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Who am I?

▶ researcher at INRAE (France)

▶ trained as a mathematician −→ statistics and machine learning for
computational biology (omics)

▶ mostly involved in projects on animal genomics (transcriptomics,
Hi-C, ATAC-seq...)

▶ kernel & network methods
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Collected data at genomic level are increasingly publicly
available

the different levels are not always compatible

[Foissac et al., 2019]
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Analysis bottlenecks

▶ very large dimensionality and big data (both scaling and statistical issues)

n ∼ {5− 1000}
p ∼ 10{3−5}

▶ missing values and incomplete designs

▶ highly non Gaussian data: skewed distributions, count data, zero-inflated data, ...

▶ non Euclidean data: compositional data (metagenomics), similarity matrices
(Hi-C), spectra (metabolomics), ...

In addition: in plant & animal sciences, less discriminative phenotypes, interest is
indirect (in breeding not directly in the individual itself), much less data with poorer
quality annotation (inter-species transfer might be useful).
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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

Multi-omics data integration methods
2022-11-16, ML for Life Sciences / Nathalie Vialaneix

p. 6

https://dimensionless.in


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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Making methods available for biologists

http://asterics.miat.inrae.fr

Ambition:

▶ easy-to-use and interactive

▶ helps user to know which analysis to
use and how to interpret results

▶ integrates domain expertise

▶ usable online or can be installed
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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

Improve interpretability
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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 definite (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. ...

Multi-omics data integration methods
2022-11-16, ML for Life Sciences / Nathalie Vialaneix

p. 16



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. ...

Multi-omics data integration methods
2022-11-16, ML for Life Sciences / Nathalie Vialaneix

p. 16



Overview of the talk

Kernel methods

Integrating data with kernels

Improve interpretability
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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 βmK
m 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

Multi-omics data integration methods
2022-11-16, ML for Life Sciences / Nathalie Vialaneix

p. 20



STATIS like framework

Similarities between kernels:

Cmm′ =
⟨Km,Km′⟩F

∥Km∥F∥Km′∥F
=

Trace(KmKm′
)√

Trace((Km)2)Trace((Km′)2)
.

[Robert and Escoufier, 1976]

maximizeβ

M∑
m=1

〈
K∗(β),

Km

∥Km∥F

〉
F

= maximizeβ β⊤Cβ

s.t. ∥β∥2 = 1

Solution: first eigenvector of C
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TARA Oceans expedition

Science (May 2015) - Studies on:

▶ eukaryotic plankton diversity
[de Vargas et al., 2015],

▶ ocean viral communities
[Brum et al., 2015],

▶ global plankton interactome
[Lima-Mendez et al., 2015],

▶ global ocean microbiome
[Sunagawa et al., 2015],

▶ . . . .

→ datasets from different types and
different sources analyzed separately.
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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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Overview of the talk

Kernel methods

Integrating data with kernels

Improve interpretability
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Selecting features in kernels

Which features are important? (for numerical features only):

▶ label each feature j with a weight wj ∈ {0, 1} (selected or not)

▶ new kernel: Kw(xi , xi ′) = K(w · xi ,w · xi ′)

▶ find the best weights to optimize a quality criterion

How to do it?:

▶ supervised framework: learn w to compute a kernel Kw
x best to predict Y ∈ R

[Allen, 2013, Grandvalet and Canu, 2002]
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[Brouard et al., 2022] and mixKernel

▶ extended to unsupervised (exploratory) learning

argmin
w∈{0,1}p

∥Kw
x −Kx∥2F s.t

p∑
j=1

wj ≤ d

▶ extended to predict arbitrary outputs (kernel outputs, including multiple output
regression) optimization problem

Continuous relaxation (non-convex and non-smooth), solved with proximal gradient
descent.
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KOKFS illustration
Used with covid19 dataset from [Haug et al., 2020]:
▶ inputs: 46 government measures (0/1 encoding)
▶ outputs: R time series (with a kernel based on Fréchet distances)

More important measures:
Increase In Medical Supplies And Equipment
Border Health Check
Public Transport Restriction
The Government Provides Assistance To Vulnerable Populations
Individual Movement Restrictions
Increase Availability Of Ppe
Activate Case Notification
Border Restriction
Measures To Ensure Security Of Supply
Port And Ship Restriction

Activate Or Establish Emergency Response
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Future needs for data integration

▶ improve interpretability of methods (integrate more biological knowledge)

▶ generic vs specific: omics are always evolving...

▶ reduce computational needs to achieve the challenge of a more sustainable
research

▶ make them more widely used by the biological community: omics data are still
produced at a much faster rate than their use!
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Thank you for your attention!

Questions?
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Technical details: Unsupervised Kernel Feature Selection
(UKFS)

Reduced kernel for X ∈ Rp

Learn weights w ∈ {0, 1}p such that the kernel based on w · xi is very similar to the
kernel based on xi

Optimization problem

argmin
w∈{0,1}p

∥Kw
x −Kx∥2F s.t

p∑
j=1

wj ≤ d

Continuous relaxation (non-convex and non-smooth)

w∗ := argmin
w∈(R+)p

∥Kw
x −Kx∥2F + λ∥w∥1, solved with proximal gradient descent
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UKFS performances

lapl SPEC MCFS NDFS UDFS Autoenc. UKFS

“Carcinom” (n = 174, p = 9 182)
ACC 164.02 106.52 184.17 200.88 138.48 143.13 206.55
COR 28.14 30.75 29.56 27.49 30.30 33.18 24.75
CPU 0.25 2.47 11.69 6,162 99,138 > 4 days 326

“Glioma” (n = 50, p = 4 434)
ACC 166.31 140.72 172.78 147.77 147.50 132.76 178.57
COR 81.70 70.70 76.43 68.02 72.33 45.96 52.14
CPU 0.02 0.63 1.05 368 2,636 ∼ 12h 23.74

“Koren” (n = 43, p = 980)
ACC 172.90 225.25 233.94 263.04 263.48 239.76 242.39
COR 48.18 52.34 49.94 48.48 48.69 32.60 47.77
CPU 0.01 0.07 1.11 5.88 9.70 ∼ 30 min 10.69

[Brouard et al., 2022]

▶ non redundant features

▶ can incorporate information on relations between variables
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Technical details on kernel output feature selection (KOKFS)

Learn weights w ∈ {0, 1}p such that the kernel based on w · xi best explains the way
the (yi )i relate to each other as described by Ky :

min
h∈H,w∈(R+)p

f (h,w) + λ1∥h∥2H + λ2∥w∥1,

where f (h,w) =
∑n

i=1 ∥h(w · xi )− ψ(yi )∥2Fy
and h of the following form:

h(xi ) = Vϕ(xi ).

This optimization problem is solved using an iterative algorithm alterning optimization
of w (similar to unsupervised framework) and optimization of h (using kernel trick).
Back
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General summary of KOKFS
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