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RNA-seq wnapranka

* RNA-seq — CHMMOK TOr0o, YTO NPOMNCXOAUT BHYTpU o0bpa3L,a B
NAaHHbIA MOMEHT

* B 6onblUMHCTBE CnydYaeB Mbl He cekBeHupyem PHK, mbl
cekBeHunpyem KAHK:

* U36aBneHme ot pubocomanbHom PHK (poly-A selection,
ribo zero kit)

* ObpaTHaAa TpaHckpunuma: PHK -> kK AHK
* CeKBeHMpoBaHue



Single cell RNA-seq

* RNA-seq — «KCHUMOK» TOro, 4TO nNpoucxoauT
BHYTpM 06pa3ua

e Obpasel, COCTOMUT U3 MHOKECTBA K/IETOK

* Single cell RNA-seq —
TbICAYN OAHOBPEMEHHbIX CHUMKOB KNETOK,

HaxoaALWwMxca B obpasue

. = 34 . T
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3ayem single-cell RNA-seq

* I3yyeHune KNeToyHOoro pasHoobpasuns (B pa3HbIX TKAHAX, moaenax)
* OnncaHme HOBbIX KNETOYHbIX NOATUMNOB

* CpaBHEHME NOXOMKMX KNETOUYHbIX MOATUIOB

* HaxoxKaeHne MmapKepoB KNETOYHbIX NOATUNOB

* OTCheXuBaHme KnetodHou anddepeHumnaumm
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Full-length RNA-seq from single cells using
Smart-seq?2

Simone Picelli!, Omid R Faridani!, Asa K Bjorklund!2, Gosta Winberg!2, Sven Sagasser!?> & Rickard Sandberg!-?

Ludwig Institute for Cancer Research, Stockholm, Sweden. 2Department of Cell and Molecular Biology, Karolinska Institutet, Stockholm, Sweden.
Correspondence should be addressed to R.S. (rickard.sandberg@ki.se).

Published online 2 January 2014; doi:10.1038/nprot.2014.006 (20 14)

Emerging methods for the accurate quantification of gene expression in individual cells hold promise for revealing the extent,
function and origins of cell-to-cell variability. Different high-throughput methods for single-cell RNA-seq have been introduced
that vary in coverage, sensitivity and multiplexing ability. We recently introduced Smart-seq for transcriptome analysis from singli
cells, and we subsequently optimized the method for improved sensitivity, accuracy and full-length coverage across transcripts.
Here we present a detailed protocol for Smart-seq2 that allows the generation of full-length cDNA and sequencing libraries by
using standard reagents. The entire protocol takes ~2 d from cell picking to having a final library ready for sequencing; sequenciny
will require an additional 1-3 d depending on the strategy and sequencer. The current limitations are the lack of strand specificity
and the inability to detect nonpolyadenylated (polyA-) RNA.



Atlas of human blood dendritic cells and monocytes

Cell type reclassification based on
scRNA-seq and functional studies
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Cell

Highly Parallel Genome-wide Expression Profiling of
Individual Cells Using Nanoliter Droplets

Graphical Abstract

Drop-seq single cell analysis
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1000s of DNA-barcoded single-cell transcriptomes
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In Brief

Capturing single cells along with sets of
uniquely barcoded primer beads together
in tiny droplets enables large-scale,
highly parallel single-cell transcriptomics.
Applying this analysis to cells in mouse
retinal tissue revealed transcriptionally
distinct cell populations along with
molecular markers of each type.
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Massively parallel digital transcriptional
profiling of single cells ~ 68000 cells
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Cell

Mapping the Mouse Cell Atlas by Microwell-Seq

Graphical Abstract

Microwell-seq
Cells

>40 Mouse organs and tissues
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In Brief

Development of Microwell-seq allows
construction of a mouse cell atlas at the
single-cell level with a high-throughput
and low-cost platform.

February 2018
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OCHOBHble TPYAHOCTW

* Kak amnanduumposatb U CEKBEHUPOBATb Mmanoe Konunvectso PHK
(B cpeaHeM KneTtka maeKonmuTaloLwmx coaepXut tonbko 200 000
monekyn mPHK)?

* Kak n3onmnpoBaTb KNETKM Apyr OT Apyra’?
e KaK paboTaTtb € 601bLLIMM KONNYECTBOM KNETOK?



Manbin pazmep 6nbanoTekmn

* Manoe Konndectso MPHK aatoT ewle meHbllee KOMYeCTBO MOJIEKYN
KAHK

 KOHK amnanpuumnpytorca MNMLUP-om
* Mbl He XoTum cekBeHmnpoBaTb mHoro MLUP aybankatos

PCR

—H

PCR

I
N
!
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Template switching PCR
for low input

Switching Mechanism At
the 5' end of RNA
Template (SMART)

MRNA
Reverse
lm&sﬁzsz; Epnmer
transcriptase (T)3O
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Sa— cDNA
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(T30

" switch
D XXNAAAANAN

‘PCR

XXX
== CCC
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OCHOBHble TPYAHOCTW

e Kak amnaindumnumpoBaTb U CEKBEHMPOBATb Masnoe Koanvectso PHK (B
cpegHem KneTtka mieKonutarowmx coaeput Tosibko 200 000
monekyn mPHK)?

* Kak U3onupoBaTb KNETKU Apyr ot gpyra?
e Kak paboTtaTb ¢ 60nbLUIMM KONNYECTBOM KNETOK?



Drop-seq

1.Cells from ®
suspension Cell  Microparticle

2 Micropatrticle
and lysis buffer @

+ @ [ ¢

3.0il




KaK 3TO BbIMAANT B *KU3HU Y

Microfluidic device

Barcoded
bead
primers

Droplet
formation




KaK 3TO BbITNAANT B MKU3HU Y
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Drop-seq

1.Cells from ®
suspension Cell  Microparticle 5.RNA hybridization

2.Microparticle
and lysis buffer @

4.Cell lysis
’ N
+ (] < (™ (in seconds)
@ ® mRNA
® @ .‘@
3.0Il

7.Reverse transcription

with template switching STAMPs
6.Break __Gco.\u'j’%( R ‘% NS
droplets = \_ & ! Y- s R}
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bapkoanpoBaHue

AN MBNA
ccc cDNA

Primer
Templatek

swﬂch —

} PCR

m— XXX
= CCC

Barcoded primer bead
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bapkoanpoBaHue

RS Barcoded primer bead
ccc cDNA |

Prlmer N /
Template

swﬂch —

} PCR

m— XXX
= CCC

—_TTT(T27)

PCR
handle
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BbapkoanpoBaHue

AL MBNA Barcoded primer bead

CCC cDNA |
Prlmer N\ /
Template
swﬂch —_
‘ dae 12 bases =
et 16 777 216 TTT(T27)
PCR Cell

handle barcode
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BbapkoanpoBaHue

AL MBNA Barcoded primer bead

CCC cDNA |

Prlmer N\ /
Template
swﬂch —_
‘ dae 12 bases =
et 16 777 216 TTT(T27)
PCR Cell UMI

handle barcode 8 bases =
65 536
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Drop-seg

1.Cells from
suspension O

2 Micropatrticle
and lysis buffer @

+ @ [ ¢

3.0il

7.Reverse transcription
with template switching
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9. Sequencing and analysis
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CeKBeHMpoOBaHMe

Cell barcode  UMI gene cDNA

| _gene A

AATATCGCDCDCATAGGCATG. oo v ve e e eeeenns ATGCCGATC Grouping cell barcodes
Grouping UMIs
Alignment of cDNA

A
>

Cell 1

|:AATATCGCDC DCATAGGCATG

----------------

Gene

ATGCCGATC DDX51
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CeKBeHMpoOBaHMe

Cell barcode  UMI gene cDNA
| IIIIIIIEZ]IIE]‘iZ]I[]IIIIIIIIi
AATATCGCDCDCATAGGCATG. oo v ve e e eeeenns ATGCCGATC Grouping cell barcodes
TGCAATTAACCGCATAGATAC. . v v e eeeeeaaens TTGCATCCC Grouping UMIs

Alignment of cDNA

A
>

Cell 1

Cell 2

[ AATATCGCDCDCATAGGCATG

[ TGCAATTAACCGCATAGATAC

----------------

................

Gene

ATGCCGATC DDX51

TTGCATCCC ACTB
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CeKkBeHMpoOBaHMe

Cell barcode  UMI gene cDNA
[ _:-Zﬁli
AATATCGCDCDCATAGGCATG. oo v ve e e eeeenns ATGCCGATC Grouping cell barcodes
TGCAATTAACCGCATAGATAC . o v vt et e e et TTGCATCCC Grouping UMIs
AATATCGCDCDCAACTTGATA . « v e e e eeee s TATTTAGGC Alignment of cDNA

A
>

Cell 1

Cell 2

[ AATATCGCDCDCATAGGCATG
AATATCGCDCDCAACTTGATA

[ TGCAATTAACCGCATAGATAC

----------------

----------------

................

Gene

ATGCCGATC DDX51
TATTTAGGC CD4

TTGCATCCC ACTB
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CeKkBeHMpoOBaHMe

Cell barcode  UMI gene cDNA Gene
| —:-iIi — [ AATATCGCDCDCATAGGCATG. v v v e veeeenennnn ATGCCGATC DDX51
AATATCGCDCDCATAGGCATG. v v v v veeeeeennn ATGCCGATC Grouping cell barcodes @ AATATCGCDCDCAACTTGATA. v o vt i eeeeeennn TATTTAGGC CD4
TGCAATTAACCGCATAGATAC . ot i i e i i e et TTGCATCCC Grouping UMIs L
AATATCGCDCDCAACTTGATA . « v v e e eeeeenns TATTTAGGC ~ Alignment of cDNA _
y o~ | TGCAATTAACCGCATAGATAC. v vn v vennnnns TTGCATCCC ACTB

GGTACTATCCCAGTTTGCACA. .ot v v e e ennnn CCGATCATA e

9

o | GGTACTATCCCAGTTTGCACA. ot viieinennnn CCGATCATA GAPDH

3

|
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CeKkBeHMpoOBaHMe

Cell barcode  UMI gene cDNA Gene
| —:-iIi — [ AATATCGCDCDCATAGGCATG. v v v e veeeenennnn ATGCCGATC DDX51
AATATCGCDCDCATAGGCATG. v v v v veeeeeennn ATGCCGATC Grouping cell barcodes @ AATATCGCDCDCAACTTGATA. v o vt i eeeeeennn TATTTAGGC CD4
TGCAATTAACCGCATAGATAC . ot i i e i i e et TTGCATCCC Grouping UMIs L
AATATCGCDCDCAACTTGATA . « v v e e eeeeenns TATTTAGGC ~ Alignment of cDNA _
y o~ | TGCAATTAACCGCATAGATAC. v vn v vennnnns TTGCATCCC ACTB

GGTACTATCCCAGTTTGCACA. .ot v v e e ennnn CCGATCATA e
TACCGTAGCCCGTTTGCAGCG. vt v e e ennn e CGCGCAGCG 9

o | GGTACTATCCCAGTTTGCACA. ot viieinennnn CCGATCATA GAPDH

3

|

< [ TACCGTAGCCCGTTTGCAGCG. v v v v ieeenenann CGCGCAGCG ACTB

3

o
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CeKBeHMpoOBaHMe

Cell barcode  UMI gene cDNA
[ _:-Zﬁld
AATATCGCDCDEATAGGCATG .. vvvvivivsismsmmsmsinans ATGCCGATC Grouping cell barcodes
TGCAATTAACCGCATAGATAC . oo vv vt veenvnnns TTGCATCCC Grouping UMIs
AATATCGCDCDCAACTTGATA . v v veeeeennss TATTTAGGC  Alignment of cDNA
GGTACTATCCCAGTTTGCACA. vt v vverevnnnns CCGATCATA >
TACCETABCEEGT T TGCAGER . vwwwmssmamns CGCGCAGCG
TGCAATTAACCGCATAGATAT ;.sss 5o sisssisisimiinis CATCCCATG

Cell 3 Cell 2 Cell 1

Cell 4

Gene
[ AATATCGCDCDCATAGGCATG. v v e v e eenenn ATGCCGATC DDX51
AATATCGCDCDCAACTTGATA . . oo e e e ee e e TATTTAGGC CD4
*TGCAATTAACCGCﬁTAGATAC‘ ................ TTGCATCCC] ACTB
TGCAATTAACCGCATAGATAC. « v vt vi e eennennn CATCCCATG |ACTB
[ GGTACTATCCCAGTTTGCACA. v v vt vt e iennnnnn CCGATCATA GAPDH
[ TACCGTAGCCCGTTTGCAGCG. v v v e e eeeeennn CGCGCAGCG ACTB
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CeKBeHMpoOBaHMe

Cell barcode  UMI gene cDNA
[ _:-iIi

AATATCGCDCDCATAGGCATG. oo v ve e e eeeenns ATGCCGATC Grouping cell barcodes
TGCAATTAACCGCATAGATAC . . v i e e e eee e TTGCATCCC Grouping UMIs
AATATCGCDCDCAACTTGATA . « v v e e eeeeenns TATTTAGGC  Alignment of cDNA
GGTACTATCCCAGTTTGCACA. + v v e v eeee e CCGATCATA >
TACCGTAGCCCGTTTGCAGCG. 2 v v e vee s CGCGCAGCG

TGCAATTAACCGCATAGATAC. oot v veeeeeenn CATCCCATG

AATATCGCDCDCATAGTGGAT . v v v e viee e ATGACAGAT

TGCAATTAACCGCCTAGATAG. v vt vveeeeeenns CCTAGAGAT

TACCGTAGCCCGTTTGACACC . v v v e v vee e CCTGGATAC

TACCGTAGCCCGTGACTAGGG . « v v e v vvee s CCATGGGCT

GGTACTATCCCAGCTAGCATG. v v vvveeeevnnnn. TAAATCGCC

GGTACTATCCCAGCCTAGAGA. « v vvvee e evnnnn. CTAGACGGC

----------------------------------------------

Cell 3 Cell 2 Cell 1

Cell 4

Gene
[T AATATCGCDCDCATAGGCATG. v v v e e e eeeeenn ATGCCGATC DDX51
AATATCGCDCDCAACTTGATA . ¢ oot e et e e TATTTAGGC CD4
L AATATCGCDCDCATAGTGGAT . v vt e e e e eeennn ATGACAGAT ACTB
TGCAATTAACCGCﬁTAGATAC‘ ................ TTGCATCCC_}ACTB
TGCAATTAACCGCATAGATAC. v v vt e e e e e e ens CATCCCATG |ACTB
L TGCAATTAACCGCCTAGATAG. v v vt ee e e e e ens CCTAGAGAT RPS15
[ GGTACTATCCCAGTTTGCACA. .o i v e e e i eennnn CCGATCATA GAPDH
GGTACTATCCCAGCTAGCATG . v vt v v v ennen v TAAATCGCC GTPBP4
L GGTACTATCCCAGCCTAGAGA. v vt eeeneenns CTAGACGGC ARL1
T TACCGTAGCCCGTTTGCAGCG. v v v v ee e eaeenn. CGCGCAGCG ACTB
TACCGTAGCCCGTTTGACACC . v v vttt e e e e CCTGGATAC NOP2
L TACCGTAGCCCGTGACTAGGG. + v vt v e iinvennn CCATGGGCT NOTCH2

oooooooooooooooooooooooooooooooooooooooooooooo

32



CeKBeHMpoOBaHMe

Gene
< o D }—
o () 0 < (Lr]
— [ AATATCGCDCDCATAGGCATG. « v eeevevnnnn ATGCCGATC DDX51 Q § § g
§ AATATCGCDCDCAACTTGATA. . v v vvvvvnnnnnnn TATTTAGGC CD4 ¥ 2 & )
| AATATCGCDCDCATAGTGGAT . v v oo e vevnnns ATGACAGAT ACTB E ';_:I Q g
= Q) | ()
" _TGCAATTAACCGCﬁTAGATAj ................ TTGCATCCC]ACTB Cell: S 2 B il
T | TGCAATTAACCGCATAGATAC. oo vvvvvevnnnnn. CATCCCATG |ACTB Count unigue UMIs
S TGCAATTAACCGCCTAGATAG CCTAGAGAT RPS15 q Gene 1 16 @3 12 14
- Tt Create digital Gene 2 ©5 00 00 00
on [ GGTACTATCCCAGTTTGCACA. « v v eeeveennnn CCGATCATA GAPDH expression matrix Gene 3 12 10 15 10
@ GGTACTATCCCAGCTAGCATG. v v v eeverennnnn TAAATCGCC GTPBP4 P T T
| GGTACTATCCCAGCCTAGAGA. . oo vvvvernncsas CTAGACGGC ARL1 Gene M 11 01 006 .. 090
<« [ TACCGTAGCCCGTTTGCAGCG. « v o e eeee e CGCGCAGCG ACTB
@ TACCGTAGCECETTTGACALL : 5 isis » 5.m0m & 50 5 5 5 CCTGGATAC NOP2 MaTpuua onucbiBaeT IKCNPEeCccuto
| TACCGTAGCCCGTGACTAGGG. + ot oo evesennnn. CCATGGGCT NOTCH2 ThICAUYM FEHOB B ThiCAYaX K1ETOK
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[lpeononeBaa TPYAHOCTU

* Manoe Konnyectso PHK — template switching PCR

* Kak nsonnpoBatb Knetkn — microfluidics

* Kak ngeHtnéunumposatb npoudteHus (puabl) — Cell barcodes
* Kak 6opoTbea ¢ PCR-agynamkatamu — Cell/UMI barcodes



[lpeononeBaa TPYAHOCTU

* Manoe konnyectso PHK — template switching PCR
* Kak nsonnposatb Knetkmn — microfluidics (moxxer meHaTbeA)

* bBapKoaupoBaHMe C NOMOLLbIO MUKPOUYACTUL, MOKPbLITbIX 6apKoaamu
nokasano ceba oueHb apPeKTUBHbLIM



EcTb 1 BONPOCHI?

e Jlyylle cnpocuTb cenyac Bonpochbl no bmuonormuy,
fanblle byaeT 4acTb NPO aHan3



basosble warn B aHanmse single-cell RNA-seg

* dunbTpaumna naoxmx 6apkogos
* Hopmanusauyuma skcnpeccum

* Busyanusauma (tSNE plots)

* Knactepusauma

* ONucaHne KNeTo4YHbIX noaTtununos
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Hy*KHO HOpMa/IM30BaTb!
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Hy*KHO HOpMann3oBaTh!
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Hy*KHO HOpMa/IM30BaTb!
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Hy*KHO HOpMann3oBaTh!

AATATCGCDCDCA
TGCAATTAACCGC
GGTACTATCCCAG

Cell:

TACCGTAGCCCGT
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basosble warn B aHanmse single-cell RNA-seg

e dunbTpaumsa nnoxmx bapkoaos
* Hopmanusauusa skcnpeccuu

* Busyanusaumsa (tSNE plots)

* Knacrtepusauma

* ONucaHne KNeTo4YHbIX noatununos
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PBMC dataset: visualization by tSNE

tSNE (t-distributed stochastic neighbor
embedding):

HenmHenHbi meTod, NOHUXKEHUS
pasmepHocTn. MeTtoa nbiTaeTcA
NMOMECTUTb BCE TOYKM (B HaLLEM C/lyyae
KNEeTKKN) B 2 nan 3MepHOe NPOCTPAHCTBO,
COXpPaHAA PacCTOAHUE™ MmeXKay TOYKaMM B
N3Ha4Ya/IbHOM MPOCTPAHCTBE.

Mbl nogaem nepsble 10-20 rnaBHbIX
KOMMOHEHT (M3 meToaa rMaBHbIX
KOMMOHEHT) Ha BXoAa anroputma tSNE
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tSNE_2

-25+4

-40

-20

tSNE_1

20
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PBMC dataset: visualization by tSNE

tSNE:

Knetku (To4kn), KotTopble bamke
APYT K APYry C OPUrMHaIbHOM
MHOFOMepPHOM MPOCTPAHCTBE,

byayT 6aunKe Apyr K Apyry B
tSNE npocTpaHcTBe

tSNE — HennHenHan
TpaHchopmauma, U KOOPAUHATDI
ToyeK B tSNE-npoCTpaHCTBe He
NMEIOT UHTEPNPETUPYEMOTO
buonorm4yeckoro 3Ha4eHms
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PBMC dataset: check for the known markers
CD3D —T cell marker

CD3D expression
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PBMC dataset: check for the known markers
CD79A — B cell marker

CD79A expression
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PBMC dataset: check for the known markers
CD14 — monocyte marker

CD14 expression
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PBMC dataset: clustering and annotation
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Clustering:
* Graph-based clustering
* K-means

25

tSNE_2

=254

-40 .20 0 20

40



Gene expression
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Abstract

Motivation: The recent advance of single-cell technologies has brought new insights into complex
biological phenomena. In particular, genome-wide single-cell measurements such as transcrip-
tome sequencing enable the characterization of cellular composition as well as functional variation
in homogenic cell populations. An important step in the single-cell transcriptome analysis is to
group cells that belong to the same cell types based on gene expression patterns. The correspond-
ing computational problem is to cluster a noisy high dimensional dataset with substantially fewer
objects (cells) than the number of variables (genes).

Results: In this article, we describe a novel algorithm named shared nearest neighbor (SNN)-Cliq
that clusters single-cell transcriptomes. SNN-Cliq utilizes the concept of shared nearest neighbor that
shows advantages in handling high-dimensional data. When evaluated on a variety of synthetic and
real experimental datasets, SNN-Cliq outperformed the state-of-the-art methods tested. More import-
antly, the clustering results of SNN-Cliq reflect the cell types or origins with high accuracy.
Availability and implementation: The algorithm is implemented in MATLAB and Python. The
source code can be downloaded at http://bioinfo.uncc.edu/SNNCliq.

Contact: zcsu@uncc.edu

Supplementary information: Supplementary data are available at Bioinformatics online.

 BmecTo TOrO, YTOObI
NbITaTbCA HAXOAUTb
K/1acTepbl MO PacCTOAHUAM,
Mbl OS5 KaXKO0MN KNETKU
Hangem eé «coceaem»

e KNeTkun, y KoTopbIX MHOTO
cocefen cKopee Bcero
XUBYT B OAHOM «PaMNOHEN

* ANITOPUTM NblTaeTcA
HAaXo0AUTb «PaNOHbI» KNETOK
B AaTaceTe



Making sense

* Korpga kKnactepbl HAMAEHbI U €CTb BO3MOXKHOCTb MPOBEPUTH

IdKCNnpeccunio reHos, HYXKHO M,EI,GHTMCI)I/ILI,I/IpOBaTb K1eToO4YHble NoATUMbl:
CKa3dTb KTO, €CTb KTO

* Ecnv Bbl BMOMHPOPMATUK U Bbl aHANIUBUPYETE YyXKUE AAHHbIE, B 3TOT
MOMEHT Bbl 06A3aTeNbHO AONMKHbI BbINTU U3 AOMUKA U NOUTU
NOroBopuTb € BNONOrom, KOTOpble 3TN AaHHble caenan

* Ecnu Bbl 6Bmnonor, kotopbin aenaet single-cell RNA-seq, To ckopee
BCEro, HUKTO Jyylle Bac He 3HAaeT BCE MAPKEPbI N BCE K/IETOYHbIE
NoATUMbI B BalLMX AAHHbIX.



Frequency

Gene expression in the cell

~33000 undetected genes
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Latest things

* 5" scRNA-seq is different from 3’ scRNA-seq
* 5" scRNA-seq allows us to get TCR and IG repertoires of the cells



3" scRNA-seq
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Brief Communication

Simultaneous epitope and transcriptome

measurement in single cells

Marlon Stueckiusm, Christoph Hafemeister, William Stephenson, Brian Houck-Loomis, Pratip K

Chattopadhyay, Harold Swerdlow, Rahul Satija & Peter Smibert

rights reserved.

BRIEF COMMUNICATIONS

Multiplexed quantification
of proteins and transcripts
in single cells

Vanessa M Peterson!>, Kelvin Xi Zhang2’5,

Namit Kumar!, Jerelyn Wong?, Lixia Li!, Douglas
C Wilson?, Renee Moore?, Terrill K McClanahan?,
Svetlana Sadekova® & Joel A Klappenbach!

nature
biotechnology

the standard 10x Genomics single-cell (sc)RNA-seq platform?, which
is a droplet-based system designed for 3' digital counting of mRNA in
thousands of single cells.

REAP-seq leverages the DNA polymerase activity of the reverse tran-
scriptase to simultaneously extend the primed AbB with the poly(dT)
cell barcode and synthesize complementary DNA from mRNA in the
same reaction. Exonuclease I is then used to degrade any excess unbound
single-stranded oligonucleotides from the protein double-stranded (ds)
DNA (~155 bp) products to prevent crosstalk between AbBs and cell
barcodes from different cells (Supplementary Fig. 4). Dextran sulfate
was added to AbB labeling buffer to reduce non-specific binding of nega-
tively charged DNA barcodes to the cell surface and isotype controls
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Seq-Well: portable, low-cost
RNA sequencing of single
cells at high throughput - [

Todd M Gierahn!-8, Marc H Wadsworth I12-%8,
Travis K Hughes?=*8, Bryan D Bryson*>,

Andrew Butler®’, Rahul Satija®’, Sarah Fortune®>, | sus;
J Christopher Lovel-»%? & Alex K Shalek?3%? —
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5" scRNA-seg

Inside individual GEMs Pooled cDNA processed in bulk
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