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QC Clustering Cell Typing DEG

Install Import data

•R
•Seurat

•10x

•Low-quality cells or  
empty droplets 

•Cell doublets or 
multiplets

•Normalizing the data
•Identification of highly  
variable features/genes
•Principal components 
analysis (PCA)
•Cluster the cells

•UMAP/tSNE

•Finding differentially  
expressed features 
(cluster biomarkers)

•Finding differentially  
expressed features 

(between conditions) 
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R version 4.0 or greater is required (R-4.1.0) 

Seurat 4.0.6

Install

# Enter commands in R
install.packages('Seurat')
install.packages('ggplot2')
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https://www.r-project.org/


• 10X
rm(list=ls(all=TRUE))

library(Seurat)

setwd("C:/SC_Example")

test.data <- Read10X(data.dir = "filtered_feature_bc_matrix")

pbmc <- CreateSeuratObject(counts = test.data, project = "pbmc", min.cells = 0, min.features = 0)

pbmc

Import data
Example Data:
Peripheral Blood Mononuclear Cells (PBMC) freely  

available from 10X Genomics. 
There are 2,700 single cells that were sequenced on the  

Illumina NextSeq 500.

保留gene
至少有幾個cell
表現

保留cell
至少有幾個gene
表現

https://satijalab.org/seurat/articles/pbmc3k_tutorial.html
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◼ cellranger

請依實際狀況做更改



#The percentage of reads that map to the mitochondrial genome

pbmc[["percent.mt"]] <- PercentageFeatureSet(pbmc, pattern = "^MT-") 

zz<- grep("^MT-", rownames(pbmc))

MTgene<- rownames(pbmc)[zz]

MTgene

# Visualize QC metrics as a violin plot

VlnPlot(pbmc, features = c("nFeature_RNA", "nCount_RNA", "percent.mt"), ncol = 3)

1. QC 2. Clustering 3. Cell Typing 4. DEG
◆1.1
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hist( unlist(pbmc@meta.data$nFeature_RNA), breaks=seq(0,5000,200), xlab="Number of genes", main="nFeature_RNA")

hist( unlist(pbmc@meta.data$nCount_RNA), breaks=seq(0,16000,200), xlab="Number of count", main="nCount_RNA")

hist( unlist(pbmc@meta.data$percent.mt), breaks=seq(0,100,5), xlab="Percentage of mitochondrial genes", main="percent.mt")

#Filter cells that have unique feature counts less than 200 and >5% mitochondrial counts

pbmc.1 <- subset(pbmc, subset = nFeature_RNA > 200  & nFeature_RNA < 2500  &  percent.mt < 5)

pbmc.1

#save data

saveRDS(pbmc.1, file = "pbmc step1.rds")

1. QC 2. Clustering 3. Cell Typing 4. DEG
◆1.1

breaks: 0-5000間, 200為一條;   xlab=X軸標籤;    main= 圖的標圖
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rm(list=ls(all=TRUE))

library(Seurat)

library(ggplot2)

setwd("C:/SC_Example")

pbmc.1<- readRDS("pbmc step1.rds")

#Normalizing the data

pbmc.1 <- NormalizeData(pbmc.1, normalization.method = "LogNormalize", scale.factor = 10000)

#Identification of highly variable features (feature selection)

pbmc.1 <- FindVariableFeatures(pbmc.1, selection.method = "vst", nfeatures = 2000)

#Scaling the data

all.genes <- rownames(pbmc.1)

pbmc.1 <- ScaleData(pbmc.1, features = all.genes)

#Perform linear dimensional reduction

pbmc.1 <- RunPCA(pbmc.1, features = VariableFeatures(object = pbmc.1),verbose=FALSE)

1. QC 2. Clustering 3. Cell Typing 4. DEG
◆2.1 normalizing ,HVG,  PCA

loge(                      *10000)+1        
count

Total count

以cell為單位

以gene為單位
x-mean(x)

sd(x)
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#Determine the ‘dimensionality’ of the dataset

ElbowPlot(pbmc.1, ndims = 20)

n.pcs<- 10

#Cluster the cells

pbmc.1 <- FindNeighbors(pbmc.1, dims =1:n.pcs)

pbmc.1 <- FindClusters(pbmc.1, resolution = 0.5)

head(Idents(pbmc.1))

#Run non-linear dimensional reduction (UMAP/tSNE)

pbmc.1 <- RunTSNE(pbmc.1, dims = 1:n.pcs)

DimPlot(pbmc.1, reduction = "tsne")   

pbmc.1 <- RunUMAP(pbmc.1, dims = 1:n.pcs)

DimPlot(pbmc.1, reduction = "umap") 

1. QC 2. Clustering 3. Cell Typing 4. DEG
◆2.2 clustering, tSNE/UMAP
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## Find markers for each cluster

pbmc.markers <- FindAllMarkers(object =pbmc.1, test.use = "wilcox", only.pos = TRUE, min.pct =0.1, logfc.threshold = 0.25)

pbmc.markers[1,]

write.table(pbmc.markers,"DEG_cluster.txt",sep="\t", row.names=F,col.names=T)

1. QC 2. Clustering 3. Cell Typing 4. DEG
◆3.1 DEG (cluster marker)
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pct.1: The percentage of cells 

where the gene is detected in the 

first group

cluster 那一群有表現的比例

pct.2: The percentage of cells where 

the gene is detected in the seconnd

group

非cluster 那一群有表現的比例



1. QC 2. Clustering 3. Cell Typing 4. DEG
◆3.1 DEG (cluster marker)
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1. QC 2. Clustering 3. Cell Typing 4. DEG
◆3.1 DEG (cluster marker)

markers<- read.table("MyMarkers.csv",sep=",", header=T,fill=T, quote = "", check.names=F )
head(markers)

pbmc.markers2<- pbmc.markers[,c(1:7,7,7)]
colnames(pbmc.markers2)[8]<- "CellType"
for(i in 1:dim(markers)[1]){
xx<- pbmc.markers2[,7] %in% markers[i,1]
pbmc.markers2[xx,8]<- markers[i,2]
pbmc.markers2[xx,9]<- markers[i,3]
}

xx<- pbmc.markers2[,7] %in% markers[,1]
pbmc.markers3<- pbmc.markers2[xx,]
pbmc.markers3

write.table(pbmc.markers3,"DEG_cluster_marker.txt",sep="\t", row.names=F,col.names=T)
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celltype<- rep("unknown", length(rownames(pbmc.1@meta.data)) )

celltype[Idents(pbmc.1) %in% c("0")]<- "Naive CD4+ T"

celltype[Idents(pbmc.1) %in% c("1")]<- "CD14+ Mono"

celltype[Idents(pbmc.1) %in% c("2")]<- "Memory CD4+"

celltype[Idents(pbmc.1) %in% c("3")]<- "B"

celltype[Idents(pbmc.1) %in% c("4")]<- "CD8+ T"

celltype[Idents(pbmc.1) %in% c("5")]<- "FCGR3A Mono"

celltype[Idents(pbmc.1) %in% c("6")]<- "NK"

celltype[Idents(pbmc.1) %in% c("7")]<- "DC"

celltype[Idents(pbmc.1) %in% c("8")]<- "Platelet"

pbmc.1@meta.data$celltype.1<- celltype

table(pbmc.1@meta.data$celltype.1)

saveRDS(pbmc.1, file = "pbmc step2.rds") #new

1. QC 2. Cluster 3. Cell Typing 4. DEG
◆3.2 Cell typing
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1. QC 2. Clustering 3. Cell Typing 4. DEG

DimPlot(pbmc.1, reduction = "tsne", label = TRUE, group.by="celltype.1")

DimPlot(pbmc.1, reduction = "umap", label = FALSE, group.by="celltype.1")

◆3.3 plots
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1. QC 2. Clustering 3. Cell Typing 4. DEG

FeaturePlot(pbmc.1, features = c("MS4A1","CD79A", "CD3D", "NKG7"),reduction = "tsne")

VlnPlot(pbmc.1, features = c ("MS4A1","CD79A", "CD3D", "NKG7"),ncol=2, group.by="celltype.1")

DotPlot(pbmc.1, features = c("MS4A1","CD79A", "CD3D", "NKG7")) +coord_flip()

Feature Plot                                                                               Violin Plot                       Dot Plot

◆3.3 plots
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cellIDs<- rownames(pbmc.1@meta.data)

cell.use1<- cellIDs[pbmc.1@meta.data$celltype.1=="B"]

cell.use2<- cellIDs[pbmc.1@meta.data$celltype.1=="CD8+ T"]

pbmc.DEG <- FindMarkers(object =pbmc.1, ident.1=cell.use1, ident.2=cell.use2, 

test.use = "wilcox",only.pos = FALSE, min.pct =0.1,logfc.threshold = 0.25)

dim(pbmc.DEG)

head(pbmc.DEG)

write.table(pbmc.DEG,"DEG_condition.txt",sep="\t", row.names=F,col.names=T)

1. QC 2. Cluster 3. Cell Typing 4. DEG
◆4. DEG 
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• 後續可再進行… 補充

➢ gene set /pathway 
analysis ➢ Trajectory ➢ Cell-cell interaction

GSVA
(gene set variation analysis ) monocle Cell Chat 16



Reference
• Tools for Single Cell Genomics 

https://satijalab.org/seurat/index.html

• Seurat – Guided Clustering Tutorial (2,700 PBMCs)

https://satijalab.org/seurat/articles/pbmc3k_tutorial.html
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https://satijalab.org/seurat/index.html
https://satijalab.org/seurat/articles/pbmc3k_tutorial.html


END


