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Complex experimental designs yield large structured data sets
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Challenges in multi-omics integration

« Data collected using different techniques (i.e. data modalities)
generally exhibit heterogeneous statistical properties

« Large amounts (and different patterns) of missing values
» Undesired sources of heterogeneity
 Overfitting

« Complexity of the data requires unsupervised interpretable
approaches
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Latent variable models
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Matrix factorisation (MF)
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Y are the observed measurements

W are the inferred feature weights

Z are the inferred latent factors

Principal Component Analysis is
an instance of matrix factorisation!

EMBL-EBI



Problems of using standard PCA in multi-omics data
PCA is a great method to understand the sources of variation in a
single data modality, but it has problems in a multi-omics setting:

* No clear way to measure how much variance the PCs explain in
each data modality

* No natural way to combine different data modalities (binary data
with continuous data)

« Can’t handle missing values

* Non-sparse solutions: challenges in interpretability and risk of
overfitting
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Multi-omics Factor Analysis (MOFA)
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Bayesian graphical model

» Bayesian multi-view factor analysis
framework

» Automatic Relevance Determination
prior for the weights (view-wise)

» Spike and slab prior for the weights
(feature-wise)
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The differentiation state is the only driver of
variation in transcriptomics
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The differentiation state is the only driver of
variation in transcriptomics and genetics
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The differentiation state is the only
driver of variation in all omics
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The differentiation state is the only
driver of variation in all omics
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Variance decomposition by factor
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Downstream analysis

Inspection of feature weights
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Downstream analysis

Factors
=S

Gene set enrichment analysis
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Downstream analysis

Latent factor 6

Visualisation of samples
in the latent space
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Downstream analysis

Clustering of samples
in the latent space
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Downstream analysis

Imputation of missing values
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Application to Chronic Lymphocitic Leukaemia
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Application to Chronic Lymphocitic Leukaemia
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Inspection of feature weights for Factors 1 and 2
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Visualisation of samples in the latent space

Factor 1;: IGHV+ vs IGHV-
Factor 2: tr12+ (@) vs tr12- (A)
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Further characterisation of Factor 1
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Factors are associated with clinical response
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Summary of MOFA

- Unsupervised factor analysis model to disentangle the sources of
variation in a multi-view data set

- Requires multi-omic measurements from the same sample

* No tunning of parameters

- Can cope with different data modalities: continuous, binary and counts
- Deals with missing values

* Fast

- Sparse

- Well-established workflow to characterise drivers of variation
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