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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

Big data for RNA informatics

최근 생성되는 전사체 데이터셋들은 다양한 open repository 데이터베이스들을 통하여 scientific 

community와 공유되어지고 있는 실정임에도 불구하고 제한된 patient cohort 크기와 QC-passed 

된 세포의 수, 임상 정보와 cell metadata 정보의 부재 등으로 인하여 새로운 결과를 도출해 내기

에 현실적으로 많은 한계들이 있다. 이를 극복하기 위하여 하나의 큰 big data, 즉 통합된 데이터

를 생성하여 uniform 한 파이프라인을 적용하여 효율적이고 효과적인 분석을 할 수 있는 핵심 역

량을 갖추는 것을 목표로 한다. 

강의는 다음의 내용을 포함한다:

  ⚫ Bulk RNA-Seq 개요

  ⚫ Single-Cell RNA-Seq 개요

  ⚫ Data Integration for RNA Informatics

  ⚫ Deep Learning for scRNA-seq

  ⚫ Spatial RNA informatics 

* 참고강의교재: 없음

* 교육생준비물: 없음

* 강의 난이도: 초급

* 강의: 임수빈 교수 (아주대학교 의과대학)
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Central Dogma of Biology 
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전사체 분석 방법 – (1) DNA microarray 

전사체(Transcriptome)란? 

5 

NIH-National Human Genome Research Institute 
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8 

RNA-seq 기본 원리 

7 

전사체 분석 방법 – (2) NGS Platform 

https://www.illumina.com/science/technology/next-generation-sequencing/sequencing-technology/2-channel-sbs.html 
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10 

Bioinformatics pipeline for multi-omic data processing: 
(2) Counting (quantification) 

https://rarecancersgenomics.com/tools/ 

9 https://rarecancersgenomics.com/tools/ 

Bioinformatics pipeline for multi-omic data processing:  
(1) Mapping (alignment) 
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https://hbctraining.github.io/Training-modules/planning_successful_rnaseq/lessons/sample_level_QC.html 

11 

Bioinformatics pipeline for multi-omic data processing: 
(3) Normalization 
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Analytical tools for bulk (pooled cells, tissues, or biopsies) RNA-seq (5-7) 

14 

Analytical tools for bulk (pooled cells, tissues, or biopsies) RNA-seq (1-4) 

13 
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https://www.nature.com/articles/s41587-019-0114-2 

Analytical tools for bulk (pooled cells, tissues, or biopsies) RNA-seq (10) 

16 

Analytical tools for bulk (pooled cells, tissues, or biopsies) RNA-seq (8-9) 

15 
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https://journals.plos.org/plosgenetics/article?id=10.1371/journal.pgen.1004304 

Analytical tools for bulk (pooled cells, tissues, or biopsies) RNA-seq (12) 

18 

https://pubmed.ncbi.nlm.nih.gov/27105842/ 

Analytical tools for bulk (pooled cells, tissues, or biopsies) RNA-seq (11) 

17 
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Conclusions 
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Single-cell analysis 
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Single-cell omics 

22 

https://new.ksbmb.or.kr/html/?pmode=webzine&smode=viewDetail&id=201601&menu=379&seq=7762 

Single-cell omics 
Single-cell 
multi-omics 

Single-cell omics 

21 

CNV, LOH, SNP, 
Rare variants, 

Genomic 
rearrangements 

miRNA, DNAm, 
histone modifications, 

TF binding, 
Chronomatin 
accessibility 

Nature Computational Science 1, 395-402, 2021 

mRNA, Gene 
expression, 

Alternative splicing,  
non-coding RNA 

Protein expression, 
Post-translational 

modification, 
Cytokine array 

Small molecules 
(biomarker) profiling 

in blood, serum, 
urine, CSF, etc 
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Conclusions 

24 

Single-cell analysis 

Single-cell analysis in cancer 

23 Trends in Cancer 6(1), P13-19, 2020 
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Conclusions 

26 

Commercialized products for scRNA-seq 

Conclusions 

25 

Single-cell transcriptomic analysis (scRNA-seq) 
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Papalexi, E., Satija, R. Single-cell RNA sequencing to explore immune cell heterogeneity. Nat Rev Immunol 18, 35–45 (2018).  

28 

scRNA-seq data generation 

isoCell 

isoHub 

Up to 94 single cell chambers per dish  
(out of 256). Limited by Poisson distribution 

1.8 mm 
1.8 mm 

Area per chamber : 3.24 mm2 

Volume per chamber : 600 ~ 800 nL 

HepG2 

256 culture chambers on 60-mm petri dish 

Vide
o 

Vide
o 

Vide
o 

27 

Microfluidic based automated single-cell sorter (iota Sciences) 
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https://www.elveflow.com/microfluidic-reviews/droplet-digital-microfluidics/drop-seq/ 

(1) Count matrix 
(i.e., gene 
expression profiles) 

A typical processed scRNA-seq dataset has  

(1) count matrix and (2) cell-level metadata 

(2) Metadata 

30 

Raw data to count matrix (gene expression) 
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Nature Methods 18(7), 723-732, 2021 

32 

Workflow for scRNA-seq data analysis 

Nature Methods 18(7), 723-732, 2021 

31 

Workflow for scRNA-seq data analysis (preprocessing) 
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Nature Methods 18(7), 723-732, 2021 

34 

Approximating and partitioning complex manifolds 

Nature Communications 12, 7083, 2021 

Single-Cell Atlas for 11 non-model mammals, reptiles and birds 

Nature 581, 303-309, 2020 

Human Cell Landscape Mouse Ageing Cell Atlas 

Nature 583, 590-595, 2020 

33 

Single-cell atlas 
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Nature Methods 18(7), 723-732, 2021 

35 

Approximating dynamical processes 
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38 
doi: 10.1101/025528 (2015) 

Batch effect correction (실험적 기법) 

37 

Batch effect correction  
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Inflammation, neuroscience Cancer (CTC, tissue, PBMC) 

Microfluidic 
device

Cell 
flow

Sheath 
flow

Cell 
recovery

Recycling 
port

Aging, cellular senescence 

Nature Communications 8 (1), 1-11, 2017 
Scientific Data 5, 180136, 2018 
Scientific Data 6, 194, 2019  
PNAS 116 (36), 17957-17962, 2019 
npj Precision Oncology 3, 23, 2019 
EMBO Reports 21 (2), e49749, 2020 
Cancer Communications 42 (4), p.355-359, 2022 
Scientific Data 10, 167, 2023 
Cancer Communications, 43 (4), p.455-479, 2023 
Advanced Science, 2201663, 2023 
Clinical and Translational Medicine, 13(12), 2023 

Science Advances 7 (21), eabg9614, 2021 
Nature Neuroscience 24, pages1673–1685, 2021 
npj Precision Oncology 3, 15, 2019 
Cell Stem Cell , Vol. 29 Issue 4 Pages 610-619, 2022  
Journal of Pharmaceutical analysis 13(8):1816-1821, 
2023 
Scientific Data 10, 861, 2023 
Journal of Brain Research 3(3), 2020 

Aging-US 15(24),p.14591-14606, 2023 
Molecules and Cell 45(9), 610-619, 2022 
Cells, 11(13), 2079, 2022 
Heliyon e13170, 2023 
Nature Communications, accepted in principle 

40 

Generation of single-cell atlas 

Lecture Outline 
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Nature Reviews Clinical Oncology (2019) 

41 

Metastasis: how cancer spreads 

National Cancer Institute; https://www.cancer.gov/publications/dictionaries/cancer-terms/def/metastasis 
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1. Integration 

Merged Microarray Dataset (MMD) 

2. Statistical Correction 

44 

”Big data” analytics: deriving prognostic genes 

Tumor heterogeneity: a major challenge 

Homogeneous 
tumor 

Tumor cells 
are eliminated 

Heterogeneous 
tumor 

Survival of  
resistant clones 

Repopulation  
of the tumor 

A 

B 

Intratumor 
heterogeneity 

Stochasticity in 
Tumor development 

Intertumor 
heterogeneity 

Intercancer 
heterogeneity 

Impact on prognostication 

43 
F1000 Research 2016, 5(F1000 Faculty Rev):238 
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MMD application 

1. Differential Expression Analysis 2. Gene Ontology 
 Enrichment Analysis 
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Fig. 2 Construction of a 29-gene EPPI. a PCA plot of merged microarray data sets demonstrating the batch effect removal. Ellipses representing one

standarddeviation away from themean of theGaussian fitted toeach dataset.bPCA plot showingaclear separation between 925 primary tumors (blue)

and193normal lungtissues(red).cVolcanoplot of differential geneexpressionusingmergedmicroarray data.Upregulatedanddownregulatedgeneswith

absolutevaluesof log2 fold-change >1.5 inprimary NSCLC tumorsareshown in redandblue, respectively.Gray dots represent statistically non-significant

genes.dSchematicrepresentation of random samplingsteps for comparing theoverlapbetweenDEGlistsusingmergedmicroarray datasets (left).Kernel

density estimatesof overlapcoefficientscomputed from 10,000 iterationsareshown (right).ePCA plot of TCGA datasets (LUAD,LUSC) showingaclear

separation between primary 1,018 tumors (blue) and 110 normal lung tissues (red). f Comparison of log2 fold-change estimate results from two different

platforms. Upregulated and downregulated genes are shown in red and blue, respectively. g GSEA-generated enrichment plots of the upregulated and

downregulatedgeneset in aTCGA cohort. Thecumulative enrichment score isplottedas thegreen curve,which is the runningsum of theweightedESas

the analysis walks down the ranked list computed from GSEA software. The vertical black lines on the middle portion of the plot indicate the position of

inputted gene signatures in the ranked list of genes. Genes on the far left (red) and right (blue) correspond to high enrichment in NSCLC and normal

phenotype, respectively. The bottom plot (gray) shows the value of the ranking metric as the computation goes down the list of ranked genes. The

normalizedenrichment score (NES) andthe falsediscovery rate (FDR) areshownon thegraph.h Piechart of differentially expressedgenesannotatedwith

ECM-related molecules and their major categories for ECM constituents

NATURE COMMUNICATIONS |DOI: 10.1038/s41467-017-01430-6 ARTICLE

NATURE COMMUNICATIONS|8: 1734 |DOI: 10.1038/s41467-017-01430-6|www.nature.com/naturecommunications 3
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A 29-gene tumor matrisome index (TMI) 
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Hypothesis:  
Abnormal matrisome expression patterns observed in primary tumors might be reflected 
at later steps of metastasis – i.e., during circulation. 
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(1) Inertial force  

(2) Dean flow force 
 
Both are dependent on size. 

“Dean flow fractionation” 

Spiral Microfluidics for isolating CTCs: 
Nature Protocols, 14, 1, 128-37, 2016; Lab on a Chip, 14, 1, 128-137, 2014; Physics Today, 67, 2, 26-30, 2014; Journal of Clinical 
Oncology, 32, 15, 2014; Lab on a Chip, 14, 1, 128-137, 2014; Cancer Cell, 23, 3, 272-273, 2013.; Scientific Reports, 3, 1259, 2013; 
European Journal of Cancer, 47, S1, S48 2011; Biosensors & Bioelectronics, 26, 4, 1701-1705, 2010; Lab on a Chip, 11, 11, 1870-
1878, 2011. 
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A single-cell atlas of the human lung in non-small cell lung cancer 

58 

Predefined Cutoff for Patient Stratification 

Discovery 
set

Universal cutoff 
(MMPi = 1.441)

M
M

P
i

Test sets

Affymetrix, GPL570

120

GSE31210

60 80 100

HR=1.8 (0.99-3.3) 
P = 0.049 
N = 177

P
ro

ba
bi

lit
y

0 20 40 60 80 100120

1.0 

0.8 

0.6 

0.4 

0.2 

0.0
140

Discovery set Test set 2

HR = 1.6 (1.0-2.4) 
P = 0.0345 
N = 278

HR = 2.4 (1.3-4.3) 
P = 0.00343 
N = 226

GSE30219

0 50 100 150 200 250

1.0 

0.8 

0.6 

0.4 

0.2 

0.0

Time to recurrence (month)

0 20 40

1.0 

0.8 

0.6 

0.4 

0.2 

0.0

Test set 1

GSE50081 GSE31210

0�
1�
2�
3�
4�
5�
6�
7�
8�
9�

10�
11�
12�
13�

0� 5� 10�

GSE31210 
GSE42127 
LUAD 
GSE30219 
GSE11969 
GSE50081 
GSE3141 
GSE37745 
GSE41271 
GSE68465 
GSE26939 
GSE19188

0 1 5

Overall survival 
(n=2,748)

(n=226) 

(n=176) 

(n=502) 

(n=293) 

(n=149) 

(n=181) 

(n=111) 

(n=196) 

(n=274) 

(n=443) 

(n=115) 

(n=82)

HR (95% CI)

Unfavorable
Nonsignificant

10

0�

1�

2�

3�

4�

5�

6�

7�
0� 5� 10�

GSE30219 

GSE31210 

GSE41271 

GSE50081 

GSE68465 

GSE37745

0 1 5

Recurrence-free 
survival (n=1,410)

(n=278) 

(n=226) 

(n=274) 

(n=177) 

(n=359) 

(n=96)

10

A B

C D

57 



- 30 -
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An integrated single-cell transcriptome landscape of postnatal mouse hypothalamus 
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Identification and characterization of intermediate progenitor cells (IPCs) 
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Validation using lab-generated Connect-seq-derived single nuclei RNA-seq data  
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Encoder 

a variant of the DFNN for 
unsupervised learning 

5. Graph autoencoder 
(GAE) 

Genomics, Proteomics & Bioinformatics 20(5), P814-835, 2022; Nature Methods 18(7), 723-732, 2021 

Deep learing (DFNN, autoencoder, DAE, VAE, GAE, etc) 

74 

Deep learning for scRNA-seq data analysis 

Deep learning for scRNA-seq data analysis 

Genomics, Proteomics & Bioinformatics 20(5), P814-835, 2022; Genome Biology 14, 205, 2013 

”neuron” 

Non-linear activation function 
(e.g,. sigmoid, rectifier 

(ReLU), hyperbolic tangent) 

1. Deep Feed-Forward Neural network 
(DFNN) 

“Deep” = multilayer network structure 

layer layer 

Supervised learning 
(with labels) 

Unsupervised learning 
(without labels) 

Semi-supervised learning 
(few labels) 

Encoder Decoder 

2. Deep autoencoder 
(“autoencoder”) 

a variant of the DFNN for 
unsupervised learning 

for supervised learning 

3. Denoising autoencoder 
(DAE) 

a variant of autoencoder, aiming at addressing 
overfitting problems of autoencoder 

Encoder Decoder Encoder Decoder 

4. Variational autoencoder 
(VAE) 

a variant of autoencoder, aiming at generating 
examples of the latent representations of cells 

A neural network 

73 
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Deep learning for (2) dimensionality reduction 

Sci. Rep. 11, 200028, 2021 

Graph Autoencoder 
(scGAE) 

Model Nam
e 

Model T
ype 

Code availability Year 

scScope AE https://github.com/AltschulerWu-
Lab/scScope 

2019 

VASC VAE https://github.com/wang-research/VASC 2018 

net-SNE DFNN https://github.com/hhcho/netsne 2018 

scVI VAE https://github.com/YosefLab/scvi-tools 2018 

scDHA AE/VAE https://github.com/duct317/scDHA 2021 

scGSLC GCN https://github.com/sharpwei/GCN_sc_cluster 2021 

scVAE VAE https://github.com/scvae/scvae 2020 

scPhere VAE https://github.com/klarman-cell-
observatory/scPhere 

2021 

DiffVAE/ 
GraphVAE 

VAE https://github.com/ioanabica/DiffVAE 2020 

MMD-VAE VAE https://mmd-vae.hi-it.org/ 2019 
DR-A AAE https://github.com/eugenelin1/DRA 2020 
scRAE AAE https://github.com/arnabkmondal/scRAE 2021 
scRAE VAE/β-

VAE 
- 2020 

scGAE GAE https://github.com/ZixiangLuo1161/scGAE 2021 
SCA AE https://github.com/kendomaniac/SCAtutorial 2021 
GOAE AE - 2019 
DeepAE AE https://github.com/sourcescodes/DeepAE 2020 
pmVAE VAE https://github.com/ratschlab/pmvae 2021 
VEGA VAE https://github.com/LucasESBS/vega-

reproducibility 
2021 

Interpretable 
Autoencoder 

AE https://github.com/theislab/intercode 2020 

LDVAE VAE https://github.com/YosefLab/scvi-tools 2020 
SCDRHA GAE https://github.com/WHY-17/SCDRHA 2021 
scCDG DAE/GA

E 
https://github.com/WHY-17/scCDG 2021 

CellVGAE GAE https://github.com/davidbuterez/CellVGAE 2022 
graph-sc GAE https://github.com/ciortanmadalina/graph-sc 2021 
contrastive-s
c 

DFNN https://github.com/ciortanmadalina/contrastiv
e-sc 

2021 

resVAE VAE https://github.com/lab-conrad/resVAE 2020 
HD Spot AE - 2020 
KPNN DFNN https://github.com/epigen/KPNN 2020 
SSCA/ 
SSCVA 

AE/VAE - 2019 

MichiGAN VAE/GA
N 

https://github.com/welch-lab/MichiGAN 2021 

Genomics, Proteomics & Bioinformatics 20(5), P814-835, 2022 

Front. Genet. 12, 2021 

Seurat, guided tutorial 

PC10 PC15 

PC5 PC7 

PC1 PC2 

Principal Component 
Analysis (PCA) 

76 

Deep learning for (1) imputation and denoising  

Genomics, Proteomics & Bioinformatics 20(5), P814-835, 2022; Nature Communications 10, 390, 2019 

Model Nam
e 

Model Ty
pe 

Code availability Year 

DeepImpute AE https://github.com/lanagarmire/deepi
mpute (Python) 

2019 

scIGAN GAN https://github.com/bm2-lab/mtSC 2020 

scGMAI AE https://github.com/QUST-
AIBBDRC/scGMAI 

2021 

SAVER-X AE https://github.com/jingshuw/SAVERX 2019 

DCA AE https://github.com/theislab/dca 2019 

ZIMBAE AE https://github.com/ttgump/ZINBAE 2021 

ssSDAE DAE https://github.com/klovbe/scSDAE 2020 

GraphSCI AE/GAE https://github.com/biomed-
AI/GraphSCI 

2021 

SAVERCAT VAE - 2020 

SEDIM AE/DFN
N 

https://github.com/li-
shaochuan/SEDIM 

2021 

AdImpute AE - 2021 

GNNImpute GAE https://github.com/Lav-i/GNNImpute 2021 

scGAIN GAN https://github.com/mgunady/scGAIN 2019 

LATE/ 
TRANSLAT
E 

AE https://github.com/audreyqyfu/LATE 
 

2020 

Without dropout With dropout Denoised 
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Deep learning for (3) batch effect removal 

Model Name Model Type Code availability Year 

SMILE DFNN https://github.com/rpmccordla
b/SMILE 

2021 

DAVAE VAE https://github.com/jhu99/dava
e_paper 

2021 

SCALEX VAE https://github.com/jsxlei/SCAL
EX 

2021 

AD-AE AE https://gitlab.cs.washington.ed
u/abdincer/ad-ae 

2020 

scGAN VAE https://github.com/li-lab-
mcgill/singlecell-deepfeature 

2021 

iMAP AE/GAN https://github.com/Svvord/iMA
P 

2021 

BERMUDA AE https://github.com/txWang/BE
RMUDA 

2019 

trVAE VAE https://github.com/theislab/trV
AE 

2020 

scDGN DFNN https://github.com/SongweiGe/
scDGN 

2021 

scETM VAE https://github.com/hui2000ji/sc
ETM 

2021 

- BERT 
Transforme
r 

- 2021 

deepMNN DFNN https://github.com/zoubin-
ai/deepMNN 

2020 

HDMC AE https://github.com/zhanglabNK
U/HDMC 

2021 

CBA AE https://github.com/GEOBIOyw
b/CBA 

2021 
Genome Biology 21, 12, 2020; Genomics, Proteomics & Bioinformatics 20(5), P814-835, 2022 

ASW, 
ARI, 
LISI, 
kBET 

78 

Deep learning for (3) batch effect removal 

Well-normalized data Badly normalized data 

linear 
regression, 
non-linear, 
projection of 
mutual nearest 
neighbors 

Biological replicates Technical replicates 

Genomics, Proteomics & Bioinformatics 20(5), P814-835, 2022 Nature Scientific Data 10, 167, 2023 
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Deep learning for (4) cell clustering 

Model Na
me 

Model Typ
e 

Code availability Year 

scAIDE AE/DFNN https://github.com/tinglabs/scAIDE 2020 

scDMFK AE https://github.com/xuebaliang/scDMF
K 

2020 

scCCESS AE https://github.com/gedcom/scCCESS 2019 

DESC AE https://github.com/eleozzr/desc 2020 

CarDEC AE https://github.com/jlakkis/CarDEC 2021 

scziDesk AE https://github.com/xuebaliang/scziDe
sk 

2020 

scGNN AE/GAE https://github.com/juexinwang/scGN
N 

2021 

DUSC DAE https://github.com/KorkinLab/DUSC 2020 

GraphSCC GCN/DAE https://github.com/GeniusYx/GraphS
CC 

2021 

SAUCIE AE https://github.com/KrishnaswamyLab
/SAUCIE 

2019 

EMDEC AE - 2021 

MoE-Sim-
VAE 

VAE https://github.com/andkopf/MoESimV
AE 

2020 

scvis VAE https://bitbucket.org/jerry00/scvis-dev 2018 Genomics, Proteomics & Bioinformatics 20(5), P814-835, 2022 Nature Communications 12, 1882 (2021) 

Raw 
scGNN 

imputed 

Imputation performace 

Cell clustering performace 

Raw 
scGNN 

imputed 

Trajectory performace 

80 

Deep learning for (4) cell clustering 

Nature Communications 12, 1882 (2021) 

Graph  
autoencoder 
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Deep learning for (6) trajectory analysis 

Model Na
me 

Model Typ
e 

Code availability Year 

VITAE VAE https://github.com/jaydu1/VITAE 2020 

Genomics, Proteomics & Bioinformatics 20(5), P814-835, 2022 

Model 

Training 

Inference 

https://doi.org/10.1101/2020.12.26.424452 

Collection Days 

Days 

NEC -> RGC -> OPC 

Seurat integration + Slingshot VITAE 

Developing mouse neocortex 

82 

Deep learning for (5) cell type annotation 
Model Name Model 

Type 
Code availability Year 

scAnCluster AE https://github.com/xuebaliang/scAnCluste
r 

202
0 

JIND DFNN https://github.com/mohit1997/JIND 202
2 

ItClust GAE https://github.com/jianhuupenn/ItClust 202
0 

scDeepSort AE https://github.com/ZJUFanLab/scDeepSo
rt 

202
1 

AutoClass VAE https://github.com/datapplab/AutoClass 202
2 

scANVI AE https://github.com/YosefLab/scvi-tools 202
1 

scSemiCluste
r 

AE https://github.com/xuebaliang/scSemiClu
ster 

202
0 

scAdapt GAN https://github.com/zhoux85/scAdapt 202
1 

scArches VAE https://github.com/theislab/scarches 202
1 

MARS AE https://github.com/snap-stanford/mars 202
0 

MAT2 AE https://github.com/Zhang-Jinglong/MAT2 202
1 

scNym DFNN https://github.com/calico/scnym 202
1 

scGCN GCN https://github.com/QSong-github/scGCN 202
1 

scMRA AE | G
CN 

https://github.com/ddb-qiwang/scMRA-
torch 

202
1 

MapCell DFNN https://github.com/lianchye/mapcell 202
1 

sigGCN GAE 
/DFNN 

https://github.com/NabaviLab/sigGCN 202
1 

scIAE AE https://github.com/JGuan-lab/scIAE 202
1 

mtSC DFNN https://github.com/bm2-lab/mtSC 202
1 

ImmClassifier DFNN https://github.com/xliu-uth/ImmClassifier 202
1 

netAE VAE https://github.com/LeoZDong/netAE 202
1 

Cell BLAST VAE https://github.com/gao-lab/Cell_BLAST 202
0 

MultiCapsNet CapsN
et 

https://github.com/bojone/Capsule 202
1 

Genomics, Proteomics & Bioinformatics 20(5), P814-835, 
2022 

Briefings in Bioinformatics 22(5), bbab039, 2021 

101 cell subtypes 
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84 

https://arxiv.org/abs/1706.03762 

Transformer: Attention Is All You Need 

https://wikidocs.net/24996 

83 
https://fourweekmba.com/how-does-chatgpt-work/ 

GPT의 개요 



- 43 -

86 

Masted Multi-Head Attention 

https://ratsgo.github.io/nlpbook/docs/language_model/bert_gpt/ https://ratsgo.github.io/nlpbook/docs/language_model/bert_gpt/ 

85 

https://wikidocs.net/22893 

Attention & Self-Attention 

https://wikidocs.net/3137 
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Standard learning vs. transfer learning 

https://www.nature.com/articles/s41586-023-06139-9 

87 
https://www.nature.com/articles/s41586-023-06139-9 

Geneformer: transfer learning for exploring network biology 
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90 

Geneformer: transfer learning for exploring network biology 

https://link.springer.com/article/10.1007/s11427-023-2431-x 

89 

Geneformer: transfer learning for exploring network biology 

https://www.nature.com/articles/s41586-023-06139-9 
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Timeline of single-cell and spatial multimodal methods 

Nature Methods 17, p.11–14 (2020) 

https://sites.dartmouth.edu/cqb/2020/11/24/new-services-sample-multiplexing-spatial-transcriptomics-and-multiomics/ 

10X Visium Spatial Transcriptopmics 

Single Cell Gene Expression Spatially Resolved  
Gene Expression 

Tissue Section 

10X In Situ Gene Expression 
(subcellular) 

MERFISH In Situ Gene Expression 
(subcellular) 
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Lecture Outline 
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Methods for spatial multi-omics 

Nature Reviews Genetics 24, 494-515 (2023) 

94 

Methods for spatial multi-omics 

Nature Reviews Genetics 24, 494-515 (2023) 
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Methods for single-cell multimodal omics analysis 

Nature Methods volume 17, pages11–14 (2020) 
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