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Multi-omics measurement → Joint factorisation and
transfer learning
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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
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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:

Learning Groups: 20 Learning Groups: 40

sd: 0.5 K: 20

sd: 1.0 K: 20

sd: 1.0 K: 30

0.0 0.2 0.4 0.6 0.8 0.0 0.2 0.4 0.6 0.8

Direct

MOTL

Direct

MOTL

Direct

MOTL

F1

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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