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“Big data” in Genomics

TCGA GTEx

The Cancer Genome Atlas The Genotype-Tissue Expression

e

A
PARLE
| [
Over 11k tumors: Over 15k normal tissues:
« DNA (CNV and mutations) * DNA (SNPs)
* Methylation (~450k features) * RNA (~20k coding, >300k exonic)
* RNA (~20k coding, ~1k non-coding, * Tissue images (hematoxylin/eosin staining)
>300k exonic features) * Clinical data (age, gender, tissue characterization)
* Tissue images (hematoxylin/eosin https://gtexportal.org/
staining)

Clinical data (age, gender, survival...)

GEO

Gene Expression Omnibus

Gene Expression Omnibus

Repository Browser

DataSets: 4348
Series: . 128420
Platforms: 20821
Samples: 3549647

https://www.ncbi.nlm.nih.gov/geo/

https://portal.gdc.cancer.gov/ Why can’t we still understand and treat cancer?
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Background -

Heterogeneity

- Experimental data (RNA-seq) I/:

| amm

Technical Sample Clonal evolution
heterogeneity composition in cancer

= = "'
s P 0O BeS
-/ fwoww pancanology.com/clonal-evolution-model/

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

Experimental data (RNA-seq) I =N

L |
Technical Sample Clonal evolution |:|
heterogeneity composition in cancer I:I
_ <:> Single cell
o O % ’i- O
3 ! z f “‘-u‘; & | ‘-'“

Can we come out with a method, that would :

1. Disentangle cell composition heterogeneity
2. Corrects technical biases in bulk sample and in single cell data ?

3. Make use of single cell data for bulk sample °
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Method L
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Consensus ICA (consICA) and its validation
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Consensus Independent Component Analysis (consICA) ',—l OF A

- Expression data Metagenes Diagnostics:
Al o | using machine learning One
- M §) tools (e.g. random component
Disc;;ely O [is ' ' forest) to predict classes 2 v
i i i i () o
dataset | ; 5 of the new patients . e
(TCGA) i S:¢
\ 4 i % i f _g
T— N A4 .l c
2<_<__! H, th o AR ; ‘i“;.,'.. o L“.._‘ C
: YA o
: E S x M. = genes
: o EE 4 RSt (o]
Mg v » samples
W_TW« ’ : T f Components
‘ amj 8 HJ ; : : > weights in
1 | _ i : patient groups
Investigation ' Prognostics: ]
dataset ; _ ' using Cox regression to M .
(new patients) : & 8 i predict patient survival ° =1
éamples components %0 ]
Data driven! > <§
Enrichment analysis: patilent grloups
consICA: Nazarov et al BMC Medical Genomics, 2019 (link) linking components to biological
ICA review: Sompairac el al IntJ Mol Sci, 2019 (link) processes and cell types
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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
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Validation with Cell Lines L | b
Reference dataset Technical/trivial components:
530 GBM patients gender and platforms
(TCGA)

4 _ A
Investigated dataset ‘ Biological gl |
58 samples: knowledge: 8-
cell lines, xenografts & » IC A » bio-processes |
o e
. patient tissues ) and sample | e o5
cnmpnsltlun -0.08 -0.06 -0.04 -002 000 0.02 0.04
Relevant components: immune
» We were able to map in-house cell line data onto TCGA dataset (GBM) signal, stroma, cancer cells
» Some IC components captured technical factors R
» Other components — relevant biological information: cell cycle, cell Tl e

migration, presence of stromal and immune cells

part of:
Golebiewska A. et al, Acta Neuropathologica, 2020 (accepted)
https://www.biorxiv.org/content/10.1101/2020.04.24.057802v1 full

o
o
claasical CLiano)
.05 0.00 00 -
Cell migration
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https://www.biorxiv.org/content/10.1101/2020.04.24.057802v1.full
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Reference dataset Biological Cluster
| blic dat t K ledae: Accuracy Actual cluster
arge public datase . e 90.0% |immune keratine MITF-low
(TCGA) bio-processes r:-l!ld immune 160 9 6
sample composition keratine 9 91 e
. ' MITF-low 1 2 47
Investigated Potential
dataset: » ICA » T e
(new clinical . . . .
sample classification .
samples)
\. J/ i :
Machine Potential s 5.
. . < e
learning, Cox prognostics: TN 3. | ﬁlﬁ
regression hazard score o .
' ’ Sur::ivalt}f'ne (;Zears)zﬁ * ' Survisvaltime (y;’ars) “
Aliaksandra
K(“l‘\'/l‘gic?agka;’)a Collaboration with Dr S.Kreis (University of Luxembourg)
studen
Nazarov et al, BMC Medical Genomics, 2019 (link)
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ICA for Data Integration L
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g Functionally
» enrichment J*— annotated
Gene _ gene sets
expr. Se |X| Mg
data
Functional
[ correlation annotation
of miRNA
miRNA
c s X M o RIC27
expr. ICA M m
data RIC57
RIC79
Survival e "gl’““"le RIC28
gna
Collaboration with Dr S.Kreis (University of Luxembourg) o . o

Nazarov et al, BMC Medical Genomics, 2019 (link)
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https://bmcmedgenomics.biomedcentral.com/articles/10.1186/s12920-019-0578-4
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Application to Pan-Cancer Data

Yibioa Wang
(ex-MSc student)
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TCGA
The Cancer Genome Atlas Scheme
>11k patients, 33 types of tumors [ ] Biological

MRNA p signals

data ICA S x

* clinical data (age, gender, survival...)
*  mRNA (10k samples, 20k features) p Survival

*  miRNA (> 9k samples, ~1k features) miRNA III ST analysis (Cox)

* methylation (>9k samples, 450k features) data . i X

AN Classification
N (RF)

t-SNE Result : perplexity = 50

Methy- E
s e lation ICA S| x - *J{ Integration
S, data i | )

o e (correlation)

+-SNE Dim

- Here we used consICA with 100 components & 40 runs

-----

e another example of ICA for methylation data:
Scherer M. et al. Nature Protocols, 2020 (accepted, link)
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https://www.biorxiv.org/content/10.1101/853150v2.full
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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" cycle c . CESC Cervical.sq. ce'II carcinoma and endocervical adenocarcinoma
OX regression: CHOL Cholangiocarcinoma
_ _ LHFltiafg?('g::aif;,?.SZ) COAD Colon ac.Jenocarcinom?
04 - T - _ DLBC Lymphoid neoplasm diffuse large b-cell lymphoma
ESCA  Esophageal carcinoma
: _ | = low GBM  Glioblastoma multiforme
0.2 o H = == high HNSC Head and neck squamous cell carcinoma
z ' : i ' H H . E 4 KICH  Kidney chromophobe
g ' - 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
02 7 o L o 4 LGG Brain lower grade glioma
- - P : S LIHC  Liver hepatocellular carcinoma
+ ' ' oo Time LUAD Lungadenocarcinoma
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 1 ov Ovarian serous cystadenocarcinoma
é § g % g § § % § g %) § % % é % % 8 é § g § L%’) § g‘ % é § § § Q % § 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 low grade diffuse cervical s.c.c & READ _ Rectum adenocarcinoma
adenocarcinoma glioma glioma 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
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Signals

-cancer

Pan

Signal of T-Cells*

RIC16

Signal of Mast Cells*

RIC17
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Cox regression:
logtest pv=1.4e-87

LHR=2.85 (Cl = 2.57, 3.12)

Angiogenesis

RIC57

= odiM
- 9d0d
L HOIM
- Odvs
~ VOHL
- avvd
L avis
= OHIT

- WNgo

00V

F avn
- voug
L TOHO
= son

= 991

- vos3
- avdd
- WOMS
F osn
- OS3n
= 030N
- volg
- 1091
- avay
~ OSNH
= WAHL
- avoo
= NO

= 0d1a
- ddt

= WAN

= 0830
= AVl

mast cells (TAMCs) ?

WBamusuodwo

(*) assigned based on LM22 signature (CIBERSORT)
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Q MRNA components
® = @
, e — 4—3———@ Leukocytes ]
Angiogenesis @ ® — miRNA components
@ ®
& e ©
© ® Q methylation comp.
) ©
® = links: r’ >0.36
@@ @) I
Cell cycle <« e f‘_“')@) _%
(:,’J ® ©-@ @ B B
e@ © ©-0 . 00 04 08
© @7 ® g @
Prognostic marker oY) Cell adhesion
S e &P v 5 °
LHR=—24?14(CT=—£6.35, -21.92) G@ @ RO @ ) @® —
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Pan-cancer: Prognosis L | b
B mRNA
L M miRNA
00 - Methylatlor.'n is M Methylation
the best predictor Combined
mRNA is the
- 157 best predictor
3
2
2
]
8 10
5 -
0 —

KIRC
SKCM
BRCA

ACC
UCEC
MESO

LIHC

LAML

kidney renal papillary
cell carcinoma

kidney renal clear
cell carcinoma

Combined features give good predictions for

breast and uterine carcinomas

15
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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
pred.LGG
pred.LIHC
pred.LUAD
pred.LUSC
pred. MESO
pred.OV
Normalizfgﬁfnlgl’i‘s:\on Matrix pred. PAAD
1 pred.PCPG

0s pred.PRAD

0s pred.READ
Dos pred. SARC
pred.metastatic . pred.SKCM
pred.STAD
pred. TGCT
pred.normal pred. THCA
pred. THYM
pred.UCEC
pred.primary pred.UCS
pred.UVM

107 9909 0.856 0.931
0.891

0.920 ¢ 847

0.927

0.8

0.6

Balanced accuracy

0.2

0.2

0.0 —

U

tissue
dataset

pred.blood

poojq
[ewiou
Arewnd
jole) 4
vo14g
vod4g
0S30
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avoo
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Single-cell data L

|ICA on single-cell data: application and
interpretation of bulk-sample data

@ ©®

°® oy ©°

&) L Maryna Chepeleva
(MSc)
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ICA for Single-cell Data L | b
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LIFE

Remove batch effect

batch 1 A ‘a" ’

Remove batch effect
and cell “size” effect

Correction of technical effects

Enm — Snk X Mkm
M, <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 ("library" size).

part of:
Dirkse et al. Nature Communications, 2019 (link)
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https://www.nature.com/articles/s41467-019-09853-z
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ICA for Single-cell Data -
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Cell Cycle in Single Cells Cell Types
e Reads
° (millions) .
= 2
©
2 T .
2 - e - @ . 5
z 8 CCNA2
5 ANG '
8) .

-0.15 -0.10 -0.05 0.00 0.05 0.10

Dominiguez (2016) Cell Research

IR Dirkse et al. Nature Communications, 2019 (link)
- ~IC: mitotic cell cycle Sompairac el al Int J Mol Sci, 2019 (link)
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Direct comparison of ICA results on bulk-sample data with single-cell data does not work! s terdo
B|olog|cal. Diagnostics / s
S . knowledge: M prognostics:
bio-processes and e ° + ‘
sample classification

cells subtypes [ I

R EREE

Biological i 1s § i

knowledge: ey

Ldat S bio-processes and | 1 M Tumor Normal tissue
cell data cells subtypes

=]
@
D
Cell cycle 3
(@)
Single-cell data helps , 5
= a8 . . . . ©
Maryna Chepeleva interpreting signals in S
(MSc student) bulk-sample o
deconvolution . o

https://f1000research.com/slides/9-1025
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» ICA on large datasets:
» Corrects technical biases
» Extracts "cleaned" biological signals from bulk-sample data
» Map 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
» Different cancers are better "presented" by different omics data

» Combining results of ICA on large bulk-sample datasets and ICA

results on single-cell data strongly improves interpretability
» normal cells helps identifying signal from stroma
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