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Collected data at genomic level are increasingly publicly
available

the different levels are not always compatible

[Foissac et al., 2019]

Multi-omics data integration methods
2023-06-29, JOBIM / Nathalie Vialaneix

p. 2



Collected data at genomic level are increasingly publicly
available

the different levels are not always compatible

[Foissac et al., 2019]

Multi-omics data integration methods
2023-06-29, JOBIM / Nathalie Vialaneix

p. 2



Omics data integration

Type of data to integrate

vertical:
horizontal:

Type of analysis to perform

supervised:

unsupervised:
Left pictures courtesy Harold Duruflé
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Multiple table analyses
(CCA, MFA, PLS, STATIS, ...)

Image from https://dimensionless.in
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Types of data integration methods [Ritchie et al., 2015]
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Want to know them all?

https://github.com/mikelove/awesome-multi-omics

Some specificities: can account for structure in data (network), are dedicated to a
specific omic (single-cell), can account for temporal/spatial information, can include
biological knowledge (mostly GO), ...
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Scope of the rest of the talk

Unsupervised transformation based integration
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Overview of the talk

Kernel methods

Integrating data with kernels

Conclusion, perspectives
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Main ideas behind kernel methods
Standard (omics) data analyses:
▶ data are (numeric) tables

▶ analyses are based on operations (distances, means, ...) in the variable space
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Main ideas behind kernel methods
Kernel data analyses:
▶ data are arbitrary

▶ analyses are based on transformations of data to “similarities” between samples
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More formally...

n samples (xi )i ∈ X
kernels: symmetric and positive (n × n)-matrix
K that measures a “similarity” between n entities in X

K(x , x ′) = ⟨ϕ(x), ϕ(x ′)⟩
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Principles of learning from kernels

Start from any statistical method (PCA, regression, k-means clustering) and rewrite all
quantities using:

▶ K to compute distances and dot products
dot product is: Kii ′ and distance is:

√
Kii +Ki ′i ′ − 2Kii ′

▶ (implicit) linear or convex combinations of (ϕ(xi ))i to describe all unobserved
elements (centers of gravity and so on...)
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Kernel examples

1. Rp observations: Gaussian kernel Kii ′ = e−γ∥xi−xi′∥2

2. nodes of a graph: [Kondor and Lafferty, 2002]

3. sequence kernels (between proteins: spectrum kernel [Jaakkola et al., 2000] or
convolution kernel [Saigo et al., 2004])

4. kernel between graphs (used between metabolites based on their fragmentation
trees): [Shen et al., 2014, Brouard et al., 2016]

5. kernel embedding phylogeny information for metagenomics
[Mariette and Villa-Vialaneix, 2018]

6. ...
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Overview of the talk

Kernel methods

Integrating data with kernels

Conclusion, perspectives
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Multiple kernel (or distance) integration

How to “optimally” combine several kernel datasets?

For kernels K1, . . . , KM obtained on the same n objects, search: Kβ =
∑M

m=1 βmK
m

with βm ≥ 0 and
∑

m βm = 1

▶ naive approach: K∗ = 1
M

∑
m Km

▶ supervised framework: K∗ =
∑

m βmKm with βm ≥ 0 and
∑

m βm = 1 with βm
chosen so as to minimize the prediction error [Gönen and Alpaydin, 2011]
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Combining kernels in an unsupervised setting
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Multiple kernel integration

Ideas of kernel consensus: find a kernel that performs a consensus of all kernels

[Mariette and Villa-Vialaneix, 2018] - R package mixKernel
with consensus based on:

▶ STATIS [L’Hermier des Plantes, 1976, Lavit et al., 1994]

▶ criterion that preserves local geometry
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Integrating TARA Oceans datasets

▶ For all compositional datasets, include
phylogenetic information (rather than
CLR and alike): weighted Unifrac
distance

▶ Perform PCA (could have been
clustering, linear model, . . . ) in the
feature space.
+ combine with a shuffling approach
to identify most influencing variables
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Application to TARA oceans

Main facts
▶ Oceans typology related to longitude

▶ Rhizaria abundance structure the differences, especially between Arctic Oceans
and Pacific Oceans
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Making kernel methods more interpretable

Which features are important? (for numerical
features only)

[Brouard et al., 2022] and
mixKernel

▶ extension to the unsupervised framework of the
work [Allen, 2013, Grandvalet and Canu, 2002]

▶ also extension to the kernel output framework
(time series, graph, ... outputs)
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Making integration methods available for biologists

http:

//asterics.miat.inrae.fr
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Future needs for data integration

▶ improve interpretability of methods (integrate more biological knowledge)

▶ reduce computational needs to achieve the challenge of a more sustainable
research
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More about machine learning methods?

Random forests: basics, extensions and applications
October 8-13, 2023, Fréjus, France

(with specific classes on random forest for network inference)

Thank you for your attention!
Questions?
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