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Figure A. Performance comparison of gene-permuting GSEA methods for simulated read counts. GSEA-
GP methods combined with eight gene statistics, (moderated t-statistic, SNR, Ranksum, logFC and their
absolute values), Camera combined with voom quantile normalization, RNA-Enrich and two preranked GSEA
methods for edgeR p-values and FCs were compared for false positive rate, true positive rate and area under
receiver operating curve (A) by increasing the inter-gene correlation of simulated read count data composed of
two replicates. (B) Simulation results for data with mixture of gene-sets with various inter-gene correlations
(0~0.6) for two, (C) three, (D) and five replicates
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Figure B. Average receiver operating characteristic (ROC) curves for two sample cases. The average ROC
curves of the twelve gene-permuting GSEA methods applied to simulation data with inter-gene correlation 0.3 and
two replicates.
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Ratio of cancer-related gene-sets

Figure C. The effects of absolute gene-permuting GSEA Five tumor and normal samples were
randomly selected from TCGA KIRC and BRCA RNA-seq datasets, and the original and absolute
GSEA-GP were performed for each sub-sampled dataset. (A, B) The distributions of variance
inflation factor and (C, D) literature score of ‘significant’ gene-sets (FDR<0.25) were plotted for the
ClassA and ClassB (see the main text), and their difference was assessed using Wilcoxon’s ranksum

test. This process was repeated ten times. (E, F) In addition, the ratio of gene-sets containing terms
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such as ‘cancer’, ‘tumor’, or ‘carcinoma’ were compared between class A and B.




Comparison of one-tailed and two-tailed absolute GSEA results

We compared the filtering results by one-tailed and two-tailed absolute GSEA in analyzing Pickrell [1] and Li [2]
data. Two-tailed absolute GSEA generated more significant gene-sets than one-tailed absolute GSEA. For example,
the GSEA-GP with one-tailed absolute filtering for Pickrell data (gene score: moderated-t) resulted in 2.6
significant gene sets (FDR<0.25) including one true term (chrygll) on average, while that of two-tailed filtering
yielded 3.3 significant gene sets including one true term on average. When logFC was used as gene score, the one-

tailed and two-tailed absolute filtering produced 3.5 and 3.7 significant terms, respectively, including one true term.

Similar result was observed for the Li data. The GSEA-GP with one-tailed absolute filtering detected 8
significant gene sets (FDR<0.1) including three ‘androgen’-related gene sets as shown in the Table 1. However,
when the two-tailed absolute filtering was applied, it detected 14 significant gene sets including the same three
androgen-related terms. When logFC was used as the gene score, the one-tailed and two-tailed absolute filtering
detected 242 and 256 significant terms, respectively, and both cases included four androgen-related terms. These

results imply that one-tailed absolute GSEA yields a little more conservative results.
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