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Single-cell RNA-sequencing analysis of cancer
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Introduction




What is cancer?

Precancerous Lesion Carcinoma In Situ

Normal Tissue
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J Exp Clin Cancer Res. 2021

* Cancer is a disease in which some of the body’s cells grow uncontrollably

and spread to other parts of the body. = (IS

Tumor development is a complex and multi-stage process whereby normal’
s.develop into malignant tumors, through a series of multiple gene

ns and accumulation in somatic cells. :

Hallmarks of cancer
{ o ) (imee)

| 4

. - Sustaining Evading —
Aerobic glycolysis proliferative growth Immune activating
inhibitors signaling Suppressors anti-CTLA4 mAb

Deregulating Avoiding

Enﬁblitqg Telomerase
replicative ibi
immortality Inhibitors

promoting

Proapoptotic Rezi;:ing
BH3 mimetics ik

instability & 3 )
mutation inflammation
Panp Inducing Activating Selective anti-
inhibitors angiogenesis invasion & inflammatory drugs
metastasis

2 A

Inhibitors of Inhibitors of ‘ \“'
VEGF signaling HGF/c-Met

Cell. 2011




Intratumoral heterogeneity (ITH

Time a
o b & i
Normal Tumor Tumor Clonal Subclonal
Cell Population 1 Population 2 Mutation Mutations

(Exists in all (Exist in a subset
cancer cells) of cancer cells)

Cancers (Raszl). 2021

~ + Intratumor heterogeneity consists of a single tumor mass which containsa N
- seyel al distinct subpopulations of cells, each behaving differently with

ITH and cancer hallmarks

Intratumor Heterogeneity

#» Evading growth suppressors & Inducing angiogenesis
«® . Sustaining proliferative signaling fo) Activating invasion & metastasis
«#” Deregulation of cellular energetics ®®» Tumor-promoting inflammation

@®» Resisting cell death™ Je Enabling replicative immortality
@ Genome instability** ® Avoiding immune destruction
Stromal cell Cancer cells

* This subpopulation includes drug-tolerant persister cells

** This subpopulation includes cancer cells that enter a state of dormancy
via polyploidy/senescence and other manifestations of genome chaos

IntJ Mol Sci. 2023

Different subpopulations of cancer cells within a solid tumor/tumor-derLﬁi :
g ljl line can exhibit therapy resistance via different molecular and cellular




Tumor microenvironment (TM
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7/ Blood Vessel
& Cancer Med. 2023

The tumor microenvironment is a complex ecosystem surrounding a tum* N
my posed of a varlety of non-cancerous cells including blood vessels,

TME and cancer hallmarks

Cancer-assoclated
fibroblastic cells

Infittrating .‘ Tumor-associated
immune cells vascular cells

Cell. 2011

Dynamic and mutualistic interactions between tumor and TME are thei Z

distinctive hallmarks of cancer. o




How to interrogate ITH?
: Bulk tissue DNA sequencing

A
+ Background variation
* % %+ % Cancer-specific mutation @ Sibolones
Subclonet sg o
o O @ o
' Dominant cancer evolution
Eariy Tumor subclone
Normal cell o0 Iution cell Subclon :
lagnosi:
Tlmel

l Bulk sequencing
Variant VAF

L NON

Constuct 18% _ 18% __ 24% Predict + 05
phylogenetic cellularity : gs
tree * 0.16

« 0.09 Front Oncol. 2020

* The data of variant allele fraction (VAF) generated from deep sequencn-‘nf
bulk tumor tissues could be used to predict the cellularity and construct the

ogenetic tree.

How to interrogate TME?
: Bulk tissue RNA sequencing

Bulk
tissue/ Blood
tumor  draw

RNA ; _
Purify  profile . OR l] Cell proportions
- =
e Signature matrix
0 = :"‘" RNA
> = | 00peedi 7 profile

v

Significance
—> |CIBERSORT | —> > 0010 ‘

%90 0L®O

u‘/net__ffods. 2015
b
3 mputatlonal deconvolution techniques could help infer the cellular

- on of tumors, but such analyses are limited to a few known cell
10




Colin
Limitations of bulk tissue sequencirfé._{_j

* Bulk sequencing methods are limited to reporting an
average signal from a complex population of cells.

* So, it is difficult to resolve cell-to-cell variations in ITH
and identify the complex nature of TME.

* Deep bulk tissue DNA/RNA sequencing could help infer
the clonal architecture and cellular composition of
tumor and its microenvironment, but such analyses are
limited to a few dominant subclones and known cell

types. q:

e
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Y
Advantages of single-cell RNA sequenciﬁg‘ --

* Single-cell RNA sequencing (scRNA-seq)
= not only identifies ITH but also reconstruct a high-
resolution map of the TME.
= jdentifies cell-specific gene expression profiles and
genetic variants
= can reconstruct tumor clonality and evolution.

s

* scRNA-seq does not rely on known cell type-
specific gene signatures or surface markers.

12




Applications of scRNA-seq in
cancer studies

* Tumor heterogeneity
* Clonal evolution of cancer

* Tumor microenvironment

e Circulating tumor cells

Applications of scRNA-seq
: Tumor heterogeneity
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Applications of scRNA-seq
: Clona

evolution of cancer
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Applications of scRNA-seq
: Circulating tumor cells

Cancer type CTC enrichment CTC criteria Single-cell profiling Number of CTCs ( ber of
(micromanipulation) patients)?
Multiple myeloma  FACS with serial dilution CD457, CD138™ SMART-seq2 21(2) .
I
Colon CellSearch® CD45", EpCAM™ Multiplex PCR 11(8) -’.J'_
N

Biocoll separation, Dynabeads® . . - .
Qvary CD45 depletion DAPI™, CK/EpCAM™, CD45 Multiplex PCR 15(3)
Breast MagSweeper® EpCAM™ Microfluidic RT-PCRP 105 (50)

. o P EpCAM/HER2/CDH117, P .
nNEgCTC-

Microfluidic "*3CTC-iChip CD45/CD16/CD14 Optimized Tang's method 15 (10)

Microfluidic CTC-iChip EpCAM/HER2/EGFR*, CD45~ SMART-seq v4° 15 (10)

Microfluidic ClearCell® FX CD45/CD31, Calcein* 4 Polaris™ IFC 68 (4)
Melancma MagSweeper® CD457, Caleein™ SMART-seq 6 (1)

R - _ SMART-seq, Advantage 2 PCR

Prostate MagSweeper @ CD457, EpCAM”, DAPI (Clontech) 20 (4)

ScreenCell® CD45~ Microfluidic RT-PCR*® 38(9)

Microfluidic CTC-iChip CD457, EpCAM/CDH11* Modified Tang's method 77(13)
Lung Integrated nanoplatform EpCAM™ Multiplex PCR 8(1),18 (1), 74 (1)

Microfluidic ClearCell® FX cpas™f Multiplex PCR 61 (20)
Prostate, breast CellSearch®, Parsortix™ EpCAM/pan-keratins™ Multiplex PCR 13 (1), 8(1)
Pancreas, breast, o uidic CTC-iChip CD45" Madified Tang's method 7(-),29 (=), 77 ()
prostate

NPJ Precis Onco‘a_ﬁ) =
16 N




Applications of scRNA-seq
: Tumor microenvironment

b Cc
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4 tumor cells * Endothelial cells @

Class 1 primary Class 1 metastatis

»
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/ " 4 -
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A
® RPE oells/ . ;
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tumor cells e )
" g ¥
- - ’
N\ SRR T
S onocytes & 4 * ! (ke
% @ Class 1 PRAME- macrophages g
= primary tumor cells
t
@ Class 1 PRAME- o Class 2 PRAME- Monocytes & @ B cells ® RPE cells ® Endothelial cells
tumor cells tumor cells - macrophages Plasmacells @ Photoreceptor cells @ Fibroblasts
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tumor cells tumor cells © NK cells

Nat Commun. 2020




State of the art of single-cell
sequencing technologies

Extracellular I_T,j i
I CITE-
O Epitope 4
e — & Drop-seq
= SMART-seq
’/z’ ] mRNA MAHS-S’QCI
Cytoplasm SPLiT-seq
AAAAAAAAA SUPeR-seq
S AAAAAAAAA Circular RNA
O/ scNOME-seq
Histone/ . scDNAse-seq
Chromatin SCATAC-seq
— ‘ scCHIP-seq
== Transcription
factor scAba-seq
i scBS-seq
Epigenetic CLEVER-seq

marks

DNA

Chromosome

interaction

MALBAC
LIANTI
scMDA

j SCHI-C

Genomeuw 2016
-
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Single Cell RNA Sequencing Workflow

RT& Second-strand

Synthesis
M - @ - S y

b%‘:
Solid Tissue Dissociation Single Cell Isolation RNA cDNA
IVT / OR
~‘ Amplified \,}, 5 g
RNA 208 3
Cell Types i)
Identiﬁcation
RT ‘ PCR
Clusterlng "\_
- = /’/
Single-cell Sequencing Sequencing Library Amplified cDNA

Expression Profiles

https://en.wikipedia.org/wiki/Single_cell

_sequencing
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a Bulk analysis

Deconvolution using reference
© > Qo Ratio of cells

Reference (either expression Q9

Bulk gene expression data matrix or marker genes)
Q@ @ O
Genel | o Gene 1 M hz nhs )
Gene2 | 9, Gene 2 ha I I3
o QQ Missed cell
Y issed cells
Genem | 7, Genem | m I'm2 'm
b Single-cell analysis Clustering Gene expression by cluster
Tissue sample Q @ 0 0o
%0 0o © Gene 1 M h2 hs ha
oo @ scRNA-seq | %00 ° Gene2 | Ny fyn I I
QOO  — s Yi—5
Q °°° : @ 8 @
OOQ Genem m Tm2 'm3 'ma

Staining of tissue sections with marker genes from Reconstruction
reference or single-cell analysis

"Wl Chen X, et al. 2018.
‘W Annu. Rev. Biomed. Data Sci. 1:29-51

Annual review of biomedical data“ce.-‘iOlS

-
21 b

Scaling of scRNA-seq experimen

a Manual Multiplexing Integrated fluidic Liquid-handling Nanodroplets Picowells In situ barcoding
circuits robotics . R—
: . — ] ] P
7 = 9¢ ] T Iof |
‘ ol __al | L_
Tang et al. 2009 Islam et al. 2011** Brennecke et al. 2013*  Jaitin et al. 2014 Klein et al. 2015* Bose et al. 2015% Cao et al. 2017*
Macosko et al. 2015% Rosenberg et al. 2017
b . ‘
1,000,000 |- " 10x Genomics SPLiT-seq
rop-seq SRR
. 100,000 |~ MARS-seq CytoSeq @ inDrop (5] /scﬂ RNA-seq
ke @- DroNC-seq
.g 10,000 @ (o) o
= High-throughput STRT-seq CEL-seq Fluidigm C1 o (o)} O] fe) % <;Qh—Seq-Well
° 1,000 - sequencing of RNA | ’ P o ©» O
§ 100 - from single cells\ ® ® o 0o e OO
= " o o o~
£ 10+ © (o] SMART-seq2
n / O
i o SMART-seq
1 | 1 1 1 1 1 1 1
2009 2010 201 2012 2013 2014 2015 2016 2017
Siudy: publication dak Nature Protocols. 2018
:
22 b
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REPORT

Defining the earliest step of cardiovascular lineage
segregation by single-cell RNA-seq

Fabienne Lescroart'-', Xiaonan Wang®®*, Xionghui Lin'-*, Benjamin Swedlund', Souhir Gargouri', Adriana Sanchez-Danes’, ..
+ See all authors and affiliations

Science 09 Mar 2018:
Vol. 359, Issue 6380, pp. 1177-1181
DOI: 10.1126/science.aao4174

REPORT

Single-cell multiomics sequencing and analyses of
human colorectal cancer

Shuhui Bian'-%*", Yu Hou"-2", Xin Zhou*", Xianlong Li'->", Jun Yong"->", Yicheng Wang'->", Wendong Wang®, Jia Yan', Bo...
+ See all authors and affiliations

Science 30 Nov 2018:
Vol. 362, Issue 6418, pp. 1060-1063
DOI: 10.1126/science.aa03791

RESEARCH ARTICLE

Decoupling genetics, lineages, and microenvironment
in IDH-mutant gliomas by single-cell RNA-seq

Andrew S. Venteicher' 23", Itay Tirosh?"", Christine Hebert'2, Keren Yizhak'.2, Cyril Neftel':%, Mariella G. Filbin"25, Volk...
+ See all authors and affiliations

Science 31 Mar 2017:
Vol. 355, Issue 6332, eaai8478
DOL: 10.1126/science.aai8478

Cell Stem Cell

Valume 17, issue 3, 3 September 2015, Pages 360-172

Si..ligle-Ccl[ RNA-Seq with Waterfall Reveals
. Molecular Cascades underlying Adult
Neurogenesis

Hickay

nature
immunology

The heterogeneity of human CD127'
innate lymphoid cells revealed by single-
cell RNA sequencing

Asa K Bjorkiund, Marian

Sandber; ™ & 4

Nature immunodogy 17, 451460 (2016] | Downiload Citation$.

Article | Published: 11 March 2019

Interrogation of human hematopoiesis at
single-cell and single-variant resolution

Jacob C Ulkrsch, Caleb A Lareaw, Erik L Bao, Leif 5. Ludwig, Michael H. Guo, Christian Beainer,
Ansisman T, Satpatiy, Vinay K. Kartha, Rany M. Salem, Joel i, Hisschivorn, Hilary K, Finucane, umml

1. Aryee, Jason D. Buentostro™ & Vijay G. Sankaran®

Noture Genefics 51, 683-693 (201%) | Download Citation

A single-cell RNA-seq survey of the
developmental landscape of the human
prefrontal cortex

Sugjuan Zhang. Shu Zhang, Kiaaying Fan, Qian Wu, Liying ¥an, Ji Dong. Haoteng Zhang; Long U, Le

Susn, Ha Pan, xiachal Yu, Fuchou Tang @, Jun Zhang B, lie 0lao® & xinoqun wang

Mature S5%, 524-528 (22 March 2008) | Dawnlioad Citation 4

namrc

medicine

Single-cell profiling of breast cancer T
cells reveals a tissue-resident memory
subset associated with improved
prognosis

Publithed: 24 June 318

Peter Savas, Balaji Viravsamy, |-.| Sherene Loi ®

htaeia Komya, Jakot Theorell, Danlelle Fribesg 23 l

-
by

Historical trends of single cell analysi
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Many facets of scRNA-seq applicatio

a. Drug resistance clone identification

Tumor cell heterogeneity
Treat EGFR-TI

[-—— (a) Minor resistant subpopulation
e (©) Resistant cells
A

b. N

C. Single-cell lineage and stem cell regulatory network

Oocyte Fertilized egg Morula Blastocyst  Inner Mass &

) Colls

%O -0 :
Sperm

Totipotent  Pluripotent At a -

— (5] 25 WaT

Experimental & Molecular Medicine. 2018

Atlas of human blood dendritic cells and monocytes

Experimental Original cell Cell type reclassification based on

strategy classification scRNA-seq and functional studies
| | |

CD141* DCl
(cDCL, CLECOA*
BDCA-3)

CDICH
(cDC2,
BDCA-1)

CD1C-
CD141-
couct

Cellular enrichment

/

Single cell RNA-seq

) pDC
(pBDCA—Z, couc+ CD16*

BDCA-4)
0% (@
AXL'siGLECE* ‘

0 CD14+
monos (AS DCs) Mono3

o oo ) DC6 @ q:
'~ (1-2Mreads/cell; ~5,326 genes/cell) monos

Reverse
transcription

pDC Mono4 26 \\

Science. 2017

- 13 -



The Human Cell Atlas

There are

37 trillion cells

in.the human body

The Human Cell Atlas will create a ‘Google map'
of the human body. This is a global effort.

27\’eﬂ o

https://www.humancellatlas.org/

———

Single-cell RNA sequencing process

(1) Sample prepraration

(2) Single-cell RNA sequencing

Disaggregation Single

Complex
tissue

i (v) Single-cell capture
cells and cell lysis

RNA capture and reverse transcription
(first-strand synthesis)

mRNA “

Nanowells

(

(i) Mechanical (i) Enzymatic (iii) Filtering (iv) Selection o] .
(dissection) (FACS/IMACS) g mRNA e 444 [UMI][Cell barcode][T7]
) w S AANA
IE:E‘ ;—g % mRNA <« 7777 [UMI|[Cell barcode][PCR adaptor]
i ~— @ (Y | -
FEF 5 2 & w @ k Second-strand synthesis and cDNA
i | q ® %) ® amplification (PCR, IVT)
| o .
2 5 Tagmentation .
E‘: ij | h ™ ‘ o ( Eg % OR Fragmentation
W M = |

Library preparation

(8- or 5’—biasrd, full-length)
\ Sequencing (paired-end, single-end) j

(4) Data analysis

Clustering and
marker identification

O T
/ P T R -
AT

/ Spatial tissue

reconstruction

Trajectory analysis
4 ",

t-SNE 2

Component 2
Normalization
Imputation

Feature selection

Component 1

=

ACAGTATAAAGACT
TGACANTAAAGACT

~ Reduced @ Cell
dimensional Space barcode UMI RNA
— L
Gar G

TTACGETACETC . v assnns

Demultiplexing

(3) Data processing
Cell-specific readﬁ
Glﬂll:l‘l:'[fc “ s i A

T GATTATAG
.- ceTcaAce

4——Gene axpression matrix <4——Quantification <—— Mapping ¢

Cell1 Cell2 ... CellN

Genel | 3 2 = 13 Reference genome
Gene2 | 2 9 . 1 = ==
Gene3| 1 14 . 18 S — -
= _— =
25 0 0 - — kg,
GeneM o
78

Nat Prodoc. 2018
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scRNA-seq platforms

N
p
TS

s S a0e o | .E .

Cell Stress Low Moderate Moderate Moderate

Selection Yes Yes No* / Yes** No*

Doublet Low Low Low-High Moderate
Throughput Low Moderate Moderate High

ect;itel:::y Low Moderate Moderate Low-Moderate
Academic / - CellenONE (Cellenion)* - MARS-Seq (39) - C1 (Fluidigm) - InDrop (1CellBio)
Gommerial - Smart-Seq_2 (42) - Smart-Seq2 (42) - ddSeq (Biorad / lllumina) | | - DropSeq (Dolomite-bio)

- ICell8 (Clontech)** - 10X (Chromium)
scRNA workflow - Rhapsody (BD)
& J & T &
E)éafr:‘\spele ‘ Fragile rare cells p::’:e cells ::sne:r:ir:\g ’ Large cell numbers ‘ ’ Large cell numbers

Smart- | MAR a DropSeq
Singlet ‘ Seq2 Seq
Capeur 82% | 92% | 39% | 26% 7%+ | Ot 7% o 50%
ApIre reported reported
efficency
Not
Doubletrate /% | 227% | 330% | 58% | 134% | 06% 4% | 036113 | 16-3%
Reference 42 39 37 PB PB PB 36 37 26
FWP
,/ — —

$Automated pipetting system &
Front. Immunol. 2018 *Preselection or enrichment can be performed prior ‘

++0nly reagents added to wells containing singlets, determined by system 30

FWP: Fluidigm white paper

PB: Product brochure / manual

’f | \-:-
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LCM

Laser capture microdissection (LCM)
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Performance metrics for scRNA-seq protoc
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Nature Methods. 2017
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Technical noise in sScRNA-seq

o BN
Technical variation Biological variation
Batch effect Stochastic gene expression 1
Cell-specific capture efficiency Environmental niche ]
Amplification bias - Cell cycle
Dropout L y,
De-duplication Quantification
et e =
. e—— > = = g
~ —— AT 6

Experimental & Molecular Medicine. 2018
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Technical noise in sScRNA-seq
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Log raw

read counts

=» Cell-specific

Cell 1 vs. cell 2

Gene 1 Gene 2

Relative expression

Gene 1 vs. gene 2

Log raw

read counts

Cell 1 vs. cell 2

Cell and gene-specific effects in
scCRNA-seq experiments

==+ True value
=+ Gene-specific

Gene 1 vs. gene 2

Relative expression

Sequencing depth

Nature Methods. 2017

Cell 2 Gene 1 Gene 2
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effects effects by UMIs
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There are several
experimental sources of
systematic biases that can
affect measurements of
gene expression,
including gene- and cell-
specific features

Observed N
expression profile
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Removing the
effect of cell cycle

Differentiation

Technical noise in sScRNA-seq

Immature cell

Expression range of
differentiation gene
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2 * G1 phase
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Component 1

Experimental & Molecular Medicine. 2018
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Neural cells at various stages
of development can be
identified with ~50,000 reads
per cell

Nature Biotechnology. 2014
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T-distributed stochastic nelghbor
embedding (t-SNE)

* PCA has historically been the most commonly used method
for dimensionality reduction.

* The importance of nonlinear dimensionality reduction
techniques has recently been recognized.
 able to avoid overcrowding of the representation
* |somap, Diffusion Map and t-SNE

e t-SNE is currently the most commonly used technique in
single-cell analysis

* t-SNE suffers from limitations such as loss of large-scale information

* slow computation time

* inability to meaningfully represent very large datasets

Nature Biotechnology. 2019

Uniform manifold approximation and
projection (UMAP)

* UMPA preserve as much of the local and more of

the global data structure than t-SNE, with a shorter
run time.
20,000 a 10 - Dataset:
10,000 | " |o Han_400k
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—a— Wong L R £s) . @ Q- Q\
0.2 =~ Samusik \)
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Number of input data points PCA FIt-SNE 45‘ b
Nature Biotechnology. 2019
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Clusteri lysi

Table 1| Clustering methods for scRNA-seq

F D T S

scanpy’ 2018 PCA +graph-based Very scalable

Seurat (latest)® 2016

PhenoGraph* 2015

SC3 (RERH) 2017  PCA+k-means High accuracy through consensus,
provides estimation of k

SIMLR* 2017  Data-driven dimensionality Concurrent training of the distance

reduction+ k-means metric improves sensitivity in noisy

data sets

CIDR™ 2017 PCA+hierarchical Implicitly imputes dropouts when
calculating distances

GiniClust™ 2016 DBSCAN Sensitive to rare cell types

pcaReduce’’ 2016  PCA+k-means + hierarchical Provides hierarchy of solutions

Tasicetal.” 2016  PCA+hierarchical Cross validation used to perform
fuzzy clustering

TSCAN* 2016  PCA+Gaussian mixture model Combines clustering and
pseudotime analysis

mpath* 2016  Hierarchical Combines clustering and
pseudotime analysis

BackSPIN# 2015  Biclustering (hierarchical) Multiple rounds of feature selection

improve clustering resolution

RacelD”, RacelD2 2015  k-Means Detects rare cell types, provides
[REF'"), RacelD3 estimation of k
. SINCERA® 2015 Hierarchical Method is intuitively easy to
understand
SNN-Clig™ 2015 Graph-based Provides estimation of k

DBSCAN, density-based spatial clustering of applications with noise; PCA, principal component analysis; scRNA-seq, single-cell RNA sequencing.

High complexity, not scalable

Adjusting the distance metric to make
cells fit the clusters may artificially
inflate quality measures

Not effective for the detection of large
clusters

Very stochastic, does not provide a
stable result

High complexity, no software package
available

Assumes clusters follow multivariate
normal distribution

Uses empirically defined thresholds
and a priori knowledge

Tends to over-partition the data

Performs poorly when there are no rare
cell types

Simple hierarchical clustering is used,
may not be appropriate for very noisy
data

High complexity, not scalable

Nature Reviews. 2019
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Comparisons of scRNA-seq clustering

Entropy of cluster accuracy

Entropy of cluster accuracy
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§BSingle Cell

. Single Cell
| PORTAL studies

g bariers and Ingl il research 40 1 cells

\  Blsearchstugies X Search genes

| Search by fiters @ Search by text @

1| oran |I'. spacies | [ msease | coiype || = Moretacete b ‘ o
¢ Pagetoles 3 »
m@ Single Cell ™ 3 Study Overview © Help ~ ) Sign In
Summary B Explore @ Download &
= n Cumers © View Options Load cluster
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Select annotation
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H
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8, " o
5 > Distribution
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LY > Scatter
0
' &
o > Heatmap

Major cell types coordinates (top-level clusters)

https://portals.broadinstitute.org/single_cell

Data availability. All raw sequencing data are available in ArrayExpress under
accessions E-MTAB-6149 and E-MTAB-6653. Also, Rds files were uploaded.
These can be imported in CellView to visualise clusters, scroll through tSNE
projections and explore gene expression. Moreover, scRNA-seq source data
were formatted as .loom files, which can be visualized in an interactive manner
through SCope (https://gbiomed.kuleuven.be/scRNAseq-NSCLC)™. Finally,
gene expression data for all 52 clusters are available in Supplementary Table 4,
and cluster-specific gene expression data for tumor-derived and non-malignant
lung-tissue-derived cells are available in Supplementary Table 5 (only for clusters
- having >100 cells from both sources).

Nat Med. 2018
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@ ArrayExpress 5

FExamplas: E-MEXP -1, cancar, pt % advenced search

Submit Help | About ArrayExpress

ArrayExpress — functional genomics data  =IData Content N

ArrayExpress Archive of Functional Genomics Data stores data from high-throughput functional Updated today at 03:00

genomics experiments, and provides these data for reuse to the research community. = 72158 experiments
« 2373008 assays
@Browse ArrayExpress » 54.54 TB of archived data
https ://www.ebi.ac. u k/a rrayexp ress/ E-MTAB-6149 - Single cell sequencing of lung carcinoma
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scRNASeqDB

a database for gene expression profiling in human single cell by RNA-seq

Welcome to scRNASeqDB! Search scRNASeqgDB e

Single-cell RNA-Seq (scRNA-seq) are an emerging method which facilitates to fyGene  ByCel ‘5 P A 4
explore the comprehensive ranscriptome in & single cell. To provide a uselul

and unique reference resource for biology and medicine, we developed the

ScRNASeqDB database, which contains 36 human single cell gene expression @ Gene symbol O Gene Ensembl ID
data sets collected from Gene Exprassion Omnibus (GEQ), involving 8810 calis TBK1

from 174 cell groups. We also provides detailed information for gene expression
of cells in different status, as well as some lealures, including heatmap and
boxplot of gene expression, gene correlation matrix, GO and pathway
annotations

You can also submit sScRNASeq data sets to our database Feel free to contact Gene Cloud
us if you have any questions!

Please input gene symbol of Ensembl ID

Current curation (6

Number of GSE datasets: 38

Number of GSM entries: 13440 %AP1

B

4

Number of cell groups: 200 RP824 PGAM1 C% RP
RINT1 B2 GABLH SCG5 RPLS

New datasets RPL7E{ LSS

REGION-SPECIFIC NEURAL STEM CELL LINEAGES REVEALED BY SINGLE-

3SE86Y
GeEaRR CELL RNA-SEQ FROM HUMAN EMBRYONIC STEM CELLS [Smart-seq)
GSEBEYTT REGION-SPECHFIC NEURAL STEM CELL LINEAGES REVEALED BY SINGLE- News
B CELL RNA-SEQ FROM HUMAN EMBRYONIC STEM CELLS [Cel-seq]
More
GSETT564 Coupled electrophysiokogical recording and single-cell transcriptome analyses
. revealed molecular med neuronal : GSEB5902 has been added to our database 20170331
GSEBS977 has been added to our databaze 20170329
Publication
CIDR has been used to cluster single cells In each datasat 20170312
Rankprod has been used 1o rank oene expression across all datasets 20170303

Yuan Cao, Junjie Zhu, Guangchun Han, Peilin Jia, Zhongming Zhao
scRNASeqDB: a database for gene expression profiling in human single cell 3cRNASeqDB has been lsunched 20160915
by RNA-seq (in review). bioRxiv
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Journal papers on scRNA-
seq analysis of cancer

49 Wy~

nature.,, RESOURCE
medlcme https://doi.org/10.1038/541591-018-0096-5

Phenotype molding of stromal cells in the lung
tumor microenvironment

Diether Lambrechts®"?*, Els Wauters>*, Bram Boeckx'?, Sara Aibar®>%, David Nittner’8, Oliver Burton®®,
Ayse Bassez'?, Herbert Decaluwé ©'°", Andreas Pircher'’?, Kathleen Van den Eynde®,

Birgit Weynand©%, Erik Verbeken™, Paul De Leyn", Adrian Liston®%®, Johan Vansteenkiste®3#,
Peter Carmeliet''>'*, Stein Aerts*® and Bernard Thienpont®"5*

Cancer cells are embedded in the tumor microenvironment (TME), a complex ecosystem of stromal cells. Here, we present a
52,698-cell catalog of the TME transcriptome in human lung tumors at single-cell resolution, validated in independent samples
where 40,250 additional cells were sequenced. By comparing with matching non-malighant lung samples, we reveal a highly
complex TME that profoundly molds stromal cells. We identify 52 stromal cell subtypes, including novel subpopulations in cell
types hitherto considered to be homogeneous, as well as transcription factors underlying their Feterogeneity. For instance, we
discover fibroblasts expressing different collagen sets, endothelial cells downregulating immune cell homing and genes coregu-
lated with established immune checkpoint transcripts and correlating with T-cell activity. By assessing marker genes for these
cell subtypes in bulk RNA-sequencing data from 1,572 patients, we illustrate how these correlate with survival, while immuno-
histochemistry for selected markers validates them as separate cellular entities in an independent series of lung tumors. Hence,
in providing a comprehensive catalog of stromal cells types and by characterizing their phenotype and co-optive behavior, this
. resource provides deeper insights into lung cancer biology that will be helpful in advancing lung cancer diagnosis and therapy.

IR

NATURE MEDICINE | VOL 24 | AUGUST 2018 | 1277-1289 | www.nature.com/naturemedicine
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Many stromal cell subclusters were enriched
either tumor-derived or lung tissue-derived ce
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Preparation of single-cell suspensions. Following resection in the operating
room, samples from the tumor and adjacent non-malignant lung tissue from e
the same resection specimen at maximal distance (>5cm) from the tumor were !{. | iR
isolated and transported rapidly to the research facility. On arrival, samples ﬁlﬁ
were rinsed with PBS and the tumor sample macroscopically examined for A
tumor positioning. The tumor sample was subsequently divided into three

pieces, with one piece containing mainly tissue derived from the tumor core,

one piece containing tissue mainly derived from the tumor edge and a third

piece originating from the position intermediate to the other two samples. Each

sample was subsequently minced on ice to smaller pieces of less than 1 mm?

and transferred to 10 ml digestion medium containing 0.2% collagenase /1L

(ThermoFisher Scientific), DNAse I (Sigma) and 25 units dispase (Invitrogen) in

DMEM (ThermoFisher Scientific). Samples were incubated for 15min at 37°C,

with manual shaking every 5min. Samples were then vortexed for 10s and pipetted

up and down for 1 min using pipettes of descending sizes (25ml, 10 ml and 5ml).

Next, 30 ml ice-cold PBS, pH 7.4, (ThermoFisher Scientific) containing 2% fetal

bovine serum (ThermoFisher Scientific) was added and samples were filtered using

a 40-um nylon mesh (ThermoFisher Scientific). Following centrifugation at 120x

gand 4 °C for 5min, the supernatant was decanted and discarded, and the cell

pellet was resuspended in 2ml red blood cell lysis buffer and transferred to a 2-ml

DNA low bind tube. Following a 5-min incubation at room temperature, samples

were centrifuged (120Xg, 4°C, 5min) using a swing-out rotor. Samples were next
resuspended in 1 ml PBS containing 8 ul UltraPure BSA (50 mgml~'; AM2616,
ThermoFisher Scientific) and filtered over Scienceware Flowmi 40-um cell

strainers (VWR) using wide-bore 1 ml low-retention filter tips (Mettler-Toledo).

Next, 10 pl of this cell suspension was counted using an automated cell counter

(Luna) to determine the concentration of live cells. Throughout the dissociation

procedure, cells were maintained on ice whenever possible, and the entire

procedure was completed in less than 1 h (typically ~45min) to avoid dissociation-
associated artefacts recently described'’. By using a dissociation signature” to _
detect dissociation-associated changes in gene expression, a positive signal for less 5'4 b | S
than 2% of cells was detected (Supplementary Fig. 2a). Nat Med. 2018
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Droplet-based scRNA-seq. Single-cell suspensions were converted to barcoded
scRNA-seq libraries by using the Chromium Single Cell 3’ Library, Gel Bead &
Multiplex Kit and Chip Kit (10x Genomics), aiming for an estimated 4,000 cells
per library and following the manufacturer’s instructions. Samples were processed
using kits pertaining to either the V1 or V2 barcoding chemistry of 10x Genomics
(Supplementary Table 2). Single samples are always processed in a single well of

a PCR plate, allowing all cells from a sample to be treated with the same master
mix and in the same reaction vessel. For each patient, all samples (non-malignant
and tumor) were processed in parallel in the same thermal cycler. Libraries were
sequenced on an [llumina HiSeq4000, and mapped to the human genome (build
hg19) using CellRanger (10x Genomics). Gene positions were annotated as per
Ensembl build 85 and filtered for biotype (only protein-coding, long intergenic
non-coding RNA, antisense, immunoglobulin or T-cell receptor).

Nat Med. 2018

Single-cell gene expression quantification and determination of the major
cell types. Raw gene expression matrices generated per sample using CellRanger
(version 2.0.0) were combined in R (version 3.3.2—Sincere Pumpkin Patch), and
converted to a Seurat object using the Seurat R package (version 1.4.0.7)"". From
this, all cells were removed that had either fewer than 201 UMIs, over 6,000

or below 101 expressed genes, or over 10% UMIs derived from mitochondrial
genome. From the remaining 52,698 cells, gene expression matrices were
normalized to total cellular read count and to mitochondrial read count using
linear regression as implemented in Seurat’s RegressOut function. As a result,
none of the principle components subsequently identified were correlated with
transcript count (data not shown). From the remaining 52,698 cells, variably
expressed genes were selected as having a normalized expression between 0.125
and 3, and a quantile-normalized variance exceeding 0.5. To reduce dimensionality
of this dataset, the resulting 2,192 variably expressed genes were summarized

by principle component analysis, and the first 8 principle components further
summarized using tSNE dimensionality reduction using the default settings of the
RunTSNE function. Cell clusters in the resulting two-dimensional representation
were annotated to known biological cell types using canonical marker genes
(Supplementary Fig. 1). Of note, very few stromal cells (~2%) were positive for cell
proliferation markers (Supplementary Fig. 4). We therefore opted not to correct
our gene expression matrices for effects of cell cycle.
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Subclustering of the major cell types. To identify subclusters within these eight |
cell types, we reanalyzed cells belonging to each of these eight cell types separately.
Specifically, we applied dimensionality reduction using principle component

analysis in each cell type on variably expressed genes as described above. To
identify which principle components were informative, we applied Horn’s parallel
analysis for principle component analysis* as implemented in the R paran package
(version 1.5.1.), selecting those principle components having eigenvalues that
exceed the eigenvalues generated using ten random permutations by >50%. Using
the graph-based clustering approach implemented in the FindClusters function

of the Seurat package, with a conservative resolution of 0.5 and otherwise default
parameters, each cell type was reclustered by its principle components. Notably,
subclustering was robust to alterations in the number of principle components,

in the resolution or in the K parameter (Supplementary Fig. 3a—c). Moreover, few
of the subclusters identified contained many cells wherein less than 300 genes
were detected, indicating that increasing the threshold of 100 genes will not affect
our results (Supplementary Fig. 20). This yielded 64 subclusters (52 stromal
subclusters) in total, as listed in Supplementary Table 3. For visualization purposes,
these informative principle components were converted into tSNE plots as above.

Nat Med. 2018

Identification of marker genes. To identify marker genes for each of these 64
subclusters within these 8 cell types, we contrasted cells from that subcluster to all
other cells of that subcluster using the Seurat FindMarkers function. Marker genes
were required to have an average expression in that subcluster that was >2.5-fold
higher than the average expression in the other subclusters from that cell type,
and a detectable expression in >15% of all cells from that subcluster. Additionally,
marker genes were required to have the highest mean expression in that
subcluster, out of all 64 subclusters. This yielded a list of in total 402 marker genes
(Supplementary Table 3) for 51 subclusters (42 stromal cell subclusters), whereas

for 13 subclusters we failed to identify marker genes. When analyzing marker genes

for several subclusters in aggregate, such as for tumor endothelial cells (endothelial

cell clusters 3 and 4) or for macrophages (myeloid clusters 1-4, 6-8, 10 and 11), we
simply combined the marker genes for all associated subclusters.
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Global characterization of T cells in non-small-cell
lung cancer by single-cell sequencing

Xinyi Guo'é, Yuanyuan Zhang'¢, Liangtao Zheng?¢, Chunhong Zheng'é, Jintao Song?¢, Qiming Zhang,
Boxi Kang', Zhouzerui Liu', Liang Jin?, Rui Xing? Ranran Gao', Lei Zhang?, Minghui Dong', Xueda Hu',
Xianwen Ren®@’, Dennis Kirchhoff®, Helge Gottfried Roider®, Tiansheng Yan>* and Zemin Zhang ©"2*

Cancer immunotherapies have shown sustained clinical trating CD8* T cells undergoing exhaustion, we observed

responses in treating non-small-cell lung cancer’-3, but effi- two clusters of cells exhibiting states preceding exhaustion,

cacy varies and depends in part on the amount and properties 2nd a high ratio of “pre-exhausted"” to exhausted T cells was

of tumor infiltrating lymphocytes™*. To depict the baseline 25s0¢iated with better prognosis of lung adenocarcinoma.

landscape of the composition, lineage and functional states Additionally, we observed further heterogeneity within the

of tumor infiltrating Iymphoc;tes here we performed deep tumor regulatory T cells (Tregs), characterized by the bimodal
r

single-cell RNA seauencing for 12.346 T cells from 14 treat- distribution of TNFRSF9, an activation marker for antigen-

= - h specific Tregs. The gene signature of those activated tumor
MH_W&W%& Combined Tyegs, which included ILTR2, correlated with poor prognosis
e€xpression an cell antigen receptor based lineage track- in lung adenocarcinoma. Our study provides a new approach
ing revealed a significant proportion of inter-tissue effector for patient stratification and will help further understand the
T cells with a highly migratory nature. As well as tumor-infil- functional states and dynamics of T cells in lung cancer.
NATURE MEDI OL 24 | JULY 2018 | 978-985 | www.nature.com/naturemedicine
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Single-cell dissection of intratumoral
heterogeneity and lineage diversity in metastatic
gastric adenocarcinoma

Ruiping Wang', Minghao Dang', Kazuto Harada 2, Guangchun Han®?, Fang Wang?,

Melissa Pool Pizzi?, Meina Zhao? Ghia Tatlonghari?, Shaojun Zhang®’, Dapeng Hao',

Yang Lu®@#?, Shuangtao Zhao', Brian D. Badgwell5, Mariela Blum Murphy?, Namita Shanbhag?,
Jeannelyn S. Estrella®, Sinchita Roy-Chowdhuri®, Ahmed Adel Fouad Abdelhakeem?, Yuanxin Wang',
Guang Peng®7, Samir Hanash @7, George A. Calin®8, Xingzhi Song’, Yanshuo Chu’, Jianhua Zhang®?,
Mingyao Li®?, Ken Chen@?, Alexander J. Lazar®%'°, Andrew Futreal @', Shumei Song®?,

Jaffer A. Ajani®2* and Linghua Wang @&

Intratumoral heterogeneity (ITH) is a fundamental property of cancer; however, the origins of ITH remain poorly understood.
We performed single-cell transcriptome profiling of peritoneal carcinomatosis (PC) from 15 patients with gastric adenocar-
cinoma (GAC), constructed a map of 45,048 PC cells, profiled the transcriptome states of tumor cell populations, incisively
explored ITH of malignant PC cells and identified significant correlates with patient survival. The links between tumor cell lin-
eage/state compositions and ITH were illustrated at transcriptomic, genotypic, molecular and phenotypic levels. We uncovered
the diversity in tumor cell lineage/state compositions in PC specimens and defined it as a key contributor to ITH. Single-cell
analysis of ITH classified PC specimens into two subtypes that were prognostically independent of clinical variables, and a
12-gene prognostic signature was derived and validated in multiple large-scale GAC cohorts. The prognostic signature appears
. fundamental to GAC carcinogenesis and progression and could be practical for patient stratification.
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Download Python 3.12.2

Download the latest version for Windows (4\"\ |
\ieod

Looking for Python with a dif! nt OS? Python for Wind
Linux/UNI S, Other
Want to help test development versions of Python 3.137 Prereleas

Docker imz

Files

Version Operating System Description MDS Sum File Size GPG Sigstore SBOM

Gzipped source tarball Source release 4e64a004f8ad9af1a75607cfd0d5a8¢8 27116462  SIG sigstore  SPDX

XZ compressed source tarball Source release e7c178b97bi8fTccd67Tb4d614fTh3c 20591308  SIG sigstore  SPDX
macOS 64-bit universal2 installer mac0S for mac0S 10.9 and later 88981146d943b5517140fa96¢96153 45586819  SIG sigstore
Windows embeddable package (32-bit) Windows 787d286b66a3594€697134ca3b97d7fe 9858866 SIG sigstore
Wind

embeddable pack 54-bit) Windows ded837d78alefaTead7b31c14c756faa 11068186  SI( sigstore

Windows embeddable package {ARM64) Windows 1ffc0daea3fo2albadc2abeT4(75226d 10296740  SIG sigstore
Windows installer (32 -bit) Windows bcad721cf44a52fa%19c1209d45e8c3 25320328 SIG sigstore

Windows installer (64-bit) Windows Recommended 44abfaea89d87cc005d50a9267b5d58d 26667456 SIG sigstore

Windows installer (ARM64) Windows Experimental f769b05cd9d336d2d6e3f6399cb573be 25882872 SIG sigstore

Python & X|

e
& Python 3.12.2 (64-bit) Setup = X

Install Python 3.12.2 (64-bit)

Select Install Now to install Python with default settings, or choose
Customize to enable or disable features.

AT i

Install Now

C:¥UserswjhowAppD

=> Customize installation

Ch on andg features

python

for

Lwindows

() Use admin privileges when installing py.exe
@ Add python.exe to PATH Cancel
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The Comprehensive B Archive Network

Download and Install R

Precompiled binary distibutions of the base system and contributed packages, Windows and Mac users
miost likely want one of these versions of R:

I;RAN ’ * Download R for Linux (Debian, Fedora/Redhat, Ubuntu)
R = Download R for macQS
What's new? * Downloa for Window:
Search
CRAN Team R is part of many Linux distributions, you should check with your Linux package management system in
ALt R addition to the link above,
o

Gource Code for all Platforms

|E_F1¢memg

Subdirectories:

Binaries for base distribution. This is what you want to Install R for the first time.

Binaries of contributed CRAN packages (for R >= 3.4.x).

Binaries of contributed CRAN packages for outdated versions of R (for R < 3.4.x).

Tools to build R and R packages. This is what you want to build your own packages on Windows, or to build R itself.

Please do not submit binaries to CRAN. Package developers might want to contact Uwe Ligges directly in case of questions / suggestions related to Windows
binaries.

You may also want to read the R FAQ and R for Windows FAQ

Note: CRAN does some checks on these binaries for viruses, but cannot give guarantees. Use the normal pr 1s with downloaded executables.

chg Setup - R for Windows 4.3.2

Select Destination Location
Where should R for Windows 4.3.2 be installed?

[ F Setup will install R for Windows 4.3.2 into the following folder.

To continue, click Next. If you would like to select a different folder, click Browse.

#WProgram Files¥WR¥R:

(1)
N
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@ @nload

= posit

DOWNLOAD

RStudio Desktop

Used by millions of people weekly, the RStudio integrated
development environment (IDE) is a set of tools built to help you
be more productive with R and Python.

Don’t want to download or install anything? Get started with
RStudio on Posit Cloud for free. If you're a professional data
scientist looking to download RStudio and also need common

enterprise features, don't hesitate to book a call with us.

~N

PRODUCTS v« SOLUTIONS ~ LEARN L SUPPORT EXPLORE MORE PRICING

\ RSTUDIO-2023.12.1-402-AMD64 .DEB) 149.96 MB
N

0os SHA-256
Windows 10/11 RSTUDIO-2023.12.1-402.EXE + 215.66 MB D3C03C42
mac0s 12+ RSTUDIO-2023.12,1-402.0MG & €8091850
: Ubuntu 20/Debian 11 RSTUDIO0-2023.12.1-402-AMD64 . DEB + 149.27 MB 81F221BE
Ubuntu 22/Debian 12 75542CC2

RStudio € X]

@ Rstudio €%
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C:#Program FilesWRStudio 207,
E2FC1A3 Z2+ 860,68 MB
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Nullsoft Install System v3,08 é
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e Choose R Installation
RStudio requires an existing installation of R.
Please select the version of R to use.

@ Use your machine's default 64-bit version of R
Use your machine's default 32-bit version of R
(O Choose a specific version of R

[64-bit] C:\Program Files\R\R-4.3.2

You can also customize the rendering engine used by RStudio
Rendering Engine: | Auto-detect (rec ded) v 5

0 RStudio @

File Edit Code View Plots Session Build Debug Profile Help
O -Cpls- =
Console  Terminal - Background Jobs -
(R R432 - E/Research/UNIST/ETC/202402_BIML/BIML-2021-SingleCellRNAseq/

” Go to file/function * Addins *~

R version
Copyright
pPlatform:

4 Tools Help ) |
(¢ 1 Computing

£
Xt |nstall Packages...

Check for Package Updates...
Version Control >

+ Terminal 4
Background Jobs 4
t Addins 4

l Memory 4

Keyboard Shortcuts Help Alt+Shift+K

Modify Keyboard Shortcuts...

re

Edit Code Snippets...

. Show Command Palette Ctri+Shift+P =

I3
Project Options...

@ Global Options...

11

m Graphics = Advanced I

Options
| . General
Code R Sessions
R version:
[ = o |[64-bit] CProgram Files\RR-4.3.2
U Appearance Default working directory (when not in a project):
H  Pane Layout \ -/202402_BIML/BIML-2021-SingleCellRNAse(
il Packages ' Restore most recently opened project at startup
' Restore previously open source documents at startup
R Markd:
° ik Workspace
@ python 7 Restore RData into workspace at startup:
Save workspace to .RData on exit: (Ask v
@ sweave =~
History
‘7 Spelling 3 2
| Always save history (even when not saving .RData)
. Git/SVN Remove duplicate entries in history
Other
#8, Publishing i ‘
+'Wrap around when navigating to previous/next tab
. Terminal  Automatically notify me of updates to RStudio
 Send automated crash reports to RStudio
@ Accessibility
O Copilot
OK

Change...

@

rrrr—

Cancel Apply

12

-39 -



Summary

Home / JAGS f4.x

Name ¥

J Parent folder

CIMac 05X
D Windows

[JSource
\_

Brought to you by:

Reviews Support Discussion
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JAGS & X|

@ | i
! E s
JAGS-4.3.1.ex

e

@ JAGS 4.3.1 Setup

Choose Install Location

Choose the folder in which to install JAGS 4.3. 1.

Setup will install JAGS 4.3. 1in the following folder. To install in a different folder, dick Browse

and select another folder. Click Next to continue.,

Destination Folder

C:'Wrrogram FilesWIAGSWIAGS-4.3.1

Browse...

Space required: 97.5MB
Space available: 240.1 GB

< Back

Next > Cancel
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) RStudio
File Edit Code View Plots Session Build Debug Profile Tools Help
o - %J &~ EB A Go to file/function - ~ Addins ~
Col Terminal | Background Jobs
Terminal 1 ~ - pip install scrublet
Microsoft windows [Version 10.0.22621.3007]
(c) Microsoft Corporation. All rights reserved.

E:\Research\UNIST\ETC\202402_BIML\BIML-2021-SingleCell RNAseq[pi p install scrubl et]

* pip install scrublet

R package & X}

@ Rstudio
File Edit Code View Plots Session Build Debug Profile Tools Help

O -0yl (% # Go to file/function | = Addins -
@ Console I'I’umlndx Background Jobs

R4.3.2 - E/Research/UNIST/ETC/202402_BIML/BIML-2021-SingleCellRNAseq/ -

R version 4.3.2 (2023-10-31 ucrt) -- "Eye Holes"
Copyright (C) 2023 The R Foundation for Statistical Computing
Platform: x86_64-w64-mingw32/x64 (64-bit)

RS Ats¢ 2#ZEH00I0, Ol HEll S0 BIZESUCH
cot, YHES TAFI0NAM Ol NE FHUE ® 5 ASUCH.
B Zot AAS HAME YRS 'license()' £ 'licence()'#® B|3tK A2AY =+ AGUC.

RZ2 222 DICIAIE0| B0 BSZESHEYUC.
‘contributors()'2t YASBIAIZ oloff CHE O 22 B2E A0ISHY =+ AsUCh
222, R EERMIANEE GBEN B3I YYO CHHME 'citationQ'E8 B3 &AsA2 FHESHUL.

‘demo()' & YHFUCIE FOIX CIZE 24 = A20, 'help(O'E YHAEB 2240 S ITYE 0Bt = Asd.

£, 'help.start()'2l YAE F3K HTML S2ALAHN 28 =SUE A8+ AsUT
RS ZEE AL 'q0'8 YHMFMR.

@ [> install.packages("seurat")| ]

install.packages("Seurat")

16

-41 -



R package & X|

* if (Irequire("BiocManager", quietly = TRUE))

install.packages("BiocManager")

* install.packages("devtools")

* install.packages("SoupX")
* BiocManager::install("DropletUtils")

* BiocManager::install("scater")

* BiocManager::install("SingleR")

* BiocManager::install("celldex")
* BiocManager::install("infercnv")

BiocManager::install("monocle")

17

Generating FASTQ

Cells Chromium GEM Well Libraries  Sequencing ----—---- Cell Ranger ----—--
Feature BCL FASTQ ‘
: CEETETT) 1
= legsssses j > > —> % Output
: 00000000 GEXi ] —— FAsTQ — T —

Libraryl §1 L001 Rl 001.fastq.gz
Libraryl §1 L001 R2 001.fastqg.gz
Libraryl $1 LO01 Il 001.fastq.gz

Read 1:28

10xBC+UMI Sample
i SETURRIN Index
i | I
P5 TruSeqRead1 10x  UMI  Poly(dT)VN < TruSeqRead 2 P7
Barcode Relad 2:91
nsert

BST-E@B184: 1862 HZNV3CCX2: 2: 1101 :4980: 1959 2:N: 0 : ACAGAGGT
NCACTTTCTGTTTTCGGATTGAAGAAGATGTACATTTTTTGTCAACTCGTACTTTTATCAGATAAGCAACTCACGTATTTGGATCTTTATT

+

HAA-A-AAATTIT-TIFLFFI-TFA-AF1IIT0--<-<AFI-<FI<AA- -FIATE-ACA--A--T--TA-<T---TT-A<<-~-TAFA---
BST-E@B164: 1062 H2NV3CCX2: 2: 1101 :5446:1959 2:N: @ : ACAGAGGT

NTCCCGOCCGOGCCGCCTCTTAGAGACTCGGETCTTCTGT TCCACACGTCGGTTTCGETGACCGATATTGTTGTCACTGCTGCGGGETAAG

+

HAA-AFAYIC-AIFCIF-TA--T<<TF--TA-T7---€-F&-<FI-T<-FIAFA-TAL-A-A- - - =-g-T-T-m o= <FETA-~ -~ 7-
@ST-EGB184: 1862 H2NV3CCX2: 2: 1101:5507:1959 2:N:0: ACAGAGGT

. NATGAATAAGAGGTGGACACAACAGCATGCTCCGGCAGCACGECGTGETGTGTCCCTGGACACATCCCTTCATTCCATGEACTTAGAGGCG

By

#-AAATFIII<IFI7FII7<]-FIAII-<FFF1-77FAFII1<ARAIAA-F-F1-FIA-FAA-ATA-F7AA-A-<TF<-F7A-A<F<<FF-

18
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Cell Ranger

7 GENOMICS Products Research Areas  Resources

Support » Single Cell Gene Expression » Software SEARCH sa ([ cowtact supRoRT

SOFTWARE > DOWNLOADS

CELL RANGER Software Downloads

Introduction

Downloads @ Cell Ranger 5.0.1 Loupe Browser 5.0.0
Tutorials Single Cell Analysis Pipelines nteractive Analysis
Running Pipelines

Understanding Outputs Please follow the install instructions after downloading the Cell Ranger package below.

Algorithms Overview

Cell Ranger - 5.0.1 (December 16, 2020)

Advanced
LETEE s Self-contained, relocatable tar file. Does not require centralized installation.

* Contains binaries pre-compiled for CentOS/RedHat 6.0+ and Ubuntu 12.04+.
Introduction ® Download - Linux 64-bit - 955 MB - md5sum: 8b9d217c160d52902ebcde8608765119
Download

Tutorial curl wget

pport.10xgenomics.com/single-cell-gene-expression/software/downloads/latest

19

References - 2020-A (July 7, 2020)

* Human reference (GRCh38) dataset required for Cell Ranger.
» Download - 11 GB - md5sum: dfd654de39bff23917471e7fcc7a00cd [
» Build steps

curl wget

curl -0 https://cf.18xgenomics.com/supp/cell-exp/refdata-gex-GRCh38-2028-A.tar.gz

= Mouse reference dataset required for Cell Ranger.
» Download - 9.7 GB - md5sum: 886eeddde8731ffb58552d0bb81f533d
» Build steps

curl wget

curl -0 https://cf.18xgenomics.com/supp/cell-exp/refdata-gex-mmle-2628-A.tar.gz

* Human reference (GRCh38) and mouse dataset required for Cell Ranger.
* Download - 9.9 GB - md5sum: c34194518ef19a4d0c409b598bb7363e
» Build steps

curl weget
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Extract cell-barcode, UMI, RNA read

Y

Correct cell-barcode sequences

Y

Align reads using STAR

Y

Tag reads with gene, transctipt hits

Y

Correct UMI sequences

Y

Count UMIs by (cell, gene)

Y

Select cell-associated barcodes

Y

Gene-barcode matrix

Cell Ranger pipeline workflow

S cellranger count \

--id=sample-1a \
--transcriptome=refdata-cellranger-hg19-1.2.0 \
--fastgs=sample-1a/ \

--sample=sample-1a \

--localcores 20\

--localmem 24

Output directory

[OUTPUTDIR] /outs/filtered_feature_bc_matrix/
1. barcodes.tsv.gz

2. features.tsv.gz

3. matrix.mtx.gz

21

Extract cell-barcode, UMI, RNA read

L 7

Correct cell-barcode sequences

L 7

Align reads using STAR

L 7

Tag reads with gene, transctipt hits

Y

Correct UMI sequences

L 7

Count UMIs by (cell, gene)

Y

Select cell-associated barcodes

L 7

Gene-barcode matrix

Cell Ranger pipeline workflow

features.tsv.gz

barcodes.tsv.gz

Barcodes
matrix.mtx.gz
[%2]
(]
5 UMis
&
Sample-3a_AAACCTGAGTAACCCT Sample-3a_AAACCTGCAACGATGG
MIR1302-10 .
FAM138A
OR4FS
RP11-34P13.,7
RP11-34P13.8 . .
Sample-3a_AAACCTGCATTAGCCA Sample-3a_AAACCTGGTCCATGAT
MIR1302-10 . .
FAM138A
OR4FS
RP11-34P13.7
RP11-34P13.8 .
Sample-3a_AAACCTGGTCCGAGTC
MIR1302-10 .
FAM138A .
OR4FS . 22

RP11-34P13.7
RP11-34P13.8
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[OUTPUTDIR] /outs/web_summary.htmi
Estimated Number of Cells Cells
4,143 : —
2 Background
10k
5
Mean Reads per Cell Median Genes per Cell 2
2 1000
13,843 616 : .
] & 2
= 100
= 5
. 2
10
Sequencing f
Number of Reads 57,353,853 i =
Valid Barcodes 98.4% 1 10 100 1000 1k 100k
Barcodes
Sequencing Saturation 34.4%
. Estimated Number of Cells 4143
Q30 Bases in Barcode 97.4%
Fraction Reads in Cells T46%
Q30 Bases in RNA Read 80.6%
. Mean Reads per Cell 13,643
Q30 Bases in UMI 97.1%
Median Genes per Cell 616
Total Genes Detected 20,190
Mapping Median UMI Counts per Cell 1,379
Reads Mapped to Genome 64.9%
Reads Mapped Confidently to Genome 62.7% Sample
Reads Mapped Confidently to Intergenic Regions 4.5%
. N Name Sample-3a
Reads Mapped Confidently to Intronic Regions 11.9%
X B Description
Reads Mapped Confidently to Exonic Regions 46.3%
= Transcriptome hg19
Reads Mapped Confidently to Transcriptome 44.4%
= Chemistry Single Cell 3' v2
Reads Mapped Antisense to Gene 0.6%
Cell Ranger Version 302
23

€)studio

Sign in to RStudio

Username:

Password:

| |

] Stay signed in

Sign In

24
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Rstudio

6 File Edit Code View Plots Ssssion Bulld Debug  Profile  Tools  Help
©-ple-La A ©o o file/function - Addint -
O | ntitledl
| [IsourceonSave | C .
1
Script
LA {Top Level) =

Console  Terminal

-4

AR AT W e e TR W e W ——

Matural language support but running in an English locale

R is a collaborative project with many contributors.
Type ‘contributors()’ for more information and
‘eitation()" on how to cite R ar R packages in publicatisns.

Type "demo()' for some demos, ‘help()' for on-line help, or
‘help.start()" for an HTHL browser interface to help,
Type "al()" to quit R.

Command

>

M @
B Project (None) +
—[  Environment  Histery  Connactions =i
#Run | ek 4o Source = ot | | 7 Import Dataser « | List =
£} clobal Emviranment - Q
Enviranment is émpty
. .
Enviroment / History
Files  Plote  Packages Help  Viewar =
- Expost = | €
R script =
=0

File / Plots / Package / Help

25

Test dataset

nature., .,
medicine

Phenotype molding of stromal cells in the lung
tumor microenvironment

Diether Lambrechts©'2*, Els Wauters®*, Bram Boeckx'?, Sara Aibar %%, David Nittner’?, Oliver Burton®?,

Ayse Bassez'?, Herbert Decaluwé © ", Andreas Pircher'’?, Kathleen Van den Eynde®,

Birgit Weynand ©", Erik Verbeken™, Paul De Leyn", Adrian Liston®%°, Johan Vansteenkiste ©%#,

Peter Carmeliet''?™, Stein Aerts®* and Bernard Thienpont ©'15*

RESOURCE

org/10.1038/541591-018-0096-5

from lung tu
distal non-mali
lung samples

* Input dataset :
~/Resource/RawData/Leuven/fi
ltered_feature_bc_matrix

a Patient 1 Patient 2 Patient 3 Patient 4 Patient 5
(Female, 70 yr) (Male 86 yr) (Male 68 yr) (Female 64 yr) (Male 60 yr)
e [
= f:i ) iﬁ ) w:yfb; =)Y]
Tumour type: LUSC LUSC LUAD LUAD NSCLC
Lung type: C Mild COPD | COPD B OPD
Tumour sample: 1 2 8 4 5 6 e 9 10 12 13 14 16 17 18
n-malignant sample 15
b Sample origin Patient Transcript count
w LYo
= ¢
L2 R
;002'( 20K s
T T T
-20 0 20 -40 -20 0 20

tSNE 1 tSKE 1
Lambrechts et al. Nature Medicine. 2018
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Identify doublets (Scrublet)

https://github.com/AllonKleinLab/scrublet

27

A Doublet formation B Effect of doublets
& Singlets &l
e 7 g . | » Singlet e P
Vo 0w £ |® Doublet 8 SR
.{;’ o S | ® Triplet Detectable 4-.‘“r? ; "ﬂ“‘y"“’
cells  Encapsulate g o doublets || L B
p Doublets = _ " (Neotypic) ERUE P
> 3 "Undetectable : ~-.,‘.
_ (droplets, -g jidsa— doublets 7
wells) L Embedded
barcoded

primer beads

~" (Embedded)
@ Embedding dim. 1

Algorithm overview

A AA A
[} UK Aoo
e r®e A 8 ik
o AA @ e
o
A a®e

Build k-nearest-
neighbor graph

C
Observed transcriptomes Simulate
Neotypic doublets (A
0 & doublet te e £ _)()
0 o oo o ©
° o
o o\o Embedded o 4 °
Singlet doublet —*
Calculate fraction of
simulated doublet
Doublet score neighbors
® o oo o | €&
. oooo w2 o © °
(] o o o
score — ®
— |

@ &

SL Wolock et al. Cell Syst (2019)
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Load counts matrix and gene list
(Python)

» import sysimport os
» import scrublet as scr
» import scipy.io

» import numpy as np

» import pandas as pd

» counts_matrix = scipy.io.mmread(input_dir + '/matrix.mtx') T.tocsc()

» genes = np.array(scr.load_genes(input_dir + '/features.tsv', delimiter = "\t', column =

1))

barcodes = np.loadtxt(input_dir + '/barcodes.tsv', dtype = 'str')

29

»scrub = scr.Scrublet(counts_matrix, expected_doublet_rate = 0.06) A

* expected_doublet_rate: the expected fraction of transcriptomes that

are doublets, typically 0.05-0.1.

* sim_doublet_ratio: the number of doublets to simulate, relative to the
number of observed transcriptomes. This should be high enough that
all doublet states are well-represented by simulated
doublets. (default =2)

* n_neighbors: Number of neighbors used to construct the KNN classifier
of observed transcriptomes and simulated doublets. (default =
round(0.5*sqgrt(n_cells)))

30
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»doublet_scores, predicted_doublets =
scrub.scrub_doublets(min_counts = 2, min_cells = 3,
min_gene_variability_pctl =85, n_prin_comps = 30)

* min_gene_variability_pctl : Keep the most highly variable genes

(default: 85.0)

* n_prin_comps : Number of principal components used to embed

the transcriptomes prior to k-nearest-neighbor graph construction.

31

Save result (Python)

» scrub_obs = pd.DataFrame({ "barcodes" : barcodes,
"doublet_scores_obs" : scrub.doublet_scores_obs_, "threshold" :

scrub.threshold_})

» scrub_sim = pd.DataFrame({ "doublet_scores_sim":

scrub.doublet_scores_sim_, "threshold" : scrub.threshold })

» scrub_obs.to_csv(out_dir+ "/scrublet.doublet_scores_obs.txt", index =

False, header = None, sep = "\t")

» scrub_sim.to_csv(out_dir+ "/scrublet.doublet_scores_sim.txt", index =

False, header = None, sep = "\t")

32
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¢
Plot doublet score histograms ?R)

» db.score <- read.table(file = pasteO(outdir,

"/scrublet.doublet_scores_obs.txt"), header = F, sep = "\t")

» colnames(db.score) <- c¢("barcodes", "scores", "threshold")

» db.scoreSbarcodes <- do.call(rbind,

strsplit(as.character(db.scoreSbarcodes), split = "\\-"))[,1]

;'Q_ » ggplot(data = db.score, aes(x = scores)) + geom_histogram(bins = 100) +

xlim(0,1) + xlab("Doublet socre") + ylab("Density") +

scale_y continuous(trans="'log10') + geom_vline(xintercept =

unique(db.scoreSthreshold), color = "red")

33

050 075 1.00
Doublet socre

34
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Remove cell-free mRNA
contamination (SoupX)

https://github.com/constantAmateur/SoupX

1. Determine the expression profile of contamination

e 848,199 )
14,000 H"‘“‘-—-.__ﬁ__ :;‘:‘nlm only
‘contamnaton
1,000
) Background Contamination Profile
% 100 \\ E i (b))
o 5
‘g 2919 1440
‘ \ ] TR
r T T 1 - - = =
1 100 10,000 1,000,000 g%ﬁgf §§§§§
i E2%
Droplet Number EH it 58
2. Estimate or set the global contamination rate
2.1 Marker genes for each cluster identified 2.2 Set contamination to most common estimate
@ é‘??&
Accurme asIMaNs chistar

around ine contamination rate

Sum aach Cantaminating counts for gane g = - - qf\@? >
gene acress (Ghobal consaminaticn rate {0045 x m&m’fﬂ:ﬂm ;‘yégt ® d"
all culs in cluster Tarkal Gourts in clustar (618,664) « gt calt B0 o601 0 1
i Background prafile for g (b)) ag ; g ; ; :
{ Cala 0 0D D 1 1
Cals 01 1 1 @
134 38 102 116 140 38,574 P
: g‘ g ¥ f - Colzos @ 1 1 1 1
a5 F g a 3 Colzie 1 0 0 1 1
IR . Colzn 0 9 O 1 1
Calziz 2 0 1 1 1
E.G Contaminating counts fof LYZ = Celz13 0 2 0 0 0
0.049 % 618564 x 00442 = 134 Total: 134 30 102 116 140

MD Young et al. Gigasciencé6(2020)

-51 -



Load counts matrix and gene li

»library(SoupX)
» library(DropletUtils)

» cellranger.dir <- "~/BIML-2021-

SingleCellRNAseg/Resource/RawData/Leuven”
»outdir <- "~/BIML-2021-SingleCellRNAseq/Result/SoupX*“

»sc <- load10X(cellranger.dir)

37

Genes to estimate the
contamination fraction

»head(scSsoupProfile[order(scSsoupProfileSest,
decreasing = TRUE), ], n = 20)

est counts
MT-CO3 ©.874241866 167989
MT-CO1 ©.062408352 141213
MT-ND2 ©.853987535 122159
MT-C02 ©.846211875 184563
MT-ND4 ©.843158562 97656
MT-CYE ©.8323867114 76632
MT-ATP6 ©.829836578 67512
MT-ND1 ©.827338706 61860
MALAT1 ©.826268315 59438
MT-ND3 ©.918138299 41042
TMSBAX ©.816731588 37859
FTL @.011879476 26886
B2M 0.007407437 16761
FTH1 ©.007134757 16144
PTMA ©.8085107556 11557
RPL41 @.004816314 18898
RPL1@ 0.084653679 168536
RPS18 ©.004545844 16286
RPLP1 0.004410167 9979
EEF1A1 ©.084136161 9359

38
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Genes to estimate the
contamination fraction

» plotMarkerDistribution(sc)

|
\ ‘1 I !
| ' ‘l 2%q 8 A%
J1 m:r.é‘. ,{ui
& P2 ; '
l}’. ..:421‘-‘.: 8 ¥ og10(expCnts)
3 l'% ‘@ \.‘rta I, é ® -0
By R il ¥
2 b Ll b ' ’
S Bla g JeR VI L3t Y-
-0 lf'll' b | {: [ 9%
!‘ L d : ;
o N |
- Marker group

—

<"
Estimating non-expressing cells

»Genes <- ¢("KRT17", "KRT18", "KRT19")

» useToEst <- estimateNonExpressingCells(sc,

nonExpressedGenelist = list(KRT = Genes))

»plotMarkerMap(sc, geneSet = Genes, useToEst =

useToEst)

40

-53-



25+

£i o, o useToEst
el s @ FALSE
34 S 38, ® TRUE
ol v, . B, of 17
E n:‘ ST 4
o -y > . :
E ] -:_rﬂ-o‘r‘& to} Q o :_':..' }iﬁ?”?‘} L e “%0 _??3“‘ 0'-%;. |09Rgllo
g oD v & 'D..%:.po e .(? R Q¥ okl .
2 S b W vy odnee, M
o - -.:,‘_ il H .:::'-- . L. 2 - 2 p,:'. -
TUMREREE o Gt mans 0
Xyl T de®l @it g 0@ =
£o o T Rk )
. e Ot . . - 4 ]
Cadrrr GPebe X
B
- &* S
®-goon 9
%o":'.c‘ty
55 0 25
ReducedDim1 41

\\

Calculating the contamination
fraction |

»sc <- calculateContaminationFraction(sc, list(KRT =

Genes), useToEst = useToEst)

»out <- adjustCounts(sc)

»write10xCounts(path = pasteO(outdir,

"/strainedCounts"), x = out)

» plotChangeMap(sc, out, "KRT19")

42
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Change in expression due to soup correction

r 3 Vs
» M5 - ﬂ.ﬁﬁ b
onorc S N :
. ! ‘:"‘f : . 2ot S .;; “.i'g .\ . SoupFrac
N R A S R 100
E - .-‘_.-._.‘-:-a° H e %A -? N .
g il W Rt ﬁ:}‘t}'j{_{'zi S sl i sy 075
'§ 0 i \ S et B hd =, . g
b .'g 2ty N 'o}:," o - -
3 R O T T p i LR 080
E Ot A Ly TR R 025
CR < T e 1 > L '
vooT tfﬁ St A e« ..Ee_z;-._'aa" st 0.00
-""'C.‘-'.;’. 'l-.'?-? T 5(:':" ‘;.-:i::’.;.\' .
1'... ‘1‘-")‘;::"‘*&’ \?;f{{;}“ﬂ}.\ ",.o“
R A A . - L
! -k 'F-‘- el sl e T
K-> L o
> e j‘F
'ﬂ:. f“i\
teag g.r:“
s
35 0 25 i
ReducedDim1

The automated method

»sc <- load10X(cellranger.dir)

»sc <- autoEstCont(sc)

»out <- adjustCounts(sc)

44
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sCRNA-seq analysis
(Seurat)

https://satijalab.org/seurat/index.html

Get started Vignettes ~ Extensions FAQ News Reference Archive

Official release of Seurat 4.0

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

» Integrative multimodal analysis. The ability to make simultaneous measurements of multiple data types from the same cell,
known as multimodal analysis, represents a new and exciting frontier for single-cell genomics. In Seurat v4, we introduce
weighted nearest neighbor (WNN) analysis, an unsupervised strategy to learn the information content of each modality in
each cell, and to define cellular state based on a weighted combination of both modalities. In our new preprint, we generate a
CITE-seq dataset featuring paired measurements of the transcriptome and 228 surface proteins, and leverage WNN to
define a multimodal reference of human PBMC. You can use WNN to analyze multimodal data from a variety of
technologies, including CITE-seq, ASAP-seq, 10X Genomics ATAC + RNA, and SHARE-seq.

cell data

marrow CITE-seq dataset

o Preprint: Integrated analysis of multimodal single-
o Vignette: Multimodal clustering of a human be
o Portal: Click here
o Dataset: Download here

Rapid mapping of query datasets to references. We introduce Azimuth, a workflow to leverage high-quality reference

datasets to rapidly map new scRNA-seq datasets (queries). For example, you can map any scRNA-seq dataset of human

Links

Download from CRAN at
https://cloud.r-project.org/
package=Seurat

Browse source code at
https://github.com/satijalab/seurat/

Report a bug at
https://github.com/satijalab/seurat/
issues

License
GPL-3 | file LICENSE

Community

Code of conduct

Citation

Citing Seurat

Developers

Paul Hoffman
Author, maintainer

Satija Lab and Collaborators
Funder

All authors...

https://satijalab.org/seurat/
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Load raw count data

» library(Seurat)
> library(plyr)

»raw.data <- Read10X(data.dir = "~/BIML-2021-
SingleCellRNAseq/Result/SoupX/strainedCounts")

47

Create A Seurat Object

»seurat.obj <- CreateSeuratObject(counts = raw.data,
min.cells = 3, min.features = 200)

e counts : Unnormalized data such as raw counts or TPMs

* min.cells : Include features detected in at least this

many cells

* min.features : Include cells where at least this many

features are detected

48
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QC metrics

* The number of unique genes detected in each cell.
* Low-quality cells or empty droplets will often have very few genes

* Cell doublets or multiplets may exhibit an aberrantly high gene count

* Similarly, the total number of molecules detected within a cell

(correlates strongly with unique genes)

* The percentage of reads that map to the mitochondrial genome

* Low-quality / dying cells often exhibit extensive mitochondrial contamination

49

QC metrics

» seurat.obj[["percent.mt"]] <-

PercentageFeatureSet(seurat.obj, pattern = ""MT-")

»>VInPlot(object = seurat.obj, features =

c("nFeature_RNA", "nCount_RNA", "percent.mt"),

ncol = 3)

50
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nFeature_ RNA nCount_RNA percent.mt

60000 A . A
?5" * .. .

40000 4

200004

Identity Identity 51

QC metrics

»seurat.feature.plotl <- FeatureScatter(object = seurat.obj,

featurel = "nCount_RNA", feature2 = "percent.mt")

»seurat.feature.plot2 <- FeatureScatter(object = seurat.obj,

featurel = "nCount_RNA", feature2 = "nFeature_ RNA")

»CombinePlots(plots = list(seurat.feature.plot1l,

seurat.feature.plot2))

52
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Filter low-quality cells

»seurat.obj <- subset(x = seurat.obj, subset = %
nFeature_ RNA > 200 & nFeature_RNA < 2500 & '
percent.mt < 25)

nFeature_ RNA nCount_RNA percent.mt nFeature_ RNA nCount_RNA

- . -q: . 2500 25

15000

80000 o

6000 i 754 .. ' 2000 20

N 1500

5000

500

f‘& f‘&
‘=§ fg§
Identity Identity Iekentity Ieentity
54
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Filtered doublet

» doublet.file <- "~/BIML-2021-
SingleCellRNAseq/Result/Scrublet/scrublet.doublet_scores_obs.txt”

» doublet.df <- read.table(doublet.file, header = F, sep = "\t")

» colnames(doublet.df) <- c("barcodes", "scores", "threshold")

» doublet.dfSDoublet <- "singlet”

» doublet.dfSDoublet[doublet.dfSscores > doublet.dfSthreshold] <-

"doublet”

55

Filtered doublet

»doublet.df <- join(data.frame(barcodes =
rownames(seurat.obj@meta.data),

seurat.obj@meta.data), doublet.df, by = "barcodes")

»seurat.obj@meta.dataSDoublet <- doublet.dfSDoublet

»seurat.obj <- subset(x = seurat.obj, subset = Doublet ==

- "singlet")

56
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e

Normalizing the data

> seurat.obj <- NormalizeData(object = seurat.obj, normalization.method

="LogNormalize")

* normalization.method : Method for normalization.
* LogNormalize: Feature counts for each cell are divided by the total counts for that cell and
multiplied by the scale.factor. This is then natural-log transformed using loglp.
* CLR: Applies a centered log ratio transformation

* RC: Relative counts. Feature counts for each cell are divided by the total counts for that

cell and multiplied by the scale.factor. No log-transformation is applied. For counts per

million (CPM) set scale.factor = 1e6

* scale.factor : Sets the scale factor for cell-level normalization (default : 10000)

57

s

K
Identification of highly variable features

» seurat.obj <- FindVariableFeatures(object = seurat.obj,
selection.method = "vst", nfeatures = 2000)

* selection.method : How to choose top variable features

» st : Fits a line to the relationship of log(variance) and log(mean) using local

polynomial regression (loess). Feature variance is then calculated on the
standardized values after clipping to a maximum

* mean.var.plot (mvp) : Divides features into num.bin (deafult 20) bins based on

their average expression, and calculates z-scores for dispersion within each bin
» dispersion (disp) : selects the genes with the highest dispersion values
* nfeatures : Number of features to select as top variable features; only

used when selection.method is set to ‘dispersion’ or ‘vst’

- 62 -



» v.genes <- VariableFeatures(object = seurat.obj)

» LabelPoints(plot = VariableFeaturePlot(seurat.obj), points = v.genes[1:10], repel = T)

= TPSAB1

204 —lG

= SUGEIAZ

o

~CCL18

IGLLS

SLPI M

‘: —RGES -éL::oLuy_'
Fone . + Non-variable count: 15282
L . = Variable count: 2000

=

Standardized Variance

Average Expression

59

rownames(seurat.obj), vars.to.regress = "percent.mt")

* features : Vector of features names to scale/center (Default :

all features)

 vars.to.regress : Variables to regress out. For example, nUMI,

or percent.mito. (Optional)

* model.use : Use a linear model or generalized linear model
for the regression Options are 'linear’, 'poisson’, and

'negbinom’(default : linear)
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PC

PC_ 2

PC_3

PC_ 4

PC_ 5

Dimensional reduction

Positive:

Negative:

Positive:

Hegative:

Positive:

Negative:

Positive:

Nepative:

Positive:

Negative:

»seurat.obj <- RunPCA(object = seurat.obj, features = v.genes)
* npcs : Total Number of PCs to compute and store (default : 50)

* features : Features to compute PCA on

IYRUBP, (D74, HLA-DPB1, FCERLG, HLA-DRA, ALF1, ALUXSAP, HLA-DPA1, LYZ, SRGN
Clorf162, HLA-DRB1, HLA-DQAl, CD68, C1QA, CIQB, HLA-DQB1, MSAAGA, MS4A4A, CTSS
CAPG, MS4A7, C10C, FCGR3IA, RMASF6, LST1, HLA-DRES, CDI4, APOC1, HLA-DME
SPARC, DCN, CALD1, COL1A2, BGN, C1R, COLGA2, SPARCL1, COL3A1, RARRES2

€15, MGP, IGFEP7, LUM, COL1A1, A2M, NNMT, COL6A3, PCOLCE, MYL9

THY1, COLGA1, TPM2, MMP2, TGFBPA, COLSAZ, MFAP4, SFRP?, AERP1, TAGLN

CCLS, IL32, CD7, GIMA, GZMB, NKG7, PRF1, CTSW, CCL4, KLRB1

CDG2, CD?7, HOPX, TTGIT, GNLY, CDBA, TTMZA, TFNG, CXCL13, GZMH

KLRUL, THFRSF18, LTB, GZMK, CDSB, BIRC3, KRT19, KRT18, SFIPB, KR17
€573, CDSB, LYZ, AIF1, FCER1G, TYROBP, CTSB, FTL, CTSL, MSAA4A

GPNMB, LGALS1, C1QA, C1QB, TTMP1, PSAR, GLUL, GPX1, MS4A7, GRN

APOCL, FIHL, FUGRT, C1QC, (D14, MS3ABA, APOE, Clorfle2, [MEMLTEE, C1SS

KRT19, KRT18, KRT?, WFDC2, SFTPR, AGR?, SLC34AZ, CONDL, KRTS, EPCAM
SPINT2, MALL, SFTAZ; TACSTDZ, UBEZC, $160ALS, HOPX, MEST1, CLONS, HMGH3
ERRFI1, NAPSA, PAEP, GPRCSA, TFPI, AQP3, SDR16CS, SPINK1, LSR, NPC2
€CLS, IL32, COL1A2, SRGN, DCN, COL3A1, GZMA, COLGA2, CD7, LUM

NKG7, GZMR, RARRES2, SFRP2, COLSAZ, CCL4, COLEAZ, PCOLCE, CTSM, RGN
€1%, CDB9, RGS1, CALD1, MFAPS, COLL4Al, PRF1, AEBPL, TPM2, 1GF1

RAMPZ, CLEC14A, CLDNS, PLVAP, VWF, FCSCR, RAMPI, PCDHIZ, FLTDL, FGFLT
CALCRL, DARC, HSPG2, EMCN, FOCN3, TSPANZ, AQPL, ESAM, GNG11, HYAL2
CCL14, CYYR1, CD34, CD93, JAM2, FAMIGTB, ARHGAP29, LDBZ, CDH5, SPARCL1
COLIAT, LUM, DEN, RARRESZ, COL3A1, COLIA2, SFRP?, COLGAI, SERPINF1, €15
MFAPA, FBLN1, IGF1, PCOLCE, CCUCSB, COL14A1, NBL1, COLSA2, FGF/, COLSA1
MOXD1, COL8AL, MXRAS, RARRCS1, MEGI, COLG6AL, ISLR, AEBP1, FMOD, OLFML3

MMPZ, SFHPZ, IGF1, PTGDS, LUM, SERPINF1, MOXD1, POSTN, FGF7, FELN1
€7, CCDCBO, COLBAL, LXN, RARRES1, LSAMP, COL1A1, ISLR, FBLN2, CTHRC1

PLAZG2A, DPYSL3, MFAP4, COL1GAL, VCAN, FFEMP1, CXCL12, NEL1, C3, TGFRP4
HIGD1B, NDUFA4LZ, COX4IZ, RESS, PTN, PPPIRL4A, GIAL, PDGERE, EGFLE, LHEP
CSRP2, KCMIB, NOTCHW3, FOXS1, TPPPI, SCPT4, FAMIE2B, MAP1B, NR2FZ, SMOC2
KCNK3, GIC1, MYOIB, PTPAA3, CCDC1B2B, KCHKI7, FRZB, TINAGLY, TEX2, LAMC3

Standard Deviation

Determine the ‘dimensionality

»ElbowPlot(object = seurat.obj)

PC
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Determine the ‘dimensionality

»seurat.obj <- JackStraw(object = seurat.obj,
num.replicate = 100)
* dims : Number of PCs to compute significance for

* num.replicate : Number of replicate samplings to

perform

» JackStrawPlot(object = seurat.obj, dims = 1:20)

* dims : Which dimensions to examine

63

Determine the ‘dimensionality

» JackStrawPlot(object = seurat.obj, dims = 1:20)

0.34

PC: p-value

* PC1:0

* PC 2:2.49e-254
¢ PC 3:4.26e-241
= PC 4:1.84e-183
« PC 5:3.29e-105
* PC6:5.7e-48

« PC7:267e-96

0.24

e PC 8:1.82e-65
¢ PC 9:1.49e-31
* PC10:1.11e-101
¢ PC11:3.42e-85
¢ PC12:54e-69
¢ PC13:7.79e-45
¢ PC 14:1.38e-21
* PC15:6.47e-43
* PC16:6.52e-38
 PC17:124e-43
© PC18:161e-46
¢ PC19:2.8e-46
¢ PC20:2.38e-24

Theoretical [runif(1000)]

0.14

0.000 0.025 0.050 0.075 0.100
Empirical
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Clustering analysis

) |

»seurat.obj <- FindNeighbors(object = seurat.obj, §

dims =1:17)

»seurat.obj <- FindClusters(object = seurat.obj,

resolution = 0.5)

65

Run non-linear dimensional
reduction

Option 1. Run UMAP

»seurat.obj <- RunUMAP(object = seurat.obj, dims =
17

»DimPlot(object = seurat.obj, reduction = "umap")
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Run non-linear dimensional
reduction

Option 2. T-Distributed Stochastic Neighbor
Embedding (tSNE)

»seurat.obj <- RunTSNE(object = seurat.obj, dims =
1217

»DimPlot(object = seurat.obj, reduction = "tsne")
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tSNE_1

»saveRDS(object = seurat.obj, file = "~/BIML-2021-
SingleCellRNAseq/Result/Seurat/Seurat.RDS")

Save Seurat object

70
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» seurat.markers <- FindAllIMarkers(object = seurat.obj, only.pos =T,

min.pct = 0.25, logfc.threshold = 0.25)

* logfc.threshold : Limit testing to genes which show, on average, at least X-fold

difference (log-scale) between the two groups of cells (Default : 0.25)

e test.use : Denotes which test to use.

* wilcox (default), bimod, roc, t, negbinom, poisson, LR, MAST, DESeq2

* min.pct : only test genes that are detected in a minimum fraction of min.pct

cells in either of the two populations (Default : 0.1)

only.pos : Only return positive markers (default : FALSE)

71

Finding differentially expressed featu
g diff tially exp d feat
“ pval avg_logFC pet.1 pet.2 p_val_adj cluster gene
FTL 0.000000e+00 3.2485606 1.000 0.792 0.000000e+00 0O FTL
APQOC1 0.000000e+00 3.1473435 0.787 0.086 0.000000e+00 0 APOCT
SPP1  0.000000e+00 3.0291203 0.577 0.027 0.000000e+00 0O SPP1
CTSL  0.000000e+00 25713692 0.803 0.089 0.000000e+00 0O CTSL
LYZ (0.000000e+00 2.5071625 0.933 0.061  0.000000e+00 0O LYZ
FCER1G  0.000000e+00 24770294 0.986 0.145  0.000000e+00 0 FCER1G
CD68  0.000000e+00 24704571 0.8688 0.088 0.000000e+00 0 CD68
APOE 0.000000e+00 24695281 0.626 0.062 0.000000e+00 0 APCE
CTSB  0.000000e+00 24049268 0925 0.224 0.000000e+00 0O CTSB
C1QB  0.000000e+00 2.3862444 0.730 0.081 0.000000e+00 0O C1Q8B
C1QA 0.000000e+00 2.3593286 0.751 0.097 0.000000e+00 0O C1QA
S100A8 0.000000e+00 23561258 0.628 0.028 0.000000e+00 0 S100A8
CTSD  0.000000e+00 23253321 0.941 0.419 0.000000e+00 0 CTSD
TYROBP  0.000000e+00 23151500 0.994 0.174  0.000000e+00 0O TYROBP
GLUL 0.000000e+00 2.2266139 0.917 0.183 0.000000e+00 QO GLUL
FTH1 0.000000e+00 2.1965144 1.000 0.901 0.000000e+00 0 FTH1
GPNMB  0.000000e+00 2.1177286 0.756 0.040 0.000000e+00 0 GPNME
0.000000e+00 20594121 0937 0.076 0.000000e+00 0 AlF1
72
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» seurat.top.genes <- seurat.markers %>% group_by(cluster) %>% top_n(n

=10, wt = avg_logFC)

» DoHeatmap(object = seurat.obj, features = seurat.top.genesSgene) +

NoLegend()
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Lambrechts et al. Nature Medicine. 2018

Visualizing marker expression

> cell.markers <- c("CLDN18",
"CD3D", "EPCAM")

"CLDN5", "CAPS", "COL1A1", "CD79A", "LYZ",

» VInPlot(object = seurat.obj, features = cell. markers)
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Visualizing marker expression

» FeaturePlot(object = seurat.obj, reduction =

"umap", features = cell.markers)

* features : Vector of features to plot

* reduction : Which dimensionality reduction to use. If not

specified, first searches for umap, then tsne, then pca

* label : Whether to label the clusters
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Visualizing marker expression

» DotPlot(object = seurat.obj, features = cell.markers,

cols = c("blue", "red")) + RotatedAxis()

* features : Input vector of features

* cols : Colors to plot, can pass a single character giving

the name of a palette from

RColorBrewer::brewer.pal.info

* group.by : Factor to group the cells by
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Parallelization in Seurat with futul m ;

»library(future)
»options(future.globals.maxSize = 50000 * 1024/2)

»plan("multiprocess", workers = 10)

»plan()

NormalizeData, ScaleData, JackStraw, FindMarkers,

FindIntegrationAnchors, FindClusters

81

Cell type annotation
(SingleR)

https://bioconductor.org/packages/release/bioc/vignettes/Sin
gleR/inst/doc/SingleR.html
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nature ARTICLES §
1mmu1‘1010gy https://doi.org/10.1038/541590-018-0276-y [

Reference-based analysis of lung single-cell
sequencing reveals a transitional profibrotic
macrophage

DvirAran©'’, AgnieszkaP.Looney?’, LegianLiu®’, Esther Wu?, Valerie Fong?, AustinHsu*,
Suzanna Chak?, RamP. Naikawadi?, Paul J. Wolters?, AdamR. Abate*5#, Atul J. Butte ©' and
Mallar Bhattacharya©?*

Input: Output:
Reference
Unannotated transcriptomes of Annotated
scRNA -seq data pure cell types single cells

Step 1: Step3: Iterative fine-tuning—reducing the
| Identifying variable reference set to only top cell types
'{ genes among cell types <
! in the reference set o
1 [ . -
Step 2: § gos el
Correlating each § g 02 ) '#(, .
single-cell transcriptome ' 2
with each sample in the 0 ! oo - "" N
reference set e @‘fo \\‘o °e>\°’ g é\\e & & (zg
01234 Q&@ &S & &‘:‘ 5° @0 &
Single cell & W
<
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Load data

» library(SingleR)
» library(Seurat)

» library(scater)

»seurat.obj <- readRDS(file = "~/BIML-2021-

e

SingleCellRNAseq/Result/Seurat/Seurat.RDS")

» hpca.se <- HumanPrimaryCellAtlasData()
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-75 -



Available references

No. of No. of
Sample main fine Cell type
Data retrieval Organism Samples types labels labels focus
HumanPrimaryCellAtlasData() human 713 microarrays 37 157 Non-specific
of sorted

cell
populations

BlueprintEncodeData () human 259 RNA-seq 24 43 Non-specific

DatabaseImmuneCellExpressionData() human 1561 RNA-seq 5 15 Immune

NovershternHematopoieticData() human 211 microarrays 17 38 Hematopoietic
of sorted & Immune

cell

populations

MonacoImmuneData() human 114 RNA-seq 11 29 Immune
ImmGenData() mouse 830 microarrays 20 253 Hematopoietic
of sorted & Immune

cell
populations

MouseRNAseqgData() mouse 358 RNA-seq 18 28 Non-specific

85

Annotate cell types

»luad.sc <- as.SingleCellExperiment(x = seurat.obj)
»luad.sc <- logNormCounts(luad.sc)

»pred.hesc <- SingleR(test = luad.sc, ref = hpca.se,

labels = hpca.seSlabel.main)

» plotScoreHeatmap(pred.hesc, clusters =

colData(luad.sc)Sseurat_clusters)
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Annotate single-cell

»seurat.obj <- AddMetaData(object = seurat.obj,
metadata = pred.hescSlabels, col.name =

"SingleR.labels")

»DimPlot(object = seurat.obj, reduction = "umap",

label = F, group.by = "SingleR.labels")
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Annotate single-cell

» count.df <- data.frame()

» for (temp.cluster in unique(seurat.obj@meta.dataSseurat_clusters)){

temp.df <- data.frame(cluster = temp.cluster,

table(subset(seurat.obj@meta.data,

seurat_clusters ==

temp.cluster)$SingleR.labels))

temp.dfSRatio <- temp.dfSFreq/sum(temp.dfSFreq)

count.df <- rbind(count.df, temp.df)

> ggplot(data = count.df, aes(x = cluster, y = VarL, fill = Ratio)) + geom_tile(
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Data Integration (Seuart)

https://satijalab.org/seurat/index.html
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Donaor Cell
Location Collection Donors numbers  numbers
Upper airays -~ Nasal (upper airway) Brush Living 2 7,084
e e re n e a a S et “ Bronchi (lower airway) Brush Living 3 6,593
C t _ -Bronchi (lower aiway)  Biopsy  Living 6 9,456
- Tissue
- Alveoli and parenchyma piece Deceased L} 3,041
Total 26,154
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Load data sets

> library(Seurat)
» seurat.obj <- readRDS(file = "~/BIML-2021-SingleCellRNAseq/Result/Seurat/Seurat.result.RDS")

» sanger.count <- read.csv(file = "~/BIML-2021-
SingleCellRNAseq/Resource/RawData/Sanger/GSE130148 raw_counts.csv", row.names = 1)

» sanger.meta<- read.table(file = "~/BIML-2021-
SingleCellRNAseq/Resource/RawData/Sanger/GSE130148_barcodes_cell_types.txt", header =T,

sep = "\t", row.names = 1)

' » sanger.obj <- CreateSeuratObject(counts = sanger.count, meta.data = sanger.meta)
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Clustering analysis

» sanger.obj <- NormalizeData(sanger.obj, verbose = F)

» sanger.obj <- FindVariableFeatures(sanger.obj, selection.method = "vst",

r

nfeatures = 2000, verbose = F)
» sanger.obj <- ScaleData(sanger.obj, verbose = F)

» sanger.obj <- RunPCA(sanger.obj , npcs = 30, verbose = F)

» sanger.obj <- RunUMAP(sanger.obj, reduction = "pca", dims = 1:30, verbose = F)

» DimPlot(sanger.obj, reduction = "umap", group.by = "celltype", label =T, repel =
- T)+Nolegend()
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Integration

»anchors <- FindTransferAnchors(reference = sanger.obj,

query = seurat.obj, dims = 1:30)
» predictions <- TransferData(anchorset = anchors, refdata =
sanger.objScelltype, dims = 1:30)
»query <- AddMetaData(seurat.obj, metadata = predictions)
»DimPlot(query, reduction = "umap", group.by =
"predicted.id", label =T, label.size = 3, repel = T) +
 NolLegend()
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9

Inferring copy number
alterations (InferCNV)

https://github.com/broadinstitute/inferCNV/wiki
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Make input data

» library(Seurat)

» library(infercnv)

»seurat.obj <- readRDS(file = "~/BIML-2021-
SingleCellRNAseq/Result/Seurat/Seurat.RDS")

i.* »gene.order.file <- "~/BIML-2021-

SingleCellRNAseq/Resource/Reference/hg19.inferC
NV.gtf"
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e

Make input data

»setwd("~/BIML-2021-SingleCellRNAseqg/Result/inferCNV")

»write.table(x = as.matrix(seurat.obj@assaysSRNA@counts),

file = "./inferCNV.matrix", quote = F, sep = "\t")

»infer.cluster.df <- data.frame(id =

rownames(seurat.obj@meta.data), cluster = paste0("C",

seurat.obj@meta.dataSseurat_clusters))

»write.table(x = infer.cluster.df, file = "./inferCNV.annotation",

quote = F, sep = "\t", col.names = F, row.names = F)

103

s

.

Creating an InferCNV object

) |

> ref.group <- C(IICOII' "C1", IIC2||, IIC3II’ IIC5II, llC6Il' IIC7II’ llC8ll, IIC9I|' IIC10II' IIC11II' ;

"C13")

* Reference group is set to the various normal-cell type (non-tumor) as defined in the “cell

type annotations” file
» infercnv.obj <- CreatelnfercnvObject(raw_counts_matrix = "./inferCNV.matrix",
annotations_file ="./inferCNV.annotation", gene_order_file = gene.orderfile,
ref_group_names = ref.group, delim = "\t", chr_exclude = ¢("X", "Y"))

* delim : delimiter used in the input files
* chr_exclude : list of chromosomes in the reference genome annotations that should be

excluded from analysis (Default : c('chrX', 'chrY’, 'chrM'))

104
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Running InferCNV

» infercnv.obj <- infercnv::run(infercnv_obj = infercnv.obj, cutoff = 0.1,
cluster_by_groups =T, denoise =T, HMM = F, out_dir="./")

cutoff : Cut-off for the min average read counts per gene among reference cells.

(default: 1)

v' use 1 for smart-seq, 0.1 for 10x-genomics

cluster_by_groups : If observations are defined according to groups (ie.

patients), each group of cells will be clustered separately. (default : FALSE)
denoise : If True, turns on denoising according to options below

HMM : when set to True, runs HMM to predict CNV level (default : FALSE)

¢+ This option can take a long time
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Preliminary infercnv (pre-noise filtering)
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Trajectory analysis
(monocle)

http://cole-trapnell-lab.github.io/monocle-release/docs/
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T cell subclustering

» library(Seurat)
» library(monocle)

»seurat.obj <- readRDS(file = "~/BIML-2021-

SingleCellRNAseq/Result/Seurat/Seurat.RDS")

»subset.obj <- subset(seurat.obj, seurat_clusters %in%

- q(11","2","3","9")

111

T cell subclustering

» subset.obj <- NormalizeData(object = subset.obj, normalization.method

="LogNormalize", scale.factor = 10000)

» subset.obj <- FindVariableFeatures(subset.obj, selection.method = "vst",

nfeatures = 2000)

» subset.obj <- ScaleData(object = subset.obj, features =

rownames(subset.obj), vars.to.regress = "percent.mt")

» subset.obj <- RunPCA(object = subset.obj, features =

_ VariableFeatures(seurat.obj))
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T cell subclustering

»subset.obj <- JackStraw(object = subset.obj,

num.replicate = 100)

»subset.obj <- ScoreJackStraw(object = subset.obj, dims

= 1:20)

» ElbowPlot(object = subset.obj)
i » JackStrawPlot(object = subset.obj, dims = 1:20)
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T cell subclustering

»subset.obj <- FindNeighbors(object = subset.obj, dims =
1:10)

»subset.obj <- FindClusters(object = subset.obj, resolution =

0.5)

»subset.obj <- RunUMAP(object = subset.obj, dims = 1:10)

»DimPlot(object = subset.obj, reduction = "umap", label = T)
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T cell subclustering

»subset.markers <- FindAlIMarkers(object = subset.obj,

only.pos =T, min.pct = 0.25, logfc.threshold = 0.25)

»subset.top.genes <- subset.markers %>%

group_by(cluster) %>% top_n(n =5, wt = avg_logFC)

» DoHeatmap(object = subset.obj, features =

su,bset.top.geneSSgene) + NolLegend()
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Create monocle object

> data <- as(subset.obj@assaysSRNA@data, "matrix")
» pd <- new('AnnotatedDataFrame’, data = subset.obj@meta.data)
» gene.df <- data.frame(apply(X = data, 1, FUN = function(x) { sum(x > 0)}))

» fd <- new('AnnotatedDataFrame’, data = data.frame(gene_short_name
= row.names(gene.df), row.names = row.names(gene.df),

num_cells_expressed = gene.df[,1]))

» cds <- newCellDataSet(data, phenoData = pd, featureData = fd,

expressionFamily = negbinomial.size())
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»cds <- estimateSizeFactors(cds)

»cds <- estimateDispersions(cds)

119

)

»expressed_genes <- row.names(subset(fData(cds),

Filtering low-quality cells

»set.seed(123)

»cds <- detectGenes(cds, min_expr = 0.1)

num_cells_expressed >= 50))

~ »cds <- cds[expressed_genes,]
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Select genes by seurat

»subset.markers <- subset(subset.markers, p_val_adj

< 0.05)

»subset.markers.top.genes <- subset.markers %>%

group_by(cluster) %>% top_n(n =50, wt = avg_logFC)

»order.genes <-

unique(as.character(subset.markers.top.genesSgene))
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Order cells in pseudotime along
trajectory

» cds <- setOrderingFilter(cds, order.genes)

»cds <- reduceDimension(cds = cds,

max_components = 3, method = 'DDRTree')

»cds <- orderCells(cds)
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Plot trajectory

»plot_cell_trajectory(cds, color_by = "Pseudotime", cell_size

= 3) + theme_classic(base_size = 20)
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Plot trajectory

»plot_cell_trajectory(cds, color_by = "seurat_clusters") +

s
4 B

theme_classic(base_size = 20)
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Plot trajectory

»my_genes <- row.names(subset(fData(cds), i
gene_short_name %in% c("IL7R", "CD4", "CD8A",
"FOXP3", "NKG7")))

»cds_subset <- cds[my_genes,]

»plot_genes_in_pseudotime(cds_subset, color_by =

.~ "seurat_clusters")
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