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Rise in popularity

“Multi-omics” citations

Citations Citations (Mean)
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32 Biomedical and Clinical Sciences
3102 Bioinformatics and Computational Biology 2,456
3105 Genetics 2,380

3211 Oncology and Carcinogenesis 2,06

https://app.dimensions.ai/discover/publication (8th Jan. 2023 : 132,863,611 referenced publications)
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Rise in popularity =

“Multi-omics” citations
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Omics... which ones ?

* SNP * DNA methylation * Gene expression * Protein * Metabolite
e CNV * Histone modification ¢ Alternative splicing expresssion profiling in
* LOH ¢ Chromatin * Long non-coding ¢ Post-translational serum, plasma,
* Genomic accessibility RNA modification urine, CSF, etc.
rearrangement * TF binding * Small RNA * Cytokine array
* Rare variant * miRNA
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Nature Reviews | Genetics

° Ritchie, M., Holzinger, E., Li, R. et al. Methods of integrating data to uncover genotype—phenotype interactions. Nat Rev Genet 16, 85-97 (2015).
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But also ?

Other data ?

clinical data
imaging data (full data or extracted characteristics)
new omics fields : fluxomics, ionomics, microbiomics, glycomics...

biological knowledge : DNA/protein, protein/protein interactions

— a priori in model definition/construcion
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Integration: why?

- Disease subtyping and classification ® o
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- Deep insights into disease biology

Vasileios et al (2018). Drug and disease signature integration identifies synergistic combinations in glioblastoma. Nature Communications. 9.
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Integration: how?

Artificial intelligence of course ... and so ?

L'IA comme domaine de recherche

gk tural language

el cessing (NLP) i automa.ted ontologies
machine . ezl reasoning search
learning raphical satisfaction MCTS
odels . lOgiC knOWledge Intelligence Machine
planning artificielle  Learning

representation
b games

deep learning multiagent semantic web

robotics & systems data

perception

IA dérivable IA Symbolique
IA numérique Good old fashioned Al

ining
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Integration: how?

Artificial intelligence of course ... and so ?

L'IA comme domaine de recherche
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Integration: how? (hint: with the Semantic Web) e
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Complexity

Quantity=
Big Data: Astronomical or Genomical?

Zachary D. Stephens’, Skylar Y. Lee', Faraz Faghri?, Roy H. Campbell?, Chengxiang Zhai®,
Miles J. Efron*, Ravishankar lyer’, Michael C. Schatz®*, Saurabh Sinha®*, Gene

E. Robi O

PLOS Biology | DOI:10.1371/journal.pbio.1002195  July 7, 2015

Life science: 1600+ reference databases

- integrating heterogeneous data Semantic Web = framework for:

and knowledge is (badly) needed! - integrating data and knowledge
Editorial > Nucleic Acids Res. 2022 Jan 7;50(D1):D1-D10. doi: 10.1093/nar/gkab1195.

The 2022 Nucleic Acids Research database issue and B q ue ryl ng
the online molecular biology database collection

) Daniel J Rigden 1, Xosé M Fernandez 2 ) rea so n i ng
«IFB e@,/r’
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Integration: how? (hint: with the Semantic Web)
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Supervised/unsupervised learning

Unsupervised learning

Unsupervised learning

find hidden patterns, analyze and organize unlabelled datasets.

X2

clustars

ex : clustering, dimension reduction, density estimation

Supervised learning

use labeled datasets and previous outputs to guess outcomes i»
advance (predictive model).

Supervised learning

ex : classification task (categorical/numerical), regression

X
(numerical) e

Semi-supervised -
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Curse of dimensionality

P : number of features

N NN =0 N —-=A
— N NO O M~ =
—_ 0 - - — = = oco
WA~V NONOANM
= O F XD O —
N>OO T AN T —
cco2 ~nwnon<
— o NN AN T~~~
N~ ANNT -0 ¢
S = = =~ - -
Z
NN = 0N —-A
— NSO 0O M — —
—_ 0= === = oo o
WA ON OO NM
= O N O~
AN~ OoOO TN ANAN T —~
cc o ~nwnon
—o N NN ——00A
= ANANNT 00N
O = = = ~~ N —- -
Z
NN~ 0N = A
—NnANCSCLCOMNn——x
—_—N == — = = cco
WA ANOINOANNM
= O T NN OO~
N>O O TN —~
cco2~wnwnnon<
— o NNt — =00
N = ANANNT =0 0N
O~ = =WV - —~

OoMIC2 OMIC3 (genes, proteins, genetic

|

OMIC1

)

variants..

N : number of observations

(samples, cells,

+«——— manageable

)

nucleotides..

Proteomics

L B

O wm O w

- o - O

S = o=

Metabolomics
N

™ = e~ ™~

o - O —

- O — O

S —= —

0101010101010 101

10111011101

Transcriptomics

impossible

11011

N<<P
(Single cell: N <

|

P)

1101110111011 101

1 011

11011

101 1101

Genomic

© -
S o -
© -
o~ ~
-o ~o
© -
S~ -
o mo
© o
o~ -
-o -
© -
S~ -
~owmo
S -
o ~o -
o e
© -
S~ ~
©
o ~o ~
-eo ~o
O rmm
o ~o -
o ~o

©

Methylomics
N <<<< P

12

el?(r
FRANCE

< IFB

INSTITUT FRANGAIS DE BIOINFORMATIQUE



Dimensionality reduction

Feature selection

— determine a smaller set of features minimizing (relevant)
information loss

ex : filtering methods (correlation), recursive elimination,
regularization

Feature extraction

—> combine the input features into another set of variables in a
linear or non-linear fashion

ex : PCA, PCoA, ICA...
+ regularization for sparse methods : sPCA, sSNMF
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Integration strategies

TOMics ™\

blocks
I ! — —— —%
A. Early ( B. Mixed C. Intermediate D. Late E. Hierarchical

|
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Common representation
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databases
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Sample classification
Disease subtyping

Biomarker discovery
Systemic knowledge

) Picard M. et al. Integration strategies of multi-omics data for machine learning analysis. Comput Struct Biotechnol J. 2021.
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Integration strategies

A. Early

block 1 block 2

concatenated
data

Concatenate every omics datasets into a single large matrix.

Pros :
- conceptually simple
- easy implementation
- directly uncovers interactions between omics

Cons :
- technically complicated (noisy and high dimensional concatenated matrix)
- imbalanced omics datasets
- ignores the specific data distribution of each omics

Picard M. et al. Integration strategies of multi-omics data for machine learning analysis. Comput Struct Biotechnol J. 2021.
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Integration strategies

B. Mixed

block 1 block 2

4 . &p
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Transform independently each omics dataset into a simpler representation
before integration.

Pros :

- new representation is less dimensional and less noisy
- less heterogeneity between omics
- classical approaches can be used on combined representation

Cons :

- choice of the transformation method is not trivial
- information loss during transformation

Picard M. et al. Integration strategies of multi-omics data for machine learning analysis. Comput Struct Biotechnol J. 2021.
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Integration strategies

C. Intermediate
Jointly integrate the multi-omics datasets without prior transformation.
block 1 block 2
Pros :
| | - reduce information loss
- discover the joint inter-omics structure
. 2 - highlight the complementary information in each omics
Common representation Cons:
l - could require robust pre-processing step to reduce heterogeneity
- common latent space assumption
I| il

) Picard M. et al. Integration strategies of multi-omics data for machine learning analysis. Comput Struct Biotechnol J. 2021.
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Integration strategies

D. Late

block 1 block 2

Apply machine learning models separately on each omics dataset and then

combine results.

Pros :

- avoid (numerous) challenges of direct omics integration
- use tools designed specifically for each omics
- classical approaches can be used to combine results

Cons :

- cannot capture inter-omics interactions
- complementarity information between omics is not exploited

Picard M. et al. Integration strategies of multi-omics data for machine learning analysis. Comput Struct Biotechnol J. 2021.
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Integration strategies

E. Hierarchical _ ) _ _
Include prior knowledge of omics relationships.

m Pros :

- reduced complexit tial int ti
redu plexity (sequential integration)
- integrate external knowledge

Cons :
block 2 - less generic than previous strategies
!

) Picard M. et al. Integration strategies of multi-omics data for machine learning analysis. Comput Struct Biotechnol J. 2021.
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Integration approaches

PINSplus

NEMO

Similarity

Correlation Multivariate

Fusion

Web semantic

h

Joint Bayesian factor Legend

PARADIGM Disease Subtyping

Disease Insights

H'I%ﬂﬁﬂ

Biomarker Prediction

®)_ Subramanian I, Verma S, Kumar S, Jere A, Anamika K. Multi-omics Data Integration, Interpretation, and Its Application. Bioinform Biol Insights. 2020
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Limits of integration approaches

Integration approaches are not magic!

You will still need to:

- carefully check design and confounding factors

- perform specific data pre-processing for each omic

- impute missing values™* (different meaning - different strategy)

- choose your integration strategy based on your objective and your data
(ex. matching between omics) = still no standard pipelines

- some omics bring more noise than answers

[ ]
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Web-applications

A RET signaling .+ B
- P = 0T o m D e B
i

PaintOmics (T. Liu et al. PaintOmics 4: new tools for the integrative analysis ' )
of multi-omics datasets supported by multiple pathway databases, Nucleic Acids -: ‘s 7@
Research, Volume 50, Issue W1, 2022.) -

30mics (K. Tien-Chueh et al. 30mics: A web-based systems biology tool for

analysis, integration and visualization of human transcriptomic, proteomic and
metabolomic data. BMC systems biology. 7. 64, 2013)

XCMSOnline (EM. Forsberg et al. Data processing, multi-omic pathway

mapping, and metabolite activity analysis using XCMS Online. Nat Protoc.
13(4):633-651, 2018)

N-Acetylglutamic acid

Gal axy-P p I’Oj ecCt (Galaxy-P Project. galaxyp.org.)

OmicsNet (G. zhou et al., OmicsNet 2.0: a web-based platform for multi-
omics integration and network visual analytics, Nucleic Acids Research, Volume
50, Issue W1, 5, 2022.)
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http://galaxyp.org/
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