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Differentially expressed genes

Assigning cell type to clusters




Seurat & 3s

m https://satijalab.org/seurat/articles/install.html

n BHIRALE
# Enter commands in R (or R studio, if installed)
install.packages('Seurat’)

library(Seurat)

m Version 3
remotes::install_version("Seurat", version = "3.X.X")



https://satijalab.org/seurat/articles/install.html
https://remotes.r-lib.org/reference/install_version.html

—. fiE Seurat IR

m ~PHIEIEE: https://satijalab.org/seurat/articles/pbmc3k tutorial.html .

(dplyr)
(Seurat)
(patchwork)

# Load the PBMC dataset

pbmc.data (data.dir ../data/pbmc3k/filtered_gene_bc_matrices/hg19/")

# Initialize the Seurat object with the raw (non-normalized data).

pbmc (counts pbmc.data, project pbmc3k", min.cells 3, min.features 200)
pbmc

## An object of class Seurat
## 13714 features across 2700 samples within 1 assay
## Active assay: RNA (13714 features, @ variable features)

m counts, #RFREXBIEHE, WIRIBITTEETPMs
m project, #1% & SeuratX & FYIN B & R
m  min.cells #8& & /D £ X L 4R fa 48 N B gYfeatures..

m min.features #81 & & U 40MF X L features A 2H i



https://satijalab.org/seurat/articles/pbmc3k_tutorial.html
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1. QCHIZARaiFiE

n FHBRITER:

- FEPERE R TE R F AT
v RBREHE T REEE R NREEE CHERE
v BN EAN e ERERBEESBREMNEREL

- FEPNFEREEIR 7 FEH (SEREZETIEE)

- FINARERIZE 1R EE B
v RREMFEMERERINET ZRZ%RATTE
v {FHPercentageFeatureSet() & i+ B &k K AQCIEHR
v ERRBUMT-FLMEREA—HE R A EE

pbmc[["percent.mt"]] (pbmc, pattern




# Show QC metrics for the first 5 cells
head(pbmc@meta.data, 5)

## orig.ident nCount_RNA nFeature_RNA percent.mt

## AAACATACAACCAC-1 pbmc3k 2419 779 3.0177759
## AAACATTGAGCTAC-1 pbmc3k 4903 1352 3.7935958
## AAACATTGATCAGC-1 pbmc3k 3147 1129 0.8897363
## AAACCGTGCTTCCG-1 pbmc3k 2639 960 1.7430845
## AAACCGTGTATGCG-1 pbmc3k 980 521 1.2244898

("nFeature RNA",
(pbmc, featurel
(pbmc, featurel

(pbmc, features

nCount_RNA",
nCount_RNA",
nCount_ RNA",

plotl
plot2

plotl plot4

-0.13

nFeature_RNA nCount_RNA percent.mt
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percent.mt")
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2.)3— 1 E

Normlization: LogNormalize, CLR, RC

(pbmc, normalization.method LogNormalize", scale.factor 10000)
(pbmc)
.PPBP
. o $100A9
N g LB
c c UL
o = . GNW °
g g PF4 FT.Hl
T e + Non-variable count: 11714 § © GNG11 S100A8 .« Non-variable count: 11714
-_g « Variable count: 2000 % + Variable count: 2000
N c c
—— EEY S 3
3 ZX Tia ’ ’
m
0 0
le-02 1e+00 1le+02 le-02 1e+00 1le+02
Average Expression Average Expression

pbmc (pbmc, selection.method , hfeatures 2000)

# BRI THEZER
topl0 ( (pbmc), 10)

plotil (pbmc)
p{otz (plot plotl, points = topl@, repel
plotl




4. FEFE R

RN ERANRIAE, EETEEYFRIZERO
MBI ERENRIAE, EHRELEN

all.genes (pbmc)
pbmc (pbmc, features = all.genes)




Gene 2

5.2 44 E 291 PCA

(pbmc, features
(pbmc[["pca"]]l, dims 1:5, nfeatures 5)
reduction pca')
pca") #E&E?2
cells 500, balanced
500, balanced

pbmc (object pbmc ) s

#E1

(pbmc, dims 1:2,
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S5.fAEHBERNEE

(pbmc, num.replicate 100)
(pbmc, dims 1:20)

(pbmc, dims 1:15)

0.3 r-
)
7_ L]
PC: p-value
e + PC1:9.12e-161
5 oo * PC2:1.47e-114 o
S 02 PY g + PC3:1.98e-33
he o g o * PC4:9.49e-58
= e e * PC5:5.05e-56 5
< ¢ PR AT g * PC6:2.76e-55 =
= e 2°0%* o’ g * PC7:9.76e-23 S
o0 ) . [
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9] I 5 00,0 e -"‘,';)‘ . + PC10: 6.33e-08 G 4]
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- o" e0 e oot - o
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6.0 A AL 4PELERT4L (UMAP/TSNE)

(pbmc, dims 1:10)

(pbmc, resolution = 0.5)

pbmc (pbmc, dims 1:10)
(pbmc, reduction umap')

# {EFTSNEZRE
pbmc (pbmc, dims 1:10)

(pbmc, reduction tsne")
# ERERIINE
(pbmc, reduction tsne'", label

#xfFrds, ATEEDW

(pbmc, file .. /output/pbmc_tutorial. rds")

tSNE_2
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7.5 MERFTIZFFE (cluster bioers)

# RIMBE—RIFFBEbiomarkers
clusterl.markers <- (pbmc, ident.1
(clusterl.markers,

BIGRESS RELOMIX o HIFAEIRIC
clusterS markers <- (pbmc, ident.1l = 5, ident.2 {8 3 minEpcthi="0:25 )

(cluster5.markers, n = 5)

# SEEHEMMEMELE, HEISTHRNNC, (RSEEHAE

pbmc.markers <- (pbmc, only.pos = , min.pct = 0.25, logfc.threshold = 0.25)
pbmc.markers %>% (cluster) %>% {nt="2, " wt =" avg logkC)
clusterl.markers <- (pbmc, ident.1 = @, logfc.threshold = 0.25, test.use = "roc", only.pos
B i3 2
gene ERARBMR . =
T — - FindAllMarkers: Lt — cluster
cluster 1% MWV By cluster z R S N
E H fitcluster < 8] A E [E FR1A
pct.1 £ ZAicluster AR AMEZEE RIA AL B tﬁﬁﬁ¢ﬂ ﬂt 2:r]Eq;t iEl‘
pct.2 EHEclusterBiE MR ZE B RIAR ML 5] . .
o - . &G TR AN =
avg_logFC  FRAITHIogFC, Seurat vaBtiNlog2., EERRBEAEE—EFRAGER FlndMa‘rl‘(ers. 'til?ﬁ M E
p_val KRIFEEP-value, FEH/NHEEE CIUSterz'l-E—'I E,\J% A %Lt

p_val_adj EFERIIEERFREYFENbonferronifRiE, WRIEEHNpPE



n AR, RERRMNEBHEE

# ZBEE —— 1
(pbmc, features
# {FRARAIBcountLd —— 2
(pbmc, features

CD79A"))

("MS4A1",

("NKG7", "PF4"), slot counts", log

(pbmc, features ("MS4A1", "GNLY", "CD3E", "CD14", "FCER1A", "FCGR3A

I 4
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(pbmc, features = c("MS4A1", "CD79A"))

(pbmc, features = c("MS4A1", "CD79A"))

<— pbmc.ers %>% (cluster) %>% avg_LlogF(C)
(pbmc, features = topl@$gene) +

MS4A1 CD79A

Identity
Identity
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Visualization

Identity

* RidgePlot

S
IMAP
- >

> VlnPIOt Expression Leve

* FeaturePlot

. DotPlot - AR |

* DoHeatmap

*+  DimPlot ] . .
* FeatureScatter
0.24
* ggplot2 theme g
« patchwork | 4 - *

2o Interactive plots
R: EXRIZ

14




8.7 7l 4 pm A HY

new.cluster. ids
NK", "DC",
(new.cluster. ids)

FCGR3A+ Mono",

Platelet")

pbmc

(pbmc, reduction

Cluster ID

Markers

IL7R, CCR7

IL7R, S100A4

CD14, LYZ

MS4A1

CD8A

FCGR3A, MS4A7

GNLY, NKG7

FCERTA, CST3

PPBP

("Naive CD4 T", "Memory CD4 T", "CD14+ Mono", "B", "CD8 T",
(pbmc)
(pbmc, new.cluster.ids)
umap", label , pt.size 0.5)
Cell Type
Naive CD4+ T . w
Memory CD4+ o ”
10
CD14+ Mono
cD8+ T :I \.‘ .“:‘;‘;. "5}
< DE” R
FCGR3A+ Mono % " Platelet FC’G@} Mon
NK
DC
-5 -
Platelet
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*:. ‘_% ;CellMarker Home Browse Search Submit Download Help
&=

Q Browse Ll Statistics
[_ : e 2
ﬁ
\ I \ Human Ll Human
i Mouse
— ) Cell W Distribution of cell markers in distinct cell types from different tissue types.
Single-cell RNA sec Different cell types are labeled by different colors.
Distribution of cell markers in each tissue =
— Ay ~ . q;\“::
— A > LS Oy ———"
R V4 . 0O ——r11
VO e
@\“\42& E———

S m——
0 o> mm—
A

FlfFmarker Z[F & # i 21T EFE

m CellMarker: http://bio-bigdata.hrbmu.edu.cn/CellMarker/browse.jsp
m PanglaoDB: A Single Cell Sequencing Resource For Gene Expression Data

PanglaoDB is a database for the scientific community

interested in exploration of single cell RNA sequencing = D . _ X
experiments from mouse and human. We collect and Mus musculus Homo sapiens
integrate data from multiple studies and present them

through a unified framework. Samples 1063 305

Usage examples Tissues@ 184 74

* Run a gene search for SOX2, PECAM1 or ACE2

« Browse the full list of samples

« Explore the list of cell type markers for Schwann cells
« Browse cell types of the mouse retina Clusters @ 8,651 1,748

* Look at the expression of CRX in photoreceptor cells ¥ —

Cells @ 4,459,768 1,126,580

- [EFsingler 1T EFE
B B M AR 28, #25dotplot Rt



http://bio-bigdata.hrbmu.edu.cn/CellMarker/browse.jsp
https://link.zhihu.com/?target=https%3A//panglaodb.se/index.html

IBfZseurati &

Assay Object

counts data scale.data
(dgCMatrix) (dgCMatrix) (matrix)

key var.features J meta.features
(character) (character) (data.frame)

Seurat Object

assays (a list of Assays objects)

The Assay objects are designed to hold expression data of a
single type, such as RNA-seq gene expression, CITE-seq ADTs,
or cell hashtags.

meta.data (character) (character) DimReduc Object
( data.frame) S—
B o cell. feature.
Ut = embeddings loadings
The Seurat object is a class allowing for the storage and
assay.used key

manipulation of multimodal single-cell data.
R ﬂﬁ@iﬂ% DimReduc objects represent transformations of the data contained
. within the Assay object(s) via various dimensional reduction

"%ﬁﬁﬁ Elé& techniques such as PCA.

reductions (a list of DimReduc objects)

feature.
loadings.projected




SRNGIEEL] k= Fdla]: 0 EEPS ks g

m HEHXMHDHTRIEMNENRZNEZHERENT
EZHHEXZTREE. (Pearson, SpearmanZk)

I

T2 A D P e ?“%
OO T O T T g Celltype
M Bcell, IgG
I Bcell, IgG*
I cD4* T cell, EM-like
B CD4' T cell, non-EM-like
[ CD8* T cell, EM-like
I CD8" T cell, non-EM-like

[T 17 Beme o T (o Gtk 1 O

I NKcell

% Monocyte, classical
I Monocyte, intermediate
I Monocyte, nonclassical

(Seurat)
("pbmc.rds")
(pbmc$cell_type)

pbmc

8T R

\$ﬁ: k&ﬁﬁﬁrigiﬁﬁ

av (pbmc,
group.by
assays

cell_type",
RNA")
av=av[[1]]
(av)

HRBTEZRAN1000 T ER
(ofs) ( ( ( (av, 1, sd)),1000))
#BEFHIX1000 M EE T B MR PRIRIAFEF

(avlcg,])
#EEMAEEFRIEXEEFE

( (avlcg,],method
#pheatmapLHlAE
pheatmap:: (

spearman'))

(avlcg,],method

spearman')) #EXIAZPearson
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Creating Seurat Objects

Workflow |
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Clustering cells
UMAP/tSNE
Differentially expressed genes

Assigning cell type to clusters




=. FIHSeurat¥ BN ESITIBE DTS HEAREIE

Highlights:
Multi-modat - Seurat v3 identifies correspondences between
RSP e Reference assembly cells in different experiments
Anchor datasets & “ ” i
Gene expression » & - These "anchors” can be used to harmonize
: . e & datasets into a single reference
——————— ntegration
Reference . ﬁ ‘ « Reference labels and data can be projected
Spatal transcriptomics | = v o\ ¥ @ . onto query datasets
[T+ Sw :
. ‘ el « Extends beyond RNA-seq to single-cell
TR protein, chromatin, and spatial data
} « Fi
Chromatin accessibility i: .‘g‘ ‘: - IClasslﬂcatlon
° = TEPT
o~ N T g I er—" Four broad steps:
uery Al
e v i « data preprocessing and feature selection,
e « dimension reduction and identification of
- o “anchor” correspondences between datasets,
fey e : L
=4 « filtering, scoring, and weighting of anchor
correspondences,
. ' ' ta transfer acr
Stuart T, et. al.,Cell. 2019 data matrix correction, or data transfer across

experiments.
R: #4&




library(Seurat)

library(SeuratData)

data("panc8")

pancreas. list <- SplitObject(panc8, split.by = "tech")

pancreas. list <- pancreas.listlc("celseq", "celseq2", "fluidigmcl", "smartseq2")]

#RETEUREM, pancrease. listB& T4 seuratiiR

#miE

#ESHanchor ZHIFTHTIVEN, HESTEEEESNERRAER

for (i in 1:length(pancreas.list)) {
pancreas. list[[i]] <- NormalizeData(pancreas.list[[i]], verbose = FALSE)
pancreas. list[[i]] <- FindVariableFeatures(pancreas.list[[i]], selection.method = "vst",

nfeatures = 2000, verbose = FALSE)
}

#3#anchor, XERATHPN=1EIE

reference.list <- pancreas.list[c("celseq", "celseq2", "smartseq2")]

pancreas.anchors <- FindIntegrationAnchors(object.list = reference.list, anchor.features = 2000, dims = 1:30)
#dimsEU T BUASE, tWealAHITHE, EMEFET10-502(8

#AXFENanchorAFMERRNBZAZER (HIETHRETHENER, AXEFENER[RETERAKT)

pancreas.integrated <- IntegrateData(anchorset = pancreas.anchors, dims = 1:30)

#igseuratNRAE I assayiRBREARHNRIAER

DefaultAssay(pancreas.integrated) <- "integrated"

#A—1t, R, XERBF20007TEHF

pancreas.integrated <- ScaleData(pancreas.integrated, verbose = FALSE)

#PCA

pancreas.integrated <- RunPCA(pancreas.integrated, npcs = 30, verbose = FALSE)

#HERumapiRiEpcalf#4rYE R, EXHRIZ0 (BHtF301) PCENRENSHEDSE

pancreas.integrated <- RunUMAP(pancreas.integrated, reduction = "pca", dims = 1:30)

#AJA, D AIARARTIHRREEENIREE

pl <- DimPlot(pancreas.integrated, reduction = "umap", group.by

p2 <- DimPlot(pancreas.integrated, reduction = "umap", group.by
repel = TRUdl NoLegend ()

plot_grid(pl, p2)

S R ey

”teCh“)
"celltype", label = TRUE,




