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FNR CORE Project and Project Proposals:

DEMICS — DIOMEDES + MEDEA
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Enrichment analysis:
linking components to biological
processes and cel types

Diagnostics:
using machine learning
toois (e.g. random
forest) to predict classes
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Prognostics:
using Cox regressionto
predict patient survival
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E”d:;*l‘:"a' | ( Normal colle Levels of Heterogeneity
AN U;; Experimental data (RNA-seq) P:
Technical Sample Clonal evolution
heterogeneity composition in cancer

@
.
MNatrajanR., eta

http://abrf.masonlab.net/ PLCS[‘HE‘E"C'I’.{E.ZC'_ N ' e a ‘ ‘ 0 ‘ &

https:/ v pa

» Technical heterogeneity
» Native heterogeneity of biological tissues
> Inter/intra tumor heterogeneity due to clonal evolution

Hanahan D, Weinberg RA. Cell 2011, 144, 646-74
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Cocktail Party Problem

Mixed transcriptomes are
similar mixed audio signals in
a "cocktail party problem"

ICA: extracts statistically
independent signals

Independent
Component
Analysis

2021-05-07 LIH Pl Meeting 5
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PCA ICA NMF
g |deterministic . ;' s |stochastic g | stochastic s
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\
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0 20 40 60 80 0 20 40 80 80
+ deterministic & fast + correlates with biology + semi-unsupervised
+any number of samples + unsupervised (agnostic) + easy to interpret
+ unsupervised + quite stable — stochastic
— often biological factors are — stochastic — unstable
presented by a sum of several — needs a lot of samples
components — positive and negative values

— positive and negative values

Sompairac, Nazaroy, el al, Int J Mol Sci, 2019 (link)
Cantini el al, Bioinformatics, 2019 (link)

2021-05-07 LIH Pl Meeting 6



https://www.mdpi.com/1422-0067/20/18/4414/htm
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6821374/
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Joined Expression Data Independent Signals Weights M in
g ;. (DN i
3| L et oy & Diagnostics: patient groups
= of e 51 : using machine learning 1
(ljscovery L ks tools to predict classes o |
AL S B of the samples = M
(TCGA) i | - 5
ey Hie s 2 ﬁ
il n n T Weights 1
, R il 4 i %) T :
: E : : S : § patient groups
. tnmo HIGA) | Pk [ X] 2 -
oy e ' i ; 3 §
U samples s,
‘ : G _ - i=k g
: s multiple RS Z R2H.M* e
' @ e oruns |G : = My R
g Mo (e Prognostics: <::| g c ' b S T T
S 2 - 1 : . . =1 Survival time (years)
Investigation ; S - using Cox regression &
dataset G e combine weights into a
(new patients) Ranaaa e = risk score RS; to patient Genes, contributing
samples components survival to one component
4 ; *
Nazarow et al. BUC Medical Genomics  (2019) 12132 c N N M
hitps/doirg/10.1186/512920-019-0578-4 BMC Medical Genomics ; : o \\\ | _
Functional annotation: = S /
linking components to biological <::| g —
Deconvolution of transcriptomes and @w processes and cell types 5
miRNomes by independent component ©
analysis provides insights into biological
&'g;f;sfaaggﬂﬂ:;'sca' aiiEomes of conslCA:  Nazarov et al BMC Medical Genomics, 2019 (link) genes (ordered)
- —" ICA review: Sompairac, Nazarov, el al IntJ Mol Sci, 2019 (link)
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https://bmcmedgenomics.biomedcentral.com/articles/10.1186/s12920-019-0578-4
https://www.mdpi.com/1422-0067/20/18/4414/htm

L | g
Melanoma L | b
Reference dataset Biological Cluster
large public dataset knowledge: Accuracy Actual cluster
(TCGA) R ?!‘d 90.0% |immune keratine MITF-low
sample composition -
‘ immune 160 9 6

In\:;st:g::.ed Potential Cross-validation on keratine 2 21 o
L » ICA » diagnostics: h h MITF-low 1 2 47
(new clinical the same cohort
+

sample classification

Samp|eS ) A Discovery cohort B Validation cohort
P-value (log-rank)= 5.6e-16 P-value (log-rank) = 1.3e-03
Machine Potential LHR= 0.2-95(’CI =z).37, 0.61) LHR= 0.(879(CI =)0.28‘ 1.45)
learning, Cox prognostics:
regression hazard score ‘

o

] — patient index

°

Survival probability
Survival probability

i=k | — component index o -
RS = E R2p. M. | R?%—stability of i-th component (from 0 to 1) ; )
i l l l' . . . [] 5 m_ 1.5 20 25 30 0 5 . 10 15
g = J H; — Cox’ log hazard ratio calculated on training set Survival time (years) Survival tjhe (years)

M*i,j — element of centered & scaled M-matrix Independent cohort

different platform

Collaboration with Dr S. Kreis (UL) » In addition to diagnostics and prognostics, ICA allowed ranking

Nazarov et al, BMC Medical patients based on activity of biological processes: cell cycle,
Genomics, 2019 (link) signals of leukocytes, etc.
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Deciphering biological processes and cell types

2021-05-07

Compo{ Risk ) 2122|1213
| M o |la ||z |w
Cluster| nent | (pvalue) eaning |5 |e § %
decreased
RIC2 (1.8e-4) B cells
Ric25 [decreased | oy
(2.8e-7)
§ RIC27 | no effect |B cells
g RIC28 | no effect |response to wounding
- RIC37 | no effect |IFN signalling pathway
RIC57 | no effect |monocytes
decreased
MIC20 (1.26-4) T cells, chr1g32.2
RIC13 | no effect |cells of stroma
e}
S 2 | RIC49 | no effect |endothelial cells
—- O
< D miR-379/miR-410 cluster
(=} B
S ) MIC22 | no effect chr14q32.2,14g32.31 0.29]0.20|0.27
n s stromal cells; clusters: chrlq24.3
MIC25 ffect ! !
N0 eMeCt 15q32, 17p13.1, 219211
RICS increased |epidermis development and
(5.8e-3) [keratinisation
- RIC7 increased epldgrrpls Fievelopment and
Qo (8.9e-6) [keratinisation
% increased |epidermis development and
2 RIC19 -
< (4.0e-2) [Kkeratinisation
% increased |epidermis development and
RIC31 R
(2.2e-2) |keratinisation
MIC9 "'Egge):_sze)d skin-specific miRNAs
RIC4 "Eg.riz_s;)d melanin biosynthesis
8 decreased
‘é RIC16 (5.10-4) melanosomes (negative gene list)
2 - -
3 potential regulators of malignant
§ MIC11 | no effect cells, chrXq27.3
MIC14 decreased |potential regulators of
(1.5e-2) |melanocytes, chrXg26.3
increased
RIC55 (3.06-2) cell cycle
5 - -
2 RIC6 decreased pptentlﬂlylllnked to neuron
o (5.5e-3) _|differentiation
increased
MIC1 (9.40-4) regulators of EMT

ESTIMATE
nature —< S

COMMUNICATIO!

Article OPEN Published: 11 October 2013

Inferring tumour purity and stromal and
immune cell admixture from expression
data

Kosuke Yoshihara, Maria Shahmoradgoli, Enmanuel Martinez, Rahulsimham Vegesna, Hoon Kim,

Wandaliz Torres-Garcia, Victor Trevifio, Hui Shen, Peter W. Laird, Douglas A. Levine, Scott L, Carter,

Gad Getz, Katherine Stemke-Hale, Gordon B. Mills & Roel G.W. Verhaak =

Nature Communications 4, Article number: 2612 (2013)  Download Citation Iy

=

Stromal_score

Immune_score

[
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L2001

2o
101
68101

r2=0.557

r2=0.916

Immune_score
Stromal_score

Weights of RIC25 Weights of RIC13

Data integration: mRNA + miRNA + ...

B

RIC13.
R‘C57Rms mgg RIC49
RIC79 e < —
RIC2
RIC25
RIC27
RIC74 128
1C37 M
Yo
MIC2 =4 M
] [ — | [E— |
0 05 1 0 05 1 0 035 07
MIC20
RIC27
RIC57
RIC79
Survival Rie23 Immune  oog
Signal
RIC74 RIC2 RIC37

< New samples are mapped to the space defined by reference data.
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Pancreatic cancers: ICA results of mRNA expression data from DKFZ cohort Prognostic markers between 2 cohorts
(a) o= e-40 (b) - (C) o et 354 DKFZ (training) pv = 3.16e-21 Bailey (testing) pv = 8.47e-04
”. 7 Training dataset 7 Testing dataset
o 1 AR M TRE - N
ol - 3 S BE z z
S - = g
2 =] 3 {4ateeme -
g | 2 I g a 04 o H 04
o cror N Y rer ar T rhi-st.normall panltumorsl 1 L
10%  50% 90% 10%  50%  90% 10%  50%  90% bl o e
Normal tissue fraction Inflammation fraction Tumor fraction 2522z 320" 00 ‘ ‘ , ‘ el , ‘ ‘
(only cancers were annotated) z =g o 1000 2000 200 4000 5000 ° 500 1000 1500
N - healthy pancreas (41 samples) ] Sunvat e, das Ee—
N.P - histologically normal pancreas from patients with pancreatitis (15) ] Acc:0.83 N | nNeDAC] P PDAC
N.PDAC, N.TC, N.TE, N.TO - tumor-adjacent tissues (30+22+2+11) ] low cc pred.N 32 2.6 18 2
P - pancreatitis (59) -h‘ ) pred.N.PDAC 0.6 1.7 2 1.6
— i fhigh cc pred.P 4.7 17.3 51.8 5.4
PDAC — pancreas ductal adenocarcinomas (195) ored.PDAC Y a4 v 5

TC — cystic tumors (24)
TE — neuroendocrine tumors (18)
TO — other tumors (31)

GERMAN
z CANCER RESEARCH CENTER
. IN THE HELMHOLTZ ASSOCIATION

Components identified by ICA were annotated by biological functions
(GO) and linked to survival using Cox regression. e s e 0000080 7
Increased risk: No effect: Reduced risk:
+ keratinization + immune response « secretion activity (normal) ' ’ Research for a Life without Cancer - X
* cell cycle = gender + digestion . . %
« response to hypoxia = axon development + antigen binding A H 4 -
- neoangiogenesis | " — - Aliaksandra  »  Prof. Jérg Hoheisel A
+ activation of ERK- nlike in melanoma, no direct link was foun . > Dr. Andrea Bauer - ‘
signaling between immune response and survival: perhaps Kakoichankava 3 X A
due to a dual / antinomic effect. (MD student) » PD Dr. med. Nathalia Giese

2021-05-07 LIH Pl Meeting 10
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Cross-cohort prognosis

Gliomas in TCGA: (e) ESTIMATE score and ICA (mRNA) CGGA cohort pv=3.413e.18
(a) mRNA data (b) methylation data (c) deconvolved mRNA data w8 * IDiimitcadel R=0.897 , - °° Eh — Predicted low HS
S & | IDHmut-non-codel ° o — Predicted high HS
@ IDHwt 8 * na o T © |
A 4 ©
g w g é 5 24
R *}& © IDHmut- g g °
g | " non-codel £ a pa
© .. 2
% % @ IDHmut- E « |
b codel s § |
= o o |
T T T 7 T T o n/a m e © T T T T
tSNE dlmen5|on 1 tSNE dimension 1 tSNE dimension 1 § 1 % 0 2 40 60 80
& T T T Time
06 04 -0.2 0.0 0.2 ..
(d) Histopathological differences ' IC: immune response > Training data - TCGA
IDHwt IDHmMut-non-codel IDHmut-codel Testing data - CGGA
(f) Cell cycle component (mRNA)
Subtype Grade - Survival
(pv=2e-44) (pv=1e-78) (LHR=4.8, pv=2e-34)
2 _ ] 10 —
[S) 08 —
> - ?
o 0.6 —
?J - - 04 —
(8]
é': 02 =
Ol 7 | 00 —
—— T T T 1
52 3% 3 \Y = 8 8 B §
° £? 2
a S5
fd
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GBM Cell Lines | B
Reference dataset Technical/trivial components:
530 GBM patients gender and platforms
(TCGA)
/_ = |
Investigated dataset ‘ Biological e
58 samples: knowledge: o

cell lines, xenografts &

: : » ICA » bio-processes 2l
patient tissues ) S san_lple é N
composition o ©
° ?_?:!“;«e
» We were able to map in-house cell line data onto TCGA dataset (GBM) s oo gy ;“
' e

> Some components captured technical factors = 008 0 e (% 0

Gend
(and thus clean other components from them) i
» Other — relevant biological information: cell cycle, cell migration, presence of stromal and
immune cells. We were able to predict phenotype of cell lines using their transcriptomes.

2021-05-07 LIH Pl Meeting 12
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ICA correctly predicts sample composition & phenotype

NCH644 . 14 .
S — U87, U251 Abglogenic "0- NCH601 » ICA deconvolution
B 1 nomal brain Classical cell lines __ ctem-like CL | Migrating is reasonable and
g_ = :goox stem-like CL
stem-like CL 1 H
g 5 sl o) - el predicts phenotypic
o _ " : classical CL (xeno) o em-like LL o i
2/; . Fetinilometamel k'Jehawor of cell
e ol o - lines
£ vod ©.08 @ ® = © i |
- 4 ,‘f% $ S % o8 o [ 0
N -\ Y R "
SR A A ;  °m » Tumor cells show
o 1“" - u o w0 g & oo o ) . oy .
A 18 - g - 3o Cotelpe 1o Bty Aum. " m higher mobility in
Zd eyt y GULRT ol o
< A 3 boor, ARSI, 3 xenografts
e é g @ ¥ s 9
= @ ® '.
S e g o° 8 oo
o | gule . — o B ESTIMATE was confused
L ; n normal brain . .
! ! ! J g n = g?)tg;t Tirgor - Stromal Score
-0.1 00 o..1 . 02 ' I:{z::::g&tm) . W Il ||“|"..|| il . .
Activity of neurons M classical CL % ; I " ““ll“'” I
Acta Neuropathologica (2020) 140:919-949 classical G (xeno) i: 2 2828 gEzazs
https://doi.org/10.1007/500401-020-02226-7 I | | I I ’ 3 § i
ORIGINAL PAPER ) -0.05 0.00 . Immune Score
Patient-derived organoids and orthotopic xenografts of primary part Of' : | || | ||| " l | ‘ ’ ‘
and recurrent gliomas represent relevant patient avatars for precision : all] I

oncology Golebiewska A. et al, Acta Neuropathologica, 2020 (link)

Anna Golebiewska' - Ann-Christin Hau' - Anais Oudin' - Daniel Stieber'-2 . Yahaya A. Yabo'? - = Estimate Score
Virginie Baus' - Vanessa Barthelemy' - Eliane Klein' - Sébastien Bougnaud' - Olivier Keunen'* - May Wantz' - . | | | ‘

Fevcnea -t e e e masns. PNENOtYPE Of cell lines were predicted using
2021-05-07 LIH PI Meeting

Kamil Grzyb® . Andreas Mock'%""'213.. Christel Herold-Mende'® - Anne Steino*'* . Dennis Brown'*15 . |
Patrick May® - Hrvoje Miletic'®'” - Tathiane M. Malta'® - Houtan Noushmehr'® - Yong-Jun Kwon® - Winnie Jahn'®2° . 1 d d 1 1 1
Barbara Klink?*!92%21 . Georgette Tanner?? - Lucy F. Stead?? - Michel Mittelbronn®"? . Alexander Skupin® - u n S u p e rVI S e e CO nvo | u t I O n Of t h e I r t ra n SC rl pto m e s .

Frank Hertel®* . Rolf Bjerkvig"'® - Simone P. Niclou™'8®



https://link.springer.com/article/10.1007/s00401-020-02226-7
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GLIOTRAIN
152 samples, IDHwt only
= consICA identified relevant &

prognostic independent signals in
a "homogenous" IDHwt datasets,

IVY GAP
262 samples, 37 patients (~7 regions)
= conslCA characterize signals

overrepresented in different tumor
niches

2021-05-07

0e

068
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0.2

0.0

IC2 — activity of neurons

02 04 08

-086

1C22- B cell activation and phagocytosis

Cox regression:
GO (BP/CC/MF) m

logtest pv=T7.8e-04
LHR=2.42 (Cl =1.15, 3.70)

phagocytosis le-5
humoral immune le-5
response
B cell receptor signaling de-4
pathway
immunoglobulin 2e-9
complex

[ | [ [ [ immunoglobulin 6e-7

2 receptor binding

IC3 — angiogenesis

p\r:3,29-10 P\F=1.5B-15
_ .
[=]
pu— L B
(=]
7 = —
— o
i . é%
g
I =+
(=]
TTTTTTT ¢ =T TTT7T7TT
B§§§-§-tﬂ = o c - w
5556 CEEERETS
05 oo

08

086

04

0.2

0.0

06

0.4

0.2

-04 -02 00

logtest pv=5.8e-03
LHR=-4.84 (Cl = -8.29, -1.40)

1C39 — oxygen transport

Cox regression:
GO (BP/CC/MF) m

oxygen transport le-2
integral complex of 2e-2
plasma membrane

oxygen carrier 2e-3
activity

haptoglobin binding 6e-3

1T 1T 1 -
oxygen binding le-1

IC7 — inflammation

pv=2.3e=11
CT = Cellular tumor

CThbv = Hyperplastic
blood vessels

CTmvp =Microvascular
proliferation

Ctpan = Around necrosis

CTpnz = Perinecrotic zone

IT =Infiltraitng tumor

LE = Leading edge

CcT
CThiw =

Tmvp =
CTpan ==
CTpnz =

IT
LE

-
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Pan-cancer & Multi-omics -

TCGA Approach

The Cancer Genome Atlas —

Biological

. MRNA : A .
i )= >11k patients, 33 types of tumors data ICA S| x |I| s signals
— E //
Y'b'(",\zs‘ga"g + clinical data (age, gender, survival...) - o ., Survival
*  mRNA (10k samples, 20k features) mMiRNA ICA S XEEE(:’// analysis (Cox)
*  miRNA (> 9k samples, ~1k features) data — N —
* methylation (>9k samples, 450k features) ] RN Classification
AN RF
t-SNE Result : perplexity = 50 M et hy' E \\ ( )
lation ICA : : \ )
Zg: 3 > X 5 ‘W Integration
aon © neso e ' (correlation)
. o Here we used cons/CA with 100 components & 40 runs
e another example of ICA B scols ~ PROTOCOL
ces for methylation data: L Mose
w - w Reference-free deconvolution, visualization and
ser Teo Scherer M, Nazarov P, et interpretation of complex DNA methylation data
i al. Nature Protocols, using DecompPipeline, MeDeCom and FactorViz
2020 (link) VQEQEELIiﬁl';i'.%,::gﬁf:'v‘idi‘:iii%“cﬁ;.»s"tifhﬁiis A i e M Y st

[]
1-SNE Dimeansion 1
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https://www.biorxiv.org/content/10.1101/853150v2.full
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Pan-cancer: ICA Components 1 OFhE
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:
ICA Results: Cell Cycle Code [ Study N

ACC Adrenocortical carcinoma
BLCA  Bladder urothelial carcinoma
BRCA  Breast invasive carcinoma

R|C27: Mitotic Ce" cvcle c . CESC Cervical.sq. ce'II carcinoma and endocervical adenocarcinoma
OX regression: CHOL Cholangiocarcinoma
- _ LHIlicgf:ei?('é\;zaiﬁg,?.sa COAD Colon ac.Jenocarcinom?
04 T - - I DLBC Lymphoid neoplasm diffuse large b-cell lymphoma
ESCA  Esophageal carcinoma
‘ _ i == low GBM  Glioblastoma multiforme
0.2 o H = == high HNSC Head and neck squamous cell carcinoma
z ) : i ' H H 5 E B KICH  Kidney chromophobe
2 ' - H g KIRC Kidney renal clear cell carcinoma
£ 00 T o 7 KIRP  Kidney renal papillary cell carcinoma
s ; T e LAML Acute myeloid leukemia
g 1 1+ LCML  Chronic myelogenous leukemia
027 o C - LGG  Brainlower grade glioma
- oo P : S LIHC  Liver hepatocellular carcinoma
1 ' Co o Time LUAD Lung adenocarcinoma
047 : : ) ) LUSC  Lungsquamous cell carcinoma
-4 : P » MESO Mesothelioma
T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T OV Ovar‘ian serous cystadenocarcinoma
é § g % g g § % § g % g % % é % ﬁ 3 é § g §> L%)) § g % é § § <§( g ES § PAAD Pancreatic adenocarcinoma :
y o \ o (SR ? > # o n @3 O x w T »—y \ PCPG Pheochromocytoma and paraganglioma
PRAD Prostate adenocarcinoma
prostate low grade glioblastoma diffuse cervical s.c.c & READ  Rectum adenocarcinoma
adenocarcinoma glioma (IDHwt) lymphoma endoservical a.c. SARC_Sarcoma
SKCM  Skin cutaneous melanoma

STAD  Stomach adenocarcinoma

TGCT  Testicular germ cell tumors

THCA  Thyroid carcinoma

THYM  Thymoma

UCEC  Uterine corpus endometrial carcinoma

ucs Uterine carcinosarcoma

UVM  Uveal melanoma J

LIH Pl Meeting 16
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ICA Components

Pan-cancer

Signal of T-Cells*

RIC16

Signal of Mast Cells*

RIC17
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: Angiogenesis
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Tumor-associated
mast cells (TAMCs) ?

Cox regression:
logtest pv=1.4e-87

LHR=2.85 (Cl = 2.57, 3.12)

This can we wrong —
we need a review

WBamusuodwo

from a biologist! ©

(*) assigned based on LM22 signature (CIBERSORT)
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° LUXEMBOURG
Pan-cancer: ICA-based Data Integration L | b
Q MRNA components
: . & ©g Leukocytes
Anglogene5|s il C O miRNA components

Q methylation comp.
O-@
= links: r’ >0.36

Cell cycle <+— @ ) L\
@ @ @ @ @ I I I I I
© @@ - @g@ © @@ . 00 04 08
@7
Prognostic marker e ) ® Cell adhesion
S ® &P °° NEse % 7
LHR=—24.14 (C) = ~26.36, ~21.92) =) O A4S ® S) @@ |
10 — c—l @ <
: @"QQ @ @ e e = S
9 @@ -
- =) 28 5 4 1,
02 — @ @ g,e-@ @ ¢ J: L l L

00 =
B e e @

oooooo
ooooo
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Pan-cancer: Classification L

Classification by RF Normalized Confusion Matrix

ICA:mRNA

0.942 1
pred.ACC

pred.BLCA
pred.BRCA 0.8
pred.CESC
pred. CHOL
. pred.COAD
pred.DLBC
|:> pred.ESCA =~ 0.4
pred.GBM
pred.HNSC
pred.KICH
pred.KIRC
pred.KIRP 0
pred.LAML
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-log10(p-value)

] OF HEALTH
Prediction of survival (same cohort, cross-validation) B RNA
7 miRNA
Surv = Cox(RS) M Methylation
i Combined

Methylation is
the best predictor

i=k
RS; = ZRizHiMi*J
i=1

mRNA is the
best predictor

kidney renal clear
cell carcinoma

kidney renal papillary
cell carcinoma

2021-05-07

features give good predictions for
breast and uterine carcinomas

Cox regression:
logtest pv=7.8e-04
LHR=2.42 (Cl = 1.15, 3.70)

o o = a o
« ¥ @ 53

Gliotrain

1
=
3

/

IDHwt survival prediction was bad
in this pan-cancer approach (TCGA)
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Conclusions I: Bulk Sample Data H OF HEALTH

* Our modification of ICA deconvolution (consICA) :

» Corrects technical biases

» Extracts "cleaned" biological signals from bulk-sample data

» Maps new samples into the space of biologically meaningful components
» Extracts prognostic features and features with classification power

» Can be used to integrate multi-omics data

» Diagnostic & prognostic properties could be expected for many cancers

e Was validated:

» Using acceptable computational methods (cross-validation)
» On cell lines
» Independent cohorts of patients

2021-05-07 LIH Pl Meeting 21
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NCH644
U87, U251 Angiogenic '°14 NCH601
Classical cell lines __ stem-like CL Migrating
7 stem-like CL
NCH421k 7
s stem-likeClof
/ mixed behavior
s/ A B
5 P 0= o} / /
oy .
-] %

DIOMEDES"

* Single-cell part

Maryna Chepeleva Arnaud Tony - Simone
(PhD student) MULLER KAOMA Anna NICLOU
(Bioinf.) (Bioinf.) GOLEBIEWSKA (PI)
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ICA for Single Cell RNA-seq Data L | hennire

. EEEEEEEEEEEEEEEEEEEEEEE

Remove batch effect

batch 1

Remove batch effect
part of: and cell “size” effect

Correction of technical effects

Enm — Snk X Mkm
M’7,m é 0
E’nm é Snk X M’km

t-SNE representations of original data (A) and
ICA-recovered data, after excluding batch

effect (B) or several (C) components linked to
technical factors (“cell size”).

" nature e

COMMUNICATIONS

ARTICLE

Stem cell-associated heterogeneity in Glioblastoma
results from intrinsic tumor plasticity shaped by the
microenvironment

Anne Dirksew'z'u, Anna Golebiewska@"u, Thomas Budera"‘, Petr V. Nazarov® 5, Arnaud Mu\lerS,

Di rkse’ GO | e bieWs ka' et a I . Nature Com m u nications’ 2019 ( | i n k) Suresh Poovathingal®, Nicolaas H.C. Brons’, Sonia Leite®, Nicolas Sauvageot8, Dzjemma Sarkisjan',

2021-05-07

Mathieu Seyfr'\dw, Sabrina Fritah!, Daniel Stieber!, Alessandro Michelucci® 6, Frank Hertel®,

Christel Hem\d-Mende‘o, Francisco Azuaje® 5, Alexander Skup‘\n", Rolf Bjerkvig‘vn, Andreas Deutsch3, .
Anja Voss-Bshme3# & Simone P. Niclou® ' LI H PI Meet' ng
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ICA for Single Cell RNA-seq Data
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Cell Cycle in Single Cells

ion

Icat

DNA repl

IC

2021-05-07

IC: mitotic cell cycle

Reads
(millions)

CCNE1

Dominiguez (2016) Cell Research

-IC5

0.3

02

0.1

00

Cell Types

Dirkse, Golebiewska et al. Nature Communications, 2019 (link)
Sompairac, Nazarov el al. IntJ Mol Sci, 2019 (link)
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Combining Bulk and Single Cell L | hennire
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Direct comparison of ICA results on bulk-sample data with single-cell data does not work! preourin
Blologlcal. Diagnostics / S 7
S knowledge: M prognostics:
bio-processes and e ° 7 + 4
sample classification
cells subtypes [ I
BEEBEEE
Biological PR
S _knowledge: y M Cancer cell line Normal tissue
ol bio-processes and | £
cells subtypes
& @
Cell cycle R 3
67 ﬁ= 1 8‘
Single-cell data helps g 3
- - . . . . o . -c
Maryna Chepeleva interpreting signals in '§ !
(PhD student) bulk-sample = 2
deconvolution - - O

https://f1000research.com/slides/9-1025

@

“Bulk” components “Bulk” components
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. SSerHEDQICLA.II-ETY O LIFE
Neftel,...,Suva, Cell, 2019 (llnk) 80 PDGFRAT Proneural coka?t
OPC-lke < ﬁ > NPC-like
g ; > 9
. 2r S O 1
An Integrative Model of Cellular States, ® S - 30 L
Plasticity, and Genetics for Glioblastoma 9 .
Cyril Neftel,-%%419 Julie Laffy,>"® Mariella G. Filbin,’ 2519 Toshiro Hara,™-%* 719 Mami E. Shore,'** Gilbert J. Rahme,’*2 ; "?; 1 r o 1
g0 0 40 80 -8 o
tSNE1 o O
‘5 g « O g twe m Bae o teteat T T e g
SC RNA- s . 2 datasets were reported performed % 8
g M-matrix with SMART-Seq and 10x platform: Ex
seq Data , ) e D v
) no discrete tumor cell subtypes! £ o
l Instead, cells show gradient of states E o L |
2r é . h e 2
tSNE on ICA-weights (Tumours) tSNE on ICA-weights (DBSCAN clusters) 2 : 4 w ; ‘ g i §
i < » Lot : %‘
#u *u /-’:C-Ilke . < ‘. > . MEIS-"ke ﬁé
) k @ ’ k @ Classical 2 1 0 1 2 Mesenchymal
c'ﬁ? d ‘3 ' Relative meta-module score

llog2(ISC1-SC2l+1)]

g
.:;;..

(1) Topologically similar to tSNE

ﬁ ﬁ”’"‘ e 8 Y sg'gf% on original data
" IRy oy T TR
] "ﬁ : T ‘;f (2) Large inter-tumor variability
« e 0 a a S (both SMART-Seq and 10x) !

LIH PI Meeting

2021-05-07


https://doi.org/10.1016/j.cell.2019.06.024

GBM: Single Cell Data Deconvolution
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consICA can assess cellular subpopulations and phenotypic
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IC3 hypoxia

states associated with specific biological processes

IC10 innate immune response

IC26 unfolded protein response
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A Patients

LiHo192 | *
% L ]
e, *
N S, LHO347
EIIJ' ¥ 1 I“
= _‘4.."1
ﬂ._ .‘(__. .
4 ] 4 -]
UMAR_1

T1492 Naive
T233 Treated
T347 Naive
T470 Treated

0.10

0.00

Inter-patient

Intra-tumor

0

Treatment

Ve

[

-

| 1
g d = ¢ TEEE
F é[ P z] [E t!][ s

A74| —

I

Examples of independent components that represent tumor variability:

> between patients (left)

» within each patient regardless treatment (middle)
» within each patient before and after treatment (right)

Deconvolution captured signal related to treatment

(no genes using standard DEA approach)

2021-05-07

GO:BP

translation initiation

MRNA catabolic process
cytoplasmic translation

GO:CC

cytosolic ribosome

GO:MF

structural constituent of ribosome
RNA binding

LIH Pl Meeting 28




LUXEMBOURG

Conclusions ll: Single Cell Data H OF MEALTH

 Deconvolution with consICA on single cell data:

» Corrects technical biases

» Extracts signals of biological processes (or cell types) from single-cell data

» Could detect weak signals that are masked by other processes (e.g. TMZ
resistance masked by cell cycle and inter-tumor variability)

» Can be used to interpret results of bulk-sample data deconvolution
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Sang Yoon Olivier Michel
KIM KEUNEN MITTELBRONN
(Co-PI)
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Background -

Endothelial

o

——
Normal cells | l

Tumor: 1%

Normal: 99%

Invasive ‘

cancer cells

\. Cell 2011, 14

N slides: N x 384 tiles / patches: 1 label

» Native heterogeneity of tissues , :
27 000 x 21 000 pixels 256 x 256 pixels A

» Inter/intra tumor heterogeneity

1 patient J
Issues in histopathological image analysis: 2 ﬁ /

» Tedious analysis

» In some cancers (e.g. prostate) < 1% of
the image is cancer-related

» Standard approaches require supervised

"pixel-wise" labelling - unrealistic _ 1 profile
DLN — deep learning network (model)

o~
]
(V.Y
Q
_E.

T+ |
@)

3|
0
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ICA:

[ Pathology: ]

2021-

Smooth muscle component (CIT-3) Myofibroblast component (CIT-12) Cell cycle component (CIT-7)

o &= #252 <« "2
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- e iy
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3025 S 3 M 25 1 s RN iy
3 ees 5.0 2 2 1 T 2
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w & =
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International Journal of
Molecular Sciences

Review

Independent Component Analysis for Unraveling the
Complexity of Cancer Omics Datasets

Nicolas Sompairac 234, Petr V. Nazarov 5, Urszula Czerwinska 2%, Laura Cantini ¢,
Anne Biton 7, Askhat Molkenov §, Zhaxybay Zhumadilov 89 Emmanuel Barillot 1230,
Francois Radvanyi 110 Alexander Gorban 1112, Ulykbek Kairov 8() and Andrei Zinovyev 12,3,

Observation

ICA results are confirmed by H&E
histopathology: smooth muscles, fibroblasts,
cell cycle were observed.
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ICA results of mRNA expression data from TCGA-PAAD cohort

Sample projection on ICs

L 3™0O TCGA-2)-AABP
(=)
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Idea for Approach | S
Patient classification using weakly supervised DLN RNA-seq prediction
nature,, ., E
medlcme https://doi.urg/10.10Aa'8,E41;!-E;;!;5E03 EI%X/-\

COMMUNICATIONS

Clinical-grade computational pathology using

weakly supervised deep learning on whole ARTICLE
ide i OPEN
slide images

A deep learning model to predict RNA-Seq

M) Check for updates

Gabriele Campanella'?, Matthew G. Hanna', Luke Geneslaw’, Allen Miraflor’, ex pressio N Of tu mours fro m WhOI e s | |d e images
Vitor Werneck Krauss Silva', Klaus J. Busam', Edi Brogi', Victor E. Reuter’, David S. Klimstra’
and Thomas J. Fuchs ®2* Benoit Schmauch® '™, Alberto Romagnoni'#, Elodie Pronier', Charlie Saillard!, Pascale Maillé??3,

Julien Calderaro?3, Aurélie Kamoun® !, Meriem Sefta!, Sylvain Toldo!, Mikhail Zaslavskiy!, Thomas Clozel®’,

Deep Convolutional Network (DCN) Matahi Moarii', Pierre Courtiol'® & Gilles Wainrib»>*

Idea

Instead of predicting mixed, bulk-sample mRNA
or DNA-methylation signals, we will predict
already deconvolved, clean signals, linked to
biological processes & cell subpopulations.

DI
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Deep Feed Forward (DFF .
: L Multilayer perceptron, a.k.a.

(Deep) feed-forward network,

My first "love"... ©

E back-propagation network e Nazarov et al (2004)
O fully-connected layers, ) J Chem Inf Comput Sci
etc,.. Input Layer 6 neurons 50 neurons Output Layer

. 100 neurons 500 neurons 200 neurons :
HiddenTLayers
Deep Convolutional Network (DCN) Convolutional networks
Convolution Pooling Convolution Pooling Fully Fully Qutput
+RelU +RelU Connected  Connected perdictions

CNN

| XXX X |

---------- 5 (0.01)
8 lo.94)
- 9 (o0.01)

® ® ©

1 f L o
A Input { P A J: utput
WEASIAS : o Moe A ;
0\.",‘\.",‘\ series i 0[3 i series
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a) Omics Data Deconvolution fans i Wp2 . . .
(a) consiCA  signal bt _(c) Integration (a) Deconvolution of the omics data using developed tool
- - Signals  weights image features are used to ICA. Thi thod Ireadv d | d and lied t
Transcriptomic mx predict component weights con.s . IS method was already developed and applied to
data entire GTEx (mRNA), TCGA (mRNA and meDNA), and DKFZ
classical or deep- (mRNA) cohorts.
RNA-seq, microarray, ( functional ] ( linking to ] learning predictions M-"
bead chip dat tati finical dat T : : .
cad chip data annotation clinical data features or (b) Image analysis and feature extraction starts with a pre-

. trained Xception model and uses weakly supervised training to

Methylomic My . . .
data m >< @ fine-tune model’s parameters. Two strategies will be compared

in the project: strategy 1 is a semi-supervised one using CNN-
based classifier and strategy 2 — completely unsupervised using

i WP1 d) Validation and Control | WP3-4 . . o . .
(b) Image Feature Extraction () CAE. Xception will be used as an initial estimation of the
DKFZ: validation on a & ‘Q. encoder’s parameters.
Strategy 1: semi-supervised large external cohort Ricode
S dassifier regions of (c) Integration of ICA-weights and image features will be done
= > features B classes _ interest (ROIs) either by a classical ML-approach (linear regression or random
. —_— » patient classes .
pre-trained > tumor purity forest regression) or by a FC neural network.
Xception =< cd > # predicted omics . . . . . .
(d) A thorough validation of the results include (i) validation of
Strategy 2: unsupervised LNS: in-depth validation on LNS- an external pancreatic cancer cohort (DKFZ) and collection and
GHbbased autoencoder (CAR) collected data o (ii) in-depth analysis of in-house (LNS) samples of glioma
-1 e . . . .
¥ SLLp| features | Qe Methylation | [ ethylation patients. The expertise of the Co-PI (pathologist) will be used
selected tiles pre-trained - » avoiding to validated predictions and the Pl and his team will control
' Xception as encoder WSls m rtefact .
(Otsu's method)  “¢€P ’ . - e that the WSI-features are sensible and not artefacts.

CAE: convolutional autoencoder; CNN: convolutional neural network; FC: fully-connected network or layer;
ICA: independent component analysis; ML: machine learning; ROI: region of interest; WSI: whole slide image.
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670+ patients 27 organs ‘ GTEx Data:
o O
P ——— 15k+ slides 17k+ RNA-seq
= \‘

D
= v Functional
Sample: zoom x10, annotation

1278 slides | ~10k x 10k px
of ICs
480k tiles | 256 x 256 px Weights of ICs

Xception .
mopdel Classification
@ @ Integration &
8:::rigepnol @ sotma

predictions

Tile features

Deep Convolutional Network (DCN)

Slide features

IXIXIXIX]
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Tile-level Feature Extraction L | b

RESEARCH DEDICATED T0O LIFE

Examples of tiles classified with top certainty and co-localized with class medoids
adipose brain breast liver

| Ty e )

Xception, after parameter fine-tuning on organ classification task,
transform each tile to ~150 non-zero features.

Further analysis:

These features were summarized to slide-level. Only 50% top-
correlated tiles were preserved (can be further improved later...)
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Ute}us

Vagina

Kidney
Stomach
Salivar§; Gland

o
Brain .
Heart
28 Lung
#
¥ Esophagus
Adren’ﬂ'Gland Bladder .
Col Thyroid
’an%eas " ‘\Qy‘r
Shiden
Blood Vessel Muscle
nall ﬁlestine
Nerve %
:‘ Pr@ate
Ovary

Pitditary

Testis

Liver

B Adipose Tissue
@ Adrenal Gland
A Bladder
Blood Vessel
Brain
Breast
Colon
Esophagus
+ Heart
W Kidney
© Liver
A Lung
Muscle
Nerve
® Ovary
A Pancreas
4 Pituitary
B Prostate
® Salivary Gland
A skin
4 Small Intestine
B Spleen
@ Stomach
A Testis
4 Thyroid
B Uterus
® Vagina

T:‘&“t‘is -

Brain
Kidney - m._ﬂ . Sﬁ@
ituitary
& ? AdrelﬂlGland
Ovary Pr@hte
. ?
s Breast 4;“
R -
Thyroid £ Muscle
*qee fwie -

s?&%@;‘E‘NaI?Gli—md

Vagina

Small Iptestine

|
AdiposesTissue

Uternus
& Colon
; Blogd Vessel  gradder * Liver
* e *
£, Esoph : :"
Heart AT
4
¥ v
Pancreas
#ing Nerve

39

LIH PI Meeting




LUXEMBOURG
INSTITUTE

Predictions -

OF HEALTH
. 2 i .
RZbetween WSI-features and IC-weights R Predicting IC-weight

08 - e GO:BP linked to IC7 [FDR |

06 chemical synaptic 8e-28
o R*=0.9 transmission

0.4 Pituitary regulation of 8e-28
a | * . membrane potential

o2 t . behavior 4e-22

I S 4 ) regulation of ion 6e-22
transport

synaptic vesicle cycle 3e-20

-0.4
1

cognition 7e-20

-0.6
1

Predictions by RF on WSI-features

-0.8

sjuauodwod-y))|

T T T T T T T
-0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4

Weight of IC7 "synaptic transmission"

Predicting ICA-components
* 20% of the components were predicted with R>0.9
e 89% — with R>>0.5
Predicting genes
* 0.4% of the genes showed R?>0.9
e 28%—R2>0.5
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Predicting ICs or Genes? H
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Two best-predicted coding genes
Predicting 1C12, r=0.841
Predicting gene KRT10 Predicting gene TTN
sr:lqe n‘- : . rp=0.950, rs=0.512 rp=0.921, rs=0.623
- [ g
= R2=0.71 L] n " Il- = i
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ICM: weight of 12-th IC component

GO:BP pos : 32 terms(FDR<0.01)
Term

neutrophil degranulation

defense response to other organism
immune response

neutrophil chemotaxis

2021-05-07

FDR

1.58e-27
4.36e-20
1.48e-15
8.71e-12

Majority of the predicted genes:
tissue-specific non-coding

No GO enriched!

LIH PI Meeting

41




INSTITUTE

LUXEMBOURG
OF HEALTH

Conclusions lll: Transcriptomics + Histopathology ',—

» Deep Learning Networks could be used for feature extraction
» Image features could be used to predict deconvolved signals

» Deconvolved ("clean") signals are better predicted than genes
(and related GO gene sets)

» Approach was validated on a part of GTEx data

2021-05-07 LIH Pl Meeting 42



