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Introduction Objective

Multi-omics integration data enhances our understanding of
biological systems and their underlying mechanisms. This
could be achieved by factor based integration methods,
including MOFA+1, FABIA?, GFA3 and MFA# that are widely
used with great success. Yet the performance of those
methods differ and there Is a need to assess the level of
consistency between those tool in an impartial manner.

The aim of this study Is to assess four unsupervised
factor-based analysis tools; MOFA+!, FABIA?%, GFA3 and
MFA?4, to detect the level of consistency among those tool.
For this purpose we have applied both simulated data (with
Increasing level of complexity) and real biological dataset.
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Figure 1 Demonstration of the steps applied to assess the different factor analysis tools

Results
All methods captured the signal with significant high pairwise correlation ="
between all tools with p-value lower than 0.01(Figure 2). MOFA factor ~oarson
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loadings give different features weight distribution per each omics source wors

(Figure 3), but the rest of methods have the same distribution for feature
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Figure 3 Correlation plots 2
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Figure 2 Heatmap represents features weights correlation between all
0.0 methods on simulated dataset.
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Future work

Factor-based analysis-based methods almost give similar
latent variables and features loading, especially when the

signal Is strong. We are still in preliminary steps, and
therefore, will be performing extra analyses to include
additional levels of complexity in the simulated data with
different level of signals. Moreover, in depth interpretation of
the Dbiological data will be done to understand better the
identifled factors and how they correlate with the biological
knowledge.
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