Single—cell RNA-seq data
analysis for marker/drug
target discovery




BIML 2026 {3

=
—

7t Zpkel

StA L ELC

o

Q7L 2R, HE,

ol
o

CHe Attt

i



of

e

ol

ot

7|=1} Hio|
ZOHAL L
=

M
~

ofel elsxls 7lEh &

o
=

=
—

t

0| %[4Al AlHIO|
FESLICE Ol /13

—
AN

BIML-2026 &4 Bioinformatics &Machine Learning 1= 3
=
2 S0 HNAXSE Hf
XtO
[=]

Al
=

KSBi-BIML 2026

Bioinformatics & Machine Learning (BIML) Workshop for Life Scientists

| -

—

o|21t

k=3
=

o
=
ZEIO¥o = Xtz

9|7} &[5t

7|

A
2~

q

=
201540] A[ZHEl BIML $3&2 22 123 X2

BIML ¥3&2 dBZLES A4
CIX|EH0l2 20 & 20F2 Td& L.

G| O[ &

o

AlHIO| 2 EOFOf| A

= A= 7|CfE L.

o O
=S

37292, HE|RYA, HEIQY

1

IMZE Q8] A

o
=

b

C
[

b 202498 F7HEl o 2YE Xtz

—

OFAEOf S, AFAS2 2
s

CcC

—/

[y

o=

10

i

i

~N
Ko

|28 Az &

-1 O
= —

o= Z

20264 2&

2ol 4oz 85

L|Ch

I

=

o
o

ANA +&
__l.l.
7| ch

—

=

=

=

of

PN
=

2 A7

B
2y F2

| o

x
[

o
[

Fetat

I}
SEE HSLICh

BIML-2026

o

Jol



pAslbd Bed

Single-cell RNA-seq data analysis

for marker/drug target discovery
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Tumor micro-environment

Analysis Tools

U Single-cell RNA-seq data
The Tumor Microenvironment at a Glance

Frances R. Balkwill, Melania C 0 and Thorsten Hagemann

Cell Science

QO Cell type annotation (e.g., HICAT)
O DEG and GSA/GSEA
o

Inference of ligand-receptor
interactions among cell groups
(e.g., CellPhoneDB)

O CNV estimation and Ploidy
inference (e.g., InferCNV)

O Pseudo-time trajectory analysis
for differentiation study (e.g.,
Monocle)

O Integrated analysis pipelines
(e.g., SCODA)

U Spatially resolved
transcriptomics data

O Cell-type deconvolution/detection

Neighborhood enrichment
analysis

@)
Balkwill et. al., The tumor microenvironment at a glance. Journal of Cell Science (2012) O Inference of ligand-receptor
@)

interactions
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Contents & Resources

U Contents
1. SCODAE 0| &%t tHUM I RNA-seq 24 712

2. AnnData ZZH A7l SCANPYS O| &%t MAz2|, NEZRHAH
3. CNVe Ploidy &7, MZZt 42 %& &4
4. DEG £4M, Ot EfA Gene Set Enrichment &4
0 Objective
O SCODAZ Xz|&l THUMZE RNA-seq H|O[E 2| H|O[E O0|dS Sol
O ZHAE CrIot FHMZE FYAME, CNV T8 W LME AlE M=zt
Mo BN DEG WU Gene Set24)0f| CH$H O[S E &=0|2
O OF{Lt X2 BNo| W21 e ASS QI3 MES 7|&E & USE Bict
U Practice Workshop homepage:
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https://github.com/combio-dku/scoda_explorer/blob/main/Workshop/SCODA_worshop_2501.md

SCODA pipeline
an automated, web-based analysis pipeline for
single-cell RNA-seq data

® SCODA demo site:
®* BRIC 7|2 7|=%H|L}:

SCODA pipeline overview

SCODA pipeline

Cell x Gene count matrix . A .
. 3. Copy Number Variation estimation
(Public datasets)
(SCANPY + InferCNVpy)

7. Marker/target discovery
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SCODA (Free demo site:

Client

MLBI Lab: Single-cell RNA-seq data analysis for marker discovery

& SCODA Server >  Client

(1) Simply upload your data

Client’s data

1. Compressed 10x mtx files + optional meta_data.csv
2. Compressed CSV file + optional meta_data.csv
3. Compressed h5ad file (including meta data in obs field)

SCODA

pipeline

(2) Automated pipeline analyzes your data
1. Celltype annotation (HiCAT, MIT license)

2. DEG & GSA/GSEA (GSEApy, MIT license)

3. Cell-cell interaction (CellPhoneDB, MIT license)
4, CNV estimation & ploidy detection (InferCNV, BSD-3c + InferPloidy)

++ We use proven & standardized analysis tools
+ The pipeline can be tailored with optional settings

Results

(3) Once it is done, you can download the result

Saved in anndata

Download

1. Saved in Anndata formatted h5ad file (tar.gz compressed)
2. It contains all the analysis results and the count matrix itself

(4) Explore the results by yourself on your web browser

Jupyter notebook

for your own

Data Mining

1. We provide “jupyter notebook” with example codes

2. You can freely use SCODA-viz & SCANpy (free open SW)

3. With a little bit of programming, you can get deeper insight
into the single-cell RNA-seq data you uploaded

4. We offer free workshop for data mining (upon request)

KSBi-BIML 2025

SCODA pipeline: Preparing the dataset

U Preparing the dataset
O Need to set conditions to compare
O And collect samples for each condition
condition
I L1 ER+
2 ER+
o) o e 4 conditions
IL1_H ER2+
s | wse o
® ER-MH0043-T N-PMO0230-Total
® ER-MH0114-T3 N-PM0O233-Total
‘a, ® ER-MHO151 » N-PMO372-Total
© ® ER-MH0173-T ® TN-B1-MHO131
g ® HER2-AH0308 ® TN-B1-MHO177
1 » HER2:-MHO0031 ® TN-B1-MH4031
x HER2-MHO161 ® TN-B1-TumO0554
HER2-MHO0176 ® TN-MHO0126
HER2-PM0337 ® TN-MHO135
N-MH275-Total I L1 INBC

MLBI Lab: Single-cell RNA-seq data analysis for marker discovery

X_umapl

23 samples

L2_ER-MH00256 ] Egch sample

L2_ER-MH0029-7Cm
L-2=ER=MH0043-Tm
[2ZER-MH0114=T3@
L2 “ER-MHO151m
L2_ER-MH0173-Ta
L2_HER2-AHO308m
L2_HER2=-MHOD21®m
1:2eHER2=-MHO161m
L2 _HERZ-MHO176m
L2_HER2-PM0337a@
L2_N-MH275-Total®
L2_N-MH288=Totalm
L-2=N=-PM0O019-Totala
L2ZN=PM0230-Total@
L.2_N-PM0233-Totala
L2_N-PMO372=Totalm
L2_TN-B1-MHO177m
L2_TN-B1-Tum0554a
L-2=TN=B1-MHO13 1=
L25TN=-MHO126m
L2_TN-MHO135®
L2_TN-B1-MH4031=

contains many
cells of different
types

KSBi-BIML 2025




SCODA pipeline: Cell-type annotation

O Uses HICAT ( )
O Utilizes cell-type markers from the R&D systems
O Annotate in 3-level taxonomy (major type, minor type, and subset)

celltype_major celltype_minor BL1_Plasma cell nL2zplasmancell

: L3"Bcelll]
=|-1—B-cell-(Follicular) e
—11—B-cell-{Breg)—— L=l sl
~L1-B-cell (MZ)
—L1-B-cell (Memory)
®Bcell DL Macrophage, (M1)
g_ ® Endo ‘3. =1:1-Macrophage: (M2C) [|L2,Macruuhage 13 Myeloid ﬂ
© Epi © =1-1-Macrophage (M24) —
£ Fib £ =1:1-Macrophage (M2B)
3 Myeloid 3 =L1-Macrophage (M2D) ————L2-Pendiritic cell
) o SMC ! ~1-1-BE(Classical)
o Tcell misimEndothellaheell 2N Endothieliall E3ll Endothelialicellf]
=l-1=Endothelial tip,cellf_—l - -
—L1—Lymphatic Endothelial cell
L1 Luminal epithelial cell
X_umapl X_umapl | e |L2_Epithe|ia| cell L3_Epithelial cell|
I fammary epithelial cell
® B cell (Memory) ILC3(-) T_Naive
°BMZ ILCreg T |]L1_Fibrab\ast |]L2_ﬁbrobla5t L3_Fihrublastl
®Bf ey} e Thl
o Breg Mac M1 oTh2 BUtETicellj(Gytotoxic)
5 =L1=ILCL B2iTicell,CD8+
~ ® Endo Mac M2a  ®Tho E
g ® Endo Lymp Mac M2b  ®Thl7 S5 BL2SILG
£ @ Endo tip Mac_M2c ® Th22 —li=lkGreg—— gy :ell”
3| ® Epi lum Mac_M2d @ Treg *Ll-l'-cﬁ'l(“c'_")
x ® Epi mam NK ®cDC =L1-T-cell.(Naive)
p =L1=T-cell-(Treg) 2ETcell'CD4+
® Fib Plasma eiDC = 11-T-cell-(Tfh)
s ILC1 sMC ®pDC -L1-T cell (Th1)
ez T_Cyto ® unassigned i t::¥>§g::'g2% .
LC3(+) ~ti=Tcell (Th22)
X_umapl Brizsmoothimusclecell [Dr2zsmoothiBuSmicothimusclercellll
MLBI Lab: Single-cell RNA-seq data analysis for marker discovery KSBi-BIML 2025 9

cell_group

SCODA pipeline: CNV estimation & ploidy inference

O Uses InferCNVpy ( ) + InferPloidy
U Utilizes T cell, B cell, myeloid cell, and fibroblast as normal reference
Q

InferPloidy used to determine whether diploid (normal CNV) or aneuploid
(abnormal CNV)

log2(CNR)
— ~N M N O M~ 0 O O
o § oga e n T odgd d g oot N
5 E§ £§55 % 5 5 66566 6§65 5 555 JEismcen
Aneuploid Epi in ER+ 3] i R B See
| i H P : AL s i -
Ancupci Eplin Ko B : R SR, BLiFibroblast
Aneuplold Epl in TNeC il « - i il 1
o Pt p ; it 5 gy §
Endothelial cell [l - S i ; : : ; fremyeloid,cell
Epithelial cell r ; | : e B lleBrcell L2_Diploid
misi=Endothelial cell
0.2
ml1=Smooth muscle cell
Mormal ref 0.0 L2_Aneuploid|]
IL1_EpitheIiaI cell
5! 0.2 L2-Unclear=
Smooth muscle cell iR
MLBI Lab: Single-cell RNA-seq data analysis for marker discovery KSBi-BIML 2025 10



http://github.com/combio-dku/HiCAT
http://github.com/broadinstitute/infercnv

SCODA pipeline: Inferring ligand-receptor interaction

O Uses CellPhoneDB v4.0 ( )
O First, run CellPhoneDB for each sample separately
O Then, condition specific interactions are identified by collecting the
interactions commonly found in samples of a specific condition
m: mean strength
CPDB result for TNBC
T CoB+Mac | P p: p-value
T CD4+|Mac L
E;:Iﬁégj‘z : : : .E T Epl (Aneup)
% Macml:ﬁ%l%aﬁ: i : HH E. 4oglotp) TCo8+, . A¢EP (DR
S R seses t FH Lo SRR
8 HDI;;:::: T oo o ° sooooece ID::[.;M TCD4+ } 35 :a \zi‘!i 23 Endo
Apeest] #t S LAY
M?ﬁEEIEPEEMm? s .II o : L h I . '!;g u)ﬁ A
Meuplnlnm:;:l%“:’;- (ENENENEEN] (EEEEN) .? i .; 1 HE) 1 1 smc E 9 5 27/ 9)5 S5Eib
gRpEpate §I3yyEpyneE saozaRanninaane 2 ;
355808 52355°52:% 28 EEEEE’EE%Em@E%;
E R R H I e
A | a1 7 B
) EEEEE E{?- é §.§
£
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Protein (gene) pair

KSBi-BIML 2025 11

SCODA pipeline: DEG analysis

0 Uses SCANPY ( )
U condition-specific DEG for each cell-type
H 1 J 1 L}
O Provides both ‘one versus the rest’ and ‘one versus the reference
Epithelial cells: HER2+ vs. others
log2_FC pval pval_adj mean_test mean_ref nz_pct_test nz_pctref nz_pct_score gene
GRB7 4119 1.7785342-139 1.912710e-153 1.642534 0215023 0.791771 0.184584 0645622 GRB7
ERBB2 4850 1.474336e-304 1.585206e-300 3.204486 0642124 0.947631 0.452333 0.518987 EREB2
PGAP3 3.558 7.165%60e-50 7.7089141e-86 0.800374 0.098082 0.559850 0.099351 0504206 PGAP3
CDK12 2861 5515046e-105 5929778e-101 1467331 0.356722 0.7065983 0302231 0483310 CDK12
MED1 3.118 3.317959e-84  32.567470e-20 1.071363 0.199654 0.568579 0.189655 0.460745 MED1
MUCSB -32.304  1.533459e-21 1.74658%e-17 0.000000 0473714 0.000000 0.216024 0.000000 MUCSE
RPLA41 0427 241818%9e-19 2.600037e-15 6460674 6.173854 1.000000 1.000000 0.000000 RPL41
RPLP1 -0.492 3.081337e-20 3.516396e-16 6218880 6.559067 1.000000 1.000000 0.000000 RPLF1
RPL30 -0.633 3.142378e-26 3.574455e-22 5.062849 5499375 1.000000 1.000000 0.000000 RPL30
RPS27 -0.287 6.9597897e-07 T7960107e-03 5.575539 5773541 1.000000 1.000000 0.000000 RPE27
MLBI Lab: Single-cell RNA-seq data analysis for marker discovery KSBi-BIML 2025 12




SCODA pipeline: Marker discovery

U Marker discovery in SCODA

O Use DEG results. But not the log fold changes.
O Marker score = nz_pct_score = nz_pct_test x (1 — nz_pct_ref)

ER+_vs_others (ER+: 986, others: 1800) Epithelial cell
ER2Y

Diplold HERZ+ HERZ-MHO176
Diploid ER+ ER-MHO151
Diploid ER+ ER-MHO029-7C
Diploid ER+ ER-MHO173-T
Diploid ER+ ER-MHO114-T3
Diploid THEC TH-B1-MHO131
Diplodd THEC TN-81-Tumd554
Diplold TNBC TH-B1-MHOLT7
Diploid HERZ+ HERZ-MHO161

Diploid ER+ ER-MMD043-T ractn o ok
Diplaid ER+ ER-MHOO2S i
Diploid HERZ+ HERZ-AHO308
ER+ ER-MHO151 co0®
ER+ ER-MHO173-T
ERL+ ER-MHD028-7C gy
Y »aee

HERZ+ HERZ-PMO33T
HERZ+ HERZ-MHO161 { &
HERZ+ HERZ-AHO308 1 8
HERZ2+ HERZ-MHOO31
T Normal N-PMO230-Total
o ] w0 T F n Mormal N-PMO019-Total
Mormal N-PMO372-Total
Normal N-MH275-Total
TNBC_vs_others [TNBC: 998, others: 1788) Normal N-MH288-Total

THBC TH-B1-MHO131
THBC TH-81-Tumss4

MLBI Lab: Single-cell RNA-seq data analysis for marker discovery KSBi-BIML 2025 13

SCODA pipeline: Gene set (enrichment) analysis

Q GSEApy ( ) GSA(up) summary

AGE-RAGE signaling pathway in diabetic complications 4 @ '|ug{p]
H H Amino sugar and nu:icutidciz\lnz:::r:‘ne;::::suelia; ] e :: L
0 Gene set analysis performed with the B PR I
Cell cycle o6

condition-specific DEGs separately for each crvoni yaciaieaiema 1 & | 1| ®®
e R ae

Ce” type DNA replication |
Diabetic cardiomyopathy =

Endocytosis |18

Epstein-Barr virus infection

Epithelial cell: TNBC_vs_others Ectronen somaling bathoray |

Ferroptosis

Fluid shear stress and atherosclerosis 4
Focal adhesion 4

Homolegous recombination 4

Human T-cell leukemia virus 1 infection 4
Human papillomavirus infection -
Huntington disease -

Insulin signaling pathway -

Lysosome o

MAFK signaling pathway 1

Mismatch repair 4

MNeurotrophin signaling pathway <
Non-alcoholic fatty liver disease
ncreatic cancer -

Parkinson disease

Pathways In cancer 4

Pathways of neurodegeneration -

Prion disease -

Prolactin signaling pathway
Proteasome -

Protein processing in endoplasmic reticulum -
Prateoglycans in cancer <

Pyruvate metabolism -

Relaxin signaling pathway o

Renal cell carcinoma 4

Cell eyele

DMA replication

Mismatch repair

P53 signaling pathway

Cellular senescence

Spliceosome

Ribosome

Pyruvate metabolism

Coronavirus disease

Amino sugar and nuclectide sugar metabolism
Huntington dissase

Diabetic cardiomyopathy

Human T-cell leukemia virus 1 infection
Nucleatide excision repair

RNA degradation

Epstein-Barr virus infection

Parkinson disease
Qocyte meiosis
Pathways in cancer
Base excision repair

Term

Oxidative phosphorylation Ribosome o
RNA transport Salmonella infection +
Prion diszase Shigeliosis -
Glycolysis | Gluconeogenesis Small cell lung cancer 4 0
Valine, leucine and |soleucine degradation moRliceasame 1-1-2-@ =
Alzheimer disease gmapmegenes) =
A mTOR signaling pathway 4 @ =
Amyaotrophic lateral sclerosis P33 signaling pathway - 'Y o2
0

Homologous recombination

Fanconi anemia pathway

Pathways of neurodegeneration

Human papillomavirus infection

Citrate cycle (TCA cycle)

Glyoxylate and dicarboxylate metabolism
Lysine degradation

Glutathione metabolism

ER+_vs_others
HERZ+_vs_others
THBC_vs_others

g

00 25 50 75 1000 25 50 75 100
-log(p-val) -log(g-val)

MLBI Lab: Single-cell RNA-seq data analysis for marker discovery KSBi-BIML 2025 14



http://github.com/zqfang/GSEApy

SCODA configuration

Mandatory input

[ Cell-by-Gene count matrix ] Optional input
: : Upload
Optional input i ( Analysis_config.py |

L
)| Cell-type annotation . =N GENES MIN = 200
markers_db.tsv > . < * N_CELLS_MIN = 10
[ — J (HiCAT) « PCT_COUNT_MT_MAX =20
¥ - REFERENCE_CELLTYPES FOR TUM
—— OR_ID = ['T cell', 'B cell', 'Myeloid’,
SCODA CNV & ploidy inference | 'Fibroblast]
+ i + MIN_NUM_CELLS_FOR_CCI = 40
server Leyel 7 i L) . CCI_MIN_OCC_FREQ_TO_COUNT =
0.5
N - « CCI_PVAL_CUTOFF = 0.1
[ ceIIphonedb Zip 1 > Cell-cell interaction < . GOl MEAN CUTOFF = 0.1
: J (CellPhoneDB) + CCI_DEG_BASE = 'celltype_minor’
¥ « MIN_NUM_CELLS_FOR_DEG = 100
« DEG_PVAL CUTOFF_FOR_GSEA =
)| N DEG/GSA/GSEA . 0.1
[ pathways.gmt | > SCANDY + GSEA, < . DEG_REF_GROUP = None
( Ry ) .+ GSA _PVAL CUTOFF =0.1

« and more
v

Result h5ad file | _Download [ Visualization &
(compressed) i\ Data mining

MLBI Lab: Single-cell RNA-seq data analysis for marker discovery KSBi-BIML 2025 15

What one can do with this analysis pipeline?




Example study 1:
A study on tumor micro-environment
of breast cancer using SCODA

* A Retrospective View on Triple Negative Breast Cancer Microenvironment:
Novel Markers, Interactions, and Mechanisms of Tumor-Associated
Components using public Single-cell RNA Seq Datasets, Cancers, Mar. 23

Background

O Objectives

O Triple-negative breast cancer (TNBC) is a significant clinical challenge due to
its aggressive nature and limited treatment options.

O In search of new treatment targets, not only single genes but also gene pairs
involved in protein interactions, we explored the tumor microenvironment

(TME) of TNBC from a retrospective point of view, using public single-cell
RNA sequencing datasets.

1 Datasets used

Tissue Type Num. Cells Num. Genes Num. Samples
GSE176078 Tumor 100,064 29,733 26(12,5,9,0,0)
GSE161529 Tumor/Normal 428,024 33,538 62 (20, 6, 8, 4, 24)
GSE180878 Normal 52,681 20,437 16 (0,0,0,0, 16)

The numbers in parenthesis are the number of samples for ER+, HER2+, TNBC, Preneoplastic
and Normal, respectively; In GSE161529, we did not consider 7 lymph node sequencing samples
from the same ER+ patients.

MLBI Lab: Single-cell RNA-seq data analysis for marker discovery KSBi-BIML 2025
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Breast Cancer Subtype markers

U BC subtype markers from DEG analysis (one vs the rest) on epithelial cells

HICAT . g?rlm.a' epi DEG to find YS—
InferPloidy * Diploid ep! (frf)m tumor samples) subtype markers gene expression
» Aneuploid epi (TNBC, HER2+, ER+)
R gsaai§§E§3§ g AL
i
Shown up to 30 markers for each condition
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Cell-cell interactions in Breast Cancer

CellPhoneDB Cell-cell Interactions
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DSC2 as a prognostic marker GSEA summary

(a) (b) GSEA summary
o'sfzm‘g:‘m'““l"r - Lo ABC transporters - &
o peoos 14 pe00d 12 p=10 Amoebiasis {  S88S 'I?'; K
p=050 p=100 =100 Apoptosis - @
§“ p=bos 12 = 0.001 bt I Asthma o @ e4a
20 p=100 g1o0{ p=oaf =037 wm‘ Axon guidance - 6
$2] puass “ | 8o, Ll-l"d L [ Cell cycle | -
i “pelon = o6 Complement and coagulation cascades 4 o8
2 e . % as . Coronavirus disease - ®10
15 o E i e Cytokine-cytokine retestor Interacticn 4
81 * ; NA replication 5
0z ! oz ECM-receptor interaction -
03 |l Ed Epithelial cell signaling in Helicobacter pylori infection -
Womal A+ YERZ: TG Mormal ERe  MERZs TNBC Mormal ERe  HERZe TNEC Fancanl a"‘em':epath""’l)‘ 1
Condition Condition Condition Focal ardmhpetec.'li: 1
(c) METABRIC dataset . Glioma 1
D5C2 D5G2 Dsc2 Hematopoietic cell lineage
vos | ] Human papillemavirus infection 4
Lis (il 81} 5 1=10* BT IL-17 signaling pathway
i pEiar [T fom Kapesi sarcoma-associated herpesvirus infection - &
i i . 523:‘ Legionellosis o
e eEll . — bt i R S A MicroRNAs ml:::'\acr;ar: 00000
Euu a8s m‘_ [275] . Mineral absorption 4 @ @@
M et | NF-kappa B signaling pathway 1 S &&S
a s el One carbon pool by folate - *
Foss v Loy Oocyte meiosis | &
L ol Pathogenic Escherichia coli infection 4 & ]
- A z L Phosphatidylinositol signaling seseorm 1 @ |+
L i — osphatidylinositol signaling system -
T conatien U congien ? Platelet sttivation | &+
(d) Progesterone-mediated oocyte maturation 4 ¢ ¢
Basal (High: 95, Low: 95} Her2 (High: 75, Low: 75} Luminal (High: 426. Low: 425) Protein digestion and absorption L]
et = o A Relaxin signaling pathway <&
— D5C2 Low Rheumatoid arthriti *
o8 o8
plurij 2.5
o6 oe ||-| er 4
qnsfing pathway 1 S S@880 w
as as Thl and Th2 cel differentiation 1-& & 0.0 W
Type | diabetes mellitus 4 L
- ol Wiral protein interaction with cytokine and cytokine receptor 4 S888 25
g0 L BHae = 8185460002 Y- pvalue = 3.9208544.03 ; ﬁ—mgg
Y g VR B e R ® GSEA performed with fﬁ;sz
) ) ) DEGs obtained using g'ge'dy
(a) DSC2-DSG?2 interaction strength (single-cell RNA-seq datasets) “Normal” as reference ﬂ';'.t"EH
(b) DSC2, DSG2 gene expressions (single-cell RNA-seq datasets) E“‘;gE
(c) DSC2, DSG2 gene expressions (METABRIC dataset) Eam
(d) Survival differences of high/low DSC2 breast cancer patients (METABRIC dataset)

MLBI Lab: Single-cell RNA-seq data analysis for marker discovery KSBi-BIML 2025 22

-11 -




Study summary

O Through integrative analysis, we could find unique TNBC markers not
only for tumor cells but also for various TME components, including
fibroblasts and macrophages.

U Specifically, twelve marker genes, including DSC2 and CDKN2A, were
identified for TNBC tumor cells.

O The overexpression of DSC2 in TNBC and its prognostic power were
verified by using METABRIC, a bulk RNA-seq dataset with clinical info.

U These findings not only corroborate previous hypotheses but also lay the
foundation for a new structural understanding of TNBC, as revealed
through our single-cell analysis workflow.

MLBI Lab: Single-cell RNA-seq data analysis for marker discovery KSBi-BIML 2025
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Example study 2:
A study on auto-immune disease
(ulcerative colitis)

® Integrative analysis of single-cell RNA-seq and gut microbiome
metabarcoding data elucidates macrophage dysfunction in mice with
DSS-induced ulcerative colitis, Communications Biology, June 2024

® Colon-Targeted eNAMPT-Specific Peptide Systems for Treatment of
DSS-Induced Acute and Chronic Colitis in Mouse, Antioxidants, Nov. 22
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Background

U Objectives

O Ulcerative colitis (UC) is a significant inflammatory bowel disease
caused by an abnormal immune reaction.

QO There are still gaps in our understanding in what immune changes
contribute to the chronic inflammation.

O Our research aims to address this gap by analyzing single-cell RNA-
seq datasets for human UC patients and DSS-induced UC mice.

W Human datasets

O SCP259 consisting of 360,000 cells from healthy, inflamed, and non-
inflamed colonic tissues

MLBI Lab: Single-cell RNA-seq data analysis for marker discovery KSBi-BIML 2025 25

Experiment & Analysis Overview

— Sample preparation (DSS-induced UC mice)
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Macrophage dysfunction in ulcerative colitis

SCP259 HICAT DEG GSA (KEGG) Gene set analysis result

GSE264408 per cell-type per cell-type for macrophage
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Macrophage dysfunction in chronic ulcerative colitis

SCP259 i Cell-cell interaction
GSE264408 pICAT A signature in AC and CC
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Macrophage dysfunction in chronic ulcerative colitis
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Study summary

4 Elucidated macrophage dysfunction and alternative polarization in

UC patients and DSS-induced UC mice

4 Identified a specific ligand-receptor interaction (eNAMPT-NOX2
complex) that may cause chronic activation of NLRP3

inflammasome

4 Blockade of eNAMPT-NOX2 complex may alleviate colitis
A Similar approach can be applied to other autoimmune diseases to

discover possible drug-targets

MLBI Lab: Single-cell RNA-seq data analysis for marker discovery
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Contents & Resources

U Contents
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Automatic cell-type annotation using HiCAT

® Hierarchical cell-type identifier accurately distinguishes immune-cell
subtypes enabling precise profiling of tissue microenvironment with
single-cell RNA-sequencing, Briefings in bioinformatics, March 23

® MarkerCount: A stable, count-based cell type identifier for single-cell
RNA-seq experiments, Comput. & Struct. Biotech. Journal, June 22

BRIC Webinar:
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https://github.com/combio-dku/scoda_explorer/blob/main/Workshop/SCODA_worshop_2501.md

HICAT: features

Marker-based: utilizes known
sets of cell type markers

Hierarchical annotation: using
3-level taxonomy tree to
successively annotate major type,
minor type, and subset

Using binary information (either
expressed or not)

it applies Gene Set Analysis
(hyper-geometric function) for
cell type scoring

It can be used in both python
and R environment

a. —
CI Pcas
A Gene clustering G Annotations
(o] x1n) v Major/Minor/Subset
] e x2n| p| Major type (maijor 1)(minor 1)(subset 1)
8l g »| identification major 1| minor 2 subset 2|
: : : (per cluster) > K]
N A my and unknown
r:]lg(sztlirn major 2)(minor 3 Jlsubset 5|
B
H
Taxonomy tree E| m ¢ l g :
& subset » Minor type » Score summaries
TERRES identification
(TSV file)
— Subset
T identification
b. Major  Minor Subset
type type
) \ Naive T, Tfh, Th1, Th2,
(T CD4 Th9, Th17, Th22, Treg
“ CD8 —— CD8
] ILC Lti,ILC1,ILC2,ILC3,ILCreg
o NK NK
S Breg, Follicular,
g B B memory, MZ
- Plasma — Plasma
M Mono —— Mono 3-level
E Mac M1, M2 taxonomy
DC Classical, tree
o U Mast Plasmacytoid,
S [ Epithelial Inflammatory
Ew .
Eg Fibroblast Minor type, subset
T O . i ype, su
S Endothelial not defined
Z L Smooth muscle
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HiCAT: building blocks and procedure
¢. Building blocks d. Processing steps
Gene
| A. PCA & Clustering o o o o ]
by, = 1if x, = 0 or 0 otherwise T -11 11 - ..... —\
B. Count markers, oy m Ty ens b Oli|i RO B B
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- D
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Use EM algorithm to obtain GMM
D. Use GMM to correct Sef_ (x;forfm mﬂ_oz(:”_ £.) E
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Gene expressions in single-cell RNA-seq data

U Protein expression versus RNA celtype _minor

expression _ b

O As you see, not all CD4+ T cells HE
express CD4 gene x| *g AT

QO Then, are they not really CD4 T cells? . -

O Different from protein, RNA is cosa
unstable so that its expression is :
transient > Even if protein exist, its E = i %
RNA maybe not. 2 =R

O Single-cell RNA-seq necessarily ;
undergoes random sampling from a iy —
pool of RNAs from many cells

QO CD4 RNAs not selected for some T 3  avioes
cells may result in the zero 5 w3
expression of CD4 gene in those ot
CD4+ T cells
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Hi
iICAT: marker DB
.
O HIiCAT marker DB specifies only subset markers
O Major(or minor) type markers = the union of the markers for the subsets
belonging to that major(or minor) cell type
tissue  cell_type major cell type miner  cell_type subset exp  markers

Immune T cell T cell CD& T cell (Th22) pos CD30D CD3ECD3G C04 AHR.BATF CCR10,CCRA, CCRG ILGR,STATS, TGFERZ. THFRSF1A
Immune T cell T cell CDd+ T cell (Th22) neg CD14,C018,COB8A CDBB SELLILTR KLRB1
Immune T cell T cell CD&+ T cell (Th22) s8¢ CCL7.CCL15,FGF1,FGF2 FGF3,FGF4,FGF5.FGFe,FGF T FGFB FGF9
Immune T ecell T cell CD&+ T cell (Treg) pos CD3D.CD3ECD3G.C04.CO5,CTLAL ENTPD1 FOXP3, IKZF2IL10,ILZRA ITGAE |IZUMO1R, LAGS, LAP3.LGALS1.LRRC22 NR
Immune T cell T cell CD&+ T cell {Treg) neg COD14C015,C088 COEE
Immune T eell T cell CD&v T cell (Treg) sec IL10,LGALS1, TGFB1,TGFB2, TGFB3,EBI3, IL12A
Immune T cell T eall CDL+ T cell (Nave) pos CO3D.CD3ECD3G,C04,CORT SELLILTR LEF1
Immune T cell T cell CD&+ T cell (Naive) neg CD14,C015,COBA,CDBB,CDEY, ILZRA KLRG1
Immune T cell T cell CDB+ T cell (Cytotexic) pos CD3D,CD3ECD3G,CDBA CDBE,GIMB,GZMK ZNF6E3, IFNG,LAGS ZFP36
Immune T cell T cell CDE+ T cell (Cytotoxic) neg CDI4.CD18.C04
Immune_g T cell T cell gamma-del T cell gamma-delta pos ADGRG1.ASPM AURKB,BIRCS CCLS,CCMB1,CD247 CDT7.CENPACENPF.CLICS CST7 CTSW,.FGFEPZ.GNLY GZMAGZME,
Immune T cell MK cell NE cell pos. MCAM1,KLRD1ILZRE.FCGR3AKIRIDX1,KIR3DL1 KIRIDLZ KIR3DL3, KLRCT.KLRK1 MCR3 NCR2. MCR1,KLRF1, TEX21.EON
Immune T eell NK eell NK eell neg CD3D,CD3ECD3GILTR
Immune T cell NE cell NE cell sec GZMB,IFMG,PRF1
Imrmune  Myeloid cell Macrophage cammon pos CD80,CO86,CCRE,ITGAM,ITGAX,CD14 FUT4, CDE8,CD163 ADGRET, FCGR 1A FCGR1B,FCGR2A FCGR2B,FCGR3A FCGR3A
Immune Myeloid cell Macrophage Macrophage (M1)  pos PTGS2,MNOS2, IRFS STAT1,COR0,C086,C036,C0EE FOGR2A FCGRIA IFNGR IFNGR2, HLA-DMA HLA-DMB, HLA-DOA H
Immune  Myeloid cell Macrophage Macrophage (M1} sec CCL2,C0L3,CCL4,CCL5, CCL8,CCL11,CCL15,CCL19,CCL20,CONCLY, CXCL2, CXCL3, CXCLSE, CXCLB, ONCLY.CXCL10.CXCL11,C
Immune  Myeloid cell Macrophage Macrophage (M24) pos IRF4,STATE PPARG,CD163,CD200,CLECT0A,CXCRT CNCR2,CO209,CLECTA FCERTA IL1R2 ILAR,MRC1, HLA-DMA, HLA-D
Immune Myeloid cell Macrophage Macrophage (M2A)  sec CCL1,.COL2.CCOL14,CCL17.CCL18.CCL22 CCL23,CCL24,CCL26, FIZTILTRNILT0.ILT 2AIL128 TGFB1 TGFB2. TGFB3
Imrmune  Myeloid cell Macrophage Macrophage (M2B) pos PTGS52.IRF4,50C53 SPHK 1, SPHK2,.CD85,ILAR HLA-DMAHLA-DMB HLA-DOA HLA-DOB. HLA-DPA1, HLA-DPE1 HLA-DY
Immune Myeloid cell Macrophage Macrophage (M28)  sec CCLY.COL20,CXCLY, CXCL2 CXCL3 CSF3.CSFLILIB.ILG.IL10.TNF
Imrmune  Myeloid cell Macrophage Macrophage (M2C)  pos IRF4,50C53,TLRE,CCR2 SLAMF1,CD163, ILAR MRC1,MSR1.SCARB1,TLR1
Immune  Myelaid cell Macrophage Macrophage (M2C)  sec CCL16CCLIS,CXCLT 3IL10,TGFB1 TGFR2 TGFRS
Immune  Myelaid csll Macrophage Macrophage (M2D) pos NOS2
Immune  Myeloid cell Macrophage Macrophage (M2D)  sec CCL5,CXCLI0,CXCLIE, IL10,ILT 24, IL1 28, TNE VEGFA VEGFE, VEGFC, VEGFD
Immune_xMyelcid cell Monocyte Monocyte s8C CCL3,CXCL10,IL1B, TNF
Immune_xMyeloid cell M M pos ITGAM,CD14,CD163,CCR2,CCR5,C3CR1 CSFIR SELL HLA-DRA HLA-DRB1,HLA-DRBS, HLA-DRE3, HLA-DRB4,FCN 1,51
Obtained from

MLBI Lab: Single-cell RNA-seq data analysis for marker discovery KSBi-BIML 2025 38
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https://www.rndsystems.com/resources/cell-markers

Subset marker expression under HICAT annotation
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InferPloidy: a fast and accurate ploidy
inference tool for tumor micro-
environment study

(Unpublished, on going research)

Background

U Previous works

QO InferCNV (2017) (CNV estimation only)
O CopyKat (2021) (CNV estimation + tumor cell classification)
O SCEVAN (2023) (CNV estimation + tumor cell classification)

U Motivation & Objective

O Existing tools take too much time (It takes hours to get the result even
for small-sized dataset with a few tens of thousand cells)

O Computation time and memory requirement do not scale well with the
size of datasets

O We tried to develop a much faster and more accurate ploidy inference
tool that runs on top of InferCNV.

MLBI Lab: Single-cell RNA-seq data analysis for marker discovery KSBi-BIML 2025
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InferPloidy

Brief processing steps

1. Utilizes Cell type annotation (HiCAT)
for selection of normal reference
cells

. CNV estimation using InferCNV

. Clustering of CNVs using Louvain

algorithm to build cluster adjacency

graph (CAG)

Search graph to test reachability

from normal reference clusters

. Cells in unreachable clusters used
as tumor reference cells

. Gaussian Mixture model is used for
profiling of CNVs of normal and
tumor reference cells

. Likelihood ratio is used to make

ploidy decision (diploid or aneuploid)

Iterative refinement of CNV profiles

(do step 4-7 several times)

Preprocessing a. P oy -
% Ll .. o’
Cell-by-gene T, B, Myelold, Fis Ve i | S umar
count matrix are used as ¥ s, a of gene-
normal reference - e expression
a. Perform Cell type for CNV estimation ry matris
annotation {HICAT] for b Copy Number Vasiation estimates
selection of initial otk a5
normal reference = G- = |
3 = =9 {a.00
s i ® -
b. Estimate CNV with 2 s 0.25
the normal ref = T ' fenombz spat AR
lusters witl uster adjacency grapl s
(InferChVoy) > 25% of
noemal cells 0 f o
InferPloidy considered as [
normal ref, -
o di " dusters oy
and clustering of CNV c 2
{Louvain algarithm) £ B &5
10 build cluster 5 N
adjacency graph (CAG) S
Divide clustars into e 2
- normal rel., ¥ 4, Lo a
reachable from . :
dfe. Search CAG to normal ref §7 [ ot in unreschab
group clusters inta Wieeaiiable from clusters are chosen
normal refi normal ref, Ko unasd | s initial tumor ref. [ S
w:chable, and o e. Copy Munber Variation estimates
unreachable {tumor ref) T e TR o =
val B

. Use Gaussian mixture

models (GMM} for CNV Chumor Rer: ¥ s <

profiling of normal and GCeromic spot

tumor reference f. Gaussisn mixture madeling of CNY for TUMOR Ret
prreT iI Wit Lt
s for | ¥ e
2. Make T/N decision normal & Gyzsian mixture medeling of CNV for KORMAL Rat
by log-likelinood ratio
and updaw T/N ref,

Upper and lower decision
threshold used to update
tumar/narmal reterance

Iterative refinement
|.e., re-estimation and
re-classification
{do d - g several times)

Tumor/Normal decision
and GMM parameters
are recursively updated

Genomic spot
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CNV estimates & inferred ploidy
InferCNVpy + InferPloidy
g prgeereeffioEETiE O Dataset: GSE131907
el : | ? QO Non-small cell lung cancer
"Bb (Diploia) / i 1 QO 26 samples,
arepem—] £ ! ’(:rl')enf;'rzg CNV) O 3 conditions (distant normal,
i 1 early tumor, adv tumor),
N i (Diploid) ) . .
- Tf:::p:ojl e e Q containing 100K cells,
:
c Diploid O except for lymph node samples
R—— ! (normal CNV) 03 (to reduce running time)
Q
> collected 1200 cells randomly
] | from each sample
g > analyzed ~36K cells
S U Utilizing the annotated cell type,
Tl oAy | 0z U we used T/B/myeloid cells and
§ | fibroblasts as normal reference
; for InferCNV, CopyKat, and
1 -0.2
Unclear & ‘ SCEVAN
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A comparison with other tools

Cells grouped by (ploidy, condition) pair

di Major celltype
= Remarks
Tumor{adv) 3.1 —_— =
®  Tumor(esry) /,." SRS
3 % 3 %" 1O Normal cell region roughly
g g : wng el
: 2 : oot - corresponds to the clusters
* & X o T with high sample diversity
@ unassigned index
Py Hervwmapt e U While, tumor cell clusters
Normal reference indicator cnv_cluster tO that W|th IOW Sample
) diversity index
= O With CopyKat and
o o~ o .
i i 7 s SCEVAN, many cells in
| Y 5 3
3 g .4 normal reference were
x' x' x' e s . .
L decided as aneuploid,
which are certainly
Ty decision errors.
InferPloidy
o fomoiod ) U Running time for 36K
® e 7 selected cells
3 ¥ oo P § .
D & ¢ : O InferCNV + InferPloidy:
: %;‘.\ ~ : : 15 mins
L - i O SCEVAN: 14 hours
O CopyKat: 1.76 days
X_crw_umapl X_env_umapl X _env_umapl
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Aneuploids SCEVAN + InferPloidy
were detected | ool SEeasy
5 eveninnormal § 5 5556556 EEEEEES
Aneuploid samples ) i T\?‘eu[plgm IIA";:
aneuplol | g n Tumerfadyy 33l

Anzuploid
in tumor(ady;

Aneupiold
in Tumoriesry;

_ Diploid
in Norma

Dipslict
in lumariady}

¢ Dip/loid
in umeoniesry;

not.detinec

Aneupioid
in Tumnar (ac}

Aneupioid
in Turnor{esry)

Diplnid
in Norma

Diploig
In Tumaer(advy

Diplolc
in Tumenesry}

IO.)

|l ‘oo

I 0.z

filzerec
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Diglnic
in Norma

Diplolo
in Tumariady}

n Iumor"?;';ﬁ\lz
0.0
Unclear .
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Comparison (other datasets)

Accuracy and F1 score

GSE132465 Colorectal cancer dataset

Major celltype

sample

against publisher’s annotation
(excluding normal reference)

BRCA_GSE176078  HeadNeck GSE103322

X crw_umap?
X_crw_umap?

X_erw_umap2

X_crw_umapl

Normal reference indicator

14 | g1
a‘ 2
c
s 2%
. o
e Enco &
Totaic g an .
Epl .
fib NW 9:91}“ W 491.@
o Myeloid
e Tcel
WAD_GSELILB07*  Melanome_GSET2056
14 10q91s S27 913
-
"
a
S s as
o
£

X_crw_uman?

X_cnv_umap?

X_Cw_umap2

oo 0.0
(oo
Method Method

¥ crw_umapl

InferPloidy

0
L §
2
3
: ; BRCA GSE176078  HeadMeck GSE103322
10 22 104 93.3 0.8
75.2
Cos 05
oo a.a

X_crw_umap?
X_cnv_umap?

X_cnv_umap2

‘WDW éelﬁt N @Q.P‘ 4;,4}"‘

WAD GSE131907*

Malanome_GSET2056
po+

0.5

X_crw_umapl X cnv_umapl

op 0.0
T o
Method Method
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Aneuploids fraction in epithelial cells
GSE131907 (LUAD)
~ Data publisher's annotation No aneuploids in distant normal
Distant normal  Tumor(adw) Tumar(early)
L0 | M‘qu_ o Samples
s B B Mermal .
o = prnas Tumor samples contains both
d&%& idy i o «"'4"’ "'« . . . . .
ff@ﬂ“ﬁéﬁﬁﬁ@:f ﬁéﬁ@@ AR aneuploid and diploid epithelial
InferCNV + InferPloidy Ce"S'
Distant nermal Tumcrtadv) Turmoriearly)
S Some tumor samples do not
Wil I N it contain aneuploid cells
ﬁﬁ?ﬁ@&ﬁﬁ‘“ o f:ﬁsé::;“;i;ﬁ‘@;;ﬁ“‘ Probably, the diploid epithelial
c cells in tumor samples are
opyKat
. Distant normal ‘:Iumor(ad:.i_ Turnorlearly} benign
M ] l“" | =
S g S
SCEVAN
o Distant nermal lJur'm:;r(adg_ Turmoriearly)
20 4 1?} ill II 50 4 ii illll .ET:IUD::DM
ettt é‘”f”P el o Pl T
o S o
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Remarks

U Accurate annotation of cell type and identification of cancer cells
(aneuploid cells) are crucial for the down-stream analysis, including CCl,
DEG, and GSEA

O HIiCAT and InferPloidy are good choices for this purposes as they are
faster and more accurate

U Equipped with these tools, SCODA pipeline can be conveniently used
for the analysis of your single-cell RNA-seq data, specifically for tissue
or tumor microenvironment study

0 SCODA-viz package and Jupyter notebook with example codes are
freely available for visualization and your own data mining

MLBI Lab: Single-cell RNA-seq data analysis for marker discovery KSBi-BIML 2025 49

Features in SCODA DEG analysis

- 25 -



DEG analysis in SCODA

U Tool: SCANPY ( )
U We are interested in condition-specific DEGs for each cell type
U To avoid sample bias, need to collect cells as evenly among samples as

possible, but keeping the total number not too small

1]
E Condition A
g - Condition A
©
: e [N
;| . o .
DEG results 1 2 3 45 6 1 2 3 45 6
) . from each .
can be biased Sample index | Sample index
toward a few sample DEG results
samples % Condition B N won t be
S Condition B biased
@
o
s —)
5 W8 Random m
* 2 3 45 Sampling 2 3 45
Sample index Sample index
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DEG analysis in SCODA

U Traditional DEG

_ exp(m)_l"'lo_lo
O log(FC) = 10g<exp(m)-1+10-10

O Statistical test (e.g., t-test) performed assuming log(1 + X) are normally distributed.

O This assumption is reasonable for bulk RNA-seq data

) Selected Epi markers
DEG result on Epithelial cells (HER2+ vs. others)

ER+_vs_others (ER+: 986, others: 1800)

log2_FC pval pval_adj mean_test mean_ref nz_pct_test nz_pct_ref [nz_pct score E
GRB7 4119 1.778934e-159 1.912710e-155  1.642534 Q.215023 0.791771  0.184584 O.e45622 S
ERBB2 4850 1474336e-304 1.585206e-300 2294488 06427124 0347621 0452333 0.518987
PGAP3 3.558  7.189960e-20  7.709141e-86  0.800374 0.0%%082 0.559850  0.099391 0.504208
CDK12 2961 5.515046e-105 5.929778e-101 14687331 0256722 0706982 0302221 0493210 ]
MED1 3118 3.31795%e-84  3.567470e-80  1.071363 0.199694 0.568579  0.189655 0.460745 -E
o'
MUC5B  -32.504  1.53545%e-21  1.746585e-17  0.000000 0475714 0.000000 0.216024 0.000000
RPL41 0427 241818%e-19 2.600037e-15 6469674 6.173894 1.000000 1.000000 0.000000 a8
RPLP1 -0492 3.091337e-20 3516396e-16  6.218880 6552067 1.000000  1.000000 0.000000 %. =
RPL30 -0.633 3.142378e-26  3.574455e-22 5062849 5499375 1.000000 1.000000 0.000000 :‘
RPS27  -0.287 6.5937837e-07 7.960107e-03 5575539 5.773541 1.000000  1.000000 0.000000 5 5 e B
MLBI Lab: Single-cell RNA-seq data analysis for marker discovery KSBi-BIML 2025
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DEG in single-cell RNA-seq data

0 What's different from bulk RNA-seq data

Q

o

MLBI Lab: Single-cell RNA-seq data analysis for marker discovery

In bulk, gene expressions can be roughly
approximated as normal random variable
So that t-test (or other test) gives us good
insight into the ‘relative’ difference in gene
expressions

In single-cell RNA-seq data, many cells
have ‘zero-expression’.

If we include zero-expression cells when
computing mean and SD, the fold
changes and the statistical test (p-value)
under the normality assumption may be
meaningless.

Then, do we have to exclude them?

(I don’t think so)

Gene expression in bulk RNA-seq data
14 4

A

Luminal Normal
subtype

ESR1

Her2

Gene expression in single-cell RNA-seq data
4

L1l

HEF;2+ Ncrlrna\
ESR1 expression in Epithelial cells

T
TNBC
condition

KSBi-BIML 2025
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DEG in single-cell RNA-seq data

U Zero-expression cells in single-cell
RNA-seq data

O

o
o

MLBI Lab: Single-cell RNA-seq data analysis for marker discovery

As you see, not all CD4+ T cells
express CD4 gene

Then, are they not really CD4 T cells?

Different from protein, RNA is
unstable so that its expression is
transient - Even if protein exist, its
RNA maybe not.

Single-cell RNA-seq necessarily
undergoes random sampling from a
pool of RNAs from many cells

CD4 RNAs not selected for some T
cells may result in the zero

expression of CD4 gene in those
CD4+ T cells

X_uma|

X_uma|

X_umap2

p2

celltype_minor

eiC

L2

X_umap2

TCDa+
eTCD8+

X_umapl
CD8A

w
p2

N
X_uma|

X_umapl X_umapl

sample

p2

® Q03921
®QaD3948
3 | ® QD466
Q4067
ap4s1s
aD453s
aps4971
® QD44991
®QaD45171

X_umapl
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Marker discovery in SCODA

Q

re_pct_score

Need to distinguish “differential marker” from the “marker” in its original
meaning, i.e., it is expressed only in a certain group of cells, but not (or
at least ‘seldom’) elsewhere.

Marker discovery in SCODA

O Use DEG results. But not the log fold changes.
O Marker score = nz_pct_score = nz_pct_test x (1 — nz_pct_ref)

ER+_vs_others (ER+: 986, others: 1800}

&

Epithelial cell
| ERr WERL+
Eix

ormal THBE

-

i u
E:'.;.. ! Diplsid HERZ + HERZ-MAO176 Jo . GO0 85085 - 4
=T Eaplokd . .

. Si BN+ ERMHOISL BSOS s s s 8o s
SauaREE! g Diploid ER+ ER-MHO029-7C . . . - . . -0
3 §§_ Diplold BR+ EA-MHOLTI-T 4o o 8 & - - . “e
s Diploid ER+ ER-MHOL14-T3 Jo 8 1 LT . .
Diploid THEC TH-B1-MH0131

mOss

o H ® 15 3 =

THIBC TH-B1-MH0131
THBC TN-B1-Tum0554
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DEG analysis in SCODA
U Two options for DEG
O One versus (all) others
O One versus the reference (condition)
QO (They are the same if there are only two conditions to compare)
0 SCODA perform DEG in one-versus-the-rest
U If you can specify one of the conditions as DEG reference, it gives DEG
result with one-versus-the reference as well
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