
Best practice for single-cell 
data analysis

박종은 _ KAIST



본 강의 자료는 한국생명정보학회가 주관하는 BIML 2024 워크샵 오프라인 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



강의 시간표

DAY1 : 2월 24일 (토)

시간
강  의

(자연과학대학 28동 101호)

12:30-12:50 등록

12:50-13:00 공지사항 전달

13:00-14:30
의료빅데이터/인공지능 총론

김헌성 교수(가톨릭대학교)

14:30-14:45 휴식

14:45-16:15
의료영상 인공지능의 이해 및 의료영상 레이블링 실습

백서연 교수(연석대학교)

16:15-16:30 휴식

16:30-18:00
의료 정보처리 자동화 실습 / 독자적인 어플리케이션 만들기

김선근 대표(원닥 주식회사), 서사도 조교

시간
강  의

(자연과학대학 28동 102호)

12:30-12:50 등록

12:50-13:00 공지사항 전달

13:00-14:20

EMR 데이터를 활용한 머신러닝 기반 예후예측: 

Decision Tree-based Models + EMR 샘플 데이터 실습 (MIMIC sample dataset)

고태훈 교수(가톨릭대학교)

14:20-14:40 휴식

14:40-16:00

Chest X-ray 영상을 활용한 딥러닝 기반 폐질환 진단: 

Convolutional Neural Network + 의료영상 샘플 데이터 실습 (NIH Chest X-ray14)

고태훈 교수(가톨릭대학교)

16:00-16:20 휴식

16:20-17:40

심전도 데이터를 활용한 딥러닝 기반 부정맥 탐지: Recurrent Neural Network + 

Transformer + 심전도 샘플 데이터 실습 (MIT-BIH Arrhythmia Database)

 고태훈 교수(가톨릭대학교)



DAY1 : 2월 26일 (월)

시간
강  의

(자연과학대학 28동 101호)

09:00-09:20 등록

09:20-09:30 공지사항 전달

09:30-10:50
DNN (이론)

이상근 교수(고려대학교)                                                              

10:50-11:00 휴식

11:00-12:10
CNN (이론)

이상근 교수(고려대학교)

12:10-13:40 점심

13:40-15:10
RNN, ChatGPT, XAI (이론)

이상근 교수(고려대학교)

15:10-15:20 휴식

15:20-16:50
CNN/RNN 모델 구조 정의, 학습 알고리즘 적용, 성능 평가, 시각화 방법 (Tensorflow 실습)

 이정현 조교, 한성민 조교

시간
강  의

(자연과학대학 28동 102호)

09:00-09:20 등록

09:20-09:30 공지사항 전달

09:30-11:00
Best practice for single-cell data analysis

 박종은 교수(KAIST)

11:00-11:10 휴식

11:10-12:40
Practice1: Scanpy basic workflow

 정성민 조교, 고용준 조교

12:40-14:10 점심

14:10-15:30
Public database, data integration, reference mapping, multiomics

박종은 교수(KAIST)

15:30-15:40 휴식

15:40-16:50
Practice2: Advanced single-cell analysis (siVI universe)

정성민 조교, 고용준 조교



DAY1 : 2월 27일 (화)

시간
강  의

(자연과학대학 28동 101호)

09:00-09:20 등록

09:20-09:30 공지사항 전달

09:30-10:50

AI-based protein structure prediction
 - Intro to protein structure prediction

- Early AI-based approaches
 - AlphaFold and RoseTTAFold 

백민경 교수(서울대학교)

10:50-11:00 휴식

11:00-12:10

단백질 구조 예측 실습
- ColabFold를 활용한 단백질 구조 및 상호작용 예측

- Tips &Tricks for better structure modeling
백민경 교수(서울대학교)

12:10-13:40 점심

13:40-15:10

AI-based protein design
- Intro to protein design

- Protein backbone design using RFdiffusion
- Protein sequence design using ProteinMPNN

백민경 교수(서울대학교)

15:10-15:20 휴식

15:20-16:50
단백질 디자인 실습

- RFdiffusion 및 ProteinMPNN의 활용법 실습
백민경 교수(서울대학교)

시간
강  의

(자연과학대학 28동 102호)

09:00-09:20 등록

09:20-09:30 공지사항 전달

09:30-11:00
Introduction to Single-cell biology

최정민 교수(고려대학교)

11:00-11:10 휴식

11:10-12:40
i. Unsupervised Spatial transcriptome analysis

ii. Tumor Boundary Determination in Spatial Transcriptomics
유광민 조교, 이문영 조교

12:40-14:10 점심

14:10-15:30
i. Deconvolution Analysis Using Single-cell RNA Sequencing and Spatial Transcriptomics

ii. Cell-Cell Interaction Analysis in Spatial Transcriptomics
김지현 조교, 최승지 조교

15:30-15:40 휴식

15:40-16:50

i. Open Chromatin Region Analysis and Biological Interpretation of Using scATAC-seq Dataset
ii. Construction of Gene Regulatory Networks Based on Integrated 

Analysis of scATAC-seq and scRNA-seq Datasets
천하림 조교, 이호진 조교



DAY1 : 2월 28일 (수)

시간
강  의

(자연과학대학 28동 101호)

09:00-09:20 등록

09:20-09:30 공지사항 전달

09:30-11:00
Introduction to Transformers (이론)

전민지 교수 (고려대학교)

11:00-11:10 휴식

11:10-12:40
Introduction to Transformers (실습)

봉현수 조교, 임우택 조교

12:40-14:10 점심

14:10-15:40
Deep learning in Bioinformatics

노미나 교수(한양대학교)

15:40-15:50 휴식

15:50-17:20
Deep learning model을 이용한 실습

박예솔 조교

시간
강  의

(자연과학대학 28동 102호)

09:00-09:20 등록

09:20-09:30 공지사항 전달

09:30-10:50
마이크로바이옴 기본 이론

이선재 교수(GIST)

10:50-11:00 휴식

11:00-12:10
16S rRNA amplicon seq. - DADA2 

조준우 조교, 백재우 조교

12:10-13:40 점심

13:40-14:40
최신 메타지놈 분석 기법의 현황

이선재 교수(GIST)

14:40-14:50 휴식

14:50-16:50
Shotgun metagenome 분석 (Linux)

조준우 조교, 백재우 조교



DAY1 : 2월 29일 (목)

시간
강  의

(자연과학대학 28동 101호)

09:00-09:20 등록

09:20-09:30 공지사항 전달

09:30-10:50

화학정보학 기초(Cheminformatics) / 약물특성 및 약물다움(druglikeness)

Molecular Notations &Descriptors / AI 신약개발을 위한 Databases

AI 신약개발을 위한 Programming 기초

김동섭 교수(KAIST)

10:50-11:00 휴식

11:00-12:10

Google Colab에 RDKit 설치 / 화합물 정보 읽기 실습

Bioactivity database 검색 및 정보 읽기 실습

Molecular descriptor (fingerprint) 생성 및 similarity 계산 실습

정수재 조교, 나민주 조교

12:10-13:40 점심

13:40-15:10

AI 신약개발을 위한 기계학습법 기초 / QSAR 모델링 기초 / AI 신약개발을 위한 딥러닝 모델

Virtual screening (ligand-based, structure-based) 및 de novo design

김동섭 교수(KAIST)

15:10-15:20 휴식

15:20-16:50

QSAR modeling 전체 과정 실습/ 화합물의 Bioactivity 예측 모델 개발 

Virtual screening 과정을 통한 신약후보물질 발굴 실습

정수재 조교, 나민주 조교

시간
강  의

(자연과학대학 28동 102호)

09:00-09:20 등록

09:20-09:30 공지사항 전달

09:30-11:00
Single cell multiomics 이론 / Gene regulatory network 이론

김준일 교수(숭실대학교)

11:00-11:10 휴식

11:10-12:40
Seurat/Signac, ArchR, TENET+ 실습

김현규 조교, 정회빈 조교

12:40-14:10 점심

14:10-15:40
롱리드 시퀀싱 소개 및 유전체 조립 실습

김준 교수(충남대학교)

15:40-15:50 휴식

15:50-17:20
변이 분석 및 시각화 실습   

김준 교수(충남대학교)



강의개요

Best practice for single-cell data analysis

우리 몸을 세포 수준에서 이해하고자 하는 노력은 single-cell genomics 라는 새로운 기술의 발달

로 이어졌으며, 최근 쏟아지고 있는 single-cell 데이터는 생명정보학의 새로운 중요한 재료가 되고 

있다. 본 강의에서는 single-cell 데이터 분석을 위한 best practice를 정의해 보고자 한다. 초심자

를 위해 single-cell 데이터의 특성과 기본 분석법, 자주 발생하는 오류들과 이를 피하기 위한 방법

들을 설명하고, 공공 데이터의 활용법, 머신 러닝을 활용한 손쉬운 세포 타입 annotation, 딥러닝 

기반의 batch correction 방법 등도 간단한 실습을 통해 소개한다. Python과 google colab 을 활

용한 실습 진행을 포함한다.

  ⚫ Single-cell data structure (multi-dimension data analysis, data sparsity)

  ⚫ Basic analysis pipeline

  ⚫ Common erros in single-cell data analysis

  ⚫ Batch correction and assessing the integration

  ⚫ Public data analysis

  ⚫ Automatic cell type annotation

* 참고 웹사이트: https://scanpy.readthedocs.io/en/stable/index.html

* 교육생준비물: 노트북

* 강의 난이도: 초급-중급

* 강의: 박종은 교수 (한국과학기술원 의과학대학원)
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Best practice in single-cell analysis 
(python version) 

  
 

: /  

“Cellular heterogeneity of human tissue” created by DALL-E “““CCCeeeelllllllluular heterogeneity of human tissue” created by DALL-E

UUnderstanding the complexity of human tissue 

- 1 -



4 tissues, 18 tissue types, 78 organs, > 200 cell types, 37 trillion cells 

DDiversity of the cells in our body 

>20,000 protein coding genes, ~20,000 non-coding genes (more variants) 
?? Number of regulatory elements 
3 billion DNA letters (nucleotides) of reference, 6 billion personal genome 

>>220,000 protein coding genes, ~20,000 non-coding genes (more variants)
???????? Number of regulatory elements
3333 bbbbiiiillion DNA letters (nucleotides) of reference, 6 billion personal genome

DData stored in our genome 

- 2 -



FFrom bulk to single cell and spatial approaches 

  

6 

1. Single-cell data      
2. Best practice in single-cell data analysis 
3. Public databases & data integration 
4. Single-cell multi-omics data analysis 

- 3 -



11. Single-cell data      

7 

Advancement in single-cell technologies 

8 

Svensson & Vento-Tormo, 2018, Nature biotechnology 

- 4 -



MMulti-omics at single-cell resolution 

9 

Spatial transcriptomics 

10 

- 5 -



GGG 

CCC 

10X GENOMICS 

GGG 

CCC 

CCC 

CCC 

Pooling 

Pooling 

CCC 

CCC 

CCC 

3’ chemistry 

5’ chemistry 

Fragmentation & ligation 

5’ chemistry 

3’ chemistry 

SSingle-cell library generation 

https://hbctraining.github.io/Intro-to-rnaseq-hpc-O2/lessons/05_counting_reads.html 

RNA-seq analysis 

- 6 -



Packages for single-cell mapping 

SSingle-cell RNA-seq data alignment & counting 

Cellranger output and cell barcode filtering 

Cellranger output 

- 7 -



DData analysis package 

SSingle-cell data structure: Anndata format 

16 
https://anndata.readthedocs.io/en/latest/index.html 

• X: Gene expression values 
• Obs: observations, cells 
• Var: variables, genes 
• Obsm: PCA dimensions, … 
• Obsp: Graph connectivities, … 
• Varm: PCA loadings, … 
• Varp: Gene-wise correlations, … 
• Uns: anything 

 
• Based on hdf5 format 
• Efficient memory usage and storage 
• Easy plug-in with machine-learning packages 
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SSparsity, dropouts in single-cell data 

17 

Example: 3 different cell types 

18 
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EExample: 3 different cell types 

19 

20 

Example: 3 different cell types 
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21 

DDropouts in single-cell data 

22 

Profiling same cells for multiple times 
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23 

SSimulating random dropouts 

24 

Clustering keeping the resolution 
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25 

PPower of taking average! 

26 

It’s all about finding neighbors 
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27 

HHow to find neighbors? 

28 

Finding k-nearest neighbors 
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29 

FFinding k-nearest neighbors 

30 

PPower of neighbor graph in single-cell analysis 
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GGraph based clustering 

Annotating cell types Annotating cell types

Cell type annotation 
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33  

OOverview of single-cell analysis 

Overview of single-cell analysis 

34 

(2018).   RNA (Single-cell RNA sequencing)  . BRIC View 2018-T28. 

Gene expression 

Dimension reduction (e.g. PCA)

KNN-graph

Graph-embedding

UMAP

Force-directed graph

Diffusion map

Clustering, annotation, pseudotime….
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22. Best practice in single-cell data analysis 

35 

22-1. Sample QC 

36 
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How can we define cells? How can we define cells?

Sample QC: why? SSSSSSaaaaaaaaaaaaaaaaaaaaaammmmmmmmmmmmmmmmmmpppppppppppppppppllllllllllleeeeeeeeeeeeeeeee   QQQQQQQQQQQQQQQQCCCCCCCCCCCCCCCC::::::::  wwwwwwwwwwwwwhhhhhhhyyyyyyyyyyyyyy??????????????  
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Combinatorial filtering 

Low coverage: 
dying cells or 
soup 

High mitochondrial contents: 
dying or stressed cells 

Unrealisticly high number of genes detected 
(> 6000 per cell) 
: potential doublets 

CCCCCCCCCCCCCCCCCCooooooooooooooooommmmmmmmmmmmmmmmmmbbbbbbbbbbbbbbbiiiinnnnnnnnnnnnnnnaaaaaaaaaaattttttttttttttoooooooooooorrrrrriaaaaaaaaaaaaaalllllll  ffffffffffffiiiiiiiiiiillllllllllltttttttteeeeeeeeeeeeeerrrrrrrrrrrrrrrrrrrrrrriiiiiiiiiiiiiiiiinnnnnnnnnnnnnnnnnnnnnnnnnggggggggggggggggggggggggggggggg  

Low coverage: 
dyidying ng cells or 
souo pp 

contents:High mitochondrial  
dying or stressed cellsd i t d  

Unrealisticly high number of gf enes detectedddddddddddddd 
(> 6000 per cell) 
: potentnntntial doubletssss 

Best practice 

• Perform QC for individual sample 
• Draw UMAP for individual sample 
: color by well-known markers, mito-genes, n_genes, Immunoglobulins, hemoglobins, etc… 
• Try to find best universal cutoff 
• You might need to adjust cutoff for some low-quality samples (or simply discard them) 
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Problem 1: Doublets Problem 1: Doublets

Doublets expected from droplet based methods 
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https://www.nature.com/articles/ncomms14049/figures/2 

Doublets expected from droplet based methods 

Doublet rates from 10X Genomics platform 
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https://www.sciencedirect.com/science/article/pii/S2405471218304745 

Computationally predicting doublets 

Problem 2: Contaminating reads from ambient RNAs 
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Thymus 

Liver 

Thymus

Liver

Example for the ambient RNA contamination 

Example for the ambient RNA contamination 
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Thymus Liver 

Example for the ambient RNA contamination 

DecontX 
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Cell Hashing allows 
detection of doublets 

22-2. Preprocessing (normalization, scaling) 

56 
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There are  
huge difference  
in coverage  
across cells 

Why do we need normalisation? 

Normalisation method 

Xnorm = (X / sum(X)) * 10000 

before 

after 

Cells with high coverage Cells with low coverage 
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before 

after 

Log-transformation 

Xlog = log(Xnorm+1) 

Selecting highly variable genes 

Not informative 

Highly informative 
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Selecting highly variable genes 

Higher the expression level, 
also higher the dispersion 

Selecting highly variable genes 

After normalisation, we can apply flat cutoff! 

SSSSSSSSSSSSSSSeeeeeeeeeeeeeeeelllllllllllllleeeeeeeeeeeeeeeeccccccccccccccccttttttttttttttiiiiiinnnnnnnnnnnnnngggggggggggggg hhhhhhhhhhhhhiiiiigggggghhhhhlllllllyyyyyyyyyyy vvvvvvvvvvvvvaaaaaaaaaaaarrrrrrrrrrrriiiiiiiiiiiiiiiiiaaaaaaaaaaaaaaaaaaaaaaaaaabbbbbbbbbbbbbbbbbbbbbbbbbbblllllllllllllllllleeeeeeeeeeeeeeeeeeeeeeee  gggggeeeeennnnes 

After normalisation, we can apply flat cutoff! 
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Scaling 

“Making all genes equally important” 

centralise gene expression with zero mean and unit variance 

before 

after 

Raw count 

Normalized 

Log-transformed 

scaled 

Hvg selected: < 5000 gene number 

Integer between 0-10000 

float between 0-10000 

float between 0-20 

float between –x.xx ~ + x.xx 
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22-3. Dimension reduction / neighborhood graphs 

65 

66 

SSingle-cell data is high dimensional! 
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67 

CCurse of dimensionality 

low dimension
dense

easy to compare

high dimension
sparse

difficult to compare

68 

Feature selection 
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69 

DDimension reduction 

Liu, Peng, et al. "Recent advances in computer-assisted algorithms for cell subtype identification of cytometry 
data." Frontiers in cell and developmental biology 8 (2020): 234. 

Finding latent space embedding 
Finding key axis 
PCA, CCA, NMF, t-SNE, UMAP, FDG 

Gene expression  

Principal components 

Matrix decomposition 
 
Other examples: 
Non-Negative Matrix Factorization 
Canonical Correlation Analysis 
Bayesian modelling 

Dimension reduction 
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IImportance of neighborhood graph in single-cell data analysis 

71 

(2018).   RNA (Single-cell RNA sequencing)  . BRIC View 2018-T28. 

Gene expression 

Dimension reduction (e.g. PCA)

KNN-graph

Graph-embedding

UMAP

Force-directed graph

Diffusion map

Clustering, annotation, pseudotime….

Many methods for graph embedding  

Attraction & connectivity Repulsion & separation 
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How to annotate cells? 
How to define cluster resolution? 
HHHHHHHHoooooowwww to annotate cells?
HHHHHHow to define cluster resolution????

22-4. Clustering, finding marker genes and cell type annotation  

76 
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Choice of highly variable genes / PCA projection / batch correction methods… all affect clustering outcome 

highly variable gene selection  

Hierarchy in cell annotation 
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Subset, balancing, different genes, changed PCs 

Zooming into subset to get better resolution  

Resolution = 1 Resolution = 2 Resolution = 3 
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Defining markers 

Focusing on the borders 
Any binary classifier? 

Defininnnnnnnnnnngggggggggggggggggg mmmmmmmmmmmmmmmmmaaaaaaaaaaaaaaaaarrrrrrrrrrrrrrrrkkkkkkkkkkkkkkkkeeeeeeeeeeeeeeerrrrrrrrrrrrrrrsssssssssssss

Focusing on the bordersF i th b d
Any binary classifier?

DEG analysis? DEG analysis?
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Pseudo-bulk methods outperform generic and specialized single-cell DE methods 
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Single-cell DE methods are biased towards highly expressed genes. 

Single-cell DE methods often leads to false discoveries of DEGs SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSiiiiiiiiiiiiiiiiiiiinnnnnnnnnnnnnnnnnnnnnnngggggggggggggggggggggggllllllllllllllleeeeeeeeeeeeeeeeeeee---cccccccccccccceeeeeeeeeeeeeellllllllllllllllllllllllllllllllll DDDDDDDDDDDDDDDDDDDDEEEEEEEEEEEEEEEEEEEEEEEEE mmmmmmmmmmmmmmmmmmmmmmmmmmeeeeeeeeeeeeeeeeeeeeeeeeeeettttttttttttttttttttttttthhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhooooooooooooooooooooooooooooooooooooooooooddddddddddddddddddddddddddddddddddddddddddssssssssssssssssssssssssssssssssssssss ooooooooooooooooooooooooooffffffffffffffffttttttttttttttteeeeeeeeeeennnnnnnnnn llllllleads to ffalse discccoverieeees oof DEEEEEEEGGGGGGGGGGGGGs
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22-5. Trajectory inference 

87 

Modelling the cell differentiation trajectory Modellingggggggggggggggg   tttttttttttttttthhhhhhhhhhhhhhheeeeeeeeeeeeeee cccccccccccccccceeeeeeeeeeeeeeelllllllllllllllllllllllllll  ddddddddddddddiiiiiiiiffffffffffffffffffffffffffffeeeeeeeeeeeeerrrrrrrrreeeeeeeeeeeennnnnnnnnnnttttiiiaaaaaaaaatttttttttttiiiiiiiooooooooooonnnnnnnnnnnn ttttttttttrrrrrrrrrrrraaaaaaaaaaaaaaaaaaaajjjjjjjjjjjjjjjjjjjjjjjjeeeeeeeeeeeeeeeeeeeecccccccccccccccccccccccttttttttttttttttttttttooooooooooooooooooooooorrrrrrrrrrrrrryyyyy
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Linear regression PCA 

Smooth regression curve Principal curve 

LLLLLLLLLLLLLiiiiiiiiiinnnnnnnnnnnneeeeeeeeeeeaaaaaaaarrrrrr rrrrrrrreeeeeeeeegggggggggggrrrrrrrrrrrreeeeeeeeeeesssssssssssssssssssssiiiiiiiiioooooooooooooooooooooonnnnnnnnnnnnnnnnnnn PCCCCA

SSSmmmoooth regression curve Principal currrrvvvve

Minimum Spanning Tree MMMMMMMMMMMMMMiiiiiiiiiiinnnnnnnnnnnnnnnnnnnnnnnnniiiiiiiiiiiiiiiimmmmmmmmmmmmmmmmmmmmmmmmmmmmmmuuuuuuuuuuuuuuuuuuuuummmmmmmmmmmmmmmmmmmmmmmmmm SSSSSpppppppaaanning Trrrreeeee
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Monocle Monocle
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33. Public databases & Data integration 

94 
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AAnalogy between singel-cell omics vs satellite images 

95 

Nasa.gov 

Human cell atlas 

96 
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HHuman cell atlas: timeline and scope 

97 

Human cell atlas: data coordination platform  

98 
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DDivide and conquer strategy 

99 

Organs Developmental stages Disease status 

Data integration 

164 datasets in DCP 

Example of single-cell atlas database 

100 https://data.humancellatlas.org/explore/projects 
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101 https://singlecell.broadinstitute.org/single_cell 

EExample of single-cell atlas database 

102 https://www.ebi.ac.uk/gxa/sc/home 

Example of single-cell atlas database 
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103 

Sequence files Count matrix Annotated matrix

.loom

.mtx

.tsv

.loom

.RDS

.h5ad
.fastq
.bam

Takes long time to download/process 
Difficult to match with metadata 

Easy to download 
Matched metadata 

Structure of single-cell data files 

104 

Genes 
(RNA expression) 

Ce
lls

 

Metadata 
(age, gender, disease) 

Ce
lls

 

Study 1 

Study 2 

Raw 

Normalized 

Age, Cell Type 

age, celltype 

Potential problems in utilizing annotated matrix 
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DDesired outcome for utilization of annotated matrix files 

105 

Genes 
(RNA expression) 

Ce
lls

 

Metadata 
(age, gender, disease) 

Ce
lls

 

Study 1 

Study 2 

Harmonizing gene sets 

106 

Gene set 1 Gene set 2 
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HHarmonizing gene sets 

107 

Gene set 1 Gene set 2 

Approach 1. Intersection 
 

Efficient/accurate batch integration 
Downside: Loosing sample specific marker genes 

Harmonizing gene sets 

108 

Gene set 1 Gene set 2 

Approach 2. Union 
Downside: Increased ”batch effect”  

0 

0 

0 

0 

0 

0 
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HHarmonizing gene sets 

109 

Gene set 1 Gene set 2 

0 

0 

0 

0 

Approach 3. Filter 
 
Define universal gene annotation 
Apply gene mapper (converting) 
Assess the quality of mapping 
Impute non-existing genes as 0 

Remapping (sequence alignment using uniform pipeline) 

110 
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33-2. Single-cell RNA-seq data integration (batch correction) 
 

111 

PProblem of batch effect in single-cell data 

112 
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Correcting for the batch effect 

Source of variation for gene expression?  SSSSSSSSoooooooouuuuuurce of variation for gene expression????  
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Source of variation (1) Biology  –  Cell types 

Source of variation (2) Experimental conditions 

Source of variation (3) Replicates 
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Source of variation (3) Technology 

https://www.biorxiv.org/content/10.1101/035758v3.full#disqus_thread 

SSource of variation (3) Technology 
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Source of variation (4) Individuals (genotypes) 

Genders (XIST) or HLA genes… 

VVisualizing batch effect in single-cell data 

120 

Batch 2 

Batch 1 

Batch 3 

gene expression space… 
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SStructure of batch effect 

121 

Batch 2

Batch 1

Batch 3

gene expression space…

Batch 1

Batch 2

Batch 3 Batch 4

Batch 5

Scenario 1. Random

Genotype,
Exp. Batch…

122 

Batch 2

Batch 1

Batch 3

gene expression space…

Batch 1 Batch 3
Batch 4Batch 2

Scenario 2. Systematic, recurring
10X 3’ vs 5’
Development
Disease

Structure of batch effect 
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Expression of gene X 

Cell type + Experimental conditions + 
  
Replicate + Technology +  
Genotype + Bioinformatic pipeline 

Keep! 
 
 
Remove! 

Batch effect! 

Seurat Integrate 

Harmony 

BBKNN 

Seurat Integrate

Harmony

BBKNN

MMultiple batch correction strategy 
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DDifferent methods, different results 

125 

Goals for ideal batch correction 

126 

• Batch removal -> Good harmonization across batches
• Bio conservation -> Maintaining biological integrity (no distortion or over-correction)
• Scalability -> Can deal with large scale datasets
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MMetrics to assess the quality of batch correction 

127 

Measuring integration Measuring cell type preservation 

Linear regression 

128 
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MMutual nearest neighbors 

129 

Finding anchors (with CCA dimension reduction) 

130 
Stuart, Tim, et al. "Comprehensive integration of single-cell data." Cell 177.7 (2019): 1888-1902. 
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HHarmony: batch correction at cluster level 

131 

BBKNN: Biology correction at graph level 

132 Polański, Krzysztof, et al. "BBKNN: fast batch alignment of single cell 
transcriptomes." Bioinformatics 36.3 (2020): 964-965. 
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IImportance of efficiency and speed for large data integration 

133 Polański, Krzysztof, et al. "BBKNN: fast batch alignment of single cell 
transcriptomes." Bioinformatics 36.3 (2020): 964-965. 

Tandem batch correction 

134 

BBKNN 

Model based cell type prediction 

Regularized linear model with batch + cell type design 

Gene Expression ~ Batch + Cell Type 
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DDeep learning & scRNA-seq data integration 

135 

136 

BBatch effect & Embedding -> SCVI 

Encoder Decoder 

Latent 
space 

Variational autoencoder 

Dropout 

Gene expression 

Normalization 

Batch correction 

UMAP! 

- 66 -



Automatic cell type annotation 

https://www.sciencedirect.com/science/article
/pii/S2001037021000192#b0120 

MMachine learning based general cell annotation 

138 
Domínguez Conde, C., et al. "Cross-tissue immune cell analysis reveals tissue-
specific adaptations and clonal architecture in humans." (2021). 
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139 

AAnnotation transfer -> SCANVI 

Cell type Cell state 

140 

AAnnotation transfer -> SCANVI 
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141 

AAnnotation transfer -> scArches (Transfer learning) 

142 

AAnnotation transfer -> scArches (Transfer learning) 
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BBiology at single-cell resolution 

143 

https://docs.scvi-tools.org/ 

TTry google colab platform 

144 

https://docs.scvi-tools.org/ 
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145 

TTutorial - SCVI 

146 

Tutorial - SCVI 
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147 

TTutorial - SCANVI 

MMore things to consider… 

148 

• Removing bad quality data – “Garbage in garbage out” 
• Removing doublets 
• Considering ‘soup effect’ 
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44. Single-cell multi-omics analysis 

149 

What about other single-cell omics data? 

150 
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RNAs 

Ce
lls

 

scRNA-seq CITE-seq 

proteins 
Immune 

repertoire 

TCR-seq 
BCR-seq 

… 

CNV 
mutation 

Beyond gene expression matrix 

genes 

Ce
lls

 (s
et

 A
) 

scRNA-seq 

Ce
lls

 (s
et

 B
) 

scATAC-seq 

genomic coordinates 

Structure of ATAC-seq data 
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genes 

Ce
lls

 (s
et

 A
) 

scRNA-seq 
Ce

lls
 (s

et
 B

) 
scATAC-seq 

genomic coordinates 

Peak calling (de novo) 
Prior knowledge (bulk ATAC-seq, ChIP-seq) 

Peak calling for ATAC-seq 

genes 

Ce
lls

 (s
et

 A
) 

scRNA-seq 

Ce
lls

 (s
et

 B
) 

peak density 

scATAC-seq 

Assign peak to gene 
Based on proximity 

Linking peaks to genes 
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Genes 
(RNA expression) 

Ce
lls

 (s
et

 A
) 

scRNA-seq 
Ce

lls
 (s

et
 B

) 

Genes 
(Chromatin accessibility score) 

scATAC-seq 

Assign peak to gene 
Based on proximity Batch effect correction problem 

Linking peaks to genes 

Link epigenetics to RNA expression 

Combining RNA with chromatin information 
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IImportance of spatial information 

Single cell transcriptomics with spatial resolution 
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genes 

Ce
lls

 (s
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scRNA-seq 

genes 
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Spatial gene expression 

Structure of spatial gene expression data 

genes 

Ce
lls

 (s
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 A
) 

scRNA-seq 

genes 
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y 
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s)
 

Spatial gene expression 

Structure of spatial gene expression data (Visium) 
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scRNA-seq 

genes 
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Structure of spatial gene expression data (smFISH) 

genes 

Ce
lls

 (s
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) 

scRNA-seq 

genes 

Sp
ot

s (
x,

y 
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s)
 

Si
ng
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Cell boundary 
detection 

Structure of spatial gene expression data (smFISH) 
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genes 

Ce
lls

 

scRNA-seq 

genes 

Ce
lls

 (x
, y
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oo
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in

at
es

) 

Batch effect correction problem 

Mapping cells to space 

Spatial data alignment with single-cell data 
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Spatial gene expression 
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Problem of spatial data deconvolution (e.g. Visium) 

genes 

Ce
ll 

ty
pe

s 

Cell type signature 

genes 

Sp
ot

s (
x,
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Spatial gene expression 

M
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Problem of spatial data deconvolution (e.g. Visium) 
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genes 

Ce
ll 

ty
pe

s 

Cell type signature 
Cell type A       50% 
Cell type B       30% 
Cell type C       20% 

deconvolution 

Problem of spatial data deconvolution (e.g. Visium) 

Problem of spatial data deconvolution (e.g. cell2location) 
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PProblem of spatial data deconvolution (cell2location) 

Conclusion 

Cells Genes

likelihood of
cell-cell interaction

Disease

GWAS mutations

OrganStructureMap

Reference for human biology 

Generating single-cell based big data
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LLink to the practice 

171 

https://drive.google.com/drive/folders/1GYq-
gM3X9JlV2608UGw9AgElvu8_q-
5M?usp=sharing 

 

172 
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