Single—cell RNA-sequencing
analysis: Assignment of
cell types
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Curriculum Vitae

Speaker Name: Kyu-Tae Kim, Ph.D.

» Personal Info

Name Kyu-Tae Kim
Title Assistant Professor
Affiliation Ajou University School of Medicine

» Contact Information
Address 164, Wolrd cup-ro, Yeongtong-gu, Suwon 16499

Email kimqgtae@ajou.ac.kr

Research Interest

Immunogenomics, Cancer evolution, Computational Biology

Educational Experience

2010 B.S., Konkuk University, Seoul, Korea
2012 M.S., Seoul National University, Seoul, Korea
2015 Ph.D., Seoul National University, Seoul, Korea

Professional Experience

2013-2017 Researcher, Samsung Genome Institute, Samsung Medical Center, Seoul, Korea
2017-2019 Postdoctoral Fellow, New York Genome Center, NY, USA
2020- Assistant Professor, Ajou University School of Medicine, Suwon, Korea

Selected Publications (5 maximum)

1. Determinants of Response and Intrinsic Resistance to PD-1 Blockade in Microsatellite Instability-
High Gastric Cancer, Cancer Discovery, 2021 (corresponding author)

2. Somatic mutations and cell identity linked by Genotyping of Transcriptomes, Nature, 2019
(first author)

3. SIDR: simultaneous isolation and parallel sequencing of genomic DNA and total RNA from
single cells, Genome Research, 2018 (first author)

4. Application of single-cell RNA sequencing in optimizing a combinatorial therapeutic strategy
in metastatic renal cell carcinoma, Genome Biology, 2016 (first author)

5. Single-cell mRNA sequencing identifies subclonal heterogeneity in anti-cancer drug responses

of lung adenocarcinoma cells, Genome Biology, 2015 (first author)
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Cell: The basic unit of life

Drawing by Hooke

Robert Hooke was the first
to apply the word ‘Cell’ to biological objects (Cork).

MICROGRAPHIA :

OR SOME
Phyfulygical Deferiptions
MINUTE BODIES

MADE BY
MAGNIFYING GLASSES.
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Science Museum/S5PLThe Image Works

Robert Hooke HITeate X i g N
(1635 - 1703)

Ted Kinsman/Science Source




Cell: The basic unit of life

From a cell, then ...

Increase in
methylation
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Cell state A Cell state B Cell state C

Waddington’s model

Cell
differentiation
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Cell state D

Cell: The basic unit of life

Tumor Micro-Environment

Within-cell-type differences
e Blood vessel
’ < y

s Capillaries

@3 Normal fibroblasts
CT& ) endothelial cells
\ pericytes
@ Normal cells
© Malignant cells in necrotic

or hypoxic area

(@ Cancer associated fibroblasts (CAFs)

“~~... Tumor necrotic -
area - Dendritic cell

(© Malignant cells

. NK and NKT cells




Why single-cell sequencing?

Bulk analysis vs. Single-cell RNA-seq

“No! Sometimes the Sum of the Parts (single-cells) is Greater than the Whole (bulk).”
(original phrase by Aristotle, “The Whole is Greater than the Sum of its Parts.”)

Raw Data Box-plot of the Data Violin-plot of the Data
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o 72 QRS R e tinctive patte
5% : LR stochastically
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Variant allele frequency
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Level of gene expression




The bulk measurement is
the stochastic average of single cells
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Average of single cells  Inter-correlation (Pearson r) Adjusted R-square Overlap ratio of SNVs Overlap ratio of
[Log2(TPM+1)] of gene expression of gene expression between single cells SNVs to bulk cells
between single cells to bulk cells

Kim KT, Lee HW, Lee HO et al., 2015 Ge@ome Biol.

Single-cell analysis - a brief history

‘Single-cell sequencing’ Rapid progress in [Tracking development cell by cell]
Methods of the Year 2013 ‘Single-cell sequencing’ Breakthrough of the Year
2018 Science

nature methods

it bt T Ty e——

# Publications

20

15

10

5

ciomm em N B BN
2009 2014

2010 2011 202 2013

mmunology Etc.

(6%) (3%)
Immunology
(6%)

Neurobiology _
(6%)

Cancer
(24%)

BREAKTHROUGH
“of the YEAR

Microbiol
(1 o%)ow\‘ '

METHOD OF THE YEAR
Computational
Tools
(15%)

adapted from Wang et al. Mol Cell 2015
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Single-cell analysis - a brief history

First single- First single- SC RNA-Seq SC ATAC-Seq of
cell MRNA cell exome of immune human cell lines,
sequenced, sequenced, cells, Cusanovich. et.al.
Tang, et.al. Xu, et.al. Shalek, et.al. g
g DNA-Seq of First single-
Single cell S single human Single cell cell T-cell Organ lineage
qPCR of cancer cell, WGS of epigenome tracing with
neurons, N Navin, et.al. Neurons, with HiC, SC RNA-Seq,
Eberwine, et.al. Sustocpt Evrony, et.al. Nagano, etal.  Truetlein, et.al.
Fo- Fom &L &P S
~ v voow v v ‘WT v Vv
MALBAC
Zong, et.al. ™
Fluidigm C1 Incorporation of =5 v
SC whole STRT-Seq AutoPrep released UMle F:o o ethods R —
transcriptome ]5.; end ?eql CEL-S: Jaitin, et. al. r U
microarrays slam, et. al. -Seq ! J
v Remove PCR bias Istam, et. al.
with IVT Drop-Seq
) SMART-Seq2
Hashimshony. et. al. Increased sensitivity Macosko, et. i
Picelli, et.al.
SMART-Seq

Full length pre-amp
Ramskold, et. al.

Kolodziejczyk, et. al. 2015; Navin, 2015

Study publication date

11
Trends: Increasing Dimensionality & More Cells
1,000,000 - . 10% Genomigs SPLiT-seq
rop-seq @ sci-RANA- seq
100,000 |- Q/
= MARS-seq C\jloSeq@ © inDrop QD— DroNC-seq
£ 10,000 @ o o
c High-throughput STRT-seq CEL-seq Fluidigm C1 ° e} % Q:g_seq Well
K] 1,000 - sequencing of RNA
o from single cells O °© @©
8 100 o [5) ] 0o© @O
E 10k © @ o© o~ SMART-seq2
o
L ® SMART-seq
L 1 1 1 1 1 1 1 1
2009 2010 20m 2012 2013 2014 2015 2016 207

Sarah Teichmann group, 2018, Nat Proc.
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[Experimental Approaches]

Tran'omics

Spatial

Perturbations

* DNA-seq + RNA-seq = SIDR-seq, G&T-seq, DR-seq

* DNA-seq + RNA-seq + Methyl-seq = Trio-seq

* RNA-seq + ATAC-seq = sciCAR

e RNA-seq+ TCR/BCR= (10X) 5’'GEX with Immune Cell profiling
« Epitope-profiling + RNA-seq + = CITE-seq

e Genotyping + RNA-seq = GoT

* Genetic screening with CRISPR + RNA-seq = Perturb-seq

Multi-modal profiling methods
at single-cell resolution

[Computational Approaches]

Ventral
Neural mesoderm
- Paraxial
mesoderm

i ’\S Endoderm
7 ,\
5 - 4

® ® Radial glia
® © Neuroblast
® © Immature neuron L]
® ® Neuron

spinal cord

placodes, optic [~
cup b
Forebrain

o

o
-

Mid and
Meural crest, hindbrain !
&

Epidermis

R ki

e
Primordial germ cells

Reconstructionof .________%
developmental trajectories ¥

-
[Ty
o

oels ©O®

Farrell JA, Wang Y et al., 2018 Science Manno GL et al., 2018 Nature
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[Experimental & Computational Approaches]

genotyping of
singular/multiple
mutations per cell
L GoT

(linear/circ)

/

g ) profiling of

AN
profiling of . 1
epigenetic Methylation Integrated ATAC cis-regulatory
(RRBS) analysis (IOX) ) modes
| |

mutations
by matching
cell barcodes

.

profiling of ¢ \

transcriptional Rll(\)l)‘? long-read
readouts (10%) 3

B reliably detecting of
( alternative splicing

Clinical
features with high-throughput

-~
-~
-

A — o
—

Highly.] ng ‘Data-Sets
g
# Cells x # Features

f
A dissected by

‘\ Sophisticated Afmimly@i'gal Design with
| Massive Cgmputational Power




Basic single-cell analysis workflow

Isolating Single Cells
from Heterogeneous

_ Population of Tumor

* Micropipetting

* Laser capture microdissection
= FACS

*  Microfluidic circuits

* Droplet-based microfluidics

Taklng a Closer
\Look at Individual

(f

a&a%a == \

Cancer Cells

(DNA) (statistical/algorithmical mining)
» MALBAC
« MDA
* LIANTI
(RNA)
STRT-seq
* CEL-seq

* SMART/SMART2/SMART3-seq
* Droplet-based amplification
(Drop-seq, inDrop, 10X)

17
At the initial stage of single-cell field
96 wells
Am plifying Dead or live?
Isolating Single Cells Pl it or doublet

from Heterogeneous
Population of Tumor

from Single Cells
for Sequencing

%&%ﬁ% v

40-80 live cells captured

C1™ Single-Cell AutoPrep System

Fluidigm ﬁ:

© Lhoibilab il il

High-throughput sequencing

o ee ewBe
L A
@ v e Be e

illumina

How many genes detected?

J R sequencing How many reads aligned?

..
@

PRI T

FRTRREFAT T

Mitochondria fraction?

O il bl w1

v

20-60 cells of
QC-passed

18




Basic data processing workflow

Sequence reads
Generate count matrix

QC: Filter cells using

quality metrics

Clustering of filtered counts
Marker identification

Trajectory analysis between sample groups Custom analyses

Integration

19
Basic data processing workflow
for full-length /high-depth of several single-cells
Exgression (711 maped | CRARCERSLSNIIN | Recsibes
Quantification reads Realignment & Base Recalibration reads

Variant calling usinﬁ
ATK HaplotypeCaller
and filtration

RMNA-seq
- Bulks
- Single cells

Alignment of reads
to hg19 genome

very of ‘Expressed’ Variants
using STAR (2.pass) very of 'Expressed’ Varian

Variants calling using ., o .
GATHK HaplotypeCaller Overlap SNVs for [ Inttially filtered SNV's ]
and filtration comparison of
Filtered €----- heterogeneity in =~ jm—————————- " |
expressed genotypes i
WES between H358 and PDXs .l 4 Filtering potential RNA-seq
_Bulk cells h - - false positive variants found
filtered SNVs at &' read ends,
-5i - n s in repetitive regions,
Nggms"lllggt Pveriap SR a~ within 4 bp of splice junctions,
Mutations only |«==-- identification of tumor- — ___________ : in homopalymers and
RS non-SynoTyIREE in known RMNA-editing sites
Detection of somatic mutations ~_ _mutations = " using SNPIR pacl?age

as an union set derived both
from VarScan2 and MuTect

Kim KT, Lee HW, Lee HO et al., 2015 Genome Biol.

20
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Single cells in study

1,000,000
100,000
10,000

1,000 (-
100~

10

Trends: Increasing Dimensionality & More Cells

HUMAN
CELL
ATLAS
B 10x Genomics SPLiT-seq
i Drop;seq % Sci-RNA-seq
] MARS-seq CyloSe\q. (.)/InDrop @- DroNG-seq
High-throughput STRT-seq CEL-seq Fluidigm €1 © & o OO % £ gé—Seq-Well
sequencing of RNA i | o @ O
from single cells O
9 — e o© @o
- © © @ O o 6\ SMART-seq2
/0 d
B P SMART-seq
1 1 1 1 1 1 1 1 1
2009 2010 201 2012 2013 2014 2015 2016 2017

Study publication date

Sarah Teichmann group, 2018, Nat Proc.
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Basic single-cell analysis workflow

E— [ - —
[ ] Colet | [ RT
— o000 0Qr & 00 =
o
o
Ox Barcoded Cells 0il
Gel Beads Enzyme

10x Barcoded
cDNA

N

Single Cell
GEMs

Transcriptional profiling of individual cells

Pool
Remove ail

B

&R

Voo R0
he et

10x Barcoded
cDNA

-11 -




Pre-processing pipeline: 10X CellRanger

Cells Chromium GEM Well Libraries Sequencing | ------—-- Cell Ranger ---------
i Feature [ BCL [ FASTQ
5 5 [ ‘ 3 mkfastq‘ a count 3> Output
GEX S — —2"T— FASTQ -

/data/users/kimqt2/program/cellranger-3.1.0/cellranger count \
--id=20 00028 LI SING \
--fastgs=/data/users/kimqt2/Projects/chonh_covid19/Lung Fastq/ \

--Trﬂns(r1p+nme—/data/uqe|q/klmqtz/lef/tenX/lefdata cellranger- leh.& .0.0 withSARS COV2 SNUB1 \
--expect-cells= \

"‘LU( ‘I-L( ores=
--localmem=

--> OQutput: Gene-level expression matrix per cell

CellRanger (10X Genomics)

1. Read Trimming

> Detection/trimming of technically-induced sequence (TSO, template switch oligo)

2. Read Alignment

> Splicing-aware alignment of cDNA sequences to the genome reference using STAR

3. Calling cell barcodes and UMI

> Error-aware statistical correction of barcodes and UMI

4. Basic subclustering and dimensional reduction

-12 -




Identifving error-corrected barcode sequence

Whitelisted barcodes. pummmmmens s B 0
or Not? T IS IS B .

whitelist barcodes —
(n = ~737,000) P e

T aaaEa—" S S .
“\ S
Po-ueatones diowes)— S e

N \ . T —
\ “‘*«.

737K-august-2016.txt
provided from 10x

— All reads are perfectly matched with the whitelist barcodes except for r0, r11, r15
- Reads of r0, r11, r15 are tested for possibility of replacing barcodes, in the next step

25

Identifying error-corrected barcode sequence

whitelist barcodes

| — . Hamm=17 I S N

whl00é

(1) candidate barcodes of replacement € Hamming-distance =1 comparing with the whitelist barcodas

= r11: only one base at any position is different with wb3, wb4, wb1005. but, Hamming=2 with wb2
> 111 has three candidate barcodes

= r15: two candidate barcodes of wb4, wb1006
= r0: Mo Hamm=1

— Estimate probabilities to be changeable or not with r11, r15 that have candidate barcodes, in the next step

26

-13 -




Identifving error-corrected barcode sequence

whitelist barcode:

wEE e w0 [Statistically Reliable
to be replaced?

Posterior
s 0.9976318 0.002368154 0 1 o

probability

Posterior
probability
Ale|c

- ——
~~ —

(3) supporting reads + base quality

> posterior probability >=0.99 --> Barcode replacement!
- r11: among candidate barcodes of wb3, wb4, wb1005, wb3 has the highest posterior probability (= 0.9976318)
> if this maximum posterior probability >=0.89, then replace the observed barcode with this wb3

- r15: between candidate barcodes of wb4, wb1006, wb4 has the maximum posterior probability (= 1)
> if this maximum posterior probability >=0.99, then replace the observed barcode with this wbd
= If the maximum posterior probability <0.99, regarded as not significant to be replaced of barcode and rescued of the read

tactually observea baccode in r11 [N R

27

Identifying error-corrected barcode sequence

Unique total
barcodes Replacing barcodes

10000000 4

7500000 4

5000000 -

Number of reads

2500000 4

0+

A. |dentification of reads B. Replacing barcodes
that have priming

28
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Output BAM

(White-listed barcodes)

e 10X v2.chemistry: 737Kk-august-2016.txt

e 10X v3.chemistry: 3M-february-2018.txt

(Length of UMI)
® 10X v2.chemistry: 10
® 10X v3.chemistry: 12

[ TC
EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEA
C C CY £ EEEEE

FEEEEEEEEEEEEEEEEE
£ AMANAEEEEEEE

FEEEEEEEFEEEE!
£ : AMAAAEE TC CY

1:HL

OQutput matrices

kimgt2@s2:>

kimgt2@s2:>

kimgt2@s2:>

-15 -




Estimation of relative level of gene expression &
Normalization of their abundances

a
o ~Cell1 Cellz.
= Amplifying Genome == ===
PCR-derived o plifying = e
duplications from Single Cells
R 1, ing and UM lab
N for Sequencing _ UM!_ 5 end of transcript

nature methods

Explore content ~  About the journal ¥ Publish with us + Subseribe

natyre * pature mathods > brief communications * article

Published: 22 Decernber 2013

Quantitative single-cell RNA-seq with unique

—

molecular identifiers —

[

Saiful Istarn, Amit Zeisel, Simon Joost, Ghoele La Manno, Pawel Zajac, Mana Kasper, Peter Lonnerberg 8 _u__‘_—-..'..-..

5ten Linnarsson = —_—

—_—

f— —_—

Nature Methods 11, 163-166 (2014) | Cite this article —— —
60k Accesses | 622 Citations | 42 Almetric | Metrics 4 3 2 2 1 5
Molecules in cell 1 Molecules in cell 2

duplicationg T&3t7| 2IsiA Unique sequence tagging: UMI (Unique Molecular Identifier)

Estimation of relative level of gene expression &
Normalization of their abundances

Rl.fast. R2. fastqg Rl.fast R2.fastq

[ O

|

i1

"
&

&

1
2

: 1

= b F
i

1.

I T e [ we3 | — N T .
I N . I T e
 eereseesmmees I essessessemseeeesibessmseseermre eessmmmeeeemnel NN I T T e
I S S

.

whi

F

3
4
L
iy
[

([r1, r2], [18, 19, r10], [r13, r14,r15] <-—- identical ‘barcode+UMI" (duplicate)

L]
o
o
[
w
=
=
I
=
"
[
o
4
M
)
o
o
o
w
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Output matrices

‘lQ {  Cell Ranger » count

Sk_pbmc_protein_v3 - 5k Peripheral blood mononuclear cells (PBMCs)
from a healthy donor

Summary = Analysis

5 2 b 1} Cells @
, Barcode Rank Plot
Estimated Number of Cells
—_— s
108 Racig
28,918
[] g
Mean Reads per Cell g o)
10}
Sequencing @ I
[
Rumber of Reads 151,731,342 Barcedes
Valid Bareodes 97.5%
Estimated Number of Cells 8.247
Valid UMIs 99.9%
Fraction Reads in Cells B1.7%
Sequencing Saturation 52.4%
Mean R 5
030 Bases in Barcode 95.8% st i ekl
Med R
Q30 Bases in RNA Read 91.9% A . Coh g
Total Genes Detacted
@30 Bases In Samplo Index fa.8% DR ESSnas [te- .52
Median UMI Counts per Cell 5,496
Q30 Bases In UMI 95.4%
. Sample
Mapping @ P
i i
Reads Mapped to Genome. 94.3% Sample 10
Reads Mapped Confidently ta Gencma B8.4% g ot e
Description
Reads Mapped Confidently 1o Intergenic Regions 6.8%
Chemistry
Reads Mappea Confidently ta Intronic Reglons 25.0% -
ranscripiome GRCKIE-3.0.8
Reads Mapped Confidently ta Exonic Regions 56.7% -
Pipeling 3.1.48
Reads Mapped Confidently ta Transcriptome 53.2% Version
Reads Mapped Antisense to Gene 1.3%

33

1)
2)
3)
4)
5)
6)
7)
8)
9)

Seurat R package:
the most popular tool package processing 10X output data

https://satijalab.org/seurat

Read the 10X output data

QC and select cells for further analysis

Normalize the data

Detection of variable genes across the single cells

Scale the data and remove unwanted sources of variation
Perform linear dimensional reduction

Determine statistically significant principal components
Cluster the cells

Run non-linear dimensional reduction

10) Find differentially expressed genes (cluster biomarkers)

11) Assign cell type identity to clusters

12) Further sub-dissect within cell types

34
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Data loading (practice)

6 directories, 18 files

Data loading

home = "D:/GoogleDrive/Documents/Lectures/2024.1st/2024KSBi_BIML/datadpractice" ;

setwd(home) ;
library(Seurat) ; library(ggplot2) ;

cellrangers = dir(paste@(getwd(),"/CellRangerOuts”)) ;
cellrangers

for (i in 1:length(cellrangers)){

data.i = Readl@X(data.dir = paste@(getwd(),"/CellRangerOuts/",cellrangers[i])) ;

colnames(data.i) = paste@(cellrangers[i],”.",colnames(data.i)) ;
obj.i = CreateSeuratObject(counts= data.i, project="lung obj", min.cells=3, min.features=
obj.i$orig.ident = cellrangers[i] ;

obj.i[[“percent.mt"]] = PercentageFeatureSet(obj.i, "“~MT-") ;

cat(pasteo("i = ",1i," | ",cellrangers[i],"\n")) ;
if(i==1){luadobj = obj.i} else {luadobj = merge(luadobj, obj.i)}
} s
save(luadobj, file=paste®(home, "luadobj.rda")) ;

-18 -




Data loading

> luadobj
An object of class Seurat
20776 features across 21165 samples within 1 assay
Active assay: RNA (20776 features, @ variable features)
>
> head(luadobj@meta.data)
orig.ident nCount_ RMA nFeature_ RMNA percent.mt

ctl.1.AAACCCAGTTATGACC ctl.1 6342 1947 9.350363
ctl.1.AAACCCAGTTCGAGCC ctl.1 2255 1846 5.986696
ctl.1.AAACGAACAAGGCGTA ctl.1 31132 A264 16.741359
ctl.1.AAACGAACATCTTCGC ctl.1 3825 1153 7.286612
ctl.1.AAACGAAGTGCGTTTA ctl.1 2186 1211 6.953339
ctl.1.AAACGAAGTTGGGCCT ctl.1 2677 1176 10.646246
>

>

> table(luadobj@meta.data$orig.ident)

ctl.1 etl.2 ¢ctl.3 luad.l luad.2 luad.3
3565 4511 3656 3670 3891 2672

Filtering out poor quality cells

luadobj = subset(luadobj, subset = nFeature_RNA > 200 & percent.mt < 20) ;

Idents(luadobj) = "orig.ident™

VlnPlot(luadobj, features = c("nFeature_RNA", "nCount_RNA", "percent.mt"), ncol = 3)

nFeature_RMNA nCount_RNA percent.mt

7500

1e+05 15

10

Se+04{

2500

De+00 0
]
g M 3 o g l g T 2 - ) -l S & il g - ]
& & & j ‘9'8'-’ \*29 & & & @&' ‘:}& \@5 & & & \y ‘:}:35 w&
Identity Identity Identity
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Normalize expression matrix and
identify top variable genes

> # normalize expression matrix and identify top 2000 varialbe genes

> luadobj <- NormalizeData(luadobj, normalization.method = "LogNormalize", scale.factor = 10000)
Performing log-normalization

0% 10 20 30 40 50 60 70 80 90 100%

=

> luadobj <- FindvariableFeatures(luadobj, selection.method = "vst", nfeatures = 2000)
Calculating gene variances

0% 10 20 30 40 50 60 70 80 90  100%

34

Calculating feature variances of standardized and clipped wvalues
0% 10 20 30 40 50 60 70 80 90 100%

[---=l====] === ]==== ] === | === | === |-=== -

BT R R e e e el e i e e R Fd Ve R R R R R Yoo e oo Y

Normalization

topl® <- head(variableFeatures(luadobj),

variable plot <- VariableFeaturePlot(luadobj)
variable plot.wTopl® <- LabelPoints(plot = variable plot, points = topl®, repel =

variable plot.wTopl@

. SCGB1Al

+«DCN

=]
o

'SFTPC
. SCGB3A1
.SCGB3AZ
BPIFB1. SFTPAL
. o SFTPAZ
" MeP * Non-variable count: 18776
- 6CL17 + Variable count: 2000

L]

Standardized Variance
F-9
(=]

L
(=]
i

le-03 le-01 le+01 le+03
Average Expression
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Normalization and PCA

luadobj = ScaleData(luadobj, features=rownames(luadobj)) ;

luadobj =
DimPlot(1lu
plot(luado

RunPCA(luadobj, features=VariableFeatures(object=1luadobj), npcs=
adobj, reduction "pca")
bj@reductions$pca@stdev)

60 5 A
2 =
&£ -
. T o
-1 w =
404 ]
2 =
.1 ]
ol = -
o 201 e o2 s ®
| ® i3 ©
o ol
a [ ® luadl § © -
. ® juad.2 =
04 g ® luad.3 ®
@ ¥ 7
[=]
=
8~ o
-20 4 -
0 50 100 Index

Estimate statistical significances of PCs

luadobj JackStraw(luadobj, num.replicate=100, dims=100) ;
luadobj = ScorelJackStraw(luadobj, dims=1:100) ;
JackStrawPlot(luadobj, dims=1:100)

Theoretical [runit(1000)]

PCAL 322061 + PCELODOMST =
p * PCE2O0006 =+
« PC 83 ETROT
« PCB80433
= PCOS 04T
2% + PCHEODMLL
* PCET:04T)
PC 68: 0470
PC 601

ns 0,050 00T 0.100
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Dimensional reduction and visualization

- RunTSNE(lua
= RunUMAP (luadc

j dims=
DimPlot(luadobj, reduction =

DimPlot(luadobj, reduction =

50 15+
104
25
5.
@ cill @ cill
o, ® cil2 N . ® cil2
W e ct3 % e cl3
g o ® luad.l s 0 . ® e wadl
= ® luad.2 = e ‘ ® luad.2
® |uad.3 N ® |uad.3
,5_
é‘\
254 rd [ %
L
-104
50 25 0 25 15 10 5 0 5 10 15
tSNE_1 UMAP_1
43
Raw Seurat 2 fastMNN
g Batch
g ! & Batchl_293T
5 ._ H ?.:5‘%_ 0% Mix
-
Cell Type
mar
‘ o Jurkat
» -
scGen Scanorama - scMerge LIGER BEKNN
- E A
o s e 1
3 " ' ‘/ ' ;
z : ’
; )
,
Q’l ’
44
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Batch-correction

ARTICLES

nature methods

https://doi.org,/10.1038,/541592-019-0619-0

Fast, sensitive and accurate integration
of single-cell data with Harmony

llya Korsunsky 9234, Nghia Millard"234, Jean Fan©5, Kamil Slowikowski"23#,
Fan Zhang ©"%34, Kevin Wei?, Yuriy Baglaenko®"234, Michael Brenner?, Po-ru Loh®"*# and

Soumya Raychaudhuri®'2346%

a Total runtime b Maximum memory usage
£ %1 8
g, g
[T}
B R 2 e _
BEKNN Harmon 16 |
) ‘ = 6 ~ ==
y ¢ & ° ™ 2 0 » ¢ =
30,000 60,000 125,000 250,000 500,000 30,000 60,000 125,000 250,000 500,000
Number of cells Number of cells
45
Batch-correction
> head(luadobj@meta.data)
orig.ident nCount_RNA nFeature_RNA percent.mt
ctl.1.AMACCCAGTTATGACC ctl.1 6342 1947 9.350363
ctl.1.AMACCCAGTTCGAGCC ctl.1 2255 1046 5.986696
ctl.1.AMACGAACAAGGCGTA ctl.1 31132 4264 18.741359
ctl.1l.AAACGAACATCTTCGC ctl.1l 2025 1153 7.206612
ctl.1.AMACGAAGTGCGTTTA ctl.1 2186 1211 6.953339
ctl.l. AMACGAAGTTGGGCCT ctl.1l 2677 1176 10.646246
> table(luadobj@meta.data$orig.ident)
ctl.1 c¢tl.2 ctl.3 luad.1 luad.2 luad.3
3565 4511 3656 3670 3891 2672
> unique (luadobj@meta.data$orig.ident)
[1] ™etl.21™ "ctl.2" "ctl.3" "luad.1" "luad.2" "luad.3"
50 15
10
25
5
e cil e cil
& ® 2 o . ® 2
w ® ci3 % ® ci3
g o ® juadl = O > ® luadl
® luadz = b ® luad2
& luadd & juad3
5
25 ;
=10
50 25 0 25 45 .0
ISNE_1
46
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Standard Deviation

Batch-correction

library(harmony) ;

RunHarmony (luadobj, group.by.vars="orig.ident")

luadobj =
ElbowPlot(luadobj, reduction="harmony", ndims=1

reduction="harmony”, dims=1
reduction="harmony", dims=1

RunTSNE (luadobj,
luadobj RUnUMAP(luadobij,
DimPlot(luadobj, reduction =
DimPlot(luadobj, reduction =

luadobj

stsnes) e

"umap") ;

save(luadobj, file="luadobj.rda")

. .
10 10
g
. kS
. g -
(]
. 2
] .
. E -
n
5 - 5 .
.
.
.
.\- "-..
.
\ i P
0 25 50 75 100 0 25 75 100
PC harmony

1SNE_2

UmMap 2

50

25

-25

Batch-correction

40
20
® ci.l
\‘ ® ct2 NI
® o3 w g
® |uad.l 5
® |uad.2 g
® juad3
=20
40
25 0 25
ISNE_1 Batch-co n
10
8
® ci.l
® 1.2 |
) ® ctl3 % 0
® |uad.l =
® luad.2 =
® juad3
5
10
4 ¥
A" LY
10 0 10 10 0 10
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cll.3
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( E RN N
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https://drive.google.com/drive/folders/1R-5vQUaDBk59n-lu5f635ANcHhBgw57j?usp=sharing

- > 2024KSBi_BIML > datadpractice ~ 2

EBEERETE

ol& LFE oF|Yez 8., » 4 O as|
‘ B 20240207.KSBi_BIML.practice.R 2% @ o739 L} B
B luadobjrda 2n - o731 Lt 4.43GB

Thank you!

KIMQTAE@ajou.ac.kr
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How to understand thousands of individual things?

How to describe??

P

Given that we have individual pieces of fruits (single-cell analysis),

then how to sort these with which criteria? Color? Freshness? Kinds?

Clustering objects

XY

ki

Supervised - clustering

by fr%

2

[Red1 IGreenl @ , ai

1

IGrapel [Rotten
cluster cluster cluster cluster

&

1
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Supervised vs. Un-supervised clustering

Supervised clustering Un-supervised clustering

> The classes are predefined, and the task is to > The classes are unknown a priori and need to be
understand the basis for the classification from a “discovered” from the data.

set of labeled objects (training or learning set).

> This information is then used to classify future

observations.
* Discriminant analysis e (Cluster analysis
e C(lass prediction e C(lass discovery
e Supervised pattern recognition * Unsupervised pattern recognition

Clustering analysis

> Finding groups of objects such that the objects in a group will be similar (or related)

to one another and different from (or unrelated to) the objects in other groups

> Cluster: a collection of ‘similar’ data

Fres

u
)
o
Freshness({/ o
©
%%

Rotten

Za)
Q,
B
0
'—l
0
@
Al
[
g
(1]

¢
¢
By
g
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Evaluation of clustering

Intra-cluster
distance

[ N ] [ L 1] L ] ’4.
[ [ ] .‘¢
. . . o o Inter-cluster
. distance

High inter-cluster, *
distance , ’

L'>w intra-cluster
distance

_ © > &
> Intra-cluster distance: @——@

¢

the distance among members of a cluster

the distance between two different clusters

: High inter-class distance = Low inter-class similarity

> A good clustering method will produce high quality clusters with

Low intra-class distance = High intra-class similarity

> How to determine ‘similarity’?

> How to measure ‘distance’?

-29-




Similarity measures with a gene expression table

Data matrix

P attributes
(features) > n: size of the data (how many samples)

gene-1 gene-2 gene-3 gene-4 gene-5 gene-6 gene-7 gene-8 gene-9 gene-10|

— > p: attributes of the data (how many genes)
B Xig Xy Xy

sample-4

Dimensionality
sample-5
sample-6
sample-7

=nxp

sample-8

I instances <™

[

levels of
sample-10 "
sample-11 [gene expression|

sample-12
sample-13
sample-14 ; )
S Distance matrix
sample-16 ... . .
g (dissimilarity matrix)
sample-18
0

sample-19
sample-20

d21) o0
di3,1) d(32) 0

dn1) dn1) - - 0

*“ Manhattan
! N ey . % e

=




> Pearson correlation

¢ Measuring the degree of a linear relationship between two

profiles

deor(z,y) = 1

i(.’l’:‘-

=]

Measures of relative distances

z)(yi — )

im]

—_

> Spearman correlation

¢ Measuring the correlation between the rank of x and the rank
of y variables

d.-e;n ar (.‘J’,‘_. y) =1

[ (@i — 2)2 (i — 5)?

> Eisen cosine correlation

» A special case of Pearson’s correlation with x arrd y both
replaced by zero

Parametric deisen (@, y) =

> Kendall correlation

* Measuring the correspondence between the ranking of x and y
variables

non-Parametric n. — Ny

dk:'ruf(x: y) 1-— L
sn(n—1)

11
Clustering methods
k-means(k=3) k-means++(k=2) k-means| | (k=3) Fuzzy k-means(k=3)
@ (Q} Q} @ > Hierarchical clustering
— o =~ .
e . L 22 &9
k-medoids(k=3) k-medians(k=3) k-modes(k=4) k-prototypes(k = 3) L J :
7 T :; i ! ‘“’ > Partitioning clustering
@ EEES S0 11 T, * K-medoids
- rocanvEx A * PAM (Partitioning Around Medoid)
; FT 2R 4 .
*" § e ey !: o * SOM (Self Organizing Maps)
CLARA CLARANS GMM EM
N
DI |
o > Advanced clustering
Ty * Hybrid clustering methods
oMM DBESCAN * Fuzzy clustering
: m * Model-based clustering
A A A U * Density-based clustering
A A * Graph-based clustering
A L 2 3 eand ...
12
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Hierarchical clustering

non-Hierarchical Hierarchical
r N t
o
® D
A
oo
o000
y k1w BC Q0
(Nested clusters) (Dendrogram)
13

Hierarchical clustering

. . . . . Average distance
* Hierarchical clustering was the first algorithm i m

used in microarray research to cluster genes.

=

(David Bostein group, PNAS 1998)

* First, each object is assigned to its own cluster. Then, iteratively, the two most similar clusters are joined,

representing a new node of the clustering tree. The similarity matrix is updated. This process is repeated until

only a single cluster remains. (agglomerative clustering)

L(r,s)= L i iD(.‘fﬂ.xﬂ)

na T

L(r,s)=min(D(x,,, X, » L(r,s) =max( D(x,,, xjj))
> Single linkage > Complete linkage > Average linkage
» Smallest distance * Largest distance * Average distance

14
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Partitioning clustering

> Hierarchical > Partitioning

* Clustering is hierarchical decomposition (i.e., multiple levels) « [t find mutually exclusive clusters of spherical shape

« It can not correct erroneous merges or splits

* It may use mean or medoid to represent cluster center

« [t may effective for small- to medium-size data sets

15
K-means clustering
* Number of cluster, K, must be specified \
®e
* Each cluster is associated with an averaged point (centroid) .' o’
L I
* Each point is assigned to the cluster with the closest centroid . oo
® . ¢ PY
: e .. ®e :
* Basic algorithm o ° oo’ N
1: Select K points as the initial centroids.
2: repeat N
3:  From K clusters by assigning all points to the closest centroid.
4: Recompute the centroid of each cluster.
5: until The centroids does not change . ﬁ
16
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Limitation of K-means clustering

* Applicable only when mean is defined, then what about categorical data?

* Need to specify K, the number of clusters, in advance

* Unable to handle noisy data and outliers

* Not suitable to discover clusters with

Overcoming limitations

* Using many clusters (i.e., high K)

+  Using K-medoids, instead of krﬁn'éﬁétﬁ

which is sensitive to outliers

Differing sizes

Differing densities

; . 0 = 3 "
R R o
o 0 R e 4 AR
- TN t o 4+ 7. “&5—
; = ‘%"?‘.Jr.-
17

Dimensional reduction for visualization

> Projection methods

* PCA (Principal Component Analysis)

* t-SNE (t-distributed Stochastic Neighbor Embedding)
* UMAP (Uniform Manifold Approximation and Projection)

PCA

& ol
* 2
. 03

® luadl
® luad2
® luad3

1SNE_2

40

20

=20

-40

-,

-10

10

18

& ol
* 2
. 03
® Juadl
® luad2
& luad3
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Graph-based clustering

Louvain community detection is applied to a shared-nearest-neighbor graph connecting the

cells and finds tightly connected communities in the graph

Increasing the number of neighbors when constructing the cell-cell graph indirectly

decreases the resolution of graph-based clustering.

19

20
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Cell-type assignmen

Overlay

Overlay

Litvifukova et al., Nafure 2020

Cell-type assignment

Fibroblasts Pericytes
ocN e
ik ABCCS
MSLN PDGFRA
W \ KCNJ8
BNC1 3“
Mesothelial Ghoam - o RS
B 1.0
LEP Adipocytes
= .‘l' Adipocytes muscl_e- N'Ial_ca'dlomn:ytc s
el - o —— -
Neuronal . ACTAZ g Lymphoid 06
PLP1 Atrial = Mesothelial ]
. T Myeloid ¥
Neava - cardiomyocytes g Pz o
NPFA A Pericytes 0.2
Smooth_muscie_cells
ﬂ:&: \fen:rlcular_C;rdlomyEcrte 0.0
X Fooar e FFgg DT =R P ~ -
R R T TR HH I
Raaoid Lymphoid Ventricular ¥ g9 8 g xS
RO cardiomyocytes
¥ CD8A y
: IL7R
CD0LG

Litvifiukova et al., Nature 2020
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Cell-type assignment

a Epithelial Endothelial Stromal
T L 1 T T T T } T T T 1 r T T } T T T 1
Airway Alveoli 16 17 18 19 20 21 22 23 24 Muscle 27 28 20 30 31 32 33
I T r T T - 1 T T - T 1 r } 1 Art Vein Cap-a Cap Cap-i1Cap-i2Bro1 Bro2 Lym ,—L—| MyoF FibM AdvF AlvF LipF Peri Meso
1 2 3 4 5 6 7 B 9 1(] 11 12 13 14 15 1,676 1,197 4,974 8263 716 464 561 235 511 25 D 300 13 715 1656 55 2,126 29
Club Cil Cil-pxBas Bas-pxBas-dBas-pGobMuc Ser lon NE AT1 AT2 AT2-s ASM VSM
1,829 1,872 B8 676 157 308 47 392 491 24 24 86 1,393 4,574 87O 1,039 845
b Proximal airway Distal airway Alveoli

Airway cross-section

Travaglini et al.

, Nature 2020

23
Cell-type assignment
Bulk RNA-seq expression profiles
Bos markers m m mDC markers pDC markers. Baso markers Neu markers MK markers E:!r';‘;eu‘[ CDQ NB ] cm&‘r crE:rkN:r: B markers
huf sslbideili *=:_: e &L S E%ﬁ{ﬁ:ﬁﬁ?&}; Sydlab

11+ Py

Travaglini et al.,

Nature 2020

24
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Hematopoiesis

=,
(@ <
‘\..)

Multipotential hematopoietic
stem cell (Hemocytoblast)

-_—_,,———m—m

P

(-

@

Common myeloid progenitor
1

v
®©

Common lymphoid progenitor
1

Voo

® =

Erythrocyte Mast cell

I3 ¢
f\:;-g

Matural killer cell
(Large granular lymphocyte)

@ —

\

Myeloblast Small lymphocyte

|
o

Basophil Neutrophil

Megakgryome

4
-
Bes

Thrombocytes

D
/l T |¥mr:;£t0 B I;I'I'IOFTIO:MS
v |
Menocyte O

Plasma cell
b O
e %Z@

Macrophag: Dendritic cell

|
€
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25

[cell type gene expression] https://dice-database.org/

[cell type gene expression] https://xteam.xbio.top/CellMarker/

[cell type gene expression] https://panglaodb.se/

[cell type gene expression] https://cellxgene.cziscience.com/cellguide/

[cell type gene expression] https://www.celltypist.org/encyclopedia/Immune/v2

[cell types in blood/tissue marker ptn. expression] https://www.proteinatlas.org/
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Useful resources to identify cell type markers

Explore gene

Tk C0 THY

ol hypos
K
g
H
I

T £ T

oo, CO. naben nctnect
Tost, COM_raier

et Db GO
Tl O, naten TG
Tl GO, e

Celltypescore Parameters

Upload a CSV file

or

Paste data

Submit

Choose File | Mo file chosen

NFKE3
IL2ZRA

T cell, CD4, naive

CD3+ CD4+ CD45RA+ CD127+ CCRT+

Differentially Expressed Genes ©

Vs. T cell, CD4, naive
[activated]

CO3+ CO4+ CO4BRAs CD127+ CORTs (Activated ex vivo
with Human T-Activatoe COLCD28 (ThermoFisher
Scientifich at & bead-to-call ratio of 1:1 for 4 hours at 37°C)

e pr—

[ [

27

API

Models

EXhausted T ce“ CL0011025

.malule Teall

® 7 cell types

effector T cell

@ 7 cell types

Marker Genes

Computational Canonical

Symbal Mame

PTPRCAP protein tyrosine
phosphatase receptor
type C associated protein

GZMK granzyme K

CD3D CD3 delta subunit of T-
cell receptor complex

CsT7 cystatin F

CD3E CD3 epsilon subunit of T-
cell receptor complex

cp27 CD27 molecule

NKG7 natural killer cell granule

protein 7

Homo sapiens

.cy’tutaxic T cell

.nelper T call

.eﬂeclcw CD4-positive, alpha-beta T cell
.eﬁeclal CDB-pasitive, alpha-beta T cell

innate effector T cell

. exhausted T cell

Effect Size @ Specificity @

3.34 1.00
3.14 1.00
293 1.00
2,65 0.98
261 0.99
2.09 1.00
2.06 0.94

Tissue Agnostic

Search cell types or tissues

Intro
Cell Ontology
Marker Genes

Data

Open in Gene Expressior

Mean Expression @ % of Cells @

3.m 95.8
3.23 93.8
2.68 93.5
2.85 1.7
273 94.8
2.48 B84.7
339 85.9

28
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Data loading (practice)

https://drive.google.com/drive/folders/1R-5vQUaDBk59n-lu5f635ANcHhBqw57j?usp=sharing

- > 2024KSBi BIML > datadpractice ~ =&

EBEERETE

Ol E LFE oF|Yez 8., » 4 O as|
‘ B 20240207KSBi_BIML.practice.R =% @ o739 L} B
B luadobjrda 2n - o731 Lt 4.43GB
29
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40
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5
' ® il ® il
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% ¥ ® 3 23 u ® 3
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2 ® juad3 ® juad3
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-10 10
!
\ ’ \
10 0 10 10 0 10
UMAP_1 UMAP_1

v
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Clustering

> luadobj = FindNeighbors(luadobj, reduction="harmony”, k.param=20, dims=1:60)

- Computing nearest neighbor graph
10 ¥ Computing SNN
» luadobj = FindClusters(luadobj, resolution=1) ;
Modularity Optimizer version 1.3.@ by Ludo Waltman and Nees Jan van Eck
5 9
\
@ " X ® ol Number of nodes: 21165
%' - i Number of edges: 896920
FE o ® ladd
= Y . :::E; Running Louvain algorithm...
. X ’ 0% 1e 20 30 49 50 60 70 80 98 100%
. }- e e e e
i r \ Maximum modularity in 1@ random starts: 8.8588
' N Number of communities: 25
;. Elapsed time: 3 seconds
10 0 10 > DimPlot(luadobj, reduction="umap", group.by="seurat_clusters"”, pt.size=0.001, label=T)
UMAP_1
¥ - ¥ > ¥ 3
L S5 i (% g
10 ] .1 10 e 10 .
2 #0 815
L] =0 » 13 *1 ® 15
[ *1 o 14 *2 e 17
5 *5 5 *2 @15 5 «3 & 18
L] 3 e 16 e 4 @19
o o7 o ®4 o 17 9 *5 e 20
L] ®5 o 18 e G =21
E ° ' g ) *6 o 10 g 0 *7 o0
= # e 3 B *7 o0 3 3 *8 o 33
“ LIS “ .8 &2 4 .9 M
.12 *8 e 2 v ® 10 8 25
5 e 13 5 10 e 5 2 o1l e 26
o u el e M u 12 e 27
® 15 .12 ® 13828
] S"“ % TR
10 . 17 10 10 ]
. ® 18 . .
resolution=0.5 = resolution=1__ = resolution=15 =
10 0 10 -10 [} 10 -10 0 10
UMAP_1 UMAP _1 UMAP 1
31
Identification of cluster-specific markers
¥
v
10 o
e 0 e 13
o1 @ 14
5 e 2 o 15
® 3 ® 16
o~ ® 4 e 17
%I e 5 e 18
0 ® 6 @ 19
§§ f? e7 e 2
LY o3 e 21
9 e 22
5 ® 10 ® 23
® 11 @ 24
e 12
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Identification of cluster-specific markers

luadobj.markers = FindAllMarkers(luadobj, only.pos=TRUE, min.pct= » logfc.threshold=

test.use Denotes which test to use. Available options are:

. : Identifies differentially expressed genes between two groups of cells using a Wilcoxon Rank Sum test (default)
* "bimod" : Likelihood-ratio test for single cell gene expression, (McDavid et al., Bioinformatics, 2013)

* "roc” : Identifies 'markers’ of gene expression using ROC analysis. For each gene, evaluates (using AUC) a classifier built on that gene
alone, to classify between two groups of cells. An AUC value of 1 means that expression values for this gene alone can perfectly classify
the two groupings (i.e. Each of the cells in cells.1 exhibit a higher level than each of the cells in cells.2). An AUC value of 0 also means
there is perfect classification, but in the other direction. A value of 0.5 implies that the gene has no predictive power to classify the two
groups. Returns a 'predictive power' (abs(AUC-0.5) * 2) ranked matrix of putative differentially expressed genes.

"t" : Identify differentially expressed genes between two groups of cells using the Student’s t-test.

"negbinom” : Identifies differentially expressed genes between two groups of cells using a negative binomial generalized linear model.
Use only for UMI-based datasets

"poisson” : Identifies differentially expressed genes between two groups of cells using a poisson generalized linear model. Use only for
UMlI-based datasets

* "LR": Uses a logistic regression framework to determine differentially expressed genes. Constructs a logistic regression model predicting
group membership based on each feature individually and compares this to a null model with a likelihood ratio test.

o | "MAST" | Identifies differentially expressed genes between two groups of cells using a hurdle model tailored to scRNA-seq data. Utilizes
the MAST package to run the DE testing.

¢ | "DESeq2" { Identifies differentially expressed genes between two groups of cells based on a model using DESeq2 which uses a negative
i

nomial distribution (Love et al, Genome Biology, 2014).This test does not support pre-filtering of genes based on average difference
(or percent detection rate) between cell groups. However, genes may be pre-filtered based on their minimum detection rate (min.pct)
across both cell groups. To use this method, please install DESeq2, using the instructions at
https://bioconductor.org/packages/release/bioc/html/DESeq2.html

Identification of cluster-specific markers

> head(luadobj.markers, 30)

p_val avg_log2FC pct.1 pct.2 p_val_adj cluster gene
INHBA 5] 2.827373 ©.957 0.324 a @ INHBA
CcCcL2e 5] 1.948472 ©.8088 0.318 a @ ccL2e
CXCL3 ®  1.835299 ©.997 0.490 5] 5] CXCL3
RND3 5] 1.760417 ©.711 0.218 a @ RND3
TNF ® 1.717851 ©.907 0.331 5] (5] TNF
C1QA 5] 1.593781 1.6680 0.519 a @ C1QA
IL1A ® 1.531175 ©.692 0.180 5] (5] IL1A
FEP1 5] 1.530624 ©.998 0.484 a @ FEP1
FABPA ® 1.520869 0©.967 0.406 5] (5] FABP4
C1QB 5] 1.489668 ©.996 0.493 a @ C1QB
CXCLS 5] 1.463187 ©.541 0.1380 a @ CXCL5
MCEMP1 5] 1.349559 ©.991 0.358 a @ MCEMP1
SERPINAL 5] 1.324133 ©.998 0.581 a @ SERPINAL
MRC1 5] 1.294227 ©.996 0.483 a @ MRC1
ALDH2 5] 1.290682 ©.998 0.543 a @ ALDHZ2
MARCO 0 1.281677 ©.997 0.444 4] 5] MARCO
SNX1e 5] 1.267388 ©.989 0.432 a @ SNX1e
MSAAT B 1.240686 ©.998 0.449 5] 5] MSAAT
V5IG4 5] 1.233653 ©.988 0.374 a @ V5IG4
ACO26369.3 B 1.210307 ©.910 0.258 5] @ ACB26369.3
LPL 5] 1.186842 ©.989 0.286 a @ LPL
FTL B 1.184815 1.800 0.996 5] (%] FTL
c1QcC 5] 1.181961 ©.989 0.374 a @ C1QC
OLR1 5] 1.164877 ©.994 0.416 a @ OLR1
STXBP2 5] 1.144131 ©.937 0.414 a @ STXBP2
HLA-DRB5 5] 1.140811 ©.998 0.637 a @ HLA-DRB5
LGALS3 5] 1.119919 1.6680 0.711 a @ LGALS3
RETN 5] 1.119641 ©.794 0.381 a @ RETN
MSR1 ® 1.118809 ©.983 0.391 4] 5] MSR1
SERPING1 5] 1.187677 ©.944 0.352 a @ SERPING1
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Identification of cluster-specific markers

cluster=1luadobj
eUE j.m top2e.
1) {1luadobj.markers.top2es

luadobj.markers.top2@s = cbind(luadobj.markers.top2@s, luadobj.markers.top2e.c)}

> luadobj.markers. top2fs

@ 1 2 3 4 5 3 7 8 9 1 12 14 15 16 17 18 22 23
1 INHBA  FABPA LTE  GHLY GIMK GO52 CTSE  STMNL  FCERIA  SFTPC  MEAT CAPS <] LGN SCGEI1AL XEL1 TGKE IL2RA HEPH1 DARRL

2 CCLae APOCL 2 NI CCLS ILe EMP1 Tuee [a}1e L Cidorfas MGP FOLR2 5CGB3AL XLz CO79A  THFRSF& BAGI  (SFIRA ANKRD29
3 CXCL3 GCHFR IL32 FoFBPZ CDBA 5100439 LGMN HZAFZ CLEC1®A ADMMIT C9orf24  FBLNL (CL13  wWFDC2 ELRB1 THFRSF13C THFRSF18 HSPA1A F 1
4 RHD3  MARCO TRAC MYOMZ  GIMM THES1 CYBE  MEIGT HLA-DPB1  SFTPE  SHK2 TPFP3 CFD RHASEL  CYESA UKD BANK1 CTLAS  CLEC9A HSPD1  GRR1ST
5 108 IL7R  GIMB  CD3D xcLs CTSZ  TUBAIB  GPR1B3 NAPSA  ALOXS RSPH1 CODCBO MS4ABA  NCOA? KLRC1 HS4A1 27 573 DHAIEL CCR?
L] LGALS3 CD3D  PRF1  GIMA TIMPL TGFBI TYMS  FCGR2B SFTPD CCOCERA Cllorf8E IGFEPT CTs8 PIGR w7 I6LC2 BATF SN HSPAG ccLa2
7 GRM ZFP36L2 KLRD1  NKG7 SERPINB2  LILRB4 PCLAF RALA SLPI THFAIPZ SPARCLL SLC4BAL KRT7 CRTAM IGHM IL3z 51808 HSPALB BIRC3
B C104 CXCRE SPONZ CXCR4 EREG Cl50rfas HMGNZ L7 PGC SLC11AL COL1AZ SELENOP  KRT19 TNFRSF18 JCHAIN TIGIT HLA-DPBL HSPEL LAMP3
9 FTL TRBCZ (D247 TUBAA  S1PBAB  MSAAGA TOPZA Cl5orfd8 SCGB3AZ  MACCL TIMP3 TGFBI SLPI FAMI77A1  HERPUD1 TRAC DHASEIL3  GATAZ HSP98AAL TEN
1@ ALDH2 DUSPE  PTGDS PIK3R1 FCH1 ABL2 TK1 HLA-DPAL HUC1 CAPG GSN Hi PLTP TACSTD2 KLRD1 (D37 LINCO1943 RGS10 SLC1BAZ DHAJAL L9
ALCPS 36 CST7  IL32 PLAUR v UBE2C TCIM TFRC CALDI  CDENIC F13A1 ELF3 TRDC HAL D30 HAAA  TUBALA uBC a3

CCL18 LEPROTLYI CCL4  CD3G PTG52 FPR3 CENPF SLC34AZ  GOHFR GHG11 FCN1 CT52 SCGB3A2 CTSH LC3 LT IRFE ILIRLY HSPIGAB1 MARCKSL1 TSPAN1Z

SCO COIE KLAF1  C5T7  BASPL 5 WUSAPL CYBSA  GLUL MFAPS IER3  CLDK4 REL €02 LGALSEZ  RHEX IFANDZA  MARCKS  CAVZ

CTSD  SPOCKE KLRB1  TRAC VEAN 5002  HMGE1  LGALSZ  SFTAZ  CSTB H TIMP1  SGK1 GPRCSA  PIK3RL PGMILL CPMEZ  RGS513 HMOX1 ouses NTH

(8144 A CCLS  RUNK3 PPIF FH1 PCHA HLA-DQB1 Cllorfdd ILIA Clorfél LM G052 EMPL S0X4 ILZRE ARIDSE HLA-DPAL KIT Cl2orf7s IERS b2 VEGFA

HUPR1 B GIMH TRGC2 002 IER3 DEK. D83 PIGR FTL SNTH FBN1 FaL2 ccL2 h2 AREG ICOS SERPINF1 (D6s GRASF HSPE1 BASP1 CLDN1B

REP4  CLECID GIMA DUSP2 AREG APOE DUT HLA-DQAZ FABRS  PROXS COL1AL PLAUR  CD14 IFITMZ TRECZ TACSTDZ — RGS2  NR4A3 UBE  CCL17  CYPasl

CES1 CREM CTSW TRBC2 S100A12 GPHME PTTG1  HLA-DRA RND3 MORN2  SFRP2 S002 COu3Ll SYTL3 DusPa FGL2 RGS1 RGS2 GRN  GPR183 KRT?

SERPING1 ANKRD1Z CLIC3  CD3E IER3  RNASE1 HMGB2 51008 INHBA  DHAAF1 IGFBPS IL1B APOE INF331 PHAIPL SGK1 w 6ZMB CTSD  GADDASA CEACAMG

20 IFI27 CYP2TAL ETS1 PLACE MT2A  NAMPT  CCL18 WISTIHAC GB52 APOE Clorfl94  SFAP4 APOBEC3A  (CL18 HGP GHLY LAIRZ  DUSP4  AREG  PTGDS MTANRILE ClSorfd8  TIMP3

Discovery of cluster identity

nonImm.markers - ( c ; ;

FeaturePlot(luado F - i "umap”) ;
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Discovery of cluster identity

9A", "CD3E", "NKG7",
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aturePlot(luadobj, features=Proliferating.mark
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luadobj$annot_1st =
luad

imeta.data[ luadol

luadobj@meta.data[ luadob

luadobj@meta.data[ luadob

Discovery of cluster identity

neta.data$seurat_cluster

eta.data%$seurat_clusters

eta.data$seurat_clusters

Idents(luadobj) = "annot_1st™ ;

]$annot_1st

$annot

"nonImm"” ;

“Imm'

DimPlot(luadobj, group.by = "annot_1st", reduction="umap", label=T) ;
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Discovery of sub-cluster identity

luadobij.nonImm RUnUMAP (1luadobj.nonImm, reduction="harmony", dims=
luadobj.nonImm RunTSNE (luadobj.nonImm, reduction="harmony"”, dims=
luadobj.nonImm FindNeighbors(luadobj.nonImm, reduction="harmony",

luadobj.nonImm FindClusters(luadobj.nonImm, resolution=

DimPlot(luadobj.nonImm, reduction="umap", group.by="seurat_clusters"”, pt.size=60. label=T) ;
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Discovery of sub-cluster identity
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Discovery of sub-cluster identity

luadobj.nonImm$annot_2nd

luadobj.nonImm@meta.data[lu Jj eta.dat: urat_cluster % c( , - J$annot_2nd <- "Epithelial”

luadobj . nonImm@meta t neta.data urat_clusters y ]$annot_2nd <- "Endothelial"

luadobj.nonImm@meta.data C j.no @meta.data$seurat_clusters y ( 11), ]$annot_2nd <- "Mesenchymal”

]

Idents(luadobj.nonImm) = “"annot_2nd”
t(luadobj.nonImm, group.by = "annot_2nd", uction="umap"”, lab

seurat_clusters annot_2nd
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Discovery of sub-cluster identity

luadob3j.Imm RunUMAP(luadobj.Imm, reduction="harmony”, dims=1:°F seed.use=
luadobj.Imm RunTSNE(luadobj.Imm, reduction="harmony”™, dims=: ), seed.use

luadobj.Imm FindNeighbors(luadobj.Imm, reduction="harmony", dims=1:50)

luadob3j.Imm FindClusters(luadobj.Imm, resolution :
DimPlot(luadobj.Imm, reduction="umap"”, group.by="seurat_clusters", pt.size: label=T) ;
DimPlot(luadobj.Imm, reduction="tsne", group.by="seurat_clusters", pt.size=0. , label=T) ;
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Discovery of sub-cluster identity

"GNLY", "KLRD1","KLRF1")
FeaturePlot(luadobj.Imm, feature markers, reduction="umap”, nc

reductio umap”, ncol

CD8.ma = c("CD8A","CD8B") ;
FeaturePlot(luadobj.Imm, features=CD8.marke reduction="umap®”, ncol=

gdT.markers = c("TRDV2","TRGVI")
FeaturePlot(luadobj.Imm, features=gdT.markers, reduction="umap", ncol

B.markers = c("CD79A","MS4a1","IGKC")
FeaturePlot(luadobj.Imm, features=B.marke reduction="umap", n

DC.markers = "LGALS2","CPVL","CD1C")
FeaturePlot(luadobj.Imm, features=DC.markers, reduction="umap", nc

MQ.markers = c("MARCO","C1QA","FABP4") ;
FeaturePlot(luadobj.Imm, features=MQ.markers, reduction="umap", nco

Mono.markers = c("Ges2","s1eeas","FCN1")

FeaturePlot(luadobj.Imm, features= rs, reduction="umap", nco

T.markers = c("TPSAB1","CPA3","GATA2") ;

FeaturePlot(luadobj.Imm, features=MAST.markers, reduction="umap", nco

pDC.markers = c("JCHAIN","IRF4","TCL1A") ;
FeaturePlot(luadobj.Imm, features=pDC.markers, reduction="umap™, ncol

- 48 -




Discovery of sub-cluster identity
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luadobj.Imm$annot_2nd =

luadobj . Imm@gmeta.data[ luadobj.Im
luadobj . Imm@gmeta.data[ luadobj.Im

luadobj . Imm
luadobj . Imm
luadobj . Imm
luadobj . Imm
luadobj . Imm

luadobj . Imm

luadobj . Imm@meta.data[ luadobj.

ta.data[luadobj.Im
meta.data[luadobj.Im
meta.data[luadobj.
meta.data[luadobj.
meta.data[luadobj.
meta.data[luadobj.

Discovery of sub-cluster identity

m
m

Im
Im
Im
Imm
Imm

Idents(luadobj.Imm) = "annot_2nd" ;

DimPlot(luadobj.Imm, group.by =

seurat_clusters
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1$annot_

), ]$anno

), J]$annot_2nd

), J$annot_2nd <-

1%ann

1$annot_

2nd "NK"
| 4
"CD8" ;

ngn
o
s
2nd <-

]

"cpa™

3

_2nd <- "DC"
1%annot_2nd <-
"Mono™

> ]%annot_2nd <- "MAST" ;
> ]$annot_2nd <- “"pDC"

annot_2nd", reduction="umap", label=T) ;
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Discovery of sub-cluster identity
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