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Motivation: volcano plots
Differential gene expression studies aim at
identifying genes whose mean expression level
differs significantly between two known popula-
tions. Post hoc inference provides statisti-
cal guarantees on arbitrary gene selections, e.g.
based on both statistical significance and effect
size, as e.g. in volcano plots [1]:

To make post hoc inference more widely used,
we combine (1) a powerful permutation-
based post hoc method [4] with (2) an
R/shiny app for interactive user selec-
tions.

(1) Permutation method
Adaptive Simes, our calibration method based
on permutation for two-sample tests, adapts to
the dependency structure of data [3, 4].
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Complexity: O(mB(n + log(m))) in time and
O(m(B + n)) in space.

Statistical performance
Adaptive Simes yields valid and sharp bounds:
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Review of existing post hoc inference methods
Adaptivity to: Time

Method R Package dependence π0(*) complexity(**)
Simes [1, 3] cherry NO NO quadratic

ARI [6] ARI NO YES linear
permutation ARI [5] pARI YES YES quadratic

Adaptive Simes [4, 3] sanssouci YES YES linear

(*) proportion of null genes; (**) for calculating the post hoc bound

(2) R/shiny app for interactive differential expression analysis
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How many permutations?
The number B of permutations at the calibra-
tion step induces a tradeoff between the preci-
sion of post hoc bounds, and time complexity:
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The default in IIDEA is set to B = 1000.

Conclusion
Currently implemented in IIDEA:

• interactive volcano plot
• powerful post hoc guarantees
• linear computation of post hoc bounds
• no programming skills required
• input data: gene expression matrix or a

matrix of p-values and fold changes (no
adaptivity)

Perspective
Features yet to be implemented in IIDEA:

• RNA-seq data analysis (counting data)
• non-parametric calibration using notip [7]
• mutliple contrasts in multivariate

linear models using the bootstrap [8]
• parallelization of calibration
• use of promises for concurrent users


