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Multi-omics measurement → Joint factorisation and
transfer learning

Metabolic
space

Protein
space

Gene
space

M1 M2

M3

M4

M5

M8

M7

M9

Phenotype 2

Phenotype 1

P1

P2 P3
P4

P7'

P5
P6

P7

Complex_P5+6+7

Enzymatic

activity

M10

G1

G2

G3

G4

G5

G6

G7

Complex_P3
+P4

Phase variation 

or


Alternate

splicing

Phenotype 3

RNA-induced

silencing

complex


Apparent relationship of genes on other components

Methylated site

miRNA2
miRNAj Micro RNA activities

Gi Gene (mRNA) levels

Genetic variants (e.g. SNP)Vk

V2

V3
V1

Pi Protein levels

M8 Metabolite levels

Expression
repression

miRNA1

Receptor

complex

Chemical reaction

MOTL: Multi-omics matrix factorization with transfer
learning

David Hirst1, Morgane Térézol1, Laura Cantini2, Paul Villoutreix1, Matthieu Vignes3

and Anaïs Baudot1,4

1 Aix Marseille Univ, CNRS/INSERM, MMG, Marseille, France; 2 Institut Pasteur, Univ Paris Cité, CNRS UMR 3738, Machine Learning for Integrative

Genomics Group, Paris, France; 3 SMCS, Massey Univ, Palmerston North, New Zealand; 4 Barcelona Supercomputing Center, Spain

Context and motivation: integrating “omics” data

. Omics measurements→ high-throughput snapshots of molecule abundance/activity in biological systems
I Multi-omics→ complementary points of view in M matrices
I Matrix factorisation→ lower dimensional representation of data with latent factors associated with underlying biological signals
I Joint matrix factorisation is effective but challenging (dimension, heterogeneity)
I Small sample size issue→ Transfer learning
I Usefulness demonstrated on single omics, not on multi-omics

W(1) W(M)

a(1) a(M)

τ(1) τ(M)

T(1) T(M)Z

W(1) W(M)

a(1) a(M)

τ(1) τ(M)

L(1)

S
am

pl
es

Features

L(M)ZL

Factors

Fa
ct

or
s

b  Transfer learning with MOTL

Variational 
Inference

a  Prior factorization with MOFA

New MOTL methodology

I Multi-omics target matrices T = {T (m),m = 1...M},
withT (m) =

[
t (m)
nd

]
∈ RNt×Dm: Nt samples (rows) and Dm features

(columns)
Nt is small

I Aim: jointly factorise T (m) into a sample score matrix, Z ∈ RNt×K , and
feature weight omics specific matrices, W (m) ∈ RK×Dm.

I Hypothesis: if a large L (Nl > Nt samples) comprises heterogeneous
biological conditions, factorising it with MOFA (Arguelet et al. 2018)
yields relevant information to factorise T (details in Hirst et al. 2024)

I Algorithm convergence monitored by an “Evidence Lower BOund”; K
selected based on fraction of explained variance

Evaluation protocol 1: simulated data

I We generated (×30) multi(M = 3)-omics datasets Y (count,
continuous and binary), split into target T and learning L sets

I Y (m) ∼ Stat.distr(.|Z ,W (m)), with K = 20 or 30 groundtruth factors.
Z ∼ based on sample group membership with sampled means (3
values) and same sd

I T has 2 groups of 5 samples (Nt = 10)
I L had 20 or 40 groups of random sizes (E [Nl] = 400 or 1000)
I We compare direct T MOFA to MOTL using F1 scores:
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Evaluation protocol 2: TCGA multi-omics data

I M = 4: log2(mRNA counts), log2(miRNA counts), DNA methylation
M-values, and SNV binary data; 29 cancer types in L, 2 or 3 others
from LAML, PAAD, SKCM in T .

I Comparison using F-measures, F1 scores and active latent factors:
a

b c

Application of MOTL to glioblastoma

I Rare, heterogeneous, and
aggressive cancer type with
sub-groups CL, PN and MS
identified in 9 patients (+4
healthy)

I M = 2: mRNA expression, DNA
methylation. Same L as TCGA
(no glioblastoma)

I MOFA: 1/8 active factor; MOTL:
19/25 active factors

I Heatmap of sample clustering
based on latent factors→
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Thank you for your attention

See you at the poster session!

Preprint on bioRxiv https://doi.org/10.1101/2024.03.22.586210 and
Code available on GitHub: https://github.com/david-hirst/MOTL
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