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Abstract

Two correspondences raised concerns or comments about our analyses regard-
ing exaggerated false positives found by differential expression (DE) methods. Here,
we discuss the points they raise and explain why we agree or disagree with these
points. We add new analysis to confirm that the Wilcoxon rank-sum test remains
the most robust method compared to the other five DE methods (DESeq?2, edgeR,
limma-voom, dearseq, and NOISeq) in two-condition DE analyses after considering
normalization and winsorization, the data preprocessing steps discussed in the two
correspondences.

Introduction
As correspondences to our published study [1], Hejblum et al. [2] and Yang et al. [3] have
raised issues or comments about our analyses. Here, we respond to the two correspond-
ences and show that they do not challenge the major finding of our study—DESeq2 and
edgeR have exaggerated false discoveries when analyzing human population samples
(Fig. 1 in [1])—which is, in fact, exempt from the issues raised in Hejblum et al. [2].
There are two major points in Hejblum et al. [2]. First, in the power comparison results
(Fig. 2 in our published study [1]), the semi-synthetic data did not have all genes per-
muted as true non-DEGs because we kept the unpermuted genes as true DEGs for power
calculation. Hejblum et al. [2] pointed out that normalization on such semi-synthetic
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data would distort some of the true non-DEGs as false-positive DEGs. Because of this,
Hejblum et al. [2] found that our results biasedly disfavor the five differential expres-
sion (DE) methods (DESeq2, edgeR, limma-voom, dearseq, and NOISeq) except for
the Wilcoxon rank-sum test because we applied the five DE methods with their built-
in normalization, but we used the Wilcoxon rank-sum test without normalization. Sec-
ond, Hejblum et al. [2] claimed that dearseq outperformed the other five DE methods.
Regarding the first point, we would like to thank Hejblum et al. for pointing out the bias
caused by normalization on the semi-synthetic data, an issue we unintentionally omitted
because we treated each DE method except for the Wilcoxon rank-sum test as a whole
pipeline. Accordingly, here, we re-performed the power comparison analysis under the
“no normalization” scheme proposed by Hejblum et al. [2]. Regarding the second point,
we have a different conclusion based on our new analysis results. We observed that the
Wilcoxon rank-sum test remains the most robust method compared to the other five DE
methods in terms of false discovery rate (FDR) control and power performance.

The central point in Yang et al. [3] is that winsorization, a procedure to truncate each
gene’s large outlier values beyond a certain empirical percentile (e.g., the 95th percen-
tile) to the percentile, can fix the exaggerated false-positive issue of DESeq2 and edgeR.
Yang et al. concluded that outliers caused false-positive exaggeration, and winsoriza-
tion provided an easy fix. However, Yang et al. conducted an analysis only based on per-
muted data without true DEGs, and they did not consider semi-synthetic data where
true DEGs existed for power evaluation. In this response, we used a model-based strat-
egy to generate semi-synthetic no-outlier RNA-seq data under the negative binomial
(NB) model assumption of DESeq2 and edgeR, with true DEGs and non-DEGs. Then, we
compared the Wilcoxon rank-sum test with DESeq2 and edgeR under various thresholds
of winsorization. Our results show that winsorization cannot fix the inflated FDR issue
of DESeq2 and edgeR on our model-based semi-synthetic data, and that the Wilcoxon
rank-sum test still performs better in FDR control and power performance. Besides, set-
ting the winsorization threshold is a challenging question in practice. While Yang et al.
proposed to set the threshold by controlling the false discoveries made from permuted
data and maximizing the discoveries made from real data, this strategy potentially suf-
fers the double-dipping issue (testing a data-driven null hypothesis using the same data)
that may hurdle the validity of statistical tests.

In response to the two correspondences, here we added new real data-based simula-
tion analyses to compare the six DE methods. Consistent with our published study [1],
we used real RNA-seq data from two conditions to generate semi-synthetic RNA-seq
data, which contain ground truths of DEGs and non-DEGs (referred to as true DEGs
and true non-DEGs, respectively), for benchmarking the FDR and power of each DE
method. To make our benchmark more comprehensive, we employed two simulation
strategies to generate semi-synthetic data, including the permutation-based strategy we
had used in our published study [1] and a newly added model-based strategy, which (1)
satisfies the NB model assumption used in DESeq2 and edgeR and (2) ensures that the
semi-synthetic data contain no outliers.
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(a) Most genes are permuted to become non-DEGs (semi-synthetic data)

==l Permutation e Normalization === Model-based simulation
Permuted count data Real count data Model-based simulated count data
(scheme 2)
@ Condition1 Condition2 D é Condition1 Condition2 A Condition1 Condition2
Without Sample 1 2 3 1 2 3 Sampe 1 2 3 1 2 3 Sampe 1 2 3 1 2 3
normalization
pec  |15][12][20] [35][s0/[62] W ®== N Gene1 |15|/12][20] [35|50] 62 =N pec [16][19][14] [53][42][58
Non-DEG [ 7 |[10][ 4 8612 Gene2 | 68 ][10] [12][4a]][7 Non-DEG [ 5 ][ 9][11] [8][5][8
Permuted-then-normalized data ‘ Normalized-then-permuted data
(scheme 1) Normalized real data (scheme 3)
@ Condition1 Condition2 R é Condition1 Condition2 D @ Condition1 Condition2
With
. Sample 1 2 3 1 2 3 Sample 1 2 3 12 3 Sample 1 2 3 12 3
normalization
DEG [34.127.3/41.7] [407) 2456] (419 Gene 1 [35.7] 30 |333] [37.2][463][aa5] B==PF DG [357] 30 [333][37.2][463] 440
False
m;fu 15.9/22.7) 83|/ 93 54| 81 Gene2 [14.3] 20 |167] [128] 3.7 |/ 51 Non-DEG| 20 | 3.7 [12:8] [ 5.1 ][143]16.7
\ DEG J L J L J

(b) All genes are permuted to become non-DEGs (permuted data used in Fig.1 of our published study [1])
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Fig. 1 lllustration of a the two strategies for generating semi-synthetic data from real data and b the
generation of permuted data used in Fig. 1 of our published study [1]. a Permutation-based strategy and
model-based strategy for generating semi-synthetic data. There are three schemes for the permutation-based
strategy: scheme 1—"permutation first” generates semi-synthetic data by permuting the real count data,
followed by normalization and then DE analysis (bottom-left); scheme 2—"no normalization” generates
semi-synthetic data by permuting the real count data, followed by DE analysis directly, without normalization
(top-left); scheme 3—"normalization first” generates semi-synthetic data by normalizing the real data
(bottom-middle), which are no longer counts, followed by permutation and then DE analysis (bottom-right).
In the model-based strategy (top-right), we fit a multi-gene NB distribution to the real samples using the
simulator scDesign3 [4]. For each true differentially expressed gene (DEG) we fit a NB distribution using the
samples under each condition; for each true non-DEG, we fit one NB distribution by pooling the samples
from both conditions; then, we generate semi-synthetic data by sampling from the fitted multi-gene NB
distribution. b For the analysis in Fig. 1 of our published study [1], all genes are permuted and become true
non-DEGs, followed by normalization and then DE analysis

Two strategies for generating semi-synthetic RNA-seq data from real RNA-seq data

Knowledge of true DEGs and non-DEGs is necessary for evaluating the FDR and power
of a DE method. The permuted data that led to the major finding of our published study
(Fig. 1 in [1]) only contained true non-DEGs and thus could not be used for power eval-
uation. Hence, in our published study [1], we also generated semi-synthetic data con-
taining both true DEGs and true non-DEGs. Before the semi-synthetic data generation,
we defined the true DEGs as those identified by all six DE methods (DESeq2, edgeR,
limma-voom, dearseq, NOISeq, and the Wilcoxon rank-sum test) from the real data at
a highly stringent FDR threshold (0.0001%), and we defined the true non-DEGs as the
rest of genes. Then, to generate semi-synthetic data from the real data (Fig. 1a, top-mid-
dle), we preserved the true DEGs’ unnormalized read counts in the real data, and we
independently permuted each true non-DEG’s unnormalized read counts across the real
samples. Here, we refer to this previously used generation strategy as the permutation-
based strategy (Fig. 1a, top-left, later referred to as scheme 2), which has the advantage

of preserving the read count values in the real data (Fig. 1a, top-left vs. top-middle).
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An alternative strategy to generate semi-synthetic data is the model-based strat-
egy (Fig. 1a, top-right), which guarantees that the synthetic data satisfy the NB model
assumption required by edgeR and DESeq. This model-based strategy, which we imple-
mented in this response to Yang et al. [3], enabled us to evaluate DESeq2 and edgeR,
with or without the winsorization step, under an ideal scenario that the two meth-
ods’ model assumption holds. Hence, we can better dissect the reason behind the two
methods’ inflated FDR issue. Unlike the permutation-based strategy, this model-based
strategy does not preserve the read count values in the real data (Fig. 1a, top-right vs.
top-middle). In detail, in the model-based strategy, we first fit a multi-gene distribu-
tion (by considering every RNA-seq sample as a draw from the distribution) to the real
data (Fig. 1a, top-left) using the model-based simulator scDesign3 [4], which can mimic
real RNA-seq data by preserving gene—gene rank correlations and allow us to specify
each gene’s distribution. For each true DEG, we specified a per-condition NB distribu-
tion fitted to the gene’s real data counts under each condition; for each true non-DEG,
we specified one NB distribution fitted by pooling the gene’s real data counts from both
conditions. Then, we generated semi-synthetic data by sampling from the fitted multi-
gene distribution.

Response to Hejblum et al. [2]

Key messages in Hejblum et al. [2]

The correspondence by Hejblum et al. [2] has two major points. First, they pointed out
that normalization used on the permutation-based semi-synthetic data led to false-pos-
itive DEGs, making the FDR comparison results biasedly disfavor the five DE methods
(DESeq2, edgeR, limma-voom, dearseq, and NOISeq) that include built-in normaliza-
tion. The affected results include Fig. 2 and Figures S20-S30 in our published study [1].
Second, dearseq outperforms the Wilcoxon rank-sum test under scheme 3 and other-
wise offers competitive performance on par with the other methods.

Regarding the first point, more specifically, when we ran the Wilcoxon rank-sum
test on permutation-based semi-synthetic data to verify the FDR control, we did not
include a normalization step; on the other hand, when we ran the other five DE methods
(DESeq2, edgeR, limma-voom, dearseq, and NOISeq), we had used each method’s built-
in normalization. Hence, our comparison results (Fig. 2 and Figures S20-S30 in [1]) did
not put the Wilcoxon rank-sum test on the same ground as the other five DE methods in
terms of the use of normalization. Hejblum et al. showed that when the Wilcoxon rank-
sum test was used after they applied normalization to the semi-synthetic data, it also
had an inflated FDR issue as the other five DE methods.

To explain their first point, Hejblum et al. [2] summarized three schemes for using
permutation-based semi-synthetic data: (1) “permutation first,” (2) “no normalization,’
and (3) “normalization first” Specifically, scheme 1 “permutation first” means that semi-
synthetic data is generated by the permutation-based strategy from real count data,
followed by normalization and then DE analysis (Fig. 1a, bottom-left); scheme 2 “no
normalization” means that semi-synthetic data is generated by the permutation-based
strategy from real count data, followed by DE analysis directly, without normalization
(Fig. la, top-left); scheme 3 “normalization first” means that semi-synthetic data is
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generated by the permutation-based strategy from normalized real data, which are no
longer counts, followed by DE analysis directly (Fig. 1a, bottom-right).

Our previous analysis had used scheme 1 for DESeq2, edgeR, limma-voom, NOISeq,
and dearseq, but scheme 2 for the Wilcoxon rank-sum test (Fig. 2 and Figures S20-S30
in [1]). Unlike schemes 1 and 2, scheme 3 requires a different way of generating semi-
synthetic data (Table 1).

Regarding the second point raised by Hejblum et al. [2], they re-compared the six DE meth-
ods under each of the three schemes and concluded that dearseq [5] outperformed the other
five methods, including the Wilcoxon rank-sum test. Our conclusion is different. In the sec-
tion titled “Our new analysis confirms that the Wilcoxon rank-sum test remains the most
robust method under the “no normalization” scheme 2, we added a new analysis to compare
the six DE methods under scheme 2, which we think is the only valid, feasible scheme among
the three schemes (explained in the following sections: “We agree with Hejblum et al. that no
normalization should be performed if only a portion of genes is permuted to become true
non-DEGs,” “Our new simulation analysis confirms that normalization on samples without
batch effects and containing true DEGs would inflate false discoveries,” “Our major findings
in [1] that DESeq2 and edgeR have exaggerated false discoveries still hold,” “The “normaliza-
tion first” scheme 3 alters DE method implementation and is thus not-so-realistic,” and “Our
rationale of recommending the “no normalization” scheme 2”); our result suggests that the
Wilcoxon rank-sum test remains the most robust method among the six DE methods. Addi-
tionally, we observed that the Wilcoxon rank-sum test is a robust, top performer in the analy-
sis of Hejblum et al. under their recommended scheme 3 (the section titled “The analysis of
Hejblum et al. [2] also suggests that the Wilcoxon rank-sum test is a top performer under
scheme 3”), although we regard scheme 3 as a not-so-feasible scheme because it needs to
alter DE method implementation by adding permutation after the built-in normalization.

We agree with Hejblum et al. that no normalization should be performed if only a portion of
genes is permuted to become true non-DEGs

We agree with the first point made by Hejblum et al. that our previous simulation analy-
sis in our published study [1] was unintentionally biased, where the Wilcoxon rank-sum
test was run under scheme 2, but the other five DE methods including dearseq were run
as whole pipelines (including built-in normalization) under scheme 1.

Hejblum et al. pointed out that post-permutation normalization, i.e., scheme 1, would
distort each true non-DEG’s expression levels under the two conditions (because true
DEGs’ different expression counts in different samples would make the samples have
different library sizes) and would thus cause some true non-DEGs to be identified as
false positives. We concur on this point. In fact, we also noticed that scheme 1 would
inflate the FDR, and this is why we used scheme 2 for the Wilcoxon rank-sum test, which
is not an RNA-seq-specific software package and thus does not include a built-in nor-
malization step. However, the other five RNA-seq-specific DE methods include built-
in normalization, and users would likely use them as whole pipelines by not removing
the built-in normalization step. While these methods are used as black-box pipelines by
most users, it is crucial to be conscientious with their built-in normalization steps when
we evaluate the FDR and power of these methods using semi-synthetic data with ground
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truths, which can be distorted by the normalization steps within these pipelines. Hence,
while we agree that running these methods as pipelines, i.e., under scheme 1, was unfair
for evaluating the FDR control of their statistical tests, we believe that our previous
results (Fig. 2 and Figures $20-S30 in [1]), in conjunction with Hejblum et al’s results, are
meaningful for showing the risks of using bioinformatics tools as black-box pipelines.

While unfair, our previous analysis was not intentionally biased against dearseq.
The reason was that the dearseq R package we used in our published study [1] (v1.6.1,
Bioconductor date October 26, 2021) did not support the use of our simulated count
data without normalization. Hence, we were unable to assess dearseq under scheme 2
like the Wilcoxon rank-sum test. The detail is in Additional file 1, an R Markdown file
recording how dearseq was used in our published study. Note that the dearseq R pack-
age was updated after our publication [1] to allow scheme 2 (see Table 1). Hence, we
used dearseq v1.8.1 (the most up-to-date version at the time of our new analysis) in this
response.

Our new simulation analysis confirms that normalization on samples without batch effects
and containing true DEGs would inflate false discoveries

In our opinion, the fundamental reason behind the first point raised by Hejblum et al. is
that no normalization should be performed on samples without batch effects and con-
taining true DEGs, the case for the permutation-based semi-synthetic data, where true
DEGs and true non-DEGs are defined by assuming no batch effects.

To demonstrate that bias normalization can be introduced on samples without batch
effects and containing true DEGs, we simulated samples of two conditions, in which
each true non-DEG has counts from the same NB distribution under both conditions,
and each true DEG has different NB distributions for the two conditions. On these simu-
lated samples without batch effects, if we first applied the trimmed mean of M-values
(TMM) normalization [6] and then the Wilcoxon rank-sum test for DEG identification,
then the actual FDR was 7.9% at a target FDR threshold of 5%. In contrast, if we directly
applied the Wilcoxon rank-sum test without normalization, then the actual FDR was
3.5% at the same target FDR threshold of 5%. This result suggests that, in the absence of
batch effects, normalization would introduce bias and should not be used.

The bias induced by unnecessary normalization is also demonstrated in Fig. 1a. There
is one true DEG and one true non-DEG in the permutation-based semi-synthetic data
(Fig. 1a, top-left). However, the non-DEG exhibits an obvious difference in the mean
expression levels between the two conditions after the normalization, making it likely to
be identified as a false-positive DEG (Fig. 1a, bottom-left).

In our published study [1], we generated semi-synthetic data using the permutation-
based strategy. For the true DEGs, we fixed their unnormalized read counts as in the
real data’s two conditions. For the remaining genes as true non-DEGs, we randomly per-
muted each gene’s unnormalized read counts between the real data’s two conditions.
Given that we did not assume batch effects to exist in the semi-synthetic data when we
defined true DEGs and true non-DEGs, normalization is unnecessary and would only
serve to skew the defined ground truth. Hence, we conclude that no normalization
should be performed on the permutation-based semi-synthetic data (i.e., scheme 2 in
Table 1).
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Our major findings in [1] that DESeq2 and edgeR have exaggerated false discoveries still hold
It is worth noting that permutation remains a valid sanity check of DE methods (with or
without built-in normalization) when all genes are permutated. In such permuted data, all
genes are true non-DEGs, and all samples are exchangeable (Fig. 1b, left). Hence, a nor-
malization procedure, if appropriate, should not introduce biases to exchangeable samples
and distort the ground truth (Fig. 1b, right). As our major point about exaggerated false
discoveries (Fig. 1 in our published study [1]) was based on such permuted data, our obser-
vation that DESeq2 and edgeR had exaggerated false discoveries when analyzing human
population samples remains valid. However, as no true DEGs existed in such permuted
data, we could only use these data to evaluate the FDR of a DE method, but not the power.
This motivated us to generate semi-synthetic data that contained both true DEGs and non-
DEGs (see the section titled “Two strategies for generating semi-synthetic RNA-seq data
from real RNA-seq data”).

The “normalization first” scheme 3 alters DE method implementation and is thus
not-so-realistic

Realizing the issue with scheme 1, Hejblum et al. proposed scheme 3 (Table 1) to generate
semi-synthetic data in a different, normalization-then-permutation way: first normalizing
real data within each condition; then generating semi-synthetic data by fixing true DEGs’
normalized expression levels in the two conditions and randomly permuting each true non-
DEG’s normalized expression levels between the two conditions. It is true that scheme 3,
like the “no normalization” scheme 2, does not perform the post-permutation normaliza-
tion, so true non-DEGSs’ expression levels would not be distorted and then become false
positives. However, we argue that scheme 3 would generate semi-synthetic data contain-
ing normalized expression levels that are no longer counts, making many DE methods that
require count data as input become inapplicable. In fact, Hejblum et al. [2] had to alter each
DE method by adding a permutation step after the normalization step, making scheme 3
not only a semi-synthetic data generation scheme but also an altered implementation of DE
methods.

Our rationale of recommending the “no normalization” scheme 2
Given the fact that scheme 1 causes FDR inflation and scheme 3 must alter DE method
implementation, our recommendation is the “no normalization” scheme 2. Moreover, there
are different normalization methods available, and the choice of normalization methods
remains an open question [7-9]. Using scheme 2 allows us to concentrate on the perfor-
mance of DE methods without the confounding effect of the normalization method choice.
It is important to emphasize that all three schemes apply only to FDR and power evalu-
ation of DE methods using permutation-based semi-synthetic data, not real data analysis.
For real data, unless analysts are confident about the absence of batch effects, we recom-
mend the use of normalization prior to conducting DE analysis.

Our new analysis confirms that the Wilcoxon rank-sum test remains the most robust method
under the “no normalization” scheme 2

Regarding the second major point of Hejblum et al. [2] that dearseq outperforms the
Wilcoxon rank-sum test under scheme 3 and otherwise offers competitive performance
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on par with the other methods, we performed a new analysis for FDR and power evalu-
ation under our recommended "no normalization” scheme 2 for the six DE methods,
including the updated dearseq (v1.8.1) package that allows this scheme and was released
after our published study [1]. Our updated results show that the Wilcoxon rank-sum test
remains the most robust method compared to the other five DE methods (Figs. 2 and 3).

Importantly, dearseq has two versions: dearseq-perm uses a permutation test for
p-value calculation, and dearseq-asym uses an asymptotic null distribution for p-value
calculation.

In this response, under scheme 2, we first re-ran the six DE methods on the permuta-
tion-based semi-synthetic data generated in our published study [1] and obtained results
similar to those in Hejblum et al. [2]. As shown in Figs. 2 and 3, dearseq-perm cannot
control the FDR. The other version, dearseq-asym, also cannot control the FDR when
the sample sizes are 20 vs. 20 (Fig. 2), and it controls the FDR only when the sample size
is large enough (e.g., sample size ~40 when the target FDR is 0.1%; Fig. 3). In contrast,
the Wilcoxon rank-sum test has consistent FDR control across all sample sizes. Figures 2
and 3 also show that under the same actual FDR, dearseq-perm has the worst power
among all DE methods, while dearseq-asym has no obvious power advantage over the
Wilcoxon rank-sum test. Another drawback of dearseq-perm is its long computational
time. In our benchmark, the average computational time of dearseq-perm under its
default setting was 3.5 h on one semi-synthetic dataset (with sample sizes 372 and 386);
in contrast, the Wilcoxon rank-sum test spent only 1.5 min on the same dataset, and

Sample size: 372 vs. 386
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Fig. 2 Comparison of DE methods on semi-synthetic data generated using the permutation-based strategy
from GTEx data of heart left ventricle vs. atrial appendage under the data generation scheme 2. The FDR
control (left panel) and power given the actual FDRs (right panel) under a range of FDR thresholds (i.e,,
claimed FDRs) from 0.001 to 5% for 2 sample sizes: all samples from the 2 conditions (top panel) and 20
samples per condition (bottom panel)



Page 9 of 14

(2024) 25:283

Ge et al. Genome Biology

[2] ‘|e 3@ wn|gfaH o 9>uspuodsaiiod pajepdn

SY3 Ul pasn sem UdIym ‘| "¢ |* LA 03 parepdn sem abeyded basiesp ay3 ‘uay) *(1'g"| UOISIDA) basieap pasn am ‘[z] ‘[e 19 win|qoH JO 3duspuodsa1i0d PRIWANS Sy} 03 dSUOdSal Ul SISK[eUB MU 33 PIP 9M USYM ‘DI9H "19serep
SIY3 Yum suni |'g LA "[L] Apn3s paysijgnd Jno Ui pasn se UoI1ezi{eusiou INOYIIM elep Junod paje|nuwiis d41dads 1no yiim uni jou pip ([1] Apnis paystignd 1no ur pasn am ydiym ‘L'9°| uolsian) abeyded basieap jeuibLio ay] ,

[¢] |e 30 wn|qleH

Ul S1Nsal 8y uo paseq (Uoi
-DZ|JDWIOU JNOYUM Ot || A
2bpy>pd pajppdn) basieap
pue UOXOD|IA\ JO UOISSNISIg

(uonpzipuiiou 1noyIM
sauljadid paiayjoun) bas|ON pue
‘WOOoA-BLIWI| ‘Yabpa ‘Zbas3q -

(UonbzipWIOU INOYNUM [ g [A
2bpy>pd pajppdn) basieap -
UOXOD|IM *

(aurjadid yopa apisul
UobZI{pWIoU J23yD pappo Uol
-pinuiiad) bag|ON pue ‘WooA

-euiwl| "gabpa ‘zbasiqg -

uon

-DZIJDUIIOU INOYIM (L°EL" LA
pup z°/°LA) basieap -
UOXOD|IM *

(uon

-DZIjpwiliou Jnoyum sauljadid
paJajpun) bag|ON pue ‘WOooA
-ewwl| "yabps ‘zbas3q -
oUol

-DZ|[DULIOU INOYUM (L*EL°LA
pup z°/°LA) basieap -
UOXOD[IAA *

(uonpzipusiou yum saujjadid
DaJ3)pun) bag|ON pue ‘WooA
-ewwl| ‘Yabps ‘¢bas3g -
UONDZIDWLIOU YUM (L*EL"LA
pup z°/°LA) basieap -

(1523 241 21043 pappp

(ybu-wonoq

V/N ON ON  S|9A9] UoIssaidxa pazijewloN ‘e[ "Bi4) 151y uonezijeulon (€)
(ya|-doa
UOXOD|IM SOA ON S1UNOD peal pazijewlouun ‘el ‘bl4) uolezijeudiou oN (7)

(uonpzipudiou yum sauladid
palaibun) bag|ON pUe ‘WOooA
-ewwl| Yabps ‘zbasig-

(uonpzipuiiou yum (Ya|-wonoq

uoneyul yd4 o1 anp /N UOIDZIIDUWLIOU) UOXOD|IAA * abpyopd |puiblio) basiesp « SOA SOA  SUNOD peal pazilewuouun ‘el “B14) 151y uoneinuwisd (1)
[Z]°e19 iuonezijew.iou elep
wn|qfeH s>uspuodsaiiod [L1'|e32 M Apnis ;spoylaw 3q ||e Yyum pasn 2139YJUAS-1WaS Ul S|9AI)

asuodsau siyy ui abesn oYy ui abesn paysiignd ino ur abesn  yum sjqnedwod poylaw 3g uolssaidxa auab jo 1un awsYyds

[2]|e 32 win|gfeH Ul pasodoid sawsayds (uopeiuswaldwi poyiall 3g pue uopelausb eiep d1aYiuks-iwss) 931y ayj Jo sabesn pue saiiiadold | ajqer



Ge et al. Genome Biology (2024) 25:283 Page 10 of 14

Claimed FDR = 10% Actual FDR =10%
100 1 +*
TS -
N =y 5000 &
g 51 | : 4000 &
< 5 75 e Non-parametric
5 < L3000 5
[T g 50+ o —— dearseg-asym
g ot S 2000 2
[$] 25 s
< .001 1000 2 —— dearseg-perm
S~ (o]
0 — — : — — 0 o
2 4 8 20 40 100 2 4 8 20 40 100
NOIS
Sample Size Sample Size ed
= Wilcoxon
Claimed FDR = 0.1% Actual FDR =0.1%
00 ‘\r—\——\ 100 I 5000 3 Parametric
< 5 ] | a
g 9 \ BE 40008 DESeq2
o« s I =
2 1 g 50 3000 &
S 01+ S L2000 edgeR
2 25 @
< 0011 £1000 9
0 0 g) limma-voom
2 4 8 2040 100 2 4 8 2040 100

Sample Size Sample Size

Fig. 3 Comparison of DE methods on semi-synthetic data (with varying sample sizes) generated using

the permutation-based strategy from GTEx data of heart left ventricle vs. atrial appendage under the data
generation scheme 2. The FDR control (left panel) and power given the actual FDRs (right panel) for a range
of per-condition sample sizes from 2 to 100, under FDR thresholds (i.e., claimed FDRs) of 10% (top panel) and
0.1% (bottom panel). The claimed FDRs, actual FDRs, and power were all calculated as the averages of 50
semi-synthetic datasets with the same per-condition sample size

dearseq-asym spent 1 min. Based on these results, the conclusion in our published study
still holds that the Wilcoxon rank-sum test is more robust than dearseq-asym regarding
the sample size and outperforms dearseq-perm regarding the FDR control consistency

and the statistical power.

The analysis of Hejblum et al. [2] also suggests that the Wilcoxon rank-sum test is a top
performer under scheme 3
Since scheme 3 is not directly applicable to DESeq2 [10], edgeR [11], and limma-voom
[12], which only accept gene expression read counts as input data, we chose not to
alter their pipelines and then run them under this scheme. Hence, we used the results
in Hejblum et al. [2] to compare the Wilcoxon rank-sum test with dearseq-perm and
dearseq-asym. Hejblum et al’s Figs. 1 and 2 showed that dearseq-perm can control the
FDR but lacks power, and dearseq-asym can control the FDR only when the sample size
is large enough (at least 80 samples per condition). In contrast, the Wilcoxon rank-sum
test has consistent FDR control across all sample sizes. Moreover, dearseq-asym has no
obvious power advantage over the Wilcoxon rank-sum test. Hence, we conclude that the
Wilcoxon rank-sum test is still a good choice under scheme 3, although we do not rec-
ommend scheme 3 for the reasons stated in the section titled “The “normalization first”
scheme 3 alters DE method implementation and is thus not-so-realistic”

In summary, after fixing the normalization bias in our published analysis (Fig. 2 in
[1]), we claim that our previous conclusion remains: the Wilcoxon rank-sum test is
the most robust among the six methods. In particular, the Wilcoxon rank-sum test is
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advantageous for being fast and able to strictly control the FDR for all sample sizes. In
contrast, dearseq-perm is too slow thus impractical, and dearseq-asym cannot control
the FDR when the sample size is less than 40 per condition. Nevertheless, we acknowl-
edge dearseq’s advantage for allowing more complex experimental designs, which the
Wilcoxon rank-sum test cannot handle but needs extensions such as the probabilistic
index models [13].

Response to Yang et al. [3]

Key messages in Yang et al. [3]

The correspondence by Yang et al. pointed out that edgeR might still be suitable for DE
analysis of large-sample RNA-seq datasets after outlier samples are removed by win-
sorization. To perform winsorization, Yang et al. initially normalized the count data by
sample, using the samples’ size factors calculated by the estimateSizeFactors() function
in the R package DESeq2. Next, for each gene, the normalized counts that exceeded a
certain percentile were truncated to the percentile value. These modified counts were
next rescaled by multiplication with the original size factors and then rounded to the
nearest integer, yielding the winsorized counts. Finally, the winsorized counts were fed
into DESeq2 and edgeR for DEG identification.

After applying the above winsorization procedure, Yang et al. found that edgeR had
similar power as the Wilcoxon rank-sum test after the 93rd percentile winsorization was
used, and edgeR could control the FDR close to the target level, while DESeq?2 still had
the FDR inflation issue (Fig. 2B in Yang et al. [3]). Hence, Yang et al. claimed that edgeR
could still be used for DE analysis on large-sample RNA-Seq data after winsorization.

However, we assert that a practical challenge is setting the winsorization threshold, a
tuning parameter that needs user specification and determines DE analysis results. Yang
et al. recommended users permute the datasets many times and select the winsorization
threshold as the percentile that controls the false discoveries made from permuted data
and maximizes the discoveries made from real data. However, this approach requires
running edgeR separately for each threshold on each permutated dataset and is thus
computationally intensive. Besides, this strategy suffers the double-dipping issue (select-
ing the winsorization threshold and performing statistical tests on the same data) that
hurdles the validity of statistical tests.

The Wilcoxon rank-sum test outperforms DESeq2 and edgeR in the absence of outliers

In this response, we independently investigated whether DESeq2 or edgeR has advan-
tages over the Wilcoxon rank-sum test for large sample-size data in the absence of outli-
ers (because the purpose of winsorization is to remove outliers). We considered an ideal
scenario by employing the model-based strategy to generate semi-synthetic data, which
contained true DEGs and no outliers, from a real GTEx dataset of heart left ventricle
vs. atrial appendage (with sample sizes 376 and 386). Specifically, we set each gene’s
marginal distributions under each condition as a NB distribution, satisfying the model
assumption of DESeq2 and edgeR. Then, we applied DESeq2 and edgeR in the default
mode (no winsorization) or with three winsorization thresholds (the 93%, 95%, and
97% percentiles) to the semi-synthetic data. Our results show that all implementations
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of DESeq2 and edgeR (the default and the three winsorized variants) did not control the
FDRs under the target levels (Fig. 4).

Generated by the model-based strategy, the semi-synthetic data contain no outliers
because the model satisfies the assumption of DESeq2 and edgeR. However, we still
observed inflated FDRs of DESeq2 and edgeR, suggesting that the existence of outliers
is not the only reason for the inflated FDR issue. Another reason may be associated with
the inaccurate estimation of the dispersion parameter of each NB distribution, one per
gene per condition. This dispersion parameter is a nuisance parameter that, although
not of interest, must be estimated before a hypothesis test can be performed on the
mean parameter, the parameter of interest. (Note that in DESeq2 and edgeR, the null
hypothesis for each gene is that the gene has the same mean parameter, with samples’
size factors adjusted, under the two conditions.) Hence, if the dispersion parameter has
an estimation bias, it would likely lead to a mis-calibrated p-value for the hypothesis
test of the mean parameter. This dispersion parameter estimation issue, if existent, can-
not be fixed by winsorization. Indeed, we observed that DESeq2 and edgeR still cannot
control the FDR on the model-based semi-synthetic data after winsorization. Hence, we
conclude that the Wilcoxon rank sum test still outperforms DESeq2 and edgeR on large
sample size data, even allowing for winsorization.

In summary, although DESeq2 and edgeR have fewer false positives after winsori-
zation, (Fig. 4), they still cannot control the FDR on model-based semi-synthetic data
that satisfy their model assumption. Moreover, winsorization adds subjectivity to data
analysis, and winsorization threshold choice is challenging. Hence, we hold our recom-
mendation in the original study [1] that the Wilcoxon rank-sum test is a preferred and
robust choice for large sample-size RNA-seq data if complex experimental design is not
involved.

Sample size: 372 vs. 386
= Wilcoxon

DESeq2

100 10000 # 100 10000 # DESeq2 (97%)
20 —— =3 — Q
g ° // _ 78] ——" |70 § _ 75| = 7500 § DESea2 (95%)
g ! / g z 8 g
2 4 § 50 5000 & & 50 5000 & DESeqz (83%)
% 01 2 s & H —— edgeR
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Fig. 4 Comparison of DESeq2 without or with winsorization, edgeR without or with winsorization, and
Wilcoxon rank-sum test on semi-synthetic data generated using the model-based strategy from GTEx data
of heart left ventricle vs. atrial appendage. The FDR control (left panel), power given the claimed FDRs
(middle panel), and power given the actual FDRs (right panel) under a range of FDR thresholds (i.e,, claimed
FDRs) from 0.001 to 5%. DESeq?2 and edgeR were applied in default (without winsorization) or with three
winsorization thresholds (the 93%, 95%, and 97% quantiles) based on the winsorization procedure in Yang
etal [3]. As the true DEGs and non-DEGs were defined without assuming batch effects, DESeq2 and edgeR
were applied without normalization. The claimed FDRs, actual FDRs, and power were all calculated as the
averages of 30 semi-semisynthetic datasets generated independently
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Final note

We would like to acknowledge the insightful points raised by the two correspondences,
which have helped us refine our analysis and strengthen the rigor of our conclusions. We
firmly believe that these discussions contribute substantially to the field’s understanding
of DE analysis—a topic that may have previously been regarded as a solved issue.

After discussion and analysis in this response, we recommend no normalization in
simulation schemes where no batch effects are assumed in defining true DEGs and non-
DEGs. Based on our new analysis results in this response, the conclusions in our original
study [1] continue to hold. The non-parametric Wilcoxon rank-sum test can consist-
ently control the FDR and achieve good statistical power for large sample-size RNA-seq
data. While winsorization that removes outliers may reduce the inflated FDR issue of the
parametric DE methods DESeq2 and edgeR, selecting the threshold for winsorization is
arbitrary or computationally intensive. This subjectivity issue is also prevalent in other
data preprocessing steps, such as the removal of top principal components (PCs) follow-
ing data transformation, where the number of PCs to remove is subjectively determined.
In contrast, the Wilcoxon rank-sum test is a robust approach independent of parameter
specifications or arbitrary thresholds.

We would also like to clarify that our published study [1] was in no way a comprehen-
sive benchmark. Many DE methods have been developed in the last decade (including
more than 20 methods benchmarked in previous studies; see Table S1 in [1]). It is possi-
ble that some methods may outperform the Wilcoxon rank-sum test on specific datasets
or under specific settings. Instead of providing the “best” method, an impossible mission
given the vast diversity of datasets, our study [1] aimed to emphasize the importance
of sanity checks and voice the cautionary message that using popular methods without
checks might lead to excessive false positives.
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