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ddSEQ

ddSEQ Single-Cell Isolator
(BIO-Rad)

:T;J:l wl[)“l[ i '. I Il ﬂqjlll -
SuewCell WTA 3’ Library Prep Kit [y [
(illumine)
Experimental Processing Biological
. Sequence .
Design Reads Interpretation
: Z DA
C.eII Isolation . Cell Ranger 3rd. ) e —
Library Preparaion (Ch um: 10 ics) :
etc romium. xgenom|cts (FlowJo, SeqGeq etc.)
' etc.

(illumine webinar RNA-seqZ (UKD iE)
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ddSEQ Single-Cell Isolator
(BIO-Rad)

- ~ —
SuewCell WTA 3’ Library Prep Kit [ *E GJX‘r ~7T—~

(illumine)

Experimental

Design

Cell Isolation
Library Preparaion

etc.

scRNA-seqfiEth@DJ—20 J O—
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-l [ 14§ |yt ua
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Processing

Sequence Reads
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Interpretation

CellRanger
(Chromium: 10xgenomics)
etc.

(illumine webinar RNA-seqZ (UKD iE)
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1#IFERNA-seq (scRNA-seq)DT— T O—

ddSEQDFT—4 & AL\ I=f#rE0)
- RN - AETIRIE
- BaseSpase — R (Seurat?)
R package Seurat2(C K DEET
- T=HADITAVFTAFTVYD
DA YA
ISR —BITRIRE(CEN DD EFDHE
- DTSRI —DO7)7—>3>
- chromium®@7—4 EDLEER

HEB 1R DscRNA-seqfiFHr Bl

monocle, velocytolC K D E#HfT51
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Single cell RNA-seqDf#T T 5w b T A4 — AFTZEK
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- BRAIRFEMDEFDEN A Z #B7# (Application)

- THHEREZ EUS 9 DIXMIDFBIT (Sample Preparation)
- MY —)LDIBIT (Data Analysis)

- DNA

- Epigenome ]—(Zﬁaa'%ﬁﬁﬂlﬂﬂﬁﬁﬁ?if@fﬁﬁﬂ
* RNA

FECEICAUY b - T AU w SOVEEE;
FELUIEESE

EICNGSIC & 3 1HIafRiR ISR
HZER (CHDIDPOPIT LK FTEHBSNTULNS




Experimental

Design
Isolation Manual
— Auto Sampling — Picking MicroFluidics
\ 'S’Mullispeclral detector o .
Laser @ +Electronics | Microparticle
=E e ‘ Mi,"fm’f“’pe and lysis buffer (&) 1
- gl
+—+.+_--_ J ]r! o o o (o] (a® oc: Jole)
o' - ‘ Cells from o Qroptel with
€« 2 < ] suspension < ‘ Single col
{: FACS Oil
Blood collection T ddSEQ (BlO‘Rad)
{ o Fluidigm C1 Chromium (10x genomics)
; ' iﬂh n:i::etic particle
V $ 2 FrIES N Hwang et al., Exp. Mol. Med. 50: 96 (2018)
;I'&jaﬁchngnl % 0)1@ AY *% Q d‘i/ﬁb ﬁT:E
ol
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Library Preparation

RERMIZFEDHI

Platform Smart-seq MARS-seq CEL-seq Drop-seq
Region Full-length 3" end 3’ end 3’ end
Target read depth (per cell) (109 (109-(10) (10%-(10°) (109-(10°)
UMI None Yes Yes Yes
Amplification PCR VT VT PCR
Feature Isoform FACS sorting Linear amplification Emulsion

analysis Multiplex barcoding (pool cDNAs for IVT) Low cost

scRNA single-cell RNA sequencing, Smart-seq novel full-transcriptome mRNA-sequencing protocol, CEL-seq cell expression by linear amplification and sequencing,

Drop-seq droplet sequencing, IVTin vitro transcription, UMIunique molecular identifier, FACSflow-activated cell sorting, MARS-seqmassively parallel RNA single-cell
sequencing framework

UMI = 3F/{—"11— I = Unique mRNA
Full-length or 3'end?  Number of cells?  angetal, o mol ved 50:96 ots)
Read depth? Cost?



Experimental

Design

Smart-seq v2 Droplet-base

|
Full-length  caeswera I 3'end UMI
1 cell = 1 reaction I . Ereameuation | POOlEd
Bl $U3s ndropiets 1y Primg
o _ ® o
Capture Poly (A)* RNA | ::-.'-'.' ‘ Slease ((5,0 Reverse transcription
Oligo(dT) onmv\ | ®  cels AT reaction in droplets
l He;orsa _lranscripl.fion . L] h - Ce][ 6’8
and terminal transferase (Steps 9-11) IS -
o I % ® ’/.-\ ’, A
NA-containing TSO {
.. —:|L i w&mwm I v | (/\K) /\;’
Reverse Transcription ccc ~ 2SS
\ I (\ﬂ i
& i;:'mie’.'ﬂﬁﬁm (Steps 9-11) I - / cell 7\'/, ( —
Template switching — —="" I oote etk o G
EE—CCC  — ol " 7 o &
—— I e TTTTT
ISPCR primers — TTTTT
|| wol) srope
. . E——Gee | —1 | finker — sequentdng s
PCR preamplification e _— < . | N ST o0 W
i I Library preparation 7 T7 ANAP collbarcode  AAAAA
Tagmentation (TnS) (Steps 28-31) linear promoter f
lificati
R R R R ' T e
. EE——GG6 - | } e
Tagmentatlon (TnS) Eccc -
Gap repair, enrichment PCR I } cell 2 . I
Ps primer 15 indax L R _ Sequencing and Analysis
Index PCR _——— - I . == P joas ‘ Each read assigned to cell
ndex - — | : according to barcode identity
& l . r::ndex P7 primer I }Cdl n
Sequencing e
I e— D I .
e 4— Read2seq - : -
Nat Protoc. 9, 171-181 (2014). B e e it I (inDrop-seq) cell 161:1187-1201 (2015).



REMBEEDLE

Microfluidics
2 oil
7 Multispectral detector o ‘ L
Laser e +Electronics ol Microparticle :
= ¥ P and lysis buffer (& } 4
*_‘:. © 0 0 O fo0 @Qo)ee . & - i
: ey S— Cells from | t  Droplet with !
- Y el ] suspension| ‘ single cell S
CHC i '
| Smartseq | Droplet-base
I £ K5I 3' B5YEED
(U—RE0) UMICKDHD>H)
HHREZR

100~384 cells 1,000-10,000 cells/well

1HHRE == D DE 3,000 Iz FU L 1,500~6,0005&1=F
TEBL TR (LEEMZTE) (FRRRFE(C K D)
EBDHREDOBFETH Bl EE
B (& 2 DR B S 1 TS 1) —) &5 DB AEEMTANBI §E
qRT-PCREEJAE
SERWERIETENZEL L) THERBS = D DIBIREHN RN
ST (FE<ZEL) (L<%&<)
7 AN T A — LDFENTEIBE Z DM = FEAT ] BE
=PRI K ZTZZC IEE (C 224
(/14R72)

ARENICSHOETEWD T



> — > A Hiseq Rapid SBSFwW b V2

U—RE 100 bp x 2
>>2)LJO—-t)L 50~60G
525914 278

L — 28 3R —R

Hiseq2500 Rapid TAYUTA« 100bp x 2°C. 80%LA LDIEENQI0ZIEBR D

Chromium (10x genomics) CIRIES U 1=2,0005Hf2aD > )L &3> T)L5y. &E16,0005Hfax> —4 > X

| =) THRRES T2 D DU — REODIHERE ) — RT3 550,000 771 — R/cell
) 80 ~ 100 H/cell (Total 6,000 cells)

T k0B DYITIL. . U—RETEMICS =45 UEW
REREFEDT—AF=%1/200 1R M TCEIHDOIEE

NOVA-seq 6000
S %< DI —7 > BT THE
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scRNA-seqfi##fi/ (1 TS > BaseSpace
- EREY (CIRIETTAE

Biological samples/Library preparation cEEBFVT U2 3> 7B

AN 2}

| T — L\
— ——— RNA-seqf#Afr

< FASTQ scRNA-seqf#4fT (ddSEQ) )
S5 1L llumina EEYATRCY il Rl VY A e
FASTQ file 9’& Cell R
(Optionga I ———-=Cell Ranger - e anger
i - 10x genomicsh'\ et 93
. STAR etc. mkfastg _} count ‘ NGS solutiondD5F — 45 Z f#AfT
Bam file ] e - CUION > ) TORFIEN SR
RSEM etc. 10,\GENOM|cs - FEUEFI—-—KUTIL

=iy ?%iEMatrlx

Statistical analysis to identify
differentially expressed genes

BRI Y —)\—

IBERDEE 73‘ W ZD5
NN S
ATF \/7\73“@@]

3rd Party

Introduction to RNA-Seq using high-performance computing ) 2
https://hbctraining.github.io/Intro-to-rnaseq-hpc-02/lessons/02_assessing_quality. htmI

(wikipedia)
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Reads
FED

C X CDzE
WEBNISAUZEIR T Sy I A —LZ#EIRT D
- FE

- HHARER - U — REX

- %2 or 3'end -

- fREDEVETFE - ST S YU —REGE L

=T 2OADIANZSTFBRLIITES
- 28 DT > T )L TNova-seq —
B —)\—OLinuxDAFIVHRL L EHIRITTE S HEEH S

- BaseSpaceDiEF
ddSEQ (Droplet-base)¥>NexteralCk D T

SA405Y—AET B75E (Smart-seq V212&) (T IFHESE (C XIS
- S5V RNIA—~N—OFFINATS51>
- 3 Partyf&EtrY T . HEAZT. INE
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ddSEQMD T —4~ & BU\I=f# i EH|
- BRI - BRATIRIR
BaseSpase — R (Seurat?)



Prepare Expression Matrix



Processing

Reads

Library Preparation

Biological samples/Library preparation
Hise2500 Rapid

™~

B -~
-
—

- FASTQ ddSEQ Single-Cell Isolator  SureCell WTA 3' Library Prep Kit
. Bio-Rad illumi
FASTQ file jii»é)[, (Bio-Rad) (illumine)
(Optiondl Data Analysis Pipeline for ddSEQ
Bam file llumina
RSEM etc RER 2RI SRE

B FFIHMatrix

VT IAT—S U—F0D T—5 DfFER
) Hhovbk

Statistical analysis to identify
differentially expressed genes

SB5LUSTUT BE FIA AL BEY RHE. ML
EHL. YLFTIUw IR F/5—2ay wi-E 4 - i
&7O—F

Introduction to RNA-Seq using high-performance computing
https://hbctraining.github.io/Intro-to-rnaseq-hpc-02/lessons/02_assessing_quality.html
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Cells marnple
AAEDIZE (S, annotati on
B FRERY NIV ORXZERALT il
3R AT
(- — DfFEFR, Biological Interpretation)
Ex. .
I S AEAT " Gene Expression
DSRBFILT % — Matrix
O b
Gene B (JEfE EXpression
ariotatl o1 levels

(Raw count, RPKM, TPM, UMI etc.)

http://www.people.vcu.edu/~mreimers/OGMDA/gene_expression_matrix.gif



ddSEQMD T —4 & AW i SEH1

Sample

Mixture of 4 cultured cell lines
3 Ovarian Clear Cell Carcinoma (OCCQ) Cell Lines
OVISE| [JHOCS5| |ES2

1 Ovarian Surface Epithelial Cell Line

OSE3

Target number of cells

1,200 cells (4 well)



Sequence Summary (ddSEQ)
FRATHEER (BaseSpace)
Cell Information

Total observed bead barcodes 169,199
Cells above background 1,312
Cells passing knee filter C 1212
UMI threshold for cells above background 652
UMI threshold for cells passing knee filter 1,139
Genic reads assigned to cells passing filter | 29,786,321 (92.70%)
Median genic reads per cell passing filter 20,849
Median genic UMIs per cell passing filter 7,696
Median genes detected in cells passing filter 2,720

AETEIR D DOHAREENN Filterz @@ U TULVD



Preparing Expression Matrix from BaseSpace

JO> 10 bR OEIR

JENCE

) a I SEQI
| Y o P, sy ¥ el R
Daseopace I HUB v DASHBOARD PREP RUNS PROJECTS APPS PUBLIC DATA Q ?

ey { CThSRIFEREEEHTII>O0— K

IRARAA D T e
B SAMPLES

(Bam file’ld EZESVETDHI 7 1))

——

Analyses

QCODFER. tSNEplot/d EFFHIAR3RFTh 2 SOFERZFERIHE

Showing 7 of 7

NAME LAST MODIFIED APPLICATION SIZE COMMENTS
eCell RMA Single-Cell 08/13/2018 11:00:26 August 14, 2018 SureCell RNA Single-Cell 12 GB
Undetermin August 13,2018 Imported 2 GB
T August 13,2018 Imported 4GB
Undetermined-4 August 13,2018 Imported 4GB
Undetermined-1 August 13,2018 Imported 4GB
Undetermin August 13,2018 Imported 3 GB
Ty August 13,2018 Imported 4GB

BaseSpaceMSELTFHRILY MW IORZHE T DA EMECEDLDFT
N SDRMAEHETHIFITYT

Ea

SN19EIUOD.



A > 00— R¥g%ZBaseSpase J A LA [CIBEULIEHE

« BaseSpace » 180813 ddSEQ-90446359 » Surelell_1-115342234 » Surelell-ds.e206a74305f04217a6f62bfd920f 2711

JO> UM
=] EfxHE TEiE
basespace 2018/08/31 20:31 P 0w ke
AdditionalFiles 2018/08/312030  F7{ )L FALF-
ReportFiles 2018/08/312031 774 725 -
| SureCell 51.bam 2018/08/3121:10  BAM 774JL
SureCell_S1.bambai KIFEDT ENRVED CMNTOK

SureCell_51.cell. summary

SureCell 51.counts.abundantReadCounts

BT REDMBOIDEEFRETNUY IR ]

20 \'1ic:t'o-50ft Ex ﬁg;ﬁ N EF’H
118/08/31 20:2 ZIP 771 )l
2018/08/31 20:28 ZIP J71 )l CSVj 7 /I/) I/

<y —

SureCell_51.counts.geneinfo

SureCell 51.counts.readCounts

'\J |-'-\-\.J
-

SureCell_51.counts.umiCounts.aboveBackground.table
| SureCeII 51.counts.umiCounts.passingKneeFiltertable
SureCeII S1.counts.umiCounts 2018/08/31 20:28 ZIP 771 )b
C SureCell 51

" SureCell 51 ﬁ Q'CUD’HHHE (} \_j F) @E{K?%iﬁ.? l\ U v 97( ]

II_51.summary 2018,08/31 20.28 WICTOS0TL EXCET Lo,

Web_EDAnalysis” 7 THIE T & fERDpdihi ]
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HARBDA A —Z V70N
EYNEHR B FRIRT—4) 28U TCL\3E

1E+5E 1.0
Sl LSS
LAl
IRAREDFH A
; BUFIRIAREB D o)
€
5
o
L
& =
£ le+34 w2 o6
2 = £ 0.6
: / 2 S
= 2 5
3 < > .H."m( c
£ re! g
9 le+2 =
E E«)k =04
2
o
|
E
=
(@]
le+15 0.2
1E+0 T T T THTIT T T TOTIT0Im T T T TTITIT T T T TTI0r1 T T T 10107 T T T TTT00] 00
le+0 le+1 le+2 le+3 le+d le+5 le+6 ) 20'00 40'00 6600 8500

Bead barcode In descending order by genic UM count Bead barcode in descending order by genic UMI count

il il

10,000



fEt(CEAY e B TEU/IZL

<« 180813 _dd5EQ-90446359 » SureCell_1-115342234 » SureCell-ds.e206a74305f04217a6f60bfd900f 2711

o i 3 E B
basespace 2018/08/31 20:31 74 L xS -
AdditionalFiles 2018/08/31 20:30 I3 Jx T~
ReportFiles 2018/08/31 20:31 Tl Ta T -
SureCell_S1.bam 2018/08/31 21:10 BAM 74l
SureCell_S1.bam.bai 2018/08/31 20:25 BAl 74l

B SureCell_S1.cell.summary 2018/08/31 20:25 Microsoft Excel CS...

g SureCell_S1.counts.abundantReadCounts 2018/08/31 20:26 Microsoft Excel CS..

-U-V IJ - g SureCell_51.counts.geneinfo 2018/08/31 20:26 Microsoft Excel C5..

B, SureCell S1.counts.readCounts 2018/08/31 20:27 Microsoft Excel CS..
SureCell_51.counts.umiCounts.aboveBackground.table 2018/08/31 20:27 ZIP 774 L
SureCell_S1.counts.umiCounts.passingKneeFiltertable 2018/08/31 20:2 ZIP Jp4
SureCeII=ST.counts.umi(:ounts 2018/08/31 ZIP J71)l

SureCell_51

SureCell S1 ﬁ étwmﬂﬂ (} (_j - F) @Jﬁ‘f?ﬁiﬁ.v I\ U v az

E o)

@ SureCell_S51.summary I ;L‘:Tﬁ“ 020 WIICTOS0OTL EXCET Lo,
ﬁ*lﬁ — Faﬂ



Long FormatDZR
M —a— K EEe M

i

14
15
16
17

18
ENKBNE

fEth (CEER 9 SilllaZ BN TEV/ZL

B=| SureCell S1.counts.umiCounts

Count
A B &
|cellld |Geneld Count
atccggggtaggaatige  AlBG
|atccaggstaggaattgs  A1BG-AS1
atccggggtaggaattgg  A4GALT
atccggggtaggaattgs AACS
alccgggstaggaatisgs  AAEDL
atccggggtaggaattgg AAGAB
latcceggatageaattes  AAMP
atccggggtaggaattgg AARZ2
atccgggstaggaatige  AARS
|atccoggstagsaattss  AARS2
atccgggstaggaatise  AASDH
atccggggtaggaatige AASDHPPT
atccggggtaggaattgg AATF
atccggggtaggaatige ABCALZ2
|atccgggstaggaattgs  ABCBI1
atccggggtaggaattgg  ABCC3
atccggggtaggaatigg ABCC4
Ww?
RIETE.

= el e I e M s L - A s AT N e T N el el

e

D

Bl

== Genes

¥ wooo

R

- Long Formatl(&.

hiKi2

Wide Format Long Format

Ruris Genes  ilues
HUNE == ERERL1399576 bhoood H1%
D ERR14M137T ERRI4AMIA0 ERRIA0D4150 ERRI1259576 w000z 4724
] b= 1 G bos ERR1389578 hOOO3 1455
a1/ =l 5 137 ERF1IO9HTE 0004 et
i £ 20 75 ERR1399576 bBODOS g2
14 1505 a3 H= ERR1309578 bhOD0S 214
] s07 3l BZ ERR1Z0G576 nODoT 116
5 62 11 31 ERR1399576 bODOS 5327
ERFR13995%6 bhOD0Ea 2y
— S BEFRIEY RN VI X ERR139%9576 bOO10 a0

(http://genomespot.blogspot.com/2018/11/using-dee2-bulk-data-dumps.html)

AT —7 (Tidy Data) DAZK

- Long FormatldZ7=—4& (RO T ULVER

- Wide& Long(FMBEZHAT]EE (R: tidyr package etc.)
2ORT — S DEEHTR AR

I+ )5 —%&) A UTCHEREER 1,212 x HEHRETEERFE 2,720

=3,296,640 1TUAE

BIRNT — 4 & (Al — @f nisihara
https://speakerdeck.com/fnshr/zheng-ran-detatutenani
http://id.fnshr.info/2017/01/09/tidy-data-intro/
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scRNA-seq FHHDERITY —JUIIBENRD OBEHHFEENTNSD

A - Increase in tools over time

225
200 -
175 1
150 1
125 1
100 ~
75 1
50 -

Number of tools

PLoS Comput Biol. 14:e1006245 (2018).
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D - Platforms used by analysis tools

60%
Q
8
P Of o \}
£ 4o Ro#sggs )
D
=)
IS
3 I
O
)
(o
— - I s

Python MATLAB C++ Other
PLoS Comput Biol. 14:1006245 (2018).



fRtrIR1E (R)

OS7ZIE(L7R0)
- Mac CHBLINnUXTH. windowsTH |

%ZK E’\J 7_ d:1§}zﬁ 7lj_ 5£ (L—_ j (/ \tﬁggﬁ L/ 7::/\0_ \/‘\ 73\\%§ - ) |EJPLWOEI!EI|J§!'§R'I|-|?RDHI
- Rjp Wiki 782 & i
| Wojsmmmn mms COSSEMRE

SEENREZL

BRAIRERATY — )L package E W\ DFEE TIRAE SN TULNVD

scRNA- seq%ad’)NGSﬁﬂﬁ(L_ﬁ{t U7zpackageNZ iR =N TCLD
- Bionconductor

B1oconductor

;(\:I%EFU OPEN SOURCE SOFTWARE FOR BIOINFORM

- IS—HEETHE. ITS5—ARAEHRHOHIDOT L)
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scRNA-segf#TDH I IR\ o —= Seu rat (R package)

m R toolkit for single cell genomics

%

AL \,‘ g
-. '.' i Q: .“‘P'

G T ¢ SATIJA Lab: http://satijalab.org/seurat/
F1—

U 77)L. FAQH'FEE
QC. filtering. clustering’® &scRNA-seqD—IED#EEHTZ All-in-one T BJHE
Gene Expression Matrixh'& (3. FEATRIEE
AEY(CPOEULSBENIER (CERR

BRDBFEDT—Ftv hafEE L. Normalizationtbatch effectdBRrZEH BIEE

DEGOTFEDEIRN %K

HEHASZDscRNA-seqffiti FEHRE<EAN (7vTIT5— MNMEEAFEL))



Table of Contents

1 About the course

e ANALYSIS OF single cell RNA-seq data

3 Processing Raw scRNA-zeq Data
4 Construction of expression matrix
5 Introduction to R/Bioconductor

& Tabula Muris

T Cleaning the Expression Matrix

& Biclogical Analysis

9 Seurat
9.1 5eurat object class
9.2 Expression QC
9.3 Normalization
9.4 Highly variable genes
9.5 Dealing with confounders
9.6 Lingar dimensionality reduction
9.7 Significant PCs
9.8 Clustering cells
9.9 Marker genes

9.10 sesszioninfo()

10 “Ideal” sctRNAseq pipeline {as of ...
11 Advanced exercises

12 Resources

GitHub(C 321 > ) —A3EPT Martin HembergF — A C KD
scRNA-segf#tf NL——>21—X

https://hemberg-lab.github.io/scRNA.seqg.course/index.html

Seurat/2 MY UEIBHE U TSR SN TLD

Seurat(3IREF A (2019FE1H)ICHULVT. scRNA-seqfFtTD RS > — R
EEZBNE?

DI LERMICEARTDIY—-ILELTIESEITITEH

IER(CESE(CIRDFEI DT, EIkHDH(EEIE
( THemberg scRNA] IRETERE ! 1)
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ddSEQMDFT—% Z AL/ f#iTSEH1

- R package Seurat|C KB ERHT
© T=ADTAITAFIVY
fHRRAD ISP D
DS RAY - TRIREICEN D DELTFDHE
DSARAF—D7 ) F7—=>3~

- chromlumODT S EDLEER



1. RDIZOHDIFERFEIRIERstudioZz 1 > X I\—)I;E/»EE;JJEB:I:!!
@ Source Editor |~ - RStudio REE > TEAEEH L TEICH

CCh'b 10— RDOETHEREE
@ Environment

YERR UTeT — A0 MR
EITER

@ File, Plots, Packages 72 ¢&™

FileAD 712 15

Plot—4~ D1
R packageDEE, ~NJLT
TRE

[

RDODROVUT haimeE v -

Gl
v i p— Ilru-u

BRAr D AE(E-1

b B -
desnmlen S v i
iy gl D

@ Console -

RN CRIFT D ECS
N> POFET - BROLS

(http://memorandum?2015.sakura.ne.jp/index_rstudio.html)
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Help

2E0T
NTEE—ONASTA ZAERBECEOLED
TT. TOEBR- 97T AEBHRO—FT «
S — )RR TN B BB ERBTL 4
=

EZTHEED

RStudiolZWindows, Mac 05 X, Linux&Wo e AT
MEBERTSw MR—LATHRBATEE 9. RStudiolfR
FEBICH— /N LTESESIEETESOT, B

M-z 7S HERLVTRSudio IDEZEFIA
TR &ETEET-

JU—&A—T >

REE, RStudiobWV 7 haz7oEEINE, TAT
N1 —HcESTIIU-VITMNITFTHEETEERE
SFd Sopen source licenseD FICHBETE=ET.

‘ Download RStudio™
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AEATDAE(E-2

2. RstudiolCSeurat PackageZz-1 > A b—JL

SEURAT éﬂ R toolkit for single cell genomics

IMETo) BT
version BhR

FFEH

Previous Versions Version 3.0 Prerelease Development Version

About | Install | Get Started |n5ta|| .I:rom CRAN Rstudiomconsole(:lﬁ

Seurat is now available on CRAM for all platforms. To install, run

install.packages(’Seurat’)

WN— library(Seurat)
+—= \ — W
EHFHEENFHL DT
— —_— 7 — _
):E,HH E,\] (L_ J \\J 7 ] — I\;ﬁ If you see the waming message below, enter |y |
ﬁEEi\J\ g 5 tEL\ package which is only available in source form, and may need compilation of CfC++/Fortran: ‘Seurat’

Do you want to attempt to install these from sources?

yin:
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R Seurat web Site

e ———

Get Started

—

Guided Tutorial -2,700 PBMCs
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Seurat 1. Seurat object class

B FRIRY U w X% Seurat object class/\Z 12

Expression QC
R (CER I SRR, EnFzT«ILIU>D

Normalization

Highly variable genes

Dealing with confounders
Linear dimensionality reduction
RocHiRL (PCA—tSNE)

Significant PCs

RoHliR (PCA—tSNE)

8. Clustering cells

i Ok s

9. Marker genes
D5 RE — [T IETF O

N

S hWw

N



Biological
Interpretation

FRATIRER

> sessioninfo()
R version 3.5.0 Patched (2018-05-30 r74806)

Platform: x86_64-w64-mingw32/x64 (64-bit) #Windows10 Pro
Running under: Windows >= 8 x64 (build 9200) JotvY Intel(R) Core(TM) i5-4570 CPU @ 3.20GHz 3.20
GHz

. 4= =N f =] 1=y
Matrix prOd ucts: default =& RAM 16.0 GB (15.9 GB {EFH 0] &E)

locale:

[1] LC_COLLATE=Japanese_Japan.932 LC_CTYPE=Japanese_lapan.932
LC_MONETARY=Japanese_Japan.932

[4] LC_NUMERIC=C LC_TIME=Japanese_Jlapan.932

attached base packages:
[1] stats  graphics grDevices utils datasets methods base

other attached packages:

[1] Seurat_2.3.3 cowplot_0.9.2 Matrix_1.2-14 forcats_0.3.0 stringr_1.3.1
[6] dplyr_0.7.8 purrr_0.2.5 readr_1.3.0 tidyr_0.8.2 tibble 1.4.2
[11] ggplot2_3.1.0 tidyverse_1.2.1.9000



Method
ddSEQ (Droplet-base)

Sample
Mixture of 4 cultured cell lines

3 Ovarian Clear Cell Carcinoma (OCCQ) Cell Lines
OVISE| [JHOCS| |ES2

1 Ovarian Surface Epithelial Cell Line

OSE3

Target number of cells

1,200 cells (4 well)

FRDT—5%

RDSeurat packageZfEA U THETLUTHSD




Gene Expression Matrix®DHR DA

BaseSpacelC KD TERKSNIZHNXYID (CSVIER) DELFRIRY MUY IR %=
FT—=FIL—ALEUTHEHCD

51 | library(Seurat)
library(dplyr)
df <- read.table(file ="PATH/TO/YOUR/GENE/EXPRESSION/MATRIX/FILE", #2771 I)LDIBFh & IEE
sep ="/, #csv I 7 A IVIRD T, B XX DZIETE
#F TXNDDIHZE (L. ¥t
header = TRUE, #FCEADITHFIBDEF(E. TRUEIC
row.names = 1, #15BHMTETHD T EZHEE
stringsAsFactors = FALSE) #NFHN RS NIRNKD(C
dim(df)
df[1:5, 1:5]
> dim(df)
[1] 1212 26364
> df[1:5,1:5] BinT
DDX11L1 WASH7P MIR6859.3 MIRGE59.2 MIRG6859.4
atccggggtaggaattgg 0 0 0 0 0 | o
atacttagatgtgaaggg 0 0 0 0 o _ oM ! -
#HAE |gagctteggtcccttacg 0 0 0 0 0 17 (M) &% (GEinF)
caccacgaggccgtcggc 0 0 0 0 0 ]
gcgcggcagactcttgaa 0 0 0 0 0



Gene Expression Matrix®DHR DA

F—HTL—AFERNST M v I RERADEIHE

{5l | mat <- as.matrix(df)

#HTEFDANEX
mat <- t(mat)

##LL T (& SparseMatrix \NDZEH FRTEDSeuratd/\—=3 > TIEIHERY)
s.mat <- as(mat, "sparseMatrix")
s.mat[1:4,1:5]

= mat[1:5%, 1:4]
atccggggtaggaattgg atacttagatgtgaaggg gagcttcggtcccttacg caccacgaggocgtoggo
0 0 0 0

DDox1111

WASHYP 0 0 0 0
MIRGES9. 3 0 0 0 0
MIRGES9. 2 0 0 0 0
MIRGES9.4 0 0 0 0

17 (BzF) -5 (M) o~ Uy OR(ICE SN
£ SaprseMatrix

5 X 4 sparse Matrix of class "dgtMmatrix"
atccggggtaggaattgg atacttagatgtgaaggg gagcttcggtcccttacg caccacgaggccgtogge

DDx1111 ) . ) .

WASH7P

MIRGE59. 3

MIRG6859. 2

MIRGE59.4



1

BIEFRIAY U WD X% Seurat Object\

ddseq <-

CreateSeuratObject(
raw.data = mat,
min.cells = 3,

min.genes = 200,
project = "ddSEQ”"

)

#Seurat ObjectdD& ] ((ER)

#Seurat ObjectZ{ERk 9 /26D K
#AB UCELCFRENY MUY ORZIEE
#IBImF I ILT—

# fHR D 1 IS —

# O T b (ER)

min.cells = 3

FRIRBR. 3DDMBL L THIRMRE SN CTWDIELFDFHx T (CER

min.genes = 200

KPR, 200iFXEDBEEF MR SN TV S HERBD A 72 fEAT (C{ER

B5E

MEREN, T—HDECEOETIAILIU T ZREIT DINENDD
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Fal

R: Initialize and setup the Seurat object -

CreateSeuratObject {Seurat} R Documentation

Initialize and setup the Seurat object

Description
Initializes the Seurat object and some optional filtering
Usage

CreateSeuratObiect (raw.data, project = "SeuratProject™, min.cells = 0,
min.genes = 0, is.expr = 0, normalization.method = HULL,
scale.factor = 10000, do.scale = FALSE, do.center = FALSE,
names.field = 1, names.delim = " ", meta.data = NULL,
display.progress = TROUE, ...)

Arguments 5|Z8%4
‘,/

raw.data Raw input data
project Project name (string)
min.cells Include genes with detected expression in at least this many cells.

Will subset the raw data matrix as well. To reintroduce excluded
genes, create a new object with a lower cutoff.

min.genes Include cells where at least this many genes are detected.

i=.expr Expression threshold for 'detected’ gene. For most datasets,
narticularhvy LIMI datasets will be set to 0 (defaulty If nat when

=1 CreateSeuratObject (YDl

RsutdioDa T D73 EEIH (C dp D packages T H S Seurat 2 4R

)

!
HelpA T (CHIDEHO D, SeuratDipHX—EMNER
!

CreateSeuratObjectZ1&EiR (X))

min.cells¥>min.geneshMA]ZEE I DEDMEEH L TLND

min.cells Include genes with detected expression in at
least this many cells. Will subset the
raw.data matrix as well. To reintroduce
excluded genes, create a new object with a
lower cutoff.

min.genes Include cells where at least this many genes
are detected.

Usage(C(ddefaut COSREBEEH N TULD
HIZ (L,
min.cells¥®min.genesDIBZ4F (CHEE LI D TS,
» min.cells = 0, min.genes = 0& U CALBEND
(DFEDEF. TaI)LY—HL)



G000

2000 +

4000 +

nGene

3000 { 2%,

20001 &

1000

QC and selecting cells for further analysis
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ddSEQ
Identity
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QC and selecting cells for further analysis

5 | ddseq <-
FilterCells( #HlRZ I 1)L —9BDcHDIN R
object = ddseq, #fEH7 9 BSeuratObject
subset.names = c("nGene”, “percent.mito”), #TJ 1 )LFYUT(CERTDIER
low.thresholds = c(-Inf, -Inf), # TR
high.thresholds = ¢(5000, 0.1) # IR

)
low.thresholds = c(-Inf, -Inf)

MR EDEILTFE (nGene). = hI> RUTFPZELTFDEIS (percent.mito)
DO TFR(FZETID LR

pas=Y)

MR (L, BEiids FRRHIETEZEZERIEUTULWAIMRNATN R D (BEilig: 4, ERZHAE: X) DT,
nGeneD FEZFREIT D E. BEHRENFRASNTUESEEEN DD
FEATENICIG U T, FIEORBYINDEILFEZRET D

high.thresholds = ¢(5000, 0.1)
MR EDEILTFE (nGene). = b2 RUTFPZELTFDEIS (percent.mito)

MENENS, 000 EmF AL FTTZ(E10%LA_EDHARS(IEEMT (CAER LR
=2{BL_EDHIIEDT —5 ESTENNONBED, FHFHBUEIYRLESEDRATD /) X E12 3 MR




Normalizing the data

5 | ddseq <-

NormalizeData(
object = ddseq,
normalization.method = “LogNormalize”,
scale.factor = 10000)

#Normalization®D 5%
#RNA—squDRPKM’(bTPMODM (109)(CHEE

scale.factor = 10000
MRS &> MY (Y — REETZ[EInUMITRE) Z10,000(CHIZ D




NormalizationfdDF—#~FEC ?

Normalized Gene Expression Matrix

ddseq@data
ddseq@data[200:204, 100:104] #200~204FBE D 5 DDIBEEF & 100~104FB D5 DDA =

SparseMatrix D2 THEINSINTULND

5 x 5 sparse Matrix of class "dgtmatrix"
gcttgtttggatctaggt caagtcggtgcttaatag aagocatggoaggottgt gocgttaaagaaacggac gaaataaattggtgagac

MTOR. AS1
ANGPTLY . - . -
UBIADL G 0.4851475 G 0.4862542
PTCHDZ 2 2
LOC101929181

Raw Gene Expression Matrix

ddseq@raw.data
BaseSpace CAERSNTTELFRIRNY NIV IR EBAU (272U, FEz(dSparse Matrix)

5 X 5 sparse Matrix of class "dgCMmatrix"
grrtgtttggatctaggt caagtcggtgottaatag aagocatggeaggottgt gocgttaaagaaacggac gaaataaattggtgagac

MTOR. ASL
ANGPTLY B = 2 =
UBIADL ; 1 E 1
PTCHDZ2
LOC101929181
Z-score SparseMatrixHSiBE DMatrix NDZEHE(L, as.matrix() T AJEE
ddseq@scale.data f5l: mat <- as.matrix(ddseq@raw.data) #5% (& EBaseSpaceDcsviNSELDIAA TZmatEE U

HeatmapZ/ER 9 D ESIRECHEATD
B E DMatrixfzzt



Perform linear dimensional reduction

R (CER 9 SR THIRFFE L TDEERET D

il

ddseq <- RunPCA( #E BT R
object = ddeseq,
pc.genes = ddseq@var.genes, #FHEH UTCHilgR THEMAE L)

(EREZFHAREN) BzFIUX B

do.print = TRUE, #HaRz NI DINEN
pcs.print = 1:10, HaRz BT DHEKTDDEL
genes.print = 10, #H T DIELFDE
pcs.compute = 50 #TE I DD DER

)

# SR DT (CER T DR D DIREY

PCEIbowPlot(object = ddseq, num.pc = 50)

#EXTTE

ddseq <- JackStraw(object = ddseq, num.replicate = 100, display.progress = FALSE) #2 URsfEI DD
JackStrawPlot(object = ddseq, PCs = 1:12)




Perform linear dimensional reduction

PCElbowPlot(object = ddseq, num.pc = 50)

1
1251
O
%10_0— %E(dﬁﬁﬁﬁG (PC=6) af_C‘ji’Eﬁﬂ
5 © 2
$ A F—RE 1L — 3 > OMIRDRER E
S sy 3 I < DU VMBS (IR EBEIENY
5.0 e 5
B e,
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Clustering

B | ddseq <-
FindClusters( #HRZDFE I DHDINY R
object = ddseq,
reduction.type = “pca”,  #RFTHIBDFESR
dims.use = 1:6, #ERMT (B 9 DRt
resolution = 0.2, #S XAV >0 DEHRE
HENKEZWEEMN < OSRIUT
HEEDRRE Z F8TERIHE (ex. resolution = (0.2, 0.8, 1.2))
print.output = 0,
save.SNN = TRUE
)

INSGA—=H—NEKHDDT. BRI SRAYYSTERICIZDLDICHAETD

F(C(E, FEICAERTBPC (Bk5)) DEX (dims.use) EFHRE (resolution)

SeuratdD 5 X&) >0 FEDFHH
A smart local moving algorithm for large-scale modularity-based community detection
Waltman and van Eck The European Physical Journal B 86:471 (2013)



DSRAPVDDFERIEFES ? -1

ddseq@meta.data
head(ddseq@meta.data)

FindClusters() CEOFFREZIBEE LSS,
1T =rownames FRISEEC L DWERMMBESN TS

D/ —0— K

nGene nUMI orig.ident percent.mito res.0.2 res.0.8 res.1.2
aacgtgggattggttaac| 4902 24652 ddseq 0.006612040 0 0 8
catagagagcttgctgag| 4937 24177 ddseq 0.003143483 1 2 2
aaagaagaggcccttacg| 4807 24090 ddseq 0.005853051 0 0 8
aattggccacgctcagtg| 4333 23769 ddseq 0.001977365 1 4 4
acaaggattagtcaaccg| 4118 22768 ddseq 0.003074491 1 4 4
aagccacgaaagggtgcet| 4962 22271 ddseq 0.009923219 2 5 6

@meta.datalC (3. fARRDIBHRNF EFDO>TLND



DSRHAVU D DRERIEES ? -2

il ddseq@ident
head(ddseq@ident)

FindClusters)DfER (L. ddseq@ident(CHBIEINETND
ddseq@ident'. tSNE-plot\ B FRIREMBFHITD IS XY —FRE LU THERAEIND
BHOREZTIETE LU CEN UGS (L. —BREBOFITERMENEND (LKS51E7?)

10 cluster (res.1.2)

aacgtgggattggttaac catagagagcttgctgag aaagaagaggcccttacg aattggocacgctcagtg acaaggattagtcaaccg aagccacgaaagggtget
8 2 8 4 4 6

Levels: 01 2 3 4 567 89

@identld. BEHIYEDI 7 DS —8

FRRIZ 0. 20DFER TSR OB ZITUVZUN

{5 | res02<- as.factor(ddseq@meta.data$res.0.2) #@meta.data®res.0.25% J 7 045 —8 L LTI
names(res02) <- rownames(ddseq@meta.data) #nameEEE LTSI M2 (JX—0—RK) &0l
ddseq@ident <- res02 #ddseq@ident(CAFERE0.2DFERZ A
head(ddseq@ident)

4 cluster (res.0.2)

aacgtgggattggttaac catagagagcttgctgag aaagaagaggcccttacg aattggccacgctcagtg acaaggattagtcaaccg aagccacgaaagggtgct
0 1 0 1 1 2

Levels: 01 2 3



il

201

tSNE_2
=

-20

tSNE plot

ddseq <-
RunTSNE(
object = ddseq,
dims.use = 1:6,
do.fast = TRUE,
perplexity = 50)

#S5RE —ZERUTER LB URTTENNFE LY

#SNED/ S A =5 —183E . RKDTNEDND,
TSNEPIlot(object = ddseq, pt.size = 2, do.label = TRUE) #tSNE-plotdDiti /7

Perplexity = 20

-40 -20 0

@
@
@:
@:

=

»|Perplexity = SO‘QE*
W

R 12
4

-20 -10 0 10

20

$o
$
®:
®:

HHBKE.
tSNEplot L THHKE
4 DDE.
ADDIT SRS —(CH5E



Mixture of 4 cultured cell lines
3 Ovarian Clear Cell Carcinoma (OCCCQ) Cell Lines

OVISE| |JHOCS| |ES2

1 ovarian Surface Epithelial Cell Line

OSE3

EDDVSRAT—h EDHBICHIBUTWNDDH ?



Extracting the DEG from bulkRNA-seq data

Hﬁ%%ﬁﬂ DEG: Differentially Expressed Genes

“WMAGEAYB
MAGEA10
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MAGEAZ2

SACE] JULZRNA-seqdDF—F M5
CDHe AR TR (CEIRNA S
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ESM1 i
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SERPINB?Z2

il 0
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Feature plot (marker gene)
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DEG in each cluster at single cell resolution

||  |hi| |||||:| |||l|||E 'II ;I: I!||I| Illl::||f ||;J| ”nl i ||:|I||||’|I|:|lll||”“ l gusz i

' il ‘ It
AR |I|1|| H!=IH|”'|" | Jill] II|||I

i ll[llll||[‘|l ||||||I|||1 \\||Illfl|||1\w,:|i:

| |
l I“ll ||I |II |||II|| IIIIIIIII III"H |

L lh'l.]"” |”||| || [T
"'llsll'llﬂ M WE'I ‘ I | cib

NH“WHQ"”J | 4 [0 N2

e Ilﬂim“ il I . o3 | top15 <- all. markers %>%

II||||i ”'J' INI ‘|H”| ': [ group_by(cluster) %>%
1 g

| ‘illlllllllllllll III Ly i

égmm% all.markers <-

st FindAllIMarkers(
SEREINE? object = ddseq,
CAl min.pct = 0.1,
Eé.sr”‘“” thresh.use = 0.1)

V' ELIII Il

P}
2
ui)
!
-

B top_n(15, avg_logFC)
AGEA | #%>%: )\A TS+ > EEF

| ol ||'| [T Il ~krier | #dplyr packageZHg
I ||| | ||I| ‘|||II | ; glfogcsérghéy
CLUEELUCRLIRRT | ‘ pAXd DoHeatmap(
l ' || W| LN <% object = ddseq,
| ’mw o ||| EL%BE]Z genes.use = top15$gene,
I ese, use.scaled = TRUE,
@SIP_L%A1 slim.col.label = TRUE,
POSIN remove.key = TRUE)
I ||'|'| Wesl. | #use.scaled = TRUEDIZE. ddseq@scale.datadDfEAME
Egﬁﬁ HEnsd
_?ERF'llNH1




Violin plot (marker gene)

Cluster-0 (CO0)

!ERPINBZ CA}B1 ME(:'TEA4 ES2?
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Gene correlation between bulkRNA-seq and scRNA-seq
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BulkRNA-seq data
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Final annotation of each cluster
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&7

C CE THEEMT LT=ddseq (Seurat Oblect) Z.rdsfi2 I TIRF

saveRDS(ddseq, “/PATH/TO/YOUR/SAVE/DIRECTORY/****.rds" )

FLHAD E S (T,

ddseq <- loadRDS("/PATH/TO/YOUR/SAVE/DIRECTORY/**** rds" )




Gene correlation between ddSEQ and chromium

[&] U Droplet-base®

TS5y hIA—LBEERTHD
ddSEQ (Bio-Rad)

&

Chrqmium (10x genomics)
DT —S DEEE
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LLERENDZBOLZY b

YIOrRd
YI10OrBr
YIGnBu
YIGn
Igcieds =3
u
Purpgs
PuRd =
PuBuGn
PuBu
OrRd
Oranges
Greys
Greens
nBu
BuPu
BuGn
Blues

Set3 —;
Set2 e
Set1 -
Pastel2
Pastel1
Paired = a
Dark2
Accenti

Spectral

BrBG

| | ‘ |
i m

1

I .
| i) ]

RColorBrewer
display.brewer.all()

BZEZEXIEL! -1

library(RColorBrewer)
col <- colorRampPalette(brewer.pal(9, “Set1”))# /17> —/)\L v hbZ&EK T DIV R
res02.col <- col(9)[1:4] #2IBDSet 1 M SR DIEZ IR
scales::show_col(res02.col) #BRARDFRR
cluster.02 <- levels(ddseq@ident) # S RH —27ZBUg
names(res02.col) <- cluster.02 #BICW U TIOSRI—2&EE5XD
res02.col #nameB X FHINRT S —

> resQ2.col ISA9—%4 kN

0] 1 2 3 ame

"#E41A1C" "#377EBE" "#ADAF4A'" "#OB4EA3" Vector

16EA TREL S
RGBHS—O—RK
DSRT—%&

DS —DOFIEZE DN
EARBICEZEERE

#FFFF33

res02.col



BZEAREW! -2

{51 TSNEPIlot(object = ddseq, pt.size = 2, do.label = TRUE, colors.use = res02.col)

VInPlot(object = ddseq, features.plot = c("SERPINB2", "CALB1", "MAGEA4"),
y.log = TRUE, cols.use = res02.col)

BIUANBS CTESIDOGEINEIRDCENDDIDTER
TSNEPlot - coloruse VinPlot — cols.use
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