™IWEHI

brighter together

edgeRv4 with expanded functionality and im-
proved support for small counts and larger datasets

Lizhong Chen

Smyth Lab, Bioinformatics Division

WEHI

September 17, 2025



Quasi-likelihood pipeline

B Mean-variance relationship

Var[)’gi] = Ugﬂgi + Vg higi

B Quasi-dispersion aé, accounting for

technical overdispersion

B Negative binomial dispersion g,
accounting for biological overdispersion

I Estimation of 14 is global, and we estimate
1 for all genes using highly expressed genes
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edgeR v4: powerful d|fferent|al analysis of sequencmg data
with | lity and imp i support for
small counts and larger datasets
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Application to single-cell RNA-seq data

# Size
> dim(y)
[1] 9996 3302
N 401
# Seurat clusters
cls <- soCmeta.data$seurat_clusters
des <- model.matrix(~ 0 + cls)
204

# edgeRv3 pipeline
system.time(yl <- estimateDisp(y, des, tagwise = FALSE))

user system elapsed
302.15 3.16 305.91
system.time(fitl <- glmQLFit(y1, des, legacy = TRUE))
user system elapsed
19.36 0.32 19.74
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# edgeRv4 pipeline -20
system.time(fit0 <- glmQLFit(y, des, legacy = FALSE))

user system elapsed

76.78 0.60 77.56
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Adjusted deviance statistics

BCV plot edgeRv3 edgeRv4
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Highly variable gene (HVG) selection

Null hypothesis: a single population
assumption

Under null hypothesis, the variance is
_ 2 2
varlys] = Oghgi + Vg lig

Assume 02 = o2 are the same for all genes

Biological variation is measured by 1/Ajg

HVGs are those genes with large z[AJg

Pg > P

The HVGs can be classified into two categories
Null hypothesis is accepted but 1/A)g is large

Null hypothesis is rejected that p,; varies and
results in large 1,

edgeRv4 pipeline does not estimate z/A)g
edgeRv4 pipeline does estimate 57 and 62
edgeRv4 performs goodness of fit test

62 > 62 ~ zZJg > 1[)

by adjusted deviance statistics



Results of selected HVGs

BCV plot (Top HVGs) BCV plot (Comparison with Seurat)
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Examples of selected HVGs
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Prior estimation of empirical Bayes process

Suppose we have 87 ~ s5 X Fg, 4, The B Two major challenges for edgeRv4 QL method
problem is to estimate s3, do. using adjusted deviance statistics

(Smyth 2004) Moment estimators on s3 B d; .q is not a constant, and may vary a lot.
and do.

B Many dg ,gj can be small.

(Sartor et al., 2006) Prior trend on s3
using splines. B A two-steps method is proposed to improve

empirical Bayes hyperparameter estimation

(Phipson et al., 2016) Robust estimators
on s2 and do. B |t is implemented in fitDistUnequalDF1() in limma



Prior estimation of empirical Bayes process

edgeR 4.4.2 edgeR 4.2.2
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* Null simulation for DTE (only filter zeros), edgeR 4.2 fails to control FDR (df.prior = Inf)



Marker gene selection

B Marker genes are used to identify clusters with a positive logFC

B Cluster specific is preferred, one gene one cluster

B It can be a marker gene set, and the combination specifies cluster

B Assume clusters are well defined, edgeR performs one vs the average of others test
B For one sample, edgeR can perform on the single-cell level

B For multiple samples, pseudo-bulk approach is recommended



Marker gene selection

# contrast matriz

diag(contr.matrix) <- 1

>
> contr.matrix <- matrix(-1/4,5,5)
>
>

contr.matrix

L1 0
[1,] 1.00 -O.
[2,] -0.25 1
[3,]1 -0.25 -0.
(4,1 -0.25 -0.

[5,1 -0.256 -0.
>

2]
25
00
25
25
25

[,3]
-0.25
-0.25

1.00
-0.25
-0.25

[,4]
-0.25
-0.25
-0.25

1.00
-0.25

L,
-0.
-0.
-0.
-0.

1.

5]
25

> # Test for cluster 2 (LP cells)

> qlf <- glmQLFTest(fitO, contrast
> topTags(qlf) [,-(1:4)]
-0.25%c1s0 -0.25%clsl

Coefficient:
logFC
Sppl  5.995375
Trf 5.297083
Csn3 5.194536
Pletl 4.371423
Cd14 4.014644
Lcn2  3.531909
Mfge8 3.517283
Cst3 3.089129
Mgstl 2.565137
Clu  2.926397

13.
14.

11

12.
10.

11

11.
11.
11.

11

logCPM
90512
00792
.68842
03224
90419
. 76725
75730
46859
32096
.26094

3207.
3675.
2828.
3521.
2389.
2493.
2775.
2020.
1751. .
.443 7.674257e-318 7.671188e-315

1741

F
176
661
526
563
327
848
851
506
716

Ooo0oo0oo0o0O0O0O0

contr.matrix[,3])

1#cls2 -0.25%cls3 -0.25%cls4

PValue
000000e+00
000000e+00
000000e+00
000000e+00
000000e+00
000000e+00
000000e+00
000000e+00
000000e+00

Oco0oo0oo0oO0O0O0O0O0

FDR
.000000e+00
.000000e+00
.000000e+00
.000000e+00
.000000e+00
.000000e+00
.000000e+00
.000000e+00

000000e+00

p-values are not reliable because of the
inter-correlation among cells

Rank of genes is reasonable so we can
choose top DE genes as potential marker
genes

Top DE genes may not be cluster specific

For logFC cutoff, a treat-style method is
recommended



differential splicing (differential transcript usage)
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differential transcript usage with limma and edgeR
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Abstract

0 not directly account for the RTA ovrdispersion wihin thei statsical frameworks, leacing 10 recucad
tatisical power or poor oror ate control, paricularly in sconarios with small sampie sizes. This arlcle
presents imma and edge analyss pipaines tnat account for RTA during DTU assessment. Leveraging

sparsity i transcritJovl counts. Simulations and analysis of 9al dal from mouse mammay Gpihelal
cells demonsirae that the GiSpice pipelnes provide greater power, improved efficiency, and improved
FOR control compared to xisting specialized DTU met

Introduction

FINA soquencing (ANA-s6q) rosearch by
ofthe

incluing cancer, immunclogy. and dovelopmental biciogy. A common task in ANA-seq dala analysis s
o dentiy genomic features hat have afored expression levss across conitons, such as veatmers,
disaase stats, or genolypes:

Howeter,
via altemative splicing, a process in whih gen exons are joned i diferent combinatons, resufing in

rocucts (2,3, 4] alow
st and it expression (OTE) (5,61, Yol

fesulting ffom alternative spicing rarely oceur n fsolaton, as biological processes oftn afect muliple
xpressed ranserpts of a gene simulaneausly. Examples of such processes include alenatie splcing
Vi transcription and isoform swiching [

of expressod ranseript for thal gane betwoen condilons.

Difrental spliing can be assessed aiher at tha level of @xons via diferential exon usage (DEU) or at
he leve of ranscrpts (RNA isoorms) via iferental ranscript usage (OTUJ. In DEU analyses, RNA-saq
eads are alined 10 & reference genome with a spic-awaro aligner, feads are counted for oxons, and
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Future work

B Treat analysis - testing logFC relative to a threshold
B Sample weights - accounting for the variations in sample quality

B New quasi-likelihood pipeline for Methylation analysis
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