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

o problem worsens as power
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Controlling false positives

Family-wise Error Rate (FWER)

- Bonferroni correction
- lowers significance

cutoff to
. # tests
P(at least one false positive) < O | EREINP I

and a = 0.05,
becomes 2.5x10°6

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

high-throughput analyses
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Moving beyond BH and Storey’s g-value

Mean expression is

BH and g-value informative of p-value

- all tests treated equal 20
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- eQTL cis vs. trans
- RNA-seg mean expression

Covariate-aware methods
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Timeline

1995

2001

2009

2015
2016
2017
2018

BH procedure

Storey’s g-value

conditional local FDR (LFDR)

FDR regression (FDRreg)

Independent Hypothesis Weighting (IHW)
Adaptive Shrinkage (ASH)

Boca-Leek (BL)

Adaptive p-value Thresholding (AdaPT)
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Benchmarking for practical recommendations

Methods Datasets Evaluations
2| BH procedure % In sifico experiments
§ Storey’s g-value C% pure simulations
FDR control

IHW bulk RNA-seq DE Power
§ BL 2 scRNA-seq DE Applicability
T| LFDR S| 16S microbiome DA Consistency
'§ AdaPT % ChlP-seq DB Usability
O | FDRreg GWAS

ASH Gene Set Analyses




Software to facilitate benchmarking /\

Bioconductor package SummarizedBenchmark b
enables reproducible comparisons across
methods + datasets SummarizedBenchmark

SummarizedBenchmark framework

add
PerformanceMetric

Metrics
Methods

buildBench

BenchDesign SummarizedBenchmark

Results

estimate
PerformanceMetrics

data.frame |Datasets

Kimes PK* and Reyes A*, 2018 (Bioinformatics) 8



Independence and informativeness of covariates

RNA-seq case study: Brain
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RNA-seq case study: Brain
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Gene set size is not independent for overrepresentation tests

goseq overrepresentation test p-value histograms
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Same covariate is independent for GSEA

fgsea enrichment test p-value histograms
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Informative covariates in case studies

Case Study Covariate

Bulk RNA-seq

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

Microbiome
ChIP-seq
GWAS

Gene Set Analysis

mean gene expression
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mean read depth, window size
minor allele frequency, sample size

gene set size
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Most covariate-aware methods control FDR

FDR control in RNA-seq in silico experiments

Resampling with spike-ins Polyester count simulation
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Some methods were sensitive to number of tests or null proportion

FDR across simulation settings (o = 0.05)

Varying number of tests Varying non-null proportion
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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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Not all methods could be applied to every case study

Number of rejections in case studies

ChlP-seq GSEA GWAS Microbiome RNA-seq scRNA-seq
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Summary of FDR control and power across simulations

% settings exceeding nominal FDR
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Gains relative to classic methods varied across methods
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Recommendation summary
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Detailed case study & simulation reports

Additional files for A practical guidc X

&« cC o @ \ pkimes.com/b ) | % oo w n 0 ®

Additional files for A practical guide to methods
controlling false discoveries in computational
biology

Keegan Korthauer, Patrick K Kimes, Claire Duvallet, Alejandro Reyes, Ayshwarya Subramanian, Mingxiang
Teng, Chinmay Shukla, Eric J Alm, and Stephanie C Hicks

This repository contains the knitted Rmarkdown vignettes for simulations and case studies described in A practical guide to methods controlling
false discoveries in computational biology.

Yeast in silico experiments

e Additional file 2 - Yeast in silico experiments I.
o Analysis and benchmarking results under the null, and using a unimodal alternative effect size distribution and large proportion (30%)
of non-nulls using yeast RNA-seq data.
e Additional file 3 - Yeast in silico experiments Il.
o Analysis and benchmarking results using a unimodal alternative effect size distribution and small proportion (7.5%) of non-nulls
using yeast RNA-seq data.
e Additional file 4 - Yeast in silico experiments lIl.
o Analysis and benchmarking results using a bimodal alternative effect size distribution and large proportion (30%) of non-nulls using
yeast RNA-seq data.
e Additional file 5 - Yeast in silico experiments IV.
o Analysis and benchmarking results using a bimodal alternative effect size distribution and small proportion (7.5%) of non-nulls using
yeast RNA-seq data.

Polyester in silico experiments

e Additional file 6 - Polyester in silico experiments.

github.com/pkimes/benchmark-fdr
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2 Workspace Setup

3 Data Preparation
4 Data Analysis

5 Session Info

Case Study: Gene Set Enrichment Analysis
(Mouse Data Set)

Alejandro Reyes and Keegan Korthauer
October 30, 2018

1 Summary

The objective of this vignette is to test different multiple testing methods in the context of Gene Set Enrichment Analysis (GSEA).
To do this, we use data from the paper by Cabezas-Wallscheid et al. (Cell stem Cell, 2014). The data consist of RNA-seq data
from mouse hematopoietic stem cells and multipotent progenitor lineages. The raw fastq data is available through the
ArrayExpress database (http://www.ebi.ac.uk/arrayexpress) under accession number E-MTAB-2262. These data were mapped to
the mouse reference genome GRCm38 (ENSEMBL release 69) using the Genomic Short-Read Nucleotide Alignment program
(version 2012-07-20). We used htseg-count to count the number of reads overlapping with each gene and used the DESeq2
package to format the data as a DESeqDataSet R object.

Here we use the fgsea Bioconductor package to implement the GSEA method. This is a Functional Class Scoring approach,
which does not require setting an arbitrary threshold for Differential Expression, but instead relies on the gene’s rank (here we
rank by DESeq_? test statistic).

2 Workspace Setup
library(dplyr)

##
## Attaching package: 'dplyr’

20
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