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Personalized cancer medicine

Patients with same cancer type don’t have the same survival, 
treatment response and molecular characteristics



Personalized cancer medicine

Patients with same cancer 
type

Cancer subtypes

Classify cancer patients into groups with similar prognosis, drug 
response or molecular features 



Multi-omics data available
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The Cancer Genome Atlas (TCGA) for example contains data from 10.000 

patients, 33 cancer types, 6 omics, plus clinical data 



Multi-omics data are interconnected
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Transcription Factors
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Multi-omics data are interconnected

Transcription Factors

microRNAs
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The joint analysis of multiple omics is required



High-dimensionality -> Big-data

Heterogeneous variables

Different ranges of variation

Technical noise different for each omics
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Challenges of multi-omics integration



More omics is better,
but how many more?



Is it always good to consider 
ALL the available omics?



Choosing which omics to integrate

Aim: predicting drug response

Available input data:

• Mutations

• Copy Number Alterations (CNA)

• Methylation

• Gene expression

• Proteomics 

• Cancer types

• Drug response

ABEN, Nanne, et al. iTOP: inferring the topology of omics data. Bioinformatics, 2018, 34.17: i988-i996.
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X1 X2 X3
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Aim: predicting drug response

Available input data:

• Mutations

• Copy Number Alterations (CNA)

• Methylation

• Gene expression

• Proteomics 

• Cancer types

• Drug response

X1 X2 X3

e.g. cor(X1,X3|X2)≈0

X1 X2 X3

Using partial correlation (iTOP):

X1 X2 X3



Choosing which omics to integrate
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Choosing which omics to integrate

AIM
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Choosing which omics to integrate

AIM

Required omics

ABEN, Nanne, et al. iTOP: inferring the topology of omics data. Bioinformatics, 2018, 34.17: i988-i996.



How the omics should be 
combined?



Integrating multi-omics data

Approach “Genome First”

Priority given to genome

Other omics are only used 
for interpretation

Hasin, Yehudit, Marcus Seldin, and Aldons Lusis. "Multi-omics
approaches to disease." Genome biology 18.1 (2017): 83.



Integrating multi-omics data

Zitnik, Marinka, et al. "Machine learning for integrating data in biology and medicine: 
Principles, practice, and opportunities." Information Fusion 50 (2019): 71-91.

Machine learning algorithm 
designed for a single 
dataset

How do I integrate 
them
???????????

?
?

?

?
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Main categories of existing 
multi-omics integrative 
approaches



Main categories of integrative
approaches

Supervised
methods

Unsupervised
methods



Main categories of integrative
approaches

Supervised
methods

• They require 2 datasets in 
input: training and test 
datasets

• Labels must be avilable for 
the training dataset

• This information is used to 
infer labels on the test 
dataset



Main categories of integrative
approaches

Unsupervised
methods

• The methodology is directly 
applied to one dataset

• They infer information from 
the structure of the data 
without any label
information



Unsupervised integrative approaches



Unsupervised integrative approaches

Examples:

• Multi-Omics Factor Analysis (MOFA)
• RGCCA

• Tensor methods



Unsupervised integrative approaches

Examples:

• Bayesian Concensus Clustering (BCC)



Unsupervised integrative approaches

Examples:

Network-based methods:

• Similarity between macromolecules: Multiplex networks

• Similarity between samples: Similarity Network Fusion SNF



Cancer insights from data 
integration methods



Cancer subtyping

Santos, Cristina, et al. "Intrinsic cancer subtypes-next steps into personalized 
medicine." Cellular oncology 38.1 (2015): 3-16.



Cancer subtyping

This problem is generally approached with 
unsupervised approaches.



Gene modules identification

Drug rensponding Drug resistent

Which are the molecular mechanisms that make these two 
groups of patients having a different behaviour?

Can we identify a driver that can alter the behaviour of a set 
of patients?



Gene modules identification

Drug rensponding Drug resistent This problem is generally 
approached with unsupervised 
approaches.



Matrix Factorization



Joint Dimensionality Reduction (jDR)

Sample clustering

Pathways/processes/markers/
molecular mechanisms

Multi-omics joint Dimensionality Reduction (jDR) 
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Multi-omics Factor Analysis (MOFA)

Argelaguet, Ricard, et al. "Multi-Omics Factor Analysis—a framework for unsupervised integration 
of multi-omics data sets." Molecular systems biology 14.6 (2018): e8124.

Ym = ZWm + em

m = 1, …, M



MOFA advantage: interpretability of 
factors

Argelaguet, Ricard, et al. "Multi-Omics Factor Analysis—a framework for unsupervised integration 
of multi-omics data sets." Molecular systems biology 14.6 (2018): e8124.



Also single-cell multi-omics 
data can be integrated 
with matrix factorization



Multi-omics single-cell

Hu, Youjin, et al. " Frontiers in cell and developmental biology 6 (2018): 28.



Example MOFA application single-cell
multi-omics

Argelaguet, Ricard, et al. "Multi-Omics Factor Analysis—a framework for unsupervised integration 
of multi-omics data sets." Molecular systems biology 14.6 (2018): e8124.

Dataset: 87 mouse embryonic stem cells (mESCs) comprising:

• 16 cells cultured in “2i” media, which induces a naive pluripotency
state

• 71 serum-grown cells, which commits cells to a primed pluripotency
state poised for cellular differentiation.

All cells were profiled using single-cell methylation and transcriptome
sequencing 



Example MOFA application single-cell
multi-omics

Argelaguet, Ricard, et al. "Multi-Omics Factor Analysis—a framework for unsupervised integration 
of multi-omics data sets." Molecular systems biology 14.6 (2018): e8124.



Linked inference of genomic experimental 
relationships (LIGER)

Integrative Non Negative Matrix 
Factorization (iNMF)

Shared Factor

Omic-specific factor

Omic-specific factor

Welch, Joshua D., et alCell 177.7 (2019): 1873-1887.

Ei= Hi Vi + Hi W



LIGER: multi-omics clustering
Integrative Non Negative Matrix 

Factorization (iNMF)
kNN graphs to derive clusters 

from factors

Welch, Joshua D., et alCell 177.7 (2019): 1873-1887.

Ei= Hi Vi + Hi W



LIGER: peripheral blood 
mononuclear cell (PBMC) 

scRNAseq and scATACseq data from approx. 10k cells PBMCs

We want to identify subtypes of cells based on the joint analysis of 
the two data types 

Welch, Joshua D., et alCell 177.7 (2019): 1873-1887.



LIGER: peripheral blood 
mononuclear cell (PBMC) 

Welch, Joshua D., et alCell 177.7 (2019): 1873-1887.



Pay attention this is not a TSNE plot 
of scRNAseq data

Welch, Joshua D., et alCell 177.7 (2019): 1873-1887.

Integrative Non Negative Matrix 
Factorization (iNMF)

kNN graphs to derive clusters 
from factors

Ei= Hi Vi + Hi W



LIGER: peripheral blood 
mononuclear cell (PBMC) 
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