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본 강의 자료는 한국생명정보학회가 주관하는 BIML 2024 워크샵 온라인 수업을 목적으로 

제작된 것으로 해당 목적 이외의 다른 용도로 사용할 수 없음을 분명하게 알립니다.

이를 다른 사람과 공유하거나 복제, 배포, 전송할 수 없으며 만약 이러한 사항을 위반할 경우 

발생하는 모든 법적 책임은 전적으로 불법 행위자 본인에게 있음을 경고합니다.



KSBi-BIML 2024
Bioinformatics & Machine Learning(BIML)

Workshop for Life and Medical Scientists

안녕하십니까?

한국생명정보학회가 개최하는 동계 교육 워크샵인 BIML-2024에 여러분을 초대합니다. 생명정보학 

분야의 연구자들에게 최신 동향의 데이터 분석기술을 이론과 실습을 겸비해 전달하고자 도입한 

전문 교육 프로그램인 BIML 워크샵은 2015년에 시작하여 올해로 벌써 10년 차를 맞이하게 되었

습니다. BIML 워크샵은 국내 생명정보학 분야의 최초이자 최고 수준의 교육프로그램으로 크게 

인공지능과 생명정보분석 두 개의 분야로 구성되어 있습니다. 올해 인공지능 분야에서는 최근 

생명정보 분석에서도 응용이 확대되고 있는 다양한 인공지능 기반 자료모델링 기법들에 대한 현장 

강의가 진행될 예정이며, 관련하여 심층학습을 이용한 단백질구조예측, 유전체분석, 신약개발에 

대한 이론과 실습 강의가 함께 제공될 예정입니다. 또한 단일세포오믹스, 공간오믹스, 메타오믹스, 

그리고 롱리드염기서열 자료 분석에 대한 현장 강의는 많은 연구자의 연구 수월성 확보에 큰 도움을 

줄 것으로 기대하고 있습니다. 

올해 BIML의 가장 큰 변화는 최근 연구 수요가 급증하고 있는 의료정보자료 분석에 대한 현장 강의를 

추가하였다는 것입니다. 특히 의료정보자료 분석을 많이 수행하시는 의과학자 및 의료정보 연구자

들께서 본 강좌를 통해 많은 도움을 받으실 수 있기를 기대하고 있습니다. 또한 다양한 생명정보학 

분야에 대한 온라인 강좌 프로그램도 점차 증가하고 있는 생명정보 분석기술의 다양화에 발맞추기 

위해 작년과 비교해 5강좌 이상을 신규로 추가했습니다. 올해는 무료 강좌 5개를 포함하여 35개 

이상의 온라인 강좌가 개설되어 제공되며, 연구 주제에 따른 연관된 강좌 추천 및 강연료 할인 

프로그램도 제공되며, 온라인을 통한 Q&A 세션도 마련될 예정입니다. BIML-2024는 국내 주요 연구 

중심 대학의 전임 교원이자 각 분야 최고 전문가들의 강의로 구성되었기에 해당 분야의 기초부터 

최신 연구 동향까지 포함하는 수준 높은 내용의 강의가 될 것이라 확신합니다.

BIML-2024을 준비하기까지 너무나 많은 수고를 해주신 운영위원회의 정성원, 우현구, 백대현, 

김태민, 김준일, 김상우, 장혜식, 박종은 교수님과 KOBIC 이병욱 박사님께 커다란 감사를 드립니다. 

마지막으로 부족한 시간에도 불구하고 강의 부탁을 흔쾌히 허락하시고 훌륭한 현장 강의와 온라인 

강의를 준비하시는데 노고를 아끼지 않으신 모든 강사분들께 깊은 감사를 드립니다. 

2024년 2월

한국생명정보학회장 이 인 석



강의개요

Proteogenomic analysis of human cancer

최근에 급속하게 발전된 바이오테크놀로지 기술의 발달로 인해 생명 시스템에 대한 다차원적 이

해가 가능하게 되었으며, 특히 Next generation sequencing (NGS)을 활용한 유전체 연구와 

Mass-spectrometry (MS)를 활용한 단백체 연구가 활발해지고 있다. 암과 같이 복잡한 분자 기전

으로 일어나는 질병은 단일 차원의 데이터만으로는 진단 및 치료 타겟 발굴을 위한 생물학적 이

해가 어렵다고 알려지면서 유전자 레벨에서 단백질 레벨까지 통합적인 해석을 하기 위한 연구들

이 활발해지고 있다. 이러한 접근법 중 대표적인 유전단백체 (Proteogenomics: Proteomics + 

Genomics) 연구 방법은 동일한 생물학적 샘플에서 유전체, 전사체, 단백체 데이터를 동시에 생산

하고 이들 간의 통합분석을 통해 연구대상에 대한 새로운 생물학적 의미를 도출하는 데 유용하게 

활용되고 있다. 본 강의를 통해 현대 오믹스 연구의 두 축인 유전체, 단백체 데이터에 대해 이해

하고 이 두 데이터가 어떻게 통합되어 암을 진단하고 치료 타겟을 발굴하는데 활용될 수 있는지 

배울 수 있다. 

강의는 다음의 내용을 포함한다:

  ⚫ NGS 및 MS 개요

  ⚫ 유전단백체 연구 개요

  ⚫ 유전체-단백체 데이터 통합 방법론 소개

  ⚫ 암 연구를 위한 유전단백체 연구동향

* 참고강의교재: 강의 자료 제공

* 교육생준비물: 노트북 (메모리 8GB 이상, 디스크 여유공간 30GB 이상)

* 강의 난이도: 초급

* 강의: 빈진혁 교수 (연세대학교 의과대학 의생명시스템정보학교실)
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Central Dogma 
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Complexity of molecular entities 

 
Next generation sequencing 

 
Mass-spectrometry 

Genomics 
( ) 

Proteomics 
( ) 

Central Dogma 
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 (Proteogenomics) 

 
Next generation sequencing 

 
Mass-spectrometry 

Genomics 
( ) 

Proteomics 
( ) 

-     

https://arimagenomics.com 
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Genome remains the same but proteome changes 

DNA - tells what possibly 

RNA – tells what probably 

Proteins – tells what actually happens 

-     

   ? 

Proteins are the workers inside your cells 

https://kids.frontiersin.org 

To be functional in a cell 

- Folding 

- Post-translational modification 

- Transport 

- Assembly into complexes 

- Quality control 
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Post-translational modification (PTM) 
: chemical modification of a protein after translation is complete, essential for 
its functionality 

    –   

    –   

Measured by mass 
spectrometry for 
proteogenomic research https://www.genengnews.com/ 
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• Phosphorylation 

- addition of a phosphate group to an amino acid, commonly serine (86.4%), 

threonine (11.8%), or tyrosin (1.8%) 

 

    –   

- key regulatory mechanism in 

many cellular processes, including 

cell cycle, signal transduction 

pathway, and metabolic 

regulation 

 

• Glycosylation 

- attachment of sugar moieties to proteins, typically at asparagine (N-linked) or 

serine/threonine (O-linked) residue 

- cell-cell recognition, immune response, signaling pathway 

• Acetylation 

- addition of an acetyl group to the lysine residue of proteins 

- gene expression regulation by modifying histone, chromatin structure 

• Ubiquitination 

- attachment of ubiquitin (a small regulatory protein) to lysine residue  

- cell cycle control, DNA repair, immune response 

    –   
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   -   

• Cancer is a genetic disease, caused by changes in genes  

that control the way cells grow and multiply 

 

• The Cancer Genome Atlas (TCGA) 

- started in 2006 and ended in 2013, by NCI 

- to catalog genetic mutations responsible for cancer 

- to identify unique and reproducible genomic 

differences that exist among patients and determine 

whether these differences could lead to the 

development of individual treatment 

 

   -   
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   -   

TCGA - Gastric Cancer 

Precision Medicine 

TCGA, 2014, Nature (Gastric cancer) 

   -   
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   -   
• However, mutational profiling alone cannot guarantee accurate predictions 

about the quantity or activity of the proteins affected by driver mutations 

Different responses to BRAF inhibitor Vemurafenib 
among patients with BRAF V600 mutations 

• Need to meaningfully interpret the contribution of genomic features to a 
specific patient’s tumor biology 
 

• Need to have a more complete and precise picture of molecular pathology 
 

• RNA expression levels are often poor predictors of actual protein levels 
 

• Oncogenic/cancer-driving signalings are usually mediated by PTM 
 

Need to incorporate  
proteomic information  Mutation 

CNV mRNA 

Protein/
PTM 

   -   
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CPTAC –    

From 2011, by NCI 

Flagship papers from CPTAC 

Colorectal cancer 
(Nature, 2014) 

Breast cancer  
(Nature, 2016) 

Ovarian cancer  
(Cell, 2016) 

CPTAC –    

From 2011, by NCI 

~10 cancer types, ~ 1,000 tumors 
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Gastric cancer, 2019 Pancreatic cancer, 2022 Glioblastoma, 2024 

 

•  (Proteogenomics)   

•      

•   /   
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    workflow 

Raj et al., 2023, J.Proteins and Proteomics 

    workflow 
1. NGS for genomic and transcriptomic analyses 

Somatic mutations (SNVs, INDEL – vcf/maf format) 

Gene expression (read count matrix) 
Gene fusion 
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    workflow 
2. Mass-spectrometry for proteomic analyses 

 
 
 

Shuken, 2023, J.Proteome Res 

    workflow 
2. Mass-spectrometry for proteomic analyses 

MS/MS MS 
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Shuken, 2023, J.Proteome Res 

    workflow 
2. Mass-spectrometry for proteomic analyses 

MS/MS MS 

    workflow 
2. Mass-spectrometry for proteomic analyses 

MS/MS MS/MS

Reference protein 
sequence database  

Peptide sequence identification  

MS/MS 
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    workflow 
2. Mass-spectrometry for proteomic analyses 

• Peptide identification in tumor samples is incomplete! 
- A typical method to identify peptide sequences from MS/MS scans relies on 
known protein sequences (wild-type) in reference proteome database 
- tumor samples contain many mutations, novel splice junctions, and novel 
protein-coding regions, resulting in novel peptide sequences 
- experimental MS/MS scans cannot match theoretical spectra due to shifts in 
scan peaks 

Shifted MS/MS 

Reference protein 
sequence database 

    workflow 
2. Mass-spectrometry for proteomic analyses 

MS/MS MS/MS

Customized (sample-
specific)  protein  
sequence database  

Peptide sequence identification  

MS/MS 
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    workflow 
2. Mass-spectrometry for proteomic analyses 

Building customized protein sequence database 

 

    workflow 
2. Mass-spectrometry for proteomic analyses 
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    workflow 
2. Mass-spectrometry for proteomic analyses 

 

    workflow 
3. integrative analyses of genomic and proteomic data 
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1. Deciphering proteomic effects of genomic alterations 
 -  measuring the correlation between different entities  

Impact of chr20q amplification on 
mRNA and protein (trans-acting 
CNN hotspot) 
� potential cancer driver 
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1. Deciphering proteomic effects of genomic alterations 
 -  measuring the correlation between different entities  

Mutation-phosphorylation correlation 

 

     

 

2. Redefining and characterizing cancer subtypes 
 -  integrative clustering of transcriptomic and proteomic data 

Identification of novel subtype 
(EMT-enriched) in lung 
squamous cell carcinoma 
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2. Redefining and characterizing cancer subtypes 
 -  integrative clustering of transcriptomic and proteomic data 

 

RNA subtypes can be further 
divided based on proteomics data 

RNA subtype: RNA1/2 
Prot subtype: Prot1/2/3/4 
Phos subtype: Phos1/2/3 
Glyco subtype: Gly1/2/3 

     

2. Redefining and characterizing cancer subtypes 
 -  integrative clustering of transcriptomic and proteomic data 
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3. Assessing tumor immunogenicity  
- proteomic evidence for immune status and neoantigen prediction  

4 Immune subtypes in Endometrial carcinoma 
supported by proteomics data 

 

     

3. Assessing tumor immunogenicity  
- proteomic evidence for immune status and neoantigen prediction  

 

~50% of samples have evidence for putative neoantigens  
in endometrial carcinoma 
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4. mRNA-protein correlation 
- identifying pathways showing high or low mRNA-protein correlation 

• In general, Pearson’s correlation coefficient between mRNA and protein 
is 0.3-0.45 (~1/3 of genes show significant correlations) 
 

• Genes in amino acid and fatty acid metabolism show good correlations 
while genes in house keeping pathways show poor correlations 

 

     

5. Outlier analysis 
- identifying new potential therapeutic targets 

Phosphorylation levels of known DNA 
damage response (DDR) markers 
� DDR-low and DDR-high 

DNMT1: FDA-approved drug target 
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•  (Proteogenomics)   

•      

•   /   

    

1. Data access  

2. Generation of customized protein sequence database 

3. Multi-omics-based patient subtyping 

4. Correlation analysis between different molecular entities 

5. Neoantigen prediction 
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1. Data access 

Proteomics data from CPTAC and its partners: Proteomic Data Commons 
https://proteomic.datacommons.cancer.gov/pdc/ 
 

    

1. Data access 

Proteomics data from CPTAC and its partners: Proteomic Data Commons 
https://proteomic.datacommons.cancer.gov/pdc/ 
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RHOA 

1. Data access 

Genomics data from CPTAC: Genomic data commons 
https://portal.gdc.cancer.gov/ 
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1. Data access 

Standardized multi-omic data matrices (TCGA, CPTAC) 
https://www.linkedomics.org/ 
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1. Data access 

Standardized multi-omic data matrices (TCGA, CPTAC) 
https://www.linkedomics.org/ 

    

2. Customized protein sequence database 
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3. Multi-omics-based patient subtyping 

- Non-negative matrix factorization (NMF) : for single omics data 

    

k1 
k2 

3. Multi-omics-based patient subtyping 

- Non-negative matrix factorization (NMF) : for single omics data 

    

• Consensus clustering - multiple iterations of the chosen clustering 

method on subsamples of the dataset 

• By introducing sampling variability with sub-sampling, this provides 

metrics to assess the stability of the clusters  

 
K = 2 (0: not sampled) 
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3. Multi-omics-based patient subtyping 

- Non-negative matrix factorization (NMF) : for single omics data 

    

k=2 k=3 k=4 

k=5 k=6 

Consensus NMF clustering  

3. Multi-omics-based patient subtyping 

- Integrative Non-negative matrix factorization (NMF) 

An×m ≈ Wn×kHk×p 

n n 

m k 

k 
m 

AA W H 

Modification for  
integrative clustering 

A in×m ≈ W in×k  x H k×m i : data type (i = 1, 2, …p) 

    

Chalise et al., PLOS ONE (2017) 

Q = min W,H  
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3. Multi-omics-based patient subtyping 

- iCluster � iClusterPlus � iClusterBayes 

• Joint integrative clustering to model 
continuous and discrete omics data 
 

• Reduce multi-high dimensional space to a 
low dimensional subspace that will 
collectively capture the major variations 
of the multiple datasets 
� low dimensional subspace can be used 
to cluster the samples 
 

• Simultaneous identification of features 
that contribute to sample clustering 

 

    

    

R package for iClusterPlus and iClusterBayes 
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4. Correlation analysis between different molecular entities 

- Use Pearson (linear relationship) or Spearman (monotonic relationship) 

mRNA 

Pr
ot

ei
n 

Pr
ot

ei
n 

linear monotoni
c 

mRNA 

- t-test (parametric) or Mann-Whitney U test (Non-parametric) 

 

    

5. Neoantigen prediction 

NeoFlow  
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Contact 

   

E-mail: jbhin@yuhs.ac 

Lab homepage: https://sites.google.com/view/cpm-yucm/ 

Office:    107   

Tel: 02-2019-5470  
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