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Abstract 

Differential transcript usage (DTU) refers to changes in the relative abundance of transcript isoforms of the same gene between experimental 
conditions, e v en when the total expression of the gene does not change. DTU analysis requires the quantification of individual isoforms from 

RNA-seq data, which has a high le v el of uncert aint y due to transcript o v erlap and read-to-transcript ambiguity (RTA). Popular DTU analysis 
methods do not directly account for the R TA o v erdispersion within their statistical frame w orks, leading to reduced statistical po w er or poor error 
rate control, particularly in scenarios with small sample siz es. T his article presents limma and edgeR analysis pipelines that account for RTA 

during DTU assessment. L e v eraging recent adv ancements in the limma and edgeR Bioconductor packages, we propose DTU analysis pipelines 
optimiz ed f or small and large datasets with a unified interface via the diffSplice function. The pipelines make use of divided counts to remo v e 
RTA-induced dispersion from transcript isoform counts and account for the sparsity in transcript-level counts. Simulations and analyses of real 
data from mouse mammary epithelial cells demonstrate that the diffSplice pipelines provide greater po w er, impro v ed efficiency, and impro v ed 
f alse disco v ery rate control compared to e xisting specializ ed DTU methods. 
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NA sequencing (RNA-seq) has revolutionized biomedical
esearch by enabling comprehensive profiling of the tran-
criptome, providing insights into gene expression regulation
cross diverse biological contexts, including cancer, immunol-
gy , and developmental biology . A common task in RNA-seq
ata analysis is to identify genomic features that have altered
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expression levels across conditions, such as treatments, disease
status, or genotypes. Differential expression analysis has tra-
ditionally focused on genes as the primary units of expression
[ 1 ]. However, genes often express multiple transcript isoforms
(transcripts) via alternative splicing, a process in which gene
exons are joined in different combinations, resulting in distinct
messenger RNA products [ 2–4 ]. Recent computational and
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statistical developments now allow fast and accurate detection
of differential transcript expression (DTE) [ 5 , 6 ]. Yet, tran-
scriptional changes resulting from alternative splicing rarely
occur in isolation, as biological processes often affect multi-
ple expressed transcripts of a gene simultaneously. Examples
of such processes include alternative splicing via transcription
start site variation and isoform switching via exon skipping
[ 7 ]. These phenomena often occur in the context of cancer,
where an oncogene transcript replaces a major transcript due
to DNA damage or epigenomic modifications [ 8 , 9 ]. It is there-
fore of key interest for biomedical researchers to identify those
genes for which any differential splicing event has occurred,
resulting in changes in the relative abundance of expressed
transcripts for that gene between conditions. 

Differential splicing can be assessed either at the level of
exons via differential exon usage (DEU) or at the level of
transcripts (RNA isoforms) via differential transcript usage
(DTU). In DEU analyses, RNA-seq reads are aligned to a ref-
erence genome with a splice-aware aligner, reads are counted
for exons, and statistical tests are conducted for changes in rel-
ative exon expression between experimental conditions [ 10 ].
Alternatively, reads might be counted for exon–exon junctions
or for disjoint exon bins [ 11 , 12 ]. In DTU analyses, RNA-
seq reads are aligned to a reference transcriptome, transcript
counts are estimated by quantification tools such as Salmon
[ 13 ], kallisto [ 14 ], and RSEM [ 2 ], and tests are conducted for
changes in the relative expression of the transcripts for each
gene [ 15 , 16 ]. The key step in transcriptome alignment is to
determine which set of transcripts each sequence read is com-
patible with, where each possible set of compatible transcripts
is called an “equivalence class” [ 13 , 14 ]. A third way to assess
differential splicing is to apply DEU statistical methods to the
equivalence class counts instead of to exon counts [ 17 ]. Fi-
nally, it is also possible to test for DTU directly from the equiv-
alence class counts instead of from transcript counts, although
this approach requires complex Bayesian statistical models
and long computation times [ 18 ]. All of these approaches have
their challenges. DEU has the complication that exons do not
have consistent start and end sites between transcripts and
therefore are not consistently defined. Another issue is that
sequence reads may be multiply assigned to more than one
exon bin, causing interdependence between the exon counts.
DEU applied to equivalence class counts avoids the problem
of double-counting, but has to deal with a very large num-
ber of equivalence classes, and equivalence classes containing
transcripts from more than one gene have to be ignored [ 17 ].
While all these approaches can test for differential splicing at
the gene level, only DTU can reveal which transcripts are be-
ing differentially used as a response to a given biological con-
dition. This paper therefore focuses on DTU using estimated
transcript counts. 

The key statistical challenge that complicates the analysis
of transcript counts is that they are estimated quantities and
are highly overdispersed compared to exon-level or gene-level
counts. The overdispersion arises from the fact that each se-
quence read is typically compatible with more than one refer-
ence transcript, a phenomenon that we call read-to-transcript
ambiguity (RTA) [ 5 ]. Reads have to be assigned to transcripts
probabilistically [ 2 , 13 , 14 ], and the assignment process tends
to reinforce transcripts that are already highly expressed, lead-
ing to inflated variances for the estimated counts. The amount
of overdispersion depends on the transcript annotation topol-
ogy and is greater for transcripts that are highly overlap-
ping. The overdispersion arising from RTA not only increases 
the variability of the data but also, crucially, interferes with 

the global mean–variance relationships that allow gene-level 
RNA-seq analysis methods such as edgeR [ 19 ], limma-voom 

[ 20 ], and DESeq2 [ 21 ] to be so powerful and accurate. We 
recently showed that the RTA overdispersions can be very ac- 
curately estimated from technical resamples generated by the 
transcript quantification tools [ 5 , 6 ]. We showed that RTA in- 
duces quasi-Poisson overdispersion into the intrasample tran- 
script counts. The RTA overdispersions were shown to add 

technical variation to the mean–variance relationship of the 
transcript counts without affecting the biological coefficient 
of variation (BCV) [ 5 , 6 ]. The fact that the RTA overdisper- 
sions are purely technical and also accurately estimated al- 
lows them to be, literally, divided out of the transcript counts.
This process leads to divided counts that show the same neg- 
ative binomial-type variation and global mean–variance rela- 
tionships usually associated with gene-level analyses [ 5 ]. The 
divided-counts method was shown to dramatically improve 
the accuracy and efficiency of DTE analyses, in both large- 
and small-scale datasets, but has not yet been benchmarked 

for DTU. 
DEXSeq [ 10 ], DRIMSeq [ 15 ], and satuRn [ 16 ] are popu- 

lar software tools used to test for DTU. DEXSeq was origi- 
nally developed to test for DEU but has been repurposed for 
DTU using transcript counts [ 12 , 22 ]. DEXSeq starts by fit- 
ting negative binomial generalized linear models to the counts 
for each transcript, following the DESeq2 method, in order 
to estimate the negative binomial dispersion parameter for 
each transcript. It then assesses differential usage by testing 
for interaction terms in gene-level generalized linear mod- 
els. The gene-level linear predictor includes main effects for 
sample and transcript, so the interaction test may be consid- 
ered as a generalization of the traditional G-test for indepen- 
dence in contingency tables [ 23 , 24 ]. A test is conducted for 
each transcript, looking for differential usage of that tran- 
script versus all other transcripts for the same gene. DRIM- 
Seq assumes a Dirichlet-multinomial model for the transcript 
counts, treating the total gene count for each sample as fixed.
The Dirichlet precision parameter is estimated for each gene 
and likelihood ratio tests are conducted for differential tran- 
script count proportions. satuRn assumes a quasi-binomial 
generalized linear model for the counts of each transcript, as 
a proportion of the total counts for that gene in each sample.
Empirical Bayes moderation is applied to the quasi-binomial 
dispersion parameters, using limma ’s squeezeVar function [ 25 ,
26 ]. Transcript-level t -statistics are computed for differential 
usage, and Efron’s local false discovery rate (FDR) approach 

[ 27 ] is used to obtain empirical P -values, which are then cor- 
rected for multiple testing. 

None of the above DTU methods allow for technical 
overdispersion arising from RTA. They all estimate overdis- 
persion only in terms of sample to sample variation arising 
from biological differences in transcript expression or tran- 
script proportions. DEXSeq ’s negative binomial model, and 

the multinomial and binomial models of DRIMSeq and sat- 
uRn , all assume that the transcript counts will be Poisson 

distributed under repeat sampling for an individual sample,
whereas the transcript counts show high overdispersion rela- 
tive to Poisson even for technical replicates. In other words,
RTA produces overdispersion even when the transcript pro- 
portions are constant, representing a failure in the underlying 
distributional assumptions for these packages. 
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Meanwhile, the edgeR and limma packages have also his-
orically provided functions for DEU analysis that could be
epurposed for DTU, including diffSplice in limma and diff-
pliceDGE in edgeR . diffSpliceDGE fits negative binomial
eneralized linear models to the counts for each transcript
nd tests for differential usage via contrasts between the
ranscript-level log-fold-changes for each gene. limma ’s diff-
plice is similar but with normal linear models. This article
resents recent improvements to both functions and demon-
trates that they provide fast and accurate tools for DTU when
ombined with divided transcript counts. Input for limma ’s
iffSplice is now prepared by voomLmFit , which improves on
he older voom pipeline by adjusting the residual variance es-
imates for the loss of effective degrees of freedom (df) when
here are experimental groups with all zero counts. diffSplice
tself has been revised to accommodate the unequal residual
f that now arise. diffSpliceDGE has been completely rewrit-
en to provide more rigorous error rate control, to accommo-
ate completely general experimental designs and to make full
se of the enhanced quasi-likelihood functionality of edgeR
4 [ 19 ]. In the Bioconductor 3.21 release of April 2025, diffS-
lice was converted to a be generic function that now handles
EU and DTU analyses for both limma and edgeR in a uni-
ed manner. The original nongeneric function is now the diff-
plice method for limma fitted model objects and the rewrit-
en diffSpliceDGE is now the diffSplice method for edgeR
tted model objects produced by glmQLFit . The older diffS-
liceDGE function is retained for backward compatibility, but
s considered to be deprecated. The new DTU pipeline consists
f catchSalmon to read Salmon quantifications and estimate
TA dispersions, followed by voomLmFit or glmQLFit to fit

ranscript-wise linear models to the divided counts, and then
iffSplice for DTU. The catchSalmon function can be replaced
ith catchRSEM or catchKallisto if RSEM or kallisto are used

nstead of Salmon , but this article will focus on Salmon be-
ause we have previously found it to have good performance
 6 ]. 

This article presents the statistical theory behind the re-
ised diffSplice methods and benchmarks them against the
ther DTU methods described previously. An extensive sim-
lation study shows the edgeR and limma diffSplice pipelines
o be the best two performers, demonstrating greater sta-
istical power than the other methods while also providing
igorous error rate control, controlling the FDR below the
ominal rate even when the sample sizes are small. Com-
arison is also made with the BANDITS package, which
ests for DTU directly from equivalence class counts [ 18 ].
he diffSplice methods are much faster than any of the
ompeting methods, especially for larger sample sizes. They
re also fully flexible, supporting completely general exper-
mental designs with any number of covariates or batch ef-
ects. They allow DTU to be detected either between ex-
erimental conditions or as a function of a continuous
redictor. 
Given the effectiveness of divided counts for limma and

dgeR analyses, we tested whether divided counts would im-
rove the other methods as well. Divided counts were found
o improve DEXSeq , bringing it closer to edgeR and limma
erformance, while the performance of DRIMSeq and satuRn
id not improve. 
The article finishes with a case study, using diffSplice to

emonstrate the role of DTU in the lineage commitment of
ouse mammary gland epithelial cells. 
Materials and methods 

User interface 

The limma and edgeR DTU pipelines operate on transcript
quantifications and technical replicates output by Salmon ,
kallisto , or RSEM . The pipelines consist of three steps.
First, the transcript quantifications are read by catchSalmon ,
catc hKallisto , or catc hRSEM , and the transcript counts are
divided by the transcript RTA dispersions [ 5 , 6 ]. We recom-
mend filtering of low expressed transcripts with filterByExpr
and library size normalization with normLibSizes at this stage.
Second, the divided counts are input to either voomLmFit or
glmQLFit , together with a design matrix describing the ex-
perimental setup. Finally, DTU is evaluated with the diffSplice
and topSplice functions. 

In limma 3.64.0 and edgeR 4.6.0, limma ’s diffSplice func-
tion was converted to be an S3 generic, with methods defined
for limma- and edgeR fitted model objects. This unification
means that the limma and edgeR DTU pipelines are now op-
erationally the same, except for the use of either voomLmFit
or glmQLFit at the second step. diffSplice stores gene- and
transcript-level tests so that topSplice can extract whichever
tests are required. The main user difference between the edgeR
and limma methods is that the edgeR method evaluates DTU
for one coefficient or contrast at a time, as specified by the
call to diffSplice , whereas the limma method evaluates DTU
for all the coefficients in the linear model at once. The detailed
mathematical basis of the two pipelines is described in the fol-
lowing four sections. 

RTA-divided counts 

The divided-count approach was introduced by Baldoni et al.
[ 5 , 6 ] and is an essential component of the limma and edgeR
pipelines for DTE and DTU. Consider an RNA-seq experiment
consisting of n samples and transcriptome annotation with
T transcripts from G genes. Write y gti for the read count for
transcript t of gene g in sample i , as estimated by Salmon , and
let ˆ τgt be the RTA dispersion for that transcript, as estimated
by catchSalmon [ 6 ]. Then the divided counts z gti = y gti / ̂ τgt 

can be treated as approximately negative binomial distributed
counts [ 5 , 6 , 19 ]. The divided counts z gti are input into the
limma or edgeR analysis pipelines as if they were ordinary
read counts. The pipelines can be applied similarly to kallisto
or RSEM quantifications via the catchKallisto or catchRSEM
functions, although Salmon quantifications are used in this ar-
ticle. 

voomLmFit and glmQLFit 

The functions voomLmFit or glmQLFit fit transcript-wise lin-
ear models to the divided counts. voomLmFit fits linear mod-
els to log 2 counts per million, and is a further development of
the popular limma–voom approach [ 20 ]. Unlike the original
voom function, it reduces the residual df to avoid underesti-
mation of the residual variance when a transcript has entirely
zero counts for any treatment group [ 28 ]. It also automates
the estimation of sample quality weights [ 29 ] and the incor-
poration of random effect blocks [ 30 ]. 

glmQLFit fits quasi-negative binomial generalized linear
models to the transcript counts, with bias adjusted deviances
and empirical Bayes moderation of the quasi-dispersions [ 19 ].
Like voomLmFit , glmQLFit also adjusts the residual df for
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zero counts, but in a continuous way, so that fitted values that
are very small but positive also generate reduced df. 

voomLmFit and glmQLFit accept design matrices, which
define the experimental conditions and the associated linear
model to be estimated [ 31 ], and return estimated linear model
coefficients ˆ βgt j for each column j of the design matrix. 

Transcript-level RNA-seq counts tend to be sparser than
gene-level counts because of the larger number of transcripts
compared to genes, so the robustness to small counts offered
by voomLmFit and glmQLFit is important. voomLmFit and
glmQLFit both generate transcript-specific residual df and
make use of limma ’s fitFDistUnequalDF1 function for empir-
ical Bayes hyperparameter estimation. 

limma’s diffSplice method 

We now describe the statistical theory of the diffSplice method
applied to limma linear models. The DTU analysis focuses
on a particular coefficient j of the linear model, which typ-
ically corresponds to the log 2 -fold change (logFC) of interest.
The method is extremely general and can be applied to any
meaningful coefficient or contrast, including a coefficient for
a continuous covariate or for a paired samples treatment. The
simulations reported in this article used simple two-column
design matrices where the second column represents the log e -
fold change in expression between the two groups. 

Let T g be the number of transcripts for gene g, so that
T = 

∑ 

T g . DTU tests are performed on genes expressing
T g > 1 transcripts and are equivalent to testing whether the
transcript-specific coefficients ˆ βgt j differ among transcripts of
the same gene. Rejecting the null hypothesis of equality implies
that the relative expression of the transcripts must differ be-
tween conditions or with respect to the relevant linear model
covariate. 

For notational simplicity, we will drop the j subscript for
the rest of this section, with the understanding that all the tests
relate to coefficient j in the linear model. 

The fundamental distributional assumptions made by diffS-
plice are that the transcript-wise coefficients ˆ βgt , t = 1 , . . . , T g ,
are statistically independent and that they share the same ge-
newise residual error variance, σ 2 

g . diffSplice assumes that 

var ( ̂  βgt ) = v gt σ
2 
g , 

where v gt is the unscaled variance for the coefficient arising
from the experimental design and from the voom precision
weights for that transcript. Write u gt = 1 /v gt for the unscaled
precision. The genewise coefficient averaged over the tran-
scripts is 

ˆ βg = 

1 

u g 

T g ∑ 

t=1 

u gt ˆ βgt , 

where u g = 

∑ 

t u gt is the total precision summed over all the
transcripts for the gene. Also write 

ˆ βg(t ) = 

1 

u g − u gt 

∑ 

k � = t 

u gk 
ˆ βgk 

for the coefficient averaged over all the other transcripts for
the gene, excluding transcript t. Note that ˆ βgt and 

ˆ βg(t ) are sta-
tistically independent. The transcript-level tests for DTU are
based on the differences ˆ βgt − ˆ βg(t ) for each transcript t in turn.
It can be shown that 

ˆ βgt − ˆ βg = 

(
1 − h gt 

) (
ˆ βgt − ˆ βg(t ) 

)
, 

where h gt = u gt /u g is the leverage (or relative weight) given to 

transcript t in the genewise coefficient. It can also be shown 

that 

var 
(

ˆ βgt − ˆ βg(t ) 

)
= v gt σ

2 
g / (1 − h gt ) . 

It follows therefore that 

z gt = 

(
ˆ βgt − ˆ βg 

)
/ 
√ 

1 − h gt 

σg 
√ 

v gt 

has a standard normal distribution under the null hypothesis.
Let 

d g = 

T g ∑ 

t=1 

d gt 

be the total residual df over all the transcripts for gene g, and 

let 

s 2 g = 

1 

d g 

T g ∑ 

t=1 

d gt s 2 gt 

be the pooled residual variance for gene g. limma ’s empirical 
Bayes variance estimation is applied to the genewise s 2 g , result- 
ing in prior df d 0 g and posterior variance estimators ˜ s 2 g [ 25 ,
26 ]. It follows that the empirical Bayes moderated t -statistic 

˜ t gt = 

(
ˆ βgt − ˆ βg 

)
/ 
√ 

1 − h gt 

˜ s g 
√ 

v gt 

follows a t-distribution on d 0 g + d g df under the null hypoth- 
esis. Also define the moderated F -statistic 

˜ F g = 

1 

(T g − 1) 

T g ∑ 

t=1 

(1 − h gt ) ̃  t 2 gt . 

It can be shown that ˜ F g follows a F -distribution on T g − 1 

and d 0 g + d g df under the null hypothesis. The moderated F - 
statistic can be used to test the overall null hypothesis of no 

DTU for gene g, whereas the moderated t -statistic can be used 

to test for differential usage of a particular transcript within 

the gene. The two tests are equivalent in the sense that reject- 
ing any of the transcript-wise null hypotheses for a gene is 
equivalent to rejecting the overall null hypothesis. 

Genewise P -values for DTU can be obtained from the 
F -statistic and transcript-specific P -values can be obtained 

from the moderated t -statistics. diffSplice also offers genewise 
P -values obtained from applying Simes adjustment to the 
transcript-level P -values for each gene [ 32 ]. The F -statistic and 

Simes P -values are identical for genes with just two transcripts 
but differ for genes with many transcripts, with the Simes P - 
values tending to be smaller than the F -statistic P -values when 

one of the ˆ βgt coefficients is an outlier compared to the others 
for the same gene. Genewise P -values can then be adjusted for 
multiple testing and genes can be ranked by evidence for dif- 
ferential usage with the topSplice function of the limma pack- 
age. 



Differential transcript usage 5 

e

T  

b  

T  

v

w  

b
 

w  

r  

t  

d

i  

B  

t

w  

a  

t

w  

a  

e  

t  

t

w  

o
 

d  

t  

t

R

W  

e  

t  

y  

(  

f  

s  

s  

a  

p  

c  

e  

n  

l  

Table 1. TPM in terms of edgeR linear model coefficients for a gene with 
two transcripts and an experiment with two conditions 

Condition A Condition B 

Transcript 1 α1 α1 γ

Transcript 2 α2 α2 γ δ

The factors in the table are defined in the manuscript text. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

dgeR’s diffSplice method 

he edgeR method follows the same format as that for limma ,
ut uses quasi F -statistics obtained from deviance differences.
he divided counts are assumed to follow a quadratic–mean
ariance relationship 

var (z gti ) = σ 2 
g 

(
μgti + φμ2 

gti 

)
, 

here μgti is the expected count and φ is a global negative
inomial dispersion estimated by glmQLFit . 
The quasi-dispersions σ 2 

g are estimated in exactly the same
ay as the residual variances in the limma pipeline, except that

esidual deviances replace residual sums of squares. If d gt is
he bias-adjusted residual df and s 2 gt is the bias-adjusted mean
eviance for transcript t, then 

s 2 g = 

1 

d g 

T g ∑ 

t=1 

d gt s 2 gt 

s the pooled mean deviance for gene g. limma ’s empirical
ayes variance estimation is applied to the s 2 g , resulting in pos-

erior quasi-dispersion estimators ˜ s 2 g . 
The gene-level quasi F -statistic is 

F g = 

�D g 

(T g − 1) ̃ s 2 g 
, 

here �D g is the deviance difference between the full model
nd the null model with all the βgt equal, t = 1 , . . . , T g . The
ranscript-level quasi F -statistic is 

F gt = 

�D gt 

˜ s 2 g 
, 

here �D gt is the deviance difference between the null model
nd the one-removed null model in which all the βgt ′ are
qual except for the transcript of interest, i.e. for t ′ � = t. The
ranscript-level F -statistic is on 1 and d 0 g + d g df, and can be
ransformed to a t -statistic by 

t gt = F 1 / 2 gt sign ( ̂  βgt − ˆ βg ) , 

here ˆ βg is the consensus value for the linear model coefficient
ver all the transcripts for that gene. 
For genes with a very large number of transcripts ( > 10 by

efault), a fast approximation to F gt is used. The approxima-
ion replaces �D gt with the deviance difference between set-
ing βgt = 

ˆ βgt versus setting βgt = 

ˆ βg . 

elationship to transcripts per million 

e indicate briefly here how the diffSplice transcript-wise lin-
ar models are mathematically equivalent to a DTU model in
erms of expression proportions. The limma and edgeR anal-
ses do not require the computation of transcripts per million
TPM) expression values, but TPM values can be recovered
rom the edgeR fitted values after rescaling by the RTA disper-
ions and the transcript lengths. For simplicity, we consider a
imple experimental design with two conditions, A and B, and
 gene with two transcripts. Also assume a standard R factor
arametrization, so that βgt1 represents baseline expression in
ondition A and βgt2 is the logFC in condition B. Note that
dgeR coefficients are computed and stored internally on the
atural log scale, although user results are reported on the
og 2 scale by functions such as topTags or topSplice . edgeR
linear models also include the log library size as an offset. Ta-
ble 1 gives the TPM values for the two transcripts in the two
conditions where 

αt = 

τt 

L t 
exp (βgt1 ) × C, 

γ = exp (βg12 ) , 

δ = exp (βg22 − βg12 ) . 

Here, τt is the RTA dispersion for transcript t, L t is the effec-
tive transcript length, and C is an overall scaling factor con-
stant for all samples and transcripts to ensure that total TPM
is ∼1 million per sample. The terms α1 and α2 are the baseline
TPM expression levels in condition A, γ is the fold-change of
transcript 1 in condition B, and δ is the transcript × condi-
tion interaction. If the two transcripts have the same logFC,
then δ = 1 and the proportion of the gene’s TPM expression
arising from transcript 2 will be equal to α2 / (α1 + α2 ) in both
conditions. This formulation shows explicitly the equivalence
of the diffSplice null hypothesis βg12 = βg22 to DTU in terms
of TPMs. 

In edgeR , TPM values can be extracted from the fitted
model object created by glmQLFit using the tpm function,
and these can be converted to expression proportions for each
gene using the tpmProp function. The edgeR TPM values in-
corporate effective library sizes as estimated by normLibSizes ,
which allow for the possibility that total RNA production may
differ from sample to sample [ 33 ]. The total sum of TPM val-
ues will therefore differ from sample to sample, with the to-
tal sum being inversely related to the normalization factor for
that sample. The tpm function sets the geometric mean of the
column totals to be equal to 1 million. The TPMs preserve the
same fold-changes as estimated by glmQLFit . 

RNA-seq profiling of mouse mammary gland 

epithelial cell populations 

RNA-seq data were obtained from NCBI Gene Expression
Omnibus series, GSE227748, which provides transcriptome
profiles of freshly sorted epithelial cell subpopulations from
the mammary glands of adult female FVB/N mice. Myoep-
ithelial (basal), luminal progenitor (LP), and mature luminal
(ML) cells were sorted from three mice, providing three bio-
logical replicates of each cell population. Libraries were se-
quenced using an Illumina NextSeq 500 system, producing
35–80 million 80-bp read pairs per sample. Salmon was run
on the FASTQ files with default options using the decoy-
aware transcriptome index generated from M35 Gencode
transcript annotation and the mm39 mouse genome. One hun-
dred Gibbs resamples were generated for every sample. catch-
Salmon was used to import Salmon ’s quantifications and to es-
timate the RTA overdispersion parameters. Divided transcript
counts were computed, low-expressed transcripts were filtered
by filterByExpr , genes other than protein-coding and long
non-coding RNA (lncRNA) were removed, library sizes were
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normalized by normLibSizes , and DTU was assessed using
the limma and edgeR diffSplice methods with robust = TRUE .

Simulated datasets 

The mouse mammary gland data were used to select a refer-
ence set of genes and transcripts from which sequence reads
would be simulated. The reference set of genes and tran-
scripts was created as follows. Gene-level counts were com-
puted by adding up transcript-level expected counts obtained
from Salmon . Only genes annotated to the mouse autosome or
sex chromosomes, and classified as protein-coding or lncRNA
were considered. Genes with duplicated transcript sequences
were discarded. The nucleotide fraction attributable to each
gene in each sample was estimated by the Good-Turing algo-
rithm [ 34 ], implemented in edgeR ’ s goodT uringProportions
function. Genes with nucleotide fractions greater than 10 

−6 in
at least six of the nine RNA-seq libraries were retained, along
with their protein-coding and lncRNA transcripts, for inclu-
sion in the reference set. The resulting reference set comprised
12 715 genes and 41 554 associated transcripts. 

Transcript-level dispersion parameters (squared BCV) were
generated from an inverse chi-squared distribution with scale
equal to 0 . 25 

2 and df equal to 40, i.e., ( 40)( 0 . 25) 2 /φt ∼ χ2 
40 ,

where φt is the dispersion parameter. This choice of 0.25 for
the prior BCV matches the biological variability and hetero-
geneity that we typically observe in our own in-house RNA-
seq experiments using genetically identical laboratory mice
[ 20 ]. Sample-wise TPMs for each transcript were generated
from a gamma distribution with squared CV equal to φt and
baseline expected value generated from the distribution of
Good-Turing proportions from the reference dataset. 

For each simulated dataset, we randomly selected a set of
4500 multitranscript genes to contain at least one differen-
tially expressed transcript. Genes from this set were randomly
selected to exhibit either differential usage alone ( n = 1500 ),
a combination of differential usage and differential expres-
sion ( n = 1500 ), or differential expression alone without dif-
ferential usage ( n = 1500 ). Genes exhibiting differential us-
age (DTU only) alone had the expected TPM of two of their
transcripts adjusted and then swapped in one of the groups.
This process ensured a two-fold change for the two selected
transcripts while keeping the total expression of the gene con-
stant in both groups. For such genes, only the two differen-
tially expressed transcripts were considered to be differentially
used. Differentially used and expressed genes (DGE/DTU) had
the expected TPM of one of their transcripts adjusted with
a two-fold-change in one of the groups. For such genes, all
their transcripts were considered to be differentially used be-
cause, when the adjusted transcript increases expression, all
other transcripts of the same gene must necessarily contribute
a lower proportion of the total expression of that gene. Genes
selected to be differentially expressed alone (DGE-only) had
the expected TPM of all of their transcripts adjusted with a
two-fold-change in one of the groups. For these genes, no tran-
scripts were considered to be differentially used. Differentially
expressed genes were randomly assigned to be up or down reg-
ulated, so that the simulated datasets had a balanced number
of up and down regulated transcripts overall. 

Null simulations without any real differential expression
or usage between groups were also generated to assess type
I error rate control. For the null simulations, each transcript
had the same expected TPM across samples. 
The TPMs for each transcript in each sample were then in- 
put to the simReads function of the Rsubread package [ 35 ] 
to generate a FASTQ file of sequence reads for each sample.
Paired-end reads with 100 base pairs (bp) were generated in 

scenarios that varied with respect to the number of biological 
replicates per group (three, five, or ten) with unbalanced li- 
brary sizes (either 25 or 100 million reads per sample). For 
each scenario, 20 simulated experiments with RNA-seq li- 
braries from two groups were generated. 

The simulated data sets were quantified with Salmon with 

a decoy-aware mapping-based indexed transcriptome gener- 
ated from the mouse mm39 reference genome with k-mers of 
length 31 and the complete mouse Gencode transcriptome an- 
notation M35. 100 Gibbs resamples were generated for every 
sample. 

S oftw are tools included in benchmarking 

The performance of the limma and edgeR diffSplice meth- 
ods was compared to that of DEXSeq , DRIMSeq , and sat- 
uRn on the simulated datasets. Methods were evaluated with 

respect to type I error rate control, FDR, power, and com- 
putational speed. All methods are available as Bioconductor 
packages for the R programming language [ 36 ]. The limma 
and edgeR methods were implemented as described above 
with default settings for all functions. DEXSeq , DRIMSeq ,
and satuRn were run initially on raw transcript counts, as 
recommended in their original publications, and then also on 

the divided transcripts counts. For all methods but DRIMSeq ,
low expressed transcripts were filtered out with edgeR ’s fil- 
terByExpr function with default settings. For pipelines using 
divided counts, the counts were divided before running filter- 
ByExpr . For DRIMSeq , its own dmFilter function was used 

to select transcripts with a minimum count of 10 in at least n 

samples, where n is the group sample size. Empirical P -values 
were used to assess DTU with satuRn , as recommended by the 
authors of that package [ 16 ]. To standardize timings, all the 
above analyses were conducted on WEHI’s high performance 
Linux system using a single core. 

A second set of DTU analyses was conducted to evaluate 
the performance of edgeR and limma under a less stringent 
filtering criteria, retaining transcripts with at least 1 count 
in at least half the samples (equivalent to filterByExpr with 

min.count = 1 and min.total.count = 5 ). 
The BANDITS package was benchmarked separately, be- 

cause it requires different input to the other tools and because 
it could not be run successfully with a single core. BANDITS 
requires transcript counts from Salmon for transcript filtering 
and hyperparameter estimation and equivalence class counts 
for the DTU analysis, but does not use technical replicates be- 
cause it estimates the uncertainty arising from RTA directly 
from likelihood modeling of the equivalence class counts [ 18 ].
Transcripts were filtered using filter_transcripts , as recom- 
mended in the package documentation. BANDITS was run 

using 10 cores on five simulated datasets for each simulation 

scenario. 

Results 

Divided counts restore the biological 
mean–variance relationship 

Figure 2 of Baldoni et al. [ 5 ] displayed edgeR dispersion 

plots for raw and divided counts, showing that the mean–
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ariance relationship associated with biological variation in
NA-seq counts is disrupted in the raw transcript counts

rom Salmon but restored in the divided counts. The behav-
or was very similar for both simulated and real RNA-seq
ata. Supplementary Fig. S1 shows the same behavior for the
urrent simulations and for the mouse mammary data consid-
red in this article. 

imma and edgeR control the type 1 error rate 

orrectly 

 fundamental requirement of any statistical test is that it
hould yield valid P -values when the null hypothesis is true,
.e. that it should control the type I error rate at or below the
ominal rate. Ideally, a test that balances sensitivity with er-
or rate control will produce null P -values that are uniformly
istributed between 0 and 1, ensuring that the type I error
ate is always equal to the nominal level. We started therefore
y examining the P -value distributions generated by each of
he DTU methods in the null simulations, with no differen-
ial usage or differential expression between groups. Figure
 presents density histograms of raw P -values from all the
ethods for the null simulation scenario with five samples per

roup. limma and edgeR are the only methods that yield uni-
orm P -value distributions, with both transcript-level t -tests
nd gene-level F -tests giving P -value histograms that are very
lose to uniform. Simes-adjusted P -values from limma and
dgeR show slightly U-shaped histograms, although the den-
ity near zero remains below the nominal level. DEXSeq and
atuRn show conservative distributions, somewhat depleted
or small P -values, while DRIMSeq produces spikes at 0 and 1,
ndicating excessive numbers of both very large and very small
 -values. The results were similar with n = 3 or n = 10 sam-
les per group, except that satuRn become noticeably less con-
ervative at the largest sample size ( Supplementary Figs S2 and
3 ). 

Supplementary Fig. S4 shows the actual type I error rates at
he nominal 5% level, confirming the qualitative observations
ade from the density histograms. limma and edgeR give type

 error rates very close to the nominal level, whereas DEXSeq
nd satuRn are conservative and DRIMSeq is liberal. 

Here and in the next two sections, we compare each of
he methods as they were originally proposed, meaning that
imma and edgeR use divided counts while all the other meth-
ds use raw transcripts counts. Later, we explore whether di-
ided counts can improve the other methods as well. 

dgeR and limma give the best gene and transcript 
ankings 

ext, we compared the ability of the different methods to rank
enes and transcripts in terms of evidence for DTU when true
TU is present. Figure 2 shows cumulative FDRs when genes
r transcripts are ranked by P -value for each DTU method.
t both the gene and transcript levels, and for any sample

ize, edgeR selected the smallest number of false discover-
es for any chosen number of features, followed closely by
imma . The F -test and Simes-adjusted P -values performed sim-
larly. DEXSeq was next in performance, but with consider-
bly higher FDRs than edgeR or limma . satuRn gave poor re-
ults with n = 3 samples per group but improved noticeably
t the larger samples sizes. 
edgeR and limma maximise power while 

maintaining FDR control 

Finally, we examined the combined effect of error rate con-
trol and feature ranking at common FDR cutoff levels by
counting the numbers of true and false discoveries. Figure 3
shows the observed number of true and false discoveries at an
FDR cutoff of 0.05. edgeR controlled the FDR below nom-
inal level in all scenarios, while also yielding more true dis-
coveries than any other method except DRIMSeq , which pro-
duced unacceptably high FDRs. limma was nearly as good as
edgeR , although was slightly liberal at the transcript level with
the larger sample sizes. DEXSeq was somewhat less powerful
than edgeR or limma , and also failed to control the FDR cor-
rectly in four out the six scenarios. satuRn was the least pow-
erful method, making very few or no discoveries at all with
sample sizes < 10. 

Supplementary Fig. S5 shows true and false discoveries at
FDR cutoff 0.01. At this more stringent cutoff, the results are
qualitatively similar to 0.05 but more striking. Again, limma
and edgeR control the FDR at close to the correct level, but
now they have more power even than DRIMSeq at the gene
level with n = 10 . DEXSeq is very liberal when n = 3 , with
FDR six times the nominal level, and is liberal at the transcript
level for all sample sizes. DRIMSeq remains too liberal and
satuRn too conservative. 

Supplementary Fig. S6 plots, for each method, the observed
power versus the observed FDR for nominal FDR cutoffs
ranging from 0.01 to 0.20. This confirms previous results,
with edgeR and limma at the top left of each of the panels. 

Relative power of Simes versus F -tests depends on 

the DTU configuration 

diffSplice provides two summary P -values for each gene, one
derived from an F -test and the other from Simes adjustment of
the transcript-level t -tests for the same gene. The motivation
for providing two different P -values is that they may have dif-
ferent statistical power in different DTU contexts. Our simula-
tion included two different DTU scenarios, with either one or
two differentially expressed transcripts per gene. In the latter
case, the two transcripts were differentially expressed in op-
posite directions, switching expression levels with one another
in the two experimental conditions. Supplementary Fig. S7
plots the F -test versus Simes P -values for the two scenarios
for a representative simulated dataset with 10 samples per
group. The F -test P -values tend to be smaller than the Simes P -
values when there are two differentially expressed transcripts
( Supplementary Fig. S7 A), whereas the Simes P -values tend to
be smaller when there is only one differentially expressed tran-
script. This confirms our expectation that Simes test should
be more powerful when there is a single stand-out t -statistic,
while the F -test should be more powerful in more complex sit-
uations involving multiple transcripts. The difference between
the two methods is more marked for genes with more tran-
scripts. The F -test and Simes P -values are identical for genes
with only two transcripts in total, but become more differ-
ent as the total number of transcripts increases. As expected,
the P -values are smaller overall in panel (B) than in panel (B)
of Supplementary Fig. S7 , showing that it is easier overall to
detect DTU when there are multiple transcripts changing in
opposite directions. 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
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A

B

Figure 1. Density histograms of P -values in the null simulation with five samples per group. Dashed line indicates the expected uniform distribution. 
Panels ( A ) and ( B ) show results at the gene and transcripts levels, respectively. Methods DEXSeq and satuRn do not report gene-level raw P -values and, 
therefore, are omitted from panel(A). Raw counts were used by DEXSeq , DRIMSeq , and satuRn . Results are averaged over 20 simulated datasets. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Divided counts improve DEXSeq but not DRIMSeq 

or satuRn 

Given the success of divided counts in the edgeR and limma
pipelines, we investigated how the use of divided counts in-
stead of raw transcript counts would affect DEXSeq , DRIM-
Seq , and satuRn . We repeated the analysis of the simu-
lated data using divided counts for all benchmarked meth-
ods ( Supplementary Figs S8 –S14 ). The use of divided counts
noticeably improved the performance of DEXSeq , although
edgeR and limma remained the best two methods. For
DEXSeq , the conservative depletion of small P -values previ-
ously seen in Fig. 1 and Supplementary Fig. S3 was replaced
by some anticonservative enrichment of small P -values for the
n = 5 and n = 10 scenarios ( Supplementary Fig. S9 ). With di-
vided counts, DEXSeq was able to achieve good FDR control
at the gene-level even for n = 3 , although edgeR continued
to have higher power as well as lower FDRs ( Supplementary
Figs S11 and S12 ). At the transcript level, DEXSeq became
more powerful but was now overly liberal at all sample
sizes and FDR cutoffs. The performance of satuRn becomes
worse in terms of cumulative FDR ( Supplementary Fig. S13 ).
The performance of DRIMSeq is improved, but only slightly,
and its FDR remains unacceptably high at all nominal levels
( Supplementary Fig. S14 ). We conclude that the divided count
approach aids the performance of all the methods that assume
a negative binomial distribution for transcript-level counts,
but gives no substantial improvement for methods that make
binomial or multinomial assumptions. 
Comparison with BANDITS 

Benchmarking was also conducted of the BANDITS pack- 
age, as a way to compare the divided count pipelines with 

an approach that infers DTU directly from the equivalence 
class counts. BANDITS produces null P -value histograms that 
overall are strongly skewed toward large P -values, but which 

also include a substantial spike at very small P -values, many 
of which are exactly zero ( Supplementary Fig. S15 ). This P - 
value pattern, enriched for both large and very small P -values,
is associated with statistical power that is lower than edgeR or 
limma but also with inflated FDRs ( Supplementary Fig. S16 ).
BANDITS was found to have lower power but higher FDR 

than edgeR or limma in all scenarios: at both gene and tran- 
script levels, for all sample sizes, and at all significance cut- 
offs. BANDITS did control the 5% FDR level correctly at 
the gene level but was very liberal at the transcript level and 

for more stringent significance cutoffs. DEXSeq with divided 

counts was also uniformly better than BANDITS at the gene 
level, although the comparison between the two was mixed at 
the transcript level, where both packages were very liberal. 

limma and edgeR are faster than other DTU 

methods 

We recorded the computation time required by each of the 
DTU methods for the simulation study (Fig. 4 ). DRIMSeq 

was by far the most time-consuming of the transcript-count 
methods, followed by DEXSeq in scenarios with large sam- 
ple sizes. satuRn scaled well computationally as the number 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
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A B C

D E F

Figure 2. Cumulative false discoveries in ranked lists. The number of false discoveries is plotted for each method versus the number of genes or 
transcripts selected as differentially used. Panels ( A )–( C ) show gene-level results with 3, 5, and 10 samples per group, respectively. Panels ( D )–( F ) show 

transcript-le v el results with 3, 5, and 10 samples per group, respectively. For DEXSeq and satuRn , genes were ranked according to their adjusted 
P -values, as those methods do not provide unadjusted P -values by default. Raw counts were used by DEXSeq , DRIMSeq , and satuRn . Results are 
a v eraged o v er 20 simulations. 
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f replicate samples increased, being slower than DEXSeq for
 = 3 but much faster for n = 10 . limma and edgeR were by
ar the fastest methods, taking only ∼20 s for each analysis
ven for the largest sample sizes. limma evaluates DTU for all
oefficients in the linear model simultaneously, so it will be es-
ecially efficient for large-scale experiments in which multiple
reatment comparisons need to be made and DTU is assessed
or each one. 

BANDITS was much slower than the transcript count
ethods and also required the use of multiple cores (Fig. 4 ).
 BANDITS analysis can recover some time relative to the
ther methods by omitting resampling when running Salmon ,
ut Gibbs sampling will typically take only a few minutes in
otal ([ 6 ], Table 1). 

imma and edgeR are robust to transcript filtering 

inally, we assessed the performance of the limma and edgeR
TU pipelines under less stringent filtering criteria. Specifi-

ally, we reanalyzed the simulated datasets using filterByExpr
ith min.count = 1 and min.total.count = 5 . edgeR continued

o control the FDR correctly under these more lenient crite-
ia, and detected more true positives for n = 5 and n = 10 but
ot for n = 3 ( Supplementary Tables S1 and S2). This suggests
hat more lenient filtering could be beneficial for the larger
ample sizes. The FDR is relatively high though for the extra
iscoveries. For instance, for edgeR and n = 10 , lenient filter
ave 151.55 more true positive DTU genes on average at a
cost of 21.90 more false positives, corresponding to an FDR
of 17% among the extra discoveries. With lenient filtering,
limma became slightly liberal at the transcript level tests with
n = 3 ( Supplementary table S2 ), although the FDR control for
low counts could be improved by setting the robust = TRUE
when running diffSplice (data not shown). 

Differential transcript usage in the steady-state 

adult mouse mammary gland 

The transcriptomic profile of the mouse mammary stem cell
lineage has been extensively studied in the literature. The
steady-state mammary gland of adult mice comprises three
major cell types: basal, LP, and ML cells. A number of genes,
such as Foxp1 , Ezh2 , and Asap1 , have been shown to be es-
sential for the morphogenesis of the mammary gland and to
regulate cell-specific differentiation programs [ 37–39 ]. Impor-
tantly, recent work has identified several genes exhibiting al-
ternative transcriptional start-site usage across the stem cell
lineage, including genes known to be indispensable for mam-
mary gland development, such as Foxp1 [ 7 ]. Altogether, these
results suggest that differential usage of transcripts might be
an important mechanism of mammary stem cell lineage dif-
ferentiation. To investigate this phenomenon further, we per-
formed a DTU analysis of the Illumina paired-end RNA-seq
data from the major cell types comprising the steady-state
mouse mammary gland as reported by Milevskiy et al. [ 7 ].

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1305#supplementary-data
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Figure 3. Numbers of true and false discoveries at 5% FDR. Stacked barplots show the number of true (blue) and false (red) positive differentially used 
genes and transcripts at nominal 5% FDR. T he observ ed FDR is sho wn as a percentage o v er each bar. Panels ( A )–( C ) show results at the gene le v el with 
3, 5, and 10 samples per group, respectively. Panels ( D )–( F ) show results at the transcript level with 3, 5, and 10 samples per group, respectively. satuRn 
failed to detect differentially used genes or transcripts with three samples per group. Raw counts were used by DEXSeq , DRIMSeq , and satuRn . Results 
are a v eraged o v er 20 simulated datasets. 
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Figure 4. Computation time. B ars sho w time in minutes required for a DTU analysis by the different methods. Panels ( A )–( C ) show results with 3, 5, and 
10 samples per group, respectively. BANDITS is not shown on the plot because it was much slower than the other methods and required more 
computing cores, taking 16.8, 26.3, and 81.3 min, respectively for 3, 5, and 10 samples per group. Analyses were run on a Linux system using 10 cores 
f or BANDI TS and a single core f or the other methods. R esults are a v eraged o v er 5 simulations f or BANDI TS and 20 simulations f or the other methods. 

 

 

 

 

 

 

 

The experiment includes nine RNA-seq samples from basal,
LP, and ML cells, with three biological replicates per cell type.

The analysis presented here focuses on the basal versus LP
cells comparison (Fig. 5 ). We applied the edgeR pipeline to
detect differential usage both at the gene level with moder-
ated quasi F -tests as well as at the transcript level with mod-
erated t -tests. We first considered transcript-level raw counts
and observed a strong transcript-specific RTA overdispersion 

effect in the BCV of expressed transcripts (Fig. 5 A). The RTA 

overdispersion effect led the estimated BCV from transcripts 
associated with high RTA to systematically deviate from the 
typical trend that decreases smoothly with abundance com- 
monly observed in gene-level read counts [ 20 ]. With RTA- 
divided transcript counts, the estimated dispersions reflect the 
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A B

C D

E

Figur e 5. P anels (A)–(E) sho w the main results from the RNA-seq DTU analy sis of the adult mouse mammary gland data. In panel ( A ), BCV plot using 
transcript raw counts. In panel ( B ), BCV plot using transcript divided counts. In panel ( C ), top 10 most significant over-represented gene ontology terms 
associated with biological processes from differentially used genes between basal and LP cells. In panel ( D ), differential splicing plot of relative logFC of 
e xpressed Fo xp1 transcripts. T he relativ e logFC is the difference betw een the transcript’s logFC and the o v erall logFC f or the gene. T he Fo xp1 gene is 
differentially used between basal and LP cells (FDR = 3 . 3 × 10 −13 ). Foxp1 transcripts 216, 225, 210, and 214 are differentially used with respect to other 
Foxp1 transcripts (FDR = 7 . 3 × 10 −8 , 2 . 9 × 10 −7 , 7 . 0 × 10 −3 , and 4 . 9 × 10 −2 , respectively). In panel ( E ), coverage profile of the differentially used gene 
Ey a2 betw een basal and LP cells e xhibiting cell-specific transcriptional start-site usage. Co v erage profiles are defined as the number of reads 
o v erlapping each base, transformed into a count-per-million value based on effective library sizes. Coverage tracks include all expressed protein-coding 
and lncRNA transcripts based on the mouse Gencode annotation version M35. Nominal FDR of 0.05 in both gene- and transcript-level DTU analyses. 
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true precision of effective counts, which in turn represent the
biological variation of the RNA-seq experiment and indicate
that RTA-divided transcript counts could be readily input into
edgeR ’s quasi negative binomial generalized linear modeling
pipeline (Fig. 5 B). In contrast to RTA-divided counts, nega-
tive binomial dispersions estimated from raw counts resulted
in systematically lower estimated gene-level prior df during
the empirical Bayes moderation of estimated genewise quasi-
dispersions (4.117 versus. 8.170, on average). The lower esti-
mated prior df indicates that genewise quasi-dispersions esti-
mates are less strongly moderated, resulting in an associated
loss of statistical power to detect differences in usage with
transcript-level raw counts. 

We identified a total of 1256 differentially used genes be-
tween basal and LP cells using moderated gene-level quasi F -
tests with FDR cutoff 0.05. Among these, we detected differ-
ential usage for several key genes previously reported in the lit-
erature as being involved in the regulation of mammary stem
cell lineage differentiation. Notable examples include Foxp1
(FDR = 3 . 3 × 10 

−13 ), Ezh2 (FDR = 7 . 5 × 10 

−3 ), and Asap1
(FDR = 2 . 6 × 10 

−7 ). The top most differentially spliced gene
was Tpm1 (FDR = 2 . 348 × 10 

−38 ), a gene responsible for
stress fiber formation in human epithelial cells whose down-
regulation in breast tumors has been linked to the survival of
neoplastic cells and tumor growth [ 8 , 9 ]. We tested for over-
representation of gene ontology terms associated with biologi-
cal processes in the set of differentially spliced genes. Our anal-
ysis indicated that differentially spliced genes between basal
and LP cells were mostly associated with cellular metabolic
and regulatory processes (Fig. 5 C). 

At the transcript level, we have identified 2478 differentially
used transcripts between basal and LP cells using moderated
transcript-level t -tests with FDR cutoff 0.05. Of particular in-
terest was the detection of four differentially used transcripts
from the Foxp1 gene: the protein-coding transcripts Foxp1-
216 (relative logFC = 2 . 34 , FDR = 7 . 3 × 10 

−8 ), Foxp1-225
(relative logFC = −4 . 99 , 2 . 924 × 10 

−7 ), Foxp1-210 (relative
logFC = −2 . 246 , FDR = 7 . 0 × 10 

−3 ), and Foxp1-214 (rel-
ative logFC = 0 . 78 , FDR = 4 . 9 × 10 

−2 ) (Fig. 5 D). The rel-
ative logFC represents the difference between a transcript’s
logFC and the overall logFC of the gene. For Foxp1 , our re-
sults suggest a switch in usage of transcripts Foxp1-216 and
Foxp1-225 between basal and LP cells. Previous work has re-
ported transcript Foxp1-225 to be exclusively expressed in
basal cells and transcript Foxp1-220 to be expressed at similar
levels in both cell populations [ 7 ]. Our analysis additionally
revealed that transcripts Foxp1-214 and Foxp1-216 are rel-
atively higher expressed in LP cells compared to basal cells,
and that transcript Foxp1-210 is relatively higher expressed
in basal cells compared to LP cells. 

Among the 1256 differentially used genes, we identified 656
genes with exactly two significantly differentially used tran-
scripts exhibiting relative logFC of opposite signs. This find-
ing suggests that switching expression among spliced tran-
scripts is a prevalent phenomenon in the development of the
mammary stem cell lineage. Notably, several genes identified
by Milevskiy et al. [ 7 ] as having differentially expressed al-
ternative start sites among cell populations were also statis-
tically significant in our DTU analysis. One compelling ex-
ample is Eya2 (FDR = 1 . 4 × 10 

−13 ), the first two transcripts
of which have different start sites and show mutually exclu-
sive expression. Transcript Eya2-202 (relative logFC = −5 . 06 ,
FDR = 2 . 0 × 10 

−15 ) is highly expressed in basal cells but com-
pletely absent in LP and ML. Transcript Eya2-201 (relative 
logFC = 5 . 12 , FDR = 4 . 4 × 10 

−16 ), on the other hand, is com-
pletely absent in basal but becomes expressed in LP and ML 

(Fig. 5 D). 
The mammary data were also analyzed using limma , lead- 

ing to almost the same number of significant results (1260 

DTU genes and 2489 differentially used transcripts) and to 

the same top-ranked genes as discussed above. 

Discussion 

In this article, we present fast and powerful pipelines for differ- 
ential usage analysis of RNA-seq data with limma and edgeR .
Our analysis pipeline employs the divided-count approach 

to remove the RTA overdispersion effect resulting from the 
transcript quantification step. An extensive simulation study 
demonstrates that both limma and edgeR pipelines, followed 

by differential usage testing via the diffSplice function, pro- 
vide uniformly more powerful analyses than specialized DTU 

methods. 
The limma pipeline makes use of the voom method, which 

transforms transcript divided-count data into log 2 counts per 
million, estimates voom precision weights, and fits limma lin- 
ear models while accounting for the loss of residual df caused 

by exact zeros, which is a common feature of RNA-seq data 
summarized at the transcript level. The edgeR pipeline makes 
use of the latest edgeR v4 quasi-negative-binomial meth- 
ods with bias-corrected deviances for improved estimation 

of quasi-dispersions for lowly expressed transcripts [ 19 ]. We 
show that both limma and edgeR pipelines, when used with 

diffSplice for differential usage testing, control the FDR across 
all evaluated scenarios, including those with small numbers of 
replicates, at both the gene and transcript levels. We further 
demonstrate that the diffSplice pipelines are the only bench- 
marked methods to produce P -value distributions that are 
approximately uniform in null simulations. These pipelines 
leverage the fast and flexible statistical methods available in 

the limma and edgeR Bioconductor packages, placing our 
methods as a much faster and more powerful alternative than 

current DTU tools. Our case study of basal and LP cells from 

the steady-state mouse mammary gland identified several dif- 
ferentially used genes and transcripts that have previously 
been shown to be fundamental to the healthy development 
of the mammary gland stem cell lineage. 

Our simulations show that divided counts, previously pro- 
posed for DTE [ 5 ], are equally effective for DTU. Dividing out 
the RTA dispersion tends to equalize the variability of differ- 
ent transcripts for the same gene and generally improves the 
fidelity of the divided counts to the familiar quadratic mean–
variance relationship that is characteristic of bulk RNA-seq 

data [ 19 , 40 ]. Dividing the counts also improved the perfor- 
mance of DEXSeq , which, like edgeR , is based on negative 
binomial modeling of the transcript counts. 

Our study focused on analysis of transcript counts, but 
we also made a comparison with BANDITS , which infers 
DTU directly from the equivalence class counts and there- 
fore can incorporate the uncertainty arising from RTA into the 
likelihood function. In principle, the equivalence class counts 
should contain complete information, but fully leveraging this 
information is computationally and statistically challenging.
Our simulations show that the diffSplice pipelines are not 
only much simpler and faster but also achieved better statis- 
tical power and, mostly importantly, controlled the FDR far 
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ore accurately. BANDITS relies on DRIMSeq to estimate
enewise precision parameters, so it is still dependent on the
ranscript counts as well as on the equivalence class counts.
ANDITS is also limited to two-group comparisons or one-
ay tests. It cannot accommodate covariates, additive factors,
r general treatment contrasts. 
Overall, our simulations highlight the edgeR DTU pipeline

ombined with gene-level Simes P -values as the most power-
ul approach for detecting transcriptional differential usage in
NA-seq data. However, limma was a close competitor and,

n more complex experimental settings, the added flexibility
f the limma linear modeling framework may offer important
dvantages. Such scenarios include, for example, experimental
esigns with blocking factors where sampling units are corre-
ated with an associated effect that must be accounted for as
andom effects, or when sample-specific quality weights must
e estimated and accounted for during the differential analy-
is. Finally, our simulation results show that both limma and
dgeR pipelines are robust to independent filtering, with ef-
cient DTU analyses that are powerful to detect differential
sage even from very lowly expressed transcripts. 
The simulations presented in this article were designed to

mulate small-scale RNA-seq experiments from model organ-
sms with low levels of biological variability, such as those
erived from genetically identical mice or cell lines. How-
ver, large-scale RNA-seq experiments with substantial sam-
le sizes from human studies are also common. Our previ-
us work has demonstrated the excellent performance of the
ivided-count approach for DTE in the context of larger sam-
le sizes and larger levels of biological variability [ 5 , 6 ], which
uggests that the diffSplice pipelines will perform effectively in
uch scenarios as well, with the added advantage of computa-
ional scalability over current methods, owing to the efficient
mplementation of statistical methods in limma and edgeR . 

Our simulations included two DTU scenarios whereby ei-
her one or two transcripts were differentially expressed for a
iven gene. This allowed us to show that the diffSplice Simes
est is more powerful than the diffSplice F -test in the first sce-
ario where just one transcript has a different pattern to the
ther transcripts for the same gene, whereas the diffSplice F -
est is more powerful than the Simes test in the second scenario
ith two transcripts switching in a balanced way. 
Our simulations make essentially no distributional assump-

ions except that the true TPM of each transcript vary between
iological replicates with a constant coefficient of variation.
he true TPM values were assumed to follow gamma distri-
utions, but other distributions with constant coefficient of
ariation, such as log-normal, give similar results [ 5 ]. 

The simulations generated a random biological CV inde-
endently for each transcript, even though empirical evidence
uggests that transcripts for the same gene tend to have similar
Vs. The limma and edgeR diffSplice methods assume con-

istent dispersion for all transcripts of the same gene, but still
erformed strongly in the simulations, showing that they are
obust to unequal dispersions. Nevertheless, it is reasonable
o expect that a more elaborate and realistic simulation that
llowed for BCV consistency within genes would improve the
erformance of limma and edgeR even more relative to other
ethods. 
Another complication not included the simulation is

he possibility of PCR duplicates in the RNA-seq. In the
dgeR context, PCR duplication tends to increase the quasi-
ispersions of the affected transcripts [ 19 ]. The limma and
edgeR diffSplice methods both allow for technical as well as
biological variation, so both methods should adapt smoothly
to that complication, if present. 

Another limitation of the current study is that we have not
explored the effects of unannotated transcripts on any of the
pipelines, and this remains an issue to be explored in the fu-
ture. 

Altogether, results from our simulation study demonstrate
that limma and edgeR outperformed other specialized and
popular DTU methods. Specifically, limma and edgeR were
the only methods to correctly control the FDR in all sce-
narios while detecting more truly DTU genes and transcripts
than other tools. Our simulation results indicate that the
edgeR DTU pipeline with gene-level Simes P -values rank as
the most powerful method to assess transcriptional differen-
tial usage from RNA-seq data. Yet, DTU analyses of complex
real datasets may benefit from the extra flexibility of the limma
linear modeling framework, such as in scenarios where sam-
pling units are not independent and must be accounted for as
random effects or when sample-specific quality weights must
be estimated. 
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Data availability 

The limma , edgeR , and Rsubread packages are freely available
from https:// doi.org/ 10.18129/ B9.bioc.limma , https:// doi.org/
10.18129/ B9.bioc.edgeR , and https:// doi.org/ 10.18129/ B9.
bioc.Rsubread , respectively. Data and code to reproduce the
results presented in this article are available from https://
github.com/ plbaldoni/ DTU-code . Software versions used in
the paper were BANDITS : 1.20.0, DEXSeq : 1.50.0, DRIM-
Seq : 1.32.0, edgeR : 4.5.9, limma : 3.63.9, R : 4.4.1, Rsubread :
2.18.0, Salmon : 1.10.2, and satuRn : 1.12.0. 

The example RNA-seq data analyzed in this article was
downloaded from https:// www.ncbi.nlm.nih.gov/ geo/ query/
acc.cgi?acc=GSE227748 . 
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