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Rise in popularity

“Multi-omics” citations

Show years 2017 to 2026 ~ Chart | Table
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https://app.dimensions.ai/discover/publication (22" Mar. 2026: 163,356,634 referenced publications)
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https://app.dimensions.ai/discover/publication

Rise in popularity

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

* SNP * DNA methylation * Gene expression * Protein * Metabolite
* 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
Genome Epigenome Transcriptome Proteome Metabolome Phenome
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Transcription Expression Translation Function

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 related data ?

clinical data
imaging data / radiomics / pathomics (full data or extracted characteristics)

new omics fields : fluxomics, ionomics, microbiomics, glycomics...

biological knowledge : DNA/protein, protein/protein interactions, DNA @STHNG
recombination

— a priori in model definition/construction BioGRID
| INtAct .
o (a) Axial slice (b) Tissue segmentation
° L )
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Data format

— Omics data: mostly dependent on omics and/or technology (FASTQ, VCF, mzML...)
— numeric matrices

— Clinical: very heterogeneous (care/research), coding standards (diagnoses, medication...),
electronic health records with interoperable standards such as openEHR or FHIR
— numeric matrices

— Imaging data: Digital Imaging and Communications in Medicine (DICOM) standard (image
storage, metadata definition and communication protocols) but also TIFF, NifT|
— numeric matrices

DATA METADATA

indable Accessible |nterop{}rahle eusable
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Data accessibility

GEN®MED4ALL
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Common data model for federated learning
on multi-omics and clinical data?

BfiE

Challenges

Cremonesi F et al.. The need for multimodal health data modeling: A P
practical approach for a federated-learning healthcare platform. J '

Biomed Inform. 2023
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Wish-list des types de données

Génomique

« WGS

+ Génotypage (puces ADN, PMRA) i

 Variants génétiques (eQTL, mQTL, GWAS) Epigénomique

+ Métagénomique (16S, short/long reads) + Meéthylation (EPIC, bisulfite sequencing, RRBS, EM-seq)

Transcriptomique

* RNA-seq (bulk, long/short reads, Nanopore, lllumina)
* scRNA-seq/snRNA-seq (10X Genomics, Visium, etc.)
* Nascent RNA-seq

» Meétatranscriptomique (microbiote, pathogénes)

* miRNA-seq (puces ou séquencage)

Accessibilité de la chromatine (ATAC-seq)
Modifications d’histones (ChlP-seq, Cut&Run, Cut&Tag)
Epitranscriptomique (m6A, R-loops)

« CITE-seq Protéomique, métabolomique et lipidomique

® o
g/lFB elz'ggi'r Mais aussi : données spatiales, imagerie, cytométrie, phénotypique, clinique

FRANCE

Spectrométrie de masse

Ribosome profiling (traductome)
Métaprotéomique (microbiote)

Protéines associées a la chromatine (Pol Il, etc.)



Vous connaissez/utilisez/aimeriez utiliser

Analyse single-omics :
DESeq2, edgeR, Seurat, Boruta (métabolomique),
ChromHMM

Corrélation et clustering

Analyse d’enrichissement :
GO terms Visualisation :

ShinyR, PCA/MDS (réduction de
dimension)

Outils d’intégration :

WNN, WGCNA, SNF, iCluster, PLS-DA, MixOmics,
DIABLO, RGCCA, SGCCA, ComDim/CCSWA,
MOFA, network diffusion hierarchique, MINI-EX

[ J \ . °
IFB el
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Integration: motivation and challenges

— Take advantage of the vast amount of available data

. . . Eﬁable Accessible nteroperable Reusabfe
- Data access (local/national regulation, infrastructures...) O OO o
/ % G

- Data representation (structuration, ontologies...)

— Need of common representation framework

— Improve our understanding of biological phenomena
- Data heterogeneity (technology, format, meaning, distribution...)
- Data complexity (dependances/independances, ad-hoc assumptions...)
- Amount a data (time/memory consumming)
— Need for methods adapted to these data

® ]



Integration: biological motivation

- Deep insights into biology phenomenon

- Subtyping and classification (disease, species, varieties)

- Biomarkers prediction: diagnostic, disease drivers, plant/animal
selection...

Cancer
type -
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o " : Y i Y o
® GBM g e @ty | -y =
® HNSC N m:tabalumel '
2% 0 2 EEEE rescripome i .
® KiRC pet d speaman corston s %' - : !
wo © T eorL® ) /€ Y\ 1
Py o y, e —— g | Yo
owsc , @, ] 2 EREE 1 1 1P
® READ s 1 = M . '
3 o N ! R't‘ v/
y J i ]
UCEC 0 .’(n | gﬁ: pan-gersome : :
ov T3 ’ 3 e
" N H 3 WS i ". <7
] 5 L { e
o = g2 o — ! -l
. ——— genomerepigenom:
20 ox ' 20 4 TCGA tumor samples : B Ewas H Traits
Phessotype Prediction 5 ‘Data collection @ Omics Integration” P Trit Dissection

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

LIFB e
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Mahmood et al (2022) Multi-omics revolution to promote plant
breeding efficiency. Front Plant Sci Dec 8.
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Integration: how?

Artificial intelligence of course ... and so ?

L'IA comme domaine de recherche

gk tural language

P automated
machine : reasoning search
learning araphical satisfaction MCTS

odels | - logic knOWledge Intelligence Machine
ptanning representation artificielle Learning

ocessing (NLP) ontologies

constraint

b games :
deep learning multiagent semantic web

robotics & systems data
perception

|A dérivable IA Symbolique
IA numérique Good old fashioned Al

ining

° ]
IFB el
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Integration: how?

Artificial intelligence of course ... and so ?

L'IA comme domaine de recherche

gk tural language

Cessing (NLP) automated

machine constraint

learning satisfaction

: logic
planning

deep learning multiagent
robotics &

perception

- systems
ining

|A dérivable
IA humérique

Improve our understanding of biological phenomena

° ]
IFB el
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reasoning search

ontologies

knowledge
representation

Machine
Learning

Intelligence
artificielle

Deep
Learning

semantic web

data

|A Symbolique
Good old fashioned Al

Take advantage of the vast amount of available data
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Take advantage of the vast amount of available data

-
-

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. Robinson®*

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. - querYing

The 2022 Nucleic Acids Research database issue and H
the online molecular biology database collection - reasoni ng

° ° Daniel J Rigden ', Xosé M Fernandez 2
CIFB el

Affiliations 4 expand 15
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Take advantage of the vast amount of available data

* ®
* °® biopax3:Catalysis
‘ g biopax3:Protein
iProt e g
[ I ] uniprot:P35558 rdf:type
rdf:type
taxon:207598 biopax3:eéntityReference biopax3:controller
“HAmy” W rd%:subCIassOf Giiasaneaas reactome:...P6426 eactome:...C2179®
e i
taxon:9605
"Homo sapiens"
M rd?;subclass rdf:type "oxaloacetate + GTP => phosphoenolpyruvate + GDP + CO2 [cytosol]"
txon: 9606, biopax3:Pathway
biopax3;ebntrolled
SHEnRene biopax3-etganism rdf:type biopak3:displayName
biopax3displayName :

"dicarboxylic acid" eactome:...PW70263.. biopax3:BiochemicalReaction
\ - freoctome

chebi:35692 chebi:25754 —> "oxo carboxylic acid"

biopax3:pathiwvgyComponent
rdfs:subClassOf 5
\R /A DBt reactome:...SM91
chebi:36145 chebi:... reactome:...SM30 reactome:...BR5566 P4
, - biopax3:right

N biopax3:left £
dfs:sublassOf piffs:subClassOf M bi 3:right i
N OPILY 7 reactome:...SM999

/

chebi:30744 : ; » —
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"oxo dicarboxylic acid" opex e /
reactome:...SM1312 S
v d reactome:...SM1316
“oxaloacetic acid" ftype ’,
"Oxaloacetate" M P
4 b "phosphoenolpyruvate"

biopax3:SmallMolecule
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Integration: how?

Artificial intelligence of course ... and so ?

L'IA comme domaine de recherche

gk tural language

Cessing (NLP) automated

machine constraint

learning satisfaction

: logic
planning

deep learning multiagent
robotics &

perception

. systems
ining

|A dérivable
IA humeérique

Improve our understanding of biological phenomena
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|A Symbolique
Good old fashioned Al

Take advantage of the vast amount of available data
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Curse of dimensionality

P : number of features
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Integration strategies

group 1 group 2 group 3
genomics
) \ horizontal
; . ‘\ [ e
epigenomics | :
|
an . .
_
transcriptomics
.':_l .fklt,r‘]\ ‘f'h‘
proteomics |----,
metabolomics
vertical diagonal / mosaic
CCICICC] measured

rimissing

Vertical integration: combines different omics
modalities within the same group of samples

Horizontal integration: aligns datasets from the same
omics layer across different sample groups (e.g.
batches, cellular models)

Diagonal integration: combines distinct omics
modalities from different sample groups to explore
inter-modality relationships across groups

Mosaic integration: leverages overlapping modalities
across samples to infer relationships and impute
missing modalities

[ J
é/ | FB E’;’XF. Baido AR. et al. A technical review of multi-omics data integration methods: from classical statistical to deep generative

FRANCE

approaches. Brief Bioinform. 2025



Supervised/unsupervised learning

— Unsupervised learning Unsupervised learning
find hidden patterns, analyze and organize unlabelled data. i
eg: clustering, dimension reduction, density estimation %, g

— Self-supervised learning : optimise a loss function based on a ground truth
Xy .

— Supervised learning

use labeled data to predict new observation outcome (predictive model). SupErsid Kewrting
eg: classification task (categorical/numerical), regression (numerical)
— Semi-supervised o

use labeled and unlabelled data to predict the unlabelled data and/or outcome ety

eg: inductive/transductive approaches Xy

° . . .
/IFB alixiy. And also: transfer learning, reinforcement learning
¢ IFB el 20



Dimensionality reduction

Feature selection

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

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

Feature extraction

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

eg: PCA, PCoA, ICA...
+ regularization for sparse methods: sPCA, sSNMF

® °



Integration strategies

. - .

| [ C.Intermediate D. Late | E. Hierarchical |

ol | e
——
i

Common representation
| L
FI.IIHI tunt] + o] 4]

I I I |

L

-

e  Sample classification
e Disease subtyping

e Biomarker discovery
e Systemic knowledge

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

[}
< IFB e@ﬁ' 22
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Integration strategies

A. Early

block 1 block 2

I_l_l

concatenated
data

Concatenate every omics datasets into a single large matrix.

Pros :
- conceptually simple
- easy to implement
- can reveal interactions between omics

Cons :
- increased noise and dimensionality (concatenated matrix)
- need to deal wih imbalanced omics datasets
- ignores the specific data distribution of each omics
- need a common dimension (rows or columns — samples or features)

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

° ]
IFB el

FRANCE

23



Integration strategies

B. Mixed
Transform independently each omics dataset into a simpler
block 1| | block2 representation before integration.
' °~\..*..o Pros :
L B - the new representation is less dimensional and less noisy

I_l_, - reduce heterogeneity between omics

Y - classical approaches can be used on the new representation

° Cons :

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

- need a common dimension (rows or columns — samples or features)

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

L] [ )
IFB el 24



Integration strategies

C. Intermediate

block 1

block 2

e

\

Commen representation

Jointly integrate the multi-omics datasets without prior transformation.

Pros :
- reduce information loss compare to the mixed strategy
- discover a joint inter-omics structure
- highlight the complementary information between omics

Cons :
- can require robust pre-processing step to reduce heterogeneity
- common latent space assumption

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

..
lixir

[ J
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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 the (many) challenges associated with direct omics integration
- you can use tools designed specifically for each omics
- classical approaches can be used to combine results

Cons:

- cannot capture direct 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

databases

block 2

Include prior knowledge of omics relationships.

Pros :
- reduced complexity (sequential integration)
- integrate external knowledge

Cons:
- less generic than previous strategies

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

IFB_ ey
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Integration approaches

Similarity

[ neucs [}
{ Network Tools/Methods ]

Web semantic
Fusion
d

Joint Bayesian factor Legen
iClusterPlus
e

Subramanian I, Verma S, Kumar S, Jere A, Anamika K. Multi-omics Data Integration, Interpretation, and Its Application. Bioinform Biol Insights. 2020

[}
< IFB e@( 28
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Network based methods (eg SNF)

Capturing shared topological structures and interactions across omics layers through networks

Data Used

Serum metabolomics

Patient Affinity Matrix Patient Network
A.

Gene Expression

P
SN
+ y :’- ‘-,. LN T
miRNA Expression sty ;" : .
+ .. LY . '\
o e RN SN
Copy Number Iy i &S eotptoe s
Variation 7 _N'b;'?'SNF cluster 2 (n=34)
SNF cluster 3 (n=26)
B.
Gene Expression
C.
BAL iTRAQ
. , , , miRNA Expression
Li C et al. Integration of multi-omics datasets enables molecular 2
classification of COPD. Eur Respir J. 2018

° °
IFB el
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Chiu AM et al. Integrative analysis of the inter-tumoral 29
heterogeneity of triple-neqgative breast cancer. Sci Rep. 2018



Matrix factorization based methods

Original

NMF
FW W

\ el
< B ket ST

e Y
B s W
;-\-‘;: Ih' > .-_

o o - e =gl X% =

(S5 es €2 :l

Lee, D et al. Learning the parts of objects by non-
negative matrix factorization. Nature 1999.
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Cross- and intra-omics
interaction network L

Multi-omics data
X0, xO,.. . x®

-/

— X-intNMF —

D
in f= 1 @ _ waH|?
in, f= 3 3 |XO - WOH|

D D
DD Tr(WOTLEFIW@)
p=1g=1

D N
+2 Ba|[ W, + 2wl

—

Downstream tasks

Disease Outcome

Omics factor matrices

wO,w@, . wP)

Latent components
&
o
i

Sample factor
matrix H

Y

Prediction

L Survival Analysis

Tien-Thanh Bui, et al. X-intNMF: a cross- and intra-omics regularized NMF

framework for multi-omics integration, Bioinformatics 2026

Noise

https.//compgenomr.github.io/book/matrix-factorization-methods-for-
unsupervised-multi-omics-data-integration.html
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Probabilistic based methods (eg iClusterBayes)

Like PCA, a projection from the initial space

\ . A Samples (n B
onto a low-dimensional k subspace ) Ba10)
51 < Bl 3
yyt=xirjfﬁjr+8ijhi=1""sn9j=19"'1pht€(17"'9m) é-.? ; pf *ﬂ'
) A= - . D lﬁ"
E < -,
, £ o3 s
x; = (1,2) = (L,zy,--- ,zy) projection vector in the k-subspace ~ © 1‘ DNA copy number —3 (2 48
. 1 730 (v
rjl‘ = dlag(la )/jl") R )/j!) Indlcatlve dlagonal matrIX g Y20 1.:-—1.0—0,5;_.;1"01.: 10 1.8 z.u_ao \‘:\
/4 .. @ o
B, = (B> Byes--- . Buir)  coefficients vector o b :
_ 22 Gene expression Integrat.'ive 5
Bj ~ MVN(B,, Zo,) multivariate normal distribution 8 Gustaring 2
= - L
o; ~1G(w/2, w0, /2)  inverse-gamma distribution E E
L =
x ~ B 1li . B lli distributi “ng o
Vit ernoulli(g,) ernoulli distribution P DA o
1 e LT >
LS ; 5
n oL
g - £
: , . : o L
Use the Gibbs and Metropolis—Hasting sampling . _ . = R
algorithms to sample for statistical inference. * Somatic mutation iCluster A B C D

L] Y . . . . . . . .
P ) Mo, Q. et al. A fully Bayesian latent variable model for integrative clustering analysis of multi-type omics data.
éf IFB E’Pﬁ. Biostatistics. 2018 31
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Variance/covariance based methods

Canonical Correlation Analysis (CCA)

LIFB e

DE" BIOINFORMATIQUE FRANCE

Samples

Samples

Samples

Z

w N -

Zz

X X Xz Xy

Assay X

Y, 3 Vi ¥

Assay Y

Zy Zy Zy Zy

Assay Z

CCA

Jiang, MZ. et al. Canonical correlation analysis for multi-omics: Application to cross-cohort
analysis. PLoS Genet. 2023

C]:”oﬂ!’ caLIV ve::;:or S Canonical variables
X1 X3 X3 X4 le CVXE CVx:i CVK4

W CVx=XxWx 2 CVx

Wi Wy Wys Wy ! i maX(COI’(CVx1,CVY1,CVz1))
CVy1 CVyy CVys CVyy

[ 1
l/. CW =Y xWy 2 CVy

W1 Wiz Wig Wiy ﬁ max(Cor(CVx1,CVy1,CVz1))

CVz CVgp CVgy CVigy

Wy CVi=ZxWy; 2 CVz
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Variance/covariance based methods

Conventional CCA
max corr(Yiuq, Youg)
uq Uy
ol S1gu . :
domains of variables
6 Yi = d(¥i) o collected on the same
ok k Y, € RNXPk k= 1,2 samples k > 2
penalty
Hn Uy
Nonlinear CCA Penalized CCA Multiset CCA
max corr(Yyu, Yous) SUMCOR : ulma-?f‘ f=
nax corr(¢(Yy )uq, #(Ya)ug) u1,42 k (Pt
L with penalty on uy E corr(Yiu;, Yju;)
implicit feature ]
mapping unknown ¢ . .
é: Y — d(Yi) Yy — ¢(Yi) lasso regression (L) lasso regression (L)
embedded in penalty on uy penalty on uy
kernel Hy
Kerngl CCA Deep CCA Sparse CCA Sparse Multiset CCA
R k
]y o con r(¢(Y1)u1, #(Y2)usz) max corr(Yyuy, Yauz) w2, > corr(Yiuy, Yjuy)
[oT B2y ug"Hgvz ‘ Bt Ltk jiti
where H, - o Yk ¢ is learnt from the data T with lugly < cx

uk ¢Yk) vkk—12

/ | FB =liir Wrébel, S. et al. Data integration through canonical correlation analysis and its application to OMICs
) e research. J Biomed Inform. 2024 33
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Kernel principle

A kernel function maps input features onto a new space, which may be of higher dimension

TrainingData
o New features

© o | /
o © ® Decision surface
°© ° ™ 1 u
o .- mgn©
| | m B
o ® =
* Kernel | |

.y = pgm ©
) e | —N\ ]

o "mm ®m © [ Transformation
o o .--. | | O g 1
J

oo N o
° ° -
o g % *e
0® °.®
o o e
&r -
Features
Low —dimensional space Increased dimension space

Learn non-linear models from linear based algorithms using kernel functions VY(z,z') € X%, K(z,z') = (z,z'),
« Polynomial kernel : V(z,2') € X*, K(z,2') = ((z,2'),)
202

. T _(B, 2
» Gaussian kernel : v(z,z') € X?, K(z,2') =exp (_”7“2)

2 -'
¢ IFB E’%- Tychola KA, Kalampokas T, Papakostas GA. Quantum Machine Learning—An Overview. Electronics. 2023; 34
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Kernel based methods (eg pairwiseMKL)

rCeII line kernels
calculated from
genomic data
sources

Drug kernels
calculated from
chemical data
sources

T .

a, o

&2

Predicted

dru

bioacti\?ities

STAGE 1

Kernel mixture weights
optimization

[ T W]

Measured

rug
bioactivities

STAGE 2

Kernel-based
prediction algorithm

Pairwise kernel weights

pairwiseMKL

B 4 l
X X X X X X
. 000 r (o m ﬁI . 0 [j )
@+ Q@ + @ + ® +
= | = | Suwe = | [ m ‘\,\Qh ‘nl '7, I

Y

Weighted sum of input pairwise kernels

| ZlFB .
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Anna Cichonska, et al. Learning with multiple pairwise kernels for drug bioactivity prediction, Bioinformatics, 2018.

10 drugs kernels
12 cell-line kernels
312 proteins kernels

120/ 3120 pairwise
kernels (Kronecker
product)

regularized model
optimization to identify a
subset of pairwise
kernels weights
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And combine them

* intermediate fusion of multimodal
data through 11 algorithms

» each clustering results are
converted into a binary matrix

» Jaccard index was calculated for
the 11 matrices in order to assess
the similarity between the samples

+ late fusion of the results obtained
from the 11 algorithms in order to
derive the final clustering results
using the COCA method (Clustering
of Cluster Analysis) and arrive at
consensus results

A Multimodal preparing Multiomic data Integrative analysis

- - -

A MLR  IntNMF
ClusterBayes LRAcduste

[ J
é/ | FB EI?«,." Liu, Z. et al. Multimodal fusion of radio-pathology and proteogenomics identify integrated glioma

NCAIS DE BIOINFORMATIQUE FRANCE

subtypes with prognostic and therapeutic opportunities. Nat Commun 16, 3510 (2025).

.
T T E N T T T ESs
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Integration approaches : neural networks

[ Clinical outcomes Prediction Survival analysis ]

ou Deep Learning
for multi-
Convolutional Neural omics data Group LASSO regularized NN
Network analysis

Subtype discovery ]

' Incorporation of
/Bl domain knowledge

Kang, M., Ko, E., & Mersha, T. B. (2022). A roadmap for multi-omics data integration using deep learning. Briefings in bioinformatics, 23(1).

[ )
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Deep learning architectures

Non-generative methods

Autoencoder
Feedforward Neural Network

® Complementary Learning

® Consensus Learning

« Complementary and Consensus
Learning

Encoder Decoder
® Inter-modality Interactions

® Biological Interpretability ® Similarity Learning.

Graph Convolutional
Input Hidden Outout
Layer  Layer Layer Neural Network

Graph

/ Convolution /

® Knowledge-guided Connectivity

® Data-Driven Connectivity

y \ .® Ballard JL et al. Deep learning-based approaches for multi-
IFB E":}ﬁ' omics data integration and analysis. BioData Min. 2024
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Deep learning architectures

Generative methods

Variational Autoencoder

o Unsupervised learning for
modeling inter-modality
relationships

¢ Handling Unpaired Data
Unsupervised learning for
® dimensionality reduction

Supervised learning for
generating task-relevant
embeddings.

| éd?leB

DE" BIOINFORMATIQUE

\ .® Ballard JL et al. Deep learning-based approaches for multi-
E"Pﬁ. omics data integration and analysis. BioData Min. 2024

Generative Pretrained §
Transformer

Output Probabilities

Ercodng <D S
—— ) 39




Variational Auto Encoder (VAE) architecture

reparameterisation trick

TR A g . =
— 9
P - € - e
= i j — latent : _— =7
o N space: S5
\ 2 / g’

P —» [

I 2Ll I S
= / s R — \ =3
- e o 55
o o §
| | L 1

Encoder Decoder

Supervised Module

« classification
« regression
« survival analysis

([ ]
e IFB el r.. Baido AR. et al. A technical review of multi-omics data integration methods: from classical statistical to deep generative
9 approaches. Brief Bioinform. 2025
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Graph Convolutional Network : MOGONET

mRNA expression label distribution

label distribution

- e
9 = |

samples

v

GCNeth | —> E —
]
: I S -
miRNA expression label distribution
. . - Cross-omics View Correlation  Final label
H AE BN B p— discovery tensor Discovery Network  prediction
S | GCNpsana | —>
S Sample similarity = Omics-specific Initial
Multi-omics data networks GCNs prediction
)I FB I ¢ Wang, T. et al. MOGONET integrates multi-omics data using graph convolutional networks allowing patient
%- : engir classification and biomarker identification. Nat Commun 2021 41



Single-cell integration

[ ]
< IFB

CITE-seq, REAP-seq ... : RNA expression and surface proteins abundance for a single cell;
SHARE-seq, SNARE-seq ... : RNA expression and chromatin accessibility for a single cell;

DOGMA-seq.... : RNA expression, chromatin accessibility and surface proteins abundance;

... (see Lim, J. et al. Advances in single-cell omics and multiomics for high-resolution molecular profiling. Exp Mol Med. 2024)

Multi-omics prediction
RMNA Protein/peak RMNA Protein/peak Test set

RNA

Cell
Training set

Preprocess Prediction

Quality control

——

and splitcells _ _‘:g

s 4} Q

= w —

k] — =

o 8 2

= 5|

a

®

E[?«,- Hu, Y.,et al. Benchmarking algorithms for single-cell multi-omics prediction and integration. Nat Methods 21, 2024. 42



Single-cell integration

= From same single cell (matched)
= Deep Learning: DCCA, DeepMAPS, scMVAE, totalVI
= Probabilistic: MOFA+, BREM-SC, MIRA, MultiVelo
= Graph / Metric-based: SCHEMA, Seurat v4, citeFUSE, FigR

= From different single cells (unmatched)
= Deep Learning: GLUE, Cobolt
= Probabilistic: MultiVI, LIGER
= Graph: Spectrum, Seurat v5
= Manifold Alignment: MMD-MA, UnionCom, Pamona
= CCA: BindSC

® o
é/l FB EI?(,';-' Baysoy, A. et al. The technological landscape and applications of single-cell multi-omics. Nat Rev Mol Cell Biol 2023 43



Single-cell spatial transcriptomic

Spatial (only) transcriptomic: MERFISH, Stereo-seq

- Spatial multi-omics technology: spatial-CITE-seq

transcriptome

° 9
elixir

FRANCE

ers

Prediction of non-spatial multi-omic data (e.g. proteins or open
chromatin) by inferring the distribution of ‘missing’ omic data in space

Assume a common distribution between spatial and non-spatial omics
data

and DBiT-seq

198 Proteins Tissue

P
) |
uesyds

Liu, Y. et al. Spatial-CITE-seq: spatially resolved high-plex protein and whole transcriptome co-mapping. Res Sq 2022.
Enninful, A. et al. Integration of imaging-based and sequencing-based spatial omics mapping on the same tissue section via
44

DBiTplus. Nat Methods 2026.



Large Language Models (Transformers)

- Impute missing modalities or integrate multiple modalities
eg: Geneformer, scGPT and scFoundation

4 -]} % N N [ g
6-& w " ‘? Generative
o - ' . Maskad training . . .
vovan | e 5 K 2 R Two lraining steps.
ol g 1. initial pretraining on large cell
‘&,., o ‘." atlases (33 million non-disease
= \ E T J human cells from 51 organs in the
CELLXGENE collection)
s % N B _ _
o 2. follow-up fine-tuning on smaller
oo datasets for specific applications

Fine-tune

- Oy
~“§’

. .. . . . . . . . . .
é/ I F B E@ﬁ' Cui, H. et al. scGPT: toward building a foundation model for single-cell multi-omics using generative Al. Nat Methods 21, 2024. 45



scGPT for cell-type annotation with multi-omics data

scGPT (fine-tuned)
Cell type, AvgBIO = 0.697

Fine-tuned scGPT model VS Seurat (v.4) on the CITE-seq BMMC dataset (paired RNA and protein data)

Seurat version 4

Cell type, AvgBIO = 0.600

-

B1BIGKC'
» B1BIGKC™
® CD14"' mono
e CD16" mono
e CD4" T CD314'CD45RA"
® CDA" T activated

® CDA" T activated integrin B,

CD4" T naive

e CD8" T CD4sf’

® CD8" T CD57 CD45RA’
» CD8" T CD57'CD45RO"
» CD8" T CDBY'CD45RA"
e CD8 T CD69'CD4SRO"
» CD& T TIGIT CD45RA"
e CD8 TTIGIT'CD45RO"

* 12 healthy human donors consisting of 12 batches (total of 90,261 cells)
+ 13,953 genes and 134 surface proteins

LIFB e
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® CD8' T naive

@ CD8' T naive CD127'CD26 CD101

® Erythroblast

e G/M prog

® HSC

e |LC

e [LC1

® Lymph prog

® MAIT

® MK/E prog

o NK

e NK CD158el+
Naive CD20" B IGKC’
Naive CD20" B IGKC”

& Normoblast

Cui, H. et al. scGPT: toward building a foundation model for single-cell multi-omics using generative Al. Nat Methods 21, 2024.



Integration approaches : the good one ?

A Accuracy comparison for cancer type prediction

. . 0.140
Integration approaches are not unic
g 06 0.130
— comparisons exist... for a given § o 2 ons
0.120
02
. . 0.115
application) o _— . oo L N .
— parametrization need expertise o . & .
c Runtime comparison b Accuracy
. (cancer type classification)
— make your own comparisons 120
100
E 80
- keep an eye Open E 60 Numberof_cil?ﬁcns N 1mEgresponse
‘E a5 since publication prediction)
Dataset-T © a0 DIABLO
T TR ] ] . =
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mncom{ - @ O @ @O © o ©! @ ! ® 0 @io o RO 0% 50% B0% T MR Runtime
s | - . . Q ., oG © O o ,. o @ High Fraction of data (100% = 248 samples)
scloint O O O O i O ® o @ ; O E Q @ o E o Q Figure 5. Benchmarking of machine learning-based integration tools using the CCLE multi-omics data
mmy{ - @ O O OIO O o 0Oi0O {0 © O]
sl @@ O @O0 O 0o 000 06 oie e Cai, Z. et al. Machine learning for multi-omics data integration in cancer. iScience. 2022
LIGER—-O...EOODOEOEOOOEOa
00000 OOee0 @ 00 00 i
wai + @ O OO ©@© © O 0 0 0.0 @
wiviie O O @ OO ®© ©. @ 6 0@ @ | s
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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 (at least primary analysis)

- 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

- the best isn't necessarily the latest

- some omics generate more noise than answers

[ ] ®



Multi-omics data portal

Table 1. Key portals for accessing publicly available multi-omics datasets

Omic and other
Name URL data types

Notes

TCGA (Campbell et al., 2020) https://portal.gdc.cancer.gov/ * Genomics
* Epigenomics
® Transcriptomics

ICGC (Campbell et al., 2020) https://dcc.icge.org/ * Genomics

® Transcriptomics

CPTAC https://cptac-data-portal. * Proteomics
georgetown.edu/cptacPublic/

e Genomics

COSMIC Cell Lines https://cancer.sanger.ac.uk/cell_lines
(lorio et al., 2016) e Epigenomics

e Transcriptomics

* Drug response

e CRISPR-Cas9 screen
DepMap (Broad, 2020) https://depmap.org/portal/ * Genomics

e Epigenomics

e Transcriptomics

e Proteomics

e Drug response

® CRISPR-Cas9 screen
COSMIC (Tate et al., 2019) https://cancer.sanger.ac.uk/cosmic ¢ Genomics

* Epigenomics
® Transcriptomics
]

| g -] elixir

N - RANCE Cai Z, Poulos RC, Liu J, Zhong Q. Machine learning for multi-omics data integration in cancer. iScience. 2022

® Tumor data

® Large coverage of tumors

Tumor data
Powerful online analytics tools
Tumor data

The largest proteomic data portal

Cancer cell line data
Manually curated

Large coverage of cell lines

Cancer cell line data
Large coverage of omic types

Powerful online tools

Tumor data
Manually curated
Focus on genomics

Overlap with other portals
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Multi-omics data portal

Resource Open access  Published: 13 March 2025

Human BioMolecular Atlas Program (HuBMAP): 3D
Human Reference Atlas construction and usage

Katy Bérner &, Philip D. Blood, Jonathan C. Silverstein, Matthew Ruffalo, Rahul Satija, Sarah A.

Teichmann, Gloria J. Pryhuber, Ravi S. Misra, Jeffrey M. Purkerson, Jean Fan, John W. Hickey, Gesmira

Molls, Chuan Xu, Yun Zhang, Griffin M. Weber, Yashvardhan Jain, Danial Qaurooni, Yongxin Kong, HRA

Team, Andreas Bueckle B9 & Bruce W. Herr 1 4

Nature Methods 22, 845-860 (2025) | Cite this article

JOURNAL ARTICLE
scMMO-atlas: a single cell multimodal omics atlas
and portal for exploring fine cell heterogeneity and
cell dynamics 3

Wenwen Cheng, Changhui Yin, Shiya Yu, Xi Chen, Ni Hong, Wenfei Jin &=

Nucleic Acids Research, Volume 53, Issue D1, 6 January 2025, Pages D1186-D1194,
https://doi.org/10.1093/nar/gkae821
Published: 24 September2024  Article history v

LIFB el 50

™\ ponropmnaut RANCE Cai Z, Poulos RC, Liu J, Zhong Q. Machine learning for multi-omics data integration in cancer. iScience. 2022



(Many) Web-applications

Profiler Zirem, Y. et al. Profiler: an open web platform for multi-omics
analysis, Bioinformatics 2026

iISODA Olivier-Jimenez, D. et al. iISODA: A Comprehensive Tool for Integrative
Omics Data Analysis in Single- and Multi-Omics Experiments. Anal Chem. 2025

Analyst suite Ewald, J.D. et al. Web-based multi-omics integration using FSE
the Analyst software suite. Nat Protoc. 2024

FUSION Border, SP. et al. FUSION: a web-based application for in-depth A,
exploration of multi-omics data with brightfield histology. Nat Commun. 2025 ' o

NOODAI Totu, T. et al. NOODAI: a webserver for network-oriented multi-
omics data analysis and integration pipeline, Bioinformatics 2025

OmNI Potter, G. Et al. OmNI: a modular open-source framework for

interactive multi-omics data integration and visualization. NAR Genom
Bioinform. 2026

Gal axy-P p roject (Galaxy-P Project. galaxyp.org.)

® o
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http://galaxyp.org/
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