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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

Introduction to single cell transcriptomics analysis

2009년 단일세포에서 얻은 RNA sequencing 데이터가 처음 발표된 이후로 이제는 single cell 

RNA sequencing (scRNAseq)은 유전자발현 연구에 필수적인 도구로 자리잡고 있다. 이에 따라 데

이터분석의 기본적인 파이프라인도 표준화되고 있지만 여전히 처음 접하는 연구자에게는 접근하

기에 많은 어려움이 있다.

본 강의에서는 단일세포기술의 역사와 기본분석 파이프라인에 대해서 공부하고 가장 널리 쓰이는 

Seurat과 Scanpy 사용법에 대해 설명한다. 이론강의에서 분석파이프라인이 만들어진 배경에 대해

서 학습하고 그 원리를 탐구한 후에 예제 데이터를 통하여 Seurat과 Scanpy의 구성과 활용법에 

대해서 익히고 연구자들이 생산한 데이터에 적용하여 분석하고 해석할 수 있는 역량을 갖추는 것

을 목표로 한다.

강의는 다음의 내용을 포함한다:

  ⚫ 단일세포 기술의 역사

  ⚫ scRNAseq 데이터분석 기본 파이프라인 (품질관리, 정규화, 차원축소, 시각화, 클러스터링) 

  ⚫ Seurat를 활용한 scRNAseq 데이터 분석

  ⚫ Scanpy를 활용한 scRNAseq 데이터 분석

* 참고강의교재: 

  Current best practices in single‐cell RNA‐seq analysis: a tutorial / Malte Luecken, Fabian Theis

* 교육생준비물: 

  Seurat (R package), Scanpy (Python package)가 설치된 노트북 (메모리 16GB 이상)

* 강의 난이도: 중급

* 강의: 김준일교수 (숭실대학교 컴퓨터공학부)
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KSBi-BIML  

Introduction to single cell transcriptomics analysis 

CContents 

2 

1. Review of Bulk RNA sequencing 
2. Why single cell? 
3. Single cell technology 
4. What can we do using single cell transcriptomics? 

• Dimension reduction and clustering (cell type identification) 
• Dynamics (Pseudotime, RNA velocity, GRN analysis) 
• Beyond single cell (Cell-cell interaction, Spatial transcriptomics) 

5. Single cell transcriptomics analysis pipeline 
• Quality control and normalization 
• Feature selection 
• Dimension reduction and visualization 
• Clustering and cell type annotation 

- 1 -



11. Review of Bulk RNA sequencing: mRNA sequencing exactly 
measures the quantity of mRNA molecule 

3 

• Full length mRNA cannot yet be sequenced routinely (Illumina). 
• Only short fragments can be sequenced accurately and cheaply. 

• RNA are fragmented into small pieces, typically 200 - 500 bases. 
• Approximately 100 bases are sequenced from one, or both, ends 

of the fragments. 

1. Review of Bulk RNA sequencing 

4 

• Reads are aligned to the genome. 
• Data are represented as “depth of 

coverage” plots. 
• The height of the bar over a nucleotide 

is the number of reads which align 
across that location. 

• The higher a gene is expressed, the 
more reads we find for that gene. 

• The higher the peak, the higher the 
gene is expressed. 

- 2 -



11. Review of Bulk RNA sequencing: RNA-seq analysis 
pipeline 

5 

Raw Data 
(FASTQ file) 

Aligned Data 
(BAM, SAM file) 

Alignment 
(STAR, TOPHAT) 

Quality Control (FASTQC, 
TrimGalore) 

Read count 
(text or excel file) 

Quantification 
(HTSeq, Samtools) Normalization 

RPKM, FPKM, TPM 
(text or excel file) 

Differential Expression 
Analysis (DESeq2, edgeR) 

DEGs 
(text or excel file) 

Further analysis (GSEA, Pathway, 
Alternative splicing, Variant) 

2. Why single cell? 

6 

• Cell identity and function can be characterized at 
the molecular level by unique transcriptome 
signatures (Stegle et al. Nature Reviews Genetics 
2015) 
• Ensemble-based approaches (bulk RNA-seq) only 

provide an average of each gene’s expression across 
a large population of cells. 
• What we cannot see using bulk measures? 

1. Heterogeneity – early embryo, complex tissues such as 
brain tissues 

2. Cellular composition – Differential gene expression 
between samples may be driven by cellular 
composition 

3. Stochasticity – gene expression bursts probabilistically 

- 3 -



22. Why single cell? Bulk RNA-seq cannot be used for cellular 
heterogeneity 

7 

22. Why single cell? scRNA-seq uncover bulk cell expression 
patterns as well as single-cell-level heterogeneity 

8 Shalek et al. (2013) Nature 498, 236-240 

- 4 -



33. Single cell technology 

9 

3. Single cell technology 

10 

- 5 -



33. Single cell technology 

11 

Smart-seq: Well-based scRNA-
seq 

10x Genomics: Microfluidic 
droplet-based scRNA-seq 

3. Single cell technology: First single cell RNA-seq paper (2009) 

12 

Question: How to capture the mRNA 
molecule in a small amount of 
material? 

Fuchou Tang Azim Surani 

- 6 -



33. Single cell technology: STRT (single cell tagged reverse 
transcription) – Multiplexing (2011) 

13 

Multiplexing using barcode reduces cell-to-cell 
amplification bias since single-cell cDNA was 
pooled  before amplification 

Saifu Islam Sten Linnarsson 

3. Single cell technology: SMART(switching mechanism at the 
5’ end of RNA templates) (2012) 

14 

SMART-seq focus on the full-length transcript 
coverage. SMART-seq can achieve the coverage 
by using a reverse transcriptase enzyme from the 
Moloney murine leukemia virus (template 
switching and terminal transferase activity). 

Daniel Ramsköld Rickard Sandberg 

- 7 -



33. Single cell technology: UMI (2013) 

15 

UMI enables to quantify the mRNA eliminating 
amplification noise. 

Saifu Islam Sten Linnarsson 

3. Single cell technology: inDrops, cell (2015), page 1187-1201 
/ Drop-seq, Cell (2015), page 1202-1214 

16 

inDrops enables to measure transcriptome of 
tens of thousands of cells by using microfluidic 
droplets suspended in carrier oil and barcoding 
system with UMI. 

Drop-seq enables to measure transcriptome of tens 
of thousands of cells by using aqueous droplets and 
barcoding system with UMI. 

Evan Macosko 

Allon Klein 

- 8 -



33. Single cell technology (history) 

17 

2009: First single cell RNA-seq paper 

PolyT primer PCR 

Fuchou Tang 

2011: STRT (single cell tagged reverse 
transcription) - Multiplexing 

Cell Barcode 

PolyT primer PCR 

Sten Linnarsson 
2012: SMART(switch mechamism at 
the 5’ end of RNA templates)-seq 

Rickard Sandberg 

PolyT primer PCR 

Template 
switching 

Template 
switching (CCC) 

2012: CEL-seq 
PolyT primer IVT 

Cell Barcode 

Itai Yanai 

2013: Smart-seq2 

PolyT primer PCR 

Template 
switching (LNA) 

Rickard Sandberg 

2013: UMI 

Cell Barcode 

PolyT primer PCR 

Template 
switching 

UMI Sten Linnarsson 

2014: MARS(Massively parallel RNA 
single-cell)-seq 

Ido Amit 

Cell Barcode 

PolyT primer 

UMI 

IVT 

FACS 

2015: inDrops, Drop-seq 

Evan Macosko 

PolyT primer IVT (inDrops) 
PCR (Drop-seq) 

Cell Barcode 

UMI 
Droplets 

Allon Klein 

4. What can we do using single cell transcriptomics? 

18 

• Heterogeneity � Cell type identification 

• Dynamics � Cell type differentiation trajectory / Gene regulatory network 
reconstruction � Identifying key molecules regulating cellular behavior 

• Interactions � Cellular communication 

Dimension reduction and 
Clustering 

Pancreatic cells 

Beta 

Alpha 

PP 

Delta 

Acinar 

Ductal 

Mesenchymal 

Epitheli
al 

Proliferating 

Progenitor 

PIC-seq 

Giladi et al., Nature 
Biotech. (2020) 

C/EBP� 

ATF
4 

Pseudotime GRN 

Trapnell et al., Nature 
Biotech. (2014) 
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44. What can we do using single cell transcriptomics? – 
Dimension reduction and clustering 

19 

n cells 

m
 g

en
es

 

Similar 
expression 

a b 

Different 
expression 

c Dimension reduction 
(PCA, tSNE, UMAP) 

a 

b 

c 

Clustering and cell type 
annotations 

Beta 

Alpha 

PP 

Delta 

Acinar 

Ductal 

Mesenchymal 

Epitheli
al 

Proliferating 

Progenitor 

4. What can we do using single cell transcriptomics? – 
Dynamics: Pseudotime analysis 

20 

Trapnell et al., 
Nature Biotech. 
(2014) 
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44. What can we do using single cell transcriptomics? – 
Dynamics: Pseudotime analysis 

21 

Fetal Child Adult 

Pseudotime analysis Gene-gene causal 
relationships 

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

interaction

Hotairm1

Sdf2
Lyar

Vps26a

Gabarap

Bnip3l

Odc1

Cdt1

Wbp5

Lin7c
Zfp948

Vapa

Atg12

Atf4

Tex30
Cebpg

Bag1

Limd2Shmt2

Map1lc3b

Gadd45b
Nt5dc2

Pdcd2

Gene regulatory networks 

44. What can we do using single cell transcriptomics? – Beyond 
single cell 

22 

Mouse hippocampus data 

Spatial transcriptomics 

Rodriques et al., Science 
(2019) 

PIC-seq (two-cells) 

Giladi et al., Nature Biotech. (2020) 
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55. Single cell 
transcriptomics data 
analysis pipeline 

23 

5. Single cell transcriptomics data analysis pipeline: 
quality control 

24 

• For cell QC, we must filter out dying cells or doublets. 
• Three QC criterion 

1. The number of counts per barcode 
2. The number of genes per barcode 
3. The fraction of counts from mitochondrial gene per barcode 

• Example 1: cells with low counts, few detected genes, 
and a high fraction of mitochondrial genes may represent 
dying cells 
• Example 2: cells with high counts and a large number of 

detected genes may represent doublets 

- 12 -



55. Single cell transcriptomics data analysis pipeline: 
quality control 

25 

• Considering only one criteria 
can lead to misinterpretation 
of cellular signals 
• High fraction of mitochondrial 

counts may be involved in 
respiratory processes 

• Low counts and genes may 
correspond to quiescent cell 
populations 

• High counts and genes may 
correspond large cell size 
(adipocytes) 

5. Single cell transcriptomics data analysis pipeline: 
quality control 

26 

• For gene QC, we can filter out genes that are not expressed in 
more than a few cells 
• You need to consider the minimum number of cell cluster size of your 

interest when you choose the threshold. 
• For example, you need to lower the threshold, when you tried to find a 

rare cell type. 

• Ambient gene expression (counts that do not originate from a 
barcoded cell, but from other lysed cells whose mRNA 
contaminated the cell suspension prior to library construction) 
• For example, super-highly expressed genes can be detected in an 

empty droplet. SoupX and DecontX provide a correction for this 
contaminzation in droplet-based scRNA-seq datasets 

- 13 -



55. Single cell transcriptomics data analysis pipeline: 
normalization 

27 

• Gene normalization / scaling (z scores): scaling gene counts to 
have zero mean and unit variance. There is no consensus on 
whether or not to do this. 
• Should all genes be weighted equally? versus 
• Is the magnitude of expression of a gene an informative for the 

importance of the gene? 

Highly expressed gene (#1)
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5. Single cell transcriptomics data analysis pipeline: 
normalization 

28 

• Log normalization: log2(x+1) This is a useful tool for 
the downstream analysis (DEG, clustering, etc.)! � 

1. Distance between log-transformed expression values 
represent log fold changes 

2. Log transformation mitigates the mean-variance 
relationship. Expression variance of a gene can be 
considered as the importance of the gene. Then, the 
importance of lowly-expressed genes can be ignored. 

3. Log transformation reduces the skewness of the data to 
approximate the assumption of many downstream 
analysis tools that the data are normally distributed 

- 14 -



55. Single cell transcriptomics data analysis pipeline: 
normalization 

29 

Highly expressed gene (#1)
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5. Single cell transcriptomics data analysis pipeline: 
feature selection 

30 

• Depending on the task and the complexity 
of the dataset, typically between 1,000 
and 5,000 Highly Variable Genes (HVGs) 
are selected. 
• Seurat procedure 

1. Genes are binned by their mean 
expression of count data 

2. The genes with the highest variance-
to-mean ratio are selected as HVGs 

- 15 -



55. Single cell transcriptomics data analysis pipeline: 
dimension reduction and visualization 

31 

• Dimensionality reduction algorithms embed the expression matrix into a 
low-dimensional space, which is designed to capture the underlying 
structure in the data in as few dimensions as possible. 

• Two main objectives: 
1. Visualization: optimally describe the dataset in 2D or 3D 
2. Summarization: can be used to reduce the data to its essential components 

by finding the inherent dimensionality 

• 2D visualization cannot be used for summarization (Visualization ≠ 
Summarization) 

• Linear method: PCA 

• Non-linear methods: t-SNE, Diffusion maps, UMAP, SPRING’s force-directed 
layout. 

*Dimensionality reduction 
#Visualization 

5. Single cell transcriptomics data analysis pipeline: 
dimension reduction and visualization - PCA 

32 
Ringner, “What is principal component analysis?”, Nature Biotechnology 2008 
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55. Single cell transcriptomics data analysis pipeline: 
dimension reduction and visualization - PCA 

33 

• t-SNE suffers from limitations such as loss of large-scale information (the 
inter-cluster relationships) and inability to meaningfully represent very large 
datasets. 

• Both UMAP and t-SNE were successfully pulling together only clusters 
corresponding to similar cell populations. 

• However, t-SNE separated cell populations into distinct clusters than UMAP. 

55. Single cell transcriptomics data analysis pipeline: 
clustering 

34 

• Clustering allows us to infer the identity of member cells. 
• Clusters are obtained by grouping cells based on the similarity (or 

distance) of their gene expression profiles. 
• Clustering is a classical unsupervised machine learning problem, 

based directly on a distance matrix. 

Supervised learning 
(There is ground truth) 

Orchestrating the Development Lifecycle of Machine Learning-Based IoT Applications 

Unsupervised learning 
(No ground truth) 
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55. Single cell transcriptomics data analysis pipeline: 
clustering 

35 

• Two approaches 
1. Conventional clustering algorithms: Cells are assigned to clusters by 

minimizing intracluster distances or finding dense regions in the 
reduced expression space. 

2. Community detection methods: graph-partitioning algorithms and 
thus rely on a graph representation of single-cell data. (KNN graph) 

• How would you design an algorithm for 
finding the three clusters in this case? 

• A cluster is a collection of data items 
which are “similar” between them, and 
“dissimilar” to data items in other 
clusters. 

5. Single cell transcriptomics data analysis pipeline: 
clustering 
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Dana Pe’er 

Algorithm 
1. Construct a K-nearest neighbor graph using Euclidean distance 
2. Construct a weighted shared nearest neighbor graph using 

Jacarrd similarity 
3. Maximize the modularity using the Louvain method 

Modularity 

Jaccard Similarity 
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• The gene signature a.k.a. marker genes characterize the 
cluster and are used to annotate it with a meaningful biological 
label. 
• There are several axes of variation that determine cellular 

identity 
1. It is not always clear what constitutes a cell type. Ex) “T cells” may 

be a satisfactory label of a cell type to some, others may look for 
CD4+ and CD8+ T cells. 

2. Cells of the same cell type in different states may be detected in 
separate clusters. 

• Identifying and annotating clusters relies on using external 
sources of information describing the expected expression 
profiles of individual cell identities. 

5. Single cell transcriptomics data analysis pipeline: 
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• Two ways to use reference database information to annotate 
clusters 

1. Data-derived marker genes 
• Differential expression (DE) testing between the cells in one cluster and 

all other cells in the dataset (typically up-regulated in the cluster of 
interest) with simple statistical tests (Wilcoxon rank-sum test or the t-
test) 

• Null hypothesis: genes have the same distribution of expression values 
between the two groups. 

• The p-values are often inflated, which can lead overestimation of the 
number of marker genes. However, the ranking is unaffected. � We 
can focus on the top-ranked marker genes. 

• Differential gene expression not only depends on the cell cluster but 
also on the dataset composition. 

2. Automated cluster annotation by directly comparing the 
gene expression profiles of annotated reference clusters to 
individual cells. 

�The current best practice is a combination of both 
approaches. 
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