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500
true differential

20,000
genes

100% power

5% type I 
error rate

500 true positives

p-value cutoff < 0.05

975 false positives
+

1,475 discoveries

o best case scenario (100% power) 
yields 66% false positives 

o problem worsens as power 
decreases and % null increases
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Family-wise Error Rate (FWER)
− Bonferroni correction

P at least one false positive < "

False Discovery Rate (FDR)
− Benjamini-Hochberg (BH) adjustment
− Storey’s q-value

E # false positives
# total positives < "

2

− Most commonly used in 
high-throughput analyses

− lowers significance 
cutoff to #

# %&'%'
− e.g. for 20,000 tests 

and ( = 0.05, 
becomes 2.5x10-6
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Moving beyond BH and Storey’s q-value

BH and q-value
− all tests treated equal 

Reality
− all tests not equal

− eQTL cis vs. trans
− RNA-seq mean expression

Covariate-aware methods
− model differences in tests via 

covariates 
− recent explosion of methods
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Mean expression is 
informative of p-value



Timeline
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Understanding covariate-aware methods for FDR control
consider the two-groups model:

BH procedure

Storey’s q-value

covariate-aware methods

(" | $" ~ *+($") .+ + 1 − *+ $" .2($") IHW

BL
LFDR

AdaPT
FDRreg*

ASH*
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classic methods
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null distribution 
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alternative 
distribution 
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Input Assumptions Output R package

BH.    p-values exchangeability
adjusted  
p-values

stats

IHW.
(1) p-values 
(2) independent & 

informative covariate
exchangeability within  

covariate groups ihw

q-value.    p-values exchangeability q-values qvalue

BL.

(1) p-values 
(2) independent & 

informative covariate

exchangeability conditional  
on covariate(s)

adjusted 
 p-values swfdr

AdaPT. q-values adaptMT

LFDR. exchangeability within  
covariate groups

adjusted  
p-values none

FDRreg.
(1) z-scores 
(2) independent & 

informative covariate
exchangeability conditional on 

covariate(s); normal test statistics
Bayesian  

FDRs FDRreg

ASH. (1) effect sizes 
(2) standard errors of (1)

effects are unimodal; test statistics 
have normal or t mixture components q-values ash
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SummarizedBenchmark framework

BenchDesign
SummarizedBenchmark
SummarizedBenchmark

Data Set 1Data Set 1data.frame

add 
PerformanceMetric

estimate 
PerformanceMetrics

SummarizedBenchmark
buildBench

Metrics

Datasets

Results

Methods

Additional Features
• iterative benchmarking 
• error handling 
• parallelization

Ongoing Work
• handling larger pipelines 
• additional default metrics
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Software to facilitate benchmarking

Bioconductor package SummarizedBenchmark
enables reproducible comparisons across 
methods + datasets
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Informativeness:
non-nulls ~ group

Diagnostic plot from Ignatiadis et al., 2016 (Nature Methods) 

Independence:
approximately 

uniform



Gene set size is not independent for overrepresentation tests

10

goseq overrepresentation test p-value histograms

p-value by gene set size grouping



Same covariate is independent for GSEA
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fgsea enrichment test p-value histograms

p-value by gene set size grouping



Informative covariates in case studies
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Case Study Covariate

Bulk RNA-seq mean gene expression

Single Cell RNA-seq mean non-zero gene expression, detection rate

Microbiome mean non-zero abundance, ubiquity

ChIP-seq mean read depth, window size

GWAS minor allele frequency, sample size

Gene Set Analysis gene set size
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FDR control in RNA−seq in silico experimentsA
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Most covariate-aware methods control FDR
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Some methods were sensitive to number of tests or null proportion
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TPR in RNA−seq in silico experimentsA
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Covariate-aware methods were modestly more powerful
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Some methods were sensitive to test statistic distribution
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FDR across test statistic distributions in simulationA
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Summary of FDR control and power across simulations
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Summary Recommendation Metrics
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Gains relative to classic methods varied across methods
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Summary Recommendation Metrics
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Recommendation summary

− Many covariate-aware methods provide 
consistent FDR control (IHW, BL, 
AdaPT)

− Gains in power achieved by covariate-
aware methods are typically modest

− Not all methods could be applied to all 
simulations and case studies (FDRreg, 
ASH)

− Some methods showed highly variable 
performance across simulations and 
case studies (AdaPT)

19Korthauer*, Kimes* et al. bioRxiv (2018). A practical guide to methods controlling false discovery rates
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Recommendation summary

− Many covariate-aware methods provide 
consistent FDR control (IHW, BL, 
AdaPT)

− Gains in power achieved by covariate-
aware methods are typically modest

− Not all methods could be applied to all 
simulations and case studies (FDRreg, 
ASH)

− Some methods showed highly variable 
performance across simulations and 
case studies (AdaPT)

− Some software implementations 
were more user-friendly than others

19Korthauer*, Kimes* et al. bioRxiv (2018). A practical guide to methods controlling false discovery rates
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Detailed case study & simulation reports

20github.com/pkimes/benchmark-fdr

https://github.com/pkimes/benchmark-fdr
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