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VTN EILELGFHIE: MRNAEZ vs XV /NJB=E

1,000

a 1,000 b
mRNA 800 MRNA RNA half-life (h :
800 modinton [[[|  proten | median: 17 RS Housekeeping
£ a0 median:46h 2 600 —— 1005 1018
3
3 3 median: 50,000 8 ! L genes
400 S 400 = —- Stable
o 8o =T
2004 200 Unstable mRNAs/ 0 0 ity
| stable proteins s protspes
0J 0
1 10 100 1,000 1 o 00 100 108
Average cellular half-life (h) IAverage copies per cell s
€ 1,000 d 1084 z s "
z g o0 [ 2 2 Source:
£ 100, 3 10 5 ] Schwanhéusser, B., Busse, D., Li, N.,
g 3 10 = Dittmar, G., Schuchhardt, J., Wolf, J.,
£ 4 o B
g 10 o 10 L e Selbach, M. (2011). Global quantlflcatlon
= Q -
£ | 2 ‘:’ZZ of mammalian gene expression control.
" . o 4
1] Re=002 . o 1% Nature, 473(7347), 337-342.
. & » 1 o I . ;
pi e rre : 2 5 10 https://doi.org/10.1038/nature10098
MRNA half-life (h) mENA‘Copies percel Unstable mANAs/ Stable mRNAs/
7 unstable pfoteins unstable proteins
Figure 2 | mRNA and protein levels and half-lives, a, b, Histograms of ) d 20 .
mRNA (blue) and prot¢in (red) half-lives (a) and leyels (b). Proteins were on -

average 5 times more stjble and 2,800 times more ajjundant than mRNAs and —r—
spanned a higher dynarpic range. ¢, d, Although mRNA and protein levels $E 5ix ?
correlated significantly,|correlation of half-lives was|virtually absent.

\4
MRNA DLZEMEZ VNV EOREEN2<EELEWN =
FACS TCNETHERAINIEY—H—DRETHRUVEED
BV BN — A —BFeEHOBRVNEITITEL,
v scRNA-seq should be considered a
1 485 D D mRNA DR FHIER VNI BED 1 FHD— —»  sampling. The underlying distribution
= 2 TDEGEFELTOMETRETEFAZ AL can be mathematically modelled.


https://doi.org/10.1038/nature10098
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> T IILEILIE 12:\¥§%fﬁ MRNA =

10009
mRNA =
B || median: 17
z 3
600 4 E 500 Q 200
1 median: 50,000 ‘ i
400+ g = 5 1100
2004 [|& g = I
= ’ = 1000
Ul_u:lﬂu_m‘_ 5000 10000 15000 20000 500 10000 15000 20000
0 - - = = T Raw Reads Per Cell Raw Reads Per Cell
1 100 10  10° 10\
Ak eI peee] Medium-high expression gene
n Low expression gene
2000
o
c - . 0 .
5 1000 High heterogeneity and noise but also High
o throughput and high number of genes
I I..__ (10~30k genes per cell, vs 5~50 parameters
20000 40000 for FACS/CyTOF)
# UMI / cell

Using 10x 5k PBMC (v3 chemistry)

% Positive cells

% Positive cells

vs UMI %

100

75

50

25

# UMIs / cell
— ——+— EEE 1000
* =t - B 3000
- - - B 5000
B 7000
B 9000
B 12000
A B C
Cell type
Detection can be UMI
dependent = Should not think
Posi / Nega like FACS
# UMIs / cell
mm 1000
3000
_I_-I-'I"I' B 5000
= = EEm 7000
=¥ =Y = 9000
- - + B 12000
A B C
Cell type

Sources: * Zheng, G. X. Y., Terry, J. M., Belgrader, P., Ryvkin, P, Bent, Z. W., Wilson, R., ...
Nature Communications, 8(1), 14049. https://doi.org/10.1038/ncomms14049 Supp. Fig. 5
* 5k Peripheral blood mononuclear cells (PBMCs) from a healthy donor (v3 chemistry)

Bielas, J. H. (2017). Massively parallel digital transcriptional profiling of single cells.

https://support.10xgenomics.com/single-cell-gene-expression/datasets/3.0.2/5k_pbmc_v3



https://doi.org/10.1038/ncomms14049
https://support.10xgenomics.com/single-cell-gene-expression/datasets/3.0.2/5k_pbmc_v3
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B and T cells express B/T-cell receptors, generated by an almost random
recombination process resulting in a very high sequence diversity.
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("#Reads )| Vgene - aaSeq{D:ne

77 |[TRBV29-1 CSVEGLPGQGTGEQYF TRBJ2-7

72 |TRBVA1  CASSQDPFQTGETQYF TRBI2S )
60 | TRBVIS CATSRGPGTGSRSTEAFF TRBIL-L nghel’ th rOUghpUt and lower Cost,
52 | TREV4-1 CASSSLPGQGPPGANVLTF TREI2-6 bUt Usua”y Only beta / heavy Chain .
37 | TREVA-1 CASSGDGTYEQYF TRBJ2-7 If both chains. no pairing

20 |TREVE2 CASSYGSNEQFF TRBJ21 K : !

28 [TRBVI1-3 CASSLGTGETDTQYF TRBIZ-3 information

26 | TRBV5-1 CASSPGAPYGGARYNEQFF TRBJ2-1
26 |TRBW11-2 CASSLGGQGSFFTEAFF TRBJ1-1

e B

26 TRBVS-5 CASSRDSGRLRSPLHF TRBJ1-6
25 | TRBVT-2 CASSLDSGTRYYEQYF TRBJ2-7
23 TRBV2Y CASRTGGVNEQYF TRBJ2-7 . A \eb j— -
— * Cell barcode information = Bz FHIRIELHR
c)>UOTES,
(S e s e s Paired sequence information (apha & beta
- - 3 1 . = = 7 ~ ° /7 I
CAGCATACAGGACGTA TRAV1-2 CASYNTDKLIF TRAI34 TRBV7-9 CASSLLAGGPYNEQFF TRBJ2-1 —’ § heavy & Ilght) =) %@Eﬁq:*ﬁ- * a //\ 7 ﬁﬁIﬁ’
CTGCCTAGTGCCTGGT TRAV1T CATAYSGNTPLVF TRAIZ29 TRBV20-1 CSARDPQGLSYEQYF TRBJ2-7 —»:!.., L4 E{$*§iﬂnj%iﬂub‘ﬂﬁgcco

ACTATCTCAGCATGAG TRAV1-2 CASMYSNYQLIW TRAJ33 TREVE-5 CASSPASNQPQHF TRBJ1-5 - *
CTCGTACCATACGCTA TRAVA CLVGDGFSSASKIIF TRAJ3 TREVT-2 CASSPGQAINEKLFF TRBJ1-4 —Pp

GTCAAGTGTCCAGTGC TRAV1-2 CAVTLSGNTPLVF TRAJ29 TRBV24-1 CATSDSRRAGDYEQYF TRBJ2-7

= [E%E & MRKRRE P ERICOD B,

TTTACTGAGCGTTTAC |TRAV23/DVE  CATLTYQGGSEKLVF TRAJST TREVT-2 CASSLATAMNTEAFF TREJ1-1

GTGCATAAGAGACGAA TRAV26-2 CILRDGSGGSNYKLTF TRAJS3 TRBV23 CASSHRVLRSPLHF TRBJ1-6 H H H

>* Unlike Gene Expression, transcript sequence
GGCTGGTCAGCGTTCG TRAV26-1 CIAPILNTGTASKLTF TRAJ44 TREWT-2 CASSLAVLGAYEQYF TRBJ2-T R . .
CTTAGGACACGCATCG TRAV13-1 CAASFSGGYNKLIF TRAJM TRBWVS-1 CASSLAPRGDYEQYF TRBJ2-7 IS more Important than transcrlpt abu ndance
TGCCAAACAGACGCAA TRAV21 CAVTGGGNKLTF TRAJI0O TRBV20-1 CSATKDGYSYNEQFF TRBJ2-1

TCGGTAACAGTTCATG ) TRAV29/DVS  CAAIYSGGGADGLTF TRAJ4S TRBV4-3  CASSQDRLARDEQYF TRBJ2-7

~— "
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10x CellRanger output

v

Loupe Browser

[E]
I
z
&

(uje[r[o]z[e—

Handles gene expression, clonotype
information, feature barcode data, single cell
ATAC data. = Most common analyses can
be performed directly with Loupe Browser

'

Bioinformatic pipeline
( R/ Python / hybrid )

More control over analysis parameters (normalization
method, expression correction method, filtering
thresholds), more QC options, more analysis options.
Merging with public single-cell (10x Genomics or non-
10x) datasets

No GUI < Millions of cells can be handled more easily
Merging with bulk Repertoire datasets

Clonotype clustering / epitope prediction becomes / will
become possible

v
Re-Export to Loupe Browser
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Regressing out: Mitochondrial gene fraction (MT%)

Example: CD3 (514 T FACS V — k&7 T 4HRE
-

CD4
The “outlier
é cluster” can also
FOXP3 be split into a

CD8 side, CD4
side, memory
- CD8 and Tregs,

CD8A

=

o 5
UMAP_1

FOXP3

just like the full-
size dataset.

E—

AMAE A HAR LE DY 4E
RICKEI<KHET
37—ty D
%\,
(ELAEWVWAD
R\WwWr—4%twv bk
HH 5, )

) 5
map 1

|

Regressing out: Mitochondrial gene
fraction (MT%), Cell cycle (S Score, G2M
Score) and Heat Shock score

CD8A cD4 FOXP3

-
P
UMAP_2
°
UmAP_2
°
s
.
o
&5

] 5
UMAP_1

IFNG

-
coo
[
UMAP_2
°
UmMAP_2
°
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Example: FEEZ2E THE (TIL) 7—2t v b SBEREGCFOHRE

Keeping V/D/] genes Without V/D/] genes

e  Cluster cells based on their
phenotype (gene expression), not
their specificity.

e Analyze specificity separately,

Other -5 using 10x VDJ.

Vs .Y . e V/J/C gene removal also helps

TRBV5-6 o I k*, merging 10x 5’ and 3’ datasets

. (more V counts for 5, more C

-10 -5 0 5 10 -10 -5 0 5 10 counts for 3’ technologies)
UMAP_1 UMAP_1
T - BHIREICEBR 93KIC. VEGFHY 5257 U YIDT14—Fr— LTERAINEKDH B,
(#5IC expanded L= O—>HEET BEICETE)

Vgene

-10

Left side: keeping all TRxV/D/J genes.
Right side: replacing all TRBV (eg. TRBV19, TRBV20-1, TRBV5-6, TRBV27 = TRBYV, same for TRA,

TRD, and D / J region-coding genes) by the V, D, J gene with the highest UMI counts.
(Apart from that, the exact same pipeline, filtering and clustering parameters were used.)



/IS >4 Y : Batch effect #1E

#&{& 1218, 10x Gene Expression 5’ (v2 chemistry)

47
-— ottt

o) ~N
Batch 1 08 5
ogo
(@) OO o) %
0 So 03
o %9 o ) K
Batch2 0% o8 © g
008 OO0 >
C8>oo (9 ,
\o8)

d (l)JMAP_l ¢ & UMAPD_l °

cDBA cba
A number of experimental factors such as p 5 :
cell viability, time on ice, cell count Batch correction algorithms I
accuracy, experimentalist, kit chemistry will usually assume that datasets A RR AN Tk SR
affect the final library and metrics such as with similar cell contents will e " e " e
UMIs / cell, number of genes detected. = be merged = Must be careful | | .
Direct concatenation of normalized data to not overcorrect e [ i et | L I
will often result in noticeable differences . : ‘ .

. 2 UMI\';‘_] ? llMA:j " ? LJM.GEF. 1
between datasets, even in the case of
technical rep|icates_ Method: Removing TR*V/D/J genes and replacing them by 1 gene with their maximum UMI counts, calculate mitochondrial
gene content (MT%), keep only cells with nFeature_ RNA between 200 and 2000, MT% < 10, followed by ‘standard’
preprocessing with Seurat (SCTransform) regressing out MT%, then (left side): Concatenation = PCA = UMAP plotting |
(Right side) SelectIntegrationFeatures = PrepSCTIntegration = FindIntegrationAnchors = IntegrateData = PCA = UMAP
plotting
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umey
PRF1 N\ Cytotoxic.Score

s
IFNG

Get a general idea of
the number of subtypes
by plotting common
marker genes

= Manually assign a
cell type to each cluster

-4 0
UMAP_1

Adequate number of
clusters

Samplel 9% ot
O...
9e° 0
o3
o'o o
Sample2 @ Qg o8
00
'8 %

~
> ‘“\
\9_ O !
/

Can be automated (and part of the merging
process) and works well if expected cell types
are similar to the reference dataset

A lot of papers published in 2019~2020. No ‘clear
winner’ yet but the field is moving fast, and the
number of reference datasets is increasing quickly !

7.5

5.0

25

Too many clusters ?

Ay

-25

-5.0

=75

Treg

TFH cells

Naive T cells

Memory CD8+ T cells
Exhausted CD8+ T cells
Effector memory CD8+ T cells
Activated T cells
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0.4

0.2

0.0

= Treg
. TFH cells
mmm Naive T cells
mmm Activated T cells
mem Memory CD8+ T cells
Effector memory CD8+ T cells
mmm Exhausted CD8+ T cells
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CellRanger counts matrix

> V/D/J gene removal or aggregation

X MT%, # features, # UMIs = Remove outliers

> Normalization and scaling

> Add useful composite metrics to help cell typing
(“Cytotoxic score”, “Exhaustion score”)

Merging with Public data

X (Multiple datasets:) Integration
> Dimension reduction and plotting (PCA, UMAP)
> Add V/D/J genes back for plotting if necessary

Fvy—h

CellRanger clonotypes csv

> Calculate confidence score from UMIs (multiple
clonotypes with similar # UMIs in one cell can be
true “polyspecific cells”, or cell multiplets, but hard
to analyze in any case)

X Clonotype generation probability (pGen)
calculation

X (Cancer datasets:) Map known reactive
clonotypes from in vitro experiment (cell killing
assays, IFNy secretion assays...)

Merging with VDJ data

Fully integrated analysis:

* Cell typing (manually with markers, automated with
references)

>* Add clonotype expansion (# cells, % of dataset)

> Calculate clonotype diversity per dataset

> Calculate clonotype enrichment / depletion / stability vs
other available samples

> Diversity by cell type

X Differential gene expression between clonotype
| categories, between cell types

> Top clonotypes mapping (by cell type, on 2D UMAP)
> Clonotype tracking between samples (CIRCOS plots,
Streamgraph)




Feature barcoding: CITE-Seq

“FACS-like” step

PN
A g

L 4

Regular 10x Protocol

Staining with

b 0% barcoded antibodies

mRNA
0, median: 17

<JO
©
AC

|

6003 Protein

median: 50,000

Counts

400 4

200 4

@@®
@@
@®
&mf“m“

04

1 100 104 108 108
Average copies per cell

©e
s

Sometimes, even with the best protocols, mMRNA detection
can be difficult. = Protein level detection can help cluster
and subdivide cell populations.
e Allows the use of known FACS markers and
antibodies
e Gene expression / V(D)J-Seq is still available for
deeper analysis
e Hybrid clustering algorithms (using both CITE-Seq
and RNA-Seq for higher resolution clustering) are
being developed / released.

£-N

L 2

/BERD FACS Bk

* % ¥

L 4

Capture of all polyA
MRNA transcripts (GEX)
and/or feature-barcoded

reagents (Antibodies
here) and/or V(D)J-Seq



3000

2000

Frequency

1000

Feature barcoding: CITE-Seq
/_)H/_/H ak#lDJI\D/IIs k; SENAB—sec‘]L ],

adt_cD4
CD4

Sample #1 2 J S >
Sample #2 \, £ 9 S I : g 500
Sample #3 $° SR P8 | |
Sample #4 A = . Lo | |
RANE. o , -l il L
LIMAP 1 log2(#UMIs) by CITE-Seq

Similarly to FACS, bimodal distribution: — b3
some background signal in negative _ >1000
cells, high signal in positive cells. | EEREES I 3

3 o E_%'.' - -‘_ " a5 s
>* No need to model / estimate a B @ 0 ,.I|||I. ..II II._

. . . . : I 3 = 0 5 10
dlstnbu_tlon, values can be directly il log2(#UMIs) by CITE-Seq
normalized R /—/
> Batch effect is mostly staining- /(_5/_/
related and easier to correct. N _ , N\ N

“Positive” populations get ~5000x 4000 cpap  B® CD3D
more UMIs by CITE-Seq than 2 21000
scRNA-Seq = FACS-like approach g £ s00
and “gating” become possible. ol " I-_
5 10 15 0 5 10 15

#UMIs by scRNA-seq
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REROIBRI S T BIORE

»

Tetramer channel

Single-well sorting
= Cloning of
alpha/beta chains
Bulk sorting =
Bulk sequencing

Capture sequence
Barcode

L9, 194
- ()

»
»

A
<> §e
. l
Sinse HEM
- inglet S E
[
0
5

Tetramer channel

BHOBEMZREIRICEETE %,
ilE (pPMHC) DR #UIFETLHESNT
LV LY



_nhH 65DER : dACODE dextramers

S %

TotalSeq-C 7-AAD Dead Cell Fluorescent dCODE
Antibodies Marker Antibodies Dextramers

cbs*
Tecells

= Cells.

%ﬁm\Q\\L
Fluid \ ‘J
Il e Leukocytes Live Cells Pan T Cells CD8" TCells Dextramer + T Cells
e =
& =
® = - I}
og e 3
[ ’—;.... 3 3 S " £ D
0,% I @ = = £
Y A ] = o %
3, {nd @ |4 4]
L) = d
[ T FSC-A TAAD Monocytes CD8 T Cell CD8 T Cell
Q@i}—ﬁ (CD14,15.16

10X EREFE AR L7="dCODE 7—4&t v k" T«
LR VB THEEM 40 EE UL, 7O/ %10

H;H2RHUL
= Why is annotated data important ?

Source:
https://www.immudex.com/media/118671/tf119302-sitc-2018-immudex-poster-in-collaboration

-with-10x-genomics-dcode-dextramer-technology.pdf

es

# Available Annotated TCR entr

# Available Epitopes

50000

40000

30000

20000

10000

200

150

100

50

Chromium % F V7= pMHC 4521
THEDT—2tEY k2DTIN
FTERINLT—XD 75%!

VDJ-db statistics as of 2020.03


https://www.immudex.com/media/118671/tf119302-sitc-2018-immudex-poster-in-collaboration-with-10x-genomics-dcode-dextramer-technology.pdf
https://www.immudex.com/media/118671/tf119302-sitc-2018-immudex-poster-in-collaboration-with-10x-genomics-dcode-dextramer-technology.pdf
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CADLGSQGNLIF TRAVS TRAJMD  CASSEGWHSYEQYF TRBV6-1 TRBJ2T HLAA0301 | KLGGALQAK N, In
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122 ESZ:E : -_: : :.- : f | "y I . 3 Specificity profiling
e | |jj — il
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by KOTAI Biotechnologies, Inc.

https://www.kotai-bio.com/service/

\/
10’ » < >4 )Lt JLRNA=seqfiZth
R YT ILEILIS 78R
Certified F=T= oG F v oR—2 R !

GENOMICS

Service Provider

S BIEY—E ROMAEREUTY 2020560308 F TF A AN FRLET !
Gene Expression

224 JLE JLRNA-seqfRtrDHEIZ 55

Y ELLINFTREROSMEIECES

L 2% Lt JLRNA-seqfEth UGN TR NTFI2TAITAIR
_ — BN
BRICENENERSN—I—FER533C LHERIEAIOTCR / BCR ERAEFANS LT —
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https://www.kotai-bio.com/service/
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CiaEHDNESCIVWELTE:

Questions ? Comments ? (positive or negative!)
sax@kotai-bio.com
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