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Imagine we are going to analyze RNA from a tumor biopsy (sample):
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Hanahan D, Weinberg RA. Cell 2011, 144, 646-74
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Independent Component Analysis
One of the methods to solve cocktail party problem...
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- Expression data Metagenes Diagnostics:
y a | e using machine learning One
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Data driven! Enrichment analysis:
linking components to biological
processes and cell types

patient groups
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Geometrical view on differences b/w matrix factorization methods
PCA ICA NMF

IC1

05 1 15
Orthogonal Linear combination of Each point can be
Captures major variation independent sources. represented as a vector sum
(well, on average...) Positive and negative. of NF1, NF2. Strictly
positive.

from A. Zinovyey, et al, Biochem Biophys Res Commun. 2013,18;430(3):1182-7
https://www.ncbi.nlm.nih.gov/pubmed/23261450

More details: Sompriac, Nazarov, ... Zinovyey, Int J Mol Sci, 2019, 20(18)
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Why consensus ICA is better than a simple ICA?

Reproducibility between Reproducibility between
metagenes (S) in a single run metagenes (S) with many runs
15_:, | A Similarity between same B Ovelap between gene
S o A metagenes signatures
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A balance between sensitivity and reproducibility

Sensitivity Reproducibility

‘ ? ' Boxplot for R2
TN 1.00-

0.75

 n

0T

0.00-

1.00-
Linking ICA to clinical factors g;g ’ I | T i I
U [ ]
[ ]

E :FTT

0¢

0€
sjusuodwod Jo JagquinN

. 0.00
o 1.00-

i _ﬁﬁhz

0.00-
1.00-

f - | LB

0.00-
] 1.00-

= ] i LaaaB

2 4 6 8 10 0.00
15 25 45 120 220 320 420 520 650 850 1050
Number of samples

25
|

20
|

ov

10

-log,o(p-value)
15

0S

Number of components

2019-09-15 GCB-2019 7




: L[ s
Project 1 L | e

nnnnnnnnnnnnnnnnnnn

MelanomICA: mRNA and miRNA of melanoma

Nazarov, Wieneke-Baldacchino et al BMC Medical Genomics, 2019
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UV light
Tumor Normal
Origin - melanocytes Age-standardized new cases per year o y
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Melanin

Only 25% of tumors originate from nevi (moles)!

Properties: | » Rapid progression / Data \
» Early metastasis * Discovery set — 473 primary and
» Highest mutation load metastatic samples
» Immune response +/- * Validation set — 44 independent
» 5-year survival: metastatic samples
» 98% when primary * Investigation set — 3 clinical and 2
> 17% after spread k control samples J
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Proposed Concept ; |
Referenc_e dataset Biological We developed
large public dataset knowledge:
(TCGA) bio-processes r:-l!ld consICA
sample composition
i . https://gitlab.com/biomodlih/consica
Investigated Potential
dﬂtﬂS_E:t: » ICA » diagnustics: ® Using R—package fGSt/CA
(new clinical i i * Consensus = mean
es) o sample classification _ = _
\ Samp ) * Multiple runs excluding one sample,
Machine Potential with different initial estimations
learning, Cox prognostics: * Multiplatform
regression hazard score * Multicore
* Automatic report generator
* No GUI

i=k ] — patient index
) i} | — component index
RSj = E Ri HiMij R? — stability of i-th component (from 0 to 1)
= ’ H; — Cox’ log hazard ratio calculated on training set
L= M7, ;— element of centered & scaled M-matrix
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PCA ICA
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ICA-based risk score

Independent cohort,

Cross-validation different platform

i=k
RS, = Z R7H;M; ;
=1

A Discovery cohort B Validation cohort
i — patient index P-value (log-rank)= 5.6e-16 P-value (log-rank) = 1.3e-03
J—p LHR=0.49(Cl =0.37,0.61) LHR= 0.87 (Cl = 0.28, 1.45)

| — component index

R?, — stability of i-th component (from 0 to 1)
H; — Cox’ log hazard ratio calculated on training set 2 oo > 08
M7, ;— element of centered & scaled M-matrix 2 3
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Deciphering biological processes and cell types
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COMMUNICATIONS

ESTIMATE

Article | OPEN | Published: 11 October 2013

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

Kosuke Yoshihara, Maria Shah dgoli, E | Martinez, Rat

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 & N
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Nazarov, Wieneke-Baldacchino et al BMC Medical Genomics, 2019
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DEMICS: Gliomas
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DEMICS: brain tumours ',—

» Glioblastoma multiform (GBM) is the 4t" grade glioma

» No known carcinogens

» Poor prognosis for GBM, good for low grade gliomas (LGG)
» Some GBMs originate from LGG

» GBM and LGG biopsies should share some cell types

Tumor cell Core tumor

infiltration (hypoxia, necrosis)
Datasets tested:

» TCGA-GBM: 171 RNA-seq, 441 microarrays
» TCGA-LGG: 530 RNA-seq
» CGGA (LGG+GBM): 325 RNA-seq
Ferreira da Ponte et al, INM., » LRNO cell lines & PDX (A.Golebiewska, S.Fritah)
http://jnm.snmjournals.org/content/58/10/1574.abstract

2019-09-15 GCB-2019 15
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Reference dataset
530 GBM patients

(TCGA)

Investigated dataset
58 samples:

cell lines, xenografts &

patient tissues

»

$

ICA

»

Biological
knowledge:
bio-processes
and sample
composition

GCB-2019
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DEMICS: Validation with Cell Lines I—|

Technical/trivial components:
gender and platforms

NORLUX cell line data from
Anna Golebiewska, Sabrina Fritah, Simone Niclou and other

Anna Golebiewska (microarrays): S
. I o
- 2 normal tissues samples © TCGA classical
. . TCGA mesenchimal .
- 6 patient biopsy samples + TCGA neural S 7
- 24 xenografts TCGA proneural
- 12 patient derived cell lines F:I normal brain o £
. . i i o
- 14 stable cell lines & their xenografts patient biopsy b=
M xenograft _ ]
A _patlent-derwe_d cellline| o gender
PCA (33% variability) PCA (14% variability) U |mm0rta| ce" I|ne
- - D. —]
’ o
s . e . - | f\h _ il
. S ==y |, . < .
. : E gt | | | | | | |
S - ar? ST -0.08 -0.06 -0.04 -0.02 000 002 0.04
_ Limited P B
interpretability T o2
I w -2-D 1[.1 Zﬂ%ijnahllw ‘.D EID - N PC3, E%v::!ahwllty : GCB-2019 17
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. . NCH644
ic.1-ic.3 U87, U251 Angiogenic |12 NCH601
Classical cell lines __ stem-like CL Migrating
3 ) I) ;gn?\gl brain stem-like CL
g g - ®e H patient tumor ~ NCH421k
% ® N = Zt[e?ronﬁike oL o Stem-like CL of
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) classical CL (xeno) o _ in vi
g <3 S v
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E
g | ) @ g ] ||
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o~ stem-like (xeno) -y
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DEMICS: Validation on Independent Ddataset ',—

Reference dataset Biological
large public dataset knowledge:
(TCGA) bio-processes and
' sample composition
Investigated -
dataset: » ICA » folentials
. diagnostics:
(new clinical : :
sample classification
samples) o
\. J/ : .
Machine Potential
learning, Cox prognostics:
regression hazard score
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Chinese Glioma Genome Altas (CGGA) PCA (66% variability)
. . D
* 325 glioma patients =
e 148 IDHwt, 152 IDHmut
* Some mutations, Verhaak’s classes, - B TCGA
histology and survival data are provided %
* but FPKM only: gene-length correction E o
does not help N ]
Original data o
< ] = (o]
© o T
(_) ]
2 o @ |DHwt
- S @ |[DHmut
i = TCGA
E . © CGGA
_ _ g - | | | | | |
Strong differences in 50 0 50 100 150 200
the data between ° ’ o

TCGA and CGGA PC1, 56% variability

N = 14392231 Bandwidth = 0.1338
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Independent Validation: CGGA Cohort ',—

Mixing CGGA & TCGA
CGGA cohort pv=3.413e-18

Gender: acc = 0.97 ->0.98 Accuracy of Classification
Subtype: acc = 0.62 ->0.87 o
. _ IDH status F -
IDH1 status: acc = 0.80 ->0.97 — —— Predicted low HS
swovoe [ . — Predicted high HS
@
Training on TCGA and predicting CGGA ~ Gender —
Gender Female Male 0.50 0.60 0.70 0.80 0.90 1.00 (_6 g 1
pred.FemaIe 117 6 M training of 0.5(TCGA+CGGA) M training on TCGA E . o
pred.Male 5 197 3 < Survival: Gc?od predictions
© (may be linked to task
Subtype | CL | ME | NE | PN Classification: simplicity ?)
N PlCITY :
predCL | 6 | 0 | 0] O Much lower accuracy then S 7
pred.ME | 66 | 68 | 21 | 22 expected, when datasets are
predNE | 1 | 0 |52 5 strictly separated. 8 —
predPN | 1 [ 0| 8 |75 | | | |
IDH1 Mutantl WT Adding a part of CGGA data to 0 20 40 60 80
ored.Mutant| 101 9 training set significantly Time
pred.WT 51 139 improved classification
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» ICA corrects technical biases in the data

» ICA captures biologically-relevant signals of cell populations and biological processes
» ICA provides good features for patient classification

» ICA-based features can be united in a risk score, predicting patient survival

» We hope that ICA decomposition can be used for better data integration
(under investigation)

2019-09-15 GCB-2019 22
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Labels of dataset

TCGA da
GBM +
701 sam

Labels / classes:
Gender

Histology

Grade

Subtype
Transcriptome.Subtype
IDH.status
Chr.1p_19q.codeletion
IDH codel.subtype
MGMT.promoter.status

2019-09-15

Random
shuffling

Reordered labels

éTCGI:-\ dailfasetf
random order
' 701isamples |

1 2 3 4

20 ,1

Calculate
accuracy of
5-fold CV

Separate data & labels into
Training and Test sets

__________________________

— 5' Training set
2 3
1
4 5

_ Predicted 20003
labels of 1

25
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Classifiers can perform differently on different features. What is the most optimal for ICA?

Tested methods PCA: LDA:

« LR - logistic regression component axes that maximizing the component
& ) g o ) maximize the variance axes for class-separation

* PLSDA - partial least square discriminant analysis

* LDA - linear discriminant analysis ’ o J X

* MDA - mixture discriminant analysis A < R I

* RDA - regularized discriminant analysis W : ’

* FDA - flexible discriminant analysis

* kSVM - support vector machine (kernlab) NN\

« eSVM - support vector machine (e1071) e s e
* KNN - k-nearest neighbors

* RF - random forest (randomForest)

Sebastian Raschka

* RRF - regularized random forest LDA is a generalization of Fisher's linear discriminant, a method
* NB - naive Bayes classifier used to find a linear combination of features that separates
* GBM - gradient boosting model several classes of objects. The resulting combination may be
«  ABM - AdaBoost model used as a linear classifier or for dimensionality reduction before

later classification.

2019-09-15 GCB-2019 26
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Classification Method Selection L| ™
Mean Accuracy (5-fold cross-validation)
_J_ - Variables Standardized Performance of the Methods
. B
Histology Hogs 1.2 7 l
- 0.9 - T T — 95%C.l.
0.85 ' [T | — .
Gender 0.8 08 - T
0.75 o t
IDH_codel.subtype o7 c‘no') 0.6 —
Dataset || 0.65 04 —
IDH.status 0.2 - .
Chr.1p_19q.codeletion 00 - -
4 € € L S S =S < 4L =S @ @m Z2 <
MGMT.promoter.status O 0o Q0 x 5> o > a0 @m <4 2 2 0
@ w4 @ o 9 = X < v g
Subtype Method

Transcriptome. Subtype

(constant effect of variables was removed)
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Other Feature Selection Methods / Data Sources o

Gender Sample.type
10 - 0 Informativeness of Features
1
09 == 09 - |
-4 0.8
5 5 | =5 ==
T 08 — s 08 - =
S =] : 06
3 3 i
g o < |
07 7 == - = or 0.4
= -
0.6 — R 06 - 0.2
= s I
— T T T T T T 11 T T 1T 1T T 1T 11 0 |
—— (o} — — (o} [
Ss38gYsY 2 Ss3884sYs IcA PCA DEA AUC random
=Z 0 g X Eu S =Za g X En §
S 2739 S B7 39 .
SRS 5 © 0 5 Hgenes Mexons U junctions
a O 5 4 0O 3
O O
o o

Nazarov et al https://www.biorxiv.org/content/10.1101/395145v1
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Predicting Survival: Approach for Cross-validation I—| erure

1 OFHEAIH .
TCGA dataset ICA \ 20 runs of Cox regression Risk score Cox regression 7
701 samples | M-matrix / 5-fold CV (training set) (test set) for HS (test set) 1
Proposed risk score P-values

for j-th patient for test set

] — patient index
L=k i —component index
RS]- — 2 RiZHisz R?, — stability of i-th component (from 0 to 1)
= H; — Cox’ log hazard ratio calculated on training set
M7, ; — element of centered & scaled M-matrix

L] 50 100 150
Time
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