are available here. Please read about new features and
Contributed

bua fizes before filing coresponding feature requests or bug reports.
¢+ Source code of older versions of R is available here

* Contributed extension packages

Q@ -

snu.ac.kr/CRAN

R The Comprehensive R Arch

Tn BEE 20V EARIW SR0) S2EM)
- iy B~ = & HIARY 2REv 70
R for Windows
=
Subdirectories:
base Binaries for base distribution. This is what you want to install R for the first time.
b Binaries of contributed CRAN packages (for R >= 2.13.x; managed by Uwe Ligges). There is also information on third pasty
CRAN conind software available for CRAN Windows services and corresponding environment and make variables
Mirrors old contrib Binaries of contributed CRAN packages for outdated versions of R (for R <2.13x; managed by Uwwe Ligges).
2
Tw:‘i"‘ oo Riools Tools to build R and R packages. This is what you want to build your own packages on Windows, ot fo build R itself.
—

Search Pleasc do not submit binarics to CRAN. Package developers might want to contact Uwe Ligges dircctly in case of questions / suggestions related to Windows binaries
About You may also want to read the R FAQ and R for Windows FAQ
R Homepage
The R Journal Note: CRAN does some checks on these binaries for viruses, but cannot give guarantees. Use the normal with downloaded bl

O i
R The Comprehensive R Arch.
M BIE 2V EAWIA) E2M SSTH)

™ fi - B - &~ HOXE) > 2FES) > EF0) v @~

R-4.0.2 for Windows (32/64 bit)

Download R 4.0.2 for Windows (84 megabytes, 32/64 bit)

Installation and other instructions
New features in this ver

CRAN
Mirrors
‘What's new? If you want to double-check that the package you have downloaded matches the package distributed by CRAN, you can compare the mdSsum of the .exe to the fingerprint on the
Task Views master server. You will need a version of md5sum for windows: both graphical and command line versions are available.
Search
= Frequently asked questions
About R
R Homepage + Does R run under my version of Windows?
The R Journal + How do I update packages in my previous version of R?
- + Should I run 32-bit or 64-bit R?
Sofware
R Sources Please see the R FAQ for general about R and the R Windows FAQ for Wind specific
R Binaries
SRR
« Patches to this release are incorporated in the r-patched snapshot build.
Documentation + A build of the development version (which will eventually become the next major release of R) is available in the r-devel snapshot build.
Manuals « Previous releases
FAO<
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Stable version (3.6.3)

R-3.6.3 for Windows (32/64 bit)

R http://healthstat snu_ac kr/CRAN, X
Download R 3.6.3 for Windows (83 meg . 32/64 bit)
R The Comprehensive R Arch.
mep BEE 2w BARAW EIM ESEH Installation and other instructions
. Mew features in this ve
b
If you want to double-check that the package you have downloaded matches the package distributed by CRAN, you can compare the mdSsum of the exe to the finperprint on the
master server. You will need a version of md3Ssum for windows: both graphical and command line versions are available.
This directory contains previous binary
Frequently asked questions
The current release, and links to develof
1o this X * Does R run under my version of Windows?
CRAN s duectory: « How do I update packages i my previous version of R?
w i R4.02 June, 2020) « Should I run 32-bit or 64-bit R?
What's new? R4.01 (June, 2020
Task Views R400 E :: = 2020)) Please see the R FAQ for general information about R and the R Windows FAQ for Windows-specific information.
Search R3.6.3 (February, 2020)
R3.62 (December, 2019)
prouk R3.6.1 (July, 2019)
Tgkmlemgg ") R 360 (April. 2019)
~ac X joumal R3.5.3 (March, 2019)
R 3.5.2 (December, 2018)
Software R352
st}: rces R3.5.1 (July, 2018)
R Binaries R3.5.0 (Apnl, 2018)
Packases R3.4.4 (March, 2018) < | HiE B
oner s R lovember, 2017
’ g =7

<« v~ 4 s WpcC > HEEE
e
v & HZ o=
F R + ¥ R-363-win

* R studio

0 x

© hitps/studio.com o o-acl G

© Download Rstudio - Rstud

& a8 - s 220 @
\\\ A
RStudio is a set of integrated tools designed to help you be more N

1 & - HOXE) -

* https://www.rstudio.com/
products/rstudio/
download/#download

productive with R. It includes a console, syntax-highlighting editor that

supports direct code execution, and a variety of robust tools for plotting,

viewing history, debugging and managing your workspace.

LEARN MORE ABOUT RSTUDIO FEATURES

RStudio Desktop RStudio Desktop

Commercial License

$995

Open Source License
Free

fyear

DOWNLOAD

Learn more Learn more

Integrated Tools for R
Priority Support

Access via Web Browser
Enterprise Security

Project Sharing

RStudio’s new solution for every
professional data science team. RStudio
Team includes RStudio Server Pro, RStudio
Connect and RStudio Package Manager.

LEARN MORE

RStudio Server RStudio Server Pro

Commercial License

$4,975

Open Source License
Free

Jyear

(5Named Users)

| = [ == =

Learn more Evaluation| Learn more

®100% ~
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o https://rstudio.com/

Download RStudio - RStud.
oER HEE =M SARVIA =0 =SBH)

s

RStudio DeSktOp 1.3.1073 -release Notes

1. Install R.  Rstudio requires R3.0.1+.

2. Download RStudio Desktop. Recommended for your system:

Ml DOWNLOAD RSTUDIO FOR WINDOWS

1.3.1073 | 171.62MB

Requires Windows 10/8/7 (64-bit)

All Installers

0s Download

Windows 10/8/7 & RStudio-1.3.1073.exe

mac0S$ 10.13+ & RStudio-1.3.1073.dmg

Ubuntu 16 & rstudio-1.3.1073-amd64.deb

Uhunti 18/Nehian 10 & retudin-1 2 1073-amedAa deh

Linux users may need to import RStudio's public code-signing key prior to installation, depending on the operating system's security policy.

RStudio requires a 64-bit operating system. If you are on a 32 bit system, you can use an older version of RStudio.

Size SHA-256
17162 M8

14856 MB 08786305
126,07 MB

1678 MR

IDE (Integrated Development Environment)

Rstudio
Fle Edit Code View Plots Session Build Debug Profle Tools Help

o «jog s o « hais =
Console Termina +Jobs
R version 3.6.3 (2020-02-29) -- "Holding the windsock™

Copyright (C) 2020 The R Foundation for staristical computing
Platform: x86_64-w6d-mingw32/x64 (64-bit)

Sgiol BEILICE
Lo
"Ticence)' &

2 = AELich

“contributors
dEd, R 5 R T

()

Environment  History  Connections  Tutorial
4 7 Import Dataset ~ | &

i Global Environment ~

Environment is empty

Files Plots Packages Help  Viewer
@ New Foider | @ Delete =] Rename | G More ~
A Home
& Name
10608488 _popupPos dat
2200007 _popupPos dat

My Videos

undefined_popupPes.dat

AFET} RIS Office AN THE

Size
1128
1368
4028

128

& Project: (None)

=0

ust - | & -

=0

Modified
Jan 2, 2020, 5:49 PM

Sep 14,2020, 3:46 PM
Jan2, 2020, 11:15 AM

May 13, 2020, 1:26 PM
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E s 27 n o H n
setwd("C://project//R
« v P > WpC » EE OA3(C) » project » R
# HtE 7t7| OIE
W HE SR *
4 oeEc »
ER »
=] AE »
Q RStudic
File Edit Cede View Plots Session Bulld Debug Profile Tools  Help
Q@ .| O New Session
Console  Terminal Jobs Interrupt R ()
~/ Terminate R.
R version 3.6.3 (2020-C Restart R Ctrl=Shift+F10
copyright (c) 2020 The Tina
pPlatform: x86_64-w64-mi Set Working Directory 4 To Source File Location
Lead WDVkSp&EE . To Files Pane Location
Save Workspace As. Choose Directory..  Ctri+Shift=H
= Clear Workspace.
: s Bt ! 4 s
g Qi Sesion. cl-a EationG & Ba wasiz seonlc,
= SlELch
@ RStudio [zlCH Edit Code View Plots Session Build Debug Profile Tools Wir
[ JOK ] | New File > b
© - 0y |- New Project... o~ Addins ~
)] test.R Q] Open File... 350 I @] drawSurvival.R data @ firevi
- P, Reopen with Encoding...
1 libraryd Recent Files >
2 "
Open Project...
3 setwd("/ : p s
4 i Open Project in New Session... )
5 | iFILE <A Recent Projects >
(75 GNAME <= | mport Dataset » < m~ | & boxplot < Q
8 data <-r [ drawBoxplot R
9 iDATA <- ) FIREVAT > expression_values library(ggplot2)
Save As... .
10 names(iD ¢ @ Recents 1 survival » 4 expression_values.csv (U dwhong/
11  iDATAS$va : . A\ Applications = OGT.pdf ;:sztop/RszZé/zogggot")
12 iDATASty Save with Encoding... - =
13 iDATASty Google =2{0|=t iFILE <- .
"expression_values.csv"
14 . Deskto  ugeT
15 pdf(past Knit Document 38K & B ONAME <= "0GT
16 ggplot(i Compile Report.. [ Documents data <-read.table (iFILE,
ol sep = ',', stringsAsFactors
a7 xlab( Publish ODOWmOEdS = F, header = F, row.names
18 ylab(p =1)
19 ggtitl  prng [Sloud IDATA == .
20 guides & iCloud Drive
21 theme(  Close BW drawBoxplot.R
22  1invisibl Tags *
23 Close All _GSGW R Source File - 836 bytes
Close All Except Current X {+38W @ Blue
® ==4 Information
T Created 2020 9% 9 @7 9:55
i i ifi 3 9% 1Y 22 3:
231 [ oniel Quit Session... 8Q O e Modified 2020E 9% 11Y 2% 3:21
Console  Terminal Jobs

~/Desktop/R_code/survival/

Cancel
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[ ] ®© RStudio
© - =g = Go to file/function ~ Addins ~

)JtestR ©  ©)_EXAMPLER res_filtered @ drawBoxplotR « @' drawsurvival.R data « @ firevat_script.r clinical_de» — [
Source on Save = O/~ JRun | °% | $ Source ~

1 library(ggplot2)

2

3 setwd("/Users/dwhong/Desktop/R_code/boxplot™)
4

5

iFILE <- "expression_values.csv"
6 gNAME < "0GT"
7
8 data <-read.table(iFILE, sep = ',', stringsAsFactors = F, header = F, row.names - 1)
9 iDATA <- data.frame(cbind(t(data[rownames(data)%in%c(gNAME),]), t(datal[1,1)))
10 names(iDATA) <- c('value’,'type')
11 iDATASvalue <- log2(as.double(levels(iDATASvalue))[iDATASvalue])
12 iDATAStype <- toupper(iDATAStype)

> install.packagés("ggpfot2™) -~

pgf(paste@(gNAME,

trying URL httpse/ﬁﬂrmxrstsuai’ozeom/(hmlmacosxﬁebeapltan/contrlb/3 6/ggplot2_3.3.2.tg2'
Content type appllggt tior /wgzmﬁAlmgth@OG&G&@ bytes (3.9 MB)

______ 20 — guidas/£ill =L _——————
21 theme(axis.text.x - element_text(angle - 45, Vjust — 0.5, hjust -

downloaded 3.9VIB" " e o>

~ 3% - 12, face - "bold™), axis.title.y - el

2311 (Top Level) 3 R Script &

The downloaded binarv' packages are in =0

ktop/R_code/survival/

/var/folders/45/v4b _fjns00jg9ytjprdsxkd00000gn/T//RtmpOBReEZ/downloaded_packages

> pdf(pasted("BCR_survival .pdf"))
> plot(surv_test, lty = 1, lwd = 1.3, col = c("red", "blue™, xlab = "Months", ylab = "Overall Survival", cex = 1.3, cex.la
b=1.2, xaxt
> axis(1, at = seq(@, 1200, 20))

> invisible(dev.off())

> install.packages("ggplot2")

Error in install.packages : Updating loaded packages

> install.packages("ggplot2")

trying URL 'https://cran.rstudio.com/bin/macosx/el-capitan/contrib/3.6/ggplot2 3.3.2.tgz"
Content type 'application/x-gzip' length 4068619 bytes (3.9 MB)

downloaded 3.9 MB

The downloaded binary packages are in
/var/folders/45/v4b_fjns@0jgdytjprdsxkd00@0gn/T//Rtmp@BReEZ/downl oaded_packages
>

Run selected R scripts p setwd("C://project//R")

[ J B RStudio
Q -G =~ Go to file/function ~ Addins ~
res_filtered ®) drawBoxplot.R @] drawSurvival.R data ® ffirevat_script.r clinical_data \vp-R* » =
Source on Save Q\ 4 Source ~

1 1library(ggplot2)

2

3 setwd("/Users/dwhong/Desktop/R_code/boxplot™)

4

5 1iFILE <- "expression_values.csv"

6 gNAME <- "OGT"

7

8 data <-read.table(iFILE, sep = ',', stringsAsFactors = F, header = F, row.names = 1)

9 iDATA <- data.frame(cbind(t(datalrownames(data)%in%c(gNAME),]), t(datal1,])))

10 names(iDATA) <- c('value','type')

11 1iDATASvalue <- log2(as.double(levels(iDATA$value))[iDATASvalue])
12 iDATAStype <- toupper(iDATAStype)

13 iDATAStype <- gsub("_"," ",iDATAStype)

15 pdf(paste@(gNAME," .pdf"))

16 ggplot(iDATA,aes(type,value)) + geom_boxplot(aes(fill = type)) +

17 xlab("") +

18 ylab(paste@(gNAME, ", mRNA Expression (RNA Seq V2 RSEM) (log2)")) +

19 ggtitle("") +

20 guides(fill = F) +

21 theme(axis.text.x = element_text(angle = 45, vjust = 0.5, hjust = 0.5, size = 12, face = "bold"), axis.title.y = el¢
22 1invisible(dev.off())
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Browsing the output

[ JoX ) RStudio
LARdE: 1K~ 4 B = [ A Gotofile/function -~ Addins ~ & project: (None) ~
res filtered © @' drawBoxplotR @ drawsurvivalR « | |data © © firevatscript.r |clinical_data @] drawBoxplot wp.R* 3 . [7]  Environment History ~Connections Tutorial =0
] & [JSourceonSave = O /7~ 1 SRun | %  PHSource v = =2 [ | 12 Import Dataset v List + | (&)~
1 library(ggplot2) ) Global Environment ~
2
3 setwd("/Users/dwhong/Desktop/R_code/boxplot") E{ata
4 © clinical_data 28 obs. of 4 variables
5 1iFILE <- "expression_values.csv" © conds Formal class DFrame
6 gNAME <- "0GT" © count.data 40304 obs. of 7 variables
7 - .
t.mat 40304 obs. of 6 bl
8 data < read.table(iFILE, sep - ',', stringsAsFactors - F, header - F, row.names - 1) © count.ma ovs. of b variavies
9 iDATA <- data.frame(cbind(t(data[rownames(data)¥in%c(gNAME), ), t(datal1,1))) Od Large matrix (61965 elements, 578.1 kB) B
10 names(iDATA) <- c('value','type') O data 21 obs. of 90 variables
11 iDATA$value <- log2(as.double(levels(iDATASvalue))[iDATASvalue]) © dds Large DESeqDataSet (40304 elements, 26.3 MB)
g 1-3:1:;?” = “’“:Pf'“gl"‘“?;ﬂzt © expression 28 obs. of 2 variables
ol ype < gsub("", " 1l yPe) O expression. table 1215 obs. of 51 variables m
15  pdf(paste@(gNAME," .pdf")) © gene.exp Large matrix (61965 elements, 578.1 kB)
16 ggplot(iDATA,des(type,value)) + geom_boxplot(aes(fill = type)) + © iDATA 90 obs. of 2 variables
17 xlab("™) + =
18 ylab(paste@(gNAME,", mRNA Expression (RNA Seq V2 RSEM) (log2)")) + Files  Plots e Feip =0
19 ggtitle("") + ) - @
20 guidesCFill - F) + Delete ] Rename = {3k More
21 theme(axis.text.x - element_text(angle - 45, vjust - 0.5, hjust - 0.5, size - 12, face - "bold"), axis.title.y - ely? &) Home - Desktop > R_code > boxplot
22 invisible(dev.off()) A Name Size Modified
23 t.
97 Rhistory 17.7KB  Sep 11, 2020, 2:56 PM

8368 Sep 11, 2020, 3:21 PM
13.5 KB Sep 8, 2020, 9:25 PM
13.5KB Sep 11, 2020, 2:35 PM

©7 drawBoxplot.R

23:1  (Top Level) = R Script + expression_values.csv

| expression_values.txt

Console  Terminal ~  Jobs =0 7 =

e T 7 oGTpdf 4.7K8 Sep 15, 2020, 6:44 PM

- - T et ) ©7 drawBoxplot_wp.R 1.4 KB Sep 17, 2020, 2:38 AM
interval <- round((iMax - iMin)/20, 1) -

*- OGT_pvalue.pdf 5 KB Sep 17, 2020, 2:41 AM

pdf(pasted(aNAME,"_pvalue.pdf"))
gapLot(iDATA, aes(type,value)) + geom_boxplot(aes(fill = typed) +
geom_segment(aes(x = 2, y = iMax, xend = 2, yend = iMax + interval)) +

+V VYoV

Browsing the output

eoce =) OGT.pdf(1H0IX))

@
]

[l
@

o4
o

OGT, mRNA Expression (RNA Seq V2 RSEM) (log2)
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Load “ ' | ”in EXCEL
0ad expression_values.Csv  In
B 4Y 127 domzoolr 44 ool HE  ® Q Yasmie EELIELT
X gte 1o (2o I I — ab o Huadv X~
< oo g (28) vz v b A === 2 b xssuE v gt v ﬁvﬁz va v e
e - 7 57 T A v .o
203 = e : A E A AEf 2y a9 iz
Bl F A % SvZo| . seemsienas Y @@ % 9 9 % san EAd Wamy o | o~ WL i Rz
Al : fx gene_name
A B & D E F G H | J K L M N o P Q R
1 |gene_name .normal normal normal normal normal normal normal normal normal normal normal normal normal normal normal normal normal
2 [TAT 0.8958 0.8672 1.2714 0.5408 2512 0 1.2445 0.938 1.1568 1.7502 0.4668 1.4784 1.0107 0.7716 0.983 0.8842 1.7301
3 B3GNT6 0 1.9577 0 1.4952 4.0601 0.7176 0 22214 2.8377 1.7502 6.6538 2.8935 7.1735 6.7802 0 6.1959 4.829
4 OGT 11.1784 11.3547 10.0148 10.6018 9.9306 11.2622 11.4902 11.181 10.5841 11.3482 11.251 11.4939 12.0301 11.2389 10.8557 10.3244 10.1287
5 MAT2A 11.5439 13.5627 11.6553 11.4857 12.4825 11.5974 12.2364 12.0035 12.2314 12.0627 11.3862 13.3059 13.9321 119116 113162 12.4472 12.1896
6 UGDH 8.9438 11.4139 10.4629 10.315 10.9648 9.3947 10.608 11.312 10.9958 10.9448 13.123 10.685 10.8975 10.7436 9.1704 11.4489 10.9039
7 SCD 7.9392 11.2766 11.9138 10.8692 12.6961 9.4274 12.4205 12,9763 14.0059 14.3601 14.5127 12.5572 12.767 13.0293 8.5166 13.8213 13.2844
8 LAP3 10.156 10.3446 10.4812 10.2748 10.3643 9.8901 10.5145 10.3429 10.4444 10.1088 10.6386 10.0503 10.415 10.2513 10.1426 10.4152 10.2124
9 PIGW 6.9248 7.5552 6.2265 6.0149 7.2984 6.7284 6.9807 7.1077 7.01 6.6761 8.4875 7.266 7.5251 7.5523 6.4975 7.5076 7.0521
10 PFKFB4 6.6743 6.6424 6.7563 7.3152 8.2443 5.8181 8.1881 7.8961 8.098 8.4418 8.1826 7.602 7.6706 7.7783 5.9775 8.1852 7.6872
11 NDUFB11 10.8777 10.1862 10.2686 11.0024 11.5313 10.283 10.9653 10.7783 10.3895 10.993 10.6711 11.0263 10.3235 10.3984 10.4835 10.8734 11.0743
12 |DHCR7 10.1141 9.5762 9.9227 9.7881 11.2564 9.3049 10.2361 10.9987 11.1945 11.5415 10.8288 10.9455 10.3004 10.4401 9.3837 11.56 17,3045
13 POLR2G 9.9999 9.5051 9.4266 9.9692 10.5754 9.5316 10.6829 9.881 9.9832 10.2068 9.8711 10.1701 9.5912 9.604 9.5833 10.1329 10.4324
14 POLR3E 9.6127 9.9049 9.4406 9.158 9.6472 9.4355 9.6623 9.6767 9.7803 9.9581 9.8903 9.6352 9.8618 9.4608 9.6133 9.8198 9.635
15 B3GAT2 3.3651 4.2859 4.099 1.9385 2.3395 3.3589 3.5141 2.7424 3.5652 3.4687 3.2861 3.2419 4.2558 3.4806 3.5264 2.538 2.7175
16 RRM2 2.7212 3.6482 4.9062 5.7724 5.7632 1.1946 3.9746 6.2585 5.1217 3.0165 10.1432 4.4646 6.4682 3.7029 24315 5.1568 4.3981
17 ADCY10 0.5163 1.7959 1.0429 0 2.1789 0 29721 1.5017 2.0266 2.0538 3.3459 1.9479 1.0107 1.6423 0.5737 1.4284 2.392
18 AK2 10.7419 10.7659 10.3982 10.6466 10.9903 10.397 10.9091 10.551 10.5719 10.7067 10.9951 10.8341 10.803 10.3686 10.1685 10.5777 10.6418
19 GLO1 11.519 12.0438 11.5369 11.5738 12.9207 10.8486 12.1822 12.4179 12.7297 12.6109 13.2661 13.5214 11.7888 14.7447 11.0139 12.8664 13.0468
20 FLAD1 9.233 9.3388 8.8658 8.9953 9.3014 8.8985 9.2713 9.0583 8.9096 9.1091 9.5427 9.4435 9.0948 8.8095 9.0116 9.0567 9.2122
21 |ENGASE 8.1129 9.2586 8.2307 8.5253 7.8549 8.716 9.2887 9.032 8.6126 9.4241 8.9587 9.6423 9.4067 8.8049 8.7796 8.6058 7.993
AH = . .
9071 M= (normal: 187l, Tumor: 727l
20 metabolic genes
( XoK J RStudio
QO - x| =~ = Go to file/function - Addins ~
res_filtered @] drawBoxplot.R @] drawSurvival.R data @ firevat_script.r clinical_data @] drawBoxplot_wp.R » =0 History  Cq i Tutorial
; SourceonSave | /7~ #Run | %% Source ~ < I 2 Import Dataset ~
1 library(ggplot2) k Global Environment ~
2
3  setwd("/Users/dwhong/Desktop/R_code/boxplot™) D,?th - -
4 © clinical_data 28 obs. of 4 variables
5 1FILE <- "expression_values.csv" © conds Formal class DFrame
6 gNAME < "0GT" count . data 40304 obs. of 7 variables
4 a q count.mat 40304 obs. of 6 variables
8 data <-read.table(iFILE, sep = ',', stringsAsFactors = F, header = F, row.names = 1) R R
9 iDATA <- data.frame(cbind(t(data[rownames(data)%in%c(gNAME), 1), t(data[1,71))) Dd Large matrix (61965 elements, 578.1 kB)
10 names(iDATA) <- c('value','type') © data 21 obs. of 90 variables
11 1iDATA$value <- log2(as.double(levels(iDATASvalue))[iDATASvalue]) > dds Large D-ESquutaSet (40304 elements, 26.3 MB)
g Tg:gi:we = tougﬁfrODATA;’;Z?:it ) expression 28 obs. of 2 variables
14 F B = g ot S expression.table 1215 obs. of 51 variables
15 pdf(paste@(gNAME," .pdf")) gene.exp Large matrix (61965 elements, 578.1 kB)
16 ggplot(iDATA,aes(type,value)) + geom_boxplot(aes(fill = type)) + iDATA 90 obs. of 2 variables
17 xlab("") +
18 ylab(paste@(gNAME, ", mRNA Expression (RNA Seq V2 RSEM) (log2)")) + Files Plots Packages Help Viewer
19 ggtitle("") + [+5) o 5 -
20 guides(fill = F) + New Folder Delete =] Rename = 4G More
21 theme(axis.text.x = element_text(angle = 45, vjust = 0.5, hjust = 0.5, size = 12, face = "bold"), axis.title.y = el¢ 4 Home » Desktop > R_code boxplot
22 invisible(dev.off()) 4 Name Siz
23 t.
' .Rhistory 17.
@7 drawBoxplot.R 83§
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> View (data)

Cols:

[ JOK ]
o - R -
VjtestR @ _EXAMPLER
=) o7 Filter
“ vz

gene_name normal
TAT 0.8958
B3GNT6 0
OGT 111784
MAT2A 11.5439
UGDH 8.9438
SCD 7.9392
LAP3
PIGW.

PFKFB4

10.156
6.9248
6.6743
NDUFB11 10.8777
DHCR7

POLR2G

10.1141
9.9999

POLR3E 9.6127
B3GAT2 3.3651

RRM2 2.7212

v3
normal
0.8672
1.9577
11.3547
13.5627
11.4139
11.2766
10.3446
7.5552
6.6424
10.1862
9.5762
9.5051
9.9049
4.2859
3.6482

Go to file/function

res_filtered
€< 1-50 >»
va Vs
normal  normal
12714 0.5408
0 1.4952
10.0148 10.6018
11.6553 11.4857
10.4629 10.315
11.9138 10.8692
10.4812 10.2748
6.2265  6.0149
6.7563  7.3152
10.2686 11.0024
9.9227  9.7881
9.4266  9.9692
9.4406  9.158
4099  1.9385
4.9062 5.7724

-~ Addins -

@ drawBoxplot.R

V6 v7 V8
normal  normal  normal
2512 0 1.2445
4.0601 0.7176 0
9.9306 11.2622 11.4902
12.4825 11.5974 12.2364
10.9648 9.3947  10.608
12.6961 9.4274  12.4205
10.3643 9.8901  10.5145
7.2984  6.7284  6.9807
8.2443 5.8181  8.1881
11.5313 10.283  10.9653
11.2564 9.3049  10.2361
10.5754 9.5316  10.6829
9.6472  9.4355  9.6623
2.3395 3.3589  3.5141
57632  1.1946  3.9746

© drawSurvival.R

vo
normal
0.938
22214
11.181
12.0035
11312
12.9763
10.3429
7.1077
7.8961
10.7783
10.9987
9.881
9.6767
2.7424
6.2585

data @]
vio Vi1
normal  normal
11568  1.7502
2.8377 17502
10,5841 11.3482
12.2314 12.0627
10.9958 10.9448
14.0059 14.3601
10.4444 10.1088
7.01 6.6761
8098  8.4418
10.3895 10.993
11.1945 115415
9.9832  10.2068
9.7803  9.9581
35652  3.4687
5.1217 3.0165

RStudio

firevat_script.r

vi2 vi3 Via
normal  normal  normal
0.4668  1.4784  1.0107
6.6538 2.8935 7.1735
11251 114939 12.0301
11.3862 13.3059 13.9321
13.123  10.685  10.8975
145127 12.5572 12.767
10,6386 10.0503 10.415
8.4875 7.266  7.5251
8.1826 7.602  7.6706
10.6711 11.0263 10.3235
10.8288 10.9455 10.3004
9.8711  10.1701 9.5912
9.8903 9.6352 9.8618
3.2861 3.2419  4.2558
10.1432 4.4646  6.4682

V15

normal
0.7716
6.7802
11.2389
11.9116
10.7436
13.0293
10.2513
7.5523
7.7783
10.3984
10.4401
9.604
9.4608
3.4806
3.7029

=0

%1
nor
0.9
0

9.6
3.5

2.4

&) Project: (None) ~

Environment  History ~Connections  Tutorial
(% ] 7 Import Dataset ~ ¥

“k Global Environment ~

Data

28 obs. of 4 variables

Formal class DFrame

40304 obs. of 7 variables

40304 obs. of 6 variables

Large matrix (61965 elements, 578.1 kB)
21 obs. of 90 variables

Large DESeqDataSet (40304 elements, 26.3 MB)
28 obs. of 2 variables

1215 obs. of 51 variables

Large matrix (61965 elements, 578.1 kB)
90 obs. of 2 variables

linical_data

onds
ount.data
ount .mat

) expression
) expression. table

Files Plots Packages Help Viewer
@] New Folder ' © Delete | Rename | {3k More ~
A Home » Desktop » R_code > survival
A Name Size Modified
t.

=0

=0

Variable (‘H) <- value (gt

rbind(A, B)

chind(A, B)

merge(A, B, by="key)

key

Key

0g

o7

& key &l 7IZ EE

http://rfriend.tistory.com
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> View (iDATA)
“ wvalue type

V2 11.1784 NORMAL
V3 11.3547 NORMAL
V4 10.0148 NORMAL
V5 10.6018 NORMAL

Global Environment ~
V6 9.9306 NORMAL o oSS e

V7 11.2622 NORMAL © count.data 40304 obs. of 7 variables
V8 11.4902 NORMAL © count.mat 40304 obs. of 6 variables
VO  11.1810 NORMAL (;}d Large matrix (61965 elements, 578.1 kB)
V10 | 10.5841 NORMAL data 21 obs. of 9@ variables
© dds Large DESegDataSet (40304 elements, 26.3 MB)
V11 11.3482 NORMAL : )
(0 expression 28 obs. of 2 variables
V12 11.2510 NORMAL . .
@ expression.table 1215 obs. of 51 variables
V13| 11.4939 | NORMAL @ gene.exp Large matrix (61965 elements, 578.1 kB)
Vi4  12.0301 | NORMAL @ iDATA 90 obs. of 2 variables
V15 11.2389 NORMAL 012 51 obs. of 1 variable
V16 10.8557 NORMAL © label 51 obs. of 2 variables
V17 10.3244 NORMAL Om 40304 obs. of 19 variables
V18 10.1287 NORMAL
V19 11.4049 NORMAL
library(ggplot2) drawBoxplot.R

setwd("/Users/dwhong/Desktop/R_code/boxplot")

iFILE <- "expression_values.csv"
gNAME <- "OGT"

data <-read.table(iFILE, sep ="',', stringsAsFactors = F, header = F, row.names = 1)
iDATA <- data.frame(cbind(t(data[rownames(data)%in%c(gNAME),]), t(data[1,])))
names(iDATA) <- c('value',"type')

iDATASvalue <- log2(as.double(levels(iDATASvalue))[iDATASvalue])

iDATAStype <- toupper(iDATAStype)

iDATAStype <- gsub("_"," ",iDATAStype)

pdf(paste0(gNAME,".pdf"))
ggplot(iDATA,aes(type,value)) + geom_boxplot(aes(fill = type)) +
xlab("") +
ylab(pasteO(gNAME,", mRNA Expression (RNA Seq V2 RSEM) (log2)")) +
ggtitle("") +
guides(fill = F) +
theme(axis.text.x = element_text(angle = 45, vjust = 0.5, hjust = 0.5, size = 12, face = "bold"), axis.title.y = element_text(size =
16, face = "bold"))
invisible(dev.off())
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1 Files  Plots Pgol?a‘g‘e‘s‘ Help  Viewer .':'(j.,‘

library(ggplot2) YR ar
R: Create a new ggplot + 'ﬁr&ﬁmiw;_"“. PP PPt
setwd("/Users/dwhong/Desktop/| sotapory T R Documentation

. Y . Y Create a new ggplot
iFILE <- "expression_values.csv

gNAME <- "OGT"

Description

ggplot () initializes a ggplot object. It can be used to declare the input data frame for a graphic and to specify the set of

plot aesthetics intended to be common throughout all st layers unless ifi overridden.

data <-read.table(iFILE, sep ="', Usaee
|DATA <- dataframe(cb|nd(t(data ggplot(data = NULL, mapping = aes(), ..., environment = parent.frame())

H { ] ' Arguments
names(iDATA) <- c('value','type’) ™"
. ata Default d: for plot. If Iready a data.fr , will b d by fortify(). If
iDATA$value <- log2(as.double(le “* cpoifin, mast bo uppiod ncach ayer acted 0 ha oL - B et
i DATA$type <- tou pper(i DATA$ty mapping ‘II:‘eefe’x;lllotL\ist of aesthetic mappings to use for plot. If not specified, must be supplied in each layer added to

IDATA$type <- gsub("_",“ ",iDATA Otherargumentspasseéontémethods.‘NotcurrentIyused.
pdf(pasteO(gNAME,".pdf")) Details
ggplot(iDATA aes(type,value)) + geom_boxplot(aes(fill = type)) +
xlab("") +
ylab(pasteO(gNAME,", mRNA Expression (RNA Seq V2 RSEM) (log2)")) +
ggtitle("") +
guides(fill = F) +
theme(axis.text.x = element_text(angle = 45, vjust = 0.5, hjust = 0.5, size = 12, face = "bold"), axis.title.y =
element_text(size = 16, face = "bold"))
invisible(dev.off())

Parametric test vs Non-parametric test

eoe | OGT_pvalue.paf (18101%])
y48 =3 23 &

.
o
(3

Parametric and Non-parametric tests for
comparing two or more groups

@

:’\T *p-value = 5.297e-07
g
é Parametric test Non-Parametric equivalent
% 14-
o
o
‘>:_ Paired t-test Wilcoxon Rank sum Test
(g 13-
<
=
e Unpaired t-test Mann-Whitney U test
c
.g B -
3
<
3 Pearson correlation Spearman correlation
w

1
§ 1
o«
E_ One way Analysis of variance Kruskal Wallis Test
[V
o 10-

& &&o‘* source: https://www.healthknowledge.org.uk
O R
&
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library(ggplot?2) drawBoxplot_wp.R

setwd("/Users/dwhong/Desktop/R_code/boxplot")

iFILE <- "expression_values.csv"
gNAME <- "OGT"

data <-read.table(iFILE, sep ="/, stringsAsFactors = F, header = F, row.names = 1)
iDATA <- data.frame(cbind(t(data[rownames(data)%in%c(gNAME),]), t(data[1,])))
names(iDATA) <- c('value','type’)

iDATA$value <- as.double(levels(iDATA$value))[iDATA$value]

iDATAStype <- toupper(iDATA$type)

iDATAS$type <- gsub("_"," ",iDATAStype)

nor <- iDATA[iIDATAS$type == "NORMAL",1]
tur <- iDATA[iIDATAStype != "NORMAL" 1]
pVal <- format(t.test(nor,tur)$p.value, digits = 4)

iMin <- min(nor,tur)

iMax <- max(nor,tur)

iMax <- round(iMax + (iMax/10), 1)
interval <- round((iMax - iMin)/20, 1)

pdf(pasteO(gNAME,"_pvalue.pdf"))
ggplot(iDATA aes(type,value)) + geom_boxplot(aes(fill = type)) +
geom_segment(aes(x = 2, y = iMax, xend = 2, yend = iMax + interval)) +
geom_segment(aes(x = 1, y = iMax, xend = 1, yend = iMax + interval)) +
geom_segment(aes(x = 1, y = iMax + (interval*1), xend = 2, yend = iMax + (interval*1))) +
geom_text(aes(x = 1.5, y = iMax + (interval*2), label = paste0("*p-value = ",pVal)), fontface = "bold.italic",
size = 4, color = "red") +
xlab("") +
ylab(pasteO(gNAME,", mRNA Expression (RNA Seq V2 RSEM) (log2)")) +
ggtitle("") +
guides(fill = F) +
theme(axis.text.x = element_text(angle = 45, vjust = 0.5, hjust = 0.5, size = 12, face = "bold"), axis.titley =
element_text(size = 16, face = "bold"))
invisible(dev.off())
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NATURE GENETICS | VOLUME 46 | NUMBER 3 | MARCH 2014

Dr. Myles Axton
Chief Editor,

Nature Genetics. Call for data analysis papers

Community standards for data access, i perability and only make sense if data are creatively reused
to further research. We are therefore inviting the submission of Analysis papers that reformat and integrate
existing data sets to generate substantial novel insights into gene expression in cell differentiation transitions and
different cell fates.

Examples of abnormal splicing related intron retention
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ancer sequencing statistics

Cancer Type Number of samples | RNA-Seq read length
BRCA 503 2x50bp
COAD 217 76 bp

KIRC 400 2 x 50 bp
LUSC 178 2x50bp

oV 273 2x75bp
UCEC 241 76 bp
Total 1,812

Case: coverage 100x RNA-Seq
File size: ~8.8GByte
8,800,000,000 Byte
70,400,000,000 bit (~70Gbit)

~7,040 sec = ~2 hours / 1 file
1,812 patients -> 3,624 hours
151 days
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Getting an account of dbGaP

& dbgap.ncbi.nim.nihgov

. ' Controlled-

et the latest COVID-19 is an emerging, upldlrz:_vuMw situation. a C C ess

Get the latest research from NIH: https:/ /www.nih.gov/coronavirus.
Find NCBI SARS-CoV-2 literature, sequence, and clinical content: https:/ /www.ncbi.nlm.nih.gov/sars-cov-2/.

db GaP
S

Log In to dbGaP

Site map All databases

dbGaP Data Download

The management pgrial to reg pddownload individ d
Click here to login (N I G B

development of a d|
successful Data Acc

dbGaP Data Browser - View Only

COVID-19 is an emerging, rapidly evolving situation.
Who can apply for Get the latest public health from CDC:
How does one app Get the latest research from NIH: https:/ /www.nih.gov/coronavirus.

Find NCBI SARS-CoV-2 literature, sequence, and clinical content: https://www.ncbi.nlm.nih.gov/sars-cov-2/.

Why is Access Co

Logged in as Dongwan Hong | Log out

Additional help.

Rkl Data Browser [ et o] My Requests Downloaders My Profile
National Center for Biotechno'
Priy er | A

cy Notice | Discla

‘My Research Projects

& Tir

# Project Actions
25591 Tracing of mutational history in head and neck cancer run selector
Next annual renewal starts on: 2021-06-01 file selector
SO: Sin soo Jeon, CATHOLIC UNIVERSITY OF KOREA transfer to another PI
launch browser

revise project

close out project

get embargo report

get dbGaP repository key @

GDC Data Portal

NATIONAL CANCER INSTITUTE 2
NIH [Eel T Projects Exploration & Repository Q Quickgs
- GDC Data Portal 1

Harmonized Cancer Datasets
Genomic Data Commons Data Portal

Get Started by Exploring:

B Projects Exploration &  Repository
- == Insert your PIV card into your smart card reader
before attempting to login.

Q e.g. BRAF, Breast, TCGA-BLCA, c0892598-1f7b-4f23-9cd8-731f797753d5 /| For more information visit http://smartcard.nih.gov.

Password: \

Data Portal Summary patarelease 7

PRIMARY SITES CASES

PROJECTS
@ 39 14.551 Warning Notice
« This warning banner provides privacy and security notices consistent with applicable federal laws, directives, and
other federal guidance for accessing this Government system, which includes (1) this computer network, (2) all
; computers connected to this network, and (3) all devices and storage media attached to this network or to a
FILES GENES MUTATIONS v computer on this network.

D 274,724 ;é 22144 ‘g 3,115,606 This system is provided for Government-authorized use only.

Unauthorized or improper use of this system is prohibited and may result in disciplinary action and/or civil and
& criminal penalties.

Q/ Personal use of social media and networking sites on this system is limited as to not interfere with official work

duties and is subject to monitoring.

By using this system, you understand and consent to the following:

o The Government may monitor, record, and audit your system usage, including usage of personal devices and

GDC Applications email systems for official duties or to conduct HHS business. Therefore, you have no reasonable expectation of

S privacy regarding any communication or data transiting or stored on this system. At any time, and for any lawful

L Bl R S I R sl Government purpose, the government may monitor, intercept, and search and s

researchers and bioinformaticians to search and download cancer data transiting or stored on this system.

o Any communication or data transiting or stored on this system may be disclosed or used for any lawful
Government purpose.

any communication or data

Data Transfer Tool
1f you need assistance - Please call the NIH IT Service Desk 301-496-4357 (6-HELP); 866-319-4357 (toll-free) or Submit a Service Desk Ticket

Center for
Information
Technology
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GDC Data Portal ) Projects Exploration

Harmonized Cancer Datasets
Genomic Data Commons Data Portal

Get Started by Exploring:

Data Portal Summary

@ Analysis Repository Q Quick Search Manage Sets ~ DWHONG.LAB~

Cases by Major Primary Site

I} Projects Exploration @ Analysis £ | Repository

Q e.g. BRAF, Breast, TCGA-BLCA, TCGA-A5-A0G2

Data Portal Summary  pataRelease 26.0 - September 08, 2020

PROJECTS PRIMARY SITES

67 & 68

FILES GENES

[9590,367 23,399

CASES

& 84,375

MUTATIONS

43,287,299

NIH Frrrrtmr i « o [T T Q ek sean

Harmonized Cancer Datasets
Genomic Data Commons Data Portal

Get Started by Exploring:

B Projects Exploration &  Repository

Q e.g. BRAF, Breast, TCGA-BLCA, c0892598-1f7b-4f23-9cd8-731f797753d5

Data Portal Summary pata Release 7.0 - june 29, 2017

PROJECTS PRIMARY SITES

M9 & 29

FILES GENES

[N274,724 822,144

Case .y Primary Si

Q! OJF(N): gdc-user-token.2017-08-09T00-16-26.350Z.txt.
The $4M): [Text Document

227

CASES

& 14,551

MUTATIONS

4 315,608

GDC Applications
The GDC Data Portal is a robust data-driven platform that allows cancer

researchers and bioinformaticians to search and download cancer data for analysis. The GDC applications include:

=

Data Portal Website Data Transfer Tool

API

Data Submission Portal Documentation

NCCKOREA v

Legacy Archive
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GDC Data Portal # Home

Dprojects 3 Exploration LRSI

Q Quick Search

NCCKOREA ~

= cart @

(" Cases Files «
Cases Files
S — P
Add a Case/Biospecimen Filter
v Case
wCase
= Add All Files to Cart | & Download Manifest Q@ | Searchfor Case ID (# Browse Annotations
Q | Search for Case ID
v Case Submitter ID
. Cases (14,551 Files (274,724; 470.59 TB
~ Case Submitter ID ( ) ¢ )
eg. TCGA-DD*, *DD*, TCGA-DD-AAVP Gol
o TCOADD" “DD*. TCGADD-AAVP | Gol Primary Sites Disease Type Gender Vital Status
\\ ~ Primary Site
> Primary Site Q | Kidney
Brain
> Program
() Nervous System
: Breast =
> Project Q = 150N | Tav
Lug =
Available Files per Data Categol
> Disease Type Q Case UUID 28001, Gender Files . LAY Annotations
£ B EY  Ew LI EHEEl G
>Gender W 1220675 TCGA-HT-A74) ~ Program Male 29 3 3 16 4 1 1 1 0
W+ 4d6b5b30 TCGA-43-AGBU TCGA [ 11015 | Female 32 4 5 16 4 1 11 0
»>Age at Diagnosis w.|  65cac9ar TCGA-GM-AZXL TARGET 323 Female 32 4 5 16 4 1 1 1 0
w-  08ge63a TCGA-A1-A0SQ Female 20 4 5 16 2 1 1 1 0
>Vital Status o
- 78C0d30C TCGAK1-AGRV Project Q Male 32 4 5 16 4 1 1 1 0
W D96bdI5H TCGA-J2-A4AD 8 TARGET-NBL Female 32 4 5 16 4 1 101 0
> Days to Death
W+ ecdbddd TCGAXR-ASTE NEGASREA = Male 32 4 5 16 4 1 1 1 0
>Race w .| 9d8c4693 TCGA-CM-6170 TARGET-AML = Female 32 4 5 16 4 1 1 1 0
- 69402566 TCGA-27-2526 TARGET-WT =3 Female 39 § 3 24 4 1 1 1 1
> Ethnicity = assasad0 TCGA-24-1344 O TCGA-GBM Female 32 4 5 16 4 1 1 1 0
\ W 13020991 TCGAB3-ATMI 34 More Male 30 4 5 16 2 1 1 1 0
Cases Files
m ZA[.;@NI;;‘E;N;:':{;T"TUTE # Home [jProjects %% Exploration pository Q, Quick Search ~ NCCKOREA mcatl)
Add a File Filter
7
Cases | Files v File
T -
Q| Search for File ID or File Submitter ID
Add a File Fiter
~File ~ Data Catego
oy £ Browse Annot:
Q  search for File ID or File Submitter 1D Simple Nucleotide Variation
' [ Transeriptome Profiling 47059 TB
»Data Category
Raw Sequencing Data
Gender Vital Status
>Data Type Copy Number Variation
DNA Methylation
> Experimental Strategy
>Workflow Type
e Q ~ Data Type
»Data Format Showing 1 - 20 of 14,861 cases Annotated Somatic Mutation = = |F JsON | Tsv
Raw Simple Somatic Mutation [ 200 ] Available Files per Data Category
Plat cart Case UUID Submitter ID. Gender Files Annotations:
»Platform [ Aligned Reads = Seq Exp SNV CNV  Metn I ED
- HT- . . M
> Access - - UEELSGIRTEY Gene Expression Quantification m D3 2 2 2 1. 4 1 1 1 Q
= 40605030 TCGA-43-A56U Female 32 4 5 16 4 1 0
\ Copy Number Segment
®-|  65cacesr TCGA-GM-A3XL Female 32 4 5 16 4 1 1 1 0
=-|  08de63a2 TCGA-A1-ADSQ Female 30 4 5 16 2 1 1 1 0
»-|  78c0d30c TCGAK1-ABRY - Male 32 4 5 16 4 1 1 1 0
~ Experimental Strategy
=-|  095bdgst TCGA-J2-A4AD Female 32 4 5 16 4 1 0
wnes 22
=-|  ecdpidad TCGA-XR-ASTE Male 2 4 5 16 4 1 1 1 0
RNA-Seq —
=-|  gusc4693 TCGA-CM-6170 Female 32 4 5 16 4 1 1 1 0
= 69002568 TCGA-27-2526 Genotyping Array Female 39 5 3 24 4 1 1 1 1]
- 23624440 TCGA-24-1844 [ miRNA-Seq m Female 32 4 5 16 4 1 1 1 0
=  1202b991 TCGA-63-ASMI Methylation Array Male 30 4 & 16 2 1 1 1 0
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NATIONAL CANCER INSTITUTE . . . .
m) GDC Data Portal #Home DProjects 4 Exploration [EJRENEIY Q Quick Search ~ NCCKOREA ® Cal

Cases Files «
Data Categy Simple Nucleotide Variation Annotated Somatic Mutation

™ Add All Files o Cart | & Download Manifest

Cases (569) Files (670

v File

Q. | Search for File ID or File Submitter ID
(# Browse Annotations

~Data Category

¥ Simple Nuclectide Variation — 1.36 GB
HH| ME CIREC

Primary Sites Projects Disease Type Gender Vital Status

v Data Type

@ Annotated Somatic Mutation
~ Experimental Strategy
WXS

Bo Bo

Workfiow Type o Showno o200 by A EZ CIR2C = JSON | TSV
=2 O= = —_ .
MuSE Annotation =2 Available Files per Data Category
cart case Uf submitter Primary Site Gender Files Annotations
@ MuTect2 Annotation £ ED £ &Y LI Bio
SomaticSniper Annotation pers - TCGA-J2-A4AD TCGALUAD Lung Female 2 4 5 16 4 1 1 0
- -05- - ¥
Varsean2 Annotation = = 66763a0c TCGA05-4424 ICGALUAD Lung Nale 32 4 5 16 4 1 1 1 0
= 7b89166e TCGA-86-8669 TCGALUAD Lung Male 32 4 5 16 4 1 1 1 0
- Data Format - 4322072 TCGA-55-A493 ICGALUAD Lung Female 2 4 5 16 4 1 1 1 0
ver 0 - 29050275 TCGA-78-8655 TCGALUAD Lung Female 32 4 5 16 4 1 1 1 0
- gdeaccct TCGA-44-5645 TCGA-LUAD Lung Female 135 15 14 83 12 4 1 1 0
~ Platform 25602048 TCGA-17-Z021 TCGA-LUAD Lung -~ 20 2 0 16 0 1 0 1 0
No data for this field - 243¢6105 TCGA69-7764 TCGALUAD Lung WMale 32 4 5 16 4 1 1 1 0
Df346640 TCGA-44-A4SU TCGA-LUAD Lung Female 32 a 5 16 4 1 1 1 0
~Access
- 47062302 TCGAMP-ALT? TCGALUAD Lung Female 32 4 5 16 4 1 1 1 0
controlied &70
- 8b3ailla TCGA-17-2026 TCGALUAD Lung = 20 2 0 16 0 1 0 1 0
= 02320299 TCGA916848 TCGALUAD Lung Wale 32 4 5 16 4 1 1 1 0
- 8028182 TCGA-62-A470 ICGALUAD Lung Male 30 4 5 16 2 1 1 1 0
NATIONAL CANCER INSTITUTE - :
m) GDC Data Portal # Home D Projects Exploration = Repository Q Quick Search ~ NCCKOREA = cart [ GDC Apps
L File Counts by Project ¢ File Counts by Authorization Level ¢ How to download files in my Cart?
670
Project cases Files File Size  Level Files File Siz2  pownload Manifest:
. TCGALUAD 569 670 136GB  Authorized 670 13668 Download a manifest for use with the GDC Data Transfer Tool. The GDC Data
(] Transfer Tool is recommended for transferring large volumes of data
569 -
Download Cart:
FILE SiZE Download Files in your Cart directly from the Web Browser.
1.36 GB

Cart Items & wetacata M & pownioad +

Shawing 1 - 20 of 670 files = IF Tsv
Access File Name Cases Project Data Category Data Format Flle size: Annotations:
@ &controlied 3978ca8b-8802-414a-383d-15b0d95¢ 130 vep.vef.qz 1 TCGA-LUAD Simple Nucleotide Variation VCF 1.18 MB 1
@ &controlled Bdd7acic-3a90-4736-b70f-56fadfdBd 725 vep vet g 1 TCGA-LUAD Simple Nucleotide Variation VCF 1.49 MB 0
ju] 08751465-06e7-436f-Beal-9ec3395715e.vep. Ve g, 1 TCGA-LUAD simple Nucleotide Variation VCF 1.42 MB 0
@ &controlled 8103€78a-5cc2-4dbd-adcd-B8c3652a37ble vep vcf g 1 TCGA-LUAD Simple Nucleotide Variation VCF 2.49 MB 0
a 4493aeec-ce91-4D17-D683-528chE00e7ed.vep.VeL.q: 1 TCGA-LUAD simple Nucleotide Variation VCF 1.67 MB 0
@ &controlled 601da113-Deed-4705-b536-56a3299234a0.vep vef.gz 1 TCGA-LUAD Simple Nucleotide Variation VCF 26MB 0
@ 4 b8-03e5-4908-ar31-a434246726b3 Vep.vel gz 1 TCGA-LUAD Simple: Nucleotide Variation VCF 1.45MB 0
@ @contolied 4610979D-6E3D-45(3-DD17- epvcrg 1 ICGALUAD Simple Nucleotide Variation VCF 1.06 MB 2
@ €2€38573-7112-4035-98a3-62518685026C.VED.VCE. 1 TCGA-LUAD Simple: Nucleotide Variation VCF 1.74MB 0
@ &controlled 46545117-30e6-4510-9973-14b03d159d69 vep veigz 1 ICGALUAD Simple Nucleotide Variation VCF 5.06 MB 0
@ &controlled 6a4bcB08-0c77-462a-beel p.vcig 1 TCGA-LUAD Simple Nucleotide Variation VCF 1.8MB 1
@ &controlled OcadeDes-0ff6-44ce-0911-5903721d5d5¢. vep.vet.az 1 TCGA-LUAD Simple Nucleotide Variation VCF 114 MB 0
@ &controlled 6c14562b-f1c3-4a0b-6416-e 3036 11afeB.vep.vc.az 1 TCGA-LUAD Simple Nucleotide Variation VCF 1.52 MB 0
@ &controlled 1bbI5142-60d5-4057-3099-151ba8MA379 vep.vef.gz 1 TCGA-LUAD Simple Nucleotide Variation VCF 1.73MB 0
@ &controlled 1764cecD-6eb0-4 41.728a1baSedcd vep vef oz 1 TCGA-LUAD Simple Nucleotide Variation VCF 1.38 MB 0
@ 8767240c-9e81-4D41-DIce-224743940081.¥8D.VCL.0Z 1 TCGA-LUAD simple Nucleotide Variation VCF 1.33 MB 0
@ &controlled Bc3f0eat-4181-4045-b06-3d557db0e78 vep vct.gz 1 TCGA-LUAD Simple Nucleotide Variation VCF 1.83 MB 1

-35-




m) 2‘5'8"62 :;N;;t: mmuﬁ - DProjects 4 Exploration & Repository QQuick Search %) Login = Cart [G}

Harmonized Cancer Datasets Cases by Primary Site =

Genomic Data Commons Data Portal

Get Started by Expioring:

Data Portal Website

Data Transfer Tool

B Projects Exploration &  Repository
Q e.g. BRAF, Breast, TCGA-BLCA, c0892598-1f7b-4f23-9¢d8-731{797753d5

Data Portal Summary pataRelease 70 - june 29 2017

Documentation Data Submission Portal

Legacy Archive

PROJECTS

[139

FILES GENES MUTATIONS

274,724 822,144 4 3,115,606

PRIMARY SITES

& 29

CASES

& 14,551

GDC Applications
The GDC Data Portal is a robust data-driven platform that allows cancer
researchers and bioinformaticians to search and download cancer data for analysis. The GDC applications include:

Website Data Transfer Tool

Downloading the GDC Data Transfer Tool

NlH NATIONAL CANCER INSTITUTE CCG Web Site | Contact Us au ata Portal
Genomic Data Commons Seareh this websile

ata For Developer: Support The system recommendations for using the GDC Data Transfer Tool are as follows:

System Recommendations

About the GDC Al

the Data Analyze Dala

Data Subi

OS: Linux (Ubuntu 14.x or later), OS X (10.9 Mavericks or later), or Windows (7 or later)

CPU: Eight 64-bit cores, Intel or AMD

RAM: 8 GiB or more

Storage: Enterprise-class storage system capable of =1 Gb/s (Gigabit per second) write throughput
and sufficient free space for BAM files, most of which are in the 50 MB - 40 GB size range, with some
reaching sizes of 200-300 GB.

GDC Data Transfer Tool

Access Data
The GDC provides a standard client-based mechanism in support of high

performance data downloads and submission. Data Access Processes and To

Binary Distributions

The raw sequence files, typically stored as BAM or FASTQ, make up the bulk of data. The size for a single Daligceesslbokles

file can vary greatly depending on the Specific analysis; However, some of the whole genome BAM files in

, GDC Communty Tools

The Cancer Genome Atias (TCGA) reach sizes of 200-300 GB. In such cases, a high performance data -
download and submission client is essential. T ation for Data Porial * [Rgdc-client_v1.2.0_Windows_x64 zip

ocumentation for bata For * [Fgdc-client_v1.2.0_Ubuntu14.04_x64 zip

» [Bodc-client_v1.2.0_0SX_x64.zip

Links to the binary distributions for supported platforms are provided below.

Below are basic instructions and links for downloading the GDC Data Transfer Tool. For additional
instructions, please visit the GDC Data Transfer Tool User's Guide.

Documentation for Data Transfe

GDC Data Portal If you are a user of CentOS 6 or RedHat Enterprise Release 6 and wish to use the Data Transfer Toal,

- contact the GDC Help Desk for assistance
Downloading the GDC Data Transfer Tool GDC Data Transier Tool P

System Recommendations Launch Data Portal
Source Code

The system recommendations for using the GDC Data Transfer Tool are as follows: Obtaining Access to Controlied
Access GitHub Repository &
* OS: Linux (Ubuntu 14.x or later), OS X (10.9 Mavericks or later), or Windows (7 or later)

CPU: Eight 64-bit cores, Intel or AMD

* RAM: 8 GiB or more Get Started Release Notes
* Storage: Enterprise-class storage system capable of =1 Gbis (Gigabit per second) write throughput
and sufficient free space for BAM files, most of which are in the 50 MB - 40 GB size range, with some GDC Data Transfer Tool N
reaching sizes of 200300 GB Gude s Release Notes are available on the GDC Data Transfer Tool Release Notes page.
Binary Distributions Support
Links to the binary distributions for supported platforms are provided below. Please visit the GDC Help Desk
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Tumor suppressor genes with LBMEs
causing intron retention

Confirmed intron retention

Predicted intron retention

Samples with mutations

Tumor type Silent Missense Silent Missense (% truncating mutations, % LBEMs)
Breast invasive carcinoma (n = 503) MLL32 ARIDIA CDH1 ARIDIA (2%, 12%)
TP53 (2) CDH1 (6%, 3%)
MLL3 (4%, 5%)
TP53 (14%, 3%)
Colorectal carcinoma (n=217) TP53 TP53 TP53 (18%, 5%)
VPSI3A
Kidney renal clear cell carcinoma (n = 400) SETD2 CDKNZA FAT1 VHL (30%, 2%)
SPSB3 (2)P SETDZ2 (8%, 3%)
VHL (2)
Lung squamous cell carcinoma (n = 178) ARIDIA CDKNZA (exon 2) TP53(2) CDKNZA (exon 1) ARIDIA (4%, 14%)
TP53 (3) cic LRPIB CDKN2A (8%, 14%)
MLL2, MLLZ2 PTCH1 LRP1B (5%, 12%)
PSMC3 MLL2 (12%, 10%)
TP53 (2) TP53(28%, 14%)
WRN
Ovarian serous cystadenocarcinoma (n = 273) TP53 TP53 (34%, 1%)
Uterine corpus endometrial carcinoma (n = 241) BAP1 PTEN PTCH1 (2%, 25%)
PTCH1 PTEN (47%, 1%)
KDM5C

Identification of SNVs disrupting splicing

* Allele-specific splicing analysis of LBEMs causing intron retention
— Statistical significance test using Fisher’s exact test

* Normal Splicing: Wild Type R

ef | Alt
¢ Abnormal Splicing: Mutant Allele | ap. | Ab
Ref | Alt
Nor. | Nor.
Reference Mutation Reference Mutation
ormal Cc G G A
TP53  splicing| @ 0,@0 10, 27 ARID1A
A 3 ! Abnormal 1 5
SYRONYMOUS: Normal| 17,20 0,0 missense  Normal | 19 0 oom
- 6 synonymous
splicing  g=1.6x107°,
32 x 102 g=98x107*

Breast cancer Chr. 17: g.7579312C>G Breast cancer  Chr. 1: g.27099478G>A Breast cancer Chr. 16: 9.68845762G>A

e - 2

@BHABW . TBHAE7 L e E2A107 B e
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S e S ——————
e — ——— Y S
—————— . e ————————
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| Y . —
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—_——ee——— e—— —_—

@roAF——— e mcnm_
—  E————————— [l e ———
| ——
—— ——— ——
— —————————— —

e — ————— —
e — I — e —
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A Y . I

= — |
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4

ﬂ

3 , 5
Exon 5 Exon 4

PTCinside £ Somatic SNV
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Identification of SNVs disrupting splicing

* Ratio-based splicing analysis
— Complex abnormal splicing

* Somatic SNVs are associated with different types of abnormal splicing
— Intron retention, exon skipping and intronic and exonic cryptic site activation

— The ratio of abnormally spliced reads / normally spliced reads

ARID1A (synonymous, lung cancer, chr1:27100389G>A)

13 reads in > —
@ syv sample 635128 @@ /@
exon-exon N ©12/13
: >

o
uncts 5 3
juneten A 2 635128
63-5128
@ - 1Breads
abnormal splicing o3 7
exon-intron D
junction A Ss )
e o samples without|
12 reads |- the mutation
| O mmm S e T
Aintronic S J—medlan Lmedlan
cryptic site

X
Intronic cryptic site -

Frequently altered splicing
by last-base exonic mutations (LBEM)s

* Positional association of somatic SNVs with abnormal splicing

Fraction of somatic SNVs
associated with abnormal splicing

F40% A
@ Fraction from allele-specific splicing analysis Fraction of abnormal splicing
ﬁ generaing PTC
Exon Intron Exon Fraction of
PremRNA EEEEE  WEEEM  (BEMs causing 0 0% 50% 100% Number of
. abnormal splicing [ 35% I SNve
Normal splicing S Intron retention G 338
F15% A ) )
I Intron retention  miN —— m— Intronic cryptic e
site activation 191
I8 Exon skipping -/ﬁ\- Exon skipping  pmmmm 503
| 80

M PTC before # PTC after %

Exonic cryptic ‘ {\
site activation

AUG *550p  sTOP

Intronic cryptic ‘ — L o, i Exonic cryptic
site activation 10% site activation
T
-1

L o J pre
abnomme eplicing # oW ) % mRNA 'astj%%g;,enxon
¢

.-_-----_7_-.--_*------.--- =il - 0% i !- --_l-l,----I-_ IF_I---_-I-T

-30 -20 -10 -1 -10 -20 -30
- mutational position (bp) mutational position (bp) 3

Intron

GT AG

-30-




Enrichment of intron retention-causing SNVs in TSGs

* 107 LBEMs

— They were occurred in two or more patients, with 23 in known TSGs
— They also showed significant enrichment in the TSG sets but not in the oncogene sets

Oncogene sets

Intron Exon Normal
4..1.75 Retention  Skipping  Splicing
FEN (IR) (ES) (NS)
ES
84’001 ems() | (66 s
=
wo Exonic SNVs ( n
L EE LS ]l_ll_ll y
o L £ — || - Splice site SNVs (S) -
IR ES NS IR ES NS I
Cancer Recurrent LBEMs  (n=107)
dominant genes G(C:=Bg§r)1es
(n=293)

Tumor suppressor gene sets

- log(0.01)

Enrichment
O = N W A O

IR ES NS R B NS IR B NS R B NS
Cancer Homozygously STOP genes
recessive genes mactlvateg genes T(fgﬁgle _238
(n=91) (n=208)

Characterization of discriminative features for

splicing aberration and construction of prediction models
Distinct LBEM sequence motifs

— LBEMs in different splicing groups show distinct sequence motifs near-intron
Relative

junctions
Intron A T
reteptlon (
b 08 05 05 02 entropy

ARAC TAA

03 041
Normal A
splicin
n=190
— E-H
0 02 04 16 09
Intron
Exon
Pasition 3 2 A 1 2 3 4 5 6
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Summary

* The first comprehensive characterization of somatic mutations that disrupt
pre-mRNA splicing in cancer

* Intron retention is a frequent mechanism of tumor suppressor inactivation,
with loss of function resulting from NMD or truncated proteins

— The importance of mutations in the last base of exon in splicing regulation

— Enrichment of intron retention caused by these mutations in tumor suppressors such
as TP53, ARID1A and VHL

— Distinct genomic context for these mutations

Big data is defined by these specific attributes;

four Vs.
VOLUME VELOCITY VARIETY VERACITY
Scale of data Speed of data Diversity of data Certainty of data

Two more Vs are necessary for cancer genomic data

VISUALIZE VALUE

Precise diagnosis,
treatment and
prevention
of cancer

Research assistance
by visualization of
cancer omics data
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Genomic databases in cancer research

Databases that collects data of the same data source
Cell Line Databases Public Cohort Databases

Integrated Platform Visualization Platform

Broad DepMap MSKCC cBioPortal

Databases that collects data of the same data type
Expression Data Collections

RNA-seq Microarray

ARCHS4 EMBL-EBI ArrayExpress

Broad CCLE UCSC Xena Browser

Sanger GDSC St. Jude Cloud PeCan

PDX Databases Broad GDAC

NCBI Gene Expression Omnibus (GEO)

Mutation Data Collections

Integrated Platform Data Repository

OncoKB NCBI ClinVar

PDXFinder

Cancer Image Database

NCIGDC

European Genome-phenome
Archive

Integrated Platform Proteome

My Cancer Genome Sanger COSMIC

The Cancer Imaging Archive
(TCIA) NCI CPTAC

MSigDB / KEGG BioGRID / STRING / ENCODE

Gene-centered Portal System

NCBIENTREZ The flumen Protein Atas

GDC
University of
Chicago
Bi53Y oA
MSKCE 158
cBioPortal Dana-Farber 89
MSKCC Dana-Farber
cancer institute
Al
o
CPTAC

Proteome Proteogenomic Proteogenomic
Characterization Data Analysis Translational
Centers Centers Research Centers

@ =100Tb

&F=1 million $

HIO|E| 2& et

H[EF HEO].

oF 70,0007H Al& oF 88
HIOlH

T A oF 11H|2t °f 559
OF 22HZ 9| ALE A7t
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Trending analytical approaches

Keywords:

- Connectivity between heterogeneous data types
- Harmonizome, Genecards, NCBI Entrez, cBioPortal
- Links between databases became necessary

- Systematic experiments
- DepMap; CRISPR / RNAI / drug sensitivity

- Standardization for machine learning & deep-learning
- ARCHS4: RNA-seq data collection in one pipeline

- ENCODE: DNA binding site identification. Used in deep-learning based prediction
(DeepBind)

Connectivity between heterogeneous data types

& GeneCarassuie B8

£ Harmonizome ntegated knowiedge About Genes & Poteins SEARCH DOWNLOAD VISUALIZE PREDICT API MOBILE ABOUT

Home | UssrGuide  AnlysicTools~  Nows AndViews  Aboute

GeneCards”: The Human Gene Database € GeneCardsSuite

GeneCards is a searchable, integrative database that provides comprehensive, user-friendly information on NGS Analysis Tools \

all annotated and predicted human genes. It automatically integrates gene-centric data from ~125 web -—

sources, including genomic, transcriptomic, proteomic, genetic, clinical and functional information on..... .

Explore a Gene listed Databases Search forgenes or proteins and heirfunctional terms extracted and organized rom over a hundred publcy availabe resources. Learn more.
MET

Al v Q
Ji

mple searches
achiles STATS breast cancer

http://amp.pharm.mssm.edu/Harmonizome/

Stelzer, Gil, et al., Current protocols in bioinformatics 2016. Rouillard, Andrew D., et al., Database 2016.
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Systematic experiments

Genetic screens Cellular models Drug sensitivity

Predictive modeling

CANCER DEPENDENCY MAP

F Yo

Genetic  Therapeutic Patient
targets leads stratification

To date DepMap has profiled more than 500 cell lines. Over the next
several years we will greatly expand the diversity of cell lines profiled
for genetic vulnerabilities with quarterly data release. Additionally,
limited drug sensitivity data are available.

CELL LINES PROFILED

0 500 1,000 1,500 2,000...10000 Data Release
i i |
CRISPR screen CEmmmmmms
EVERY
Drug screen onmm 90
B Completed [ 1 year goal 5 year goal DAYS

DepMap; Tsherniak, Aviad, et al., Cell 2017.

Standardization for machine learning & deep-learning

ENCODE: Encyclopedia of DNA Elements
‘Search ENCODE portal @
@ P pobmonse

c About ENCODE Project [ Getting Started
- Hypersensiive Sites i
n - Visualize Download Chrome Extension Help y Enter gene symbol. CHy
i{ I o

ARCHS*: Massive Mining of Publicly Available RNA-seq Data from
Human and Mouse

=

sc DNase-seq |[chipseq | [waas Computational
chiaper | [FAIREseq R predictions
e Rl i Search for Candidate Regulatory Elements &
Hostod by SCREEN
e e sty e i
Dedcated instances Conturaton ree e e r 1 :)( m(' ; DS —
Docker virtuiization No manualintalltion i Long-range reguiatory clements Promoters AL~
S ok WSl N ==
L

ENCODE Project Consortium. Science 2004.

o ANALYSIS

Lachmann, Alexander, et al., Nature communications 2018.

Predicting the sequence specificities of DNA- and
RNA-binding proteins by deep learning

Babak Alipanahi’2¢, Andrew Delong!6, Matthew T Weirauch®-5 & Brendan J Frey!-3

Alipanahi, Babak, et al., Nature biotechnology 2015
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Usage of genomic databases in cancer research - Scenario #1

100%1
m Cases with Alteration(s) in Query Gene(s)
90%- m Cases without Alteration(s) in Query Gene(s)
ScenaI’IO #1 0% Logrank Test P-Value: 8.464e-5
o

70%-

With cBioPortal,

60%-

50%-
High expression of Gene X
identified as a significant
disease progression marker
in TCGA PRAD cohort

40%-

Disease/Progression-free Survival

30%-

20%-

10%+

10 20 30 40 50 60 70 80 90 100 110

Months Disease/Progression-free

Gao, Jianjiong, et al., Sci. Signal. 2013.

89
Usage of genomic databases in cancer research - Scenario #1
CCLE; Barretina, Jordi, et al., Nature 2012. http://ffirebrowse.org
MRNA expression (RNAseq) m FIRE Gene Expression Viewer

R A 5 sl o b

third quartile: 11.5

Fold Change: 1.97

FOOEIIIE CEEES G ISP I IT OIS
ley

We confirmed expression of gene X at both cell line

(CCLE) and patient cohort level (Broad GDAC). o o) | | [sec [ [0 ] (Conl on) ] ((Con on) | (GBI o J] | fom] o] | sl v
Expression level of gene X in prostate cancer was higher 0D 201 108 st M1 & . oioadn s o i s ot st 0 TCGA s,
than in other cancers.

90
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Usage of genomic databases in cancer research - Scenario #1

Harmonizome Functional Associations

has 4,039 functional associations with biological entites spanning & categories (molecular profile, organism, chemical, functional term, phrase of reference, disease, phenotype
or trait, structural feature. cell fne, cell type or tissue, gene, profein or microRNA) extracted from 71 datasets.

Click the + buttons to view associations for from the datasets below.

Ifavailable, associations are ranked by standardized value @

Cell lines with high or low expression of gene relative to other celllines from the CCLE Cell Line Gene

- CCLE Cell Line Gene B Profi
eliLine Gene Bxpression PIOMIES xpression Profiles dataset.

Harmonizome

Search for genes or proteins and ther functional terms extracted and organized from over a hundred publicly available resources. Learn more.

14 high expression associations
NCIH526 [2.68977] HCC15[1.98891] | | MDAPCA2B [1.9622] || NCIH1693 [1.91311] || KUB12 [1.66268] || G292CLONEA141B1 [1.65679]
Al a 1| | EFO21[1.48602] || HEYAB [1.44691] || CA46 [1.38768] || SKLMS1 [1.37079] | | TE125T [1.36727)

VCAP [2.31983]

KPL1[-1.73379] || BDCM [-1.67494] | NCIH1694 [-1.65013] || EB1[1.60773] A MHHCALL3 [1.60096]  MVA11[-1.59944] || KARPAS422[-1.59381]

195] || P3HR1[-2.5432) || JVM3 [2.5316] || NCIH2227 [-2.18737) || HS611T [-2.1755] | | COLO684 [-2.16366]

1| NUGC4 [-1.92676] || EHEB [1.84377] || MOLT13 [1.78843] | SHSYS5Y [-1.76786] | | CMLT1 [-1.73699]

http://amp.pharm.mssm.edu/Harmonizome/

JEKO1 [-1.51204] | | L428 [1.49034] A MHHCALL2 [-1.46199]

+ CHEA Transcription Factor Binding Site  Transcription factor binding site profiles with transcription factor binding evidence at the promoler of gene from
Profies the CHEA Transcription Factor Binding Site Profiles dataset.
Transcription factors binding the promoter of ene in low- or high-throughpu transcription factor functionl
+ CHEA Transcription Factor Targets ! P! inding the pr gene in low- or hig ahp P !

studies from the CHEA Transcription Factor Targets dataset.

Transcription factors binding the promoter of gene in ChiP-seq datasets from the ENCODE Transcription Factor
Targets dataset.

In Harmonizome, we identified high expression of gene X 21 ENCODE Transcrpton Factr Targets

in VCAP cell line, which is well known as a TMPRSS2- I

ERG fusion positive model of prostate cancers. ARIDSA| | ATF1 | ATF2| | ATF3| | BACH? || BATF || BCL3| | BCLAF1 | | BHLHE40 | BRCAT| CBX3| CCNT2 || CEBPB || CEBPD||CHD1 | CHD2
CHD4 | CHD7 CREB1  CTCF | CTCFL CUX1| E2F4 E2F6 EBF1 EGR1  ELF1  ELK1 EF’SOOE EZH2 | FOS FOSL1

Also, this gene was predicted to be a target of ETS1, o (oo [Fosoe] [Foxee] [ceeea] Lcaa | [oaree] L] [or7s] [
WhICh |S an ETS'famlly tral"lSCI’IptIOf‘I factor Ilke ERG IRF1 || IRF4 || JUN || JUND || KAT2A | KAT28B || KDM4A  KDMSB | MAFF | MAFK || M ETSI] MYC || MYOD1 || MYOG

NELFE || NFE2| | NFIC || NR2F2 || NR3C1 || NRF1||PAX5  PBX3 || PHF8 | PML || PO| OR1  REST | RFX5

RUNX3 || RXRA  SAP30 | SETDB1 SIN3A||SIRT6 SIX5 'SMC3| SP1  SREBF1| SIAIT SIAIS SIAIOA SUZ12 | TAF1  TAF7
TAL1 || TBL1XR1 | TBP || TCF12 | TCF3 || TCF7L2 | TEAD4 || TRIM28 || UBTF || USF1||USF2 | WHSC1| WRNIP1 | YY1||ZBTB33 | ZBTB7A
ZC3HMA || ZEB1 | ZKSCANT||ZMIZ1  ZNF143 || ZNF263 | ZNF384

Usage of genomic databases in cancer research - Scenario #1

),( depl’ﬂap Enterag: (IS IEEURSI sl Toolsv  Data  About %
ERG 16%
X Axis Yaxis s @ .
JIRSEIN (5. 158656, 7.63581)! anet Atrat
mRNA Upreguiaion | No aeratons
Omics Omics VCAP_PROSTATE preauat e
Expression Pu..., =  Expression Pu... 7
ERG (p55... cBioPortal Tulorials FAQ  News Visualze Your Login
Show associations @ only plot 6
Prostate Adenocarcinoma (TCGA, Provisional) :"‘”“ genes are aitered p:::g:-)omuemu oo
ceturL 8 || Downondplotsa EEERRERID 7S A it Rk S 27 s ks - oo MY
H © samples
View Options A — [
3 OncoPrnt  CancerTypesSummary | Mutual Exclusivy | Plols  Mutatons  Co-expre Suvval  CNSegmens  Network  Downioad
g
Colorby | Primary... <,
z The ey contans n gene par wih mualy exciusteateratons, an 1genepalr i cooccurent aleraons (1 sgifean
Filter by| prostate o . @ Mualexclusily @ Co-occutence [ Significant only | a
& 3
starby | oot GeneA  GeneB  Nemer  ANtS  BNetA Bt Log Oads Ratio puae  Acusted paie & Tendency
Y - ERG 401 16 69 12 1472 <0.001 <0.001 Co-occurrence
Statistics A 2
snoung 11011
.
o. (] L] .,
s " Among 8 prostate cancer cell lines
- TPM (l0g2) g p !

s s oo T VCaP cell line was the one with highest gene X
TR R gavameT 08 | @G enmeosw 2 m & osis  osms and ERG expression level.

- - Significant co-occurrence of high expression level
of ERG and gene X was confirmed in cBioPortal.

https://depmap.org/portal/ 92
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Usage of genomic databases in cancer research - Scenario #1

Volume 14 Number 7 July 2012

NEOPIASIA

www.neoplasia.com

Molecular Subtyping of Primary
Prostate Cancer Reveals Specific
and Shared Target Genes of
Different ETS Rearrangements'~

Paulo, Paula, et al., Neoplasia 2012.

Co-expression of Gene X and ERG was re-
confirmed with UCSC Xena Browser. This result is
consistent with the results from the above study
which showed that gene X is a target of ETS-family

transcription factors.

pp. 600-611 600

VISUALIZATION 1

GDC TCGA Prostate Cancer (PRAD) c X
A B c
sample ID gene expressi... gene expressi..
samples ERG
s Hitkb B ————1100kb
[ e e e e 1
]5n samples

1B A

log2(fpkm-ug+1)

orolf W48

log2(fpkm+1)

An example of cancer genome study

Survival graph using omics data in TCGA and clinical data in UCSC

ample x —— " . . ] :
o seme - Select cancer study: Tumor type: Gene (Mutation): Gene (Expression):
& ©C | 1722022503 = TCGA Provisional - HNSC - CDKN2A PIK3CA Submit
@ sookmaks [) Bioenergetics - Wic [ 8 2% == (] AT OIS [ EOIA NS 332 [) boadnsttutegitul [) S45412177Pancar M EESIXE - dongs W 1
4 CDKN2A mutation
a 7 p-value=1.3572E-09
g
Showing 110 4 of 4 entries =
E“ 12
2
Teehpme £ —_—
<
e
Show 100 v entries 8 °
H
&
ConcaTe 1| ool | Ghom || smtposin O Cotonchrse i
Highty expressed gene The others
conn . orsenc asten LN N P TE) UV e
oo ) coknza 9 31971000 - sense Free Suriva
oo , - (HNSC:MULTI GENE - pvae =0.4225) (HNSC: MULTI GENE - pval -0.02788)
conza ) Wisense saton CDKN2A 9 21971028 ES B
oo ) amess CDKN2A 9 21971029 -
HNSC COKN2A B 21971120 Nonsense_ Mutation 21 3
HNSC CDKN2A 9 21971153 Nonsense_Mutation HNSC CDKNZA 9 21971096 <
HNSC coknza 5 297186 Nonsense_ Mutation CDKN2A 9 21971120 Iop 3 3 2
g H
s coa s nana spice_site A | N
CDKN2A 9 21971153  : 3 | k.
CDKN2A 9 21971186  :

Months Survival Months Disease Free
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An example of cancer genome study

Yo P ———
¢ - c[omnasasn a wmemo o :
S sookmarts [} S43 £ W Soeeretcs-wie [] U 2% 2 [ SEA0E | 0k AM2 203 [ boadnttesithu [) 548412 177/Pance w1 PP

TCGA Data

Show 100 v entries

Cancer Type Hugo Symbol chrom Start positon cONA Change Codon Change Protein Change Recunent Count
HNse coknza 5 21960242 Splce site G v s
HNSC coknza B 21971000 Nonsense Mutation ¢ A casaesT COSIOAGTAS  pEIZ s
Hnsc conza 5 29n1028 Nonsense_mutaton c i 32064 cQmanGeTeA  pwior 6
HNSC CCDKN2A. 9 21971029 Nonsense_Mutation c T €3296>A ©(328-330)TGG>TAG PWIO* 4
HNSC coknza 5 29036 Missense Mutation c A caneT CORAGATTAT  p0108Y 2
Hnse counza B 21971096 Nonsense_mutaton c A cas26-7 cieracncesTes  noaos .
HNSe coknza 5 2mz Nonsense Mutation G A e

NCC Data
HNSC coknza B 2ms Nonsense Mutation c A ca056
Hnsc coknza 5 219mss Nonsense_mutaton G A e
HiisC CoKN2A 9 21971208 spiice_site c T cisie Show 100 v entries

Showing 11010 01 10 entries

X Tumor
Sample Hugo Start Variant Seq
= Name Symbol Chrom position Classification Reference Allele Allele2
HNT-070 CDKN2A chrg 21969532 Intron A G
HNT-070 CDKN2A chrg 21971082 In_Frame_Ins - TcC
HNT-081 CDKN2A chrg 21971074 In_Frame_Del ACCAGCGTGTCCAGGAAGCCCTCCCGGGCAGCGTCGTGCACGGGT
HNT-095 CDKN2A chrg 21971096 Missense_Mutation C T

a2

(1) 201095 E 2016H AtO|Of L{ L5t
(2) HNSCC 2txt &

(3) p16 OFH Q| HO| 2|AEQ} PIK3CAQ)

25l 2

EMRS ®&510 (1), (2) Ofl s st=

St} 2| AEE 0{0f 2
UMIFHN 2 A 28A [O|E{H|O]A
AAEIOA (3)2] HEE XS 2HOtof &t
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Introducing ARCHON

J ARCHON q

ARCHON

Advanced poRtal of Clinical History and multi-Omics iNformation

EDCATASUMMARY-
Primary Sites Samples Genes Mutations Gene Expression NV sV Gene Fusion
8 776 64,153 1,130,516 563 6,370 2,671 1,561
Primary Sites Cancer Panel
£ @ - M Lung 237
§ 200 o Breast 205
i 100 . M ovarian 38
i 0 - n o 82 7 | 4
E . _ mm = -] = ] = \ W veisnoma s
H
Head and Neck Kidney 8rain 8reast Cervical Prostate Stomach Bilary tract B Lver 4
Sequencing Data
£ s wes
S 200 wes
5 7 100 99 74 WE
H a8 [ = o [ b 0 [ 0 0 9 2 % o 1 0 3 0
5 o RNA_SEQ
z Head and Neck Kidney Brain Breast Cervical Prostate Stomach Biliary tract
2 g
2I0k X -I
NATIONAL CANCER CENTER

ARCHON Under the Hood

)
‘archon
INPUT DATA CLINICAL DATA ANALYSIS NGS DATA ANALYSIS DATA SHARING
Data Standardization ; S API
Mapping and T ecure
(ICGC-ARGO) .@& Po:tzrogcessing e (International Consortia)
Proteogenomic l l
NGS Data
gfézmcessing Mutation Calling
l = (+QC) ARCHON WEB PORTAL
Treatment CENTRALIZED |
Data Data . DATABASE Batch
Integration ‘@& Normalization
l | S Y
l Fa s s s p
Clinicopathological Clinicopathological ~% Clinical Annotation PR
Data Data Analysis and Interpretation
Follow-up e
Updates e Data Validation = = === == = = = = -]
Y HIE]
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QBE by metadata

& ARCHON ancecponel | ClnicalDaig  Tutoriol | Tools
Sample List 'fmA‘R:m SampleL
Pﬂrjentldsnf‘ | ¢
CGAB-01-00 L
of| D=
e . HNT-051
" HNT-104 3000888 114442 2185.78
HNT-047 3916972 69068 1319.16 :
é HNT-042 4119288 64806 1237.76 i
~ HNT-084 3882408 26168 499.79
HNT-089 5046720 12712  242.79 S
.-HNT-085...4777744......12614.....240.92... 1 = Diff iallv E d
_HNT-076 7378248 1186  22.65 = B = Differentia’yy Expresse
HNT-051 3497408 212 4.05 R Genes
: i (HPV+ vs HPV-)
HNT-076 with low HPV mapping coverage i
showed a distinct expression pattern
compared to other HPV positive samples.
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CRDW (Clinical Research Data Warehouse)

1) Size of tumor: 3.2x2x1cm
2) Extent of invasion:

Invasion of : peripancreatic tissue and duodenum

Example of NLP-based data
extraction on clinicopathology
report.

Our CRDW system
automatically updates all

Variable

Value

clinicopathology reports for all

SIZE_OF_TUMOR

3.2

inpatients undergoing surgery

INVASION

Invasion of adjacent
large vessels: absent

CRDW Use Case

Figure 1. Cumulative Incidence of Diabetes by Cancer Status

0.25
0.20
g
= g Cancer
T2 015
£a
€~
=2 010
Ela No cancer
£ | T
E 005 e
0 et
0 2 4 6 8 10
Follow-up, y
No. at risk
No cancer 479059 449727 387267 316561 239475 158164
Cancer 15130 14635 13365 11450 9038 5961

Korean cancer patients who developed cancer had
increased in the subsequent risk of diabetes
(n =524,089)

Type of Cancer
Pancreas

Testis

Kidney

Liver

Gallbladder

Lung

Hematologic

Bladder

Breast

Brain and central nervous system
Stomach

Thyroid

Other and unspecified
Uterus

Ovary

Colon and rectum
Lip, oral, and pharynx
Esophagus

Prostate

Larynx

Overall

Figure 3. Hazard Ratios (HRs) for Incident Diabetes Assoclated With Cancer Development by Type of Cancer

Favors  Favors
No Incident  Incident

No.of Cases  HR (95% (1) Diabetes  Diabetes
223 5.15(3.32-7.99) -
21 3.36(0.47-23.83) — - -
233 2.06(1.34-3.16) -
944 1.95(1.50-2.54) -
225 1.79(1.08-2.98) -
1065 1.74(1.34-2.29) -
452 1.61(1.07-2.43) L
83 1.61(1.08-2.40) ~.
1434 1.60(1.27-2.01) .
173 1.43(0.71-2.86) =
2382 1.35(1.16-1.58) -
3404 1.33(1.12-1.59) -
167 1.18(0.87-1.62) L 2
468 1.17(0.77-1.76) -
187 1.07 (0.48-2.38) -
1756 1.04(0.86-1.27) -
449 1.04(0.76-1.41) -
143 0.83(0.34-1.99) -~
470 0.81(0.55-1.20) -
83 0.70(0.26-1.87) - =
15130 1.35(1.26-1.45) <%
05 1.0 10
HR (95% C1)

Hwangbo et al., JAMA Oncology 2018
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CRDW Use Case
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PART I

* Part Il: Cancer Genome Analysis

« Mutational Signature Analysis: Mutalisk and FIREVAT
 Data driven subtyping of cancer

ICGC Mutational Signatures Working Group
With which methods? ICGC ARGS

= For SBS, DBS and indel signatures, should we:
- stick to the original ICGC PCAWG pipelines SigProfiler (Sanger) and SigAnalyzer (Broad)
- test other methods (>25 published tools including EMu, SomaticSignatures, Palimpsest, Mutalisk,
BayesNMF...). For review: https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0221235
- Choose one approach or combine several?

= For SV signatures:
- not sure the PCAWG method can be easily reproduced (ClusterSV available to generate footprints but
extracting signatures from that is not obvious)
- alternatives include Palimpsest or Signal

= For signatures of repair deficiencies:
- Mismatch repair deficiency -> MSlsensor, MSlseq, MOSAIC...
- Homologous recombination defects —> Signature 3, HRDetect, SigMA, combined HRD scores...

Participants: Alvin Ng (Sanger), Dongwan Hong, Paz Polak (Broad;NY), Eric Letouzé (Paris genome center)
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= a web-based somatic MUTation AnalLyIS toolKit for
(%) mutallSk genomic, transcriptional and epigenomic signatures

MUTATION ANALYSIS TOOLKIT

Nucleic Acids Research (2018)

s COSMIC

Catalogue Of Somatic Mutations In Cancer

I T T e e

Mutational Signatures (v3.1 - June 2020)

Introduction

Somatic mutations are present in all cells of the human body and occur throughout life. They
are the consequence of multiple mutational processes, including the intrinsic slight infidelity C> A C>T
of the DNA replication machinery, exog or endog mutag P es, enzymatic

modification of DNA and defective DNA repair. Different mutational processes generate
unique combinations of mutation types, termed "Mutational Signatures”.

In the past few years, large-scale analyses have revealed many mutational signatures across the
spectrum of human cancer types, including the latest effort by the ICGC/TCGA Pan-Cancer Analysis of
Whole Genomes (PCAWG) ¥ Network (Alexandrov, L.B. et al., 2020 %) using data from more than 23,000
cancer patients.

https://cancer.sanger.ac.uk/cosmic/signatures

Signature-based websites

As the number of mutational signatures and variant classes considered has increased, the need for a
curated census of signatures has become apparent. Here, we deliver such a resource by providing a
comprehensive overview of the key information known, suspected or widely discussed in the scientific
literature for each of the identified mutational signatures on a dedicated website.

This summary includes the mutational profile, proposed aetiology and tissue distribution of each
signature, as well as potential associations with other mutational signatures and how the signature has
changed during iterations of analysis.

Currently, three different variant classes are considered, resulting in the following sets of mutational

signatures.
Single Base Substitution (SBS) | Doublet Base Substitution (DBS)
Signatures Signatures
Small Insertion and Deletion (ID)
Signatures
Versions Bioinformatic tools
Mutational signatures version 3 was released as The current set of mutational sighatures has been
part of COSMIC release v89 (May 2019) and extracted using SigProfiler, a compilation of
updated to version 3.1 in COSMIC release v91 publicly available bioinformatic tools addressing
(June 2020). The version 3.1 update expands and all the steps needed for signature identification.
improves upon the version 2 signatures (March SigProfiler functionalities include mutation matrix
2015) that were part of earlier COSMIC releases generation from raw data and signature
and can still be consulted. extraction, among others.

Mutational Signatures SigProfiler
Version 2 Bioinformatic Tools
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Mutational Signature v2

Signature 1
Cancer types: Signature 1 has been found in all cancer types and in most cancer samples.

A LGS o ha_ ne e

!j:‘w"ﬂ-' Proposed aetiology: Signature 1 is the result of an endogenous mutational process initiated by spe ination of 5: ylcytosine.
~ ‘ ‘ “ | iti i features: Sig lis i with small numbers of small insertions and deletions in most tissue types.
C The number of Sig 1 i correlates with age of cancer diagnosis.
Signature 1

Signature 2
Cancer types: signaturle 2 has been found in 22 cancer types, but most commonly in cervical and bladder cancers. In most of these 22 cancer types, Signature 2 is present

‘w\"’&‘—" L L3 L in at least 10% of samples.
i_ Proposed aetiology: Signature 2 has been attributed to activity of the AID/APOBEC family of cytidine deaminases. On the basis of similarities in the sequence context of
! “ cytosine mutations caused by APOBEC enzymes in experimental systems, a role for APOBEC1, APOBEC3A and/or APOBEC3B in human cancer appears more likely than for

other members of the family.

Signature 2 Additional mutational features: Transcriptional strand bias of mutations has been observed in exons, but is not present or is weaker in introns.

Comments: Signature 2 is usually found in the same samples as Signature 13. It has been proposed that activation of AID/APOBEC cytidine deaminases is due to viral
infection, retrotransposon Jumplng or to tissue |nflammat|on Currently there is limited evidence to supPort these hypotheses. A germline deletion polymorphism involving
APOBEC3A and APOBEC3B is associated with the presence of large numbers of and 1. with pi to breast cancer. Mutations of similar patterns to Signatures 2 and 13 are commonly found in the
phenomenon of local hypermutation present in some cancers, known as kataegis, potennally |mplncat|ng A!D/APOBEC enzymes in this process as well.

Signature 3
Cancer types:Signature 3 has been found in breast, ovarian, and pancreatic cancers.

©A_ Lo _or A e he

;’ Sgmnmed Proposed aetiology: Signature 3 is associated with failure of DNA doubl rand break pair by
I |||||!| ”||‘ Tl features: Sig 3 i strongly with elevated numbers of large (longer than 3bp) insertions and deletions with overlap
- LN ! m\cruhomology at breakpomt]unctluns
20, " ——
g o S 1
g ignature
=
<
X}
£
]
-
g |
0% % sen snw o0 Do oo i
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AAEEO000000REEEERRRLO0000OB0EEEELIARO0000000HEEEARMLOVULUVVUEEHELLALOU0UUBYVEEHEMMLMOOVUD VO HEHEE

Mutational Signature (v3 — May 2019)

- Single Base Substitution (SBS): 65 signatures (18 possible sequencing artifacts)
- Double Base Substitution (DBS): 11 signatures
- Small Insertion and Deletion Substitution (ID): 17 signatures
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Mutational Signature v3.1

Catalogue Of Somatic Mutations In Cancer

Mutational Signatures (v3.1 - June 2020)

Mutational Signatures | Single Base Substitution (SBS) | Doublet Base Substitution (DBS) | Small Insertion and Deletion (1) | Mutational Signatures SigProfiler
Home Signatures Signatures Signatures Version 2 Bioinformatic Tools

Single Base Substitution (SBS) Signatures

single base substitutions (SBS), also known as single nucleotide variants, are defined as a Signature extraction methods

replacement of a certain nucleotide base. Considering the pyrimidines of the Watson-Crick base With a few exceptions, the signatures were extracted using SigProfiler (as described in Alexandrov, L.B. et al., 2020 %) from

pairs, there are only six different possible substitutions: C>A, C>G, C>T, T>A, T>C, and T>G. the 2,780 whole-genome variant calls produced by the ICGC/TCGA Pan Cancer Analysis of Whole Genomes (PCAWG) &

These SBS classes can be further expanded considering the nucleotide context. Network. The stability and reproducibility of the signatures were assessed on somatic mutations from an additional 1,865
whole genomes and 19,184 exomes. All input data and references for original sources are available from synapse.org ID

Current SBS signatures have been identified using 96 different contexts, considering not only the syn11801889 &
mutated base, but also the bases immediately 5’ and 3'. synlis01889 7.
The COSMIC v3 signatures are available in numerical form in syn12009743 %, and attributions of the signatures to mutations

el ST 7E S Gl I QAT in tumors are available in syn11804040% and syn11804058 ¥. The COSMIC v3.1 signatures can be downloaded here.

SBS1 SBS2 SBS3 SBS4 SBS5
; ‘ ; ‘ i ] }
i In i ol Ll 1 T—— Pt
SBS6 SBS7a SBS7b SBS7c SBS7d
Lk, f N U ; ‘ ; L
SBS8 SBS9 SBS10a SBS10b SBS11

If there are 3,000 mutations
we’d expect a random dispersion of mutations (approx. 1 mutation/Mb)

Human genome = 3,000-megabase (Mb)

116
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However, in reality, we observe uneven distribution of mutations
in genome due to favored contexts
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Blind Source Separation(Decompesition) Problem

W Article  Talk H
aa¥ . . - ~
WixieepiA  Non-negative matrix factorization X
U From Wikipedia, the free encyclopedia

History [edit]

In chemometrics non-negative matrix factorization has a long history under the name "self modeling curve resolution".'% In this framework the vectors in the right matrix are continuous curves rather than discrete vectors. Also early
work on non-negative matrix factorizations was performed by a Finnish group of researchers in the 1990s under the name positive matrix factorization.[!112I[13] |t became more widely known as non-negative matrix factorization after
Lee and Seung investigated the properties of the algorithm and published some simple and useful algorithms for two types of factorizations.!'4I[15]

Background |edit]

Let matrix V be the product of the matrices W and H,
V=WH.

Matrix multiplication can be implemented as computing the column vectors of V as linear combinations of the column vectors in W using coefficients supplied by columns of H. That is, each column of V can be computed as follows:
vi = Wh;,

where V; is the i-th column vector of the product matrix V and h; is the i-th column vector of the matrix H.

When multiplying matrices, the dimensions of the factor matrices may be significantly lower than those of the product matrix and it is this property that forms the basis of NMF. NMF generates factors with significantly reduced
dimensions compared to the original matrix. For example, if V is an m X n matrix, W is an m X p matrix, and H is a p X n matrix then p can be significantly less than both 7 and 7.
Here is an example based on a text-mining application:

o Let the input matrix (the matrix to be factored) be V with 10000 rows and 500 columns where words are in rows and documents are in columns. That is, we have 500 documents indexed by 10000 words. It follows that a column

vector v in V represents a document.

« Assume we ask the algorithm to find 10 features in order to generate a features matrix W with 10000 rows and 10 columns and a coefficients matrix H with 10 rows and 500 columns.

o The product of W and H is a matrix with 10000 rows and 500 columns, the same shape as the input matrix V and, if the factorization worked, it is a reasonable approximation to the input matrix V.

« From the treatment of matrix multiplication above it follows that each column in the product matrix WH is a linear combination of the 10 column vectors in the features matrix W with coefficients supplied by the coefficients matrix H.

This last point is the basis of NMF because we can consider each original document in our example as being built from a small set of hidden features. NMF generates these features.

It is useful to think of each feature (column vector) in the features matrix W as a document archetype comprising a set of words where each word's cell value defines the word's rank in the feature: The higher a word's cell value the
higher the word's rank in the feature. A column in the coefficients matrix H represents an original document with a cell value defining the document's rank for a feature. We can now reconstruct a document (column vector) from our input
matrix by a linear combination of our features (column vectors in W) where each feature is weighted by the feature's cell value from the document's column in H.
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Mutations accumulated over lifetime can be decomposed
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Mutational signature decomposition

Mutational signature 2
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Alexandrov et al., Cell 2013
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Mutational signatures

30 Catalogue of Somatic Mutations in Cancer 65 PanCancer Analysis of Whole Genomes

(COSMIC) signatures (PCAWG) signatures
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Clock-like mutational signatures
Nik-Zainal et al., Clinical Cancer Research 2017
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Mutational signatures are clinically relevant

Associations Prevalence in Presence in other
breast cancer cancer types
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i of methyl-cytosines of samples all other tumor types
oT DA DC 6
Age of diagnosis? Common >75% Repore bRl Ay

other tumor types, but not
consistently

Etiology unknown of samples

Increased in HR deficiency and Common >60%
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Nik-Zainal et al., Clinical Cancer Research 2017

“... mutational signatures [3, 6, 20, 26] are a direct
pathophysiologic readout of the abrogation of a DNA
repair gene/pathway and could be used as a biomarker
to report DNA repair/deficiency in a tumor.”
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HRDetect is a predictor of BRCAI and BRCA2 deficiency
based on mutational signatures

Helen Davies!32, Dominik Glodzik!-32, Sandro Morganella!, Lucy R Yates'2, Johan Staaf?, Xueqing Zou!,
Manasa Ramakrishna'*4, Sancha Martin', Sandrine Boyault®, Anieta M Sieuwerts®, Peter T Simpson?, Tari A King®,
Keiran Raine!, Jorunn E Eyfjord®, Gu Kong!?, Ake Borg?, Ewan Birney!!, Hendrik G Stunnenberg!2,

Marc ] van de Vijver'?, Anne-Lise Borresen-Dale'415, John W M Martens®, Paul N Span'®17, Sunil R Lakhani’>18,
Anne Vincent-Salomon!%?°, Christos Sotiriou?!, Andrew Tutt?>23, Alastair M Thompson®*, Steven Van Laere?2,
Andrea L Richardson?728, Alain Viari2%30, Peter ] Campbell!, Michael R Stratton' & Serena Nik-Zainal!-3!

ANALYSIS

Mutational signature #3
(homologous recombination defect)

HRDetect Development Workflow

a,
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Helen Davies et al., Nature Medicine 2017
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Accurate Identification of BRCA1/2 Deficiency

Mutational signature #3 (homologous recombination defect)

Sensitivity
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Helen Davies et al., Nature Medicine 2017
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HRDetect
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Homologous Recombination Deficiency and Platinum-Based Therapy
Outcomes in Advanced Breast Cancer
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Intermutation distance (bp)

ance (bp)
1000000 rearrs

Localized hypermutations (kataegis)

Chromosome 6 PD4107a
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> e
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® coo b 20
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e 150000000

126230000

126232000 126238000 126240000 Nik-Zainal et al., Cell 2012

* There are clusters of mutations with short distances between mutations (kataegis)
« Kataegis is co-localized with rearrangements that have features of chromothripsis

129

Transcriptional strand bias

Gene strand = Non-transcribed strand
RNA polymerase

\ Ribonucleotide

Transcribed strand

[
Ll

Direction of transcription
ftp://ftp.sanger.ac.uk/pub/resources/theses/snz/chapter6.pdf
Cause of transcriptional strand bias is transcription-coupled repair

(TCR) of nucleotide excision repair (NER); DNA damage is
repaired more efficiently on the transcribed strand

130
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Somatic mutation rates are biased by transcriptional strand

Fewer mutations accumulate on the transcribed strand

C>A C>G C>T T>A T>C T>G
T |
20 Signature 4 B Transcribed strand

. W Untranscribed strand
10 Lung adeno, squamous and small cell carcinoma
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Alexandrov et al., Nature 2013
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Normal cell
S 1S Y
« Tumour-suppressor gene with promoter CpG island « Locus with methylated 5™-regulatory region, « Repetitive sequences,
 ‘Open’ chromatin conformation e.g. germline-specific gene eg. transposable element
Cancer cell l
1 Tlmﬂiﬁ T gl o

« CpG-island hypermethylation « DNA hypomethylation
« ‘Closed’ chromatin conformation « ‘Open’ or ‘relaxed’ chromatin conformation

: i%gé::;c:}l:gg:;osis * Loss of imprinting and overgrowth

« Defects in DNA repair * Inappropiate cell-type expression

* Angiogenesis R rome fragility o

; » Activation of endoparasitic sequences
« Loss of cell adhesion P ]
Tumorigenesis /
‘ | Unmethylated CpG ~ ? Methylated CpG [
Esteller, Nature Reviews Genetics 2007
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Putting them altogether to better understand mutations operative in cancer
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Existing mutational signature decomposition tools

WTSI No Yes Yes
(Alexandrov et al., Cell 2013)
deconstructSigs No Yes Yes
(Rosenthal et al., Genome Biology 2016)
MutaGene Yes No No
(Goncearenco et al., Nucleic Acids Research 2017)
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Mutalisk: a web-based somatic MUTation AnaLysIS toolKit for genomic, transcriptional and

epigenomic signatures (Nucleic Acids Research, 2018)

>

Mutalisk: a web-based somatic MUTation AnalylS
toolKit for genomic, transcriptional and epigenomic
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MUTATION ANALYSIS TOOLKIT

1. Identification of mutational signatures

1. Analysis of associations between various
genome/epigenome regulatory elements
and somatic mutation rates

Available at http://mutalisk.org/
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GRCh37/hg19,
GRCh38/hg38,
GRCm38/mm10,
WBcel236/cell,
WS220/cel0

Multiple vcf files
(max 100)

COSMIC, PCAWG (SigProfiler)

signatures

User/custom
signatures

Mutalisk (1) — analysis options

(¢) mutalisk

1. Genome assembly

t=> | GRCh37/hg19 [Homo sapiens (human)] ¥

2. Input file

The input file format of this tool is V¢
You can select multiple files (ma;

t=P> | +Add Files

* No Files Selj

m The following shows an example of how to run Mutalisk using the sample data.

3. Mutational signatures

3-1. MLE method Linear Regression

~ COSMIC

3-2. Cancer type User Selection

3-3. Select the mutational signatures.

O signaturel O Signature2 O Signature3

O signature4 O Signatures O Signature6

O signature7 O Signature8 O Signature9

O signature10 O Signature11 O Signature12
O signature13 O Signature14 O Signature15
O signature16 O Signature17 O Signature18
O signature19 O Signature20 O Signature21
O signature22 O Signature23 O Signature24
O signature25 O Signature26 O Signature27.
O signature28 O Signature29 O Signature30

Home Analyze Tutorial Contact

This site is optimized for Chrome.

4. G I annotation
v @ Localized hypermutation (kataegis)
@ Transcriptional strand bias
¥ GC content

v [ ENCODE dataset reference cell ]

(7] n timing
@ DNasel hypersensr

@ Histone modification

(NA) : Not Available

genomic/epigenomic data:
 The ENCODE Project & UCSC genome browser

Select All || Deselect All

Reference to the mutational signatures:
 Signatures of Mutational Processes in Human Cancer

» PCAWG - SigProfiler (provisional)

» Custom signatures

National Cancer Center. 323 lisan-ro, lisandong-gu, Goyang-si Gyeonggi-do, 10408, Republic of Korea

12878 (Blood - Normal) v -

Linear regression
or multinomial test
methods (signature

decomposition)

o

31 cell lines

[~ 42 cancer types
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Mutalisk (1) — analysis options

~ Custom signatures

3-2. Select the mutational signatures.

Please upload your own signature file for the

decomposition of mutational signatures. A tab-delimited
sample signature file is available below:

[ Sample signature file ]

For additional information on the formatting of the
signature file, please refer to the Tutorials page.

+ Add file I

* No File Selected

Provide a tab-delimited .txt signature file

Substitution Type | Trinucleotide | Somatic Mutation Type

C>A

ACA

AIC>AJA

Signature 1
0.011098326

Signature 7
0.0004

C>A ACC

A[C>AIC

0.009149341

0.0005

C>A ACG

AIC>AIG

0.00149007 0

C>A ACT

A[C>A|T

0.006233885

0.0004

96 mutation G

ACA

A[C>GJA

0.001801068 0

subtypes

[ TG [ ]

TT>G[T

[0.004030128 e
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Mutalisk (1) — analysis options

mutalisk.org says

It takes about 3-5 minutes per file.
You can either wait or reconnect to the below address.
Copy to clipboard: Ctrl+C, Enter

-//mutalisk.org/result.php?rid=4P9iaD51mg

User-uploaded data are permanently deleted after 48 hours;
you may access the analysis results for 48 hours

141

Mutalisk (2) — preprocessing

5 6 types of 3
nucleotide substitutions nucleotide
& C>G 4
Somatic
mutations C>T
C — C
|| C>A 96 substitution
EEE— classes
T>A
G G
T>C
T T>G T
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Mutalisk (3) — rainfall plot (kataegis)
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Lung cancer sample (Lee et al., J Clin Oncol 2017)
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Mutalisk (4) — mutational signature identification
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Mutalisk (4) — mutational signature identification

C>A T>C T>G

Somatic . o6 o1 ™A
mutations g c>A
2 Hc>G

g Bc>T

ver L A
s o ._-JJ e

If we conjecture that there are 7 COSMIC signatures underlying the mutational profile, then

30!

€(30.7) = (71 (30 — 1Y

2,035,800 different combinations of signatures
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Mutalisk (4) — mutational signature identification

Som at| C C>A c>G c>T T>A T>C ™G
mutations g oA
g Hc>G
g WcsT
| 3, T>A
ver |
s ..-_IJ e

If we conjecture that there are 7 PCAWG signatures underlying the mutational profile, then

C(65,7) = —65!
(65,7) = (7! (65 — 7)1
696,190,560 different combinations of signatures

This is a computationally expensive task
146
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Mutalisk (4) — mutational signature identification

Total mutations: 33334

Signature _ *

Signature 5 - 25.9%

Signature 17 I 3.8%

Cosine Similarity:

C>A c>G C>

T T>A
»
mc>A s
| [eide}
| a8 0
T>A
™C .
G J J
, AR AR AR Al

Observed spectrum (%)

C>A c>G oT T>A
g
S
[
E
R0
k-
3
=i
=
o NEENNRAR RN NAANGURNNARN R SO
75 100
C>A Cc>G T T>A
»
v
§ 10
0.965 3
2
2
[

I Sig!
Total Contributions

1.8%
5.2%

86.2%

Melanoma

-Signature 1B
l:lSignature 7

- Signature 11
l:l Signature R2

83%

87%

0 100 150 200 250 300
Number of samples in which the signature is operative

350

Melanoma sample (Pleasance et al., Nature 2010)

Alexandrov et al., Nature 2013
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Mutalisk identifies up to 7 decomposition models
Mutational signatures
No. Signatures Probabilities .Co.smfe BIC Copfidence
similarity Interval
7 78211181712 & Our Best 0.59097 0.11749 0.10825 0.06858 0.05707 0.03374 0.02390 . 0.98200 222713.700 View
6 782111817 0.59163 0.14049 0.10844 0.06984 0.05328 0.03632 . 0.98200 222820.200 View
5 7821117 0.59492 0.19932 0.10851 0.06440 0.03285 . 0.98200 223568.700 View
3 782 0.64330 0.25263 0.10407 @ 0.98000 224619.100 View
4, 7821 0.59826 0.22793 0.10916 0.06466 . 0.98100 224828.400 View
2 78 0.71863 0.28137 @ 0.96800 225142.600 View
1 7 1.00000 0.78700 273566.100 View
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Number of samples

Number of samples

Mutalisk (4) — mutational signature identification

Comparison of decomposition results using 560 breast cancer samples (Nik-Zainal et al., Nature 2016)

Mutalisk [ deconstructSigs MutaGene

100

* Mutalisk 0.966
deconstructSigs 0.948
0 MutaGene 0.931
0.25 0.50 0.75 1.00 0.25 0.50 0.75 1.00 0.25 0.50 0.75 1.00
Cosine similarity

2 3 4 5 6 7 8 9

Number of decomposed signatures
149

Mutalisk (5) — transcriptional strand bias analysis

Somatic
mutations

ver [L

Strand annotation Goodness of fit test

Fe——5 3 Y

5) ) 3I

’ ’
UCsC 3 ‘ 5 Observed Expected
RefSeq
CRCh37/hg19 0.19044 0.20010
GRCh38/hg38|  0.18885 0.28435
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Mutalisk (5) — transcriptional strand bias analysis

Untranscribed : 5869 Transcribed : 4527 |1 untranscribed [l Transcribed
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Melanoma sample (Pleasance et al., Nature 2010) Pleasance et al., Nature 2010
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Mutalisk (6) — genomic/epigenomic modification analysis

S
Sy fr—t———
SZI—"-ATI—!
Py PGS —
3 Y .|

DNA replication timinig G, 1

(Repli-seq) Phase annotation

max(G1;,S1;) — (52; + S3; + S4; + G2;) > 0 = i € early
max(S2;,53;) — (G1; + S1; + S4; + G2;) > 0 = i € intermediate
ENCODE max(G2;,54;) — (G1; + S1; + S2; + S3;) > 0 = i € late

» Goodness of fit test
» Correlation analysis

Low Int High

Freq.

Histone modification
DNase | hypersensitivity 5% 75%

Read density
Peak annotation
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Mutalisk (6) — genomic/epigenomic modification analysis

H3k9me3 , melanoma sample (Pleasance et al., Nature 2010)
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Mutalisk (6) — genomic/epigenomic modification analysis

DNA replication timing, melanoma sample (Pleasance et al., Nature 2010)
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Mutalisk (6) — genomic/epigenomic modification analysis

>earson correlation

Pearson correlation

Melanoma sample (Pleasance et al., Nature 2010)
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Mutalisk (6) — genomic/epigenomic modification analysis

Melanoma sample (Pleasance et al., Nature 2010)
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Mutalisk (7) — downloading results
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Observed specrum (4)

@ signin

anple_nelanoma. HdbeEnLoAn_wholl

sample_melanoma.dh.High

[2-] sample_melanoma.dh.Intermediate
[2+] sample_melanoma.dh.Low

[2-] sample_melanomagcHigh

[=] sample_melanoma.gcintermediate
[2+] sample_melanomagclow

[2-] sample_melanoma H2AZ.hm High

[25] sample_melanoma H2AZ hm.Intermed,
[25] sample_melanoma.H2AZ hm.Low

2 sample_melanomaH2AZ_histone.mod...

[25] sample_melanoma.H3K4me1hm.High

sample_melanoma H3kdme.nm.Inter.
[2-] sample_melanoma H3K4me1.hm Low
" sample_melanoma.H3K4me1_histone.
[2+] sample_melanoma H3K4me2.hm High
[2-] sample_melanoma H3K4me2.hm Inter.
[2+] sample_melanoma H3K4me2hm Low
2 sample_melanomaH3kdme2_histone
[2+] sample_melanoma.H3K4me3.nm High
[2+] sample_melanoma.H3K4me3.hm.Inter.
[2+] sample_melanoma H3K4me3.m Low
2 sample_melanomaH3K4me3_histone

[2-] sample_melanoma H3K9Achm.High

[27] sample_melanoma.H3K9Achm.Low
"% sample_melanomaH3K9Ac_histone.m.

2] sample_melanomaH3KIme3hm High

[2] sample_melanoma.H3Kgme3hm.Inter...

[25] sample_melanoma.H3K9me3 hm.Low
"% sample_melanomaH3K9me3 _histone.
[25] sample_melanoma H3K27Achm.High
[25] sample_melanoma H3K27Achm.Inter.

sample_melanoma.H3K9Achm.Interm...

ikl

Analyz

Tutorial  Contact

Get merged results

Get all results at once
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Tobacco-associated mutational signature #4

TCGA Lung Adenocarcinoma Samples
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Run Mutalisk

Home

MUTATION ANALYSIS TOOLNIY

(9) mutalisk

This site is optimized for Chrome.

m The following shows an example of how to run Mutalisk using the sample data.

[ Melanoma data example ] [ Lung data example ]

§ Download the sample data: [ Melanom&/ Lung ]
Source of the sample data: [ Melanoma can ™D. Pleasance et. al. Nature 2010. & [ Lung cancer | June-Koo Lee et. al. JCO. 2017.

sample_lung.vcf

Variant Call Format (VCF): sample_lung.vcf

1 ##fileformat=VCFv4.2
2 #CHROM POS ID REF ALT QUAL FILTER INFO
3 1 1910980 . A G . . .
4 1 5148788 . G C
5 1 5867505 . 1= T
6 1 7146801 . G A
701 7665765 . C T
8 1 7749485 . T G
9 1 8710829 . G A
10 1 9804956 . C T -
1 1 12381586 G A
12 1 17274833 G T
13 1 17365503 T A
14 1 18099894 A T
15 1 19665267 G A
16 1 20753216 C A
17 1 22905721 T C
18 1 28496930 T (¢
19 1 29464355 A G
20 1 30253004 G T
21 1 30346067 G A
22 1 30627515 T C
23 1 32251636 T A
24 1 34081408 G A
25 1 34435930 A T
26 1 35909337 T C
27 1 36062312 T C
28 1 36414737 T A
29 1 36729500 A T
30 1 36936453 A T
31 1 37261912 G T
32 1 37277934 G A
33 1 37708424 C T
34 1 39672350 G ©
35 1 42038123 C T
36 1 45810549 C T
37 1 46950051 i T
38 1 46984444 e T
39 1 47098023 G T
40 1 47446596 G T
41 1 47619512 kS A
42 1 48781219 A G
43 1 50032004 G A
44 1 50642579 G T
1,81 33009
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Home Analyze Tutorial Contact

(9) mutalisk

MUTATION ANALYSIS TOOLKIT

This site is optimized for Chrome.

m The following shows an example of how to run Mutalisk using the sample data.

1. Genome assembly 3. Mutational signatures 4. G ic & epi i ion

[GRCh37/hg19 [Homo sapiens (human)] _v]  3-1. MLE method Localized hypermutation (kataegis)

Transcriptional strand bias
GC content

2. Input file

The input file format of this tool is VCF file.
You can select multiple files (max 300).

[ ENCODE dataset reference cell |

Lung Adeno v

3-2. Cancer type

X ! I GM12878 (Blood - Normal) v
The total size of mutliple files should be less 3-3. Select the mutational sig
than 1GB. DNA replication timing

Signaturel SignatureZ DSignatureS

N DNasel hypersensitivity
+ Add Files Signature4 Signature5 SignatureG

Histone modification
« sample_lung.vcf DSlgnature7 DSlgnatureS DSlgnatureQ

DSignaturelO DSignaturell DSignaturelZ (NA) : Not Available
Signature13 Jsignature14  Osignature1s Reference to the genomic/epigenomic data:
Osignature16  ®signature17 Osignature18 % The ENCODE Project & UCSC genome browser

DSignalurelQ DSignatureZO DSignatureZl
DSignalureZZ DSignatureZ3 DSignature24
DSignalureZS DSignatureZG DSignature27
DSignalureZS DSignatureZQ DSignature30

Select All | Deselect All

Reference to the
# Signatures of Mutational Processes in Human Cancer

» PCAWG - SigProfiler (provisional)

» Custom signatures

National Cancer Center. 323 llsan-ro, gu, Goyang-si G i-do, 10408, Republic of Korea

Home Analyze Tutorial Contact

(9) mutalisk

MUTATION ANALYSIS TOOLKIT

Summary of the best results from our tool

sample_lung S1 s2 sS4 s13

signature [l I« s c I Mool (el (sl el olllololz a2l lslsl 2 sl

sample_lung

File : sample_lung [ Get merged results l[ Get all results at once ]

Localized hypermutation (kataegis)

10000000
.
>y -
1000000 £
2 100000 g
2 a
3 31359
£ 10000 s §
i =
3
5 1o .
g 3
a 100
.
10 L . = . .
- . . .
£ o
)
o o & o g® a® o g® g O e BB o o

@ C-AmCG®ECT OTAG@TCOTG
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6 51241317

Signature 5
Signature 1
Signature 2
Signature 4
Signature 13
Signature 17

Mutational signatures

No. Signatures Probabilities sf;f::f‘y onfidence
5] 512413 FOurBest 0.54157 0.22279 0.10995 0.09268 0.03300 ® 0.98400 view
Total mutations: 3396 A [N T A

| |

o

b
Observed spectrum (%)

.lln.lll-‘Juu.jJM it

CA C>G T T>A T>C TG

e 1
0.54363 0.22094 0.10903 0.09342 0.03298 0.00000 ® 0.98400
e}
Lo}
O
02 0.4

LUSITE DIy U.J04

Get this result

6 51241317 0.54363 0.22094 0.10903 0.09342 0.03298 0.00000 ® 0.98400 28719.280 View
7 512413617 0.53078 0.21571 0.11005 0.09363 0.03316 0.01000 0.00668 @ 0.98400 28725.380 View
4 51213 0.63748 0.21879 0.10846 0.03527 @ 0.98100 28732.020 View
3) 512 0.66229 0.21649 0.12121 @ 0.97500 28778.940 View
E 52 0.87389 0.12611 @® 0.91700 29168.280 View
s 1.00000 @ 0.26800 29907.540 View

28719.280

Close

Transcriptional strand bias

Transcribed : 581 Untranscribed [l Transcribed

** p-value = 4.61e-10

3
15 £”
g
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5 42.7% £
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CoA [ cT
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5 sibidy B sk ki, B RS ﬁiﬂ;ﬂh Ll
% K G P A G G P AP NI PP P G P P P N G S e e
H oA TC G
1aa- -
8
8

780
s0-
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Get this result

Correlation coefficients of somatic mutations (1Mbp resolution)
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DNA replication timing - Cell line : GM12878

Intermediate : 988 | I Early [ intermediate [l Late

50{**p_value = 2.376-33 Early : 391 m—
a0 g
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«
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220
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w g iﬁ Hi
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Get this result

DNasel hypersensitivity - Cell line : GM12878

prons [l ooevs irmodit 1652 ICIET B T
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g
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Get this result
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Home  Analyze Tut | Contact

(3) mutalisk Run Mutalisk (v3)

This site is optimized for Chrome.

m The following shows an example of how to run Mutalisk using the sample data.

1. Genome assembly 3. Mutational signatures 4. Genomic & epigenomic annotation

[GRCh37/hg19 [Homo sapiens (human)] v|  3-1. MLE method Localized hypermutation (kataegis)

Transcriptional strand bias

2. Input file » cosmic GC content
The input file format of this tool is VCF file. PCAWG - SigProfiler [ ENCODE dataset reference cell ]
You can select multiple files (max 300). |GM1287B (Blood - Normal) ™
The total size of mutliple files should be less
than 1GB. 3-2. Cancer type DNA replication timing
+ Add Files 3-3. Select the mutational signatures. DNasel hypersensitivity
O Full screening Random sampling Histone modification

« sample_lung.vcf

@ses1 @ ses2 @ses3 BS4 (NA) : Not Available

Reference to the genomic/epigenomic data:
 The ENCODE Project & UCSC genome browser

An endogenous mutational process initiated by
spontaneous or enzymatic deamination of 5-
methylcytosine to thymine which generates G:T
mismatches in double stranded DNA. Failure to
detect and remove these mismatches prior to DNA
replication results in fixation of the T substitution
for C.

@spsse  @ssss7  @sesss  Esesso
@ ss60

Select All | Deselect All

» Custom signatures

Summary of the best results from our tool

sample_lung s s2 s, se e s msam

B E: BB H:-B- BB~ H"~ a[ls o I voe N voo I v B o2 [ 2 " 15 O B3 EE) EJY ED K
- ETEY ENE] EMNEINEY El ERREINET Y ERE 8| (sl ajle o« s | wleal sjolle
 E1 Bl B B BB s e

sample_lung

File : sample_lung [ Get merged results ” Get all results at once ]

Localized hypermutation (kataegis)
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Mutational signatures

No. Signatures Probabilities Cosine BIC Confiderce
similarity Interval
7] 4051242813 O OurBest 0.34360 0.28486 0.12329 0.07696 0.07506 0.06595 0.03027 ® 098200  28715.860 View
Total mutations: 3396 CA csG oT A e 6
.
5.7% g
csA §,
HcsG §
mcT &
T>A 3,
>C £
s Sl i
. B_smn
C>A C>G CT T>A TC TG
ses4o [N 34.4% .
sess5 [N 285%
ses1 [l 123% <
ses2 WM7.7% §
sesa2 [l7.5% 5
@
sess [ 6.6% w
ses13 3% = I I
. . 5w ©
csA o6 T A T>C e

Cosine Similarity: 0.982

Residuals (%)

Get this result

6 405142213 0.45078 0.24808 0.12562 0.07674 0.07292 0.02585 @ 0.98100 28752.020 View
5| 4051242 0.51372 0.21934 0.12658 0.07069 0.06967 @ 0.97700 28781.680 View
4 40512 0.54065 0.26599 0.12495 0.06841 ® 0.97300 28833.100 View
3 4012 0.79616 0.13761 0.06622 @ 0.96400 28952.230 View
2 401 0.86418 0.13582 @ 0.92400 29134.730 View
1.5 1.00000 @ 0.57700 29897.340 View

Interpretation of signature results

Proposed aetiology

Unknown.

Comments

Numbers of mutations attributed to SBS40 are correlated with patients’ ages for some types of human cancer.

Proposed aetiology

Unknown. SBS5 mutational burden is increased in bladder cancer samples with ERCC2 mutations and in many cancer types due to tobacco smoking.

Comments

SBSS is clock-like in that the number of mutations in most cancers and normal cells correlates with the age of the individual. Rates of acquisition of SBS5 mutations over time
differ between different cancer types and different normal cell types. These differences do not clearly correlate with estimated rates of stem cell division in different tissues nor
with differences in SBS1 mutation rates. SBS5 may be contaminated by SBS16.
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Transcriptional strand bias

Transcribed : 581 I untranscribed Tnmcdbedl

% ** p-value = 4.61e-10 % *%
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DNA replication timing - Cell line : GM12878

_ou-m Intermediate : 988 | 1 Early [l Intermediate [ Late

Early Intermediate Late
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‘ Get this result

DNasel hypersensitivity - Cell line : GM12878
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Get this result
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FIREVAT: finding reliable variants without artifacts in human cancer samples using

etiologically mutational signatures (Genome Medicine, 2019)

o Genome Medicine

FIREVAT: finding reliable variants without
artifacts in human cancer samples using
etiologically relevant mutational signatures

FIREVAT Report BFfirevat

Sample 1D s {DASIEDS, FIREVAT Genetic Algorithm (GA) Parameters
05_mutect_amnotated_BRCA
v Sample VCF File G 11D-A33E-09_1 GA Population Size 1000
2o Whole-Exome or Alignment Rstpot tsiors 09_mutect_amnotated_BRCA Ve GA Maximum leration 200
mom Whole-Genome Sequencing = Sample VCF Genome ng3s
o Sample VCF Mutation Calling Method MuTect2 GARu 50
b Tumorinormal Pothasmons ‘Sample VCF Total Point Mutations 2534 N ~
Sequencing Artifact Pair BAM Files FIREVAT Execution Start Datetime 2012.01-29 144926 GA Mutation Probabilfy 020
FIREVAT Execution End Datetime 2019.01-29 172513
ONA Damage M Conventonal Manual PR
FFPE) Bias. AToct2, Muse ot2 Hard-Filtering Pipeline Fiter variate Fitter Direction Optimized cutott e I
o Avg Tumor Ret Qss > 1
g Tumor At ass > o . ,
psivs FIREVAT Report - Je 4
I Preprocessing I—-I Generate Candidate Solutions I Aug Normal Ref 0SS g " [
Tumor REF AD > o I
Tumor ALTAD > o
VARIANT REFINMENT OPTIMIZATION ot A . A
Optimization Logs Normal ALT AD < 15
K BMC e TumorVAF (%) B B
NomalVaF (1) < » -
objecte vaiue Crenea wretnea canmset Wartact
. . Mutational [E— Identify Mutational Publication oa 0sse 015 as1s 0532
M achine learni ng Signatures Signatures Ready Figures
. 2.1, dentified Signatures =
(Q learning) I
ongnal ver Refned VGF Avtactual Vo
o sase0 o sosco I to%
Refined -
Mutations | 19.7% 886 18.6% sBS6 | 1.2%
Update Filter Evaluate o eaess |o%
| g sess 1w sass Tesn sess 0%
Based on Gradient-free. costy-[1=wh. ) - costy- 3 wh i cpea <o s sasie |ox
Glncal Romose ot Moo S0 X0 R Y% sosio o sones L sosi0 o
Variant Artifactual sosic Moo sasec B % soses o
Databases Mutati
T utations sesia W sen sasaa o sosca I 1ok
” 1o [ stranasis CF Summar Cinical ses 0% sasi0 o seso I 6%
oo [ g s et |
ses N 77w Sose M e sest 0%
s 0% sose0 M 7% soso 0%
sesie 1 e sesie 2 seste o
sest 0w sast o sest M tos%
I o 2z s 7 w0 o 3 s 7
Aetologies

W Possible Sequencing Arfact
cygon Spocies B Vtfact
i Repar

I Known Sequencing Atfact & Unknown

B Ukely Sequencing Artiact

Formalin Fixed Paraffin Embedded

R
https://commons.wikimedia.org/wiki/File:2012-06-21_FFPE_block_white_background.jpg

Full of False-PositivE variants

Metastatic colorectal cancer KRAS genotyping Sources of erroneous sequences and artifact chimeric  High T790M Detection Rate in TKI-Naive NSCLC with EGFR
in routine practice: results and pitfalls reads in next generation sequencing of genomic DNA Sensitive Mutation

Audo Lamy*, France Blanchard**, Floronco Lo Possot**, Richard Sesboi, from formalin-fixed paraffin-embedded samples Truth or Artifact?

Frédéric Di Fiore**, Jessie Bossut’, Elodie Fiant', Thierry Frébourg®** and

Jean-Christophe Sabourin’#* Simon Haile', Richard D. Corbett', Steve Bilobram', Morgan H. Bye', Heather Kirk', T AP 2 i M DALYt T, M Tk B M
Laboratory of Tumor Genetics, University Hospital, Rouen, France; “Insorm Us14, Faculty of Modicine, Pawan Pandoh', Eva Trinh', Tina MacLeod', Helen McDonald', Miruna Bala', Diane Miller", by Bt e, ey g . Dhenfan Yf"g‘ MD, PAD*

Institute for Medical Research, Rouen University, France; *Department of Pathology, University Hospital, Karen Novik', Robin J. Coope', Richard A. Moore', Yongjun Zhao', Andrew J. Mungall', Guanshan Zhu, MD, PhD,* and Qunsheng Ji, MD, PhD*

Rouen, France; *Digestive Oncology Unit, Department of Gastroenterology, University Hospital, Rouen, Yussanne Ma', Rob A. Holt', Steven J. Jones' and Marco A. Marra 12"

‘France; “Laboratory of Molecular Genetics, University Hospital, Rouen, France and “Department of Genetics,
University Hospital, Rouen, France

Lamy et al., Mod Pathol 2011 Ye et al., J Thorac Oncol 2013 Haile et al., NAR 2018
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Common problem in variant filtering

How to decide the optimal QSS value ?
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NCC prostate cancer sample ID 233
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Installation FIREVAT software in R

- Minimum requirement: R version >= 3.4.2
Getting started

Installation

You can install the released version of FIREVAT from CRAN:
install.packages("FIREVAT")
You can also install the developmental version of FIREVAT from GitHub:

install.packages("devtools")
library(devtools)
install_github("cgab-ncc/FIREVAT")

178
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Running FIREVAT in R

library (FIREVAT)

# Output directory
output.dir <- "" # assign this path

# VCF file
sample.vcf.file <- system.file("extdata", "DCC_PCAWG_Cell_Lines_HCC1954.vcf", package = "FIREVAT")

# Configuration file
config.file <- system.file("config", "PCAWG_DKFZ_Cell_Line_Filtering_Params.json", package = "FIREVAT")

# Run FIREVAT

results <- RunFIREVAT(vcf.file = sample.vcf.file,
vcf.file.genome = 'hg19',
config.file = config.file,
df.ref.mut.sigs = GetPCAWGMutSigs(),
target.mut.sigs = GetPCAWGMutSigsNames(),
sequencing.artifact.mut.sigs = PCAWG.All.Sequencing.Artifact.Signatures,
output.dir = output.dir
objective.fn = Default.Obj.Fn,
num.cores =
ga.pop.size
ga.max.iter
ga.run = 5,
perform.strand.bias.analysis = TRUE,
ref.forward.strand.var = "TumorDPRefForward",
ref.reverse.strand.var = "TumorDPRefReverse",
alt.forward.strand.var = "TumorDPAltForward",
alt.reverse.strand.var = "TumorDPAltReverse",
annotate = FALSE)

100,
5,

nn N
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Iibrary(FIREVAT) firevat run-R
setwd("/Users/dwhong/Desktop/R_code/firevat") -

# SKCM example

SKCM.example.vcf <- "./C828 TCGA-EB-A24D-01A-11D-A197-08.2.varscan.snp.annotated.tcga_filtered.reheadered_Original.vcf"
SKCM.config.file <- "./MC3_Varscan_filtering_params.json"

SKCM.output.dir <- "./SKCM_example/"

# Run FIREVAT

SKCM.example.results <- RunFIREVAT(
vcf.file = SKCM.example.vcf,
vcf.file.genome = 'hgl9’,
config.file = SKCM.config.file,
df.ref.mut.sigs = GetPCAWGMutSigs(),
target.mut.sigs = GetPCAWGMutSigsNames(),
sequencing.artifact.mut.sigs = PCAWG.All.Sequencing.Artifact.Signatures,
output.dir = SKCM.output.dir,
num.cores = 3,
ga.pop.size = 100,
ga.max.iter = 10,
ga.run = 10,
perform.strand.bias.analysis = FALSE,
annotate = FALSE
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FIREVAT r

esults

FIREVAT Report

B Firevat

sample 1D

Sample VCF File

Sample VCF Genome.
Sample VCF Mutation Calling Method
Sample VCF Total Point Mutations.
FIREVAT Execution Start Datetime
FIREVAT Execution End Datetime
Fitr variable
Avg Tumor Ref ass
Avg Tumor AL @SS
‘Aug Normai Rer 0ss

umor REF AD
Tumor ALT AD

Nomal REF AD

Noma LT AD »
e )
NomavAE )
objectvevaus Cretned Wretned [— [— - P
s ™ 018 09 0562 S
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8860 0% BS60 0% sesso [ 1e8% " -~
—— ” - e |
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sosas [ 99% soses Wl 117% sesas 0%
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$BS40 0% sse0 N <56
spse M 208% SBS4 0%
— —
seste 10 ew T ——
R - 1os%

Aeticlogies:

TCGANT-ATHQ-01A-11D-A33E-09_TCGAVT-ATHQ-10A-01D-A33H-
09_mutect_annotated_BRCA

FIREVAT Genetic Algorithm (GA) Parameters

TCGAVT-ATHQ-01A1D-AJIE 09_TCGAVT-ATHQ-T0A-01D-AZ3H. O Population Size 1.000

09_mutect_annotated BRCAvef GA Maximum lteration 200

hg3s

MuTect2 GARun 50
GA Mutation Probabilty 0.250

20190129 14:49:25
20190129 17:23:13

Fiter Direction

W Possible Sequencing Artact

Optimized cutort

ge by

Oxygen Species W

o K

own Sequencin

h Repair
Aritact B Unknown

I Likely Sequencing Artfact
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FIREVAT refinement on TCGA-EB-A24D (SKCM)

1. Refinement Optimization
Filter Variable
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sBS42 0% sBs42 | 2% SBS42 0%
ses20 ] 67% SBS20 0% sssz20 [l 75%
0 25 50 75 100 0o 25 75 100 0 25 50 75
Aetiologies

Defective DNA Mismatch Repair
M Exposure to Haloalkanes
M Possible Sequencing Artifact

SBS45
o

Ultraviolet Light Exposure

100
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FIREVAT refinement on TCGA-EB-A24D (SKCM)

Original VCF Refined VCF Artifactual VCF 2.2. Trinucleotide Spectrums
Original VCF Refined VCF Artifactual VCF
75 75 7
E % E Mutations Count (%) 36,453 (100%) 1,367 (3.75%) 35,086 (96.25%)
£s50 £s50 250 e
H 2 2 Cosine Similarity Score 0.989 0.996 0.989
< < T
3 3 3 Residual Sum of Squares (RSS) 0.00267 0.000795 0.00291
25 25 25
e o = om B - K 0 — | _ . 4. Variants with Strand Bias
oA o5 or A Te CA o5 o1 A o e cA S oT TA Te T
3. Optimized VCF Statistics 4.1. Refined VCF
## None to display.
Original VCF Refined VCF Artifactual VCF Comparisons
‘ " ‘ . 4.2, Artifactual VCF
p=<ze-16
. ) ) CHROM POS REF ALT Primaryl imary imary imary
200 —_ chr1 16918473 G A 434 275 2 80 0.0000000
H § 1000 L chr2 95513889 T A 136 209 4 69 0.0000199
8 8 8
. chr2 95513893 A G 126 210 4 7 0.0000316
“ ° chr2 95513877 A G 172 173 5 46 0.0000829
. . . == == chr2 95513880 C T 160 180 5 51 0.0000829
o 50 7% o s 70 5 ® sk 70 rgnal Refined _Aract
N IDP N IDP Ne IDP N IDP . .
ome o o o 5. VCF Annotation (ClinVar)
Original VCF Refined VCF Artifactual VCF Comparisons
200{ P=<2e18 5.1. Refined VCF
150 CHROM POS  REF ALT GENEINFO CLNSIG
H i i chr7 140453134 T c BRAF:673 Pathogenic
100
- - chr7 140501337 T G BRAF:673 Pathogenic/Likely_pathogenic
s
i | ) 5.2. Artifactual VCF
 rumorvaF O Crumovar C Crmovar O moAE #4 None to display.
183

Conclusions

1. FIREVAT is a quick and efficient variant refinement tool using VCF files
2. Variant refinement can be performed using mutational signatures

3. https://github.com/cgab-ncc/FIREVAT
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Self Test #1

=

« Mutalisk & AtO

| E (http://mutalisk.org)Ol| A| X|SSF= melanoma
QRFO| =% HO| | O| B (sample_melanoma.vcf) S
MENZ AN OHE =3

vcf)= L2 EE 8Ot
] EEIO.” Iéll-_é_"Al2

* Version 22} Version 32 O| 83t A| A L| X &4 Z 15t 2nd signature
Ho (Ef Q)= 44 -'?—9iol_|7f?

* Replication timing 0| Al S H 0|7} 7H& BE2 L7t | o|0|ot =
AHHO|= F A2l 7P (Version 2, 3 252104 CHSH E5H|2)
Self Test #2

L C4HO} =

- Data ZL{ 0| A M| S5t FE5 S = HO| I} ¥(TCGA-CR-7399-
01A-11D-2012-08 TCGA-CR-7399-10A-01D-2013-
08 mutect annotated vcf)01|*‘| artifacts A| A L| X2} &= X =l
:L|_|7C-| EFQ (M) 2+Zt 21017}

« &4 Al parameter option Data = & 0| A x1|-g- X
(MuTect2_Filtering_Params.json)= Z-83IA| 2

= O

A
N
2z

, artifact 1&2| S HHO| 7H=, refined &2
= 212 7ot 2,
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* E6 and E7 positive
* Mostly oropharynx

* Mainly wild-type TP53
e Favourable prognosis

Leemans et al.,

Head and Neck Cancer Study

65% high CIN

| ® Many numerical changes
i ® Mainly aneuploid

i ® Mainly mutated TP53

1L ® Less favourable prognosis

Nature reviews cancer (2011)

15% low CIN

* Few numerical changes
* Near diploid

* Mainly wild-type TP53
 Favourable prognosis?

Three genetic subclasses of

HNSCCs
(human
papillomavirus)
-+ HPV()
« High CIN (chromosome
| instability)
 Low CIN

TCGA HNSCC study (2015, Nature)

Smoking status
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ey | I} I Il <001
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Targetable genes in HNSCC?
HPV() n = 243 HPV(+) n = 36
earr | 1596 [N i 6%
iy Ferrr 1o 111 (O 0%
' ErBB2 | 5% I {1 It ' 3%
=
b er1R | 4% Il [/ 0%
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5;8 FGFR3 | 2% | [t Jpu 11%)
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o600 OO0 O | o%
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=]
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|
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Generating Research Questions...

Article

Loss of p53 drives neuronreprogrammingin
head and neck cancer

https://doi.org/10.1038/s41586-020-1996-3  Moran Amit"***, Hideaki Takahashi'?**, Mihnea Paul Dragomir’, Antje Lindemann’,
R Frederico O. Gleber-Netto', Curtis R. Plckenng slmoneAnfos5| Abdullah A. Osman',
Received: 3 December 2018

Yu Cai', Rong Wang', Erik Ki 24, izu*5, Cristina Ivan®®, Xiayu Rao®,
Accepted: 15 January 2020 Jing Wang®, Deborah A. Silverman’, Samamha Tam', Mei Zhao', Carlos Caulin®®,
tom P Pl 1,
Published online: 12 February 2020 AssafZinger™”, Ennio +Patrick M. ty", Adel El-Nagg:

George A. Calin*** & Jeffrey N. Myers'"**

Loss of p53 alters neural milieu

To evaluate theimpact of tumourinnervationinhead and neck cancer,
we analysed survival data from The Cancer Genome Atlas. High neural
density in oral cavity squamous cell carcinoma (OCSCC) was associated
with poorer overall survival (P <0.0001, log-rank test) and with the
presence of TP53 mutations (P < 0.0001, Extended Data Fig. 1a-c).
To study the interplay between nerves and epithelial cell p53 func-
tion throughout tumorigenesis, we evaluated neuritogenesis over the
course of the progression from precursor lesions to high-grade lesions
in Trp53™"*ox wild-type control and Krt5¢Trp53"*°x (Trp53™ in the
recombined epithelial tissue) mouse models of oral cancer® (Fig. 1a).

% Check for updates
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0
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200 um .
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,Cr flox/fi
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P <0.0001
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MutaliskR DBS signature
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TO Part Il

PART Il

« Part Ill: Artificial Intelligence Study using Cancer Big Data
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PART Il

At the End of the
Beginning of
Cancer Genomics

Beginning

End of the

Beginning

beginning of the end
Beginning Middle

Interest Genome research Genome medicine

Value Individual report Well curated data

Research size Case reports

Systemic analysis of large cohort

Therapy Chemotherapy

Immunotherapy

Archetypal Story Arc

ot

W'I;at happens to

the characters? sl

Who are the
characters?
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Actually, it's All About Al

=
=S
S |
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http://nvidia-research-mingyuliu.com/gaugan
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Latest Cancer Research Trend Analysis - Top 15 Bigrams

~250,000 articles / 1 year (pubmed)

As of August 1, 2019

|
Cumulative growth ratio
Rank Keyword 2015 2016 2017 2018 2019 (2018/2015)
1 deep learning 127 284 790 2,107 2,285 16.69
2 pd1 blockade 0 6 8 9 9 10.00
3 circular rna 53 96 249 512 458 9.50
4 health-related quality 0 3 4 8 5 9.00
5 checkpointinhibitor 99 239 488 784 679 7.85
6 circular rnas 80 140 308 612 567 757
7 mutational burden 30 61 107 225 230 7.29
8 blood-brain barrier 5 8 9 40 23 6.83
9 epstein-barr virus 2 1 ] 18 8 6.33
next-generation sequencing 2 9 15 17 18 6.00
progression-free survival 4 5 10 28 20 5.80
checkpointinhibitors 318 767 1,292 1,844 1,594 5.78
endogenous rna 82 119 239 467 463 5.64
receptor t 57 110 194 320 262 5.53
liquid biopsies 47 124 193 250 179 5.23

Latest Cancer Research Trend Analysis - Cancer Genomics

Cumulative growth ratio

Keyword 2015 2016 2017 2018 2019 (2018/2015)
deep learning 127 284 790 2,107 2,285 16.47
nextgeneration sequencing 2 9 15 (g 18 6.00
cancer database 213 274 515 685 598 3.21
machine learning 1731 2,280 3,287 5,405 4834 312
cancer genome 789 1,017 1,359 1,904 1,614 2.41
germline variants 71 85 117 159 143 222
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Al?

Strong Al = General Al Weak Al = Narrow Al

=X ] ]
| o
1 Kel z|xist
ZaoHe Hs A )
ag i
— -—
Google T=5Lnmn
ofo|= & T Google 21 7)1l %Xz} Apple Watch £ Ztx| Tesla autopilot recognition
EX olOE2 ASHS=
= [ [ [ A X = =
BE 220N AR ZHS 3 28 EE QZHAE Al S8 8TS TASHE Al

Cancer drugs

e \Vemurafenib and trametinib
BRAF V600E mutations in melanoma

Erlotibin and osimertinib
EGFR mutations in NSCLC; L858R, Del (19), T790M

e Pembrolizumab (immune checkpoint inhibitor): FDA approved
SOLID tumors from any tissue type
Mismatch repair deficiency (dAMMR)

e Nivolumab, ipilimumab and atezolizumab
High tumor mutation burden
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Which goal ?

Sufficient data?

Good hardware ?

Deep learning

Output

*\. ) Output

extractor Classifier

Feature

Feature extractor & Classifier

dARFT el 2H

r:) ’ B Z| & FAl: 20069 118 11 "‘ | & FAl: 20209 118 10%
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cPU: ?,‘SE(;H;S%IEfiEﬂE an1 ) $={0)4 CPU: AMD ZEN 2 7|4 # A 0jo|3
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DRAM) RAM: 20D, GOOe EiC SaRA
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\ GPU: 5°‘=52|'\/1|,\'_?i|i|_lr‘;||;:0“SCEl RSX 2 EENHEE]
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.=
0|3 336CH2] ps3 & 0|88t ZA|HA|E wHAFH °
500 TFLOPS 2001 # 5 HFEE| ACSI white 12.3 TFLOPS

27| B A0 A (57E 26 37
s 4 )
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workstation 85 H3s}
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Pipeline A4t 53

Germline variant calling pipelines
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2.7. Machine learning 1} Deep learning
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Three types of research questions driving application of Al in genomics
(Ching et al., J R Soc Interface 2018)

Disease and patient categorization

(Gene expression, DNA methylation)
. Functional and biological study (DNA sequences)
. Treatment of patients (Gene expression)

Three types of research questions driving application of Al in genomics
(Ching et al., J R Soc Interface 2018)

1. Disease and patient categorization
2. Functional and biological study
3. Treatment of patients
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Machine Learning Research in Genomics

Reference cohort (91 classes)

t-SNE dimensionality reduction (2,801 samples)

Capper et al., Nature 2018
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Three types of research questions driving application of Al in genomics
(Ching et al., J R Soc Interface 2018)

1. Disease and patient categorization
2. Functional and biological study
3. Treatment of patients

Different Tissues & Physiology

Caterpillar Butterfly




Nucleotide sequences

...CGCCGCTGACCTATCATCAGTTC
CAAGCGCTGATAGCGAGCATGCC
CCCGCCTCCGTCCGCCGAACCCA
CCATCAGTTTGGAGAGAGT CAACC
GCGCCGITACARCIANCECGGATA:
ATGARSKECRACSATITGEAGTGC
CGAGACTCGAAGAACTTGGCTTCG
ATACGGAAGGTCTTAAACCTCCAA
TATGGATCGGCGGAGAAAACGAA
GCTCTGTTGAGACT...

Caterpillar

Different Tissues & Physiology, Same Genome

...CGCCGCTGACCTATCATCAGTTC
CAAGCGCTGATAGCGAGCATGCC
CCCGCCTCCGTCCGCCGAACCCA
CCATCAGTTTGGAGACACTCAACC
GCGCCGTTIACACCTATCTCGGATA
ATCACGACGAACGATTTGGAGTGC
CGACACTCGAAGAACTTGGCTTCG
ATACGGAAGGTCTTAAACCTCCAA
TATGGATCGGCGGAGAAAACGAA
GCTCTGTTGAGACT...

Butterfly

Many, So Many Components in Central Dogma

19,000+ genes

100,000+ transcripts

1,000,000+ proteins

Zou et al., Nat Genetics 2019




Current Problems in Applying Deep Learning to Genomics

To conduct optimal learning, we
need n? samples for n features
for correlated features

(Hua et al., Bioinformatics 2005)

19,000+ genes
361M+ samples?

- 100,000+ transcripts

10B+ samples??

B 1,000,000+ proteins
1T+ samples???

Deep Learning Research in Genomics

SNV (Sundaram et al., Nat Genetics 2018)

TF binding (Alipanahi et al., Nat Biotech 2015)

Histone marks (zhou et al., Nat Methods 2015)

DNase hypersensitivity (Kelley et al., Genom Res 2016)
DNA methylation (Angermueller et al., Genom Biol 2017)

Alternative splicing (Jaganathan et al., Cell 2019)
Polyadenylation (Bogard et al., Cell 2019)
MRNA expression (zhou et al., Nat Genetics 2018)

Enzyme commision (Ryu et al., PNAS 2019)

Zou et al., Nat Genetics 2019




Deep Learning Research in Genomics - DeepSEA

Output:
variant functionality

prediction Functional-variant prediction

Input t
log(allele T/allele A)

Output: 30
predicted chromatin -
effect 20
1.0
0
Compare t

DHS TF binding
gﬁ;zeu allele- Allele T O O O O (0] OO
Be " eer OOQO 00

Predict t

Histone marks

Training data: Train

DeepSEA (Zhou et al., Nat Methods 2015)

Using genomic sequences (1,000 bp) predict chromatin organization

(transcription factor binding, histone marks, DNase sensitivity).

Hierarchical Structure

Convolution layer
(high-order sequence features)

1

Pooling layer
(Spatial scaling)

i

Deep convolutional network
(DeepSEA)

ENCODE,
Roadmap Epigenomics
chromatin profiles

Input t

.. .GCGTGGGTACGCTTATTCGTCAAGCTTTAGCGT . . .
.. .GCGTGGGTACGCTTAATCGTCAAGCTTTAGCGT . . .

Input:
genomic sequences
(1,000 bp)

Variant position

Convolution layer
(Scan for motifs)

1

Multilayer Nonlinear
Transformation

Convolution layer
(Interaction of sequence
features)

Multi-task Prediction

Output layer
(shares all input)

Three types of research questions driving application of Al in genomics
(Ching et al., J R Soc Interface 2018)

1. Disease and patient categorization
2. Functional and biological study

3. Treatment of patients
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Deep Learning Research in Genomics - Predicting Prognosis

RNA-Seq subgroup

(15,629 features)

Methylation
(19,883 features)

MiRNA-Seq
(365 features)

Input layer L

mRNA H miRNA lMcmy\a

A B () inferring survival () Predicting labels

for new samples
Omic
dataset |
to predict |

tion | mRNA lm\RNA {Methylation

o

v
TCGA whole dataset
+

Auto-
encoder
®L)

Features
transformation

Hidden layer

Survival-
associated
feature
selection

Univariate
Cox-PH
models

O
X
XX

Bottleneck layer K-means

clustering

!

PP

7
X

NS
=0

Hidden layer Inferred

survival-risk
subgroups

Omic
dataset
to predict

Reconstructed
layer

—

v
TCGA training dataset
ANOVA
feature ranking

| selection of
| common top
| features

Filtered omic
dataset
to predict

Filtered

mRNA ‘m\RNA lMelhyIatlon

PP

|
0

> Predicted
survival-risk
subgroups

Test dataset 10-fold CV on the TCGA training
datasets (3-omics test dataset)
1 LIRI-JP (mRNA)
2 NCI GSEI4520 (mRNA) External
3 Chinese GSE31384 (mIRNA) > confirmation
4 E-TABM-36 (MRNA) dataset
5 Hawailan (methylation)

© 2017 American Association for Cancer Research

Statistics in CCR

AAGR

Chaudhary et al., Clin Can Res 2018
Predicting survival of liver cancer
patients by training an
autoencoder.

Trained on 360 TCGA-HCC
samples’ mRNA and miRNA
sequencing as well as
methylation data

Deep Learning Research in Genomics - Predicting Prognosis

TCGA cohort
(log-rank P value 0.00000713)

LIRI-JP cohort
(log-rank P value 0.000442)

>

1.0
1.0

— S1(79)

— 52(255)

08
0.8

— 51(105) ‘

06
0.6

0.4

Probability of survival
0.4

Probability of survival
0.2

0.2

— 5215

Cl coho
(log-rank P value 0.00105)

1.0

— s
— 52(150)

04 06 08

Probability of survival

0.2

Years Years

E-TABM-36 cohort
(log-rank P value 0.103)

mIRNA GSE31384 cohort (Chinese)
(log-rank P value 0.000849)

—s19)
— 523D

— 51(49)
— s2q17)

06 08

0.4

Years

Hawaiian cohort
(log-rank P value 0.0535)

—sI(5)
—52(22)

Probability of survival
Probability of survival

0.2

Probability of survival

Years

© 2017 American Association for Cancer Research

Statistics in CCR

AAGR

Chaudhary et al., Clin Can Res 2018
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Validated the deep learning
model on 684 patients across 5
independent cohorts




Deep Learning Research in Biomedicine

@ Download @ Separate in Tile and filter out @ Per-tile training @ Testing and

from GDC 3 datasets background tiles per-slide tile
database = aggregation

" !II 34 HlolE{of

e Inception v3 s =

set

—>

== LUAD at 5x
AUC = 0.919, Cl = 0.861-0.949

== LUSC at 5x
AUC = 0.977, Cl = 0.949-0.995

LUAD at 20x
AUC = 0.913, Cl = 0.849-0.963

True positive

Frozen = = LUSC at 20x
05 1 AUC = 0.941, Cl = 0.894-0.977

False positive

Coudray et al., Nature Medicine 2018

d

Al MODEL FOR CANCER GENOMICS

ARBITR: An aRtificially intelligent Bayesian approach to
predicting predisposition and evoluTionary deteRminants
in human cancer
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Challenges in Cancer Genomic Data for Deep Learning

Our pilot study predicting platinum therapy response using omics data

11,315 TCGA tumor samples
33 cancer types

Excluded patients without

drug response data

I Response
No response

Gene expression
(66,715 genes)

1,660 patients

e Feature Machine learning
it lalfe selection - Logistic regression
(2,133 genes) - Random forest

Excluded patients without
platinum drug response data

Drug response

in C:

698 patients

* Test set
(n=70)

‘ : Performance

Challenges in Cancer Genomic Data for Deep Learning

Our pilot study predicting platinum therapy response using omics data

Method/Model

Random forest

SVM

Ada boost

Logistic regression

MLP

Genomic/transcriptomic features (selection)
matter a great deal.

Due to currently limited sample size in publicly available
datasets, we must devise new ways of tackling the problem
of predicting therapeutic response in cancer patients

So why are genomic/transcriptomic features problematic
(besides the dimensionality problem)?
Because of tumor heterogeneity

Dagogo-Jack et al., Nat Rev Clin Oncol 2018
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Problems in
Applying Deep [+

Databases that collects data of the same data source
Cell Line Databases Public Cohort Databases

Visualization Platform

MSKCC cBioPortal

Integrated Platform

Broad DepMap

Learning to
Genomics

Broad CCLE

UCSC Xena Browser

! PDXFinder

Cancer Image Database

Suitable for
deep-learning

Sanger GDSC

PDX Databases

Broad GDAC

Data Repository

NCI GDC
European Genome-phenome
Archive

Integrated forn Proteome

Not suitable for
deep-learning

The Cancer Imaging Archive
(TCIA)

NCI CPTAC

Databases that collects data of the same data type
Expression Data Collections

RNA-seq Microarray

ARCHS4 EMBL-EBI ArrayExpress

St. Jude Cloud PeCan g

NCBI Gene Expression Omnibus (GEO)

Mutation Data Collections

OncoKB

J\ NCBI Clinvar
oo

My Cancer Genome Sanger COSMIC

Misc

MSigDB / KEGG

S~
\”'JBioGRlD/STRINGIENCODE

Gene-centered Portal System

e o B e

Cancer Omics Data

Cell line data

E’ Genomics of Drug
M Sensitivity in Cancer

Summary
GDSC1 GDSC2
Cell line 987 809
Compounds 367 198
1IC50 310,904 135242

https://lwww.cancerrxgene.org/

Methods & dataset Summary
Exome sequencing
Array exome sequencing
Mutation

Copy Number
Methylation

Expression

Drug Screening — IC50s

Cell line

Compounds

::CCLE

24 (504 cell line test)

Cancer Cell Line
Encyclopedia

https://portals.broadinstitute.org/ccle
Dataset

WES

Mutation

Fusion

structural variant
miRNA

Global Chromatin
RPPA

Antibody

RPKM

RSEM
Methylation
copy humber
metabolomics

CCLE
1,457
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Cancer Omics Data

Human genomic data

Sequence trace

m) NATIONAL CANCER INSTITUTE % ::():GCP i
GDC Data Portal https://portal.gdc.cancer.gov/ ata Porta https://dcc.icgc.org/
Summary Method
Summary Method
_ Clinical data Diagnostic image
Biospecimen data Tissue image _ o
Pathology Reports Radiological image Clinical data
Projects 67 SNP microarray Bisulfite sequencing Biospecimen Data
Primary sites 68 Copy number microarray Bead array cancer project 86 WXS
Cases 84,392 Low-Pass DNA Sequencing MiRNA Sequencing Cancer primer sites 22 WGS
Genes 23,399 Whole exome Total RNA Sequencing Donor with molecular data in DCC 22,230 RNA-Seq
Files 596,758 Whole genome Microarray Total donors 24,289 MiRNA-seq
Mutations 3,287,299 SNP microarray Reverse-Phase Protein Array Simple somatic mutations 81,782,588 Bisulfite-seq

NATIONAL CANCER INSTITUTE
Office of Cancer Clinical
Proteomics Research

https://cptac-data-portal.georgetown.edu/

Summary
Studies 55
Tumor sites 12
Cases 2,549
Samples 3,639
Files 107,493
Data 25,576GB

Method

Proteome
Phosphoproteome
Acetylome
Gycoproteome
Ubiquitylome

o
Issues to be considered
e N
. . . .
- ex)1. IL2 = IL-2 = interleukin - 2 = interleukin-2
> ZtZto| HiojE ®7| 7|&F ¢t mE HO[E] 8ol X 2 tvoi
2. typing error
Table S1: Correcting drug names from TCGA to standard names
Recorded Name from TCGA DrugBank ID___[Standard drug name
— 2 DB00041 Aldesleukin
<> glti iijl ﬂ 2 DB00041 Aldesleukin
Interleukin - 2 DB00041 Aldesleukin
Interleukin-2 DB00041 Aldesleukin
I D M P Alvesin NA NA
Anastrozole DB01217 Anastrozole
Identification of Medicinal Products % v ANASTROZOLE DB01217 Anastrozole
Data elements and structures o Arimidex DB01217 Anastrozole
for the unique identification and exchange Navigating RxNorm Drugs ARIMIDEX DB01217 Anastrozole
PF-04605412 NA anti-A5B1 integrin monoclonal antibody PF-04605412
MORAb-004 NA anti-endosialin/TEM1 monoclonal antibody MORAb-004?
autologous vaccine NA autologous vaccine
DB06626 Axi
DB06626 Axitinil
Cediranib DB04849 AZD2171
OI 3'I-9.0-| oy I ;] Bacillus Calmette-Guerin (BCG) NA BCG
<>_ o 274 BCG NA BCG
avastin DB00112 Bevacizumab
N MED C Avastin DB00112 Bevacizumab
S O T N I H National Institutes bevacizumab DBO0112 Bevacizumab
y'."n‘gif;’:: . of Health Bevacizumab DB00112 Bevacizumab
healthcare BEVACIZUMAB DB00112 Bevacizumab
Bicalutamide DB01128 Bicalutamide
casodex DB01128 Bicalutamide
Casodex DB01128 Bicalutamide
bleomycin DB00290 Bleomycin
Bleomycin DB00290 Bleomycin
BRAF inhibitor NA BRAF inhibitor
cabazitaxel DB06772 Cabazitaxel
jevtana DB06772 Cabazitaxel
Cabozantinib DB08875 Cabozantinib
Cancer Vax NA Cancer Vax
capecitabine DB01101 Capecitabine
\ Capecitabine DB01101 Capecitabine Bioinformatics, 32(19), 2891-2895.
JtEOT
THE CATHOLIC UNIVERSITY OF KOREA
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Preliminary study - methodology

Xz ss
(Supervised Learning)

-‘-'='*|9|

B3 + 0|5 B
= oo =
AutoEncoder +0]|& 2 (Supervised
0000 Remforcement l.eang)
. o o o
.. .. 5 0%,
°® 4 1
e o
58 EW ke 52 =9 EXY M

HIX| £ 3H&
(Unsupervised Learning)

4 g2E 7IENFX| g0

%$ Al-i'l" Y

~

zot o

(Reinforcement Learning)

f

EAI-° E5j A2 |3t N
e %2815l WO
2 ¥9IE Zohte B
27
" 4....2....;

P

Preliminary study

Genomic of Drug - DNA mutation
Sensitivity Cancer - RNA expression
R - Protein expression
Hlo|E &8 - RNA expression - Drug response
- Drug response (Response, non response)
(1c50) J TCGA - Clinical data
- x ‘
Study1 @) Study, 3 Study 41 © Study 4-3
=
"'. 4 ? - - RorNR %Né\ ﬁcal or
MY gl 1 F'rctenn lev R R :
Ehs b = RNA levels .AII compound or RNA levels All drug levels data A“deQ
8 ‘ All drug
S} L RNA Ievels.
| e k=
g ol Study_2 ) StUd’Y_-f"‘z St‘_y 44 sretean
et Ol N TACAGTT
‘,;f;,':" ‘ o> L -Ror R "'hNﬁé.l. Vi *?or
Protéir levels Platindwn drug RNA levels All drug levels Mutation A drug
| —
1
v
S e 9) N o) N
AutoEncoder +0|% B s + 05 2 dstets + 0|5 22
0000 (Reinforcement Learning) (Supervised
°.° " . Reinforcement Learning)
o006 ®e%° .o ° * oo °
e we 'Y oo, SRR
o 11 NN
e O . w°
58 S K 52 1 1
= EXI ME}
L 58 £3 MY ) e O
32 5 4Y
~~
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- Bxp ofE BS X
- Linear8t 2}(1C50) O X
- Xto] MF (B2 U2l RNA
dataE E4S AF A 38
£4 214 &)

0.66 | Study_1

Results
A g 3. "
[ HIolEf 23 ] [%gxr baol e otg ws ﬂlé] [ He 9
e
Genomic of Drug .

Sensitivity Cancer

RNA expression

- Drug response(IC50)
Study_2

. T3

Platin

drug

“Fue Positive Rate

e 0'77#[ -84 =50 8

2
S

.
- W3 OF T A

°-734-[ - 88 %20 tfet of% X

Protéin levels
TCGA =9 E3 At F2
Study 3 .
- DNA mutation E 02 /’
- RNA i P/ !
i prsion il =~y — o
- Drug response — Ror % — Study3 (AUC=0.77)
(R $ I o I3 I 1o
i data™ 0 ; o Aldrg o
‘RNA levels
Results
AY o 2.
=20 (=] Sk H
- B2 AHRO| ofBh A ME St AIZE 7t
- HANoR B4 X
Zorsts + 0% 2 \ 4
(Reinforcement Learning) Ve ~
Study_4-1 L °
TCGA u,_y.‘ ) Q{ | . '. K ° - - The model needs least 10000 episodes
i # QO @) Qoo %, o ‘ ‘ for train
" RNA oxpresson T ’ P - 10000 episodes = 3350000 min = 6 years
- Protein i ‘ .
59 £ M9 33670 STXtoi Chet Zatshs 42 =
336! = 1.3998F + 101
336 —n)! xn!
., (336 )
N

- Drug response
(Response, non
response)

- Clinical data
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Results

4y 2 4
| o] E 5 PR s o
[ L2 ] [%ﬁxrﬂsaou E o U o HE o
Study_4-2
o [ zo1sts + o= 21 )
25 ) o \R e e Studyz4:2 0.80
RNA levels All drug . (Supervise .
Reinforcement Learning)
Study 4-3
TCGA = . TN
Ty L]
- DNA mutation ’%N/@ +Clﬁcal* or NR ° %.o. % o
- RNA expression levels data All drug o ° eco
- Protein expression l l xi88 =
- Drug response -
(Response, non Study _4-4 ATGTCAA . . Ha e
response) = TACAGTT =9 EX Mei
- Clinical data '.":ﬁﬁé\ + ::....:.' i L 2 E3 M= )
levels Mutation All drug
Results
{ '
Study 4-2 Za}
. Total gene KEGG cancer pathway COSMIC cancer gene census
G BT Sample size
yP (R:NR) (20531 genes) (525 genes) (683 genes)
AUROC Loss AUROC Loss AUROC Loss
1794
PANCAN @2:58) 0.791 0.795 0.782 0.875 0.720 0.715
BRCA Y R 0.902 0.579 0.913 0.722 0.910 0.624
(15:85) . . . . . .
LGG I\ B 0.939 0.480 0.908 0.591 0.840 0.930
(80:20) . . . . . .
STAD - 10 0.586 2.651 0.620 1.598 0.584 0.941
| (35:65) ) ) ) ) ) ) - Ed FE2 9%
HNSC 59 0.989 0.10 0.958 0.225 0.989 0.139 o zd g
@5:75) . . . . . .
18
KIRC ®9:11) 0.750 21965.61 0.750 8.888 0.750 12.087
11
KIRP (73:27) 0.333 141.36 1.000 0.141 1.000 0.041
-8
KICH (87.5:12.5) 0.500 32591.15 0.500 13.325 0.500 17.119
LUAD [ 0.752 1.143 0.811 0.921 0.750 1.016
@rs3) . . . . . X
43
PRAD — o 0.593 1.230 0.704 1.371 0.580 1.827
(33:67)
\ 7
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Results
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