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안녕하십니까?

한국생명정보학회의 동계 워크샵인 BIML-2021을 2월 15부터 2월 19일까지 개최합니

다. 생명정보학 분야의 융합이론 보급과 실무역량 강화를 위해 도입한 전문 교육 프

로그램인 BIML 워크샵은 2015년에 시작하였으며 올해로 7차를 맞이하게 되었습니다. 

유례가 없는 코로나 대유행으로 인해 올해의 BIML 워크숍은 온라인으로 준비했습니

다. 생생한 현장 강의에서만 느낄 수 있는 강의자와 수강생 사이의 상호교감을 가질 

수 없다는 단점이 있지만, 온라인 강의의 여러 장점을 살려서 최근 생명정보학에서 

주목받고 있는 거의 모든 분야를 망라한 강의를 준비했습니다. 또한 온라인 강의의 

한계를 극복하기 위해서 실시간 Q&A 세션 또한 마련했습니다. 

BIML 워크샵은 전통적으로 크게 생명정보학과 AI, 두 개의 분야로 구성되어오고 있으

며 올해 역시 유사한 방식을 채택했습니다. AI 분야는 Probabilistic Modeling, 

Dimensionality Reduction, SVM 등과 같은 전통적인 Machine Learning부터 Deep 

Learning을 이용한 신약개발 및 유전체 연구까지 다양한 내용을 다루고 있습니다. 생

명정보학 분야로는, Proteomics, Chemoinformatics, Single Cell Genomics, Cancer 

Genomics, Network Biology, 3D Epigenomics, RNA Biology, Microbiome 등 거의 모

든 분야가 포함되어 있습니다. 연사들은 각 분야 최고의 전문가들이라 자부합니다. 

이번 BIML-2021을 준비하기까지 너무나 많은 수고를 해주신 BIML-2021 운영위원회

의 김태민 교수님, 류성호 교수님, 남진우 교수님, 백대현 교수님께 커다란 감사를 드

립니다. 또한 재정적 도움을 주신, 김선 교수님 (AI-based Drug Discovery), 류성호 교

수님, 남진우 교수님께 감사를 표시하고 싶습니다. 마지막으로 부족한 시간에도 불구

하고 강의 부탁을 흔쾌히 허락하시고 훌륭한 강의자료를 만드는데 노력하셨을 뿐만 

아니라 실시간 온라인 Q&A 세션까지 참여해 수고해 주시는 모든 연사분들께 깊이 

감사드립니다. 

2021년 2월 

한국생명정보학회장 김동섭



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. 
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Cancer Genome Study in Big Data Era
Dongwan Hong, Ph.D.
(dwhong@catholic.ac.kr)

Catholic University of Korea, College of Medicine

본 강의 자료는 한국생명정보학회가 주관하는 KSBi-BIML 

2021 워크샵 온라인 수업을 목적으로 제작된것으로 해당

목적 이외의 다른 용도로 사용할 수없음을 분명하게 알립니

다.  수업 목적으로 배포 및 전송 받은 경우에도 이를 다른

사람과 공유하거나 복제, 배포, 전송할 수없습니다. 

만약 이러한 사항을 위반할 경우 발생하는 모든 법적 책임은

전적으로 불법 행위자 본인에게 있음을 경고합니다.
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• Part I: Cancer Big Database

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

• Part II: Cancer Genome Analysis

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

• Part III: Artificial Intelligence Study using Cancer Big Data

Overview

PART I

What is the title of the paper 

you are preparing for publication ?
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Best performing words

Worst performing words

-3-



John Michael Bishop and

Harold Elliot Varmus

B.C 350

아리스토텔레스는
유전정보가메시지
형태로전달된다고

주장

1859

찰스다윈의
[종의기원출간]

1865

그레고어멘델이
독립적인유전단위를발견

1866

프리드리히미셔는
처음으로핵산분리

1902

Boveri–Sutton

chromosome theory

Hardy–Weinberg

principle

1902

Avery, MacLeod, 

McCarty 실험
: DNA 유전정보를
전달하는물질확인

1944

Watson-Crick 

Structure of DNA

1953 1958

Central Dogma

of Molecular Biology

1977

Sanger method &

Maxam-Gilbert method

1983

Mullis - PCR

1986

Michael Hunkapiller

automatic sequencing

1990~2003

Human Genome Project

1961

Genetic 

code

201020122017 2008

1000 Genomes Project

(Population-scale 

sequencing)

1976

John Michael Bishop and

Harold Elliot Varmus

레트로바이러스성종양
유전자들을발견

Precision
Medicine

Illumina사
NovaSeq

2015

YRI, CEPH, Asian 

sequencing

New Mechanism
- chromothripsis

- Mutational 
Signatures

The History of Cancer Genomics

Ding et al., Cell 2018

Nature, 2020

~2,700 PanCan WGS

TCGA Research Network Publication

UK Sanger 

Nature 2009
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Cancer Big Project

Li Ding et. al., Cell 2018

● TCGA project was finished with advancements in 

cancer genomics

○ Systemized large-scale genomics-based 

cancer research (33 types / 11,000 tumors)

F-22 Raptor stealth fighters

Trend 1. Data are More Impactful Than Individual Reports 

Report < Data
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Trend 2. Medicine Outweighs Research

Research < Medicine

Clinical Genomic Big Data

500 PB (2012) -> 25,000 PB (2020)

TCGA Research Network

1 patient = 2TB external HDD

12,500,000 patients

Exa -> Zeta -> Yotta
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• Part I: Cancer Big Database

• History of cancer genome study

• Cbioportal, Xena browser and GDC data portal

• Study example of cancer big database 

The first version of TCGA(The Cancer Genome Atlas)

TCGA data portal cbioportal CGHub

Next Generation Sequencing data
> 20 peta bytes

Clinical Genomic Data (2020)
~ 25,000 peta 
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NEJM, Sep, 2016

Toward a Shared Vision for Cancer Genomic Data

Cell, 2017

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

cBioPortalTCGA, ICGC

MSKCC

Broad

Sanger

Genomic/
Clinical Data
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Summary 보기

Prostate Adenocarcinoma (TCGA, Provisional) 선택

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

* 20가지의 암종에 대하여
총 292 스터디, 107,299 샘플
(116,057 시퀀싱) 포함

Prostate Adenocarcinoma (TCGA, Provisional) Study Summary 보기

Overall Survival Disease Free Survival

-9-



Distribution of genomic aberrations in Korean primary prostate cancer

Gene fusions in Korean prostate cancer
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Prostate cancer related genes

mRNA Expression 
z-score 선택/설정

공간 (space)로 분리
• CHD1
• SPOP
• FOXA1
• TMPRSS2
• ERG
• SLC45A3
• PTEN
• SPINK1
• ANPEP

“All gene symbols are valid” 확인

1

2

3

Summary of cancer genes

각 sample들에 대한 genetic alteration 모음

변이가 일어난 샘플 비율 (유전자 클릭/움직여서 위치 수정 가능)

9개의 유전자 변이들이 있는 총 샘플 수
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Xena Public Xena Private

TCGA, ICGC

TARGET

GTEx

CCLE

개별 연구과제
데이터

개별 연구과제
데이터와

Public 데이터
비교분석

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

UCSC Xena Browser

20,530 rows, 550 columns

TCGA-H9-A6BY-01
TCGA-EJ-7314-11
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https://xenabrowser.net/datapages/

Access Xena Browser, Select TCGA PRAD

리스트에서 TCGA Prostate Cancer (PRAD) 찾기1

TCGA Prostate Cancer (PRAD) 클릭2

Gene Expression 데이터 다운로드

HiSeqV2.gz 다운로드됨

1

2
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Gene Expression 데이터로 간단한 분석하기

1. https://github.com/cgab-ncc/Tutorials 로 이동

(Tutorials 소스코드 공유 페이지)

2. Google Drive로 이동

클릭

3. Tutorials → Xena Browser 로 이동

4. OS (운영체제)에 맞게 Mac 혹은 Windows 버전 (analyze_gene_expressions) 다운로드

폴더 안에 있는
analyze_gene_expressions

응용 프로그램 다운로드

Gene Expression 데이터로 간단한 분석하기

5. analyze_gene_expressions 더블 클릭하여 프로그램 실행
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6. “열기” 창이 나오면 Step 1 에서 다운로드 했던 HiSeqV2 (gene expression file) 
선택/열기 (프로그램 시작 시 초기화 시간: 약 15초 )

Gene Expression 데이터로 간단한 분석하기

7. 프로그램 수행 중인지의 확인

8. 프로그램이 다 끝나면 analyze_gene_expressions 파일이 있는 위치에 results 폴더
생성(컴퓨터 사양에 따라 최대 10분 소요 가능) 

Gene Expression 데이터로 간단한 분석하기
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필드 설명

1 gene_name 유전자이름

2 tumor_samples_count tumor 샘플개수

3 normal_samples_count normal 샘플개수

4 avg(tumor) tumor 샘플들의유전자발현평균값

5 avg(normal) normal 샘플들의유전자발현평균값

6 avg(tumor)/avg(normal) Fold Change (4번을 5번으로나눈값)

7 avg(tumor)=0_count tumor 샘플들중발현값이 0인샘플수

8 avg(normal)=0_count normal 샘플들중발현값이 0인샘플수

9. results 폴더에 생성된 있는 파일 필드들에 대한 설명

analysis.csv

Gene Expression 데이터로 간단한 분석하기

필드 설명

1 gene_name 유전자이름

2 T Tumor group

3 N Normal group

9. results 폴더에 생성된 있는 파일 필드들에 대한 설명

gene_expressions.csv

Gene Expression 데이터로 간단한 분석하기
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https://en.wikipedia.org/wiki/Matrix_(mathematics)

Matrix

An m × 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, a2,1 represents the element at the second row and 
first column of the matrix.

Gene

Experiment or Sample

NORMAL (CONTROL) TUMOR (TREATMENT)

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 packages

• https://cran.seoul.go.kr
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Stable version (3.6.3)

• R studio

• https://www.rstudio.com/
products/rstudio/
download/#download
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IDE (Integrated Development Environment)
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setwd("C://project//R")
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> 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_fjns00jg9ytjprdsxkd00000gn/T//Rtmp0BReEZ/downloaded_packages

Run selected R scripts setwd("C://project//R")
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Browsing the output

Browsing the output
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Load “expression_values.csv” in EXCEL

90개 샘플 (normal: 18개, Tumor: 72개)
20 metabolic genes

> View (data)
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> View (data)

Variable (변수) <- value (값)
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> View (iDATA)

library(ggplot2)

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$value <- log2(as.double(levels(iDATA$value))[iDATA$value])
iDATA$type <- toupper(iDATA$type)
iDATA$type <- gsub("_"," ",iDATA$type)

pdf(paste0(gNAME,".pdf"))
ggplot(iDATA,aes(type,value)) + geom_boxplot(aes(fill = type)) +

xlab("") +
ylab(paste0(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())

drawBoxplot.R
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library(ggplot2)

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$value <- log2(as.double(levels(iDATA$value))[iDATA$value])
iDATA$type <- toupper(iDATA$type)
iDATA$type <- gsub("_"," ",iDATA$type)

pdf(paste0(gNAME,".pdf"))
ggplot(iDATA,aes(type,value)) + geom_boxplot(aes(fill = type)) +

xlab("") +
ylab(paste0(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

source: https://www.healthknowledge.org.uk

Parametric and Non-parametric tests for 
comparing two or more groups
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library(ggplot2)

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$value]
iDATA$type <- toupper(iDATA$type)
iDATA$type <- gsub("_"," ",iDATA$type)

nor <- iDATA[iDATA$type == "NORMAL",1]
tur <- iDATA[iDATA$type != "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)

drawBoxplot_wp.R

pdf(paste0(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(paste0(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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Higher impact papers 
through reusing public data

Dr. Myles Axton
Chief Editor, 
Nature Genetics. 

TP53 (chr17 : 7579312)

BREAST : TCGA-AO-A12F

(C > G, silent mutation)

LUNG : TCGA-60-2712

(C > A, silent mutation)

Examples of abnormal splicing related intron retention
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Cancer sequencing statistics
Cancer Type Number of samples RNA-Seq read length

BRCA 503 2 x 50 bp

COAD 217 76 bp

KIRC 400 2 x 50 bp

LUSC 178 2 x 50 bp

OV 273 2 x 75 bp

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

Getting an account of eRA commons

Controlled-
access
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Getting an account of dbGaP

Controlled-
access

인증된 사용자만
로그인 가능.

GDC Data Portal
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Data Portal Summary
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전체 샘플 다운로드

개별 샘플 다운로드
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Tumor suppressor genes with LBMEs 
causing intron retention

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

• Normal Splicing: Wild Type
• Abnormal Splicing: Mutant Allele

Identification of SNVs disrupting splicing

Ref
Ab.

Alt
Ab.

Ref
Nor.

Alt
Nor.
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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

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

• Positional association of somatic SNVs with abnormal splicing
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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

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 
junctions
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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.

Two more Vs are necessary for cancer genomic data
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Genomic databases in cancer research

= 100Tb

= 1 million $

GDC

cBioPortal

CPTAC

개발인원 (PI수)

NCI University of 

Chicago

OICR

MSKCC Dana-Farber 

cancer institute

Proteome 

Characterization 

Centers

Proteogenomic
Data Analysis 

Centers

Proteogenomic
Translational 

Research Centers 

데이터 보유 현황

…

10.9Tb

개발금액

총 53명 이상
MSKCC 15명
Dana-Farber 8명

총 20명 이상
NCI: 4명
Chicago 6명
OICR: 4명

총 23명 이상
각 7, 10, 6명

약 70,000개 시퀀싱
데이터

4.1페타 바이트

단백질: 약 11테라
약 2만명의 사용자가
300테라 다운로드

약 220억

약 88억

약 55억
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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

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

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

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

Standardization for machine learning & deep-learning

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

ENCODE Project Consortium. Science 2004.

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

Scenario #1. 

With cBioPortal, 

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

89

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

Usage of genomic databases in cancer research - Scenario #1

90

CCLE; Barretina, Jordi, et al., Nature 2012. http://firebrowse.org

We confirmed expression of gene X at both cell line 

(CCLE) and patient cohort level (Broad GDAC). 

Expression level of gene X in prostate cancer was higher 

than in other cancers.
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Usage of genomic databases in cancer research - Scenario #1

91

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

In Harmonizome, we identified high expression of gene X 

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

ERG fusion positive model of prostate cancers.

Also, this gene was predicted to be a target of ETS1, 

which is an ETS-family transcription factor like ERG.

Usage of genomic databases in cancer research - Scenario #1

92https://depmap.org/portal/

Among 8 prostate cancer cell lines,

VCaP cell line was the one with highest gene X 

and ERG expression level.

Significant co-occurrence of high expression level 

of ERG and gene X was confirmed in cBioPortal.
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Usage of genomic databases in cancer research - Scenario #1

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.

Paulo, Paula, et al., Neoplasia 2012.

An example of cancer genome study
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An example of cancer genome study

A 연구원

연구과제질문
(1) 2010년부터 2016년 사이에 내원한
(2) HNSCC 환자 중
(3) p16 마커의 변이 리스트와 PIK3CA의
발현 검색

EMR을접속하여 (1), (2) 에해당하는
환자리스트를얻어야함.
임상유전체분석실의오믹스데이터베이스
시스템에서 (3)의정보를제공받아야함
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현재연구용의무기록열람신청과정

A 연구원 B 의사

공동연구팀 내부 의무기록 열람 신청서
+ 환자리스트

IRB 의무기록실

연구용의무기록열람권한부여

1 2 3 4

5

W Best EMR

6

보완해야할 현재연구용의무기록열람과정

W Best EMR

분석가능한형식으로
의무기록다운로드

불가능

연구에불필요한
개인식별정보

노출

역추적가능
의무기록

노출
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의무기록실

권한관리

A 연구원 B 의사

공동연구팀

의무기록데이터접근

서비스접근
ID에대하여
권한부여및
토큰생성

권한 및 접근 레벨 확인

열람권한신청 + 
환자리스트전달

ID/PW 해당
토큰회신

ID Password 환자리스트 토큰

R100 (hashed)
[P1,P2,

…,Pn]
Nx12000

… … …

W Best EMR 
데이터베이스

익명화 표준화

연구용 데이터 변환 시스템

연구용의무기록
데이터요청

연구용 데이터 뷰어 시스템

ID

Password

권한관리

A 연구원 B 의사

공동연구팀

연구용 데이터 뷰어 시스템

의무기록데이터회신
(raw data)

ID/PW로
서비스로그인중

연구용
의무기록회신

ID Password 환자리스트 토큰

R100 (hashed)
[P1,P2,

…,Pn]
Nx12000

… … …

W Best EMR 
데이터베이스

익명화 표준화

연구용 데이터 변환 시스템

연구용의무기록
데이터회신

(연구용데이터로
변환

: 익명화,
개인식별정보삭제
등->역추적불가)

의무기록실

권한 기록 저장
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Introducing ARCHON

1

2

3

ARCHON Under the Hood
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QBE by metadata

Differentially Expressed 
Genes

(HPV+ vs HPV-)

HPV-HPV+

SampleID
Unmapped 

reads
HPV mapped

reads
Coverage

HNT-104 3000888 114442 2185.78 

HNT-047 3916972 69068 1319.16 

HNT-042 4119288 64806 1237.76 

HNT-084 3882408 26168 499.79 

HNT-089 5046720 12712 242.79 

HNT-085 4777744 12614 240.92 

HNT-076 7378248 1186 22.65

HNT-051 3497408 212 4.05

H
P
V
+

HNT-076 with low HPV mapping coverage 
showed a distinct expression pattern 
compared to other HPV positive samples.

HNT-051
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CRDW (Clinical Research Data Warehouse)

Example of NLP-based data

extraction on clinicopathology 

report.

Our CRDW system 

automatically updates all 

clinicopathology reports for all 

inpatients undergoing surgery

CRDW Use Case
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CRDW

http://data.ncc.re.kr;

Nature comm. (2019)

CRDW Use Case

TO Part II
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PART II

• Part I: Cancer Big Database

• History of cancer genome study

• Cbioportal, Xena browser and GDC data portal

• Study example of cancer big database 

• Part II: Cancer Genome Analysis

• Mutational Signature Analysis: Mutalisk and FIREVAT

• Data driven subtyping of cancer

• Part III: Artificial Intelligence Study using Cancer Big Data

With which methods?
▪ 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 -> MSIsensor, MSIseq, MOSAIC…
- Homologous recombination defects –> Signature 3, HRDetect, SigMA, combined HRD scores…

ICGC Mutational Signatures Working Group

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

Nucleic Acids Research (2018)

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

C>A C>T
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Mutational Signature v2

Mutational Signature (v3 – May 2019)

114

- 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

116

Human genome ≈ 3,000-megabase (Mb)

If there are 3,000 mutations

we’d expect a random dispersion of mutations (approx. 1 mutation/Mb)
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117

However, in reality, we observe uneven distribution of mutations

in genome due to favored contexts 

118
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Blind Source Separation Problem

119

Blind Source Separation (Decomposition) Problem
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Mutations accumulated over lifetime can be decomposed

121Jennifer Ma et al., Nat Comm 2017

Mutational signature decomposition

122

Alexandrov et al., Cell 2013
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Mutational signatures

123

Alexandrov et al., Nature 2013

30 Catalogue of Somatic Mutations in Cancer 

(COSMIC) signatures
65 PanCancer Analysis of Whole Genomes 

(PCAWG) signatures

Campbell et al., bioRxiv 2017

Age [1, 5]

APOBEC activity [2, 13]

Homologous recombination deficiency [3]

Defective DNA mismatch repair [15, 20. 26]

Tobacco smoking/chewing [4, 29]

Ultraviolet light exposure [7]

POLE mutations [10]

Exposure to aristolochic acid [22]

Alkylating agent temozolomide [11]

Aflatoxin [24]

Clock-like mutational signatures

124

Nik-Zainal et al., Clinical Cancer Research 2017

Alexandrov, Ludmil B., et al. Nat Gen 2015

Signature 1 and 5 is positively 

correlated to the age of patients
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Mutational signatures are clinically relevant

125
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.”

126Helen Davies et al., Nature Medicine 2017

HRDetect Development Workflow

Mutational signature #3 
(homologous recombination defect)
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Mutational signature #3 (homologous recombination defect)

127

Helen Davies et al., Nature Medicine 2017

Accurate Identification of BRCA1/2 Deficiency

Mutational signature #3 (homologous recombination defect)

128Eric Y. Zhao et al., Clinical Cancer Research 2017

Homologous Recombination Deficiency and Platinum-Based Therapy 

Outcomes in Advanced Breast Cancer
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Localized hypermutations (kataegis)

129

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

Transcriptional strand bias

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

ftp://ftp.sanger.ac.uk/pub/resources/theses/snz/chapter6.pdf
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Somatic mutation rates are biased by transcriptional strand

131

Alexandrov et al., Nature 2013

Hepatocellular carcinoma

Melanoma

Lung adeno, squamous and small cell carcinoma

Fewer mutations accumulate on the transcribed strand

Cancer and epigenomics

132

Esteller, Nature Reviews Genetics 2007
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133

Schuster-Bockler and Lehner, Nature 2012

Mutation rates are correlated with genomic/epigenomic modifications

Mutation rates also vary with DNA replication timing

134

Lawrence et al., Nature 2013
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Putting them altogether to better understand mutations operative in cancer

135

Mutational signatures Transcriptional strand bias
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Existing mutational signature decomposition tools

136

Tool
Graphical user interface 

available?

Batch analysis 

possible?

Results 

downloadable?

WTSI
(Alexandrov et al., Cell 2013)

No Yes Yes

deconstructSigs
(Rosenthal et al., Genome Biology 2016)

No Yes Yes

MutaGene
(Goncearenco et al., Nucleic Acids Research 2017)

Yes No No
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Mutalisk: a web-based somatic MUTation AnaLysIS toolKit for genomic, transcriptional and 

epigenomic signatures (Nucleic Acids Research, 2018)

개방형 오픈 플랫폼

138

Available at  http://mutalisk.org/

1. Identification of mutational signatures

1. Analysis of associations between various

genome/epigenome regulatory elements

and somatic mutation rates
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Mutalisk (1) – analysis options

139

31 cell lines

COSMIC, PCAWG (SigProfiler)

signatures 

GRCh37/hg19, 

GRCh38/hg38, 

GRCm38/mm10, 

WBcel236/ce11,

WS220/ce10

Multiple vcf files

(max 100)

Linear regression

or multinomial test

methods (signature 

decomposition)

42 cancer types

User/custom

signatures

Mutalisk (1) – analysis options

140

Provide a tab-delimited .txt signature file
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Mutalisk (1) – analysis options

141

User-uploaded data are permanently deleted after 48 hours; 

you may access the analysis results for 48 hours

Mutalisk (2) – preprocessing

142

A

C

G

T

C > G

C > T

C > A

T > A

T > C

T > G

Somatic

mutations

6 types of 

substitutions 

5’ 

nucleotide

3’ 

nucleotide

96 substitution 

classes

A

C

G

T
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Mutalisk (3) – rainfall plot (kataegis)

143

Lung cancer sample (Lee et al., J Clin Oncol 2017)

Mutalisk (4) – mutational signature identification

144

Signatures selected

4

2
1

15

10

21

30

1

21

421

421 10

421 10 15

421 10 15 21

421 10 15 21 30

Compare by bayesian 

information criterion (BIC)

k = 1

k = 2

k = 3

k = 4

k = 5

k = 6

k = 7

-72-



Mutalisk (4) – mutational signature identification

145

Somatic

mutations

Mutalisk (4) – mutational signature identification

146

Somatic

mutations
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Mutalisk (4) – mutational signature identification

147

Melanoma sample (Pleasance et al., Nature 2010)

Alexandrov et al., Nature 2013

Mutalisk (4) – mutational signature identification

148

Mutalisk identifies up to 7 decomposition models
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Mutalisk (4) – mutational signature identification

149

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

Tool
Median cosine 

similarity

Mutalisk 0.966

deconstructSigs 0.948

MutaGene 0.931

Mutalisk (5) – transcriptional strand bias analysis

150

UCSC

RefSeq

Strand annotation Goodness of fit test 

Reference 

genome

Transcribed 

strand region 

proportion

Untranscribed 

strand region 

proportion

CRCh37/hg19 0.19044 0.20010

GRCh38/hg38 0.18885 0.28435

Somatic

mutations

-75-



Mutalisk (5) – transcriptional strand bias analysis

151

Melanoma sample (Pleasance et al., Nature 2010) Pleasance et al., Nature 2010

T = transcribed

UT = untranscribed

Mutalisk (6) – genomic/epigenomic modification analysis

152

DNA replication timinig 

(Repli-seq)

ENCODE

Histone modification

DNase I hypersensitivity

• Goodness of fit test 

• Correlation analysis

Low Int High
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Mutalisk (6) – genomic/epigenomic modification analysis

153

H3k9me3 , melanoma sample (Pleasance et al., Nature 2010)

154

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

155

Melanoma sample (Pleasance et al., Nature 2010)

Schuster-Bockler and 

Lehner, Nature 2012

Mutalisk

Mutalisk (6) – genomic/epigenomic modification analysis

156

• Forward feature selection (generalized least-squares model 

and Akaike information criterion)

• Explained variance computed by linear regression

Melanoma sample (Pleasance et al., Nature 2010)
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Mutalisk (7) – downloading results

157

PDF

TXT

Tobacco-associated mutational signature #4

158

Lifetime 

non-smokers

Current 

smokers

TCGA Lung Adenocarcinoma Samples
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Run Mutalisk

sample_lung.vcf

Variant Call Format (VCF): sample_lung.vcf
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Run Mutalisk (v3)
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Interpretation of signature results
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FIREVAT: finding reliable variants without artifacts in human cancer samples using 

etiologically mutational signatures (Genome Medicine, 2019)

Machine learning
(Q learning)

176

Formalin Fixed Paraffin Embedded

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

Full of False-PositivE variants

Lamy et al., Mod Pathol 2011 Ye et al., J Thorac Oncol 2013 Haile et al., NAR 2018
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177

Common problem in variant filtering

QSS

QSS

QSS

Normal REF average

Tumor REF average

Tumor ALT average

NCC prostate cancer sample ID 233

How to decide the optimal QSS value ?

178

Installation FIREVAT software in R

- Minimum requirement: R version >= 3.4.2
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179

Running FIREVAT in R

library(FIREVAT)
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 = 'hg19',
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

)

firevat_run.R
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181

FIREVAT results

182

FIREVAT refinement on TCGA-EB-A24D (SKCM)
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183

FIREVAT refinement on TCGA-EB-A24D (SKCM)

184

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

• Mutalisk웹사이트 (http://mutalisk.org)에서제공하는melanoma 
환자의돌연변이데이터 (sample_melanoma.vcf)를다운로드받아
서분석을진행하고다음물음에답하시오.

• Version 2와 Version 3을이용한시그니처분석후 1st, 2nd signature
번호 (타입)는각각무엇인가?

• Replication timing에서돌연변이가가장많은구간과유의미한돌
연변이는무엇인가? (Version 2, 3 각각에대해답하시오.)

185

Self Test #2

• Data 폴더에서제공하는두경부암돌연변이파일(TCGA-CR-7399-
01A-11D-2012-08_TCGA-CR-7399-10A-01D-2013-
08_mutect_annotated.vcf)에서 artifacts시그니처와남은정제된
시그니처타입 (번호)은각각무엇인가?
• 분석시 parameter option은 Data 폴더에서제공하는파일

(MuTect2_Filtering_Params.json)을활용하시오.

•전체돌연변이개수, artifact 그룹의돌연변이개수, refined 그룹의
돌연변이개수를각각구하시오.

186
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Head and Neck Cancer Study

Leemans et al., Nature reviews cancer (2011)

• Three genetic subclasses of 

HNSCCs

• HPV(+) (human 

papillomavirus)

• HPV(-)

• High CIN (chromosome 

instability)

• Low CIN

TCGA HNSCC study (2015, Nature)
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Targetable genes in HNSCC?

개별환자의 therapeutic target을확인했을뿐,

암발병의기전이나
임상, 치료적측면에활용가능한환자군구별방법은없음

CPTAC
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193

MutaliskR DBS signature

DBS4

DBS2

DBS2

DBS11

HPV+/APOBEC+

HPV+/APOBEC-

HPV-/SMOKING+

HPV-/SMOKING-

HNT-073 sample cluster n.sv svaf1 svaf2 circos.color classification

HNT-073 24 244 0.124 0.134 red multichromosomal_chromothripsis

Integrative SV analysis with Hi-C (Chromothripsis)
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TO Part III

PART III

• Part I: Cancer Big Database

• History of cancer genome study

• Cbioportal, Xena browser and GDC data portal

• Study example of cancer big database 

• Part II: Cancer Genome Analysis

• Mutational Signature Analysis: Mutalisk and FIREVAT

• Data driven subtyping of cancer

• Part III: Artificial Intelligence Study using Cancer Big Data
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PART III

Archetypal Story Arc
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 ctually, it’s  ll  bout  I

http://nvidia-research-mingyuliu.com/gaugan

AI

Deep-learning is the hottest 

topic in cancer genomic 

research area
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Latest Cancer Research Trend Analysis - Top 15 Bigrams

As of August 1, 2019~250,000 articles / 1 year (pubmed) 

Latest Cancer Research Trend Analysis - Cancer Genomics
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AI ?

Strong AI = General AI

모든 부분에서 AR 가능한 로봇 또는 인간 수준 AI

Weak AI = Narrow AI

특정 임무를 수행하는 AI

Tesla autopilot recognitionGoogle 광고 개인 최적화 Apple Watch 부정맥 감지

터미네이터 A.I

아이로봇 업그레이드

공상과학 영화
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Which goal ? 

Input

Feature

extractor Classifier

Output

Feature vector

Machine learning Deep learning

Input

Feature extractor & Classifier

Output

Sufficient data?Good hardware ?

No Yes

컴퓨팅 파워의 발전

(500TFLOPS)

*: Teraflops: 초당 1012회의 연산을 처리 할 수 있는 계산 능력

최소 출시: 2006년 11월 11일
최초 가격: $499

CPU: 3.2 GHz 셀 브로드밴드 엔진 1 

PPE, 8 SPEs

RAM: 시스템 RAM: 256MB (XDR 

DRAM)

비디오 RAM: 256MB (GDDR3)

GPU: 550 MHz 엔비디아/SCEI RSX 리
얼리 신시사이저

PS3 1대 FLOPS = 230.4 GFLOPS

미공군 336대의 ps3 를 이용한 도시감시용 슈퍼컴퓨터

500 TFLOPS

최소 출시: 2020년 11월 10일
최초 가격: $499

CPU: AMD ZEN 2 기반 커스텀 마이크
로 아키텍처
제원: 8코어 16스레드, 3.6 GHz

RAM: 16 GB, GDDR6 ECC SGRAM

GPU: AMD RDNA 2 기반 커스텀 마이
크로아키텍처

XBOX 1대 FLOPS = 12.1472 TFLOPS

2001 슈퍼 컴퓨터 ACSI  white

핵무기 관련 시뮬레이션용 사용 (농구장 2배 크기)

12.3 TFLOPS
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컴퓨팅 능력의 저변 확대

Data 분석용 workstation 성능 변화

# of Physical Cores

CPU Mark

Intel Pentium III 1400S @ 1400MHzCPU Intel Xeon Platinum 8268 @ 2.90GHz

Clockspeed 1.4 GHz 2.9 GHz

1 (Threads: 1) 24 (Threads: 48)

194 30,10315.48 배

인공 지능을 이용한 연구 환경 조성 ??

AlphaGo Zero

19hours

70hours

3hours

361! =2.6x10845

가장 큰 수의 단위:1068 무량대수
읽을 수 있는 수:  1071 천무량대수

G
C

A
T A

T C
G

G
C

G
C

A
T G

C C
G

G
C

Point mutation

n

CNV SV

Methylation

Ub

AcMe

Methylation, 
Acetylation,

Ubiquitinatio
n

AUG  … …  UGA AAA AAA

RNA expression Gene fusion 

P

Phospho-protein 

activation
Protein expression 

GENOME

EPIGENOME

TNANCRITPTOME

PROTEOME
인간의 한계

A T G C

(30쌍)

1) 일종의 디지털 데이터 2) 대량의 정보

3) 복잡성

오믹스 데이터

ex)
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Pipeline 계산 능력

Germline variant calling pipelines

FASTQ BAM

Alignment

Dedupped.
sortedBAM

Variant calling

VCF

.

Position sortingDuplicate marking

2

1

3

Workstation Workstation + Illumina DRAGEN Bio-IT Platform

Sci Rep 2020 Nov 19;10(1):20222.

DRAGEN3 vs GATK4  : 오차 범위 내 동일 수준 정확성 동일 데이터 처리 (fastq to vcf) 기준;

9배(GATK4; 27시간, dragen; 3시간) 시간 소요

Deep learning
: 깊은 인공신경망을 알고리즘을 활용하는 머신러닝 기술

Machine learning
: 컴퓨터가 데이터를 통해 스스로 학습하여 예측이나 판단을 제공하는 기술

구글 광고 개인 최적화
(https://adssettings.google.com/authenticated)

ex) ex)

Hidden
Layer 1

Hidden
Layer 2

Hidden
Layer 3

Input

Output

딥러닝 알고리즘을 활용한 얼굴 인식 프로세스

2.7. Machine learning 과 Deep learning

Difference

Input

Feature

extractor Classifier

Output

Feature vector

Input

Feature extractor & Classifier

Output

Human

학습 대상
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Three types of research questions driving application of AI in genomics

(Ching et al., J R Soc Interface 2018)

1. Disease and patient categorization

(Gene expression, DNA methylation)

2. Functional and biological study (DNA sequences)

3. Treatment of patients (Gene expression)

Three types of research questions driving application of AI 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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Here, NBA players are clustered 

in 8 newly suggested positions 

by a machine-learning approach.

Machine Learning Research in Genomics

Capper et al., Nature 2018

Clustering of central nervous system 

(CNS) tumors based on DNA 

methylation data

Over 100 World Health Organization 

(WHO) CNS tumor subtypes

17 histological types
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Three types of research questions driving application of AI 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
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Different Tissues & Physiology, Same Genome

Nucleotide sequences

=

Caterpillar Butterfly

...CGCCGCTGACCTATCATCAGTTC

CAAGCGCTGATAGCGAGCATGCC

CCCGCCTCCGTCCGCCGAACCCA

CCATCAGTTTGGAGACACTCAACC

GCGCCGTTACACCTATCTCGGATA

ATCACGACGAACGATTTGGAGTGC

CGACACTCGAAGAACTTGGCTTCG

ATACGGAAGGTCTTAAACCTCCAA

TATGGATCGGCGGAGAAAACGAA

GCTCTGTTGAGACT...

...CGCCGCTGACCTATCATCAGTTC

CAAGCGCTGATAGCGAGCATGCC

CCCGCCTCCGTCCGCCGAACCCA

CCATCAGTTTGGAGACACTCAACC

GCGCCGTTACACCTATCTCGGATA

ATCACGACGAACGATTTGGAGTGC

CGACACTCGAAGAACTTGGCTTCG

ATACGGAAGGTCTTAAACCTCCAA

TATGGATCGGCGGAGAAAACGAA

GCTCTGTTGAGACT...

Many, So Many Components in Central Dogma

Zou et al., Nat Genetics 2019

DNA

RNA

Protein

19,000+ genes

100,000+ transcripts

1,000,000+ proteins

Central Dogma
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Current Problems in Applying Deep Learning to Genomics

DNA

RNA

Protein

19,000+ genes

100,000+ transcripts

1,000,000+ proteins

To conduct optimal learning, we 

need 

for correlated features

samples for      features

(Hua et al., Bioinformatics 2005)

361M+ samples?

10B+ samples??

1T+ samples???

Deep Learning Research in Genomics

DNA

RNA

Protein

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
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Deep Learning Research in Genomics - DeepSEA

DeepSEA (Zhou et al., Nat Methods 2015)

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

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

Three types of research questions driving application of AI 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

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

Chaudhary et al., Clin Can Res 2018

● Validated the deep learning 

model on 684 patients across 5 

independent cohorts
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Deep Learning Research in Biomedicine

Coudray et al., Nature Medicine 2018

영상 데이터에서
암 조직 돌연변이

여부 예측
(STK11, EGFR, FAT1, SETBP1, KRAS and 

TP53)

Use machine learning algorithm
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Challenges in Cancer Genomic Data for Deep Learning

Our pilot study predicting platinum therapy response using omics data

Challenges in Cancer Genomic Data for Deep Learning 

Our pilot study predicting platinum therapy response using omics data

Method/Model AUC

Random forest 0.619*

SVM 0.612

Ada boost 0.609

Logistic regression 0.593

MLP 0.593

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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Suitable for 

deep-learning

Not suitable for 

deep-learning

Current 

Problems in 

Applying Deep 

Learning to 

Genomics

Cell line data

Cancer Omics Data

Genomics of Drug 

Sensitivity in Cancer

Summary Summary 

GDSC1 GDSC2

Cell line 987 809

Compounds 367 198

IC50 310,904 135242

CCLE

Cell line 1,457

Compounds 24 (504 cell line test) 

Methods & dataset Dataset

WES

Mutation

Fusion

structural variant

miRNA

Global Chromatin

RPPA

Antibody

RPKM

RSEM

Methylation

copy number

metabolomics

Exome sequencing

Array exome sequencing

Mutation

Copy Number

Methylation

Expression

Drug Screening – IC50s

https://www.cancerrxgene.org/ https://portals.broadinstitute.org/ccle
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Human genomic data

Summary 

Data release 28
cancer project

Cancer primer sites 
Donor with molecular data in DCC 

Total donors
Simple somatic mutations

ICGC

86
22

22,230
24,289

81,782,588

Clinical data

Biospecimen Data

WXS

WGS

RNA-Seq

miRNA-seq

Bisulfite-seq

Method

https://dcc.icgc.org/

Proteome

Phosphoproteome

Acetylome

Gycoproteome

Ubiquitylome

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

Method

Studies
Tumor sites

Cases
Samples

Files
Data

ICGC

55
12

2,549
3,639

107,493
25,576GB

Summary 

Summary Method

Clinical data

Biospecimen data

Pathology Reports

SNP microarray

Copy number microarray

Low-Pass DNA Sequencing

Whole exome

Whole genome

SNP microarray

Sequence trace

Diagnostic image

Tissue image

Radiological image

Bisulfite sequencing

Bead array

miRNA Sequencing

Total RNA Sequencing

Microarray

Reverse-Phase Protein Array

https://portal.gdc.cancer.gov/

Projects
Primary sites

Cases
Genes

Files
Mutations

GDC

67
68

84,392
23,399
596,758

3,287,299

Cancer Omics Data

◇ 약품 표기법

◇의학용어 표기법

Bioinformatics, 32(19), 2891-2895.

▶ 각각의 데이터 표기 기준 안에 따른 데이터 구성의 문제 발생
ex)1. IL2 = IL-2 = interleukin – 2 = interleukin–2

2. typing error 

Issues to be considered

데이터 표기의 문제
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AutoEncoder +예측 모델

중요 특징 차원 축소

강화학습 + 예측 모델
(Supervised 

Reinforcement Learning)

중요 특징 선택

Preliminary study - methodology

지도 학습
(Supervised Learning)

비지도 학습
(Unsupervised Learning)

강화 학습
(Reinforcement Learning)

답을 가르쳐주지 않고
공부 시키는 방법

예측, 분류

문제와 정답을 모두 알려주고
공부시키는 방법

연관 규칙, 군집

보상을 통해 상을 최대화
,벌은 최소화하는 방향으
로 행위를 강화하는 학습

환경

벌점

나쁜 것

보상

실험 모델 구
성: 

유전자 발현
에 따른 약물
반응 예측

학습 방법

데이터 활용

- DNA mutation
- RNA expression
- Protein expression
- Drug response
(Response, non response)

- Clinical data

Study_2

Protein levels
R or NR

Platinum drug 

AutoEncoder +예측 모델

중요 특징 차원 축소

강화학습 + 예측 모델
(Supervised 

Reinforcement Learning)

중요 특징 선택

Study_1

IC50

All compound

AAAAAA

RNA levels
All drug 

R or NR
AAAAAA

Protein levels

Study_3

RNA levels

Study_4-1

AAAAA
A

RNA levels All drug 

R or NR

Study_4-2

All drug 

R or NR

AAAAAA

RNA levels

Study_4-3

All drug 

R or NR

AAAAAA

RNA

levels

Clinical

data

Study_4-4

All drug 

R or NR

AAAAAA

RNA

levels Mutation

ATGTCAA
TACAGTT

- RNA expression
- Drug response
(IC50)

Genomic of Drug

Sensitivity Cancer

강화학습 + 예측 모델
(Reinforcement Learning)

중요 특징 선택

Preliminary study
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실험 모델 구성: 
유전자 발현에 따른 약물 반응 예측

학습 방법 학습 결과 (AUC)
학습 모델

한계 및 고려사항데이터 활용

AutoEncoder +예측 모델

중요 특징 차원 축소

- 환자 약물 반응 X
- Linear한 값(IC50) 예측 X
- 차원의 저주 (많은 양의 RNA 

data는 특성을 왜곡 및 중요
특성 흐리게 함) 

- 백금계 약물 단일 사용
- 혼합된 약물에 대한 예측 X

- 특성 추출의 한계

Study_1

IC50

All compound

AAAAAA

RNA levels

All drug 

R or NR
AAAAAA

Protein levels

Study_3

RNA levels

- RNA expression
- Drug response(IC50)

Genomic of Drug

Sensitivity Cancer

0.734 Study_2

0.66 Study_1

0.77 Study_3

- DNA mutation
- RNA expression
- Protein expression
- Drug response
(Response, non response)

- Clinical data

Study_2

Protein levels
R or NR

Platinum drug 

Results

- DNA mutation
- RNA expression
- Protein expression
- Drug response
(Response, non 
response)

- Clinical data

Study_4-1

AAAAA
A

RNA levels All drug 

R or NR

- 많은 차원에 의한 계산량 증가와 시간 증가
- 현실적으로 분석 X

강화학습 + 예측 모델
(Reinforcement Learning)

중요 특징 선택

??? Study_4-1Study_4-1

336개 유전자에 대한 강화학습 경우의 수

෍

𝑛

336!

336 − 𝑛 ! × 𝑛!
= 1.3998𝐸 + 101

- The model needs least 10000 episodes

for train

- 10000 episodes = 3350000 min = 6 years

실험 모델 구성: 
유전자 발현에 따른 약물 반응 예측

학습 방법 학습 결과 (AUC) 학습 모델 한계 및 고려사항데이터 활용

Results
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- DNA mutation
- RNA expression
- Protein expression
- Drug response
(Response, non 
response)

- Clinical data

강화학습 + 예측 모델
(Supervised 

Reinforcement Learning)

중요 특징 선택

Study_4-2

All drug 

R or NR

AAAAAA

RNA levels

Study_4-3

All drug 

R or NR

AAAAAA

RNA

levels

Clinical

data

Study_4-4

All drug 

R or NR

AAAAAA

RNA

levels Mutation

ATGTCAA
TACAGTT

0.80Study_4-2

진행 중Study_4-3,4

실험 모델 구성: 
유전자 발현에 따른 약물 반응 예측

학습 방법 학습 결과 (AUC)데이터 활용

Results

- 특성 추출을 위한
여러 조건 연구

학습 모델
한계 및 고려사항

Study_4-2

학습 결과

Study_4-2 결과

Cancer type
Sample size

(R:NR)

Total gene KEGG cancer pathway COSMIC cancer gene census

(20531 genes) (525 genes) (683 genes)

AUROC Loss AUROC Loss AUROC Loss

PANCAN
1794

0.791 0.795 0.782 0.875 0.720 0.715 
(42:58)

BRCA
278

0.902 0.579 0.913 0.722 0.910 0.624 
(15:85)

LGG
176

0.939 0.480 0.908 0.591 0.840 0.930 
(80:20)

STAD
150

0.586 2.651 0.620 1.598 0.584 0.941 
(35:65)

HNSC
59

0.989 0.10 0.958 0.225 0.989 0.139 
(25:75)

KIRC
18

0.750 21965.61 0.750 8.888 0.750 12.087 
(89:11)

KIRP
11

0.333 141.36 1.000 0.141 1.000 0.041 
(73:27)

KICH
8

0.500 32591.15 0.500 13.325 0.500 17.119 
(87.5:12.5)

LUAD
112

0.752 1.143 0.811 0.921 0.750 1.016 
(47:53)

PRAD
43

0.593 1.230 0.704 1.371 0.580 1.827 
(33:67)

Results
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- 특성 추출 고려
- 예를 들어 , cell
signaling, cellular
processes 등

학습 모델
한계 및 고려사항

Study_4-2

학습 결과

Study_4-2 결과

- 암세포의 신호전달체계 중 항암제 관련 신호전달체계 선택 후, 특성 추출
- 추출된 특성으로 예측모델 수행

특성 추출
group 2

신호전달체계 _A

특성 추출
group 3

특성 추출
group 1

group 1 group 2 group 3 group 2+3

- 항암제 관련 신호전
달체계에서 특성 추
출 후 예측모델 수행
시 학습 능력 향상되
었고 (AUC=0.80)
예측의 불확실 정도
가 개선됨.

개선점

Results

- 특성 추출 고려
- 예를 들어 , cell
signaling, cellular
processes 등

학습 모델
한계 및 고려사항

Study_4-2

학습 결과

Study_4-2 결과

- 암세포의 신호전달체계 중 항암제 관련 신호전달체계 선택 후, 특성 추출
- 추출된 특성으로 예측모델 수행

특성 추출
group 2

신호전달체계 _A

특성 추출
group 3

특성 추출
group 1

- 항암제 관련 신호전
달체계에서 특성 추
출 후 예측모델 수행
시 학습 능력 향상되
었고 (AUC=0.80)
예측의 불확실 정도
가 개선됨.

개선점

group 4 group 5

group 1 group 2 group 3 group 1+2 group 2+3 group 3+1 group 1+2+3

특성 추출
group 4

특성 추출
group 5

신호전달체계 _B

Group 1+2+5 

Results
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- 특성 중 항암제 관련
성이 반영 되지 않는
임상정보 및 돌연변
이를 사용했을 경우
학습 능력 (+돌연변
이:0.78, +임상정보: 
AUC=0.75)이 떨어지
고 예측의 불확실 정
도가 나쁨. 

- Layer 마다 특성을
고려해야 함.

- Layer 병합을 이
용한 실험 모델에서
는 각각 특성 추출
고려
- Layer와 layer 사
이 관계 이해

Study_4-3,4

Study_4-3과 study 4-4 결과 학습 모델
한계 및 고려사항

학습 결과 개선점

Results
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경청해 주셔서 고맙습니다.
Big Data Analysis Lab.

교수: 홍동완 (dwhong@catholic.ac.kr, 010-5363-5404)

연구실: 별관 교204호, 실험실: 별관 10층 암연구소

연구 주제

- Cancer Multi-Omics (WGS, WES, Panel, RNA-Seq, Proteome, Hi-C 등) 분석

- 분석 소프트웨어 및 통합 데이터베이스 개발

- 인공 지능 기반 약물반응성, 적정 치료제, 치료법 개발

- 빅데이터 분석 알고리즘 개발
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