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“Integrative pathway enrichment analysis helps distill thousands of high-
throughput measurements to a smaller number of pathways and biological
themes that are most characteristic of the experimental data at hand, ideally
leading to mechanistic insights and candidate genes for follow-up studies. In
particular, a joint analysis of complementary datasets often leads to insights
that are unavailable in any particular dataset.”
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Ppathway stands for the hypergeometric P-value of the
pathway enrichment at the optimal sub-list of the
significance-ranked candidate genes

G represents the length of the optimal sub-list, i.e., the
number of top genes from the input gene list,

N is the number of protein-coding genes with annotations in
the pathway database, i.e., in Gene Ontology and Reactome,
K is the total number of genes in a given pathway

n is the number of genes in a given gene sub-list considered
k is the number of pathway genes in the considered sub-list.
To obtain candidate genes involved in the pathway of
interest, we intersect pathway genes with the optimal sub-list
of candidate genes.
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ANALYSIS OF CANCER DRIVER GENES

Data from 47 cohorts
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Larger patient tumour datasets reveal more significantly enriched pathways
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One significantly enriched process or pathway in 89% of 47 cohorts cuiaeTs

37/47 or 79% of cohorts showed enrichments in pathways supported by
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“24/477 cohorts (51%) showed significantly enriched pathways that were o
rgan

apparent when only analyzing non-coding driver scores corresponding to development \ %
UTRs, promoters or enhancers.”
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47 additional cancer genes from pathway analysis (of 333 total; P = 4.0 x 1072%)

18 genes involved in kidney development processes discovered, only five of them
were predicted as driver genes in the consensus driver analysis of the PCAWG

project

“Certain genes were upgraded through the data fusion procedure as a single

stronger P-value per gene was derived by combining multiple weaker P-values
corresponding to the coding regions, promoters, UTRs, enhancers of the gene.
This affected 17/333 pathway-associated genes including six known cancer genes

(HNRNPA2B1, STAG2, TCF7L2, SUZ12, CLTC, and ZNF521)”
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ANALYSIS OF BREAST CANCER DATA

330 basal-like breast cancers, 238 HER2-enriched breast cancers, 721 luminal-A
breast cancers, 491 luminal-B breast cancers
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“Nine pathways were enriched in multiple cancer subtypes and 33 pathways were only apparent through the integrative

pathway analysis but not in any of the CNA or mRNA datasets alone.”

“The major findings enriched in prognostic signatures in breast cancer subtypes involved the processes and pathways of
immune response, apoptosis, ribosome biogenesis and chromosome segregation”
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“DUSP1 encodes a phosphatase signaling protein of the MAPK pathway that is over-expressed in malignant breast cancer cells and inhibits apoptotic signaling”
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DISCUSSION

» Widely applicable to different datasets

» Databases have variable coverage, rely on frequent data
updatesand may miss sparsely annotated candidate genes

» “"Pathway information is highly redundant and analyses of
rich molecular datasets often result in many significant
results reflecting the same underlying pathway”

» No gene-gene interactions



