Widespread redundancy in -omics profiles of cancer mutational states
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Research questions:

e Which -omics type captures the functional signatures of cancer mutations
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On aggregate over the cancer-associated gene set, gene expression is a slightly

more effective predictor than the methylation arrays (lllumina 27K /450K
merged and lllumina 450K).
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We also built multi-omics models by concatenating combinations of the ex-
pression and methylation datasets. For each data type, we used the top 5000
principal components as predictive features.

Using six pan-cancer driver genes as targets, none of the multi-omics models
significantly outperformed the best-performing single-omics model.
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In our paper (link below) we provide a table which can be used by cancer

e Pan-cancer model for each gene

. . . L researchers to identify effective readouts for genes of interest.
e Elastic net logistic regression (+ 3-layer neural network for multi-omics) y &

e 2 replicates (random seeds) x 4-fold CV, stratified by cancer type

Where can | learn more?

Of 86 genes that are “well-predicted” using > one data type, 52/86 (60.5%)
are well-predicted by multiple data types (vertical "stripes" in heatmap).

e Compare classifiers against baseline with permuted labels, and compare di-

rectly between data types Data and code:

28/34 (82.4%) of the remaining genes are best predicted by models using https://github.com/greenelab/mpmp
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gene expression.

Paper (published in Genome Biology):

Performance by data type, for genes with at least one significant predictor
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