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Controlling false positives
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Controlling false positives
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Understanding covariate-aware methods for FDR control
consider the two-groups model
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Benchmarking for practical recommendations
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Benchmarking for practical recommendations

Simulated Data
- BH procedure L .
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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 Method
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Some methods were sensitive to number of tests, null proportion
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Covariate-aware methods were modestly more powerful

TPR In RNA-seq in silico experiments

Resampling with spike-ins Polyester count simulation Method
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Some methods were sensitive to number of tests, null proportion
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Summarizing FDR control and power across simulations

FDR Control Power
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Some methods were sensitive to the test statistic

FDR across test statistic distributions in simulation Method
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Not all methods could be applied to all case studies

Number of rejections In case studies
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Informative covariates in the case studies

RNA-seq case study: Brain scRNA-seq case study: Human, MAS’
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Gains relative to classic methods varied across methods
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Takeaways
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Benchmarking as a social exercise
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Benchmarking as a social exercise
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Recall the FDR benchmark setup

 BH procedure
+ Storey’s g-value

- [HW

* BL

- AdaPT
- LFDR

- FDRreg
- ASH

Simulated Data
» In Silico experiments
* pure simulations

Case Studies

- RNA-seq DE

+ SCRNA-seq DE

+ 16S microbiome DA
+ ChIP-seq DB

- GWAS

-+ Gene Set Analysis

FDR control
Power
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How the FDR benchmarking project started

fdr_methods <- function(dat) {

## keep adjusted p-values
adj_pset <- list()

## Bonferront

adj_p <- p.adjust(dat$pval,
adj _pset$bonf <- adj_p

## BH

adj_p <- p.adjust(dat$pval,
adj_pset$bh <- adj _p

## qvalue (Storey)

adj_pset$gvalue <- adj_p

return(adj_pset)

"bonferroni")

"BH" )

adj_p <- gvalue::qgvalue(p=dat$pval)$qgvalues

head(tdat, n = 3)

H test statistic effect size pval SE
1 1 -3.247964 -1.708222 4.465398e-03 0.5259363
2 1 -2.453800 -1.039939 2.454995e-02 0.4238076
3 1 -4 .684693 -1.895645 1.845383e-04 0.4046467

p_table <- fdr_methods(tdat)

p_table

$bonf
[1] 0.19489 1.00000 0.00103 1.00000 1.00000
[6] 1.00000 0.05170 0.11135 1.00000 0.68348

saveRDS(p_table, file = “my_p_table.rds”)

dat — fdr methods()—> adj_pset

typical questions

how do we organize data + results”
what parameters did we use”
which package version did you use”




Problems with benchmarking computational methods

e simulation results are unstructured
o SummarizedBenchmark class

e simulation code Is unstructured
e BenchDesign class

e code and results are disconnected
e SummarizedBenchmark

head(tdat, n = 3)

H test statistic effect size pval SE
1 1 -3.247964 -1.708222 4.465398e-03 0.5259363
2 1 -2.453800 -1.039939 2.454995e-02 0.4238076
3 1 -4 .684693 -1.895645 1.845383e-04 0.4046467

p_table <- fdr_methods(tdat)

p_table

$bonf
[1] 0.19489 1.00000 0.00103 1.00000 1.00000
[6] 1.00000 0.05170 0.11135 1.00000 0.68348

saveRDS(p_table, file = “my_p_table.rds”)

typical questions

how do we organize data + results”
what parameters did we use”
which package version did you use”




SummarizedBenchmark framework

Methods
BenchDesign
BenchDesign class ## regular function call
e collection of methods p.adjust(p = data$pval, method = “BH")
e function ## BenchDesign format
BDMethod (

e map: data — function parameters x = p.adjust

params = quos(p = pval, method = “BH")

)




SummarizedBenchmark framework

Methods
BenchDesign
BenchDesign class > bd
. BenchDes
e collection of methods enenmestm oo
® funCtlon benchmark data:
| NULL
e map: data — function parameters benchmark methods:
method: bonf; func: p.adjust
method: BH; func: p.adjust
method: qv; func: qvalue::qvalue




SummarizedBenchmark framework

Methods

BenchDesign

data. frame

BenchDesign class

e collection of methods

buildBench
SummarizedBenchmark
Results
Dataset
> bd
BenchDesign

e function benchmark data:
| NULL
e map: data — function parameters benchmark methods:

method: bonf; func: p.adjust
method: BH; func: p.adjust
method: qv; func: qvalue::qvalue




SummarizedBenchmark framework

Methods

Results

Dataset

SummarizedBenchmark class
 RangedSummarizedExperiment class

e structure tying row/col data + results
e slot for performance metrics
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)
—
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colData (se)

rowData (se) assays (se)



SummarizedBenchmark framework

Methods
B hDes buildBench
SRS SummarizedBenchmark
Results
data.frame |Dataset
> sb .
class: SummarizedBenchmark SummarizedBenchmark class
am: 593 « RangedSummarizedExperiment class
metadata(l): sessions
assays(1l): H e structure tying row/col data + results
rownames: NULL |
rowData names(1): H e slot for performance metrics
colnames(3): bonf BH qv
colData names(6): func.pkg func.pkg.vers ...
param.method session. idx




SummarizedBenchmark framework

Methods
B hDes buildBench
Sl SummarizedBenchmark
Results
data.frame [Dataset
> colData(sb)
DataFrame with 3 rows and 5 columns
func.pkg func.pkg.vers func.pkg.manual param.p param.method
<character> <character> <loglcal> <character> <character>
bonf stats 3.5.0 FALSE pval "bonferront”
BH stats 3.5.0 FALSE pval "BH"
qv qvalue 2.12.0 FALSE pval NA




SummarizedBenchmark framework

add
PerformanceMetric

Metrics
Methods

B hDes: buildBench
enchvesign SummarizedBenchmark

estimate
PerformanceMetrics

data.frame |Dataset

performanceMetrics
e map: results (+ metadata) = metrics

e ¢.g. FDR, TPR, #rejections




SummarizedBenchmark framework

Methods

Additional Features

* |terative benchmarking
e error handling

e parallelization

A

Datasets

Metrics

* Results

Ongoing Work

e handling
e additiona

arger pipelines
detault metrics



SummarizedBenchmark

® © @ ] Bioconductor - SummarizedBe X =+
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OPEN SOURCE SOFTWARE FOR BIOINFORMATICS

r p Se fra e : rk Home » Bioconductor 3.9 » Software Packages » SummarizedBenchmark (development version)

Documentation »
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packages/
SummarizedBenchmark
SummarizedBenchmark defines a flexible framework for benchmarking computational R Browse source code at
methods in R. Classes and functions are provided for defining, executing and https://github.com/areyesq89/
evaluating benchmark experiments. The package builds on the SummarizedBenchmark .
: « SummarizedBenchmark
SummarizedExperiment class to keep results organized, with outputs tied directly ’f"'
with important method metadata. This site is for the development version of the > Report a bug at
package. Documentation and examples for the current Bioconductor release version https:/ g!thub.com/ areye§q89/
of the package can be found at the official release page. SummarizedBenchmark/issues
If you have any suggestions on how we can improve the package, let us know! License
GPL (>=3)
Installation Citation
Citing SummarizedBenchmark
# Install development version from Bioconductor
BiocManager::install("SummarizedBenchmark", version = "devel") Developers
# Install release version from Bioconductor Alejandrg Re.yes
BiocManager::install("SummarizedBenchmark") Author, maintainer
Patrick Kimes
Author
Usage Dev status

Kimes PK* and Reyes A*. (2018). Reproducible and replicable
comparisons using SummarizedBenchmark. Bioinformatics.




DANA-FARBER HARVARD TH.CHAN

SCHOOL OF PUBLIC HEALTH

CANCER INSTITUTE

Acknowledgements P
I +x

SummartzedBenchmark

FDR Benchmarking

e Keegan Korthauer*

e Stephanie Hicks

e Claire Duvallet

* Ayshwarya Subramanian
* Alejandro Reyes

e Chinmay Shukla

* Mingxiang leng

SummarizedBenchmark
* Alejandro Reyes*

figpw

-~
E s
i
~ L |
W
ot
HH
£ cuzy)
HE
ey
VIO
=

\

Rafael Irizarry

i



