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Background: DNA Methylation L

I LUXEMBOURG

CpG is shorthand for 5—C—phosphate—G—3'

VVVVY

@ Gillespie, S. L., Hardy, L. R., & Anderson,
5 C.G C 5' C. M. (2019). Nursing Outlook.
3 doi:10.1016/j.outlook.2019.05.006
G.C ] 3

Main features

Responsible for tissue differentiation and is specific to tissue!
Can be changed by external factors and life style
Typically repress transcription (if in promoter)

Is strongly involved in carcinogenesis

DNAm signature is much more stable than RNA —
works even for paraffin-embedded samples

M et h Od S NH, . Gene Transcribed «— Gene Repressed
Standard: "bisulfite" (HSO;™) treatment: fj J\)lT ;\N o o OA\
unmethylated CpG—UpG s
Illumina arrays: 450k and EPIC (850k T e s,
Y (850k) S8

Sequencing: RRBS, WGBS

5-methylcytosine
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Background: Heterogeneity L

Heterogeneity in methylation data

ﬁ Observed methylation ﬁ

Confounding factors Sample Clonal evolution
and life style composition in cancer

- = —
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https://www.pancanology.com/clonal-evolution-model/

» Gender, ethnicity, age, lifestyle
» Natural tissue heterogeneity
» Inter/intra tumor heterogeneity due to clonal evolution

It is important to disentangle these effects! Ideally in a reference-free manner
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Mixing and Non-negative Matrix Factorization (NMF) L

profile S;

1 A S, +S, " S, + 38,
[
ke
©
gL
: = | R L.
5 features o > >
< Mixing features features
g 3 profile S,
< N 25, +5S
2 SxM=D e
‘ | | REEE
features 1113
features
T estimates profiles S
NMF: D=TxA allelements>0 A estimates mixing M

2020-11-13 http://edu.modas.lu 4



INSTITUTE
OF HEALTH

nnnnnnnnnnnnnnnnnnn

I LUXEMBOURG

Advantages and Issues of NMF L

PCA ICA NMF )
NMF: issue 1
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Advantages of NMF: Issues of NMF:
* Fits physical principles * Multiple solutions
« Easy to interpret * |s the minimal description stable?

— we need:

Sompairac el al, Int J Mol Sci, 2019 (link) > additional restrictions

Cantini el al, Bioinformatics, 2019 (link) > regularizations during fitting
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MeDeCom: Core Algorithm -

Lutsik et al. Genome Biology (2017) 18:55

DOI10.1186/513059-017-1182-6 Genome BIOlOgy
Standard NMF:
:
@ minrallD—TAllE = 37 Y (D) — (TA))?
MeDeCom: discovery and quantification subject to 0<Ti<1Vis
of latent components of heterogeneous Agj>=0Vs,j
methylomes YK A =1V,

Pavlo Lutsik'#T, Martin Slawski2>>, Gilles Gasparoniw, Nikita Vedeneev?, Matthias Hein?~ and Jorn Walter'™ ®

. : MeDeCom’s regularization:
Hypothesis: in a pure cell population, P
methylation should be either 0 or 1 n;in ID — TA|% + 2 Z Za)(Tis),Witha)(x) — x(1 — x)
A i=1 s=1 =k + observed data
m true methylomes
D=TxA+e subjectto 0 < Tjs <1 ¥i,s =4
s = MeDeCom, A=1-107°
Asi > 0 Vs,j o 8
] .
Other reference-free tools: v g . |
RefFreeCellMix — Houseman, BMC Bioinformatics, 2016 (link) ZAS] =1V S
EDec — Onuchic, Cell Rep., 2016 (link) s=1 s |



https://bmcbioinformatics.biomedcentral.com/articles/10.1186/s12859-016-1140-4
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5115176/
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Assumptions & Requirements

(1) Cell population consists of finite (and small) number of sub-populations.

(2) Each cell subpopulation have homogenous methylome profile => VCpG is either 0 or 1.
(3) Population mixtures are variable b/w samples.

(4) Low level of technical noise and high level of biological variability.

Distribution of mixed methylation data Ideal distribution in homogeneous case

Issues
(1) Extremely time / memory © 8 -
consuming, runs on HPC (easily can j < > o
reach 10 runs to cover - 5 [\
hyperparameter space) ol L
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
N = 2338100 Bandwidth = 0.00125 N =1000 Bandwidth =0.0075

(2) Sensitive to technical noise and
confounding factors (gender, age,..)
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Consensus Independent Component Analysis (consICA) ',—l OF A

Methylation data M,‘?tage“es Diagnostics:
@ w | using machine learning One
T | , ' tools (e.g. random component
c : © j forest) to predict classes e 3
2 [l . i3 of the new patients L .
E & : Loy S. g
> | i vl e =
£ : o
o | [ >
£ ‘ @ £
2 | 5| T
S| 2 genes
: E 8
: § S
': samples
@ Components
§ ~ weights in
B - patient groups
; Prognostics: ]
using Cox regression to M .
5 : frhs predict patient survival ° £
i} 2 components 2]
samples ¢ é

consICA: Nazarov et al, Enrichmentanalysis: patient groups

. . . linking components to biological
BMC Medical Genomics, 2019 (link) processes and cell types
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Deconvolution Data Challenge, 2018 L | b
e ICA Corrected
methy- - estimate k NMF
lation » lizati » methyla- » ice fitti
oo - normalization e B - precise fitting
- feature selection
Captures gender - one of the confounders Can reduce number of features
Met sSexe
2 | ./' ¢ . . . (involvem?el?tgsplseatures) pv=1.4e-31
o | 10— -T-I § — A,
3" - _
Z IC that “correlates” with R s | 2 -
= gender shows p-value o —
g 2 of... ) o
o P T T T 1 s
S | I I \ - -« w =
2 4 6 8 10
X=TxA

number of components
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Data preprocessing Deconvolution Interpretation
DNA Procedure Steps 6—-11 Procedure Steps 12-13 Procedure Steps 14-21 .
methylation DecompPipeline A f;\__AeDgc;m, FactorViz (1) Any methY|at|On tEChnO|Ogy
data elrreeCelivix, or . R .
RnBeads EDec DecompPipeline: data import,
@ Dat impor l — Feclorviz neriace (14-21) preprocessing, accounting  for
. L, et q . - confounders and feature selection
BED [ ' R SRR
2 o by ICA.
Unusual intensity Number of 3 e -1
components K 4 = S
Annotated SNP
15 Moo A
. (2) MeDeCom (RefFreeCellMix or
CSV| | Pant fitering and ,/\ Edec) performs deconvolution of
prep g (9) 0 .
Sample o] [ [ Phenotypic LMC-specific . R
anotation S o 1 || o 1 trai enrichment data into the latent methylation
Samples Methylation Proportion association (19) analysis (21) LM C d h
e components s) and the
. » D : proportions matrix. A and K should
m adjustment (10) l methytlgtion H % GOE)' be IdentIfIEd
]
ﬁ ranapos Rl et (3) The results are interpreted
Part I: solocting T A Difference using the R/Shiny visualization tool
CpG subsets (11) & a ':' .
g E s ﬁ Neg Pos FactorViz
3 X
&E H 1 K LMCs n samples
| |
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ICA Results: Preprocessing L | b
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a c . Evaluation of ICA on
= . ; N X
DNA I : TCGA LUAD dataset.
methylation ) . . Y .
matrix ""‘*‘Wé‘""" R P " L (a,b) ICA deconvolution:
Low High %E gg@ﬁ - ! ' components linked to
Entries of b= e 2 . u . Before ICA .
m Mand S independent = Samples 3 agqustment — confounding factors are
signals
S M After ICA
i L — hreiony  detected and removed.
3 % = age, sex, race
S E g2 Eﬁ or ethnicity o .
ndepondont & Sampies D" (c) Distributions of the
signals Transformed | | | | | *
ﬂ DNA 000 025 050 075  1.00 transformed (D*) and

methylation DNA methylation
matrix

original (D) methylation

b Component #11 Component #21 d Sex: matr'ces.
stability = 0.707 stability = 0.839 I ex:
female vs
1 006 Before ICA adjustment male
0.02 - J efore adjustmen o ..
= ] 2 004 . . AN (d) Associations
$ 0004 L & I P value nonhispanic  hetween LMC
5 ooz ] G o 5 8 8 3 8 8§ B i
-0.02 0.00 - Mean difference b= s s s b s = prOpOrthnS and
— R | — litative oh .
tié 2 222258 _ois 0.0 015 Sex. qualitative phenotypic
= ‘(-U‘ t“ 5 . . . . e
2 7353 g I'e“}a'e"s traits. (O - significant)
L oXIo = . male
. = After ICA adjustment
Sex: 2 Ethnicity:
Pvalue 1.6 x 10 Ethnicity: Hispanic vs
nicity: 5 non-hispanic
Pvalue 3.3 x 10
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R2 biw LMC and RIC weights

Biological
signals
TCGA: LUAD
MmRNA
data ICA S
Integration .
(correlation)
Methy-
lation MeDeCom> T
data .
Observations:
» LMC5 < IC35
Direct functional annotation of methylation is > LMG3 < 1C21
challenging — we end to map CpGs onto promoter > LMC1 < IC9
regions. In paper: LOLA (region-based) and GO on > LMC4 & 1C2, IC3

hypomethylated sites — IMHO can be improved

Recommendations? MeDeCom on methylation data

2020-11-13 http://edu.modas.lu 12
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LMCS5 «> IC35

LMC5 was correlated with marker
gene CLDN5 (Endothelial), pv = 1e-42

Functional annotation of IC35 is:

GO:BP pos : 59 terms(FDR<0.01)

Term

regulation of vasoconstriction
extracellular structure organization
regulation of receptor activity
regulation of ERK1 and ERK2 cascade
angiogenesis

positive regulation of cell proliferatio...

2020-11-13

LMC3 < IC21

LMC3 was correlated with marker
gene PTPRC (Immune), pv = 1e-32

Functional annotation of IC21 is:
GO:BP pos : 78 terms(FDR<0.01)

Term

immune response

B cell activation
inflammatory response

positive regulation of lymphocyte prolif...
B cell receptor signaling pathway
chemokine—mediated signaling pathway

lymphocyte migration

e

EPCAM
(Epithelial)

LMC1 < IC9

LMC3 was correlated with marker
gene EPCAM (Epithelial), pv = 1e-19

Functional annotation of IC9 is: (??7?)

GO:BP pos : 53 terms(FDR<0.01)

Term

regionalization

embryonic organ morphogenesis
embryonic skeletal system development
positive regulation of transcription fro...
limb development

neuron fate specification

nervous system development

LMC2 LMC3 LMC4 LMC5 LMCs

< LogP=2

1 LogP=6.8 “LogP=2

4 Logp=4

ki,

CLDN5
(Endothelial)

=

& 20,000 1

COL1A2
(Stromal)

PTPRC
(Immune)

e

Logp =
-Log, (P value)

04 0.0 0.6 0.0 05

Proportion
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b Quantitative traits Qualitative traits
Fraction of Sex: Ethnicity: Disease: d G O
Mutation  genome LUMP Stromal female/ Hispanic/ healthy/
count altered estimate score male non-Hispanic cancer
SON, O [ [ -
Regulation of leukocyte |
LMmc2 D I:‘ cell—cell adhesion
Regulation of
LMC3 ‘ D I:‘ lymphocyte activation
| ‘ MG O D D D Regulation of immune |
system process
.‘ H LMGS O D I:‘ . Regulation of cell |
activation
LMC6 C () . .
/ o N/ Negative regulation of |
«Q O O O 0O 0 0 oo
o Negative regulation of
Proportlon Gmup LUMP estimate Correlation Palue Mean difference Ce"—ce" adhesion
— S [ — R - Y
00 04 08 Healthy 01 08 -1 0 1 06 0.0 06
LMCA LMC3 LMC5 -Log, (P value)
Encode TFBS Encode TFBS Encode TFBS
TAF1-A549 NFIC-GM1287¢ | | EZH2-hESC Ma rke rgenes
ZBT33-HCT116 CHD1-GM12878 SUZ12-hESC
TBP-HepG2 RAUNX3-GM12878 EZH2-NHLF e
UGSC features NFKB-GM12878 4 EzizzHﬁijg LMCA ) LMC2 ) LMC3 ) LMC4 LMC5 LMCs LMC7
TBP-GM12878 - o " LogP— T ogPo e T LoaP = :
Nested repeats BATE-GM12878 - I CtBP2-hESC EPCAM 1,500 7 LogP=19 gP=2 0gP =638 ‘VngF'—21 LogP =2
Encode segmentation NFKB-GM18505 | - ESZUHZ; I%J:;E (Epithelial) +
PU.1-GM12891 4 :
Transcribed-huvec 0
ATF2-GM12575 - IR EZH2-NHEK (i —_—
DNase hypersensitive NFKB-GM12891 4 EZH2-HSMMtube 600 4 LogP=5
DNase-epithelial FOXM1-GM12878 UCSC fealures CLDN5 1.
DNase-epithelial PU.1-GM12878 { Evo CpG Islands (Endothelial)
DNase-liver BcL11A-GM12678 | CpG Islands Z
0 2 4 86 TBI&E;EI\MAES;: - Encode segmentation G 20,000 4 LogP =1
—Log,,(P value) P e Repressed-HepG2 (g?rlc;r:qalz) J
Encode segmentation Repressed-GM12878 L‘ Lo
Transcribed-Huvec 0 .‘ rrrT
Codex sUz12-ESC 400 {7
LO |_ A TCF7L2-HSC DNase hypersensitive EZH2-ESC PTPRC
TCF3-leukemia DNase-hematopoietic Gistrome (Immune)
RUNX1-AML DNase-lymphoblast HaK27me3-APL164 El Logr = 0 :
0 5 10 15 0 5 10 15 HaK27me3-APL164 -Log, (P value) 00 05 00
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-Log, (P valug)

(=]

5 10
—L0g,,(P value)

Proportion

http://edu.modas.lu




Pipeline Output: Ewing sarcoma, RRBS data L | b

. RESEARCH DEDICATED TO LIFE
a 1 b Quantitative traits Qualitative traits
tumor location: ~ TP53 STAG2 relapse CDKN2A .
,rﬂ_ﬂﬁ'ﬁ i rmﬂﬁ!h ,Iﬂ'm ;ﬂﬂ%‘.ﬂ. ,lﬁr:!;ﬁr.. | |'I.'||;-|-. ,ﬁﬁﬁﬁ'ﬂ:{ﬁﬁ LUMP — pge extra-osseous vs. mutation mutation  within5yr  deletion RRBS Red uced-rep resentation
I WU IR Y W FUR e WS Y I EONE Y estimate osseous lesion Novs.yes nNovs.yes NOVS.yes  No Vvs. yes

bisulfite sequencing. A next-
. generation sequencing strategy
yielding CpG methylation calls in
CpG-dense regions of the
genome.

| |I_II LMC1

I I LMC2

[ | cs

l LMC4
II | Lo

O
o=

QU@ QO
CO0000O

LMC6
Proportion Tumor location LUMP estimate Correlation | Mean difference
[ [Jabdomen - [Hpelis [T e B - DAGead —
eaa an nec spine .
00 04 038 lower extremity tr?orax 0 1 -1 0 1 0.3 0.0 03
upper extremity | |not annotated
c LMC6 d LMC6
Cistrome Encode TFBS
Lymphocyte apoptotic | LOLA | Hake7-arLis4 - cterz-hesc { I
process GABP-HepG2 - IIINIEN EzH2-hEsc N
EZH2-Huvec - N
Embryonic organ Egr-1-hESC - I
GO morphogenesis | KDM4A-ESC RBBP5-hESC - I
RBBP5-ESC - UCSC features
Cellfate | EZH2-ESC+ Evo CpG islands - I NNINENIEEN
specification CHD1-ESCH CpG islands 4
; TAL1-leukemia Switch DB TSS

0 10 20 30

o

10 20 30
-log1p(p-value) -log1p(p-value) -log1p(p-value)
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How about ICA alone ? L | b
Q MRNA components
A : . & ©g Leukocytes
NEIogENesIs <~ © - miRNA components
& =)
e ©
© ® Q methylation comp.
® ©
® = links: r’ >0.36
o © 4
Cell cycle <+— © @® i 3
(:,’J ® ©-@ =) B B
e@ © -0 . 00 04 08
® o R . @
Prognostic marker © o0 Cell adhesion
e, R S W G-
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Prognosis B RNA
L M miRNA
20 — Methylatlor.'n is M Methylation
the best predictor Combined
mRNA is the
. 157 best predictor
g
G
2
=S
]
8 10
5 p—
0 p—
Q O a8 = < O O = @) (@] @) O =
¢ ¢ £ ¢ g ¢ = 5 ¥ g g I @z
—————— . ,lx ? B \U/D - = N -
kidney renal clear kidney renal papillary . . oo
e e Combined features give good predictions for

breast and uterine carcinomas

2020-11-13 http://edu.modas.lu 17



: L[ s
Conclusions L | b

Presented pipeline: DecompPipeline + MeDeCom + FactorViz:

(1) provides a complete pipeline of combining top available tools

(2) is applicable for bisulphate sequencing data

(3) (early) MeDeCom was tested on synthetic and experimental data
(4) When in the pipeline, similar results with RefFreeCellMix

Limitations of the approach:

- low number of components (usually <10)

- may be tricky to interpret without RNA-seq data

- missing some important subpopulations: proliferating tumor cells
(though, cell division may be not affecting methylation?..)

Our consICA approach can be applicable to methylation data as well.
Despite it does not estimate concentrations as precise as MeDeCom, but
it can extract a lot more meaningful biological signals!
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