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안녕하십니까?

한국생명정보학회의 동계 워크샵인 BIML-2021을 2월 15부터 2월 19일까지 개최합니

다. 생명정보학 분야의 융합이론 보급과 실무역량 강화를 위해 도입한 전문 교육 프

로그램인 BIML 워크샵은 2015년에 시작하였으며 올해로 7차를 맞이하게 되었습니다. 

유례가 없는 코로나 대유행으로 인해 올해의 BIML 워크숍은 온라인으로 준비했습니

다. 생생한 현장 강의에서만 느낄 수 있는 강의자와 수강생 사이의 상호교감을 가질 

수 없다는 단점이 있지만, 온라인 강의의 여러 장점을 살려서 최근 생명정보학에서 

주목받고 있는 거의 모든 분야를 망라한 강의를 준비했습니다. 또한 온라인 강의의 

한계를 극복하기 위해서 실시간 Q&A 세션 또한 마련했습니다. 

BIML 워크샵은 전통적으로 크게 생명정보학과 AI, 두 개의 분야로 구성되어오고 있으

며 올해 역시 유사한 방식을 채택했습니다. AI 분야는 Probabilistic Modeling, 

Dimensionality Reduction, SVM 등과 같은 전통적인 Machine Learning부터 Deep 

Learning을 이용한 신약개발 및 유전체 연구까지 다양한 내용을 다루고 있습니다. 생

명정보학 분야로는, Proteomics, Chemoinformatics, Single Cell Genomics, Cancer 

Genomics, Network Biology, 3D Epigenomics, RNA Biology, Microbiome 등 거의 모

든 분야가 포함되어 있습니다. 연사들은 각 분야 최고의 전문가들이라 자부합니다. 

이번 BIML-2021을 준비하기까지 너무나 많은 수고를 해주신 BIML-2021 운영위원회

의 김태민 교수님, 류성호 교수님, 남진우 교수님, 백대현 교수님께 커다란 감사를 드

립니다. 또한 재정적 도움을 주신, 김선 교수님 (AI-based Drug Discovery), 류성호 교

수님, 남진우 교수님께 감사를 표시하고 싶습니다. 마지막으로 부족한 시간에도 불구

하고 강의 부탁을 흔쾌히 허락하시고 훌륭한 강의자료를 만드는데 노력하셨을 뿐만 

아니라 실시간 온라인 Q&A 세션까지 참여해 수고해 주시는 모든 연사분들께 깊이 

감사드립니다. 

2021년 2월 

한국생명정보학회장 김동섭



강의개요 

  

Single-cell RNA-sequencing analysis of cancer 
 

본 강좌에서는 최근 각광 받고 있는 단세포 전사체 데이터 분석 기술에 대한 

소개와 실제 데이터에 대한 분석 실습을 병행하고자 한다. 단세포 전사체 분석 

기술은 세포의 분화, 암의 진화, 면역세포 프로파일링 및 종양 내 이질성 분석 등에 

활용되고 있으며, 관련 기술과 응용 사례에 대한 소개 및 현재 가장 널리 사용되고 

있는 10x Genomics사의 Chromium Single Cell Gene Expression Solution을 사용하여 

생산된 암샘플 단세포 전사체 데이터를 위주로 다양한 분석 방법에 대한 실습을 

진행하고자 한다.  강의는 다음의 내용을 포함한다. 

 

⚫ Single-cell RNA-sequencing(scRNA-seq)의 소개 및 개요 

⚫ 암 scRNA-seq 연구 동향 

⚫ 암 scRNA-seq 데이터 분석 실습 

 

*참고강의교재:  

 없음 

 

*교육생준비물:  

 노트북 (메모리 8GB 이상, 디스크 여유공간 30GB 이상) 

 

* 강의: 이세민 교수 (울산과학기술원 바이오메디컬공학과) 
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Single-cell RNA-sequencing analysis of cancer

Semin Lee, PhD

Email : seminlee@unist.ac.kr

Ulsan National Institute of Science and Technology

본 강의 자료는 한국생명정보학회가 주관하는 KSBi-BIML 

2021 워크샵 온라인 수업을 목적으로 제작된것으로 해당 목

적 이외의 다른 용도로 사용할 수 없음을 분명하게 알립니다.  

수업 목적으로 배포 및 전송 받은 경우에도 이를 다른 사람

과 공유하거나 복제, 배포, 전송할 수 없습니다. 

만약 이러한 사항을 위반할 경우 발생하는 모든 법적 책임은

전적으로 불법 행위자 본인에게 있음을 경고합니다.
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Introduction

Why single-cell RNA sequencing?

https://www.10xgenomics.com/blog/single-cell-rna-seq-an-introductory-overview-and-tools-for-getting-started
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Limitations of bulk RNA sequencing

• Bulk sequencing methods are limited to reporting an 
average signal from a complex population of cells.

• So, it is difficult to resolve cell-to-cell variations in 
tumor and identify the complex nature of tumor 
microenvironment (TME).

• Computational deconvolution techniques could help 
infer the cellular composition of tumors, but such 
analyses are limited to a few known cell types.

Advantages of single-cell RNA 
sequencing

• Single-cell RNA sequencing
▪ not only identifies intratumoral heterogeneity but also 

reconstruct a high-resolution map of the TME.

▪ identifies cell-specific genetic variants and reconstruct 
tumor clonality and evolution.

• Single-cell sequencing does not rely on known cell 
type-specific gene signatures or surface markers.
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Single-cell RNA sequencing in 
cancer
• Tumor heterogeneity

• Clonal evolution of cancer

• Circulating tumor cells

• Tumor microenvironment

Clonal evolution of cancer

Durante et al. Nat Commun. 2020
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Tumor heterogeneity

Patel et al. Science. 2014

Circulating tumor cells

Lim et al. NPJ Precis Oncol. 2019
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Tumor microenvironment

Durante et al. Nat Commun. 2020

Single-cell sequencing
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State of the art of single-cell 
sequencing technologies

Ren et al. Genome Biol. 2018

https://en.wikipedia.org/wiki/Single_cell_sequencing
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Chen et al. Annual review of biomedical data science. 2018

Svensson et al. Nature Protocols. 2018

Scaling of scRNA-seq experiments
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Roy et al., Sci. Adv. 2018

Historical trends of single cell analysis
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Hwang et al. Experimental & Molecular Medicine. 2018

Many facets of scRNA-seq applications

Villani et al. Science. 2017
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https://www.humancellatlas.org/

The Human Cell Atlas

Lafzi et al. Nat Prodoc. 2018

Single-cell RNA sequencing process
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Single-cell RNA sequencing 
platforms

Nguyen et al. Front. Immunol. 2018
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https://irp.nih.gov/catalyst/v19i6/new-methods

Laser capture microdissection (LCM)

Svensson et al. Nature Methods. 2017

Performance metrics for scRNA-seq protocols
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Hwang et al. Experimental & Molecular Medicine. 2018

Technical noise in scRNA-seq

Technical noise in scRNA-seq

Brennecke et al. Nature Methods. 2013
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Vallejos et al. Nature Methods. 2017

There are several 
experimental sources of 
systematic biases that can 
affect measurements of gene 
expression, including gene-
and cell-specific features

Cell and gene-specific effects in RNA-
seq experiments

Hwang et al. Experimental & Molecular Medicine. 2018

Technical noise in scRNA-seq

-15-



Neural cells at various stages of 
development can be identified 
with ∼50,000 reads per cell 

Streets and Huang. Nature Biotechnology. 2014

The effect of sequencing depth

Principal Component Analysis (PCA) 

Ringnér et al. Nature Biotechnology. 2008
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• PCA has historically been the most commonly used method 
for dimensionality reduction.

• The importance of nonlinear dimensionality reduction 
techniques has recently been recognized.
• able to avoid overcrowding of the representation

• Isomap, Diffusion Map and t-SNE

• t-SNE is currently the most commonly used technique in 
single-cell analysis
• t-SNE suffers from limitations such as loss of large-scale information 

• slow computation time

• inability to meaningfully represent very large datasets

Becht et al. Nature Biotechnology. 2019

T-distributed stochastic 
neighborhood embedding (t-SNE)

Uniform manifold approximation and 
projection (UMAP)

• Preserve as much of the local and more of the 
global data structure than t-SNE, with a shorter run 
time

Becht et al. Nature Biotechnology. 2019
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Kiselev et al. Nature Reviews. 2019

When using a large number of
features, clusters are less 
distinct, as indicated by the 
shorter distances between 
clusters

The curse of dimensionality

Kiselev et al. Nature Reviews. 2019

Clustering analysis
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Computational challenges

• A large data set ensures that analyses will have high power and improves the 

ability to detect rare cell types. 

• Although it is possible to cluster such large data sets in a time span of hours, 

visualizing and interpreting the clustering results is difficult.

• Linear transformations, such as PCA, are unable to accurately capture 

relationships between cells because of the high levels of dropout and noise.

• Nonlinear techniques, such as tSNE and UMAP, can provide outcomes that are 

often more aesthetically pleasing and easier to interpret by visual inspection.

• They contain parameters that are required to be manually defined by the user 

and can strongly affect the visualization.

Comparisons of scRNA-seq clustering methods

Tian et al. Nature Methods. 2019
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Databases

https://portals.broadinstitute.org/single_cell
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Lambrechts et al. Nat Med. 2018

Processed data

Investigation description

Sample and data relationship

Raw data

https://www.ebi.ac.uk/arrayexpress/
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Journal papers on scRNA-
seq analysis of cancer
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Lambrechts et al. Nat Med. 2018

Many stromal cell subclusters were enriched for 
either tumor-derived or lung tissue-derived cells
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Most significantly downregulated pathway was involved in inflammatory responses.

Lambrechts et al. Nat Med. 2018

Myc targets as the top enriched 
signature in tumor endothelial cells

Lung tumors are enriched with fibroblasts 
with expression of EMT pathway
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Guo et al. Nat Med. 2018

Seven CD8 and nine CD4 clusters were 
identified

Guo et al. Nat Med. 2018

T cells clustered primarily based on 
their tissue origins and subtypes
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T cell clusters CD8-C3-CX3CR1 and CD4-C3-GNLY 
showed the highest proportions of clonal cells

Guo et al. Nat Med. 2018
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Contact

Semin Lee

Email: seminlee@unist.ac.kr

Thank  you
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Single-cell RNA-sequencing analysis of cancer

Hyoung-oh Jeong, PhD

Email : hyoung-oh@unist.ac.kr

Ulsan National Institute of Science and Technology

KSBi-BIML
2021

Organized by

본 강의 자료는 한국생명정보학회가 주관하는 KSBi-

BIML 2021 워크샵 온라인 수업을 목적으로 제작된것으

로 해당 목적 이외의 다른 용도로 사용할 수 없음을 분

명하게 알립니다.  수업 목적으로 배포 및 전송 받은 경

우에도 이를 다른 사람과 공유하거나 복제, 배포, 전송할

수 없습니다. 

만약 이러한 사항을 위반할 경우 발생하는 모든 법적 책

임은 전적으로 불법 행위자 본인에게 있음을 경고합니

다.
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Contents

1. Identify doublets (Scrublet)

2. Remove cell free mRNA contamination (SoupX)

3. single-cell RNA-seq analysis (Seurat)

4. Cell type annotation (SingleR)

5. Data Integration (Seuart)

6. Inferring copy number alterations (InferCNV)

7. Trajectory analysis (monocle)

8. Cell-cell communication (CellPhoneDB)

9. Gene Regulatory Networks (SCENIC)

Generating FASTQ
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https://support.10xgenomics.com/single-cell-gene-expression/software/downloads/latest

Cell Ranger

https://support.10xgenomics.com/single-cell-gene-expression/software/downloads/latest
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Cell Ranger pipeline workflow

$ cellranger count \
--id=sample-1a \
--transcriptome=refdata-cellranger-hg19-1.2.0 \
--fastqs=sample-1a/ \
--sample=sample-1a \
--localcores 20 \
--localmem 24

Output directory
[OUTPUTDIR] /outs/filtered_feature_bc_matrix/
1. barcodes.tsv.gz
2. features.tsv.gz
3. matrix.mtx.gz

Cell Ranger pipeline workflow

UMIs

Barcodes

G
en

es

barcodes.tsv.gz

fe
at

u
re

s.
ts

v.
gz

matrix.mtx.gz
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[OUTPUTDIR] /outs/web_summary.html
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Rstudio

Script

Command

Enviroment / History

File / Plots / Package / Help 

Test dataset
• 52,698 single cells 

from lung tumors and 
distal non-malignant 
lung samples

• Input dataset : 
~/Resource/RawData/Leuven/fi
ltered_feature_bc_matrix

Lambrechts et al. Nature Medicine. 2018
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Identify doublets (Scrublet)
https://github.com/AllonKleinLab/scrublet

SL Wolock et al. Cell Syst (2019)
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Load counts matrix and gene list
(Python) 

➢ import sysimport os

➢ import scrublet as scr

➢ import scipy.io

➢ import numpy as np

➢ import pandas as pd

➢ counts_matrix = scipy.io.mmread(input_dir + '/matrix.mtx').T.tocsc()

➢ genes = np.array(scr.load_genes(input_dir + '/features.tsv', delimiter = '\t', column = 

1))

➢ barcodes = np.loadtxt(input_dir + '/barcodes.tsv', dtype = 'str')

Initialize Scrublet object (Python) 

➢scrub = scr.Scrublet(counts_matrix, expected_doublet_rate = 0.06)

• expected_doublet_rate: the expected fraction of transcriptomes that 

are doublets, typically 0.05-0.1.

• sim_doublet_ratio: the number of doublets to simulate, relative to the 

number of observed transcriptomes. This should be high enough that 

all doublet states are well-represented by simulated 

doublets. (default = 2)

• n_neighbors: Number of neighbors used to construct the KNN classifier 

of observed transcriptomes and simulated doublets. (default = 

round(0.5*sqrt(n_cells)))

-40-



Run the default pipeline (Python)

➢doublet_scores, predicted_doublets = 

scrub.scrub_doublets(min_counts = 2, min_cells = 3, 

min_gene_variability_pctl = 85, n_prin_comps = 30)

• min_gene_variability_pctl : Keep the most highly variable genes 

(default: 85.0)

• n_prin_comps : Number of principal components used to embed 

the transcriptomes prior to k-nearest-neighbor graph construction.

Save result (Python) 

➢scrub_obs = pd.DataFrame({ "barcodes" : barcodes, 

"doublet_scores_obs" : scrub.doublet_scores_obs_, "threshold" : 

scrub.threshold_})

➢scrub_sim = pd.DataFrame({ "doublet_scores_sim" : 

scrub.doublet_scores_sim_, "threshold" : scrub.threshold_})

➢scrub_obs.to_csv(out_dir + "/scrublet.doublet_scores_obs.txt", index = 

False, header = None, sep = "\t")

➢scrub_sim.to_csv(out_dir + "/scrublet.doublet_scores_sim.txt", index = 

False, header = None, sep = "\t")
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Plot doublet score histograms (R)

➢db.score <- read.table(file = paste0(outdir, 

"/scrublet.doublet_scores_obs.txt"), header = F, sep = "\t")

➢colnames(db.score) <- c("barcodes", "scores", "threshold")

➢db.score$barcodes <- do.call(rbind, 

strsplit(as.character(db.score$barcodes), split = "\\-"))[,1]

➢ggplot(data = db.score, aes(x = scores)) + geom_histogram(bins = 100) +   

xlim(0,1) + xlab("Doublet socre") + ylab("Density") +   

scale_y_continuous(trans = 'log10') +   geom_vline(xintercept = 

unique(db.score$threshold), color = "red")
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Remove cell-free mRNA 
contamination (SoupX)
https://github.com/constantAmateur/SoupX

MD Young et al. Gigascience (2020)

-43-



Load counts matrix and gene list

➢library(SoupX)

➢library(DropletUtils)

➢cellranger.dir <- "~/BIML-2021-

SingleCellRNAseq/Resource/RawData/Leuven“

➢outdir <- "~/BIML-2021-SingleCellRNAseq/Result/SoupX“

➢sc <- load10X(cellranger.dir)

Genes to estimate the 
contamination fraction

➢head(sc$soupProfile[order(sc$soupProfile$est, 
decreasing = TRUE), ], n = 20)
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Genes to estimate the 
contamination fraction

➢plotMarkerDistribution(sc)

Estimating non-expressing cells

➢Genes <- c("KRT17", "KRT18", "KRT19")

➢useToEst <- estimateNonExpressingCells(sc, 

nonExpressedGeneList = list(KRT = Genes))

➢plotMarkerMap(sc, geneSet = Genes, useToEst = 

useToEst)
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Calculating the contamination 
fraction

➢sc <- calculateContaminationFraction(sc, list(KRT = 

Genes), useToEst = useToEst)

➢out <- adjustCounts(sc)

➢write10xCounts(path = paste0(outdir, 

"/strainedCounts"), x = out)

➢plotChangeMap(sc, out, "KRT19")
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The automated method

➢sc <- load10X(cellranger.dir)

➢sc <- autoEstCont(sc)

➢out <- adjustCounts(sc)
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scRNA-seq analysis 
(Seurat)
https://satijalab.org/seurat/index.html

https://satijalab.org/seurat/

-48-



Load raw count data

➢library(Seurat)

➢library(dplyr)

➢raw.data <- Read10X(data.dir = "~/BIML-2021-

SingleCellRNAseq/Result/SoupX/strainedCounts")

Create A Seurat Object

➢seurat.obj <- CreateSeuratObject(counts = raw.data, 

min.cells = 3, min.features = 200)

• counts : Unnormalized data such as raw counts or TPMs

• min.cells : Include features detected in at least this 

many cells

• min.features : Include cells where at least this many 

features are detected
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QC metrics
• The number of unique genes detected in each cell.

• Low-quality cells or empty droplets will often have very few genes

• Cell doublets or multiplets may exhibit an aberrantly high gene count

• Similarly, the total number of molecules detected within a cell 

(correlates strongly with unique genes)

• The percentage of reads that map to the mitochondrial genome

• Low-quality / dying cells often exhibit extensive mitochondrial contamination

QC metrics

➢ seurat.obj[["percent.mt"]] <-

PercentageFeatureSet(seurat.obj, pattern = "^MT-")

➢>VlnPlot(object = seurat.obj, features = 

c("nFeature_RNA", "nCount_RNA", "percent.mt"), 

ncol = 3)
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QC metrics

➢seurat.feature.plot1 <- FeatureScatter(object = seurat.obj, 

feature1 = "nCount_RNA", feature2 = "percent.mt")

➢seurat.feature.plot2 <- FeatureScatter(object = seurat.obj, 

feature1 = "nCount_RNA", feature2 = "nFeature_RNA")

➢CombinePlots(plots = list(seurat.feature.plot1, 

seurat.feature.plot2))
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Filter low-quality cells

➢seurat.obj <- subset(x = seurat.obj, subset = 
nFeature_RNA > 200 & nFeature_RNA < 2500 & 
percent.mt < 5)

Before After
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Filtered doublet

➢doublet.file <- "~/BIML-2021-

SingleCellRNAseq/Result/Scrublet/scrublet.doublet_scores_obs.txt“

➢doublet.df <- read.table(doublet.file , header = F, sep = "\t")

➢colnames(doublet.df) <- c("barcodes", "c", "threshold")

➢doublet.df$Doublet <- "singlet“

➢doublet.df$Doublet[doublet.df$scores > doublet.df$threshold] <-

"doublet“

Filtered doublet

➢doublet.df <- join(data.frame(barcodes = 

rownames(seurat.obj@meta.data), 

seurat.obj@meta.data), doublet.df, by = "barcodes")

➢seurat.obj@meta.data$Doublet <- doublet.df$Doublet

➢seurat.obj <- subset(x = seurat.obj, subset = Doublet == 

"singlet")

-53-



Normalizing the data

➢seurat.obj <- NormalizeData(object = seurat.obj, normalization.method

= "LogNormalize")

• normalization.method : Method for normalization.

• LogNormalize: Feature counts for each cell are divided by the total counts for that cell and 

multiplied by the scale.factor. This is then natural-log transformed using log1p.

• CLR: Applies a centered log ratio transformation

• RC: Relative counts. Feature counts for each cell are divided by the total counts for that 

cell and multiplied by the scale.factor. No log-transformation is applied. For counts per 

million (CPM) set scale.factor = 1e6

• scale.factor : Sets the scale factor for cell-level normalization (default : 10000)

Identification of highly variable features

➢seurat.obj <- FindVariableFeatures(object = seurat.obj, 

selection.method = "vst", nfeatures = 2000)

• selection.method : How to choose top variable features

• vst : Fits a line to the relationship of log(variance) and log(mean) using local 

polynomial regression (loess). Feature variance is then calculated on the 

standardized values after clipping to a maximum

• mean.var.plot (mvp) : Divides features into num.bin (deafult 20) bins based on 

their average expression, and calculates z-scores for dispersion within each bin

• dispersion (disp) : selects the genes with the highest dispersion values

• nfeatures : Number of features to select as top variable features; only 

used when selection.method is set to ‘dispersion’ or ‘vst’
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➢ v.genes <- VariableFeatures(object = seurat.obj)

➢ LabelPoints(plot = VariableFeaturePlot(seurat.obj), points = v.genes[1:10], repel = T)

Identification of highly variable features

Scaling the data

➢seurat.obj <- ScaleData(object = seurat.obj, features = 

rownames(seurat.obj), vars.to.regress = "percent.mt")

• features : Vector of features names to scale/center (Default : 

all features)

• vars.to.regress : Variables to regress out. For example, nUMI, 

or percent.mito. (Optional)

• model.use : Use a linear model or generalized linear model 

for the regression Options are 'linear', 'poisson', and 

'negbinom‘(default : linear)
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Dimensional reduction

➢seurat.obj <- RunPCA(object = seurat.obj, features = v.genes)

• npcs : Total Number of PCs to compute and store (default : 50)

• features : Features to compute PCA on

Determine the ‘dimensionality’

➢ElbowPlot(object = seurat.obj)
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Determine the ‘dimensionality’

➢seurat.obj <- JackStraw(object = seurat.obj, 

num.replicate = 100)

• dims : Number of PCs to compute significance for

• num.replicate : Number of replicate samplings to 

perform

➢JackStrawPlot(object = seurat.obj, dims = 1:20)

• dims : Which dimensions to examine

➢JackStrawPlot(object = seurat.obj, dims = 1:20)

Determine the ‘dimensionality’
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Clustering analysis

➢seurat.obj <- FindNeighbors(object = seurat.obj, 

dims = 1:17)

➢seurat.obj <- FindClusters(object = seurat.obj, 

resolution = 0.5)

Run non-linear dimensional 
reduction

Option 1. Run UMAP

➢seurat.obj <- RunUMAP(object = seurat.obj, dims = 

1:17)

➢DimPlot(object = seurat.obj, reduction = "umap")
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Run non-linear dimensional 
reduction

Option 2. T-Distributed Stochastic Neighbor 

Embedding (tSNE)

➢seurat.obj <- RunTSNE(object = seurat.obj, dims = 

1:17)

➢DimPlot(object = seurat.obj, reduction = "tsne")
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Save Seurat object

➢saveRDS(object = seurat.obj, file = "~/BIML-2021-

SingleCellRNAseq/Result/Seurat/Seurat.RDS")
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Finding differentially expressed features

➢seurat.markers <- FindAllMarkers(object = seurat.obj, only.pos = T, 

min.pct = 0.25, logfc.threshold = 0.25)

• logfc.threshold : Limit testing to genes which show, on average, at least X-fold 

difference (log-scale) between the two groups of cells (Default : 0.25)

• test.use : Denotes which test to use. 

• wilcox (default), bimod, roc, t, negbinom, poisson, LR, MAST, DESeq2

• min.pct : only test genes that are detected in a minimum fraction of min.pct 

cells in either of the two populations (Default : 0.1)

• only.pos : Only return positive markers (default : FALSE)

Finding differentially expressed features
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Finding differentially expressed features

➢seurat.top.genes <- seurat.markers %>% group_by(cluster) %>% top_n(n 

= 10, wt = avg_logFC)

➢DoHeatmap(object = seurat.obj, features = seurat.top.genes$gene) + 

NoLegend()
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Lambrechts et al. Nature Medicine. 2018

Visualizing marker expression
➢ cell.markers <- c("CLDN18", "CLDN5", "CAPS", "COL1A1", "CD79A", "LYZ", "CD3D", "EPCAM")

➢ VlnPlot(object = seurat.obj, features = cell.markers)
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Visualizing marker expression

➢FeaturePlot(object = seurat.obj, reduction = 

"umap", features = cell.markers)

• features : Vector of features to plot

• reduction : Which dimensionality reduction to use. If not 

specified, first searches for umap, then tsne, then pca

• label : Whether to label the clusters
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Visualizing marker expression

➢DotPlot(object = seurat.obj, features = cell.markers, 

cols = c("blue", "red")) + RotatedAxis()

• features : Input vector of features

• cols : Colors to plot, can pass a single character giving 

the name of a palette from 

RColorBrewer::brewer.pal.info

• group.by : Factor to group the cells by
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Parallelization in Seurat with future

➢library(future)

➢options(future.globals.maxSize = 50000 * 1024^2)

➢plan("multiprocess", workers = 10)

➢plan()

NormalizeData, ScaleData, JackStraw, FindMarkers, 

FindIntegrationAnchors, FindClusters

Cell type annotation 
(SingleR)
https://bioconductor.org/packages/release/bioc/vignettes/Sin
gleR/inst/doc/SingleR.html
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Dvir Aran et al. Nature Immunology. 2019

Load data

➢library(SingleR)

➢library(Seurat)

➢library(scater)

➢seurat.obj <- readRDS(file = "~/BIML-2021-

SingleCellRNAseq/Result/Seurat/Seurat.RDS")

➢hpca.se <- HumanPrimaryCellAtlasData()
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Available references

Annotate cell types

➢luad.sc <- as.SingleCellExperiment(x = seurat.obj)

➢luad.sc <- logNormCounts(luad.sc)

➢pred.hesc <- SingleR(test = luad.sc, ref = hpca.se, 

labels = hpca.se$label.main)

➢plotScoreHeatmap(pred.hesc, clusters = 

colData(luad.sc)$seurat_clusters)

-68-



Annotate single-cell

➢seurat.obj <- AddMetaData(object = seurat.obj, 

metadata = pred.hesc$labels, col.name = 

"SingleR.labels") 

➢DimPlot(object = seurat.obj, reduction = "umap", 

label = F, group.by = "SingleR.labels") 
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➢ count.df <- data.frame()

➢ for (temp.cluster in unique(seurat.obj@meta.data$seurat_clusters)){  

temp.df <- data.frame(cluster = temp.cluster,                         

table(subset(seurat.obj@meta.data, 

seurat_clusters == 

temp.cluster)$SingleR.labels))

temp.df$Ratio <- temp.df$Freq/sum(temp.df$Freq)

count.df <- rbind(count.df, temp.df)

}

➢ ggplot(data = count.df, aes(x = cluster, y = Var1, fill = Ratio)) + geom_tile()

Annotate single-cell
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Data Integration (Seuart)
https://satijalab.org/seurat/index.html
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Reference dataset

Load data sets

➢ library(Seurat)

➢ <- readRDS(file = "~/BIML-2021-SingleCellRNAseq/Result/Seurat/Seurat.RDS")

➢ sanger.count <- read.csv(file = "~/BIML-2021-

SingleCellRNAseq/Resource/RawData/Sanger/GSE130148_raw_counts.csv", row.names = 1)

➢ sanger.meta <- read.table(file = "~/BIML-2021-

SingleCellRNAseq/Resource/RawData/Sanger/GSE130148_barcodes_cell_types.txt", header = T, 

sep = "\t", row.names = 1)

➢ sanger.obj <- CreateSeuratObject(counts = sanger.count, meta.data = sanger.meta)
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Clustering analysis

➢sanger.obj <- NormalizeData(sanger.obj , verbose = F)

➢sanger.obj <- FindVariableFeatures(sanger.obj, selection.method = "vst", 

nfeatures = 2000, verbose = F)

➢sanger.obj <- ScaleData(sanger.obj, verbose = FALSE)

➢sanger.obj <- RunPCA(sanger.obj , npcs = 30, verbose = FALSE)

➢sanger.obj <- RunUMAP(sanger.obj, reduction = "pca", dims = 1:30, 

verbose = FALSE)

➢DimPlot(sanger.obj, reduction = "umap", group.by = "celltype", label = 

TRUE, repel = TRUE) + NoLegend()
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Integration

➢anchors <- FindTransferAnchors(reference = sanger.obj, 

query = seurat.obj, dims = 1:30)

➢predictions <- TransferData(anchorset = anchors, refdata = 

sanger.obj$celltype, dims = 1:30)

➢query <- AddMetaData(seurat.obj, metadata = predictions)

➢DimPlot(query, reduction = "umap", group.by = 

"predicted.id", label = T, label.size = 3, repel = T) + 

NoLegend()
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Inferring copy number 
alterations (InferCNV)
https://github.com/broadinstitute/inferCNV/wiki
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Input data files

1. read count matrix

2. cell type annotations

3. gene ordering file

UMIs

Barcodes

G
e
n
e
s

read count matrix

cell type annotations

Barcodes
Cluster 

ID

gene ordering file

Genes
Chromos

ome
Start 

position
End 

position

Make input data

➢library(Seurat)

➢library(infercnv)

➢seurat.obj <- readRDS(file = "~/BIML-2021-

SingleCellRNAseq/Result/Seurat/Seurat.RDS")

➢gene.order.file <- "~/BIML-2021-

SingleCellRNAseq/Resource/Reference/hg19.inferC

NV.gtf"
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Make input data

➢setwd("~/BIML-2021-SingleCellRNAseq/Result/inferCNV")

➢write.table(x = as.matrix(seurat.obj@assays$RNA@counts), file = 

"./inferCNV.matrix", quote = F, sep = "\t")

➢infer.cluster.df <- data.frame(id = 

rownames(seurat.obj@meta.data), cluster = paste0("C", 

seurat.obj@meta.data$seurat_clusters))

➢write.table(x = infer.cluster.df, file = "./inferCNV.annotation", 

quote = F, sep = "\t", col.names = F, row.names = F)

Creating an InferCNV object 

➢ ref.group <- c("C0", "C1", "C2", "C3", "C5", "C6", "C7", "C8", "C9", "C10", "C11", 

"C13")

• Reference group is set to the various normal-cell type (non-tumor) as defined in the “cell 

type annotations” file

➢ infercnv.obj <- CreateInfercnvObject(raw_counts_matrix = "./inferCNV.matrix", 

annotations_file = "./inferCNV.annotation", gene_order_file = gene.order.file, 

ref_group_names = ref.group, delim = "\t", chr_exclude = c("X", "Y"))

• delim : delimiter used in the input files

• chr_exclude : list of chromosomes in the reference genome annotations that should be 

excluded from analysis (Default : c('chrX', 'chrY', 'chrM'))
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Running InferCNV

➢ infercnv.obj <- infercnv::run(infercnv_obj = infercnv.obj, cutoff = 0.1, 

cluster_by_groups = T, denoise = T, HMM = F, out_dir = "./")

• cutoff : Cut-off for the min average read counts per gene among reference cells. 

(default: 1)

✓ use 1 for smart-seq, 0.1 for 10x-genomics

• cluster_by_groups : If observations are defined according to groups (ie. 

patients), each group of cells will be clustered separately. (default : FALSE)

• denoise : If True, turns on denoising according to options below

• HMM : when set to True, runs HMM to predict CNV level (default : FALSE)

❖ This option can take a long time
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Trajectory analysis 
(monocle)
http://cole-trapnell-lab.github.io/monocle-release/docs/

Qiu et al. Nat Methods (2017)
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T cell subclustering

➢library(Seurat)

➢library(monocle)

➢seurat.obj <- readRDS(file = "~/BIML-2021-

SingleCellRNAseq/Result/Seurat/Seurat.RDS")

➢subset.obj <- subset(seurat.obj, seurat_clusters %in% 

c("1", "2", "3", "9"))

T cell subclustering

➢subset.obj <- NormalizeData(object = subset.obj, normalization.method

= "LogNormalize", scale.factor = 10000)

➢subset.obj <- FindVariableFeatures(subset.obj, selection.method = "vst", 

nfeatures = 2000)

➢subset.obj <- ScaleData(object = subset.obj, features = 

rownames(subset.obj), vars.to.regress = "percent.mt")

➢subset.obj <- RunPCA(object = subset.obj, features = 

VariableFeatures(seurat.obj))
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T cell subclustering

➢subset.obj <- JackStraw(object = subset.obj, 

num.replicate = 100)

➢subset.obj <- ScoreJackStraw(object = subset.obj, dims 

= 1:20)

➢ElbowPlot(object = subset.obj)

➢JackStrawPlot(object = subset.obj, dims = 1:20)

T cell subclustering

➢subset.obj <- FindNeighbors(object = subset.obj, dims = 

1:10)

➢subset.obj <- FindClusters(object = subset.obj, resolution = 

0.5)

➢subset.obj <- RunUMAP(object = subset.obj, dims = 1:10)

➢DimPlot(object = subset.obj, reduction = "umap", label = T)
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T cell subclustering

➢seurat.markers <- FindAllMarkers(object = subset.obj, 

only.pos = T, min.pct = 0.25, logfc.threshold = 0.25)

➢subset.top.genes <- subset.markers %>% 

group_by(cluster) %>% top_n(n = 5, wt = avg_logFC)

➢DoHeatmap(object = subset.obj, features = 

subset.top.genes$gene) + NoLegend()
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Create monocle object

➢data <- as(subset.obj@assays$RNA@data, "matrix")

➢pd <- new('AnnotatedDataFrame', data = subset.obj@meta.data)

➢gene.df <- data.frame(apply(X = data, 1, FUN = function(x) { sum(x > 0)} ))

➢ fd <- new('AnnotatedDataFrame', data = data.frame(gene_short_name

= row.names(gene.df), row.names = row.names(gene.df), 

num_cells_expressed = gene.df[,1]))

➢cds <- newCellDataSet(data, phenoData = pd, featureData = fd, 

expressionFamily = negbinomial.size())
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Estimate size factors and dispersions

➢cds <- estimateSizeFactors(cds)

➢cds <- estimateDispersions(cds)

Filtering low-quality cells 

➢set.seed(123)

➢cds <- detectGenes(cds, min_expr = 0.1)

➢expressed_genes <- row.names(subset(fData(cds), 

num_cells_expressed >= 50))

➢cds <- cds[expressed_genes,]
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Select genes by seurat

➢subset.markers <- subset(subset.markers, p_val_adj

< 0.05)

➢subset.markers.top.genes <- subset.markers %>% 

group_by(cluster) %>% top_n(n = 50, wt = avg_logFC)

➢order.genes <-

unique(as.character(subset.markers.top.genes$gene))

Order cells in pseudotime along a 
trajectory

➢cds <- setOrderingFilter(cds, order.genes)

➢cds <- reduceDimension(cds = cds, 

max_components = 3, method = 'DDRTree')

➢cds <- orderCells(cds)
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Plot trajectory

➢plot_cell_trajectory(cds, color_by = "Pseudotime", cell_size

= 3) + theme_classic(base_size = 20)

Plot trajectory

➢plot_cell_trajectory(cds, color_by = "seurat_clusters") + 

theme_classic(base_size = 20)
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Plot trajectory

➢my_genes <- row.names(subset(fData(cds), 

gene_short_name %in% c("IL7R", "CD4", "CD8A", 

"FOXP3", "NKG7")))

➢cds_subset <- cds[my_genes,]

➢plot_genes_in_pseudotime(cds_subset, color_by = 

"seurat_clusters")
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Cell-cell communication 
(CellPhoneDB)
https://github.com/Teichlab/cellphonedb

M Efremova et al. Nat Protoc (2020)
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Create an Input Data

➢ library(Seurat)

➢ seurat.obj <- readRDS(file = "~/BIML-2021-

SingleCellRNAseq/Result/Seurat/Seurat.RDS")

➢ seurat.obj <- subset(seurat.obj, seurat_clusters %in% c("6", "9", "12"))

➢ seurat.obj@meta.data$celltypes <-

""seurat.obj@meta.data$celltypes[seurat.obj@meta.data$seurat_clusters %in% 

c("6")] <- "Myeloid“

➢ seurat.obj@meta.data$celltypes[seurat.obj@meta.data$seurat_clusters %in% 

c("9", "12")] <- "Epithelial"

Create an Input Data

➢ seurat.cpm <- RelativeCounts(data = seurat.obj@assays$RNA@counts, scale.factor = 1e6)

➢ seurat.cpm <- data.frame(Gene = rownames(seurat.cpm), seurat.cpm, check.names = F)

➢ seurat.meta <- data.frame(Cell = rownames(seurat.obj@meta.data), Celltypes = 

seurat.obj@meta.data$celltypes)

➢ write.table(x = seurat.cpm, file = "~/BIML-2021-

SingleCellRNAseq/Result/CellPhoneDB/CellPhoneDB.input.count.txt", sep = "\t", quote = F, 

row.names = F)

➢ write.table(x = seurat.meta, file = "~/BIML-2021-

SingleCellRNAseq/Result/CellPhoneDB/CellPhoneDB.input.meta.txt", sep = "\t", quote = F, 

row.names = F)
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Running CellPhoneDB (python)

▪ cellphonedb method statistical_analysis --counts-data hgnc_symbol --iterations 100 --threshold 

0.1 --output-path ./ --pvalue 0.05 --threads 1 CellPhoneDB.input.meta.txt 

CellPhoneDB.input.count.txt

• --counts-data : Type of gene identifiers in the counts data (ensembl | gene_name | hgnc_symbol)

• --iterations : Number of iterations for the statistical analysis (default : 1000)

• --threshold : % of cells expressing the specific ligand/receptor

• --subsampling : Enable subsampling

• --subsampling-num-cells : Number of cells to subsample to (default : 1/3 of cells)

• --pvalue : P-value threshold [0.05]

• --threads : Number of threads to use

Output

➢means.df <- read.table("~/BIML-2021-

SingleCellRNAseq/Result/CellPhoneDB/means.txt", header = T, 

sep = "\t")
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Plotting statistical method 
results

▪ cellphonedb plot dot_plot --means-path ./means.txt --

pvalues-path ./pvalues.txt --output-path ./ --output-name 

dot_plot.pdf

• --means-path : The means output file

• --pvalues-path : The pvalues output file

• --output-path : Output folder

• --rows : File with a list of rows to plot, one per line

• --columns : File with a list of columns to plot, one per line 
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Gene Regulatory 
Networks (SCENIC)
https://github.com/aertslab/SCENIC

S Aibar et al. Nat Methods (2017)
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Load Seurat object

➢ library(Seurat)

➢ library(SCENIC)

➢ library(plyr)

➢ library(AUCell)

➢ library(foreach)

➢ seurat.obj <- readRDS(file = "~/BIML-2021-SingleCellRNAseq/Result/Seurat/Seurat.RDS")

➢ seurat.obj <- subset(seurat.obj, seurat_clusters %in% c("1", "2", "3", "9"))

➢ setwd("~/BIML-2021-SingleCellRNAseq/Result/SCENIC")

➢ cistarget.dir <- "~/BIML-2021-SingleCellRNAseq/Resource/Reference/cisTarget"

Co-expression network

➢scenicOptions <- initializeScenic(org = "hgnc", dbDir = cistarget.dir, 

nCores = 1)

➢expr <- as.matrix(seurat.obj@assays$RNA@counts)

➢genes <- geneFiltering(expr, scenicOptions = scenicOptions)

➢expr <- expr[genes, ]

➢runCorrelation(expr, scenicOptions)

➢expr <- log2(expr + 1)

➢runGenie3(expr, scenicOptions)
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Build and score the GRN

➢scenicOptions@settings$verbose <- TRUE

➢scenicOptions@settings$nCores <- 1

➢scenicOptions@settings$seed <- 123

➢scenicOptions@settings$dbs <- scenicOptions@settings$dbs["10kb"]

➢runSCENIC_1_coexNetwork2modules(scenicOptions)

➢runSCENIC_2_createRegulons(scenicOptions)

➢runSCENIC_3_scoreCells(scenicOptions, expr)

Regulators for known clusters

➢cellInfo <- data.frame(Clusters = 

as.character(seurat.obj@meta.data$seurat_clusters))

➢rownames(cellInfo) <- rownames(seurat.obj@meta.data)

➢regulon.auc <- loadInt(scenicOptions, "aucell_regulonAUC")

➢regulon.auc <-

regulon.auc[onlyNonDuplicatedExtended(rownames(regulo

n.auc)),]

-95-



Regulators for known clusters

➢regulon.auc.cluster <- sapply(split(rownames(cellInfo), 

cellInfo$Clusters), function(cells) 

rowMeans(getAUC(regulon.auc)[,cells]))

➢regulon.auc.cluster.scale <- t(scale(t(regulon.auc.cluster), center = 

T, scale = T))

➢pheatmap::pheatmap(regulon.auc.cluster.scale, color = 

colorRampPalette(c("blue","white","red"))(100), breaks = seq(-3, 

3, length.out = 100), treeheight_row = 10, treeheight_col = 10, 

border_color = NA)
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Contact

Hyoung-oh Jeong

Email: hyoung-oh@unist.ac.kr

Thank  you

Organized by
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