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본 강의 자료는 한국생명정보학회가 주관하는 BIML 2026 워크샵을 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 행위자 본인에게 있음을 알립니다.



KSBi-BIML 2026
Bioinformatics & Machine Learning (BIML) Workshop for Life Scientists

한국생명정보학회가 주최하는 BIML-2026 동계 Bioinformatics &Machine Learning 교육 워크숍에 

여러분을 초대합니다. 

BIML 워크숍은 생명정보학 연구자들이 최신 AI바이오 분야의 인공지능 기반 분석 기술과 바이오 

데이터 분석 기법을 이론과 실습을 통해 체계적으로 배울 수 있는 전문 교육 프로그램입니다. 

2015년에 시작된 BIML 워크숍은 올해로 12년 차를 맞이하며, 국내 생명정보학 분야의 최초이자 최고 

수준의 교육 프로그램으로 자리 잡았습니다. 이번 워크숍은 크게 인공지능바이오(AI바이오) 분야와 

디지털바이오 분야, 두 분야로 구성됩니다. 

AI바이오 분야에서는 생명정보 분석에 폭넓게 응용되고 있는 다양한 인공지능 기반 자료 모델링 

기법을 다룰 예정입니다. 특히, 인공지능 심층학습을 활용한 단백질 구조 예측, 유전체 분석, 신약 

개발에 대한 이론 및 실습 강의가 진행됩니다. 

또한 디지털바이오 분야에서는 단일세포오믹스, 공간오믹스, 멀티오믹스, 메타오믹스에 대한 강의도 

마련되어 있어, 연구자들의 분석 역량 강화에 실질적인 도움을 줄 것으로 기대됩니다. 

또한 2024년부터 추가된 의료정보 자료 분석을 다루는 강의를 올해도 지속해서 운영하고자 합니다. 

이는 최근 의료정보 자료 분석에 관한 연구 수요 증가를 반영한 것으로, 관련 연구를 수행하는 

의과학자 및 의료정보 연구자들에게 유용한 지침을 제공할 것입니다. 

또한, 올해도 생명정보학 기술의 다양화에 발맞춰 온라인 강좌를 대폭 확대했습니다. 올해는 무료 

강좌 10개를 포함한 총 40개 이상의 강좌가 개설되며, 연구 주제에 맞는 강좌 추천과 강연료 할인 

혜택도 제공합니다.

BIML-2026는 국내 주요 연구 중심 대학의 전임 교수 및 각 분야 최고 전문가들의 강의로 구성되어 

있으며, 기초 이론부터 최신 연구 동향까지 아우르는 심도 있는 교육의 장이 될 것으로 확신합니다. 

여러분의 많은 관심과 참여를 기대합니다!

2026년 2월

한국생명정보학회장 류 성 호



강의개요

Introduction to Cancer Immune Analysis

암은 인간의 면역과 밀접한 관계를 가진다. 암이 처음 생겨나는 과정에서 다양한 면역을 이겨내고 

무력화시키기도 하고, 암을 치료하는 과정에서도 면역이 적극적으로 활용되기도 한다. 암이 가지는 

신항원 (neoantigen) 은 암 면역치료의 핵심 타겟이 되는 한편, 암 주변의 미세환경 (microenvironment) 

에 따라 그 효과가 달라지기도 한다. 이렇듯, 암의 예방과 치료에 대한 핵심전략으로 떠오르는 면

역과의 상관성을 분석하는 것은 암 유전체학의 매우 중요한 부분이다. 

본 강의에서는 WES, RNA-seq, Single-cell 및 Spatial Transcriptomics 를 기반으로 한 암 면역성과 

미세환경을 분석하는 방법에 대한 전반적인 이론과 실습을 수행한다. 이를 통해 면역치료의 타겟, 

바이오마커 발굴, 종양의 면역학적 특성을 이해할 수 있다.

강의는 다음의 내용을 포함한다:

  ⚫ 암 면역성과 면역치료 전략 (이론)

  ⚫ DNA-seq을 이용한 종양 내 신항원 예측 분석 (이론 및 실습)

  ⚫ RNA-seq 을 이용한 종양미세환경 분석 (이론 및 실습) 

  ⚫ Single-cell 및 spatial transcriptomics를 이용한 종양미세환경 분석 (이론 및 실습)

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

* 강의 난이도: 중급

* 강의: 김상우 교수 (연세대학교 의과대학) / 홍지윤 조교
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Cancer Immunotherapy: 
 

Exploit host’s immune system to treat cancer 
- Generate or augment an immune response against cancer 

Introduction to Cancer Immune and  
Immunotherapy 

3 
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Cancer Immunotherapy as a new hope  

5/62 

Immune and cancer 

• Immunosuppressed patients have a higher risk for cancer 

 

 

 

• Spontaneous regression occurs one in every 60,000 to 100,000 ca
ncer cases 

Chida et al, Surg Case Rep 2017 

First visit 1 week later CD3+CD4+ T-cell No cancer 
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Adaptive Immunity / T-cell activation  

7/62 

The history of immunotherapy 

erysipelas 
Coley, Annals of Surgery, 1981 
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Immunoediting of cancer 

• Elimination (immunosurveillance): 
• Initial damage (possible destructi

on) of tumor cells by innate imm
une system 

• Tumor antigen presentation and 
attacked by CD4+, CD8+ T-cells 
 

• Equilibrium: 
• Survived tumor cells do not progr

ess and remain dormant 
 

• Escape: 
• Cancer cells grow and metastasiz

e due to the loss of control by the 
immune system 

9/62 

Tumor Antigens 

TAA (Tumor Associated Antigen): presented in tumor cells + (some normal cells) 
TSA (Tumor Specific Antigen): presented only in tumor cells 
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CURRENT APPROACHES  

12 

11/62 

Immune evasion 

• Paralyze CTLs and NK cells by s
ecreting TGF-β or immunosup
pressive factors 
 

• Recruitment of regulatory T-ce
ll (Tregs) and myeloid-derived 
suppressor cells (MDSCs) 
 

• Loss of MHC class I expresssion 

Hannahan and Weinberg, 
Hallmarks of cancer: The Next 
Generation, Cell 2011 
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Adverse effects and personalization 

• Adverse effects in ACT 
- cytokine storm 
 

• Need to target “tumor-specific” antigen 
• Neoantigen? 

Courtney Humpreies, Nature 504, S13-15, 2013 

13/62 

1. Adoptive Cell Transfer 

• TILs (tumor-infiltrating lymphocytes) – m
etastatic melanoma 

- tissue surrounding tumor may contain i
mmune cells and antitumor activity 
- culture TILs and re-infuse 
- deplete endogenous immune cells 
 

• TCR (T-cell receptor) 
- give cells new receptor 
- viral vector in patient’s T-cell 
- T-cell receptor must be genetically mat
ch to the patient’s immune type 

 
• CAR (chimeric antigen receptor) 

- artificial, antibody-like protein 
- antibody (binding to cancer antigen) 
- cell activating receptor 
- stimulatory molecule 

Courtney Humpreies, Nature 504, S13-15, 2013 
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Immunomodulatory mABs to overcome 
immunosuppression 

15/62 

2. Checkpoint inhibitors 



- 9 -

18/62 

Ipilimumab in melanoma (1861 patients) 
22%: > 3 years 
17%: > 7 years 
Average survival (6-9 month to >1 yrs) 

The benefits from cancer immunotherapy 

17/62 

Immunomodulatory mABs to overcome 
immunosuppression 
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How cancer vaccine works 

• Antigen injection (or DC vaccine): 
• Migration of APC to present antigens to T-cells (signal 1) 
• Co-stimulatory signals (signal 2) 
• Migration of T-cells to tumor site 
• Kill tumor cells (cytotoxicity, IFNγ, TNF..) 

Hu et al, Nat. Rev. Immunol 2018 

19/62 

3. Cancer Vaccine 

• Cancer vaccines: 
- Injection of tumor antigens 
- generate new antigen-specific  
T-cell response 
- amplification of existing T-cell  
response 
- increase breadth and diversity  
of T-cell response 
 

Hu et al, Nat. Rev. Immunol 2018 
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TUMOR MUTATION BURDEN  
(TMB) 

22 

21/62 

Editorial, Nat. Biotech. 2017 35(2) 

• Neoantigen prediction for markers of checkpoint inhibitor 
• Neoantigen prediction for finding tumor-specific (non-self) antigens for ACT 

 

Neoantigen prediction is a key challenge 



- 12 -

24/62 

Tumor mutation burden 

23/62 

Who can benefit from checkpoint inhibitor? 

64 melanoma patients (25 discovery set, 39 
validation set) treated with Ipilimumab . 

Patients with high mutation burden: good survival, 
long-term benefit 
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Tumor mutation burden 

Cai et al, Sci Rep. 2016 

• The number of somatic mut
ations are largely dependent 
on the read depth 

• And the read depth is simply 
not uniform 

25/62 

Inconsistence of somatic mutation calls 

Cai et al, Sci Rep. 2016 

Low depth (~50x) Targeted, High depth (~370x) 

• The number of somatic mutations 
are largely dependent on the  
variant caller used 
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Potential pitfalls (use with care) 

27/62 

Fixing pipeline 

Lim SM et al, Communications Biology, in press 
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somatic (passenger) mutations 

amino acid alternation 

protein degradation 

neopeptides 

binding to MHC molecule 

peptide-MHC presentation 

recognition by T-cell 

immune response 

Neoantigen processing 

HLA TYPING IN THE ANTIGEN 
PROCESSING 

29 
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MHC (Major Histocompatibility Complex) 

31/62 

somatic (passenger) mutations 

amino acid alternation 

protein degradation 

neopeptides 

binding to MHC molecule 

peptide-MHC presentation 

recognition by T-cell 

immune response 

Neoantigen processing 
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HLA alleles are ethnic specific 

33/62 

HLA (Human Leukocyte Antigen) 
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HLA typing methods 

1. Serology-based typing 

• Use of microcytotoxicity 
– complement mediated  
lysis  

• Simple and low-cost 
• Mostly used in HLA-A and 

HLA-B 
• Can type allele groups an

d alleles only  

2. Sanger sequencing 

3. Sequence-specific Oligonucleotide Hybridization (SSO) 

• Amplify targeted regions with biotin-labeled primers 
• Hybridized sequences emit fluorescence  

35/62 

MHC-peptide binding 

But it is highly dependent on the HLA alleles 
- That’s why we need to know HLA allele (of the patient) 
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NGS-based HLA typing 

Bauer et al, Briefings in Bioinformatics. 2018 

37/62 

NGS-based HLA typing 

• PROS 
• Use of (already) produced NGS-data 
• No extra-cost 
• Fast 

 
 

• Threat 
• Short-read 
• HLA genes are GC-rich: lower-sequencing coverage 
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Alignment-based HLA typing 

Polysolver 

39/62 

Assembly-based HLA typing 

HLAminer 
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MHC-peptide binding 

Can we predict if a given peptide will bind to MHC? 

MHC BINDING PREDICTION 

41 
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NetMHC: Classification of MHC-I binding peptides using ANN 

ANN based algorithms 

NetMHC-3.0 

Approximation of 8, 10, 11 from 9 mer model 

NetMHC-4.0 

Gapped alignment to ANN
: 9 to 8~11 mer 

43/62 

• SYFPEITHI: using PSSM 

Prediction algorithms 

• SVMHC: using Support Vector Machine 

• S-HMM: using Hidden Markov Model 
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We demonstrate that a simple combination of NetMHC and NetMHCpan gives the highest performance 
when the allele in question is included in the training and is characterized by at least 50 data points with 
at least ten binders. Otherwise, NetMHCpan is the best predictor. 

Too many methods. Need a consensus 

NetMHCcons: Prediction on all HLA-A/B alleles, simultaneously 

45/62 

Experimental data are biased to major HLA alleles 
▶ lack of training data in rare alleles 
▶ lack of accuracy 
 
Build a classifier that work on HLA-peptide pair 
  

Regarding all HLA-types at once 

NetMHCpan: Prediction on all HLA-A/B alleles, simultaneously 
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ANTIGEN PROCESSING STEPS  

48 

47/62 

Benchmarks and competitions 
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Antigen Processing Pathways for MHC class I/II 

Backert and Kohlbacher, Genome Medicine, 2015 

49/62 

somatic (passenger) mutations 

amino acid alternation 

protein degradation 

neopeptides 

binding to MHC molecule 

peptide-MHC presentation 

recognition by T-cell 

immune response 

Neoantigen processing revisited 
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TAP transport prediction 

• Primarily owing to the scarcity of data, there are few published methods o
n TAP transport prediction. 

• No unbiased blind benchmarks for TAP transport methods have been publi
shed so far, and a comparative assessment of the various methods is thus 
currently difficult 

51/62 

Proteasomal cleavage 

None of the predictors achieved an MCC above 0.3 

: the in vitro data do not capture the full complexity of proteasomal 
processing in vivo. The value of predictions of proteasomal cleavag
e is thus rather limited 

In vitro data created with purified proteasomes in the laboratory 
(in vivo data are harder to collect) 

C-terminus: commonly determined by proteasomal cleavage 
N-terminus: can undergo further trimming by proteases locate
d in the cytosol or ER 
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NetMHCstab: predicting stability of pMHC-I complexes 

stable 

Prediction on the stability 

53/62 

Binding (kinetic) stability 
We also developed a bioinformatics method to predict pMHC-I stab
ility, which suggested that 30% of the nonimmunogenic binders hith
erto classified as “holes in the T-cell repertoire” can be explained as 
being unstably bound to MHC-I. 

Considering MHC-binding stability, not affinity 
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TCR immunogenicity prediction 

The current performance of immunogenicity predictors is certainly not satisfying.  
The amount and reliability of experimental data on T-cell reactivity is certainly one reason for this. But clearly our lack of underst
anding of the details of the processes leading to central and peripheral tolerance hamper the development of more predictive met
hods too (Toussant et al, BCB11, 2011) 

55/62 

Prediction on pMHC-TCR binding 

Fritsch et al, Cancer Immunology Research. 2014 
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Somatic mutation derived neopeptide  

NEOANTIGEN ANALYSIS 
& INTEGRATED PIPELINES 

57 
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Overall Pipeline 

59/62 

And Neoantigens 

Oiseth et al, J Cancer Metastasis and Treatment, 2017 
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IDENTIFYING TUMOR IMMUNE  
MICROENVIRONMENT 

62 

61/62 

Things need to be resolved for practical application 
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Tumor Immune Microenvironment 

• TME components often inhibit or promote anti-tumor immunity 

• But their roles are not definitive, and can be context-specific 

63/62 

Tumor Immune Microenvironment 

• A complex, organ-like structure (tumor cells, immune cells, fibroblasts, va
scular endothelial cells, and other stromal cells) 

• Immune cells + secreted factors (cytokines, chemokines, growth factors) 
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Identifying TME by Cell-type decomposition 

65/62 

Tumor Immune Phenotype 

• Immune inflamed: immune cells infiltrated the tumor 

• Immune excluded: immune cells are restricted to the stroma  

• immune desert: T cells are not recruited  
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CIBERSORT 

• Given a validated leukocyte gene signature matrix (LM22), deconvolute a
n input bulk gene expression profile to generate cell-type fractions 

• Support vector regression 

67/62 

Identifying TME by Cell-type decomposition 
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ImmuneDeconvR 

• Each tool has its own pros and cons, and do not agree each other 

• Immunedeconv provides a unified access to immune decomposition tools, 
so users can see different results and finally find a consensus 

69/62 

MuSiC 

• Utilize scRNA-seq from multiple subjects, identifying reference cell type-s
pecific gene expression 

• Extract genes that are informative (low cross-subject variance) 
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TCR repertoire 

• T-cell diversity and clonality is the overall resultant response to the compl
ex T-cell immune environment 

• Diversity is inversely related to clonality 

• High clonality is generally a marker for good response  

71/62 

Predicting of T-cell evasion mechanisms (TIDE) 

• Predicting T-cell dysfunction model: high infiltration but dysfunctional T-cells 
or excluded T-cells 

• Extract T-cell dysfunction genes from interaction test in treatment naïve data 

• Calculate T-cell dysfunction score 

TGFB is interacting with CTL infiltration because: 
- Survival of High vs. Low CTL-infiltrated patients are discriminated 
only when TGFB is highly expressed 
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Use of single- and spatial transcriptomics 

• In single cell sequencing, a complex decomposition is not necessary once t
he single cells are well clustered.  

• Clusters should be annotated using reference gene expression 

73/62 

TCR repertoire reconstruction 

• Generally, TCR or BCR  sequencing is employed for repertoire reconstruction 
• Conventional bulk RNA-seq can be also used using specialized tools, such as 

TRUST 
• TRUST 1) extract TCR/BCR candidate reads, 2)assembles to form contigs, 3) 

identify somatic hypermutations, 4) reconstruct repertoire 
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Use of single- and spatial transcriptomics 

• Using spatial transcriptomic, we can profile gene expression at the selected regio
n of interest (ROI).  

• Not only the abundance, but also the localization of immune cells direct the tumo
r immune microenvironment 

• Similar bulk cell sequencing analysis techniques can be also applied to the spatia
l  transcriptomics data 

75/62 

Use of single- and spatial transcriptomics 

• Cell type-level gene expression with predefined ligand-receptor interactio
ns, cellular communications can be inferred, wherein which cell type influe
nced others through effector molecules 
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Conclusion 

• 다양한 cancer immunotherapy 의 발전으로 자신의 면역 시
스템을 이용한 치료가 각광받고 있음 

• 더 큰 효과와 적은 부작용을 위하여 환자, 종양 특이적 
antigen 발굴이 필요함 

• HLA type, MHC binding, Antigen processing 등 다양한 step 
단계를 예측할 수 있는 computational algorithm 이 존재하
며, 발전하고 있음 

• Bulk, single, spatial transcriptomics 를 이용하여, 종양 주변
의 면역환경인 Tumor immune microenvironment를 알아
내고, 종양의 면역치료에 대한 환경에 따라 최적의 치료를 
할 수 있음 

• 결과적으로, NGS 에 기반하여 면역항암치료의 반응을 예
측하고, 환자 특이적 치료를 할 수 있는 분석을 진행할 수 
있음 
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특징 

• 운영체제 

• 무료 오픈소스 

• 높은 통용성 

• 높은 안정성 

• 서버 환경으로 자주 사용됨 

실습용 도구 및 환경 안내 

Linux 

CLI (Command-Line Interface) 특징 

• 명령어 입력 방식 (아이콘 사용 X) 

• 보다 가벼움 

• 보다 안정적 

• 자동화 용이 

KSBi-BIML 2024 

Introduction to cancer-immune analysis 
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실습 진행 순서 

1. DNA-seq을 이용한 neoantigen prediction 

2. Bulk RNA-seq을 이용한 tumor immune microenvironemnts 분석 

3. Single cell RNA-seq을 이용한 cell-to-cell interaction prediction 

4. Spatial RNA-seq을 이용한 TME 분석 

실습용 도구 및 환경 안내 

R 

R studio 

Bioconductor 

특징 

• 생물정보학 분석 필수 프로그램 

• 무료 오픈소스 

 

특징 

• R 사용 보조 

• 변수 관리, 명령어 입력 및 기록, 

figure 생성 등을 위핚 통합 환경 제공 

• 무료 오픈소스로 사용 가능 

특징 

• 생물정보학 분석용 패키지 모음 

• 무료 오픈소스 프로그램 사용 보조 
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환경 변수 설정 

#!/usr/bin/env bash # shebang 
#$ -cwd # 현재 디렉토리 내 실행 
 
# PATH # 
HLA_PATH=/home/jyhong906/BIML_2024/Bulk_WES/Data # Input data, 결과 저장 디렉토리 
optitype_PATH=${HLA_PATH}/OptiType # MHC class I 관련 HLA typing 결과 저장 디렉토리 
hlahd_PATH=${HLA_PATH}/HLA-HD # MHC class II 관련 HLA typing 결과 저장 디렉토리 
 
# MAKE FOLDER # 
Path_list=(${HLA_PATH} ${optitype_PATH} ${hlahd_PATH}) 
for path in ${path_list[@]}; do 
        mkdir -p ${path} # 상위 디렉토리 모두 생성 
Done 
 
# FILE # 
Ref=/home/jyhong906/Project/Reference/Ref/hg38/genome.fa # Reference genome 
IEDB_MHCI=/opt/Yonsei/IEDB-MHC_I # 사젂 설치 필요 
IEDB_MHCII=/opt/Yonsei/IEDB-MHC_II # 사젂 설치 필요 
hlahd_freq=/opt/Yonsei/HLA-HD/hlahd.1.7.0/freq_data  
hlahd_split=/opt/Yonsei/HLA-HD/hlahd.1.7.0/HLA_gene.split.3.50.0.txt 
hlahd_dict=/opt/Yonsei/HLA-HD/hlahd.1.7.0/dictionary  
 
# EXECUTE # 
vep_run=/opt/Yonsei/ensembl-vep/104.3/vep 
optitype_run=/opt/Yonsei/OptiType/1.3.4/OptiTypePipeline.py 
hlahd_run=hlahd.sh 
pvacseq_run=/opt/Yonsei/python/3.8.1/bin/pvacseq 
 
# SAMPLE # 
patient_id=ACC_T_01 
 
# FORMAT # 
bam_format=.recaled.bam 
chr6_bam_format=.sorted.chr6.bam 
chr6_fastq1_format=.chr6_1.fastq 
chr6_fastq2_format=.chr6_2.fastq 
vcf_format=.PASS.somatic.vcf 
ann_format=.vep.PASS.somatic.vcf 

IEDB I, II installation 
https://pvactools.readthedocs.io/en/latest/install.html#iedb-install 

DNA-seq을 이용한 neoantigen prediction 

Prerequisites 

Raw bam file (GRCh38) 
• ACC_T_01.recaled.bam 

• ACC_T_01.recaled.bai 

 

Processed vcf file – Mutect2 
• ACC_T_01.PASS.somatic.vcf 

Processed fastq 
• ACC_T_01.chr6_1.fastq 

• ACC_T_01.chr6_2.fastq 

 

HLA typing (MHC class I) – OptiType 
• ACC_T_01.MHC.I.processed.tsv 

• ACC_T_01.MHC.I.list.txt 

 

HLA typing (MHC class II) – HLA-HD 
• ACC_T_01.MHC.II.processed.tsv 

• ACC_T_01.MHC.II.list.txt 

 

pVACseq (NetMHCpan, NetMHCIIpan) 
• ACC_T_01.filtered.tsv (MHC Class I) 

• ACC_T_01.filtered.tsv (MHC Class II) 

Processed data 

실습용 데이터 안내 

실습 데이터: /home/jyhong906/BIML_2024/Bulk_WES/Data 

실습 스크립트: /home/jyhong906/BIML_2024/Bulk_WES/Script 
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VEP annotation 

${vep_run} \ 
-i ${HLA_PATH}/${patient_id}${vcf_format} \ 
-o ${HLA_PATH}/${patient_id}${ann_format} \ 
--vcf \ 
--symbol \ 
--terms SO \ 
--tsl \ 
--hgvs \ 
--fasta ${ref} \ 
--force_overwrite \ 
--assembly GRCh38 \ 
--plugin Wildtype \ 
--plugin Frameshift \ 
--offline \ 
--cache \ 
--dir_cache /data/public/VEP/104 \ 
--dir_plugins /data/public/VEP/104/Plugins \ 
--pick \ 
--transcript_version \ 

ACC_T_01.PASS.somatic.vcf ACC_T_01.vep.PASS.somatic.vcf 

VEP (Variant Effect Predictor) 

• 변이의 종류에 따른 영향(예: missense, nonsense, frameshift 등)을 포함핚 상세핚 annotation을 제공함. 

• 유젂체 데이터에서 발견된 변이의 기능적 영향을 분석하고, 이 정보를 바탕으로 생물학적 해석을 가능하게 함. 

• VEP를 통핚 변이 annotation은 변이가 단백질에 미치는 영향을 이해함으로써, potent neoantigen을 예측핛 수 있음. 
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HLA typing (MHC class I, II) 

# HLA typing - MHC class I (OptiType) # 
python2 ${optitype_run} \ 
-i ${HLA_PATH}/${patient_id}${chr6_fastq1_format} ${HLA_PATH}/${patient_id}${chr6_fastq2_format} \ 
-e 4 \ 
--dna \ 
-v \ 
-c /opt/Yonsei/OptiType/1.3.4/config.ini \ 
-o ${optitype_PATH}/${patient_id} \ 
--prefix ${patient_id} 
 
# convert format # 
python3 source_make_MHC_list.py MHC_I ${optitype_PATH} ${patient_id} 
 
# HLA typing - MHC class II (HLA-HD) # 
${hlahd_run} \ 
-t 10 \ 
-m 50 \ 
-f ${hlahd_freq} \ 
${HLA_PATH}/${patient_id}${chr6_fastq1_format} \ 
${HLA_PATH}/${patient_id}${chr6_fastq2_format} \ 
${hlahd_split} \ 
${hlahd_dict} \ 
${patient_id} \ 
${hlahd_PATH} 
 
# convert format # 
python3 source_make_MHC_list.py MHC_II ${hlahd_PATH} ${patient_id} 

Benchmark of tools for in silico prediction of MHC class I and class II genotypes from NGS data 

Systematic genetic analysis of the MHC region reveals mechanistic underpinnings of HLA type associations with disease. 

BAM to chr6 fastq 

samtools view -h -b ${HLA_PATH}/${patient_id}${bam_format} chr6 > ${HLA_PATH}/${patient_id}${chr6_bam_format} 

samtools fastq -1 ${HLA_PATH}/${patient_id}${chr6_fastq1_format} -2 ${HLA_PATH}/${patient_id}${chr6_fastq2_format} -F 4 ${HLA_PATH}/${patient_id}${chr6_bam_format} 



- 45 -

HLA typing (MHC class I, II) 

# HLA typing - MHC class I (OptiType) # 
python2 ${optitype_run} \ 
-i ${HLA_PATH}/${patient_id}${chr6_fastq1_format} ${HLA_PATH}/${patient_id}${chr6_fastq2_format} \ 
-e 4 \ 
--dna \ 
-v \ 
-c /opt/Yonsei/OptiType/1.3.4/config.ini \ 
-o ${optitype_PATH}/${patient_id} \ 
--prefix ${patient_id} 
 
# convert format # 
python3 source_make_MHC_list.py MHC_I ${optitype_PATH} ${patient_id} 

HLA typing (MHC class I, II) 

# HLA typing - MHC class I (OptiType) # 
python2 ${optitype_run} \ 
-i ${HLA_PATH}/${patient_id}${chr6_fastq1_format} ${HLA_PATH}/${patient_id}${chr6_fastq2_format} \ 
-e 4 \ 
--dna \ 
-v \ 
-c /opt/Yonsei/OptiType/1.3.4/config.ini \ 
-o ${optitype_PATH}/${patient_id} \ 
--prefix ${patient_id} 
 
# convert format # 
python3 source_make_MHC_list.py MHC_I ${optitype_PATH} ${patient_id} 

MHC class I – ACC_T_01_result.tsv MHC class I – ACC_T_01.MHC.I.list.txt 

HLA_PATH=/home/jyhong906/BIML_2024/Bulk_WES/Data 
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pVACseq (neoantigen prediction) 
# pVACseq - MHC class I (NetMHCpan) # 
allele=`cat ${optitype_PATH}/${patient_id}.MHC.I.list.txt` 
${pvacseq_run} run ${HLA_PATH}/${patient_id}${ann_format} \ 
${patient_id} \ 
${allele} \ 
NetMHCpan \ 
-e1 8,9,10,11 \ 
--pass-only \ 
${HLA_PATH}/${patient_id} \ 
--iedb-install-directory ${IEDB_MHCI} 
 
# pVACseq - MHC class II (NetMHCIIpan) # 
allele=`cat ${hlahd_PATH}/${patient_id}.MHC.II.list.txt` 
${pvacseq_run} run ${HLA_PATH}/${patient_id}${ann_format} \ 
${patient_id} \ 
${allele} \ 
NetMHCIIpan \ 
-e2 12,13,14,15,16,17,18 \ 
--pass-only \ 
${HLA_PATH}/${patient_id} 
--iedb-install-directory ${IEDB_MHCII} 

MHC class I – ACC_T_01.filtered.tsv 

MHC class II – ACC_T_01.filtered.tsv 

HLA typing (MHC class I, II) 

# HLA typing - MHC class II (HLA-HD) # 
${hlahd_run} \ 
-t 10 \ 
-m 50 \ 
-f ${hlahd_freq} \ 
${HLA_PATH}/${patient_id}${chr6_fastq1_format} \ 
${HLA_PATH}/${patient_id}${chr6_fastq2_format} \ 
${hlahd_split} \ 
${hlahd_dict} \ 
${patient_id} \ 
${hlahd_PATH} 
 
# convert format # 
python3 source_make_MHC_list.py MHC_II ${hlahd_PATH} ${patient_id} 

MHC class II - ACC_T_01_final.result.txt 

MHC class II – ACC_T_01.MHC.II.list.txt 
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Bulk RNA-seq을 이용한 tumor immune microenvironemnts 분석 
 
Prerequisites 

Gene quantification file – HTseq 등 
• ~. htseq.count.txt 

Normalized expression matrix 
• normalized_TPM.rds 

 

Cell type decomposition 
• abis.rds 

• cibersort_abs.rds 

• consensus_tme.rds 

• epic.rds 

• estimate.rds 

• mcp_counter.rds 

• quantiseq.rds 

• timer.rds 

• xcell.rds 

 

Immune cell repertoire 
• TRUST4_dat.rds 

 

Tumor immune dysfunction and exclusion 
• TIDE_dat.rds 

Processed data 

실습용 데이터 안내 

실습 데이터: /home/jyhong906/BIML_2024/Bulk_RNA/Data 

실습 스크립트: /home/jyhong906/BIML_2024/Bulk_RNA/Script 

Raw fastq 파일 
• ACC_T_01_1.fastq.gz 

• ACC_T_02_1.fastq.gz 

Tumor immune microenvironments (TIME) 
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Load library & normalization 

Install.packages() 

TPM (Transcripts Per Million) normalization 
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Immune cell deconvolution – cell type 

Immune cell deconvolution 
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TRUST4 

TRUST4 

# TRUST4 – TCR/BCR CDR3 # 
run-trust4 -1 ${FASTQ_PATH}/${patient_id}"_1.fastq.gz" -2 ${FASTQ_PATH}/${patient_id}"_2.fastq.gz" \ 
-t 10 \ 
-f ${TRUST4_PATH}/hg38_bcrtcr.fa \ 
-o ${TCR_PATH}/${patient_id} \ 
--ref ${TRUST4_PATH}/human_IMGT+C.fa 
 
# custom processing # 
python Running_process.py 
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TME and cell to cell interaction  

Conti I, Varano G, Simioni C, Laface I, Milani D, Rimondi E, Neri LM. miRNAs as Influencers of Cell-Cell Communication in Tumor 
Microenvironment. Cells. 2020 Jan 15;9(1):220. doi: 10.3390/cells9010220. PMID: 31952362; PMCID: PMC7016744. 

Cell-cell communication within the tumor microenvironment 

TIDE (Tumor immune dysfunction and exclusion) 
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Single cell RNA-seq을 이용한 cell to cell interaction prediction  

Prerequisites 

Raw single cell data 
• Barcodes.tsv 

• Features.tsv 

• matrix.mtx 

 

Human single cell reference 
• monaco.ref.rda 

• hpca.ref.rda 

• dice.ref.rda 

Seurat object 
• CRC_obj.rda 

• CRC_count.rda 

Processed data 

실습용 데이터 안내 

TME and cell to cell interaction  

Cell type annotation 

Single R 
•  computational method for unbiased cell type 

recognition of scRNA-seq 

• SingleR’s annotations combined with Seurat, a 

processing and analysis package designed for 

scRNA-seq 

CellChat 
• Infer cell-cell communication networks 

• easy-to-use tool for extracting and visualizing 

 Cell to cell interaction  

Ianevski, A., Giri, A.K. & Aittokallio, T. Fully-automated and ultra-fast cell-type identification using specific marker combinations from single-cell transcriptomic data. Nat 
Commun 13, 1246 (2022). 

Jin, S., Guerrero-Juarez, C.F., Zhang, L. et al. Inference and analysis of cell-cell communication using CellChat. Nat Commun 12, 1088 (2021). 
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CellChat 

#  CellChat object  #  
CellChatDB <- CellChatDB.human 
cellchat <- createCellChat(object = CRC_obj_monaco.main, group.by = "monaco.main", assay = "RNA") 
cellchat@DB <- CellChatDB 
cellchat <- subsetData(cellchat)  
cellchat <- identifyOverExpressedGenes(cellchat) 
cellchat <- identifyOverExpressedInteractions(cellchat)  
cellchat <- computeCommunProb(cellchat) 
cellchat <- filterCommunication(cellchat, min.cells = 10) 
cellchat <- computeCommunProbPathway(cellchat) 
cellchat <- aggregateNet(cellchat) 
cellchat <- netAnalysis_computeCentrality(cellchat, slot.name = "netP") 

Visualization 

netVisual_circle(cellchat@net$weight, weight.scale = T, label.edge= F, title.name = "Interaction weights/strength")  #젂체 세포 상호작용 

Cell type annotation 

library('dplyr') 
library('Seurat’) 
library('SingleR’) 
library('CellChat') 
library('ADImpute') 
 
#  Cell type/state annotation #  
load("/data/project/BIML_2024/scRNA/ref/monaco.ref.rda") # Reference single cell data. celldex::MonacoImmuneData()  로 다운 가능 
load('/data/project/BIML_2024/scRNA/CRC_obj.rda’)   #Seurat object 
load('/data/project/BIML_2024/scRNA/CRC_count.rda’)  # Single cell expression count file 
monaco.main <- SingleR(method='single',sc_data=CRC_count, ref_data=monaco.ref@assays@data@listData$logcounts,types=monaco.ref$label.main) 
CRC_obj@meta.data$monaco.main <- monaco.main$labels1 
CRC_obj_monaco.main <- SetIdent(CRC_obj, value = "monaco.main")  
DimPlot(CRC_obj_monaco.main, reduction = "tsne", label = TRUE, repel = TRUE, group.by = 'monaco.main’) 
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Visualization 

pathways.show <- c("MHC-I")  
netVisual_aggregate(cellchat, signaling = pathways.show, layout = "circle") 
netVisual_heatmap(cellchat, signaling = pathways.show, color.heatmap = "Reds") #특정 생물학적 경로 내 상호작용 

Visualization 

mat <- cellchat@net$weight 
par(mfrow = c(3,4)) 
for (i in 1:nrow(mat)) { 
 mat2 <- matrix(0, nrow = nrow(mat), ncol = ncol(mat), dimnames = dimnames(mat)) 
 mat2[i, ] <- mat[i, ] 
 netVisual_circle(mat2, weight.scale = T,  title.name = rownames(mat)[i]) 
} 
dev.off()     
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What is spatial transcriptomics? 

Visualization 

ht1 <- netAnalysis_signalingRole_heatmap(cellchat, pattern = "outgoing", width = 20, height = 20, font.size = 13 , font.size.title = 20) ; ht1 
ht2 <- netAnalysis_signalingRole_heatmap(cellchat, pattern = "incoming", width = 20, height = 20, font.size = 13 , font.size.title = 20) ; ht2 
ht1 + ht2 
netVisual_bubble(cellchat, signaling=pathways.show,  remove.isolate = FALSE) #Outgoing/Incoming signaling 
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Preparation 

spatial RNA-seq을 이용한 DEG, GSEA 분석 

Prerequisites 

Processed GoeMX data 
• count.rds 

• anno.rds 

• genemeta.txt 

• msigdb_hs.RData 

실습용 데이터 안내 

실습 데이터: /home/jyhong906/BIML_2024/GeoMX/Data 

실습 스크립트: /home/jyhong906/BIML_2024/GeoMX/Script 

https://cumulus.readthedocs.io/en/stable/geomxngs/index.html#convert-
fastq-files-into-dcc-files-by-the-nanostring-geomx-digital-spatial-ngs-pipeline 
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Normalization 

TMM: 각 샘플의 Library size를 이용하여 각 발현 수치를 보정하는 방법 

TMM, RPKM, TPM, CPM 

Batch correction 

QC 
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GSEA (GeneSet Enrichment Analysis) 

DEGs 

TMM, RPKM, TPM, CPM 




