202358A25-27H
BT E -ROFE BREXTEH

GenomeDataAnalysis 7

ABRXFAXFREFRARE BEHETF
RRAFAFREFRMARHE SEHFHRTF
BitEMRmERERFERRE 54— JATLEREF—L

http:/ /www.sg.med.osaka-u.ac.jp/index.html



e OPE

GenomeDataAnalysis 7

@ 227 VeVERiEERHREHR

@ Seuratz{E->7= 9NV BITES

AEREFEHIE. Windows PCET
C:¥SummerSchoollcZ# V5 %2BEYdEIL
EZHMELTNET,



D 2T IRt S e AR

TagMan77vt1 SNP=z1 7071 >3a—M)—RNGS 027')—KNGS
R e B
EXON EXON

WSS

GeneChip
K
Affymetrix

RT-PCR BZFvroar7LA RNA-seq TNV
& * [ ’
AEIRIRE [Blim 534 HmEE
— Variants (90 K)

[ACTGAACGCAAACT

AA AG GG
o713 360 480| 160 ~
N 250 ( 500|250

Individuals
(170 K)

AAAGTCTTCTACCT
ACTATATGCTACCT

B - BRI OE DL, BICTFRE LASRETED.
*Wet-DryR 7 OERHEBITERITOTXENTADEREFICAAR,
-KER-BITRIBOERLGIERY . EMOLMREFTEICTS.



http://www.google.co.jp/url?sa=i&rct=j&q=&esrc=s&source=imgres&cd=&cad=rja&uact=8&ved=0ahUKEwi9vaeJ7eDLAhXEVRQKHRIYAU4QjRwIBQ&url=http://www.illumina.com/documents/products/datasheets/datasheet_human_core_exome_beadchip.pdf&psig=AFQjCNE1ZY6yLIOtPVkpADDoCWVfdEOoEg&ust=1459167606735671
http://www.google.co.jp/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=0ahUKEwilgcOE8ODLAhXC2KYKHSQuBqAQjRwIBw&url=http://www.affymetrix.com/catalog/prod500001/AFFY/Gene%2BProfiling%2BArray%2BcGMP%2BU133%2BP2&psig=AFQjCNEsyrwVxpTxjqhkK-gyEAxr-PpDlg&ust=1459168401919669

D 2T IRt S e AR

EBHEECFRIREDR!

Gene expression
analysis using
microarrays

18t RT-gPCR instrument

description
SAGE
1993 technology
1995
1990 2000
1994
1984
: MPSS
Microarray technology
Invention of RO 2003
PCR reaction
1992 e
technology
EST
technology RT-MLPA
technology

MRV TNVOEMEETFORIREEZF

EERTFRORER

Coining of the
term "RNA-Seq"

18t NGS 2008
platform
2005
2010 2020
2009
2016
Single-cell
transcriptome Spatial
sequencing transcriptomics
2006

1%t publication using
RNA-Seq technology

RFIcEE(L T8I, &

MIRRICEIIBCFERBOMRAEEZ LT, EXLFERTY.
“BITFRO—OELT., PN ENVBIRHEEZEHTOET,

4
(Martinez-Pérez A et al. Nat Rev Genet 2019)



@D o7 EiTE T tEmEN
Bulk RNA-seqg&single cell RNA-seq®i&E(

Single-Cell Single-Cell
Suspension & Processing Expression Profiles

o Gene A
Gene B

Pf\-’(_, Gene C
' Gene D

o @ @

Cell-Type Identification

Bulk-RNA Averaged Expression

Patient Biopsy ‘
Processing of Sample

= tumor site

= adjacent tissue
= |ymph node

= peripheral blood Gene B

S
_—
/—\i/ -
—
\_ — | Gene C
B. Gene D

R TEY S E R FRIREZETMNTIHERD /I (bulk)
BITERLY, 270 EVEBIRTE. BERO—HRRICETEEETF
FIREHSBATREICEVET,

Gene A

5
(Guruprasad P et al. J Exp Med 2020)



D Lo It EirE i SRR
B E10ERD"single cell” DIEMA A T E (by Google Trends)

Single-cell
. g

BEF—T— + B
FPAUHOGEE v 2012/07/31~2022/08/01 ¥ BME - OrBER v
AREDENE ¥ oL

BN LERBITRBELT, P27V EVBITOEREEIFLR/ELT
STVET,

‘ERHEEOVWTINORFICENTE, MEEGSHEUHISELTUET,



D 2T IRt S e AR

7N ENBRREOE(L

- Fa1—7- b B ] Raovy7Lybst A
MRABE  r) 71—k (C1) (Chromium)
i Flow sorting 10;\ IJ/MiCI'Oﬂ[.Ii(’“CS 103\' { Droplets 105\
@ )
¢ )
o N ‘
%% [ > *—> (—> / @}
__ >
h Full-length cDNA Full-length cDNA 3" or 5" mRNA
1# 3028 4R O O X
. 2Ly (C1) .
RIHBETHR B0 A Dty
" - ®A 96/plate  (C1) 1,000 -
RaTEMRR Puh ®A 800/plate (C1 HT) 10,000

7 VeVEMBRIE. BAEIEZZRITTULET,

bkl FAay7ZLyhGa)nhic—lRZERIALHEDERTI.



D20 LI T B i ST ER AR T
ROYy7L YR AB S 7)1 IIVERHT(10X Genomics#tChromium)

"90-99%MBeadsid#iRait AL:L

1Beadsic1flifaz3t A

Chromium Next GEM Chip G (

PCR
handle Cell barcode UMI

® ©o0° L @ (&0 cEMs e ;:é ot
° qj * ~—Droplets
10x B'amded °1  Partitioning Oil Bead CE“
Gel Beads
BB AED e TEBIO SIS EOCDNAI
Gel beads v $ipa T—VENB
/ /\‘—:-I“E?UFI%?’?(?—I:“—Z\ o

Gel B d
20 TruSeq Read 1
\ m Ump_PoWATIVN
. Nextera Read 1
Single Cell 3' = (Read 1N) il Capture Seq 1
v3.1 Gel Bead ﬁ\ I\
\\\\\\;" Nextera Read 1
- /™_ (Read IN
/™_ (Read 1N) i

R
/ o

—— @ Cell Barcode
R =kovZLymBICREDIEEARS
@ Unique Molecular Identifiers (UMI)

13 FEBICREST 5 LIEIRERY

\_

barcode UMI
—t——

cDNA (50-bp sequenced)
pr——

. - GGCGGGGA. -e6eT6TIA ] DOX5T
. GACTGCA = T - .ceageace ] NOP2
. CTCAT] 8 .....aamatesc ] ACTB
'TGTA e .....GCTCATAA
GT ......aarrrrer  CDNA alignment to o~ : connc o i::z:i:% LOBDI?ZQ
---amacere genome and group B cormcarceenzcanaars. ... neceerr 1 HIF1A
. results by cell
- o ARAT ‘iiiiii.....GGGARTTA
. AGATCGG ” o eieii.... .AGATG M]ACTB
.GGGGACGA 8 ATTATGACGATGTGCTTG. . . . .vuvntns s eactecae ] RPS15
:::ﬁi: ...aarrrrer ] GTPBPA
TGGTACG = GCAGRAGT erzasest ] GAPDH
T AAGGCTTG. . . .. .CARAGTTC
TTARAC O | comancenncerrcesere. . . mcamcc] ARL1

(Hundreds of millions of reads)

Cell Barcode T I—71{LL. cDNAZZ 1AM

(Thousa nds of cells)

8
(https://lwww.10xgenomics.com/)




D LTI i SRR
SN ENBIRR T CRINT gL e SO R 1EER

Lineage State Trajectory
Cell surface proteins
—__ - CITE eq’
» REAP-seq™!
s 41,42
Intracellular — Spatial position
_C pl‘otein ™ MERFlSHlD?.lDE.lW
» PEA*%30 » smFISH!'"
» STARmap*! ®)
- oo~
CQOOQC'
\ @) OOOO
-7l . ooy ©
- | 09 oY
- | 0000
(:) ///’ ; 0o 00000
- 5 Ooooo
\ S \. - %§§ﬁ§§o
DNA ( ghﬂhjl o oo
methylation \j} y. -~ -
* :ﬁ rB*r?(Essg:“ Pseudotime
* ~ - M le?L?3
® sci-MET™ / mRNA 4 - W%Ti?jf)ﬁe“
* scGESTALT* Genome = = Histone * P'Bp'sfq * Velocyto™
* ScarTrace® sequence modifications gLl - e Diffusion”
* LINNAEUS* * SNS* Chromatin e scChlP-seq?*¢  * Smart-seqZ
* MEMOIR? * SCl-seq'® accessibility * MARS-seq
* scATAC-seq"? » 10X Genomics®
* sciATAC-seq'* * SPLiT-seq®

» scTHS-seq?®
» 10X Genomics

* sci-RNA-seq’

CBIEFRIREITELS, IETF /LMEMCEZ NIBLESEN LA
ARG, — RS E THA T EEICEOTLET,

(Stuart T et al. Nat Rev Genet 2019)



D LTI i SRR
STV EMVRIFICE DRI MR OISR EORE
7K 18 MPBMC 0 #fi B2 93 1] R EOBEIEFRIRZ7O771I

BEFRRS e S S
FLIL /- et % / ng‘; B Y NP P N S
] HR2EELT ter1

o CDAT 45R4V)L%5 BEEIv—H— =t

e —

‘:Eﬁ% 2 Gma| | | b | | |
GZMH

@ Plasmablast ¢

oB

pDC p Pro T8

Platelet S FWRA@) L
I:-DC .% ﬁﬁ&i*i I3RA | | | | L 1 1 < | L
CO7OA | | | | | 1 1 1 1 | %k |
o e . S
CD16* Mono “®@CD14* Mono et —

3’%«4‘.’.‘& .‘ﬁﬂlﬂﬂﬁfd)#’ﬁﬂihﬁ?e‘ﬁb‘_l ElCBVET,

DR T A LU vHll B 9 E]( Fi : plasmacyotid dendric cell: pDC)X°, $T#R
ﬁﬂﬂﬂﬁﬁ@lﬁitﬂﬁﬁlit‘)i?o (Namkoong H and Edahiro R et al. Nature102022)

UMAP2




D 2T IRt S e AR

NN -FIH AR ERIRICS S iRE)REEEA

Multi-modal
single-cell data
Anchor datasets
Gene expression
BEFREBT —— =
Reference
Spatial transcriptomics ! -
@ r VA
[ _’ o R > \
HROMERH o
1 Tam ; e \ Classification
Chromatin accessibility ¥ & 4 ? - 1
:ﬁ f.‘ = \ ) b v
EUI5 g 2 : o IV WFON W
IEDVIRTAIAR —> awey g
: Transfer
Immunophenotyping
Predicti
N =N
\ @ b =
YL —_— T ey
HiRxEZ>/\VA >/

S NENVERRTFRIRBNE. ARD22 7V ENEIRT 28RS
95T, HFllHREEFASATREICEVET,

-—HRFHREAZIIARHROMERIT/ —VORREEATIET,

(https://satijalab.org/seurat/, Stuart T et al. Cell 2019)



D LTI i SRR
VTN -AIV A EBITIC K DM A S 4EAZRS

_ A - Anal
N3 APYTh— LR A~ dnae oo o
Profile whole transcriptome of .-4
targeted genes ~ : ./(\ HRRRm> >/ V1RE
IR (CITE-seq)
NN N A B
!\"1
.?/f i
VT BRBREES
LI 184k ' 4 Screen for antigen
Isolate paired immune specificity

receptor sequences

‘F—0HRYTIVEHIS., EHROAZI/ AR R EFRRICIISFIEEL
7V EVBITRIHRIRIELDODOHVET,

‘F—D 7 NVHRBICHTIEBRDAZIVARTHREMREITSIILET. &
V)5l R 5 B APl R R N7 -7 DBREAD R REICERVET

(https://lwww.10xgenomics.com/)




D 2T IV EILEBITE i CIEER AR
T’ﬁlﬂﬂﬂ B’nﬂlﬂﬂﬁeﬂSCDRﬁE?IJd)ﬁE
() (III Al

’ VDJ Recombination
I i

CIonaI expansionfi#it

.. O
'... C.Q o

@20 Cooccee
@¢0.0°:-000
o 00 Sgeans

=) #o ’ﬁ-...‘.: '
& goo ~Fe

\ ) F o
| .%‘ 000 *
CDR3L/Sh7ERTI

« THH A - B’ﬁlﬂﬂﬂﬁeftd)ﬁlﬁﬁiI:*;’&J&E‘J‘%VDJ"EH@CDR%E?IJ’&
9 NVEIIVEIRGS wmmhmIckDRENERED P EE,

JTEDEBOEDT/BiliRR D ETEDCDR3EE A clonal expansionlL
TWBDH ), 2B BICRIEIDIEDRREICLEYEL =,

13
(https://bsse.ethz.ch/lsi/research/systems-immunology.html)

C KXXXXXXXXXXXX ‘I:,




@ 22T VIR i SR HRARNT
v 7)b-|z)bI*$E’&;EFHb7‘_cell cell interaction networkﬁﬂ#ﬁ

e

1 Colle t f amples or cells for

-
ZDtpp

sing a
rix

nd generation of 3 Interactin g prote

ligand ceptor p rs

Cell 1 Cell 2
CEX®
)

5 Cell-cell interactions and communication analysis

Eaﬂi DHVRP T RINAVIA B 17:?%1%75‘

J /
/4 Filter g by nteractin g prote
ligand-r orp
w1 32 &
g (@
Q
<
Samples or cells
o /
6 Interpretatio results B

- p‘fﬂ ”/\u

J (_HZ\/

1_;(_ Il 4

EJJT%.%HIHEQEN

ZIcEDZE, cell-cell interaction network RS 8 A BT HE,

14
(Armingol E et al. Nat Rev Genet 2021)



@ 22T VIR i SR HRARNT
Pseudotimelcd 2§l A2 51t F Al RNA velocitylc &k 2B {t il

Pseudotime

Earlymmss Late G

f
' O
| o
.k‘
A
4
¥

| ——

Development

N ENBITERRALT. HiR9IECHEBIREZIERNTIH0
Trajectory inference(#iEitE \DBRITFEZHS<HREINTI\S,

-HREOAY)—4%E, REMICHEIEREICIERE. EFIRIhD,

- BEFRREZEILDFELHICE D < pseudotime ¥ .
unspliced/spliced mRNAFIRZ LbIcE D<RNA velocity AR TY

(https://single-cell-center-hd.de/)




D 2T IRt S e AR

Waddington’ s landscape model
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Advantages Limitations

* Works for a high-dimensional phase space ¢ Still requires some parameter input
® Can easily capture more general dynamics (e.g. multifurcations) * Sensitive to choice of phase-space coordinates
¢ Stochasticity and cell-fate probabilities ¢ Steady-state assumption

* Vis not modelled from the bottom up
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1. Construct disease gene set 2. Compute disease score and 1,000 control scores for each cell 3. Compute p-values
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al e} a ouse a Memory T cells . \_\.‘ ‘_\./; \'x_.,f.' Type i Type |
- - - B pneumocytes pneumocytes
E pseudobulk single-cell mixed model
C

Wilcoxon rank—sum test | | edgeR-LRT = 0.38 °. o 3 | 2

DEseq? [ edgeR-QLF 4 035 °° 33— -

masT [l DESeq2-LRT =5 0.35 o —f iy

daeR D limma—trend 5 032 ° - o 2. ° o

- edgen DESeq2-Wald 4 028 , —iC3 o8 o

Linear model | | limma-voom 4 0.27 ¢ St Pfpe—is o
limma [ Logistic regression 5 0.24
t—test [} t-test o 0.24
Monocle [] Wilcoxon rank-sum test 5 0.23
Likelihood ratio test [ _. Linear mixed model 5 0.22
. Negative binomial | 86.1% MAST = 0.20
Individual cell type ‘Negatlve binomia Likellhood ratio test 4 0.20
Linear mixed model! || Negative binomial 4 0.16
Bulk Single-cell Other [ ] Poisson 4 0.13

RMA sequencin RMA sequencin ! y " L " ! " ! !

quencing quencing 0 25 50 75 100 00 02 04 06

# of studies AUCC

BT FiEICE>T, DEGHRERHVKS<RLES!

SHAENZBEEFRIRELLE B4 (differential expression gene; DEG )l<
HWTH, A9 RERBITFEDEFOTLVELVKR.
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Single-cell omics data
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Downstream inspection
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RN E. BizFRIR. L/\b781R. cell-cell interaction. EhE i
E. —BYOBIFTZINITIVALERTDEKE |

‘FEITBIFTZNIVXLO

7K KRB,
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Seurat - Install Get started Vignettes - Extensions [Fale] News Reference Archive

Links
Download from CRAN at
https://cloud.r-project.org/

Browse source code at

https://github.com/satijalab/seurat

Official release of Seurat 4.0

We are excited to release Seurat v4.0! This update brings the following new features and functionality:

» Integrative multimodal analysis. The ability to make simultaneous measurements of multiple data types from the same cell,
known as multimodal analysis, represents a new and exciting frontier for single-cell genomics. In Seurat v4, we introduce .
weighted nearest neighbor (WNN) analysis, an unsupervised strategy to learn the information content of each modality in Commu nlt\/
each cell, and to define cellular state based on a weighted combination of both modalities. In our new paper, we generate a Code of conduct
CITE-seq dataset featuring paired measurements of the transcriptome and 228 surface proteins, and leverage WNN to

define a multimodal reference of human PBMC. You can use WNN to analyze multimodal data from a variety of Citation
technologies, including CITE-seq, ASAP-seq, 10X Genomics ATAC + RNA, and SHARE-seq. Citing Seurat
Paper: nt Developers
Vignette: t
Portal: Cli Paul Hoffman
Dataset: Download here Author, maintainer
« Rapid mapping of query datasets to references. We introduce Azimuth, a workflow to leverage high-quality reference Satija Lab and Collaborators
datasets to rapidly map new scRNA-seq datasets (queries). For example, you can map any scRNA-seq dataset of human Funder

PBMC onto our reference, automating the process of visualization, clustering annotation, and differential expression.
Azimuth can be run within Seurat, or using a standalone web application that requires no installation or programming
experience.

All authors...

Vignette: U
Web app: Automated mapp sualization, and annotation of s -seq from human PBMC

https:/ /satijalab.org/seurat/
Seuratld, 7NV EVBITORRMLEY-IVELTHSNTIVETY,

fRETV7PRETENKT AV FLELT 1AMV EEPERTLIE
Fa—bI)7 I, FAQERIC, web ETARETNTLET,
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(RAIRIR/7hEL

Pandas Scipy

-Pythonz—EF A THLTANGET,
ldsc.py (= SETICMBLAES -V EHRD)

,\ ggj{" -Python2. 7&:@MTANS,
— KA s 3 -
wel Python 2.7 XA (mATEARETSRE, RAAEUS) A RR =R,
LDSCIcihEL:
RAIBE) 7R Sconda install ldsc VIR ETA AN
J7bE  n—=¥ar
Pandas Scipy "LDSCRDRFEE MAMI—IFRL TTIIC Idsc 1.0.1
0K Python2.7%A > AR—NT 3, python  2.7.15
i : pandas 0.20.3
3.9.5 2.7.15 — {) ANACONDA .
BROUNELE —~em3 Illi o etc
"'\" BERORER LDSCRI QIR A |
Illi {RAMEES 7
LDSCHMIRIR
(Idsc_env)
conda activate conda
Idsc_env deactivate
{D) ANACONDA
(base)
conda conda
activate deactivate

@) yokada@LAPTOP-UTNCURTH: ~

ueh

Seurat®rAb—=iclE. (RZBERIE /7MAnacondaz{ERAL %,
*Anacondad i BH. EA L EPCERAGEICOWLWTIE., FIESEHILU
GenomeDataAnalysis6DEHABZZSHBL TSZEL, -
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A B Severe Mild Mild Severe

scRNA=seq i

73 " -
84 [ " AN ,
8. B 5 # Meutrophil (:-Jr,ll -|- IE‘L:'L malC Meutrophil NE molC MK
@ -~ = Probiferative Neutraghil aride
4 o 4 COB+T SRCIEOy S —
- Toliferative-
5 / ] secretory
3, = 7, MK =
N - I P, e B VAV e O A . Monocyte Basal™ ’ Basal ™ o
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Data sharing GSE157344 11 = A Rt ) oo
public GSE155223 |1 LR Hlara A T . o
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- GSE150861 |11 e
@ processed public; raw not shared GSE148729 (11 : : : o
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(Wilk AJ et al. Innovation 2022)
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A single-cell atlas of the peripheral immune
response in patients with severe COVID-19

nature .
medicine

Aaron J. Wilk©"%5, Arjun Rustagi®©33 Nancy Q. Zhao®?25, Jonasel Roque®, Giovanny J. Martinez-Colén?,
Julia L. McKechnie?, Geoffrey T. lvison®?2, Thanmayi Ranganath®?, Rosemary Vergara®,

CD4 Teels

GPB
'g — CDE& T cels 1A

=C1B
c2

=3

-4

RBC

Platelst

QDC

AFEYETIE. COVID-19 9 VN BT AT —42%2#EALET.
HFIAMEROBENS, QCEMERDAVFIVTF—20—ER%HIY
BE{LLTULET(COVID-19mRETR vs HEHER),
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(https://www.covid19cellatlas.org/#wilk20, Wilk AJ et al. Nat Med 2020)
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(EmBHROEETRIE DoubletRIE7ZIIVAX L
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3
(Llicic T et al. Genome Biol 2016, Li et al. Cell Systems 2021)
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statgen@statgen-PC: ~ ¥ 774" SingleCell_Command.txt”" ZBL\T. AE%
$ conda activate LinuxaeRicaE— & AN—ARLTTFELY,

(base)|statgen@statgen-PC: ~

$ conda activate seurat_env

AnacondalRiE D &)
(seurat_env)|statgen@statgen-PC: ~

$ cd /mnt/c/SummerSchool/GenomeDataAnalysis7/Analysis/

(seurat_env) statgen@statgen-PC: ~
$ R< Linux ECORDEE

«AnacondaTTSeuratDEfTICchEL{REIEZIEEZEELET,
(70 BirEERE. CygwinIRIEPM1 M2 maclclid ¥ oL TLVERA. )

Seuratld#tst/ 7 R ETEIKpackage&EL THESNTILVET,

‘Linux}iRiR_E CRZEEIL . TD_LTSeuratzETLET .
(Seurat®d 1 Ab—IVICHAELR packageld. Anacondalc kW1 A—IVETY, )
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> rm(list = Is(all = TRUE));
> setwd("/mnt/c/SummerSchool/GenomeDataAnalysis7/Analysis");

T RETF—2%#H{L & RETTFLIMN)DOBE)

> library(Seurat); « SeuratZ4 77" % i H)

> library(ggplot2); « ggplot251 735V %2 E) % 7741)V"SingleCell_Command.txt™ &R\ T,
ABEZRIAVU/RICOE—&AR—AMLTTFELY,

> data <- readRDS("NatMed2020_COVID7HC6.rds"); _ S NIV F—2DEIAL
> data;

An object of class Seurat

26361 features across 44721 samples within 1 assay

Active assay: RNA (26361 features, O variable features)

2 dimensional reductions calculated: pca, umap

BRI TN IVTF —5("NatMed2020_COVID7HCO.Ids” )& e A IARHE T
SeuratA7 /WS THY), 44, 721§1RICI$L T26,361:18
EFORIRET—2HBMShTLET,
MR 2R 7OYMAELPCA-UMAPEEIB IR *EHHERTY .
(% ABRTIREESHAEEHALERA, SeuratARF1—MN 7N EZSBT AL, )
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> str(data);
Formal class 'Seurat' [package "SeuratObject"] with 13 slots
..@ assays  :List of 1
..% RNA:Formal class 'Assay' [package "SeuratObject"] with 8 slots
..@ counts :Formal class 'dgCMatrix' [package "Matrix"] with 6 slots
@ :int [1:51089274] 1062 1230 1535 1924 1965 2035 2358 2573 2671 2691 ...
. ..@p - int [1:44722] 0 125 285 497 809 1145 1496 1870 2254 2646 ...
...@ Dim  :int[1:2] 26361 44721
..@ Dimnames:List of 2
.. ..$ 1 chr[1:26361] "5S-rRNA" "7SK" "A1BG" "A1BG-AS1" ...
.. .. .5 :chr[1:44721] "covid_555 1.1" "covid 555 1.2" "covid 555 1.3" "covid 555 1.7" ..
. .@ X :num [1:51089274]1141111115 ...
..@ factors : list()
..@ data :Formal class 'dgCMatrix' [package "Matrix"] with 6 slots
@i :int [1:51089274] 1062 1230 1535 1924 1965 2035 2358 2573 2671 2691 ...
.@p - int [1:44722] 0 125 285 497 809 1145 1496 1870 2254 2646 ...
.@ Dim :int [1:2] 26361 44721

SEOF—21%. /\7I~)b’(°7 ZWHERDERTERRONIE=AT
JIOMER DTS, str () BEEzE>TTF—2DBEZIBIELET .
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> str(data, max.level=2);
Formal class 'Seurat' [package "SeuratObject"] with 13 slots
..@ assays  :List of 1
..@ meta.data :'data.frame" 44721 obs. of 6 variables:
..@ active.assay: chr "RNA"
..@ active.ident: Factor w/ 13 levels "C1","C2","C3",... 1111111111 ...
. .- attr(*, "names")= chr [1:44721] "covid_555_1.1" "covid_555 1.2" "covid 555 1.3"
"covid_555 1.7" ...
..@ graphs  : Named list()
..@ neighbors : list()
..@ reductions :List of 2
..@ images : list()
..@ project.name: chr "SeuratProject"
..@ misc  list()
..@ version :Classes 'package_version', 'numeric_version' hidden list of 1
..@ commands : Named list()

5| " max.level"DIFET. BFIERICIOU /=T —2B 5L IRIETEEY
-@assays, @meta.data, @graphsZ&. @EU@T—ﬁwgﬂﬁ‘ﬁ'—iéh
TWBZEHDMET,
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> data@assaysSRNA@data[20:35,1:5]; — TFF—2AOEE7IEAR
> GetAssayData(data, slot = "data")[20:35,1:5]; « GetAssayData( )BA#ZRL\E7/tA

@ERoMEnD EETFRREE1V-FRA SEFRRESENEAT

5 sparse Matris Jr |1 “dg I'Hfrr I ) )
covid_bbb_] 3 [covi i 555 1.2 |covid 5% 1.3 covid 555 1.7 ceffid 555 1.8

-@assaysT—RIci3HilE X BEFORRETIHEMEINTHET,
EiE7 7t AX%SeuratIEDGetAssayData () EI¥ CIEERRIHETTY
«"covid_555_1.2" &L \HS5HIIRT. AARSD1BIEFDRIRHA 1)—FE A

SNTLBRZEDADMNET,
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> dataN <- NormalizeData(data, normalization.method = "LogNormalize", scale.factor =

10000); «— BEFRRETINT—2EERL
> GetAssayData(dataN, slot = "data")[20:35,1:5]; «— IE{LEDT—L2%HER

IE*EAISI&lixafﬁ?r%ﬁs?b‘%?ib‘bll\ﬁi’\

’ﬁﬂlﬂﬂﬁiﬂﬁhiﬁﬁl\ﬂ'?;(d)lﬁ% = E’JT T—Q’EIE%E{EL&?
IEREICRERA LT ENEFEL., B —CEOTEHEREVET,
SHEFMAAMOBENS, ili@EC10,000)-FHNDRIRE
ICHIEL THSMMERETD. BRAMBIERILEREL TLET,
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> head(dataN@meta.data); « @meta.datad v 4 —{EE%5E2

RILBETFRIVEMEGEF  Annotatech 7
E Rl DHREDID DV—-KRE  OEE paiEsE Y 7)NID A=K

rig. ident nCount RNA nFeature FH cel | .type| Dono Tt status
] 1______ 1 ol FE| Ly HELTS . 8 _.,::l.,::l._:]_ - | || ID
10499 +|| Class—sy vitched B C ' ||| lLI

1055 7 [=G FPB
_41 | Ei lass-switc hF- d B

ais 336 I.E. & FB
11+r 35 [gh PB

> table(dataN@meta.data$cell.type); «— @meta.data$cell.typeDA\v4—i5iE %R
"RBC" "Class-switched B" "IgG PB" "Class-switched B" "IgAPB" "IgA PB"

SeuratA7 ¥ x/bMD@meta.datalcld. FHIRBICHEEIN =257 -4
DITN771NVHEMENTNEY, ABERIEBLTHEL LD,

FZTHFHABICHEEHL. 11TTEOHBOFMSIBEEIELITOEY)TY,
$1B3ID : covid_555_1.1, RIVBEFOV—KF$:1,222, RIBEFOME: 125,

HHAa#EFA :RBC. B 7IVIDER:C1. H2H 1R :COVIDE
(XFDBRP TR T —2IKEFELTRED D, TOME, BRIDZVDEHSHVET ., )
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o7 Vgi)—RICEENS/5—3—K-UMI( 10X Chromium)

\ : UMI
\Il (Unique Molecular Identifiers)

High-Diversity Gel Bead Pool p oly(dT)
C y 5
E UM
enoe .
ene ea X barco
L L L
Y <
\o®
| *9® |
| o® /
\o®®
(1)

-FAY7LYMIABRITIE, EOMBHAKD) - REITZIENT. &
MR C=graoyZLyMICBEB O/ —a—KX. FY—KRICEBD T4 L
Y& EERFU( Unique Molecular Identifiers; UMDDEINIRSNTULVET,

FZRTHRAZSNEZHMILLEUMIOEZICEDZE, PCRIBIRICKDEE
2=Ls|WT, —HllRRAICSITZRIBEFHHIBETEET,

(https://lwww.10xgenomics.com/)
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VNV EVBIRT Y — VI AENEMRNAO RS

kOov7L v AB2(10X Chromium) Smart-seq
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] Ae 3l
\ / MRNAS—9 IR L et I
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S e
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TN =T ARNY ﬁthémRNAEﬂ*:ﬂ-—&UEZ‘LUQETT
‘Favy7L vt A B2(10X Chromium)TlE, 100-150iEE&588HTHY).
MRNADS IRK /3 IRARDEESH—F B —I I/ AENET,
‘MRANAZ R —V I AvRELBITFiEEL T, smart-segHhHWET,
=PI VAFE. 17 IIMERFE. AOMREAEE. V-FR. -k
BLE. 27 VENBIRDORBERGFISTDIMEEREHIFIVETT,

(https://www.10xgenomics.com/, Picelli S et al. Nat Protocol 2014)
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Demultiplexic k2 FZHBRHAHFKII Y 7IVOREE
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> gfile1 <- VInPlot(data, features="nFeature  RNA") +
geom_hline(yintercept=mean(data@meta.data$nFeature RNA), color="red") + xlab("Donor");
> ggsave(dfile1, filename="NatMed2020 COVID7HCG6.Seurat.nFeature.Violinplot.png", width=12,

height=38);

nFeature_RNA

@meta.data$nFeature_RNA
DINNLA) 7OV e{(EE

apood{ "~

-ZHMRBORIRBETFRODHIE. F1I1,142BEEFEPLHTY,
« KEMEIEF(#120,000M )N FIRH 4% HH Pl 6EL:bulk RNA-seq&LbN
R TEREEGEFEDDENED, REO TV ENVRIRDERE,
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> table(dataN@meta.data$cell.type); «— @meta.data$cell.typeDiERE EHE LR

Activated Granulocyte B COT4 Monocyte
2068 3681 10339

COME Monocyte Co4 T CO4m T

1345 459 4098

CO4n T COGeff T COBm T

3640 G397 BG5S

Class-switched B o gd T

1341 456 448

lgh PB Iz PB Neutrophi |

1515 1107 307

' plC
e 234
bl & EBEiﬂﬂphi|

54

> table(dataN@meta.data$Status);
ealthy  COVID

16627 78094

‘@meta.dataDF I DB BRRZFERL THFEL LD,

-table () BA#ITScell.typeZ &9 5L. FHIRERBOHRBRIHART
SNE9 ., CD14+ Monocyteh* 10,339l —BE B \KSTY,

-COVID-19E&2$528,094 3. *JE88$H 16,627 HilAICLWET,
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> gfile2 <- DimPlot(dataN, group.by = "cell.type", label=TRUE, repel=TRUE);
> dfile3 <- DimPlot(dataN, group.by = "Donor");

> ggsave(gfile2+dfile3, filename = "NatMed2020 COVID7HC6.Seurat. UMAP.png", width=18,

height=8); e 2:RFTT7OYME{EREL . Scell.typeX®$DonorD Gk ICEDE R 5H
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@ SeuratZEfEof=> 2 ILEZILIBTEE

Azimuth

Azimuth is a web application that uses an annotated reference dataset to automate the processing, analysis, and interpretation of a new single-cell
RNA-seq experiment. Azimuth leverages a ‘reference-based mapping’ pipeline that inputs a counts matrix of gene expression in single cells, and performs
normalization, visualization, cell annotation, and differential expression (biomarker discovery). All results can be explored within the app, and easily
downloaded for additional downstream analysis.

The development of Azimuth is led by the New York Genome Center Mapping Component as part of the NIH Human Biomolecular Atlas Project (HUBMAP). Eight molecular
reference maps are currently available, with more coming soon.

References
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@ SeuratZzfEof=> 29 ILEZILEHES
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(https://cibersortx.stanford.edu/, Newman AM et al. Nat Biotech 2019, Sutton GJ et al. Nat Commun 2022)




@ SeuratZ o= T I EILEBITERS

> dataN_cd16mono <- subset(dataN, cell.type=="CD16 Monocyte");

> all_genes <- rownames(dataN_cd16mono);

> filter_genes <- all_genes[grep("*MT-|*RP[SL]|*"RNA", all_genes, invert = TRUE)]; €«——

> de.markers <- FindMarkers(dataN_cd16mono, ident.1 = "COVID", ident.2 = "Healthy",
group.by="Status", features = filter_genes);

> head(de.markers, n=15); gimgﬁ_ﬂiﬁpfﬁ IEMRKRNZANT,
-SRI EEFCMT-)
) )— LB IEF("RPS/RPL..")
*RNAB{EF(“RNA..")
ERITABRHSBRA

-CD16+ Monocyteﬁ (ﬁi:k)L-..;BL\'C’J'—Z:l/hn—)bﬁa‘ld)ﬁiﬂgb‘
RLEPBEGCFHEERELTHET, FindMarkers () BA#lcSRESh 1=

Wilcoxon rank sum test*Z{EHL THET
O BARILEBE RS S, SHIAOWilcoxoniE B/ I PABAURT O EICES. )




@ SeuratZ o= T I EILEBITERS

> gfile4 <- FeaturePlot(dataN, features = "FCGR1A" , split.by= "Status");
> ggsave(dfile4, filename = "NatMed2020 COVID7HCG6.Seurat.Featureplot. FCGR1A.png",
width=12, height=6);
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@ SeuratZ o= T I EILEBITERS

> gfile5 <- VInPlot(dataN, features = "FCGR1A", split.by = "Status", group.by="cell.type", cols=c
("bluell,llred"));

> ggsave(dfileb, filename = "NatMed2020 COVID7HCG6.Seurat.Violinplot. FCGR1A.png", width=16,
height=6);
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@ SeuratZ o= T I EILEBITERS

> HLAgenes <- ¢( "HLA-DMA", "HLA-DMB", "HLA-DOA", "HLA-DOB", "HLA-DPA1", "HLA-DPB1",
"HLA-DQA1", "HLA-DQAZ2", "HLA-DQB1", "HLA-DQB1-AS1", "HLA-DQB2", "HLA-DRA", "HLA-
DRB1", "HLA-DRB5");

> dataNH <- AddModuleScore(dataN, features=list(HLAgenes), name="class2hla");
> head(dataNH);

ﬁfh&)‘ﬁlr—'}?tbfﬁ'—i
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EBHEEFOEIYMNEERL. il A2T—2ELTHRMD R EETT
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ENFYE(=gene score ZETHL*., I HELTHET,

SEIE. 77 R HLABEZFRE%Z"Sclass2hla”ELTEEL THET
(% :gene scoreMEtHICH7=-oTIE. Bh&abO—-IBIEFEE2I 5 LICEREL. HIRRED
T—20NEWVEMADENTERLTWET, FHllllESeuratFa—bMIZ7ZNVEZSHEIIZEL, )



@ SeuratZEfEof=> 2 ILEZILIBTEE

> gfile6 <- FeaturePlot(dataNH, features = "class2hla1", min.cutoff= "q1" , max.cutoff= "q99");
> ggsave(gfile2+dfile6, filename = "NatMed2020 COVID7HCG6.Seurat.Featureplot.HLAgenes.png",
width=18, height=8);
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@ SeuratzfE->1=> 29 ILEILIRTES
90 TF—2IcElTBpseudo-bulk i@+

Condition Sample

Control  Treatment [OODOO0O0

Single cells Pseudobulks
|
H BN
3 o
o = m] 5 O
O] | & O] |
H
HE Ilj
Cells Samples

EBHOHROEEFRIRBEE. V7))Vl i 5 B E
TRSBITFE L%, pseudo-bulkiZtrzFEUET,
‘Pseudo-bulki#ficld. (EFEBEEZFOHR. BET—%. HIRBRED
A¥—gEeL 9N BRI REZERL. BIFD
bulk RNA-seqfi2tf FiEZZEAT REICTIEE. X)UMHHVET,

(Squair JW et al. Nat Commun 2021 KY R ZE)

IlCERIL

-




@ SeuratzfE->1=> 29 ILEILIRTES
977 EICEDUVE, UTULWS—HlaELTol ST (Milo)
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(https://github.com/MarioniLab/miloR, Dann E et al. Nat Biotech 2022)




@ SeuratZEfEof=> 2 ILEZILIBTEE

> library(miloR); — Milo&s L UBEZ 17 7VNiEE)
> library(SingleCellExperiment);
> library(patchwork);

> dataN_sub <- subset(dataN, downsample=1000); « SHEEARERBO=HERA 100048
> dataN_sce <- as.SingleCellExperiment(dataN_sub); ELBEDIFIVYI TG, FDEA
> dataN_milo <- Milo(dataN_sce); TS ToMERX EMilofBIF B ICT iR

> dataN_milo <- buildGraph(dataN_milo, k = 20, d = 30);

> dataN_milo <- makeNhoods(dataN_milo, prop = 0.1, k = 20, d=30, refined = TRUE);

> dataN_milo <- countCells(dataN_milo, meta.data = data.frame(colData(dataN_milo)),
sample="Donor");

> dataN_milo <- calcNhoodDistance(dataN_milo, d=30);

1 957 & %E(ICNeighborhoodsZ{ERK( SE{TIERT : 5RIREE)

> dataN_design <- data.frame(colData(dataN_milo))[,c("Donor", "Status")];
> dataN_design <- unique(dataN_design);
> rownames(dataN_design) <- dataN_design$Donor; «— =2 MA—-IViEREIHE

> da_results <- testNhoods(dataN_milo, design = ~ Status, design.df = dataN_design);

T r—Z2arbAa—JVEITThHNeighborhoods®Abundance analysis%SEfE
‘Milo/Syr—2 AWV BT EEHET(OOEMLEFIEELYET),



> dataN_milo <- buildNhoodGraph(dataN_milo);

@ SeuratZEfEof=> 2 ILEZILIBTEE

> gfile7 <- DimPlot(dataN_sub, group.by = "cell.type", label=TRUE, repel=TRUE) + NoLegend();
> gfile8 <- plotNhoodGraphDA(dataN_milo, da_results, alpha=0.05) + plot_layout(guides="collect");
> ggsave(gfile7+dfile8, flename = "NatMed2020 COVID7HC6.Milo.UMAP_Neighborhoods.png",

width=12, height=6);
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@ SeuratZEfEof=> 2 ILEZILIBTEE

> da_results <- annotateNhoods(dataN_milo, da_results, coldata_col="cell.type");

> da_results$cell.type <- ifelse(da_results$Scell.type_fraction < 0.7 , "Mixed", da_results$cell.type);

> gfile9 <- plotDAbeeswarm(da_results, group.by="cell.type");

> ggsave(dfile9, filename = "NatMed2020_COVID7HC6.Mllo.beeswarmplot.png",width=8, height=8);
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