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Levels of Heterogeneity in Samples of Cancer Patients
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Invasive Approach 1: Histopathology
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Hematoxylinand Eosin (H&E) stain

Tumor: 1%

By
Normal: 99%

: Immunohistochemistry (IHC
Features of histopathology : y(. )

U Gold standard!

Cheap (H&E or-2 antibodies in IHC)
Captures native heterogeneity of tissues
Shows inter/intra tumor heterogeneity

Cc: Cc: Cc: Cc:

Often allows precise diagnostics

K67 - proliferation marker

Issues in histopathological image analysis:
U Tedious analysis ’ Mlicolor IC

g

U In some cancers (e.g. prostate) < 1% of
the image is canceelated

U For some cancers, it does not allow
precise diagnostics (e.g. some
astrocytomass/soligodendrogliomaks

U Gives norstructured data



Invasive Approach 2: Molecular Profiling
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- N Genomics Transcriptomics Proteomics Metabolomics Features of molecular approaCh
~ Mutations 0 Very specific

- B - U Generate a lot of data
va?i%gﬁr?cﬁlr\/) U Generate structured data
[ Chimeric genes] Issues of molecular approach

U Quite expensive

.

4

[ SLELE ] Proteln abundanc i Is sensitive to heterogeneity
[ Gene expressmn] of samples
[ Chimeric proteins,] (i Is sensitive to a technique

[ Isoform detection]

Abundance of
metabolites

Image: Raja et al httpéwww.mdpi.com/14220067/22/3/1160/htm



Molecular Profiling: Example
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b Cross-validation Samples in
DNA methylation-based classification of =
central nervous system tumours

a Reference cohort (91 classes)
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1 Equivalent 3 Not equivalent (combining grades)

2 Subclass 4 Not equivalent (combining entites)
5 Not recognized by WHO

t-SNE dimensionality reduction (2,801 samples)
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Capper et alNature 2018 555(7697):469
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1.2 | DNA methylation class: diffuse leptomeningeal glioneuronal tumor (score 0.99)
Copy number profile: 1p loss among other changes
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Methylation showed more specificity than histopatholocg
identifying types of brain tumors

Highly standardized pipeline allowed analysis across
cohorts

Result Hei del berg cl assidfi
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1. Histopathology 2. Molecular methods
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U Automate analysis By : :
U Deconvolutemixed signals

U Transform unstructured data ) )
(images) to structured (features) U Integrate various molecular data

Integrate both approaches for better
patient diagnostics and studying
molecular processes




1. Digital Histopathology and Feature Extraction m NSTITUTE
The Task
N slides: N x M tiles / patches:
10* x 1@ pixels 256 x 256 pixels

1 label Deep Atrtificial Neural Networks

1pat|ent£f/
LSl

Classical image analysis approaches

Type Deep Q?n\{olutlonal neural network (CNN)

~ 16- 104t|Is

Counting nuclei
Edge selection
Cell shape
Cell graph

features

v

ConvolutionalAutoencoder(CAE)
Computational Systems Biology of CanParjs 202209-26 7



2. Deconvolution: Concept
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Deconvolution via Matrix Factorization
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components

Data Signals / Pattern

wn § 0 B

o =

8| 5
i
5 Weights / Amplitude
S %
: :

samples components

PCA principal component analysis
NMFE nonnegative matrix factorization
ICA independent component analysis
etc.

Matrix tri-factorization

~ G * * GT

3
mn  XIA-G-S-Gz
G=05 i=1

Malod-Dogninet al.Nat Commun2019, 10:805

Multi-omics Factor Analysis

I I
Features, Factors,
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SteinO'Brien et alTrends in Genetic2018 34(10):790



Deconvolution Methods
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PCA

100

80
|

60

40

20
|

+deterministic & fast

+any number of samples
+unsupervised

¢ often biological factors are
presented by a sum of several
components

¢ positive and negative values

40 60 80 100

20

ICA

NMF

stochastic

40 60 80 100

20

| stochasti N

+correlates with biology
+unsupervised (agnostic)
+quite stable

¢ stochastic

¢ needs a lot of samples

¢ positive and negative values

Sompairaet al,Int IMol Scj 2019(link)
Cantiniel al, Bioinformatics2019(link)

+semrunsupervised
+easy to interpret
¢ stochastic

C unstable


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 . § Diagnostics: patient groups
: o S using machine learning ]
Discovery i ey tools to predict classes <:| "
dataset T Filei of the samples < | M
(TCGA) i | i B
i Rl e 5 1d
g = L ‘ Weights |

patient groups

components

samples

. O .‘1",; ,, ' U

Survival probability

IT[ Iﬂ e i multiple Yoy v 0b ? :
TIT o : VAN Y "OU &~ RS <median
runs : K N -]
: [ : Prognostics: <::| “ “ » =
i i i 4 i) ’ . C . & Survival time (years)
Investigation . B = using Cox regression
dataset §1 o tE et L (_:ombme weights into a
(new patients) SaEl e [=as risk score RS; to patient Genes, contributing
samples components survival to one component
Nazarov et al. BMC Medical Genomics  (2019) 12132 c ® N M
relelrierader Ao i iedicd Eaomis . . IS 7
Functional annotation: 5 S . /
linking components to biological - g S— /
Deconvolution of transcriptomes and ® processes and cell types S
miRNomes by independent component ©
analysis provides insights into biological . . .
processes and clinical outcomes of consICA  Nazarov edl BMC Medical Genomi¢2019(link) genes (ordered)
melanoma patients ) ICA review: Sompairac, et lat JIMol Scj 2019(link)

Application: Golebiewska et,#ctaNeuropathol, 2020
Scherer, Nazarov et dliat Protoc, 2020


https://bmcmedgenomics.biomedcentral.com/articles/10.1186/s12920-019-0578-4
https://www.mdpi.com/1422-0067/20/18/4414/htm
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GBM Cell Lines L| werirure
Reference dataset Technical/trivial components:
530 GBM patients gender and platforms
(TCGA)
/_ \ <
Investigated dataset ‘ Biological e
58 samples: knowledae: o
. ge:
cell lines, xenografts & » ICA » Srrnimess s, |
patient tissues ) and sample %
composition 8 s
We were able to map Hhouse cell line data onto TCGA dataset (GBM) - Nee "”w
Some components capturddchnical factorsy 008 -0.06 -°-°4G::;e:-00 0.02 004

(and thus clean other components from them)

Other — relevant biological information: cell cycle, cell migration, presenceof stromal and
immunecells We were ableto predict phenotypeof celllinesusingtheir transcriptomes



GBM Cell Lines
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ICA correctly predicts sample composition & phenotype

u TCGA
v ~ M normal brain
£ o M patient tumor
o M PDOX
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Acta Neuropathologica (2020) 140:919-949
https//doi.org/10.1007/500401-020-02226-7

ORIGINAL PAPER ')

Gheck for
Gpdates.

Patient-derived organoids and orthotopic xenografts of primary
and recurrent gliomas represent relevant patient avatars for precision
oncology

Anna Golebiewska' - Ann-Christin Hau' - Anais Oudin' - Daniel Stieber'-? . Yahaya A. Yabo'? -

Virginie Baus' - Vanessa Barthelemy' - Eliane Klein' - Sébastien Bougnaud' - Olivier Keunen'* - May Wantz' -
Alessandro Michelucci'**# - Virginie Neirinckx' - Arnaud Muller® - Tony Kaoma® - Petr V. Nazarov* -

Francisco Azuaje* - Alfonso De Falco™ - Ben Flies® - Lorraine Richart®”*% . Suresh Poovathingal® - Thais Ams® -
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° .
Barbara Klink?*!92%21 . Georgette Tanner?? - Lucy F. Stead?? - Michel Mittelbronn®"? . Alexander Skupin® -

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

Classical cell lines __ ctem-like CL |
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Golebiewska A. et aghctaNeuropathologica 2020(link)
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Cell migration

Phenotypeof cell lineswvere predicted using

unsupervised deconvolution of their transcrlptomes

»

GEXEIESE

EFETEE]

U ICA deconvolution
Is reasonable and
predicts phenotypic
behavior of cell
lines

0  Tumor cells show
higher mobility in
xenografts

ESTIMATE was confused
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https://link.springer.com/article/10.1007/s00401-020-02226-7
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Reference dataset Biological Cluster

large public dataset knowledge: Accuracy Actual cluster

(TCGA) dleTrreness sl 90.0% |immune |keratine |MITF-low
sample composition .
‘ immune 160 9 6

sample classification

Investigated . -
dataset: IC A Potential _ Crossvalidation on :Ael?li'r:e i 921 f7
(new clinical » » diagnostics: the same cohort -low
+

samples)

Discovery cohort Validation cohort

A P-value (log-rank)= 5.6e-16 B P-value (log-rank) = 1.3e-03
M H LHR=0.49(Cl =0.37,0.61 LHR=0.87(Cl =0.28,1.45
Machine Potential N ( ) . ; )

learning, Cox prognostics:
regression hazard score

] — patient index
| —component index

Survival probability
Survival probability

02
— RS < median
00 |— RS > median
15

g . — RS < median
Yy 'Y 00 % R? — stability ofi-th component (from 0 to 1) g - - : :
H-Cox’ | og hazar dgainmgdeti o c all c utaitvesd o n  Suvivaltieveas)

M*;. —element of centered & scaled fhatrix
] Independent cohort,

different platform

U In addition to diagnosticandprognostics, ICA allowed ranking
patients based on the activity of biological processes: cell cycle,
Nazarov et al, BMC Medical Genomics, 2019  signals of leukocytes, efc.



Melanoma
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Deciphering biological processes and cell types

Compo{ Risk ) 2122|1213
{ M oo |a |2 |wWw
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
53 s
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
increased |epidermis development and
E RIC7 (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
MIC1 increased regulators of EMT

(9.4e-4)

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
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a New samples are mapped to the space defined by reference data.
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ICA: independent runs

MOFA: simultaneous analysis

Integration
[ | (correlation
M| icAs (six[m ]
data ; 5
MIRNA — |
Methy-
lation ICA S xgE;
data | | | 'T\
yad l: a
Diagnostics \ Prognostics
v
Capturing Biological signals
unknown factors

MRNA

data =
mMiRNA ]

data | MOFA ) SxL.M_
Methy-

lation S

data

Diagnostics Prognostics

Biological signals

Capturing known
factors




PanCancer Data Integration
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TCGA

The Cancer Genome Atlas

>11k patients, 33 types afumors

A clinical data(age, gender, survival...)

A mRNA(10k samples, 20leature9

A miRNA(> 9k samples, ~1k features)

A methylation (>9k samples, 450k features)

t-SNE Result : perplexity = 50

---

MRNA
data

miRNA
data

Methy-
lation
data

ICA

ICA

ICA

Approach

.................

Biological
signals

7| analysis (Cox)

Survival

Classification
(RF)

Integration
(correlation)

Here we usedonsICAvith 100 components & 40 runs



Pancancer: ICA Components
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RIC27:

Mitotic Cell Cycle

ICA Results: Cell Cycle

Cox regression:

logtest pv=8.7e-57

_ T T LHR=1.35 (Cl =1.18, 1.52)
04 T T N
- [ow
02 - H 2z — high
2 : i Qo
£ 00 T O 1
g . N Q
(@] 1 L .
021 u = L _
1 Time
0.4 1 : :
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
I < 0o 0000002 aoog< S0 >203=0<o0ono0on0 <0 s 2 00
S5 EZF0L323I23PRBBE°E0292S359225328832
yEJvi(&JUBE?OD 55083 °°‘”157“\
prostate low grade glioblastoma diffuse cervicals.c.c&
adenocarcinoma glioma (IDHw lymphoma endoservicah.c

Codeld Study Name -

ACC
BLCA
BRCA
CESC
CHOL
COAD
DLBC
ESCA
GBM
HNSC
KICH
KIRC
KIRP
LAML
LCML
LGG
LIHC
LUAD
LUSC
MESO
ov
PAAD
PCPG
PRAD
READ
SARC
SKCM
STAD
TGCT
THCA
THYM
UCEC
Ucs
UVM

Adrenocortical carcinoma
Bladder urothelial carcinoma
Breast invasive carcinoma
Cervical sg. cell carcinoma and endocervical adenocarcing
Cholangiocarcinoma

Colon adenocarcinoma

Lymphoid neoplasm diffuse large b-cell lymphoma
Esophageal carcinoma

Glioblastoma multiforme

Head and neck squamous cell carcinoma
Kidney chromophobe

Kidney renal clear cell carcinoma

Kidney renal papillary cell carcinoma

Acute myeloid leukemia

Chronic myelogenous leukemia

Brain lower grade glioma

Liver hepatocellular carcinoma

Lung adenocarcinoma

Lung squamous cell carcinoma

Mesothelioma

Ovarian serous cystadenocarcinoma

Pancreatic adenocarcinoma
Pheochromocytoma and paraganglioma
Prostate adenocarcinoma

Rectum adenocarcinoma

Sarcoma

Skin cutaneous melanoma

Stomach adenocarcinoma

Testicular germ cell tumors

Thyroid carcinoma

Thymoma

Uterine corpus endometrial carcinoma

Uterine carcinosarcoma

Uveal melanoma
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Pancancer: Classification
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Prediction of survival (same cohort, crosslidation) —
M miRNA
o Surv= Cox(RS i
Methylation is (RS) = Menation
the best predictor vy v 0D
MRNAIs the
best predictor
alpha=0.q1
& x 5 S 3 & S 0 2 % 2 s
X X % % < < ) 8 E |J§J = 5

kidneyrenal clear
cell carcinoma

kidneyrenal papillary ) o
cell carcinoma features give good predictions for

breast and uterine carcinomas
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A ICAbased deconvolution:

Correctstechnical biases

Extracts "cleanedbiological signalrom bulksample data

Maps new samplemto the space of biologically meaningful components
Extractsorognostic featureand features withclassificatiorpower

Can be used totegrate multi-omics data

Diagnostic & prognostigroperties could be expected for many cancers
Reduce dimensionality

O

A Was validated:

U Using acceptableomputationalmethods (rossvalidation)
U Oncell lines
U Independent cohort®f patients
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ICA results of MRNA expression data from TE@RRAD cohort

Sample projection on ICs
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Omics Data D luti flops i wr2 : . :
() Omics Data Deconvolu O anals weights ?ga'“;efge;tlj:;sare Leed to (a) Deconvolution of the omics data using developed tool
Transcriptomic m & . consICAThis method was already developedand applied to
St x| My predict component weights )
data entire GTEX(MRNA), TCGA(mMRNAand meDNA, and DKFZ
classical or deep- (mRNA):ohorts
RNA-seq, microarray, functional linking to learning predictions o
bead chip data annotation clinical data i ; H ;
features < or (b) Image analysisand feature extraction starts with a pre-
) trained Xceptionmodel and usesweaklysupervisedraining to

Methylomi M . S
- d;'t;""'c m >< @ = fine-tune mo d ephranseters Two strategieswill be compared

in the project strategyl is a semisupervisedone usingCNN
(b) Image Feature Extraction w1 (d) Validation and Control (WP34 basedclassifierand strategy2 — completelyunsupervisedising

CAE Xceptionwill be used as an initial estimation of the
Wsl _ _ DKFZ: validation on a ii ‘Q. enc o gaameters
i Strategy 1: semi-supervised large external cohort Ricode

e el Data > regions of (c) Integration of ICAweights and imagefeatureswill be done
o B | features classes interest (ROIs) either by a classicaML-approach(linear regressionor random

pre-trained WSls » patient classes

i > tumor purity forestregressionpr by a FCneuralnetwork
Xception :{ c,d > L

# predicted omics

(d) Athorough validation of the resultsinclude(i) validationof

Strategy 2: unsupervised LNS: in-depth validation on LNS- an externalpancreaticcancercohort (DKFZand collectionand

CNN-based autoencoder (CAE) collected dota —— (i) in-depth analysisof in-house (LNS)samplesof glioma

S| features | Qe b Methylation | meenyiation patients The expertiseof the CoPI (pathologist)will be used

selected tiles pre-trained » avoiding to validated predictionsand the Pl and his team will control
(Otsu'smethod)  Xception asencoder m artefacts that the WSHeaturesare sensibleandnot artefacts

CAEconvolutionalautoencoder CNN convolutional neural network&C fully-connected network or layer;
ICA independent component analysistL: machine learningROl region of interestWSt whole slide image.
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670+ patients 27 organs ‘ GTBExData:
o O

—— 15k+ slides 17k+ RNAseq =

¥

M

Sample: zoom x10, _ Func':lct)'nal
1278 slides | ~10k x 10lpx annotation
of ICs

v

480k tiles| 256 x 256x Weights of ICs

Xception

Classification

model

Integration &

predictions

Tile features

Deep Convolutional Network (DCN)

Slide features

*e"5%e %y

TIXIXIK]
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Tile-level Feature Extraction

LI LUXEMBOURG
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Examples of tiles classified with top certainty and-tmcalized with class medoids
adipose brain breast liver

| Ty e

NG VS

\ WS

Xception after parameter finguning on organ classification task,
transform each tile to ~150 nerero features.

Further analysis:

These features were summarized to slideel. Only 50% top
correlated tiles were preseryv
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RPbetween WSifeatures and IGveights R Predicting 1Gveight
I‘”’
0w =4 Brain GO:BP linked to IC7
06 g chemical synaptic ~ 8e-28
g . Re=0.9 transmission
04 g Pituitary regulation of 8e-28
= < < N membrane potential
o2 o ‘. behavior 4e-22
I £ os i regulation ofion  6e-22
— 2 transport
g 0 3 synaptic vesicle cycle 3e-20
8 o cognition 7e-20
3 3 =
S 2
@ =
=] o s T T T T T T T
w -0.8 -0.6 -0.4 -0.2 0.0 0.2 04

Weight of IC7 "synaptic transmission”

Predicting ICAcomponents
A 20% of the components were predicted witB>R.9
A 89%—with RR>0.5

WStfeatures
s e Predictinggenes
COMMUNICATIONS A 04% Of the genes ShOWGdZ:FOQ

A deep learning model to predict RNA-Seq
expression of tumours from whole slide images A 2800— F¥>05

Benoit Schmauch® '™, Alberto Romagnoni4, Elodie Pronier'4, Charlie Saillard!, Pascale Maillg?3,
Julien Calderaro?3, Aurélie Kamoun® !, Meriem Sefta!, Sylvain Toldo', Mikhail Zaslavskiy!, Thomas Clozel® ",
Matahi Moarii!, Pierre Courtiol'® & Gilles Wainrib">**
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Deep Learning Networks could be used for feature extraction
Image features could be used to predigconvolvedsignals

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

Combining molecular and his histopathological data may:
U Help pathologists faster and more accurate classify samples
U Improve accuracy of automatic data analysis

Spatialtranscriptomics perhaps is our futurd
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