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Why Sequence Single Cells?

Let's do bulk
~ RNA-seq..
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Analysis of gene expression in single live neurons

(amplified, antisense RNA /expression profile/mRNA complexity /pyramidal cell)
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Article | Open Access | Published: 19 October 2020

Single-cell transcriptomics identifies divergent
developmental lineage trajectories during human
pituitary development

Shu Zhang, Yueli Cui, Xinyi Ma, Jun Yong, Liying Yan, Ming Yang, Jie Ren, Fuchou Tang, Lu Wen & & Jie
Qiao

Nature Communications 11, Article number: 5275 (2020) | Cite this article
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The Rapid Rise of Single Cell Biology

Single Cells in Study

Multiplexing

Integrated Fluidic  Liquid Handling

Nanodroplets Picowells

In situ barcoding
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Study Publication Date

~10-fold increase in # of cells profiled every other year



Many Flavors of Single cell ‘Omics

Lineage State Trajectory
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Single Cell Transcriptomics



Step 1: Partitioning Cells
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Step 2: Library Preparation

EECheEn 000 What question are you asking?
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Ziegenhain et all. Mol Cell 65:4, (2017), 631-643.e4



Most Common Platforms

* Droplet / Bead
* 10X Genomics Chromium q!
* BD Rhapsody
e ° Bio-Rad ddSeq =

* Plate-based
* SMART-Seq (v2, v3)
* CEL-Seq2

Cell Bead

* Nanowell o (¥
* Seq-Well == H




Which Method Should | Use?

Low Cost per Cell
100

Cell Recovery
Efficiency

Transcript
Coverage

Flexibility /

- .. Depth Per Cell
Customization

Low Capital
Investment

—10X Genomics =—Smart-Seq2



Systematic comparative analysis of single cell RNA-
sequencing methods

120,000 Mouse / Human cell line mixture
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Mouse Fibroblasts:
Unigue Genes Detected across technologies




10X Genomics Platform

Chromium Controller * Hydrogel barcoded beads

e Pseudo-single Poisson Loading

e Partition up to 80,000 single cells per run
* ~10 min run time

* ~50% of input cells generate usable data

* Partition cells up to 30um in diameter

* ~1% doublet rate, scales linearly w/cell #

“Lingua Franca” of single cell transcriptomics



10X Genomics Workflow
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Single Cell 3" Chemistry Overvivew

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

5 ' Read1 10x UMI Poly(dT)VN

B 4z C C C I

: Harcode l Poly-dT Primer
1 3'4444 i
: . A AAAAAAAAAA 5' :
l Reverse Transcription
: A :
: AAAAAAAAA— :
i I cce §
l Template Switch Oligo Priming
i AAAAAAAA 150
: A4 AAAAAAAAAA fefielie] | |
: - ccc ;
Template Switch,
; A l Transcript Extension :
: AAAA i

AAAAA— rGrGrG NG i



Pooled cDNA amplification Bioanalyzer
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Anatomy of a 10X 3’-Single Cell Amplicon
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Unique Molecular Identifier (UMI)

Random ~8-10bp sequence incorporated during oligo synthesis
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Mapping and Transcript Quantification

Cellranger Count pipeline: 10X Genomics support page

CHROMIUM SINGLE CELL 3" SOLUTION

VISUALIZATION

10x
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~ Barcode Transcript ~ Gene-Cell ~  Expression ::
Processing Counting Matrix Analysis

ALIGNMENT

BAM,
Matrix

FILE FORMATS

. Standard Pipeline Stages 10x Genomics Stages


https://support.10xgenomics.com/single-cell-gene-expression/software/pipelines/latest/what-is-cell-ranger

Digital Gene Expression,

1543

“Deep” Single Cell Libraries ‘
Well-based, eg. SmartSeq 0

Not Coverage

F|u|d|gm Cl Bco1sso1| i

Droplet — Based DGE libraries

Drop-Seq |
BCo15891) >

|

E

10X Genomics
Seqg-Well

| SRS

|



How Deeply Should | Sequence?

Sequencing Saturation Median Genes per Cell
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Sparse sampling of gene expression

Genes

Gene-Cell Sparse Matrix
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Basic output of scRNAseq pipeline
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Pseudotime analysis
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https://cole-trapnell-lab.github.io/monocle3/docs/installation/



https://cole-trapnell-lab.github.io/monocle3/docs/installation/

Pseudotime

Dozens of methods developed

Vary in terms of feature selection,
dimensionality reduction, tree
construction, etc

Saelens, W., Cannoodt, R., Todorov, H. et al. A comparison of single-cell trajectory inference methods. Nat
Biotechnol 37, 547-554 (2019). https://doi.org/10.1038/s41587-019-0071-9
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Pseudotime — which method to use?
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Saelens, W., Cannoodt, R., Todorov, H. et al. A comparison of single-cell trajectory inference methods. Nat
Biotechnol 37, 547-554 (2019). https://doi.org/10.1038/s41587-019-0071-9



RNA Velocity

Gene structure

Estimates rates of change in mRNA = me= e N
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RNA Velocity

Bulk RNAseq from mouse circadian rhythm data
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Inferring Differentiation Trajectories from RNA Velocity
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SCENIC
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Transcription Factor Activity Inference

Coexpression modules
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Aibar et al. (2017) Nature Methods. SCENIC: single-cell regulatory network inference and clustering
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scRNAseq is a poor cytometry tool

UMAP2

Treatment_Group

* Unreliable — highly sensitive to conditions

* Expensive
* Low throughput
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Blind Spots
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BLIND SPOT

* Some cell types might be missed

 Low mRNA count —filtered from matrix
* Early 10X Genomics Software (v2)
* Defaulted to exclude lots of lymphocytes

Hard to dissociate from tissue
* Fibroblasts

Cells might die quickly during prep
* Stem cells

Fragile: (Acinar cells, Plasma cells)

High RNAse / protease content (Acinar, Neutrophils)
* Peripheral blood neutrophils especially!!!

Doublets / Multiplets




Doublets

Bead
Cell 2

Cell 1

*DoubletFinder - [R] - Doublet detection in single-cell
RNA sequencing data using artificial nearest
neighbors. BioRxiv

*DoubletDecon - [R] - Cell-State Aware Removal of

Single-Cell RNA-Seq Doublets. [BioRxiv](DoubletDecon: Cell-
State Aware Removal of Single-Cell RNA-Seq Doublets)

*DoubletDetection - [R, Python] - A Python3
package to detect doublets (technical errors) in single-cell
RNA-seq count matrices. An R implementation is in
development.

*Scrublet - [Python] - Computational identification of
cell doublets in single-cell transcriptomic data. BioRxiv

* Proportional to concentration
of cell suspension

Scrublet
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Calculate fraction of neighbor graph
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Wolock et al. (2018) bioRxiv


https://github.com/chris-mcginnis-ucsf/DoubletFinder
https://www.biorxiv.org/content/early/2018/06/20/352484
https://github.com/EDePasquale/DoubletDecon
https://github.com/JonathanShor/DoubletDetection
https://github.com/TomKellyGenetics/DoubletDetection
https://github.com/seandavi/awesome-single-cell/blob/master/github.com/AllonKleinLab/scrublet
https://www.biorxiv.org/content/early/2018/07/09/357368
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Batch effects and study design
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Multiplexing Using Natural Genetic Variation
Demuxlet

d
i .

Ll | @O@ © ©0 o®
l 2@3@@@@@% Doublet
¢ —» © @@@ ®®®@@_’ demuxlet removal
E @®@@®®®® Demultiplex
o ®0
SeleIaC © =0 e
Encapsulate genetically ~ cDNA labelled with © ®
diverse cells in drops genetic & cellular ks TR
barcode ®® ®® @@ @
b © —_—AA—X —A— C Undetected doublet

000 —%= —%*x RERRO
© Og - - & COCSED

o\ e —ee HE@OHEEE)

o e BEG@HEHRO)

ey Ny, SIS S

0. —F T o 0000080
® @O —dl/ Tﬂ’c;f @@@@@@.@ Jimmie Ye lab
@ G/eis T X @@@@@@@@ Immie Ye la

Nature Biotechnology 36, 89-94 (2018)



Sex —matched studies are helpful!

Major confounder: Male / Female
Treatment: Female
Control: Male

Consequence:

Unsupervised differential gene
expression calling will be dominated
by sex-specific expression. No way
of separating this variable from the
treatment variable

Xist: KPC Xist: KPCi
-,
o4
g .0‘
’ L]
L
Ddx3y: KPC Ddx3y: KPCi
)
o o I
o« %

Chromosome
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logfoldchanges

Treatment
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Controlling for batch eftects

WT

Genes Detected

Ctrl ®

KO @

KO

10 10
10* - 10°
2
(8]
10° £ 1¢°
(=]
172}
10° © 10
[
. O
10 = Unique Genes 10 = Unique Genes
0 = UMIs 0 - UMIs
10 10
10° 10° 10° 10° 10° 10°
Barcodes Barcodes
Differential expression between “empty” droplets:

WT KO
I R S S S P
8835588 % S EE 0 8087 85 833858488 8R°
IIIOn ) o 9 OO0 g &

e S
S S
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~N ~N

Ambient RNA
in droplets

Significant sources of
contaminating mRNA:

Erythrocytes
0.02 WT: Epithelial
00t Granulocytes
KO: Acinar cells



Droplet# 1

10X
Cell Bead
Emulsion @

10X
. // N Bead
] ®

&

Ambient RNA: "SOUP” I

Soup 2>
10X
Read counts

Proportion of droplet reads




Expression profile

Cell“marker” Soup-specific Mitochondrial 7/ Soup Cell-specific
2

genes genes

@
Observation Soup (empty droplets)
(cell + soup)

Young and Behati (bioRxiv) 2018.

genes 7]  expression expression

© O
3%

30%

(1-p)

90% Estimate contamination
by comparing expression
of soup-specific genes

p=3/30
=0.1

Cell

https://www.biorxiv.org/content/10.1101/303727v1



https://www.biorxiv.org/content/10.1101/303727v1

Getting started with your own analyses

Rahul Satija - R https://satijalab.org/seurat

SEURAT é R toolkit for single cell a’égenomics

i

Fabian Theis - Mlinchen

Monocle

nalysis toolkit for 'glec ell RNA-seq

scanpy ’\

https://scanpy.readthedocs.io/en/latest/

Macosko lab

|
3
:
Python Cole Trapnell -WashU

[ AWESOME SINGLE CELL RESOURCE https://github.com/seandavi/awesome-single-cell]



https://satijalab.org/seurat/
https://scanpy.readthedocs.io/en/latest/
https://github.com/seandavi/awesome-single-cell

Loupe Cell Browser

» EE | t-SNE -3 ‘ l Categories K ‘
-
& Cluster 1
& Cluster 2
Cluster 3
? &4 Cluster 4
_i ¥ Cluster 5
i 4 Cluster 6
n Cluster 7
: Cluster 8
T & Cluster 9
— Cluster 10
L Cluster 11
0‘ 4 Cluster 12

Cluster 13

Significant Feature Comparison ©
Globally Distinguishing -

Feature Type

Gene v

https://support.10xgenomics.com/single-cell-
gene-expression/software/downloads/latest

Can:

* Quickly visualize genes

* Do guided clustering via marker
genes / tSNE selections

* Calculate Differential Expression

* Export cells and gene sets for
reanalysis on Cellranger (cluster)

Can’t

* Redo unsupervised clustering /
tSNE / UMAP

Repeat PCA / gene set selection
Pseudotime, other fancy things


https://support.10xgenomics.com/single-cell-gene-expression/software/downloads/latest

The Best Site On the Internet.

Probably.

* https://github.com/Teichlab/scg lib structs

Detailed visual guides to dozens of single-

cell genomics methods

Adapter and primer sequences:

Barcoded TnS sequence s5: 5'-
Barcoded TnS sequence s7: 5'-
Tn5 binding site 19-bp Mosaic End (ME) bottom: 5'- /Phos//

PS index primer entry point (s5): 5'- -3'
P7 index primer entry point (s7): 5'-

PS5 index primer: 5'- AATGATACGGCGACCACCGAGATCTACAC[iS]
P7 index primer: 5'- CAAGCAGAAGACGGCATACGAGAT[i7]

Read 1 sequencing primer: 5'- GCGATCGAGGACGGCA

Index 1 sequencing primer (i7): 5'-

Read 2 seuquencing primer: 5'- CACCGTCTCCGCCTCA

Product 1 (s5 at both ends, not amplifiable due to semi-suppressive P(CR:

S'- GCGATCGAGGACGGCA

Product 2 (s7 at both ends, not amplifiable due to semi-suppressiev PCR):

S'- CACCGTCTCCGLCTCA

“"What I cannot create, I do not understand.” --Feynman

<] GCGATCGAGGACGGC/
« ] CACCGTCTCCGCCTCA
-3’
-3
-3
-3
-3

GAGGCGGAGACGGTG -3"

-3

AGXXXXXXXXXXXX. . . XXX

XXX, . XXXXXXXXXXXXGACA

AGXXXXXXXXXXXX. . . XXX

XXX, . XXXXXXXXXXXXGACA

-3

.
2
“,
N
Qﬁk%
%
_3’
&
¥
~§y
&
AGACGGCAGGAGCTAGCG -5'
AGACTCCGCCTCTGCCAC -5


https://github.com/Teichlab/scg_lib_structs

Hacking Droplets




scifi-RNA-seq

Combinatorial fluidic indexing

Massive improvement in # cells
Up-front barcoding in plates via RT
Swaps chemistry of 10X Genomics:
* Uses 10X Gel beads
e Ligation instead of RT

Up to 150,000 cells per channel
(15X increase)

scifi-RNA-seq method design

Round 1 indexing by reverse transcription on microwell plate

phos| iz 0L RGN TTT. .. TTTVN
AAA...AAABN
Round 2 indexing by thermoligation in microfluidic droplets

5 Round2 pR1N IPBSTUMI Round1 pua e aeaY))

+[s[6 Bridge Oligo

Template switching and cDNA enrichment

P5 Round2 pR1N IPBS UMI Round1 janrs gl

=)
P5 Round2 pR1N IPBSTUMI Round1 tRRFESRRL]

Tagmentation with custom transposome and library enrichment

P5_ Round2 pR1N IPBSNUMI Round1 hnusiee s eVl
[ I /A . . AAABN

-
P5 Round2 pR1N IPBS UMI Round1 LRameepaavl

Next-generation sequencing (lllumina NovaSeq 6000)
Composite cell barcode
Index 2 [16b] Read 1 [21b]

ﬁ. ..... ﬁ ........
P5 Round2 pR1N IPBS UMI Round1 tanmeeaea'l

[ I /A . AAABN

Paul Datlinger, André F Rendeiro, Thorina Boenke, Thomas Krausgruber, Daniele Barreca, Christoph Bock

doi: https://doi.org/10.1101/2019.12.17.879304

Cccc

Cccc

CCC mmmmmmm)
GGG

]
(—————

Tagmentation
I custom i7-only Tn5

Sample
barcgde P7
0 e

Index 1 [8b]

R2N Sample ' P7

¢mmmRead 2 [78]



Genotyping of Transcriptomes

Barcoded & @ Fragment and
beads 3‘ ' Reverse Oe}\o°® Oev“ prepare I|brary
transcription _ © o \5 0 @

° I_I L/— R Integrate whole
2 ~90% / '\’ @ : ;

| transcriptomic

—»>
- -EEEEE :
Cells 1I—I | \ m /” Sequence ~ and genotyping

.- - information
Enzymes FUTR 5
- . l"!\l-
Amplify with 1% Amplify
@ Generate droplets @ gene-specific primer locus of interest
Sm'l('n(:f’? %87)6) mWT b Higher in WT HSPC.Higher in MUT
S ©NA (n=2,108) MUT Py 55935”'”9: 5
EP L1 txBPT
o
3 ! ! CALR
. NP % | | / «CDB9
Mk g, : 14, NFKBIA
) : ¥+ S0D2
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Z Fc | el e scialo
@ b
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L, tonet - N 1'

Fold change (expressed in log,)

Nam et al. Nature 571, 355-360(2019)



CITE-Seq / REAP-Seq

fAntibody binding, Single cell droplet encapsulation ) )
™ washing cells Cells oil / Antibody Derived Tag (ADT)
- sequenced as part of normal 10X run
/_' Enables:
4 \
e | * Simultaneous mRNA + Protein Abundance
hml't\’)NaAs and F??til?ody-oligos ) ‘ Siie Zele;tl'eg cDNA
ybridize to RT oligos and or standard library prep e . T
B e with ool barcode | * Increased sensitivity to individual targets
TTTTTTTTTTTTT I AMAAAAAN
I TTITITITT)  —
R, w7« ‘Superloading’
TTTTTTTTTTTIT Size selected antibody
R PBAAAARRAZ, oligo products for further
ﬁﬁ/ TTTTTTTTTTTTT library prep
AAAARARAAAAA

Stoeckius et al. Nature Methods 14, 865-868 (2017)



CITE-Seq / REAP-Seq
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Multiplexing with ADTs: “Cell Hashing”

A - N\

g i3] ‘ o

v N

4

) e, % C
Library preparation, Analysis & °® 4 ;. °
Samples Label with & sequencing demultiplexing LYY 0..
hashtag oligos
(HTO) W,

Sort multiple bins = HTO Label = Repool & Capture

Stoeckius, NYGC



DART-seq

Droplet-Assisted RNA Targeting by single-cell sequencing

* Modification of barcoded bead to prime non-poly(A) transcripts
* Ligate gene-specific primers to subset of oligo-dT sites via bridge oligo
e Careful titration of primers necessary

PCR Cell PCR Cell Custom
handle barcode  UMI Poly dT handle barcode UMI PolydT  primer
...................................... «‘“
""""""""""" Ligase TTTTT == [Primer}
) AAAAA wws [Primer’]
’
+ “’4,? r
e [Primer] s 44 220
AAAAA == [Primer’] [Primer) em— \ /’OI"
AAAAA [Primer’] /p/‘/,”be,_
gt ,
Drop-seq bead g R * DART-seq bead
- L1 L2 L3 M1 M2 M3 S1 S2 S3 S4
& 80 - Drop-seq l
S 40 -
2 0
O 80 4 DART-seq | 1 1 | 1 I [ | I
'c .
& 40 - design-1 | | | | I | | o1 |
% 0 - -1 ] Aad I B | . SR Y W[w J—_ L
£ 80 4 DART-seq
O 40 4 design-2
z O et - - - PO NN e v— el . . o - ada ||
rrrrror oo T rrorrrrrrrorrorrrroro o r oo ororrrnr v or v v rd [ | T rri
Position

Saikia, M., Burnham, P., Keshavjee, S.H. et al. Simultaneous multiplexed amplicon sequencing and transcriptome profiling in single
cells. Nat Methods 16, 59-62 (2019). https://doi.org/10.1038/s41592-018-0259-9



Perturb-Seq

A

(1) Load complex pool of CRISPRI (3) In-droplet cell lysis
perturbed cells transduced with and reverse transcription (RT) (5) Specific enrichmant of
5gRNAs and peired GBCs g guide-mapping amplicon by PCR
i?:lﬁ . @ . RT enzyme /. \ /\(’\\V\ l — i —— —CT R S——
L‘.... mix \"‘*/‘ \\’)‘/ —
. . . - - A —_——— —
.. > - ‘ |___CBC UM GBC ™ — - e |
gel beads carrying i b b ’_,, T ,
RT primers + e f ,"“ \ *\ N 3 : w
cell lysis buffer ! "_ ._’ )8 _'= g ‘ \/‘& g& (6) Obtain single-cell
’ % 'Y T @ transcriptomes with
(2) Droplet encapsulation g (4’ l?er:al l:xemulsaon an:l T Ui g et
droplet. pooled library preparation p 0%
of beads, cells, lysis buffer, . by sequencing
and enzyme mix \V barce e CBC UM of mAhA
— R PR
V 5_\, - e
Y _
N\ arpiifind
¢ .\V = —am— —eee— DNA
Ioea
2 =
¢ —a—— e
T —

Adamson et al. (2016). Cell 16(7), 1867-1882.e21



Single Cell 3'

TruSeq Read 1 Poly(dT)VN

10x UMI
M mm) mRNA
Nextera Read 1

(Read 1N) 10x ypm CaptureSequence

BC
v3 Gel Bead m) Antibody tags

Nextera Read 1

NESN
‘ Cas9 tracrRNA

* Multiple RT primer sequences per bead
* High efficiency capture of antibody tags, CRISPR guides

Capture Sequence 2 on Gel Bead: s-ccrmcoeseianmiceroace-3

Capture Sequence 2
integrated in sgRNA hairpin Upper Stem &

LowerStem " K
ol
Protospacer

Capture Sequence 2

integrated in sgRNA 3'-end Upper Stem ) "

Lower Stem : : I
Protospacer



TCR/BCR Profiling

LVl LVgn LVgl LVgn DgiDg2 J51)2 (& LV§S Jolg2 Jun  Cgq

G- a-chain ONA S—Hi - HEE—HE -+ HE—H— H I H —
J

Y

LVl LVg2 LVglglan Cq

Rearranged o-chain DNA s.Hj_IDH:[_D_C]_ 3’

N

Vo dao C
Protein product of3 heterodimer i

VEDpIpCp
1 R

T
0
Lvgl Lvgbplp Cp Dp2 Jp——— Cp2  Lvpl4
Resranged - chan DN sHll- HI - HHHHH - -
~

_——

LVg LVpn Dp Jp—— Cp1 Dgp2 Jp——  Cp2  Lvpl4

Germoep-<hainona. -l HEH-B—HHHHHH-ESHHHHHHHHESHE-+

CDR3 Reads from 3’ droplet-based scRNAseq

{o: H ”
Interesting part > >
A ﬁ

Vv D C



5’-Barcoded Libraries

da@‘
««««x 3 w‘* CDR3
Naa PPPP 17‘_\
™
/ VB [Dp | cp TCRB
e ¢ Y J
& ~900bp
1P
|
Read 1: 150 n|
+UMI +Switch +Insert Ir
. | — I
- IS E— | | I
MI Switct '
P5 Read 1 U 55(:;21 Read 2: 150 Read 2

Insert

Problem: standard transcriptome libraries have strong 3’-bias
CDR3 mapping requires 5’-Barcoded library

Random fragmentation to sample different 3’-ends of reads
Require much longer reads (300bp) at a depth of 5,000X / cell



10X VDJ output example

V-J usage

irwise
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Individual V / J usage
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Cell

Potent Neutralizing Antibodies against SARS-CoV-2
Identified by High-Throughput Single-Cell
Sequencing of Convalescent Patients’ B Cells

U = 38 — X AN O, ,
® . VNI

L = I
e N
‘ CD27+ pulidown Single-cell RNA and VDJ N F I ) ﬁ
sequencin ene expression X
» quencing A
1 Or

;;; T*% l - I

g ~_ .
2 AD,
=~ . C — e 2t T "\f”‘ £
PBMCs isolation B cell enrichment . U _c S — 24 AD
' N Antibody expression and Virus neutralization
affinity assays assay
Spike/RBD protein VDJ assembling and Lineage Analysis
pulldown heavy-light chain pairing
2 days




Switched memory B cells
Non-switched memory B cells
Exhausted B cells

Naive B cells

50

25

tSNE 2

25

-50

@ Natural killer cells
® Monocytes

® Dendritic cells

@ T cells

40

20

1SNE 1

20 40

Rapid Filter for Neutralizing antibody candidates:

VDJ sequencing:

1. Select only IgG1 isotypes

2. Clones with multiple observed cells
3. Clones with somatic hypermutation

Gene expression analysis
1. Exclude exhausted and naive phenotypes
2. Favor memory and plasma phenotypes



Other high-throughput platforms



Combinatorial Indexing
Split-Seo

\ in situ Reverse
Transcription

_AAMA/

-lLLUTTTTT
'\ —m
Ligation of 1** Well
Specific Barcode
JIIITTTTT
S,
I
Ligation of 2" Well
Specific Barcode
— IR
B R
Ligation of N* Wed
N Specific Barcode,
UMI, and PCR Handle
¢ ) —Imm R

Template Switch
Reverse Transcription

U. Washington
Seelig Lab




Combinatorial Indexing
Scl-Seq

A in situ RT with barcoded primers (1% barcode) 2 strand synthesis, tagmentation,
& PCR (2™barcode)

Methanol fixed Distribute to
x-well plate(s)

lls or
cells o

extracted nuclei*

Pool amplicons & deep
sequence to generate
single cell 3' digital

gene expression profiles

B £ 40000 .
UMI (8bp) e Human e Human
RT barcode (10bp) « Collision 60000 - « Collision
oligo(dT),, 2 30000 » Mouse . * Mouse
cDNA = = .
i5(10bp) / i7(10bp) O =
o 2400001 «
P5 R1 R2 P7 3 20000 @ o
= o
PCR barcode ('i5'+ ‘i7’) ks ..2_
and RT barcode * 10000 = S e L.
comprise a
cellular index
0 0 4 X
0 10000 20000 30000 40000 0 20000 40000 60000
# of Human UMIs # of Human UMIs

U. Washington
Shendure Lab



Combinatorial Scaling

Round 1 Round 2
Shbebssbiad| (.0bbebiobided
Sefsfisiict Sefiiiiiiiit 96X 96 =9,216 +10=~921 cells . _
s8¢ 3 * To avoid random sampling of same
barcode combinations, use ~10%
96 x 384 = 36,864 + 10 = ~3,684 cells of total theoretical combinations
as input

384 x 384 = 147,456 + 10 = 14,746 cells

1,000,000,000}

o 8

2 100,000,000} .- 324w:ﬁ's's 57}

S 10,000,000f B 6l

S 1,000,000} -

o 100,000 83

K 10,000} g4

= 1,000} w3

< 100} § 2}

s 10} 1}

13 2 3 a 0 50,000 100,000 150,000 200,000
Number of Split-Pool Rounds Number of Cells

Labor intensive
Significant ‘boot-up’ cost

Significant validation cost
Who can afford that much sequencing, anyway?

Enormously scalable
Can achieve <$0.01 per cell



Article | Published: 20 February 2019

The single-cell transcriptional landscape of
mammalian organogenesis

Junyue Cao, Malte Spielmann, Xiaojie Qiu, Xingfan Huang, Daniel M. Ibrahim, Andrew J. Hill, Fan Zhang,
Stefan Mundlos, Lena Christiansen, Frank J. Steemers, Cole Trapnell &8 & Jay Shendure &

Nature 566, 496-502(2019) | Cite this article

Mouse embryonic development
sci-RNA-seq3

a Stage: E9Q.5 E105 E11.5 E125 E135

Replicates: 15 11 13 10 12
¥ Nuclei extraction and fixation
Embryo ID 1 2 3 ... 61
Indexed oo o | OO OOO
reverse looo l O%Oq % (91 000 l -al
transcription Pool and

i T redistribute

hairpin |°g o |Soo| 08 oodoo

ligation Pool and

USER treatmegt. A rgdistﬁbute

rone 9818 %% | P8 l
v

1 experiment
5 developmental stages
61 individual embryos
2,072,011 cells profiled

2,058,652 single-cell transcriptomes



Cell Bead

o= =3 ®Pece 0
S—— oo0o00®e oY
Seq—\/\/eu vry eocscesn®

| 33 Ol TN NN RO
PDMS array of ~86,000 subnanoliter wells : : : : : ; : : : :_
Sized to fit 1 bead per well o : LR L
Drop-Seq style barcoded beads S : : o : : : : : : : :
Sealed chamber for each cell U e
CRCN I RO )

Complex Tissue Component Cells Loaded Microwell Array Sealed Array

QI\)‘RZLQ ' 2 Cortond s Membrane T
1. Di i Beads & Cell - A h
ssociate ° /"\ ads & Cells @ ttachment

» e N - : :

2

Glass slide

4. Cell Lysis & RNA Hybridization
STAMPs Sequencing Library Data Analysis
1 r — 3
N e~ ;%(
5. Recover ~ M - \)’ T.WTA & —— 8. S@quence E ‘N‘ ~
Beads H ,_r( ) A < Library Prep e & Analyze z
mRNA ~ 6. Reverse ,A.-; w'\\"\ ( p é\\ %__— -
Transcribe é \ o e

r)n t-SNE 1

Gierahn et al. Nature Methods 14, 395-398 (2017)



Mapping the Mouse Cell Atlas by Microwell-Seq

Xiaoping Han,'.12:13.* Renying Wang,-12:13 Yincong Zhou,2'2-13 Lijiang Fei,'-12:12 Huiyu Sun,’-12.12 Shujing Lai,!-12:13
Assieh Saadatpour,'! Ziming Zhou,'-'2 Haide Chen, -2 Fang Ye,'-'2 Daosheng Huang,’ Yang Xu,’ Wentao Huang,’
Mengmeng Jiang,'-'2 Xinyi Jiang,"-'2 Jie Mao,® Yao Chen,* Chenyu Lu,5 Jin Xie,® Qun Fang,” Yibin Wang,® Rui Yue,®
Tiefeng Li,® He Huang,®'2 Stuart H. Orkin,'°® Guo-Cheng Yuan,'' Ming Chen,?'2 and Guoji Guo'-:12:14*

A
RT and EXON |
Lood et P -
suspension
B
v }, Wash out - PCR
ot et cell # )
doublets
} Library .
Load bead preparation g’
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Array-based formats

Cell / reagent arrayers

Eg. Scienion sciFlexarray
Scienion cellenONE

Custom workflows
Imaging-based sorting / rejection
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10X Genomics Single Cell ATAC

Microfluidics device
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10X Genomics Single Cell ATAC

Inside Individual GEMs
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Find k-nearest neighbors (k = 20)
Control  Stimulus data
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ASAP-seq

ASAP-seq = ATAC with Select Antigen Profiling by sequencing b Inside droplets
8 by Ab
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SCI-ATAC
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SHARE-Seg

Same-cell scRNA/ATAC
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SNARE-seq

Nuclei Open-chromatin Droplet Dual-omics Library-prep Digital
suspension  tagmentation generation capture & sequencing counting
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Single cell CNV

Nick Navin, Mike Wigler
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Droplet-based Single Cell CNV
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Droplet-based Single Cell CNV
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Denatured, single stranded DNA

Hexamer

<--- 1l
Isothermal Incubation l
| —
- >
10x l
‘ Read 1 Barcode
|
I
[ L1
1 | —
10x
Read1 Barcode Insert Hexamer
[ 1
[ 3
End Repair, A-tailing, Ligation l
Read 2
[ - I
[ I - I
Sample
Cleanup & Priming l Indgx
[ I
[ I
[ ]
.|
P5 Sample Index PCR l
I e
. IS0 B

P5 Read 10x
Barcode

Insert Hexamer Read 2 Sample
Index



Mission Bio Tapestri

DNA-focused microfluidic platform

For SNV & CNV

L B |
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Cell Lysate L Qil and Reagent Mix then Library Prep



Mission Bio Tapestri

59 GENES - TUMOR HOTSPOT PANEL
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Other Omics
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CoBATCH

* Transcription factor binding sites in single cells

native

PAT

Protein A

Tn5

primary antibody

in situ targeted tagmentation

Wang et al Mol Cell (2019) 76:1, p206-216.e7



CoBATCH
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FRIP
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Sequencing Costs

RNA-seq ATAC-seq (o\'\V)
Reads per Cell 50-100k 50-100k 750k+
Cells per Experiment 2,000-10,000 2,000-10,000 1,000-2,000
Sequencing Platform Min. NextSeq HO NextSeq HO NovaSeq S1
Cost per Experiment ~$2,500 ~$2,800 $12,000




