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Abstract

Motivation: The sophisticated IfcShrink() function implemented in the DESeq2 package for differential gene expression analysis aims to reduce
noise from low read count and/or highly variable genes in bulk RNA-sequencing data, thus circumventing the need for arbitrary filtering
thresholds. However, difficulties can arise when analysing clinical data with multiple biologically-relevant groupings. In particular, changing the
reference group can dramatically alter the ranking of differentially expressed genes, instead of merely ‘mirroring’ the up- and down-regulated
genes in reciprocal comparisons.

Results: Here, we present mirrorCheck, an R package to automate methodical IfcShrink() usage and data visualization for quality control and
data-driven decision-making during analysis.

Availability and implementation: The source code, including documentation, is available on github at https://github.com/kescull/mirrorCheck.

1 Introduction

In differential gene expression analysis (DGEA), differences
for certain genes may be statistically significant yet too small
to denote a biologically significant finding (Love et al. 2014).
Therefore, biologists often rank differentially expressed genes
(DEGs) for further investigation by the logarithmic fold
change (LFC). However, among lowly expressed or highly
variable genes, LFCs are noisy and biased towards exagger-
ated values (Zhu et al. 2019). To avoid inappropriate rank-
ings, workflows prefilter low-count genes, and/or shrink the
LFC in various ways, to generate more accurate LFC esti-
mates (Law et al. 2014, Love et al. 2014, Chen et al. 2016,
Stephens 2017). DESeq2, one of the most common methods,
originally incorporated LFC shrinkage estimation by default
(Love et al. 2014); DESeq2 v1.16 introduced the IfcShrink()
function, granting users control over whether they employ
LFC shrinkage and with which algorithm (Love et al. 2024).
IfcShrink() with the ‘apeglm’ algorithm represents a powerful

method for appropriately ranking genes (Zhu et al. 2019);
however, we encountered difficulties with multi-group clini-
cal RNA-Seq data.

Using ‘apeglm’, users can only extract results for comparisons
(‘contrasts’) including the reference group. With multiple
groups, users may need to change the reference group and rean-
alyse to extract all desired results. To avoid errors, we auto-
mated this process via run_all_DESeq_contrasts(), which
extracts results for all possible contrasts. Unexpectedly, volcano
plots from reciprocal contrasts (e.g. Groupl/Group2 and
Group2/Groupl) did not mirror each other, thus failing a
‘mirror-check’ and raising doubts about the reliability of DEGs.

Although ‘apeglm’ was intended to make prefiltering un-
necessary (Zhu et al. 2019), we observed that multi-group
data may require prefiltering to stabilize the shrinkage esti-
mation, as discussed (Love 2021). This would be especially
important in highly variable patient data. For such scenarios,
we implemented the compare_reciprocal_contrasts() function
to interrogate and visualize results from IfcShrink().
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This short report aims to alert new DESeq2 users to the
‘mirror-check’ issue and present our mirrorCheck R package
as an accessible quality control tool. mirrorCheck helps users
run IfcShrink() and determine whether prefiltering or other
types of data cleaning is required, particularly for multi-
group clinical data.

2 Methods

Supplementary Files S1, S3, S5, and S9 contain full R codes
for the analysis and visualization reported in this paper.

COVID, BRCA, and Cell line datasets were sourced as de-
scribed in Data Availability. For BRCA, TCGABiolinks
(Colaprico et al. 2016, Silva et al. 2016, Mounir et al. 2019)
was used to download transcriptomic data analysed using the
‘STAR—Counts’ workflow; samples with unknown PAMS0
subtype (Berger et al. 2018) were discarded, except for ‘Solid
Tissue Normal’ samples retained as a healthy control. Counts
tables and metadata were imported into DESeqDataSet or
DGEList objects for analysis with DESeq2 v.1.44 or edgeR
v4.2, respectively. Genes with adjusted P-value <.01 and ab-
solute LFC >2 were considered DEGs. For prefiltering,
edgeR’s filterByExpr() was used with default parameters.
sva v3.52.0 (Leek et al. 2024) was used as described in Love
et al. 2016). For GSEA, genes were ranked by LFC and
GSEAPreranked was run using the cli script packaged with
GSEA Desktop for Linux v. 4.3.3 with the following non-
default parameters: Gene set database = h.all.v2024.1.Hs.sym-
bols.gmt, 10 000 permutations, No Collapse (Supplementary
Files S1 and S2 include the full command). Statistical testing
was performed using ggpubr: global P-values and pairwise
comparisons were calculated using Kruskal-Wallis and
Wilcoxon tests, respectively.

2.1 mirrorCheck

mirrorCheck includes full documentation (Scull 2024).
Briefly, the function run_all_DESeq_contrasts() requires a
DESegDataSet and design factor as input. By default, it uses
1fcShrink() with the ‘apeglm’ algorithm; users can specify the
‘ashr’ or ‘normal’ lfcShrink() algorithm with the mode pa-
rameter, or use mode=*‘none’ to run with results() instead of
1fcShrink(). However, the package was designed to facilitate
use of ‘apeglm’, as this is the only algorithm which requires
users to change the reference level in order to extract all com-
parisons between multiple groups. run_all_DESeq_contrasts
() outputs MA and volcano plots, and DEG lists and heat-
maps, according to user-specified adjusted P-value and LFC
thresholds. With the print.all parameter, it will additionally
output the full gene lists without applying thresholds. com-
pare_reciprocal_contrasts() requires DEG lists as produced
by run_all_DESeq_contrasts(). It outputs Venn diagrams and
concordant DEG lists for each reciprocal contrast, and diag-
nostic plots (stacked bar charts, and also density plots of the
sum of LFCs for concordant DEGs, showing the deviation
from O per contrast). Finally, an UpSet plot shows the overlap
in DEGs from different comparisons, and the intersections
are detailed in a csv, which may be of interest for further
analysis. Supplementary Files S7 and S8 provide a tutorial-
style example of how to use mirrorCheck, which uses a
Bioconductor dataset for enhanced accessibility.
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3 Results and discussion

To demonstrate the ‘mirror-check’ issue, and how mirrorCheck
can help monitor IfcShrink() performance, we sourced three
publicly available datasets with multiple biologically-relevant
groupings. We selected datasets which demonstrate a range
of scenarios, from highly reproducible i vitro datasets to in-
herently variable clinical cohorts. The Cell line dataset
includes data from two cell lines treated with one of two
treatments or a control (totalling six groups) (Corchete et al.
2020). The BRCA dataset contains clinical data from the
TCGA-BRCA project (Koboldt et al. 2012, Ciriello et al.
2015) filtered for tumour samples annotated with a PAMS0
subtype (Berger et al. 2018), thus defining six groups includ-
ing a control, with a large number of samples per group. The
third study categorized COVID patients by the severity of
their pneumonia (COVID, four groups) (Armignacco et al.
2024). We used principal component analysis to visualize the
datasets, revealing a broad range of inter- and intra-group
variability among the datasets (Fig. 1A). As expected, Cell
line groups clustered tightly and the first principal component
(PC1) captured most of the variance (59% variance), whereas
the clinical datasets showed much greater variability
(COVID PC1: 18% variance; BRCA PC1: 10% variance);
COVID groups also clustered poorly, while BRCA had more
distinct clusters.

We performed DGEA on each dataset using DESeq2 with
the ‘apeglm’ algorithm for lfcShrink(), via mirrorCheck’s
run_all_DESeq_contrasts() (Supplementary Files S1-S6). This
function sets each group as the reference in turn and recur-
sively extracts results for all possible contrasts, including re-
ciprocal contrasts. Showing the Severe-Ctrl contrast from
COVID, which will serve as an example throughout, Fig. 1B
demonstrates the eponymous issue: these volcano plots fail to
mirror each other vertically as expected. That is, we expect
the genes that are up-regulated when using one group as the
reference to be down-regulated when using the other group
as the reference, but the numbers of DEGs annotated in
Fig. 1B do not match (here, DEGs were defined as having ad-
justed P-value <.01, absolute value of LFC >2). To investi-
gate further, we labelled DEGs ‘concordant’ if observed in
both reciprocal contrasts, or ‘discordant’ if observed only
with a particular reference. Plotting the mean of normalized
counts for each DEG (Fig. 1C), we found that discordant
DEGs exhibited significantly lower average expression than
concordant DEGs, as expected if sparse counts exacerbate
the discrepancy (Supplementary File S2 includes similar
results for another COVID contrast). We present the
mirrorCheck workflow (Fig. 1D) to quickly identify unreli-
able LFC shrinkage and the need for data cleaning, such as
prefiltering of lowly expressed genes in multi-group data
(Love 2021). Namely, run_DESeq_all_contrasts() straightfor-
wardly produces volcano and MA plots, DEG lists and heat-
maps for all contrasts. Users may then input the DEG lists
into mirrorCheck’s diagnostic tool, compare_reciprocal_con-
trasts(). This function is a quality control tool, allowing users
to rapidly evaluate concordance for each contrast, and out-
puts concordant DEG lists. We advise proceeding with the
concordant DEGs (defined according to user-specified LFC
and adjusted P-value thresholds), which indicate stable
shrinkage estimation. When large discrepancies occur in one
or more contrasts, users should appraise prefiltering and/or
other appropriate data cleaning approaches, as we demon-
strate below. In addition to the three datasets analysed here,
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Figure 1. Public datasets illustrate how contrasts analysed with IfcShrink() can fail a ‘mirror-check’. (A) Principal component analysis was performed on
transformed counts data using DESeq2’s vst() and plotPCA() functions. (B and C) Data for one reciprocal contrast (Severe-Ctrl) from COVID, analysed
using IfcShrink() function with the ‘apeglm’ algorithm. Volcano plots in (B) are annotated with the number of up- and down-regulated differentially
expressed genes (DEGs), which are marked in colour (adjusted P-value <.01, absolute value of LFC >2). The reference level was the Ctrl group in the
lefthand plot and the Severe group in the righthand plot. (C) The relative expression levels of all DEGs from this contrast using the baseMean for each
gene (i.e. the mean of normalized counts for the gene across all samples in the dataset) with a log10 transformation. Genes are categorized based on
whether they were found to be DEGs only using a particular reference level ('Against Ctrl’ or ‘Against Severe’) or both ways (‘Concordant’). Statistical
testing was performed using ggpubr, with the global P-value calculated using a Kruskal-Wallis test while pairwise comparisons use Wilcoxon tests (ns:
P> .05, ¥***: P<.0001). (D) Proposed workflow for using mirrorCheck to perform DESeq2 differential gene expression analysis and to check whether

IfcShrink() is suitable with or without data cleaning steps for a given dataset.

Supplementary Files S7 and S8 demonstrate the use of
mirrorCheck with the built-in Bioconductor ‘parathyroidSE’
dataset (Haglund et al. 2012), which readers can easily access
to trial mirrorCheck for themselves.

Figure 2A showcases mirrorCheck’s stacked bar chart di-
agnostic plot, which immediately allows users to identify con-
trasts compromised by discordance. This demonstrates how
mirrorCheck can help users determine whether their dataset
requires a cleaning strategy and if so, which steps are most
appropriate. Firstly, the lefthand and centre plots in Fig. 2A
show that prefiltering greatly improved concordance in two
of three affected contrasts in the COVID dataset. However,
the corresponding plots for BRCA (Fig. 2A, bottom row,
Supplementary Files S3 and S4) do not reveal a similar im-
provement after prefiltering. Since the BRCA dataset involves
large numbers of samples, we next considered a data cleaning
strategy aimed at controlling for unwanted variation, namely
surrogate variable analysis (SVA). SVA is designed to identify
hidden sources of variation, such as batch effects and
other technical artefacts, in high-throughput experiments

(Leek ef al. 2012). Users can add the surrogate variables to
the design formula before performing DGEA with DESeq
(Love et al. 2016), which can reduce bias and spurious results
(Supplementary Files S7 and S8 contain further examples and
discussion regarding SVA). The BRCA diagnostic plots in
Fig. 2A show that SVA dramatically improved concordance
in the five discordant contrasts. Finally, to explore how data
cleaning affects DGEA in datasets with little intra-group and
more inter-group variability, we similarly analysed the Cell
line dataset (Supplementary Files S5 and S6) and compared
all the results. Fig 2B (Supplementary Files S9 and $10) shows
that prefiltering COVID dramatically boosted both the num-
ber and proportion of concordant DEGs for two contrasts,
whereas it was unclear whether SVA led to an overall benefit
in this dataset. While prefiltering BRCA only slightly im-
proved concordance for two contrasts at a cost of many
DEGs overall, SVA eliminated discordance and increased the
number of concordant DEGs. In contrast, Cell line displayed
excellent concordance without any data cleaning; prefiltering
deleted many concordant DEGs and SVA removed more
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Figure 2. mirrorCheck reveals scenarios when data cleaning increases the number and/or proportion of concordant differentially expressed genes (DEGs)
in reciprocal contrasts. DEGs were defined by adjusted P-value <.01, absolute value of LFC > 2. (A) mirrorCheck diagnostic plots for the COVID and
BRCA datasets using different data cleaning: stacked bar charts show the degree of concordance for each pairwise comparison in green (the rightmost
section of the bar), while DEGs found only when using a particular group as the reference level are shown in red/orange. Results without any data
cleaning, after prefiltering, or using surrogate variable analysis (SVA) are shown on the left, centre, and right, respectively. (B) Plots summarizing results
of mirrorCheck analysis across the three datasets. Bottom: The percentage of discordance between reciprocal contrasts (100 — (concordant DEGs/

total x 100)) is plotted with a line connecting data from the same comparison without data cleaning, with prefiltering or with SVA, overlaid on violin plots.
Middle: Percentage change in the number of concordant DEGs after data cleaning observed for each comparison (([prefiltered or SVA] — no cleaning)/no
cleaning x 100). Top: Bar plot of summed concordant DEGs from all comparisons in each dataset, without data cleaning or with prefiltering or SVA. Data
from the Severe-Ctrl contrast is highlighted in green.

DEGs while also slightly increasing discordance. Thus, with Lastly, we wished to confirm our assumption that concor-
mirrorCheck’s assistance we can conclude that COVID bene- dant genes are more reliable, and that discordance will lead
fits from prefiltering, BRCA requires SVA, and Cell line does  to less reproducible or valid results. However, we do not
not require data cleaning. have the ground truth for this experimental data and also
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could not generate multi-group synthetic data for bench- very low expression and were not found after prefiltering the
marking with available tools. Instead, we focussed on how data, implying that prefiltering also removed them in the
prefiltering affected the COVID analysis in two ways; firstly edgeR analysis. This is consistent with original findings that
by comparing the results with those of another DGEA tool, ‘apeglm’ could identify true DEGs among low-count genes
and secondly by observing how discordance affected down-  which would be filtered out in other workflows (Zhu et al.
stream analyses. 2019). Interestingly, edgeR-only DEGs showed significantly

We used UpSet plots (Conway et al. 2017) to track how lower expression in both contrasts than the prefiltered
prefiltering affected 1fcShrink()’s handling of individual DESeq2 concordant DEGs (Fig. 3A and B), suggesting that
genes, and to compare DESeq2 DEGs to those obtained by DESeq2 also excludes some genes which narrowly meet the
the popular DGEA tool, edgeR (Robinson et al. 2010, low-count filter threshold. Although discordant DEGs also
McCarthy et al. 2012, Chen et al. 2016) (Fig. 3A and B). A exhibited relatively low gene expression (Fig. 3A and C), pre-

standard edgeR workflow including prefiltering and light filtering made many of these genes concordant, rather than
shrinkage showed no discordance between reciprocal con- removing them. These results demonstrate how sparse data
trasts (Supplementary Files S2, S4, and S6). Due to edgeR’s can negatively impact ‘apeglm’ shrinkage estimation across
lighter shrinkage, more genes were expected to meet the LFC all genes, not just those with low counts. In summary, prefil-

threshold. As shown in Fig. 3A, edgeR found all 156 DESeq2 tering reduced discordance in the COVID contrast, largely
concordant DEGs for the COVID Severe-Ctrl comparison, by shifting individual genes from the ‘discordant’ to
whereas only half of the 26 discordant DEGs were identified ‘concordant’ category. This also made the results more con-
by edgeR. A further 10 discordant DEGs were not observed sistent with those from edgeR, suggesting that the affected
after prefiltering. A comparatively large number of DEGs genes were valid DEGs.

were found by edgeR but not DESeq2. For comparison, we To demonstrate the impact of discordance on downstream
repeated this analysis with a contrast from Cell line, which analyses, we performed Gene Set Enrichment Analysis
showed excellent concordance without prefiltering (Fig. 3B). (GSEA) on the COVID Severe-Ctrl comparison with or with-
Here, the vast majority of DEGs were observed in all sets. out prefiltering. We exported the whole gene list following

Approximately 10% were observed only by edgeR, while =~ DGEA using mirrorCheck’s ‘print.all’ parameter, and used
~5% were concordant DESeq2 DEGs but not observed by  the LFC to rank them prior to analysis with the UC San
edgeR. Most of these concordant DEGs (73/88) displayed Diego and Broad Institute’s GSEAPreranked algorithm
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Figure 3. Improved mirrorCheck consensus enhances consistency with edgeR analysis and reproducibility of Gene Set Enrichment Analysis. Data: (A and
C) Data from the Severe-Ctrl reciprocal contrasts from COVID. (B) Data from a Cell line reciprocal contrast, comparing groups where cell line A was treated
with T1 or with a control (CLAT1-CLATO). Analysis: (A and B) Comparisons of DEGs identified by a standard edgeR analysis with DEGs observed in
reciprocal contrasts using DESeq2 with and without prefiltering. DEGs were defined by adjusted P-value <.01, absolute value of LFC > 2. Bottom: UpSet
plots showing intersections between groups. DEGs found concordantly either with or without prefiltering are marked in green. Top: Boxplots overlaid with
jittered points showing the log10 transformed baseMean for DEGs in the given UpSet intersection below. Statistical tests were performed using ggpubr
(Wilcoxon; ns: P< .05, ¥*: P<.01, ****: P<.0001). (C) Ranked gene lists were prepared from mirrorCheck'’s output files based on the log2FoldChange
statistic and GSEA performed using the Broad Institute’'s GSEAPreranked script. On the left, violin plots shows enriched gene sets from ranked gene lists
made with or without prefiltering the data, and using either group as the reference group for DGEA. Significance is defined as FDR g-value <.05, which is
marked with a horizontal dotted line. Where the g-value was reported as .000, this is marked as ‘infinity” in the log-transformed data for visualization.
Significant gene sets are labelled with letters, and details given in the table on the right including the non-transformed g-values.
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(Mootha et al. 2003, Subramanian et al. 2005).
GSEAPreranked, which uses gene set permutation, is recom-
mended when sample numbers are too low for GSEA using
phenotype permutation directly on counts data (Reimand
et al. 2019), and the LFC is a popular metric for ranking
genes (Calura and Martini 2021). GSEA reports when gene
sets are enriched either at the top or bottom of the gene list
(termed positive and negative enrichment, respectively); thus,
we could check if the gene sets that were positively enriched
in Severe/Ctrl matched those negatively enriched in Ctrl/
Severe, as well as whether the results were affected by prefil-
tering the data. As shown in the violin plots in Fig. 3C, the
unfiltered data gave very different results depending on which
group was the reference, and only one gene set was deemed
significant by the recommended threshold (FDR g-value
<.05) (Reimand et al. 2019). If we had simply extracted
results for Severe/Ctrl from the unfiltered dataset, we would
have observed no significant gene set enrichment. However,
the reciprocal analyses of the prefiltered data showed greater
consistency, including four highly significant gene sets (de-
tailed in the table, Fig. 2C, right). Two of these are sets of
genes up-regulated in response to immunomodulatory cyto-
kines, which makes sense in the context of COVID infection
with severe pneumonia and agrees with the findings of the
original paper (Armignacco et al. 2024).

In this article, we have demonstrated the ‘mirror-check’ is-
sue when using IfcShrink() with the ‘apeglm’ algorithm,
where discordant results can arise simply by switching the
reference group, as is required to extract all the desired con-
trasts from multi-group analyses when using this algorithm.
We have also provided the mirrorCheck package as a tool for
monitoring this issue and to help determine which data clean-
ing methods may help when the issue arises. The technical
reasons underpinning how some datasets lead to spurious
results with ‘apeglm’ are beyond the scope of this paper.
Furthermore, we have not explored the extent to which the
mirror-check issue arises when using the other algorithms
implemented with IfcShrink() (i.e. ‘ashr’ and ‘normal’) in this
article, because users can extract all comparisons without
switching the reference level when using these algorithms.
However, if the mirrorCheck issue does arise when using
these algorithms, reproducibility would depend on users
choosing the same reference group. mirrorCheck’s
run_DESeq_all_contrasts() function allows users to run
lfcShrink() with ‘ashr’ and ‘normal’, so mirrorCheck may
also assist with data cleaning and design decisions when using
these algorithms.

4 Conclusions

Clinical RNA-seq datasets frequently involve multiple
groups, high biological variability, and subtle inter-group dif-
ferences. In large studies, hidden and unwanted sources of
technical variation can also lead to spurious DGEA results.
Our findings highlight that although DESeq2’s IfcShrink()
conservatively ranks DEGs without resorting to arbitrary fil-
tering of genes with low counts, such datasets can distort
shrinkage estimation so greatly that it calls the reliability of
the DEGs into question and can affect downstream analyses.
mirrorCheck automates the process of extracting concordant
DEG lists from reciprocal contrasts for multiple groups, and
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simplifies assessment of the degree of concordance, an essen-
tial quality control step which can inform users whether data
cleaning steps such as prefiltering or SVA are necessary. This
report draws attention to the need for a ‘mirror-check’ when
using DESeq2’s lfcShrink() and presents a simple tool for
this purpose.

Key points
* This article alerts users of the popular DESeg2 tool for
differential expression analysis to a potential issue when
using the IfcShrink() function.
* When the experimental design includes multiple groups, a
trivial change in the workflow can dramatically alter the
ranking of differentially expressed genes, giving rise to the
‘mirror-check’ issue.
Sparse data exacerbates this, so although IfcShrink() was
intended to make prefiltering unnecessary, some datasets
may require prefiltering.
® Our mirrorCheck package facilitates use of DESeg2 to
compare multiple groups and provides a straightforward
quality control tool to aid data-driven decision-making
during analysis.
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