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~ FE—: UMI-tools + STAR + featureCounts

(1 1-tools

STAR: ultrafast universal RNA-seq aligner

E SUBREAD

(MFASTQZ

QFEH - HIERXIEE)

Step 1: get data

Step 2: Identify correct cell barcodes

Step 3: Extract barcdoes and UMIs and add to read names

renkow', Chris Zaleski', Step 4: Map reads

lingeras’

iences, Menlo Park, CA, USA

\_

and mutation discovery

Subread package: high-performance read alignment, quantification

Step 5: Assign reads to genes

Step 6: Count UMIs per gene per cell

— BER: CellRanger

Cell Sample  Chromium Chip GEM Well Library Sequencing = --—---—----- Cell Ranger Pipeline ------------
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J&FE Quality control
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J EHEE (PBMCER)

PBMC (peripheral blood mononuclear cell), EFXEMigBIAMKRBLETRMZAVMAE, FTECENCHER(THRE. B
ZHREFINKARRE), ERiZ4MME, B4R, WsRmEFE 2Rt
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LHEE (Seurat@748)

Analysis of spatial datasets Analysis of spatial datasets scRNA-seq Integration Cross-modality Bridge
(Imaging-based) (Sequencing-based) Integration E A ‘ I l A | A 5
. el . - woy Meclcrcine L PR Py Ty
{ . aitim — i
., e scvi-tools
Learn to explore spatially-resolved data | Learnto explore spatially-resolved Integrate scRNA-seq datasets using a Map scATAC-seq onto an scRNA-seq
from multiplexed imaging technologies, | transcriptomic data with examples from variety of computational methods reference using a multi-omic bridee
including MERSCOPE, Xenium, CosMx | 10x Visium and Slide-seqv2. Y P : & &
SMI, and CODEX. dataset.
Guided tutorial — 2,700 PBMCs Multimodal analysis Introduction to scRNA-seq Mapping and annotating query | Fastintegration using reciprocal
integration datasets PCA (RPCA)
gk e i raver T T
e ) Hinap =
@ Pt ‘;'
e g -
A basic overview of Seurat that includes | An introduction to working with multi- An ‘|ntr0duct|'_0n to integlrat‘lng scRNA- Learn how to map a quer\,_I scRNA-seq Identify anchors usingthe_reciprocal
an introduction to common analytical modal datasets in Seurat. seq datasets in order to identify and dataset onto a reference in order to PCA (rPCA) workflow, which performs a
Kfl compare shared cell types across automate the annotation and faster and more conservative
WorkHows. experiments. visualization of query cells. integration.
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Georges Seurat

Painter, born December 2, 1859, Paris, France—died March 29, 1891, Paris
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X ‘ Batch 2
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Haghverdi et al., 2018
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« RIARAMFFIERRIN MR LR EEDFR, MARRARRY
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> pbmclk
An object of class Seurat

23415 features across 1099 samples within 4 assays
Active assay: RNA (23148 features, 2000 variable features)

3 other assays present: prediction.score.celltype.l1,
prediction.score.celltype.12, predicted_ADT

5 dimensional reductions calculated: pca, umap, tsne, ref.spca,
ref.umap

> pbmc3k
An object of class Seurat
13981 features across 2638 samples within 4 assays
Active assay: RNA (13714 features, 2000 variable features)

3 other assays present: prediction.score.celltype.l1,
prediction.score.celltype.12, predicted_ADT

5 dimensional reductions calculated: pca, umap, tsne, ref.spca,
ref.umap

> pbmc_obj

An object of class Seurat

25823 features across 3737 samples within 4 assays

Active assay: RNA (25556 features, @ variable features)
3 other assays present: prediction.score.celltype.l1,
prediction.score.celltype.12, predicted_ADT
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orig.ident

104

UMAP_2
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* pbmcik
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UMAP_2
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pbmc1kflpbmc3k&EHETAHI (k.anchor = 5)
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UMAP_2
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fts

~ BEREGFH N
pbmc_obj <- NormalizeData(pbmc_obj, normalization.method = "LogNormalize", scale.factor = 10000)
pbmc_obj <- FindVariableFeatures(pbmc_obj, selection.method = "vst", nfeatures = 2000)

all.genes <- rownames(pbmc_obj)

pbmc_obj <- ScaleData(pbmc_obj, features = all.genes)

pbmc_obj <- RunPCA(pbmc_obj, features = VariableFeatures(object = pbmc_obj))

pbmc_obj <- FindNeighbors(pbmc_obj, dims = 1:10)

pbmc_obj <- FindClusters(pbmc_obj, resolution = 0.5)

pbmc_obj <- RunUMAP(pbmc_obj, dims = 1:10)

pbmc_obj <- RunTSNE(pbmc_obj, dims = 1:10)

\. J

—~ RPCA%EA

features <- SelectIntegrationFeatures(object.list = pbmc) # select features that are repeatedly variable
pbmc <- lapply(X = pbmc, FUN = function(x) { across datasets for integration run PCA on each
X <- ScaleData(x, features = features, verbose = FALSE) datasetthhwg these features
X <- RunPCA(x, features = features, verbose = FALSE)
})
anchors <- FindIntegrationAnchors(object.list = pbmc, anchor.features = features, reduction = "rpca")

combined <- IntegrateData(anchorset = anchors)

DefaultAssay(combined) <- "integrated"
- J
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J FUR Seurat BIRPCARAEIR

pbmc1kFIpbmc3k&EdER5 (FindintegrationAnchorsgREidk.anchor = 203RIEINEEE)
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pbmc1 kFpbmc k&R

- FBEETFTRPCA, ERIDEER (—TE) , FEHIBEARFD.
- EPCAZEIETT,

A LAE MR R zURIbELE

orig.ident

301 N

204

107
o .
OI N .. * pbmclk
o . * pbmc3k

04 oLt

-101

-50 -40 -30 -20 -10 0 10
PC_1

harmony_2

209

o
L

-10+

© pbme_obj

) assays

D metadata
active.assay

D active.ident

D graphs
neighbors

@ reductions

D pea
@ harmany

D umap

D tsne
images
project.name
oL misc
orig.ident N
D version
D commands

L tools

54 [25556 x 3737] (SeuratObject:
list [4]

list [3737 = 12] (53: dataframe)
character [1]

factor

list [2]

list [0]

list [4]

54 [3737 x 50] (SeuratObject:Din
54 [3737 « 530] (SeuratObject:Din

54 [3737 « 2] (SeuratObject:Dim
54 [3737 x 2] (SeuratObject:Dim
list [O]

character [1]

Jist [0]

list [1] (53: package_version, nurr

list [10]
list [0]

# pbmclk
® pbmc3k

-20 -10 0
harmony_1

BT FF o4

54 object of class Seurat
List of length 4
A data.frame with 3737 rows and 12 columns

‘RMA

Factor with 14 levels: "0°, *1°, "27, "3", "4" "
List of length 2

List of length O

List of length 4

54 object of class DimReduc
54 object of class DimReduc
54 object of class DimReduc
54 object of class DimReduc
List of length 0
'pbmc_merge'

List of length 0

List of length 1

List of length 10

List of length O

“AAEIE IR




| #UF Harmony k&SR P

Pme1 kflpbmc3kEUERGI (EERESEN)
group.by.vars: IRERPNDERES dJ o

- maxiterharmony: ZEIERIRE, FIAR10. EfTRunHarmonyERARREER S IRETEK 7 I8 ”

« lambda: BUAER1, RETHarmonyBSHAHE, lambda@@), BEHETK, RZ.

« theta: Larger values of theta result in more diverse clusters

« dims.use2#{: Which PCA dimensions to use for Harmony. By default, use all.
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Seurat 2 Seurat 3 Harmony Raw

limma
MMD-ResNet
ComBat
ZINB-WaVE
MNN Correct
fastMNN

Rank Score

Seurat 2
scMerge
Scanorama
scGen
Seurat 3
LIGER

Harmony

data'set2 data:.setS data'set1 data:setB data'set'r' dataéeﬂﬂ data'set4 data'setS data'setQ

B C
1000 1
v ZNB-WavE{ - ® ® - ®e D @ @ o Time
Seurat 3 4 | N 5
750 Seurat 2 l4
& scMerge 4 o000 3
= scGen A o090 %
% Scanoramaq - lﬂ
5 o MNN Correct 4 (] o0 e
5 & MMD-ResNet 4 o0 0
5 limmad4 = @& ® [ ]
® LIGER 1 L Cell Number
Harmony -
fastMNN 4 - e 3
U ComBat4 - ® ® 4
° . . . . . . . . BBKNNA4 =+ @ ®5
2 § 2 § 6 £ 2 % E ;5 B 3 Z ¢ N = 1 © ~ o o o
T = @ @
IR g 'R EEEEER
= T U U U U T T T %
UMAP 1

Tran et al., Genome Biology 2020
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] EE;FESIEE—GO

http://geneontology.org/

Current release 2023-10-09:
42,837 GO terms

7,592,444 annotations
1,528,407 gene products
5,341 species

ngcmuggglggg)ov About, ‘Ontolbgy’  ‘Annotation

THE GENE ONTOLOGY RESOWRCHE

The mission of the GO Consortium is to develop a comprehensive, computational model of biological

systems, ranging from the molecular to the organism level, across the multiplicity of species in the tree of
life.

Uiquitin -protein

adt

«< ONTOLOGY (¢ ANNOTATION ’-

Statements, based on specific, traceable
describing the current best representation scientific evidence, asserting that a specific
of the “universe” of biology: the gene product is a real exemplar of a

GENEONTOLOGY
Unitying Biclogy

GO (Gene Ontology) EUEEHRERANMCRREREY, Z&EEREH
FIESERBXIARERHTHELE. WFAREEEFXTERNE
EFIRENFARER TIVEL, NERNERNEEH TR —RIRENIEE,

¥ « HEEXNRETEN T kAR REINEERITES/2K,
OGS I RIX AT &2 BRI R,
* GORBHAFE—BRITHREF, HPANEZ
[BRYIARTRFRER.
« BIBEDA=ANGE:
- BP (Biological Process, £¥FiITE)
« CC (Cellular Component, ZHiEITiE)

oo guoes  MF (Molecular Function, $FIhkE

LS 3
N / f
N W & N\

GO Causal Activity Model (GO-CAM) Tools to curate, bre , , lize
provides a structured framework to link and download both the ontology and
tandard GO annotations into a more annotations. Includes bioinformatic guides
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KEGG

i3

http://www.genome.jp/kegg

=

« KEGG (Kyoto Encyclopedia of Genes and Genomes) 2HH

S H AT
AFIRIEIS BRI,
e, tETi

ZIKEL%Bk FIRRAFERE T ARRIEEERE,

E SO RREMBI AR D FEURESRAYEE
EJLlﬁﬁ%Ei@ﬁiﬁﬂﬁ?é g (EZ%’%EE‘:E@E’\JE)
@1 BLASTECIS BRI AISRIMENE

l:llu\o

«  KEGGR—EATLHIIRERS FHE/FRMRNMESHIIEEE.
« BRRETTZRIEWERE, SR ATA:

FPRACE. BEFIFA

SERAIE. MEITRE. TURRS. ASSRRBRIIEYITA.

KEGG PATHWAY is a collection of manually drawn pathway maps representing our knowledge of the molecular interaction,
reaction and relation networks for:

1.

LA

Metabolism
Global/overview Carbohydrate Energy Lipid WNucleotide Amino acid Other amino Glycan
Cofactor/vitamin Terpenoid/PK Other secondary metabolite Xenobiotics Chemical structure

. Genetic Information Processing

. Environmental Information Processing
. Cellular Processes

. Organismal Systems

. Human Diseases

. Drug Development

KEGG Home
Release notes
Current statistics

KEGG Database
KEGG overview
Searching KEGG
KEGG mapping
Color codes

KEGG Objects
Pathway maps
Brite hierarchies
KEGG DB links

KEGG Software
KEGG API
KGML

KEGG FTP
Subscription
Background info

GenomeNet
DBGET/LinkDB

Feedback
Copyright request

Kanehisa Labs

> LHER

D nEEs D EREREENH

Databases

Tools

Auto annotation Kanehisa Lab

|| Search | Help

# Japanese

KEGG: Kyoto Encyclopedia of Genes and Genomes

KEGG is a database resource for understanding high-level functions and utilities of
the biological system, such as the cell, the organism and the ecosystem, from
molecular-level information, especially large-scale molecular datasets generated by
genome sequencing and other high-throughput experimental technologies.

See Release notes (Qctober 1, 2023) for new and updated features.

&' Main entry point to the KEGG web service

KEGG2

KEGG Table of Contents [Update notes | Release history]

&' Data-oriented entry points

KEGG PATHWAY

KEGG BRITE
KEGG MODULE

KEGG ORTHOLOGY

KEGG GENES
KEGG GENOME

KEGG COMPOUND

KEGG GLYCAN

KEGG REACTION

KEGG ENZYME

KEGG NETWORK

KEGG DISEASE
KEGG DRUG

KEGG MEDICUS

KEGG pathway maps

Pathway
BRITE hierarchies and tables Brite
KEGG modules Brite table
. : Module
KO functional orthologs [Annotation] Network
Genes and proteins [SeqData] KO (Function)
Genomes [KEGG Virus] Organism
Small molecules Virus ;
Compoun
G.chans i i Disease (ICD)
Biochemical reactions [RModule] Drug (ATC)

Drug (Target)
Antimicrobials

Enzyme nomenclature
Disease-related network variations
Human diseases

Drugs [Mew drug approvals]

Health information resource [Drug labels search]

&' Organism-specific entry points

KEGG Organisms

&' Analysis tools
KEGG Mapper

KEGG Taxonomy

KEGG Synteny
BlastKOALA
GhostKOALA
KofamKOALA
BLAST/FASTA
SIMCOMP

> B

Enter org code(s) : hsa hsa eco

KEGG PATHWAY/BRITE/MODULE mapping tools
Taxonomy mapping tool

Genome comparison and synteny analysis tool
BLAST-based KO annotation and KEGG mappinag
GHOSTX-based KO annotation and KEGG mapping
HMM profile-based KO annotation and KEGG mapping
Sequence similarity search

Chemical structure similarity search

ZM R T



| EE;FELEE——Reactome ¢ rcactome

https://reactome.org/

Find Reactions, Proteins and Pathways

«  Reactome#UEEE— MR EFRIVEBKREIERE, REEW oot
EMERETE, BFadd, BRERMDIMEEEXAR,
LAstirEiAR, ERADTT, 18, RREMFARSE.

- ZBUEEBRIBE1 9 MYIMINBIERAR, SEEHEEE
. 555, ERERERE. MRATSER. HUERES Pathway Browser Analysis Tools ReactomeFIViz Documentation

% T 1 Oog/l\zzlﬁl Egi%{%l%\ﬁiﬂﬁ}ﬁ 7 @,]:E N C B | ~ biological pathways over-representation, and expression patterns related to cancer and other and use its principal tools for data
analysis types of diseases analysis
Ensembl, UniProt, UCSCEREANIYEEE. ChEBINDFEL

JEEFFIPubMed S EREUERES.

@ Reactome Research Spotlight

g segmental glomeru
and
t drug clopidogrel included
ositioning the

Latest News

interp

genome analysis, modeling, systems biolog
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MsigDB

https://www.gsea-msigdb.org/gsea/msigdb/index.jsp

RIEEHRRIR R AR .

MSigDB&UERE 2/ Broad InstituteffR AR ZRIZHGSEARE A

IZEIREEMMIE. 088, NEERERESFEMAELL, WEH

FEZHNERSES. BRISFEHFCT-CBXNANRINERR, It TE
LARRESE, (msigdbr) #A, LIATEEST.

C7 (immunoclogic gene sets, 5219 gene sets)
IMMUNESIGDB (ImmuneSigDB gene sets, 4872 gene sets)

VAX (vaccine response gene sets, 347 gene sets)

C8 (cell type signature gene sets, 830 gene sets)

Click on a gene set name to view its gene set page.

GOLDRATH_EFF_VS_MEMORY_CD8_TCELL_DN
GOLDRATH_EFF_VS_MEMORY_CD8_TCELL_UP
GOLDRATH_NAIVE_VS_EFF_CD8_TCELL_DN
GOLDRATH_MAIVE_VS_EFF_CD8_TCELL_UP
GOLDRATH_MAIVE_VS_MEMORY_CDS_TCELL_
DN
GOLDRATH_MAIVE_VS_MEMORY_CDS_TCELL_
up
GSE10094_LCMV_VS_LISTERIA_IND_EFF_C
D4_TCELL_DN
GSE10094_LCMV_VS_LISTERIA_IND_EFF_C
D4_TCELL_UP
GSE10147_IL3_AND_HIVP17_VS_IL3_AND_
CPG_STIM_PDC_DN
GSE10147_IL3_AND_HIVP17_VS_IL3_AND_
CPG_STIM_PDC_UP
GSE10147_IL3_VS_IL3_AND_CPG_STIM_PD
C_DN
GSE10147_IL3_VS_IL3_AND_CPG_STIM_PD
c_up
GSE10147_IL3_VS_IL3_AND_HIVP17_STIM
_PDC_DN
GSE10147_IL3_VS_IL3_AND_HIVP17_STIM
_PDC_UP

GSE21546_SAP1A_KO_VS_SAP1A_KO_AND_E
LK1_KO_DP_THYMOCYTES_UP
GSE21546_UNSTIM_VS_ANTI_CD3_STIM_DP
_THYMOCYTES_DN
GSE21546_UNSTIM_VS_ANTI_CD3_STIM_DP
_THYMOCYTES_UP
GSE21546_UNSTIM_VS_ANTI_CD3_STIM_EL
K1_KO_DP_THYMOCYTES_DN
GSE21546_UNSTIM_VS_ANTI_CD3_STIM_EL
K1_KO_DP_THYMOCYTES_UP
GSE21546_UNSTIM_VS_ANTI_CD3_STIM_SA
P1A_KO_AND_ELK1_KO_DP_THYMOCYTES_DN

GSE21546_UNSTIM_VS5_ANTI_CD3_STIM_SA
P1A_KO_AND_ELK1_KO_DP_THYMOCYTES_UP

GSE21546_UNSTIM_VS_ANTI_CD3_STIM_SA
P1A_KO_DP_THYMOCYTES_DN
GSE21546_UNSTIM_VS_ANTI_CD3_STIM_SA
P1A_KO_DP_THYMOCYTES_UP
GSE21546_WT_VS_ELK1_KO_ANTI_CD3_STI
M_DP_THYMOCYTES_DN
GSE21546_WT_VS_ELK1_KO_ANTI_CD3_STI
M_DP_THYMOCYTES_UP

Back to Top

GSE36476_YOUNG_VS_OLD_DONOR_MEMORY_
CD4_TCELL_72H_TSST_ACT_UP
GSE36476_YOUNG_VS_OLD_DONOR_MEMORY_
CD4_TCELL_DN
GSE36476_YOUNG_VS_OLD_DONOR_MEMORY_
CD4_TCELL_UP
GSE36527_CD62L_HIGH_CD69_NEG_VS_CD6
2L_LOW_CD69_POS_TREG_KLRG1_NEG_DN
GSE36527_CD62L_HIGH_CD69_NEG_VS_CD6
2L_LOW_CD69_POS_TREG_KLRG1_NEG_UP
GSE36527_CD62L_HIGH_VS_CD62L_LOW_TR
EG_CD69_NEG_KLRG1_NEG_DN
GSE36527_CD62L_HIGH_VS_CD62L_LOW_TR
EG_CD69_NEG_KLRG1_NEG_UP
GSE36527_CD69_NEG_VS_POS_TREG_CD62L
_LOS_KLRG1_NEG_DN
GSE36527_CD69_NEG_VS_POS_TREG_CD62L
_LOS_KLRG1_NEG_UP
GSE36826_MORMAL_VS_STAPH_AUREUS_INF
_IL1R_KO_SKIN_DN
GSE36826_MORMAL_VS_STAPH_AUREUS_INF
_IL1R_KO_SKIN_UP
GSE36826_NORMAL_VS_STAPH_AUREUS_INF
_SKIN_DN

Human Collections

-3 MSigDB

e

| == Molecular Signatures
s === Database

hallmark gene sets are coherently
expressed signatures derived by

H aggregating many MSigDB gene sets to
represent well-defined biological states or
Processes.

C5

ontology gene sets consist of genes
annotated by the same ontology term.

positional gene sets corresponding to
c 1 human chromosome cytogenetic bands.

Cé6

oncogenic signature gene

sets defined directly from microarray
gene expression data from cancer gene
perturbations.

curated gene sets from online pathway
c2 databases, publications in PubMed, and
knowledge of domain experts.

C7

immunologic signature gene
sets represent cell states and
perturbations within the immune system.

regulatory target gene sets based on
c 3 gene target predictions for microRNA

seed sequences and predicted

transcription factor binding sites.

C8

cell type signature gene sets curated
from cluster markers identified in single-
cell sequencing studies of human tissue.

computational gene sets defined by
c4 mining large collections of cancer-
oriented microarray data.

Mouse Collections

mouse-ortholog hallmark gene

M H sets are versions of gene sets in the
MSigDB Hallmarks collection mapped to
their mouse orthologs.

M3

regulatory target gene sets based on
gene target predictions for microRNA
seed sequences and predicted
transcription factor binding sites.

positional gene sets corresponding
M to mouse chromosome cytogenetic
bands.

ontology gene sets consist of genes

M 5 annotated by the same ontology term.

curated gene sets from online

M pathway databases, publications in
PubMed, and knowledge of domain
experts.

cell type signature gene sets curated

MB from cluster markers identified in single-

cell sequencing studies of mouse tissue.
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ERFREEEFE (GODth) cC

Homo sapiens (REF) upload_1 (V_Hierarchy NEW! @)

= —— S kY # # expected Fold Enrichment +/- raw P value FDR
GO E%ﬁ*ﬁﬁg%fm E%MHEIE$D2|§1@R@ (CIUSte r3El\J 17 10 F%o;z > 100 + 2.03E-25 4.03E-22
wMHC protein complex 25 10 .02 > 100 + 4.41E-24 4.37E-21
M F splasma membrane protein complex 729 13 67 19.33 + 3.42E-15 521E-13
GO Enrichment Ana |ys is © Wmembrane protein complex 1351 13 125 10.43 + B8.24E12 6.80E-10
Powered by PANTHER GO moler wprotein-containing_complex 6363 14 587 2.38 + 1.56E-04 5.94E-03
MHC clas bplasma membrane 5866 16 54 2.96 + T.26E-07 3.42E-05
CD79A Ltranst wcell periphery 6350 16 5.86 273 + 2.35E-06 1.08E-04
CD798 Lsiq/B.Cel receptor complex 6 2 01 > 100 + 225605 9.08E-04
CD74 _L’I_-rlumenal side of endoplasmic reticulum membrane 29 9 .03 > 100 + B.05E-21 5.32E-18
MS4A1 7 ulumenal side of membrane a7 9 .03 > 100 + 542E20 2.69E-17
HLA-DRA MMMU- -, ganelle membrane 3720 10 3.43 2.91 + 6.95E-04 2.60E-02
HLA-DQA1 MHC clas Lside of membrane 612 13 56 23.02 + 3.72E-16 T.3TE-14
—— ®MHC  yengoplasmic reticulum membrane 1182 9 1.09 8.25 + 3.80E-07 1.98E-05
biological process “RI0 uendoplasmic reticulum subcompartment 1188 9 110 8.21 + B3.97E-07 201E-05
CDA4 rece sgrganelle subcompartment 1510 9 139 6.46 + 2.94E-06 1.26E-04
Homo sapiens Examples Launch » peptide a wendoplasmic reticulum 2070 1 191 576 + 3.79E-07 2.03E-05
bpeptic sendomembrane system 4778 13 441 2.95 + 3.64E-05 141E-03
SR oy use Howk rok B/ A v s, Gona Sy et RIS Lam  “nuclear outer membrane-endoplasmic reticulum membrane network 1205 9 1M 8.09 + 4.47E-07 2.21E05
L’ﬂTQEER to Golgi transport vesicle membrane 63 9 06 > 100 + 414E-18 164E-15
siransport vesicle membrane 236 9 22 4133 + 3.41E-13 3.75E-11
B P stransport vesicle 433 9 40 2253 + B.76E-11 4.96E-09
i _ Leytoplasmic vesicle 2513 M1 232 474 + 267E-06 1.20E-04

GO biological process complete e ] ]
. . intracellular vesicle 2517 1 232 474 + 2.72E-06 1.20E-04
B cell receptor signaling_pathway wesicle 3995 14 369 2,80 + 16BE0T 2.96E.05
L-ﬂtigen receptor-mediated Sig&m}g_pathway Lbounding membrane of organelle 2159 10 199 5.02 + 6.15E-06 2.54E-04
Limmune response-activating cell surface receptor signaling_pathway *CYIOPIESIIC VESIEE MEMBIAns 122 oo 588 *STIE08 181508
- - byesicle membrane 1238 10 114 8.75 + 357E-08 2.02E-06
Limmune response-regulating_cell surface receptor signaling_pathway “coated vesicle membrane 202 9 19 4829 + B8.80E-14 1.09E-11
immune response-regulating signaling pathway e o S 8097 ¥ 422Ez 96450
wCOPIl-coated ER to Golgi transport vesicle 93 9 09 > 100 + 110E-16 2.72E-14
Lresponse to stimulus clathrin-coated endocytic vesicle membrane 73 s 07 >100 + 142E-17 4.69E-15
ueell surface receptor signaling pathway clathrin-coated vesicle membrane 136 9 A3 71.72 + 2.86E-15 4T72E-13
wclathrin-coated vesicle 218 9 20 4474 + 1.71E-13  1.99E-11
L'—iml'l"l une resp—onse-activatingggMg_p_athway Lelathrin-coated endocytic vesicle 52 9 08 =100 + 1.00E-16 284E-14
vactivalion of immune response sendocytic vesicle 348 9 32 28.03 + 1.01E-11 7.98E-10
sendocytic vesicle membrane 197 9 18 49.51 + 7.08E-14 9.34E-12
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| EREARESE (GORH)
GOEELSTHAISEIL: REclusterProfiler (cluster3fVEFER)
GOSFRIESILHI

viecianmsin LS ERERasersa vy y ey A
Interpretation = Function Discovery . . R
(unanticipated) library(clusterProfiler)
Visualization Functional Comparison

GO <- enrichGO(gene$ENTREZID,
Orgbb = GO_database,
keyType = "ENTREZID

; ont = "ALL",
oS bata ~Genes of interest valueCutoff = 0.05

DNA-Seq clusterProfiler [ EE—_—— P = 0.05,
i « Rarked gene st qvalueCutoff = .05,
Microarray
el readable = T) y
mb6A-Seq

ATAC-Seq e =

\ =il clusterProfilerszis it B E Tk B EERE AR

Mass Spectrometry _\
« Gene Ontology(GO)

« Kyoto Encyclopedia of Genes and Genomes(KEGQG)
« Disease Ontology(DO)

« Disease Gene Network (DisGeNET)

« Molecular Signatures Database (MSigDb)

Data Ocean

« wikiPathways

> LHER D nEEs > EREERERSH > TR BRI,




| =SEEEEEE (GO

GOEEDTTHILERRRE (cluster3NESEFNGOEENTER)

antigen processing and
presentation of exogenous
peptide antigen via MHC
antigen processiagasd

antigen processing and
presentafion of exogenous
peptide antigen via MHC

antigen processﬁ&‘éﬁa presentation of peptide
presentation of peptide Dfﬁ%ﬂ onﬂ Uif P es;la?}d]ggoqa
IR PG RlRaRd polysaccharide anfigen via

presentation of peptide or
polysaccharide antigen via

antigen proki4singasd
presentation of exogenous

MHC class i
antigen PRALSSARIGRE
MHC class I D’O‘e'”ag‘;g”rﬁﬁﬁ presentation of exogenous
2 antigen processiyi4Ra

peptide antigen assembly
with MHC class Il protein
complex

anfigen processing and
presentaftion of exogenous
peptide antigen

presentation of peptide

R am\%en

MHC class Il protein complex
assembly

peptide antigen assembly
with MHC class Il protein
complex

MHC protein complex assembly MHC protein complex assembly

peptide antigen assembly
with MHC protein complex

peptide antigen assembly
with MHC protein complex

MHC class Il protein complex MHC class Il protein complex
MHC protein complex
MHC protein complex
trans-Golgi network membrane

integral component of
g P integral component of

lumenal side of endoplasmic

reticulum membrane p adjust lumenal side of endoplasmic
reficulum membrane
lumenal side of endoplasmic lumenal side of endoplasmic
reticulum membrane o 2e-07 reficulum membrane
i il lumenal side of membrane
lumenal side of membrane 6007
ER to Golgi transport
ER to Golgi transport 8e-07 vesicle membrane
vesicle membrane clathrin-coated endocytic
vesicle membrane
trans-Golgi network membrane clathrin-coated endocytic
vesicle
clathrin-coated endocytic COPIl-coated ER to Golgi
vesicle membrane transport vesicle
MHC class Il protein complex MHC class ll protein complex
binding binding
MHC protein complex binding
MHC protein complex binding
peptide binding
MHC class Il receptor activity
amide binding
peptide antigen binding immune receptor activity
=
immune receptor activity antigen binding
peptide antigen binding
peptide binding
MHC class Il receptor activity
antigen binding . " "
immunoglobulin binding
amide binding T cell receptor binding
0.0 25 5.0 75 100 125

@
]
o
o

B
®
®
®
L 4
»
0.05 0.10 0.15 0.20 025
GeneRatio

Count

© @ s m

p.adjust
0.003
0.002

0001

T BRI RER M 451

leukocyte cell-cell adhesion

antigen processing and presentatighigen processingland| presentation|of peptide antigen via MHC class 11
. . . s ; regulation of T, cell activation
antigen processing and presentation of exogencus peptide antigen
@
antigen processing and,presentation ef'exogenous peptide antigen via MHC class ||
antigen,processing and presen.tation ofiexogenous antigen
mononuclearcell differentiation 5 . 3 @ . X X X
lymphocjt aifferERtat oMY and|presentation of peptide or.polysaccharide antigen via MHC class Il
immunoglobulin'mediatedimmune response

antigen processing and presentation of peptideiantigen
regulation of cell-cell adhesion e g 3 [ VEE %

Qymphocyte mediated immunity, regulation of;leukecyte cell-cell adhesion

B cell mediated immunity

e o 3 2 MHC proteinicomplex assembly.
immune response-activating cell'surface receptor signaling pathway:

L A o Al a o a - immunoglobulin‘production
adaptivelimmune response:based c@;omatlc recombination of immune recepters built:-fremimmunoglobulin supenam.gly aormems

immune response-regulatingicell surface receptor signaling pathway: qendritic cell antigen processing.and presentation
ﬁgukocyte mediated/immunity 2

|mr.r|une response—reg.ulatlng. sngnlallng pathwa}ée” activation involved!in immune response - g
antigenreceptor-mediated signaling|pathway leukocyte pr~ollferatlcn

lymphocyte activation involved'in immune response
ac@ation of immune response;

positive regulation of|leukocyte activation
@immune response-activating signal transduction

leukocyte activation involved'in immuneirespense-mononuclear:cell proliferation
MHC class:|I'protein:complex as%embly

Iymphccyg proliferation

positive regulation-of cell activation peptide antigen assembly with MHC protein complex’

humorallimmune response

positive regulation of Iy’nphocyte activation

immunoglebulin preduction.invelved;inimmuneglobulin-mediated immune response
pesitive regulation of T cell-activation

posifive regulationoficelicelladuesiongy peptide antigen assembly:with MHC class Iﬁzrctein complex
positivejregulation of leukocytescell-cell adhesion

B, cell Eoliferation

B cell recapfor sig.naling Pathway positive regulation of cell adhesion

B cell'diff tiati
cel |.eren|a|on

production of mclecularﬂediator of immune response
B cell activation

¥
i
i
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| =SEEEEEE (GO

GOEEDITHIERERE (cluster3SMERERNGOERE7ER) : AEEKIFE (Directed Acyclic Graphs, DAG)

IRAEFPE— I TRMART — I EREIARTT (term) @
- BREERRtermZ ANREISAMERER
- TINERRMNHI—RTHGIGENEREREAREREZRSR

!

D

ok BRERRASLHAIEZE&RSAIRT101GO term, EfttZ2EI,
HE: gy, ARpE), EENEE
N EZEERX M LMo aIRE

GO termfmS

GO termByX =ik ,\ . / wds /-
P@ =W = .
I EEEFEREZtermVER /S =S E X P EFEEZtermAy i .
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] EELE=E (GSEA)

GSEARYJRIE (Gene Set Enrichment Analysis) : Gene Se Emichment Ay

- ERERARMERTNERKAREE (WlogFC) SEXREMEXEHTHF (FARITEERER)
- AR B I IREE B EES B E X WNERER ST TS 77 RAVTEREURS

Molecular Profile Data Enrichment Score (ES) Calculation

Enriched Sets

Start with ranked list (L) of genes that are in (Hit) or not in (Miss) a gene set (S),

mmmmmmmmmmmmmmmmmm using fold change (FC) as example metric
Ranked List FC Contribution Hits Misses Running
(L) torunning | +|FC| /X | -1/(N-N,) | sum for ES
sum for ES
Sem— 15 Hit +0.15 40.15 0.15
— 12 Hit +0.12 +0.12 0.27
— 10 Miss -0.001 -0.001 0.269
—— 9 uit | +0.09 +0.09 0.359
—_— 8 Hit +0.08 +0.08 0.439
— 6 Miss -0.001 | -0.001 0.438

Hits: Genes € S +|FC| /X
Misses: Genes ¢ S -1/(N-Ny) :
\N\

J

\\
il L

R C
= sum of fold changes for genes in gene set (S) (e.g., 100)
no. of genes in the array (e.g., 1020)

=no. of genes in the gene set (S) (e.g., 20)

runnmg sum

ES(S) = value of maximum deviation from 0 of the running sum

KAEIITERERNSNEEE

> EHER > nEEa > ERERERSH > B > @i




| EESE=E (GSEA)
GSEARI DT SRR :

e EER|EEHVIBIRELE GO term

E5ITHIESE

BRI 00 0O RO AR AL eemomemeemmmsece s

HEF TR e EE

BERIASREAIKEK, BIHEHAFRKEGHE
FUERTOARIEEX, NFORFRRERX

00000
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] EESE=E% (GSEA)
GSEAEESTHERATRE (cluster3fIEZES EFRGSEAS E N HTLER)

MHC class Il protein complex binding

0.6

e

)

o
L

0.44

=

in

=
L

0.254

Running Enrichment Score
Running Enrichment Score

0.00+
0.04

Ranked List Metric
Ranked List Metric

GSE29618_BCELL_VS_MONOCYTE_DAY7_FLU_VACCINE_UP

20 50 50
Rank in Ordered Dataset

20

40
Rank in Ordered Dataset

60
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KRl
WEERFS (Pseudotime) £HT, FRMBIHUL (cell trajectory) i, EEBITHTRMMIEMELITRE
BRIREE TR IRE. WA EDTIISAFERERE, IS DD S RIS RS,

_ IS . _ IR .

IERY R B SRRENARE (T ST, BEENEHE
EEEEMIEEIERIRUER, JTEGER
PREE, —mE "R, B—imE "M

BEEENERSERAR, TEERET, 8217k
BTz, BUERERUSRRPR D TR LTIE

. J . J

(RESEIR—MRSRAIT RN ERE— 1 cel BTMERRAYIES, DERERRNE. NITHEKEZHME
MEI RSB N EIE RN ST E M SRR ERE MAY.
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Monocle 3{EEHITIARSFSHT, Monocle ATLUATARBRIERS o BFANLTEL. EZ2RMARNTE. ERFTEDHT.

Monocle 3 Documentation Older versions Contributors Publications GitHub

‘I\\/Ié'n,ocle P

A
»

An analysis toolkit for single-cell RNA-seq.

Get started»

Non-linear
scRNA- dimensionality
seq reduction
dataset e t-SNE
e UMAP
\ 4

DY D ERERBKHH D BRI > miER




I Monocle3(EH

AT E

NS FVECFOIPCARRLAE UMAPP&#:

« RILFERE * preprocess_cds()ERK - reduce_dimension()E&i&}
« ERIZ=E  fH=FSeuratFNormalizeData

+ ScaleData + RunPCA
« HEFIZE

s X apE LI IR
« cluster_cells()ER% « learn_graph()iRBI%1ZE
- order_cellsO)X£BIEHER

> LHER D nEEs > EREERERSH > RIS > miiEi




I Monocle3{#H

(1) MANHE: RXEHER. REEBHMERER

FIREEARRIRpbmckAYEIESE, BT pbmcEIZDWARRIREMIE, B EANFEERIIDURR, BRI AESRREIAITHITSHT. XBNXIFAFES

> data

13714 x 2638 sparse Matrix of class "dgCMatrix"

[[ suppressing 51 column names ‘AAACATACAACCAC-1’, ‘AAACATTGAGCTAC-1', ‘AAACATTGATCAGC-1" ... ]
[[ suppressing 51 column names ‘AAACATACAACCAC-1’, ‘AAACATTGAGCTAC-1', ‘AAACATTGATCAGC-1" ... ]

ALB27309.1 . L oL oL L L L Lo o e e e e e e e e e e e e e e e e e e
APD0G222.2 . L L L L e e e e e e e e e e e e e e e
RPI1-2006L10.2 . . . . . o o o L o oo e e e e e e e e e e e e e e e e
RPI1-206L10.9 . . . . . o o o L oL e e e e e e e e e e e e e e e e e e
LINCOOI1S . . L L o L oLl e e e e e e e e e e e e e e e e e e e e
NOC2ZL . L L e . 1. ... .0 ... 1. . 0000 1. ..
KLHLL7 L o L L oL L oo o e e e e e e e e e e e e e e e e e e e e
PLEKHNL . L L L L L Lo oL oo e e e e e e e e e e e e e e e e
RP1I1-5407.17 . . . . . . . . Lo e e e e e e e 1. ... 00 0L

HES4 . L Lo

> head(cell_metadata)
orig.ident nCount_RNA nFeature_RNA

percent.mt RNA_snn_res.0.5 seurat_clusters

13714 genes, 2638 cells

singleR predicted.celltype.ll.score

AAACATACAACCAC-1 pbmc3k 2419 779 3.0177759 2 2 T_cells
AAACATTGAGCTAC-1 pbmc3k 4903 1352 3.7935958 3 3 B_cell
AAACATTGATCAGC-1 pbmc3k 3147 1129 0.8897363 2 2 T_cells
AAACCGTGCTTCCG-1 pbmc3k 2639 960 1.7430845 1 1 Monocyte
AAACCGTGTATGCG-1 pbmc3k 980 521 1.2244898 6 6 NK_cell
AAACGCACTGGTAC-1 pbmc3k 2163 781 1.6643551 2 2 T_cells
predicted.celltype.1l predicted.celltype.12.score predicted.celltype.12 marker_celltype
AAACATACAACCAC-1 CD8 T 0.6878183 CD& TCM cpd
AAACATTGAGCTAC-1 B 0.5139331 B memory B
AAACATTGATCAGC-1 cod T 0.8255622 CcDd4 TCM cn4
AAACCGTGCTTCCG-1 Mono 0.7224629 CD14 Mono CD14+ Mono
AAACCGTGTATGCG-1 NK 1.0000000 NK NK
AAACGCACTGGTAC-1 cod T 0.5237426 cpd TCM cpd

> head(gene_annotation)
gene_short_name
AL627300.1 AL627309.1
AP006222.2 APD06222.2
RP11-206L10.2 RP11-206L10.2
RP11-206L10.9 RP11-206L10.9
LINCO0115 LINCOO0115
NOCZL NOC2L

Jiscore 2638 cells

1.0000000
0.9692498
1.0000000
1.0000000
0.9202275

13714 genes

> LHER D nEEs

D EREREENH

} SR R S 4T

> @i

®

il

3 —

IEETI<0



I Monocle3{$&H
(2) FRAELAIPCARRYE

preprocess cds
cds
method = c("PCA™, "L5I'

num_dim = 56

norm_method = c("log”, "size only", "none’

use_genes = MNULL
pseudo_count = NULL
scaling = TRUE

verbose = FALSE

build nn_index = FALSE
nn_control = list

=}
i

Variance explained
by each component

014

0.12

Yariance explained
by each component

0.044

num_dim = 10

2

o

@
L

5.0 75 10.0

[ T A

num_dim = 50
HAAIRRYZNE SIRERY num_dim S23(—%

0

PCA components

> LHER D nEEs
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I Monocle3(EHH

(3) UMAPREAERTIIL

reduce_dimension
cds,
max_components = 2
reduction_method =
preprocess_method = MULL
umap.metric = "cosine”,
umap.min_dist = @.1,
umap.n_neighbors = 15L,
umap.fast_sgd = FALSE

umap.nn_method = "annoy"
verbose = FALSE
cores = 1

build nn_index = FALSE,
nn_contrel = list

c("UMAP", "tSME"

UMAP 2

"PCA™, "LSI", "Aligned"),

159

104

num_dim =10

UMAP 1

UMAP 2

num_dim =50

> LHER D nEEs
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I Monocle3(EH
(3) UMAPBEAERI{IME (num_dim = 50) : Monocle35SeuratlREHNER

Monocle3_UMAP Seurat_UMAP

101

UMAP 2
UMAP 2

CD
C

FCGR3A+ Mot |
Cal Y o
%RSP& Mono
CL o g o' r
o tg.,:;i fﬂﬁwi

wd
Platelet

101

A

.
Platelet

/)3

-I5 U 5 ‘1ID -‘IIU
UMAP 1

UMAP 1
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I Monocle3(EHH
(4) HIEHE

cluster _cells 4 partition
cds
reduction_method = c("UMAP", "tSME", "PCA"™, "LSI", "Aligned
k = 20
cluster_method = c("leiden”, "louvain™

num_iter = 2
partition_gval = 8.85
weight = FALSE

resolution = MULL .
random_seed = 432 o
. aﬂ'.\_lu'l',"

verbose = FALSE &f“
nn_control = list o ‘ﬁfﬁff

o ;E:\.}'.‘-' N

- :.'.-I{.. K
5 ' *%f’)f
o

MonocleBEE BT EREIEF 7 IR ait MIZ i ETE
EREYEER, MARMEEARRITE,

— MR AR F S A ERYIE

AERD XIS H T ERIRAINLT ST

-10

UMAP 1

> LHER D nEEs D EREREENH > RS > @A




I Monocle3(&EH
(5) HH2MBHIT (learn_graphEREHRBIENT

learn_graph
cds,
use_partition = TRUE
close loop = TRUE
learn_graph_control = NULL
verbose = FALSE 0-

UMAP 2

. BEMEERIIRgraphiogia.

W =l e N

- MFEBRERBRESRE, WXIATHE, o
RTINS S

FCGR3A+ Modd /i

UMAP 1

> LHER D nEEs > EREERERSH

) SR R S 4T
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D mEER



I Monocle3(EHH

(5) t2ApEAIET (order cellsERERIAAEHER?)
o ATXMEHITHER, FIIFEEMonocle s ERRMNITAIEIRR, Ll EEEIEEHiTAIroots
. FEELEE—NE, AReatDone (ELANEERO S, TJLUERZINMIE)

D:/public_data/scRNAIRFETE] - Shiny = ] X
hitp://127.0.0.1:4785 Open in Browser “S- Publish -

- ReElo, SEENERIREIUKRER,
FtiXER o BRI RT ST R B R E X

Choose your root nodes

Choosefunchoose Clear Done

Instructions:

1. Highlight nodes by clicking and dragging.
2. Click the 'Choose/unchoose' button.

3. Repeat until you have chosen your
desired root nodes. 09 "%
4. Click 'Done'. - .f.‘..
Details: pseudotime
#5 ‘
1

UMAP 2

- Root nodes indicate where pseudotime
will equal zero
] + To start over, click ‘Clear 3
« You can also choose/unchoose specific :;.;: . : 2
] nodes by clicking on them directly § 7 e i 1
8

¢

Compenent 1

0 0
UMAP 1

> [T D nEEs D EREREENH > RS > @A




I Monocle3(EHH
B R

. graph_testOEREI IR

. MoranEI’\JIZ}Eﬁ%x%—W%ﬁ%’?Z&E\@E*ﬁ?&
HNEE. SRR TR ERISIERZ 2]
BB R} TRD, FEISIEET D 10

P AREIscRNA-seq#UREE

+  Moranig8BSEEA-1812/8), OFRFES 20

B AEX, MIFRrEEERX,
Moranig&l—izEERBRITFERNX

gene_short_name p_value morans_test_statistic
TYROBP TYROEP 0 14512906
S100A8 510048 0 14223584
S100A9 510048 0 141.09747
CST3 €573 0 138.01611
CD79A CD72A 0 13664296
LGALS2 LGALSZ 0 13518933
FCER1G FCER1G 0 133.23515
NKG7 NKGT 0 132.3307¢
LST1 LST1 0 12834812
HLA-DRA HLA-DRA 0 12819143

morans_|

0.5465958
05287113
05231831
05111544
0.7966574
0.7885182
07774292
0.77191%0
0.7546936
0.7538779

-

CD79A CSsT3
30 ‘ 30
LE I co et
oLl LI Lt 1o
4 . .
- 05
FCER1G HLA-DRA
100
10
4
05
LGALS2 LST1
3.0
c
=]
NF09 2
w
® 1.0
?c' 1.0
(]
05 05
NKG7 5100A8
10 20 .
status q_value 34
1.0
OK 0
OK 0 1
OK 0 0.
oK e S5100A9 TYROBP
OK 0 30
204
OK 0 3.0
Ok 0
OK 0
1.0 10
Ok 0
oK o 05 05
0 1 4 0 1 2 3 4
pseudotime

> LHER D nEEs

} LEEEEEN

} SR R S 4T

predicted celltype |12
B intermediate
* B memory
*  Bnaive
CD8 TEM

Plasmablast



] HxE2mmER?
HAEIELH (cell communication): GRS 2 {BiEARVMAREE RAIBEMREFRFENEZMNES, FEEEA ARG
SiHiTER, NMXZEBERORENTRE, nERNERKAs, EERESEINrT.

R 24

1&& ‘l‘.."lllll(..

> LHER D nEEs > EREERERSH




] 4 2MmEER?
- AfEENS T EREEI ST ARMARSRE PR AMEFNRARENER, S0 HEREEFETAEARRNEE(ER
HIFscRNA-seq o iTRIZAREET, (NRTERREIR-ZIAE SN SHIZAIEEIET
DI EMERERRIALIEME - AR
B ABIRETERAREEER. RRIMEREHEME. BIREREERNSTIER,

&H sk S wimEs
SATHHOATIREN, (e, RAURFAE R, i

CellphoneDB K-S 5 Pvth

elphone o, EERTEMIER, EEmARIE A, RO SR R yHen

TALK BOTEARAR, FESEAEATISE, RESREEE RS R
SIS RIEE RN, AT A S B FRAE

S IR, SEREARMRIEF R RR Lo o
PAZmAEET.
B A AR S S AR B MRS E e AT

—— ESEE AR RES E SRR AR .

BRI E R Z BRIECIR-SEARER R T 2.

CellCall B—MEITE A 40 AR ) S S R R 43D
CellCall iRk + TFEF R
KA EENTES =

> LHER D nEEs D EREREENH > RS D mHER




J Si-EbLIRE

« CellChatDB #0 PlantPhoneDB

=

CellChatDB

Ligand-Receptor Interaction Explorer

CellChatDB considers multimeric ligand-receptor complexes, and
the effects of soluble and membrane-bound stimulatory and

inhibitory cofactors.

CellChatDBE & T EAIRIBCIAZRE S1IRVAERY, EFEECIAFISZ
MNZRESY), AR UM HEENEFRE mhatEsEl. fEl.
HRBFITLDHIRE SR, CellChatDBE 20215 I18IERY
L-R %, BFE60%AI7WEEIEA (secreting interactions)
oh, B48%RIEEIFRTRERD FEEY0.

. ligand . raceptor . LR pair

4000 1 762
3514

3110

3000 4 2823

3
o]
=
o

1000 1

The number of ligand-receptor pairs

=
B

Organism

PlantPhoneDBUSE T 5 MIFH29 N RARiEAE RBEURESE, =it
£7560,00048f, X+FHAm7T, FIFAXHEE (secretedflicell
membrane) #Zuniprot, MMLEERTRENEAFISZMEE.
FRlitbZ4b, IATETAIR, PlantSecKB. BioGRID, Interactome,
IntAct, plant. MAP, STRINGIREVHEXHIPPIEE., XTFIFE
&4, WEF BT EHTEAFNSZARIFL,

> EHER > nEEa > ERERERSH

> RS D mHER




CellChat{sh

. TEZNISRLL: CellChat http://www.cellchat.org/

IChatDB

Ligand-Receptor Interaction Explorer

CellChatDB considers multimeric ligand-receptor complexes, and
the effects of soluble and membrane-bound stimulatory and
inhibitory cofactors.

Epcorm

® Domalfbrovists A FEA) GRS
® Dermal fibroblasts B (FIB-B) s

® Fibroblasts, proliferating (FIB-P) L= a a
© Myeloid, macrophages (MYL)

© Other immune (Immune) D

® Endothelial cells (ENDO)

® Muscle cells (Muscle) ‘“"‘

® Melanocytes (MELA) Encatheisl caty .

® Basal proliferating (Basal-P) <
Basal epidermal (Basal) Wyacle osts

@ Spinous epidermal (Spinious)

® ® X

Macrophages  Oher immune Medwnocytes

Mouse Embryonic Skin

Day E13.5

From: Single-Cell Analysis Reveals a Hair Follicle Dermal Niche
Molecular Differentiation Trajectory that Begins Prior to
Morphogenesis Developmental Cell 2019

& @CellChat

Select pathway to explore its communication network in the dataset

BERZ IFRIERTTE:

) . TGFb signaling pathway network
ke Source Target Source Source Target Source I
® Toos (1C) FIB-A o MY FIB-A & o LA
: ®5ca 86, FIBE ® Med FiBE @ e
{ Scrwann i (5CH) FIB-C '\ M FIBC & X ;m\ﬂ.b%
4 O O O OFrctiass (FB)  ® Rud oo cvlks (REC) FIB-D @ - FIBD & oS ¥
OMMMLA 3N : - NBSE
wyme FIBE s NI © FIBE ® 7 1R P
FeFl t FIBF 5 -F
Mouse Skln Wound Feoe N\ mae N7 e
FIBH @ FIBEH® ¥ St
FIB-| FB * 4 WHie
Day 12 post wounding
- S = i i i « O 2™ ¥ B OO L ®D OO L L0
From: Single-cell analysis reveals fibroblast heterogeneity and 858 e «@r“_,.\,f@#aﬂf‘\&‘\ea‘po TP <
myeloid-derived adipocyte progenitors in murine skin wounds. i dh
Nature Communications 2019
Signaling patterns in river plot Signaling patterns in dot plot Functional classification Structural classification

@ Dermal fibroblasts A (FIB-A) R N e x
@ Dermal fibroblasts D (FIB-B) e ——

® Fibroblasts, prolferation (FIB-P) < o @
@ Dermal condensate (DC) Dermat
® Pericytes (Pericyte) Ll
@ Myeloid, macrophages (MYL)

2 "y @ Other immune (Immune) - ~
Ei ENDO! e
. § e R —— e
© Malanocyles (MELA) -
® ! @ Basal proiferating (Basal-P) e

‘b <8 Basal epidermal (Basal) Muicks (e

N o P © Spinous epidermal (Spinious) 3

> .

Mouse Embryonic Skin :

‘Outgaing signaling patterns of secreling cells Incoming signaling patterns of target cells

Day E14.5

From: Single-Cell Analysis Reveals a Hair Follicle Dermal Niche
Molecular Differentiation Trajectory that Begins Prior to
Morphogenesis Developmental Cell 2019

Cell groups Panems Patems Signaling Cell groups Patems

FHER } BEES

EFERERSH

D BRI D @ER >
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J| CeliChatfEFg

© B ey
(CEJRTF https://www.jianshu.com/p/b3d26ac51c5a) | |
CellChatDB W SARE. I
Botk. 24K, HBHE Tgenelist SN
Rk, RHRNAR J | HECellChaty R
et L ES I

| eRERRLERE |

identifyOverExpressedGenes(cellchat)
identifyOverExpressedinteractions(cellchat)

. - netAnalysis_signalingRole_network()
[ EEZRNRER } B )
I 7, - netAnalysis_signalingRole_heatmap()
LREH P RO BCIA S 443 (R4 L/ 2 B 2
J identifyCommunicationPatterns()
pm—————— e e ! (NMFRRFETEE I A AERR)
| s netAnalysis_river()
| PPIREERRIERIKE | (TRE RNV L)
e T e L S s netVisual_embeddin()
| (MRERTRTEIRBIRR)

(RAETEATOMBER | | ESRBATOMBEN [ BARSREHT

netVisual_circle()

(P4 B R e S LS I 3 Tl aareaind
netVisual_individual() (Fﬁ%b"\@/ﬁ%ﬁﬁ]/fﬂ?i@ﬁﬁi
(ZRE, MRS, HsZHE) —MES B AR 1E)
netV»suaI_buPble’(l i netVisual_heatmap()
(+5cellphonedb3 b1 7 PE) C:T BN AHELY: £
netVisual_chord_gene()
(ReikiEE RAENFZE)

DY > ERERERSH > B > SHER




J| CeliChatfEFg
(1) WASIRAZEN SRS

> pbmc3k
An object of class Seurat
13981 features across 20638 samples within 4 assays
Active assay: RNA (13714 features, 2000 variable features)
3 other assays present: prediction.score.celltype.ll, prediction.score.celltype.12, predicted_ADT

5 dimensional reductions calculated: pca, umap, tsne, ref.spca, ref.umap

13714 x 2638 sparse Matrix of class "dgCMatrix" ° C ”Ch \*EEGE )\ ¢_ Ei’]
[[ suppressing 69 column names ‘AAACATACAACCAC-1’, ‘AAACATTGAGCTAC-1', ‘AAACATTGATCAGC-1° ... 1] e at Ell] XE 7N/
[[ suppressing 69 column names ‘AAACATACAACCAC-1", ‘AAACATTGAGCTAC-1', ‘AAACATTGATCAGC-1" ... 1]

ALB27309.1 . L oL Lo L e e e e e e e e e e e e e e e e e s e e

APOOBZ22.2 . . L L L L Lo o e e e e e e e e e e e e e e e e e e e e s e

RPILI-206L10.2 . . . . . . . . . . ..o e e e e e e e e e e e e e e e e e e e e
RPILI-206L10.9 . . . . . . . . . . ..o e e e e e e e e e e e e e e e e e e

LINCOOLILS . . v v v v v o e e e e e e e e e e e e e e e e e e e e e e e e e e e
NOC2L L L. 1.646272 . . . . . . .. 1.398186 . . . . . . . . . ... .

L

- AZECellChatDBEE 1,939 MRIT IS FHEEER,
61 8% IS W/ B ESIEHTIER, 217 %A}
R (ECM) - SHRSIMEE{ER6.5% Hmnmpnse
EET N

+ CellChate, BTLUEHFSERIERHEARIBEANREIFA,

SRR SRR R ERIRI A E A, EEA— B Mo h==.

kﬂgﬁﬂ{ﬂiﬁﬂ*ﬁéﬂﬂTiﬂigo . Cell-Cell Contact
> EHER D nEea > ESEREESH > BRI > wmER




J| CellChat{EF
(2) FRALE

. B MEIER

## 1EAEPFERIRT B RIERE AR signaling gene (137140 EH,

#ZER{RFEdata.signaling
cellchat <- subsetData(cellchat)

PITRIAREIRERZN, AERBERRASIERSIZIER-ERHEEER(PP)M%S

cellchat <- identifyOverExpressedGenes(cellchat)
# fH=TFsuerathRyFindAllMarkers, HENBIEEFHERIAAIBCIRZIR

cellchat <- identifyOverExpressedInteractions(cellchat)

cellchat <- projectData(cellchat, PPI.human)

# HEBIAZARRIG, projectDataGEiRZARIRIRIAEIRGIZIPPIE, K33

@data.signalingFRIRIAEHITIRIE. ERRFE@data.project

Ji8F2701)

| D cellchat

data.raw

data

& datasignaling

p
Dim

© Dimnames

iy
21
®
factors
data.scale
data.project
net
netlP
meta
idents
DB
LR
var.features
dr

options

S4 (CellChatzCellChat)
doukle [0 x 0]
54 [13714 x 2638] (Matrix:dgCM

54 object of class CellChat

54 object of class dgCMatrix

54 [270 x 2638] (Matrix:dgCMatr

4 object of class dgCMatrix

integer [38583]
integer [2639]
integer [2]

list [2]

character [270]
character [2638]
double [38383]

list [0]

double [0 x 0]
double [270 x 2638]
list [4]

list [2]

list [2638 = 13] [53: data.frame)
factor

list [4]

list [1]

list [2]

list [0]

list [3]

32430394590 ..

01439557590 ..

270 2638

List of length 2

‘TMFRSF1&" TNFRSF4' 'TNFRSF14 TMFRSF25' "UTS2" TNFRSFY' ..

AAACATACAACCAC-T "AMACATTGAGCTAC-T "AAACATTGATCAGC-1" "AAACCGTGCTTCCG-1" AAL .

2.23 1,64 1.64 2.23 164 260 ...
List of length O

0.00e+00 0.00e+00 4.58e-03 2.23e+00 0.002+00 1.20e-02 1.63e+00 0.002+00 1.10e-01 ...
List of length 4

List of length 2

A dataframe with 2638 rows and 13 columns

Factor with & levels: "CD4", "CD14+ Mono®, "B", "CD8 T", "FCGR3A+ Mono", "NK", ..

List of length 4

List of length 1

List of length 2

List of length 0

List of length 3

> LHER

D nEEs

} LEEEEEN

} SR R S 4T

D mHER >




| CellChat{E

A

(3) HEBFZARIEITINGS :

- BoiR-X

. (ESERAT: B

source
1 CD14+ Moneo
2| CDBT
3 FCGR3A+ Mono
4 NK
5 | Platelet
CD14+ Mono
FCGR3A+ Mano
MK
Platelet

10 CD14+ Monc

source

target
CD14+ Mono
CD14+ Mono
CD14+ Mono
CD14+ Mono
CD14+ Mono
CDBT
CDBT
CDBT
CDBT

FCGR3A= Mono

target

B

B

CD14+ Mono
CD14+ Mono
CD14+ Mono
CD14+ Mono
CD14+ Mono
CD14+ Mono
CD14+ Mono
CD4

ligand
TGFB1
TGFB1
TGFB1
TGFB1
TGFB1
TGFB1
TGFB1
TGFB1
TGFB1

TGFB1

pathway_name

T
MIF

ANNEXIN
BAFF
COMPLEMENT
IFN-1I

IL1

)

MIF

FLT3

&

receptor prob pval
TGFbR1_R2 4.849758.-06
TGFbR1_R2 3.218484-07
TGFbR1_R2 1.571045e-06
TGFbR1_R2 1.793278e-06
TGFbR1_R2 651734107
TGFbR1_R2 2.656954-06
TGFbR1_R2 1.004355e-06
TGFbR1_R2 8.626113e-07
TGFbR1_R2 3.498567-07
TGFbR1_R2 4,20937%e-06
prob pval
5.292116e-06  0.000000000
3.077386e-04  0.000000000
2.326018e-07  0.000000000
6.727718e-08 0.003333333
4.432185e-10  0.030000000
1.176846e-09  0.000000000
4.389146e-10  0.000000000
7.547363e-05  0.000000000

1.420356e-06

2.048406e-08

0.000000000

0.000000000

ZKE . BT RSB MESERBXRAYFIEER-5
+%%EE&EIJ*&E_EI Elu\

BRI BARERIRSEEMNLS

interaction_name

3.00  TGFB1_TGFBR1_TGFBR2
3.03  TGFB1_TGFBR1_TGFBR2
3.00  TGFB1_TGFBR1_TGFBR2
3.00  TGFB1_TGFBR1_TGFBR2
3.00  TGFB1_TGFBR1_TGFBR2
3.00  TGFB1_TGFBR1_TGFBR2
3.00  TGFB1_TGFBR1_TGFBR2
3.00  TGFB1_TGFBR1_TGFBR2
3.00  TGFB1_TGFBR1_TGFBR2
3.00  TGFB1_TGFBR1_TGFBR2
ot \
=518

interaction_name_2

TGFB1 -
TGFB1 -
TGFB1 -
TGFB1 -
TGFB1 -
TGFB1 -
TGFB1 -
TGFB1 -
TGFB1 -

TGFB1 -

F7KFRIZBREIE

[TGFBR1+TGFERZ)
[TGFBR1+TGFERZ)
[TGFBR1+TGFERZ)
[TGFBR1+TGFERZ)
[TGFBR1+TGFERZ)
[TGFBR1+TGFERZ)
[TGFBR1+TGFERZ)
[TGFBR1+TGFERZ)
[TGFBR1+TGFERZ)

[TGFBR1+TGFERZ)

pathway_name
TGFb
TGFb
TGFb
TGFb
TGFb
TGFb
TGFb
TGFb
TGFb

TGFb

THMI4S

annotation

Secreted Signaling
Secreted Signaling
Secreted Signaling
Secreted Signaling
Secreted Signaling
Secreted Signaling
Secreted Signaling
Secreted Signaling
Secreted Signaling

Secreted Signaling

evidence

KEGG:
KEGG:
KEGG:
KEGG:
KEGG:
KEGG:
KEGG:
KEGG:
KEGG:
KEGG:

hsa04350
hsa04350
hsa04350
hsa04350
hsa04350
hsa04350
hsa04350
hsa04350
hsa04350

hsal4350

J A8 MEEER S E— MR EF T ERIQIC IR EY S X _ERIYHRE-REE .
SAMEE(FRRE SRR HERS SEBRKF LRIE

BoiAR-ZRKFRgIE

BEm=

THRYES

> LHER

D nEEs

D EREREENH

} SR R S 4T

D mHER
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A

(4) HREBEEXRAIWMN: AREFNESRESRIT O

Number of interactions

cDs B
g
.J' 7 vk i
'y y

\,
B ‘-
. . 1 ,
¥ b . "': it
a 1 \. Is ) b | ' D4
FCGR3A+ Mono: | " AN I e Ve
‘» " -
e L] .-

SNERMERBREBRIA/NRTARRIEE, BitR, e

iz,

K HETSLRYAETRIAECR, SiSkiERRIMAIERIA

2R, BoiR-ZRgHs, S,

Interaction weights/strength

_ CDE?+ Mono
,' + 1k ! : . : 4,
. ! » - X n i
i A “
FCGR3A+ Mono-.| T T N . A e

% . | y ) - 'ﬁ@élatelet
NK ™

DC

CDBA !

BEfrR/AeRE CREMEMREHEN)

> LHER

D nEEs

} LEEEEEN

D BAESFESH D mHER
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(4) MRAEEXRERATINL:

FCGR3A+ Mano

rce

BNMESBESER-ZAENSNAREETIE (BEXE. MBE)

TGFb signaling pathway network

Target Source S
® O @ oot Mono co4
® oot
9o O NK B
DC
/
® o FCGR3A+ Mono

EEXEF, SERERZOEDBIZREMBiR
BRIA/NSEBEERIARR AL

i, BFESH6a

B ERTtarget 23 Tt EREEAAE
AEEEFRVEBME AN B — BT BEEE

Targat Source

6= ® couwn

O ® oot
NK
DC

O ® e

TGFb signaling pathway network

B

o
CD14+ Mano

T8 4

-
W
FCGR3A+ Mono )

@ o

]’r.-}:‘ ¥ VA o
v.'.=€ ) g Platelet

MK

DC

PIZSIE]

> LHER

D nEEs

} LEEEEEN

} SR R S 4T
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(4) MREEEXREAIMN: EIR-ZIFERATI T RS MR- RIS SEESAISIRR)

Contribution of each L-R pair B
TGFB1 - (TGFBR1+TGFBR2) TGFB1 - (TGFBR1+TGFBR2)
B
TGFB1 - (ACVR1+TGFER1) -
TGFB1 - (ACVR1B+TGFBR2) - cDs T CD14+ Meno
I : ¢\
e,
G,
3, Mo,

E/ 1

4 . .

- @® cos ,

FCGR3A+ Mono |

i ' L
& ‘ _Platelet

NK Py

DC

Relative contribution

- IREITGFbiBEA BRI B EC AT +  ERXTGFbEE ST SR ARIECIR AR

> LHER D nEEs > EREERERSH > RIS > SER
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(4) FIEEEXRITIL:

ZNER-ZAEN S

TNFSF14 - THFRSF14 {
TNFSF14 - LTBR |
TNFSF138 - TNFRSF17 {
TNFSF13B - TNFRSF13C
TNFSF138 - TNFRSF138
TNFSF10 - THFRSF10B
TGFB1 - (TGFBR1+TGFBRZ) |
TGFB1 - (ACVR1B+TGFBRZ) |
TGFB1 - (ACVR1+TGFBR1) |
PPBP - CXCR2

POGFE - PDGFRE |

NRG - (TGAV+TGE3) |
NAMPT - INSR {

NAMPT - (TGAS+TGE1)
MIF - (CD74+CXCRA) |

MIF - (CD74+CXCR2) |

MIF - (CO74+CD44) 1

LTA - TNFRSF1B

LTA - THFRSF1A 1

LTA - TNFRSF14 {

LTA - (LTB+LTBR) 1
LGALSS - HAVCRZ |
LGALSS - CD45

LGALSY - CD44 |

LT - (IL7R+IL2RG) |

IL6 - (ILBR+ILEST) |

IL1B - IL1R2

IL16 - CD4

IL15 - (IL15RA+L2RE} 1

IL10 - (IL10RA+IL10RB) {
IFNG - (FNGR1+FNGR2) |
GZMA - F2R |

GRN - SORT |

GASE - AXL |

FLT3L - FLT3 1

FASL - FAS

CO40LG - (TGAM+TGEZ) |
CO40LG - (TGAS+TGE1) |
CO40LG - (TGAZB+TGE3) |
CCLS - CCRS A

CCLS - CCR1 4

CCL4 - CCRS

CCL3 - CCRS 1

CCL3 - CCR1 4

C3-CR2A

C3 - (TGAXTGB2) |

C3 - (TGAN+TGBZ) |

BTLA. - TNFRSF14

BAGS - NCR3-PS 1

ANXAT - FPRT 4

CD4 -> CD4
CD4 -> CD14+ Mono {#

CD4->B
CD4->CDAT

CD4 -» FCGR3A+ Mono

B-=B
B->=CD&T

B -> FCGR3A+ Mono
B -= MK,

B->DC
B - Platelst
CD&T -=CD4

B.>CD4
CDBT -> CD14+ Mono

CD4-=DC

CD4 -> Platelet

B -= CD14+ Mono

CDaT -=B

CDET ->CD&T

CD&8T -» FCOR3A+ Mono

CD144 Mono -» CD4

CD4 = MK
CD14+ Mono -= CD14+ Mono

CD14+ Mono -= B
CD14+ Mono -= CDE T

CD14+ Mono -> FCSR3A+ Mono
CO144+ Mono -= MK

CD14+ Mono -= DC

CD14+ Mono -> Platelet

CDBT -= MK

CDBT -=DC

CD&T -= Platelet
FCGR3A+ Mono -> CD4

FCOR3A+ Mono -= CO144 Mono

MK =B

MK ->CDET

DC -=B

DC-=CD&T

DC -= FCGR3A+ Mono

MK -= CD4
MK, -= FCGR3A+ Mono

FCGR3A+ Mono -= B
FCGR3A+ Mono -= CDE T
MK <> CD 144+ Mono

MK = MK

MK, = DC

MK -= Platelet

DC == CD4

DC -= CO14+ Mono

FCGR3A+ Mono -> FCGR3A+ Mono
FCGR3A+ Mono -= DC

FCOR3A+ Mono -= MK
FCOR3A+ Mono -= Platelet

DC -= MK

DC -=DC

DC -= Platelet
Platelet -> CD4

Platelet -= CD1 4+ Mono

Platelet -= B
Platelst -= CD& T
Platelet -= MK

Platelet -= FCGR3IA+ Mono
Platelet -= DC
Platelet -> Platelet
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DNA
methylation
* scBS-seq"’
* snmC-seq'®
® sci-MET"

Intracellular
protein

o PEA%9:50

Genome

sequence
* SNS°
* SCl-seq®

Cell surface proteins

* CITE-seq®
* REAP-seq?!
° 41,42
FACS Spatial position
° MERFISH107.108.109

e smFISH?
* STARmap?!

0o OC«
06 0¢
mRNA
Histone * Drop-seq’
modifications * InDrop? .
Chromatin ¢ scChlP-seq?? ° Smart-seq2
accessibility * MARS-seq’
* scATAC-seq" * 10X Genomics®
* scCiATAC-seq* * SPLiT-seq®

¢ scTHS-seq"® * sci-RNA-seq’

* 10X Genomics

Data types

Unimodal
mRNA

Genome sequence

Chromatin accessibility

DNA methylation

Histone modifications
Chromosome conformation
Multimodal

Histone modifications + spatial

mRNA +lineage

Lineage +spatial

mRNA +spatial

mRNA +cell surface protein

mRNA + chromatin accessibility
mRNA + DNA methylation
mRNA +genomic DNA

mRNA +intracellular protein

DNA methylation +chromatin accessibility

Method name

Drop-seq
InDrop

10X Genomics
Smart-seq2
MARS-seq
CEL-seq
SPLiT-seq
sci-RNA-seq
SNS
SCl-seq
scATAC-seq
sciATAC-seq
scTHS-seq
scBS-seq
snmC-seq
sci-MET
scRRBS
scChlP-seq
scHi-C-seq

NA
scGESTALT
ScarTrace
LINNAEUS
MEMOIR
osmFISH
STARmap
MERFISH
seqFish
CITE-seq
REAP-seq
sci-CAR
scM&T-seq
Go&T-seq
NA

scNOMe-seq

Tim Stuart and Rahul Satija, Nature Reviews, 2019

Feature throughput

Whole transcriptome

Whole transcriptome

Whole transcriptome

Whole transcriptome

Whole transcriptome

Whole transcriptome

Whole transcriptome

Whole transcriptome

Whole genome

Whole genome

Whole genome

Whole genome

Whole genome

Whole genome

Whole genome

Whole genome

Reduced representation genome
Whole genome +single modification

Whole genome

Single locus + single modification
Whole transcriptome

Whole transcriptome

Whole transcriptome

NA

10-50 RNAs

20-1,000 RNAs

100-1,000 RNAs

125-250 RNAs

Whole transcriptome + proteins
Whole transcriptome + proteins
Whole transcriptome +whole genome
Whole genome

Whole genome +whole transcriptome
96 mRNAs + 38 proteins

82 mRNAs + 75 proteins

Whole genome

Cell throughput

1,000-10,000
1,000-10,000
1,000-10,000
100-300
100-300
100-300
=50,000
=50,000
10-100
10,000-20,000
1,000-2,000
10,000-20,000
10,000-20,000
5-20
1,000-5,000
1,000-5,000
1-10
1,000-10,000
1-10

10-100
1,000-10,000
1,000-10,000
1,000-10,000
10-100
1,000-5,000
100-30,000
100-40,000
100-20,000
1,000-10,000
1,000-10,000
1,000-20,000
50-100
50-200
50-100
50-200
10-20
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