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Abstract 

Differential expression/abundance analyses are commonplace in studies employing 

high-throughput sequencing (HTS); however different tools often fail to return com-

parable results when applied to the same dataset. Most tools employ normalisations 

to attempt to correct for technical variation in the count data. Previously, we demon-

strated that these normalisations are often inappropriate due to incorrect assump-

tions regarding the overall scale (i.e., size) of the biological system in question. In 

this study, we used a combination of binomial thinning and permutation of sample 

groupings to produce 100 analysis iterations of 11 RNA-seq and other HTS data-

sets in which ∼5% of all features are expected to be significantly different between 

groups. This enabled calculation of the false discovery rate (FDR) and sensitivity 

across the iterations. Our simulations showed that scale misspecification results in 

poor control of the FDR by several commonly used tools and that, counterintuitively, 

FDRs increased as the modelled difference between groups increased. Implementing 

a scale model in ALDEx2 or ALDEx3 ameliorated unacceptably high FDRs; however, 

there was an inherent trade-off between satisfactory FDR control and high sensitivity- 

no tool offered both. We established that increasing scale uncertainty also increased 

the minimum difference between groups required for a feature to be reported as dif-

ferentially expressed. This phenomenon was consistently observed in disparate types 

of HTS data and was remarkably consistent. Critically, we leveraged a ‘real-world’, 

non-permuted analysis of an RNA-seq dataset to demonstrate that the latter effect 

is not a result of our thinning/permutation approach. Overall, our work highlights the 

potentially unwitting choice between sensitivity and FDR control that all researchers 
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are making when analysing sequencing data and provides guidance on choosing an 

appropriate amount of scale uncertainty for the analysis of HTS data.

Author summary 

Despite attempts to define best practices in differential abundance or expres-
sion analysis of high-throughput sequencing data, there is no standardised 
approach, and a plethora of tools are available to use. Each tool applies different 
assumptions and methods, which can lead to drastically different results when 
multiple tools are applied to the same dataset. Our work reproduces multiple 
recent studies showing that several popular tools exaggerate differences in gene 
expression or abundance between groups. We build on prior work by showing 
that these excessively high false discovery rates can be mitigated by using a 
new approach that models some degree of uncertainty around the total size (or 
scale) of the biological system under study. We find that scale models offer ex-
cellent false-discovery rate control, though at a reduced sensitivity. No tool offers 
both high sensitivity and a low rate of false positives, highlighting a trade-off that 
researchers must be cognisant of when analysing HTS data. Accordingly, we 
extend these observations with guidance on selecting an appropriate degree of 
scale uncertainty so that analysts can make an informed choice about balancing 
the ability to detect differences in their data with the confidence that any given 
difference is real.

Introduction

High-throughput sequencing (HTS) has been widely adopted across the biological 
sciences in the study of health and disease [1,2]. Various approaches exist, includ-
ing amplicon sequencing using universal ‘barcoding’ genes (e.g., 16S rRNA gene 
hypervariable regions [3], cpn60 [4], rpoB [5]), shotgun metagenomic sequencing [6], 
bulk and single-cell RNA-seq [7,8], and metatranscriptome sequencing [9]. Determin-
ing the taxa, genes or functions that distinguish two different biological conditions of 
interest is a common end-point for such analyses and a multitude of tools have been 
developed to enable this [10,11].

Tools for differential expression/abundance analysis typically take as input a table 
of read counts per gene or taxon (generically, features) across all samples. In reality, 
this count table does not represent the absolute abundance of the given features 
in their original environment [12,13].The counts represent relative abundances on 
account of several steps in the sequencing workflow being inherently compositional 
[14]. Only a minute proportion of the final, pooled sequencing library is loaded onto 
the sequencing flow cell which itself originates from a small amount of each original 
DNA extract, itself a fraction of the original sample and so on. All information regard-
ing the true biological scale of the community under study is lost and all downstream 
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analyses are ignorant to this information, regardless of the tool used [15]. Ultimately, variation in sequencing depth across 
samples from the same dataset is decoupled from and unrelated to system scale.

Most analyses involve some sort of normalisation of the read count table in the workflow to account for differences 
in sequencing depth; however, this unwittingly introduces a critical problem [16]. Normalisations often make an inaccu-
rate assumption about system scale [17–19]. Examples of such assumptions include: i) that the geometric mean of the 
observed data accurately reflects system scale [20]; ii) that the total microbial abundance is the same across all samples 
[21]; iii) that certain features within a sample represent a suitable reference that may be used to scale others [22,23]; iv) 
that scale remains constant across different parts of a sample [24]. Recent work has shown that violating these assump-
tions can inflate the false discovery rate (FDR) beyond what can be considered reasonable; in fact the true FDR can be 
above 75% in some cases [18,19,25,26].

Poor control of the FDR is a widespread issue across many experimental designs that use HTS data; indeed, the 
problem of poor FDR control in high dimensional biological data dates to at least the analysis of microarray data [27]. 
Poor FDR control is a long-standing problem when analysing bulk transcriptome data [25,28] and similar issues arise with 
microbiome data [29,30] and single-cell data [31,32]. In response to this, a dual cutoff approach using P-values and log

2
 

fold-changes (L2FCs) is commonly used to help reduce the number of positive identifications [27]. Specific guidance for 
transcriptome data was provided by Schurch et al. using a large bulk transcriptome dataset [33]. This dual cutoff method 
is widespread in the HTS literature, and its adoption was popularised by the very useful volcano plot [27] that is standard 
across many fields that use HTS.

However, soon after the dual cutoff approach was implemented, it was shown not to control the FDR [34,35]. There 
are several reasons for this. First, there is a mismatch between the assumptions of variance for the two approaches; 
the L2FC cutoff assumes that all genes have the same variance, while the statistical test uses a gene-specific variance 
to determine the P-value. One way to think about this is that there are two ways that a gene can be significantly dif-
ferent between groups but undesirably so; it can have a low variance and small L2FC, or it can have a large variance 
and large L2FC [36]. Second, while the widely-used Benjamini-Hochberg [37] (BH) procedure controls the FDR for 
all rejected genes, it does not necessarily do so over any subset of genes, and indeed false positives are often over-
represented in any such subset [36,38]. One way to deal with the first problem is shrinkage to provide better variance 
estimates [35], and shrinkage is implemented in popular tools such as DESeq2 [39], and limma [40]. However, there 
is no way to deal with the second issue, as is apparent by the inflated FDR exhibited by many, if not all tools as noted 
above. Further complicating the problem is the application of tools such as DESeq2 or edgeR, which were designed 
for bulk RNA-seq data, to disparate types of sequencing data for which they were not designed, such as amplicon or 
single-cell sequencing data [30–32,41,42]. This can also be accompanied by the common practice of adding a pseudo-
count of 1 to all features in the data to avoid programming errors due to sparse count tables, which also contributes to 
a high FDR [16].

To address the important issue of poor FDR control, Nixon et al. [17] proposed an alternative to normalisation-based 
methods, introducing the concept of scale models through a framework known as ‘scale reliant inference’ (SRI). These 
scale models have been incorporated into the ALDEx2 and ALDEx3 R packages [19,43]. Both are Bayesian toolboxes for 
modelling the underlying variation in sequencing count data and estimating the L2FC. Originally, ALDEx2 applied a cen-
tred log-ratio (CLR) transformation to many instances of the modelled count data drawn from a Dirichlet distribution [44]; 
however in doing so, it made the implicit, yet incorrect assumption that system scale is equivalent to the inverse of the 
geometric mean used for calculating the CLR (see work by Nixon et al. [17] and McGovern et al. [45] for details). Follow-
ing the incorporation of scale models into ALDEx2, system scale is now directly modelled across each separate Dirichlet 
instance, acknowledging the reality that a single point-estimate of scale (i.e., any single normalisation) is essentially guar-
anteed to be incorrect [19]. By accounting for scale uncertainty, this modification converts the original ALDEx2 algorithm 
into a model termed a ‘scale simulation random variable’ [17]. ALDEx3 is a new and faster implementation of the ALDEx2 
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approach; ALDEx3 is based on linear models and requires fewer computational resources while implementing the Bayes-
ian approach to modelling and analysis [43].

Multiple other approaches exist for FDR correction and their development was driven in no small part by the acknowl-
edgement that the scale of an environment can confound transcriptome analyses. Spike-in of a pre-determined number 
of molecules or cells provides a reference that can be used to back-normalise relative abundances and acts as a built-in 
control for some variability during sample processing [46] (e.g., due to differences in handling or nucleic acid extraction). 
The external RNA controls consortium developed a set of 92 polyadenylated transcripts of varying lengths and GC content 
that may be spiked-in prior to library preparation with the goal of normalising count data to minimise variability between 
replicates [47]. Others have applied spike-in approaches to develop novel methods of reducing error in scale estimation 
for single-cell RNA-seq data and improve computation of the underlying gene expression levels [48]. Droplet digital PCR 
targeting the 16S rRNA gene and flow cytometry have both been applied to microbiome studies to enumerate total cell 
counts and calculate absolute abundances within biological systems [49,50]. While these methods have been reported to 
improve normalisation of high-throughput sequencing data, not all of these methods are routine practice in their respective 
fields, Further, these approaches require precise application in the lab (as opposed to application to sequencing data after 
the fact), and may also represent a source of additional variation that can complicate analyses [51].

Konnaris and colleagues demonstrated the utility of scale models by applying ALDEx3 to one of the largest collections 
of paired microbiome-microbial abundance data to date [26], comparing its performance to machine learning (ML) mod-
els from a recent high-profile study [52]. These ML models failed to generalise to new datasets from the mutt database 
[26] when predicting microbial load and also failed to improve on the FDR achieved by scale-naïve ALDEx3. In contrast, 
ALDEx3 scale models achieved a superior FDR, and better positive- and negative-predictive values when applied to both 
shotgun metagenomic data and 16S rRNA amplicon sequencing data. Similar findings have been reported for ALDEx2 
when applied to a variety of HTS datasets; superior control of the FDR is achieved when applying the SRI framework [19].

Previous work highlighting the advantages of the SRI framework has mainly focused on amplicon sequencing and 
shotgun metagenomic datasets [26], or has been limited to a single transcriptomic dataset [19]. Here, we extend prior 
studies by testing the performance of scale models from ALDEx2, and its faster and more memory-efficient successor, 
ALDEx3, on 11 different HTS datasets, encompassing approaches such as bulk transcriptome (from both lab-derived and 
clinical samples), single-cell transcriptome, metatranscriptome, and 16S rRNA amplicon sequencing. We compare these 
two implementations of SRI to widely-used, normalisation-based tools in terms of sensitivity and FDR, and highlight an 
important trade-off between the two that researchers should consider when analysing HTS data. Further, we quantify the 
relationship between the degree of scale uncertainty modelled by ALDEx2 and ALDEx3 and the minimum fold-change 
between conditions required for a statistically significant result- a critical factor to consider when conducting differential 
expression analysis with scale models. This analysis provides strong guidance on how to build appropriate scale models 
that offer better FDR controls for HTS data analysis.

Materials and methods

Datasets used in analysis

We obtained read count data and grouping metadata from publicly available RNA-seq datasets described by the following 
studies or sources: Li et al. [25] (PD1 immunotherapy dataset), Gierlinski et al. [53] (wild-type vs. Snf2-knockout yeast 
transcriptome dataset), Kang et al. [54] (single-cell RNA-seq dataset comparing peripheral blood mononuclear cells with 
and without interferon beta treatment), Dos Santos et al. [55] (vaginal metatranscriptome dataset comparing healthy vs. 
bacterial vaginosis patients, aggregated by KEGG orthology terms), and Bian et al. [56] (16S rRNA amplicon sequencing 
data from stool samples obtained from Chinese individuals of different age groups). A further six bulk RNA-seq datasets 
originating from the Cancer Genome Atlas project [57] were obtained from the supplementary data provided by Li et al. 
via Zenodo [58] (available at: https://zenodo.org/records/8320659), corresponding to the following tumour types: breast 

https://zenodo.org/records/8320659
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invasive carcinoma (BRCA) [59,60], kidney renal cell carcinoma (KIRC) [61], liver hepatocellular carcinoma (LIHC) [62], 
lung adenocarcinoma (LUAD) [63], prostate adenocarcinoma (PRAD) [64], and thyroid carcinoma (THCA) [65].

All Cancer Genome Atlas datasets, the PD1 immunotherapy dataset, and the yeast transcriptome dataset were filtered 
using the ‘filterByExpr()’ function from the edgeR package [66]. The single-cell RNA-seq dataset first underwent 
pseudobulking using the Seurat package [67] and aggregated counts were filtered to retain the 8,500 most median-
expressed features in the dataset using the ‘select_counts()’ function built into the seqgendiff package. The vag-
inal metatranscriptome dataset was filtered using the CoDaSeq package (v0.99.7) [68] to retain features present in 30% 
of samples, at a minimum proportion of 0.005% of a given sample (as per the original study) [55]. The 16S rRNA amplicon 
dataset was filtered to retain the 400 most median-expressed features in the dataset using the ‘select_counts()’ func-
tion built into the seqgendiff package.

Binomial thinning of count data and group membership permutation

For the analysis of all RNA-seq datasets, we employed the seqgendiff R package (v1.2.4) [69] to achieve the following: i) 
permute the grouping variable such that group membership of all samples is randomised; and ii) inject an artificial signal 
into read count data using binomial thinning such that 5% of all features in a given dataset are modelled to be differentially 
abundant between groups. Consequently, any analysis with the permuted grouping variable is meaningless as almost 
all positive findings are, by definition, false-positives (FPs; excluding features affected by binomial thinning). Likewise, 
any features whose counts are altered by the process could be detected as being significantly different between groups 
and are considered simulated ‘true’ positives (TPs). The magnitude of the difference between groups (i.e., the amount of 
‘signal’ added) is drawn from a normal distribution with a user-specified mean and standard deviation; because of this, 
not all features which have been altered by thinning are actually detectable by the differential expression tools (i.e., false 
negatives, FNs). Features whose counts have not been altered by binomial thinning and are not identified as significantly 
different between groups are ‘true’ negatives (TNs). For these analyses, thinning was performed using a normal distribu-
tion with a mean of 0 and a standard deviation of either 2 (RNA-seq datasets) or 4 (16S rRNA dataset; due to the higher 
variance).

Calculation of sensitivity and false discovery rate

For each iteration of the permutation analyses, sensitivity (i.e., true positive rate, TPR) was calculated as the number of 
TPs reported by a given tool as differentially expressed, divided by the total number of simulated TP features altered by 
binomial thinning in a given analysis iteration which equates to:

	
TPR =

TP
TP + FN 	 (1)

Likewise, the false discovery rate (FDR) was calculated for each analysis iteration as the number of features incorrectly 
defined by a tool as differentially expressed (i.e., reported as significantly different but not among the features altered by 
binomial thinning), divided by the total number of differentially expressed features reported by that tool, equating to:

	
FDR =

FP
TP + FP 	 (2)

At each 0.1 increment from 0 to 1, the features which were altered by binomial thinning must have a simulated (i.e., ‘true’) 
log

2
 fold-change exceeding this value to be considered a TP; this threshold is referred to as the model difference between 

groups. For every model difference threshold from 0 to 1, sensitivity and FDR were calculated as above for each tool 
and dataset, based on the number of TP features for that threshold (i.e., a feature whose fold-change has been altered 
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by thinning but is lower than the current threshold is not considered a ‘negative’ per se, but does not count towards the 
total number of positives for the given threshold). For example: for a feature to be considered a TP at a model difference 
threshold of 0.5, the log

2
 fold-change ‘injected’ by binomial thinning must be ≥0.5, and for the same feature to be consid-

ered a positive finding by a given tool, that tool must report a corresponding Benjamini-Hochberg (BH) adjusted P-value 
<0.05 [37]. BH-adjusted P-values are calculated only once per analysis iteration for the entire set of features. Positive 
predictive values were also calculated for each tool and dataset as 1 – FDR.

Differential expression analyses

We tested the performance of ALDEx2 (v1.4.1) [44], ALDEx3 (v0.3.0) [26], DESeq2 (v1.49.1) [39], edgeR (v4.7.2), and limma 
(v3.65.1; limma-voom) [40] across the aforementioned 11 HTS datasets in RStudio, using R version 4.5.1 [70]. For all data-
sets, a total of 100 group membership permutations were performed for each dataset and tool combination. For each analysis 
iteration, group membership permutation and binomial thinning were performed after setting a dynamic seed value to ensure 
unique, yet reproducible, permutations for each iteration (seed value = 20 + iteration number). Analysis functions were run on 
permuted, thinned data using the permuted grouping variable after setting a static seed value to ensure reproducibility.

Modelling scale uncertainty with ALDEx2 and ALDEx3

The ALDEx2 and ALDEx3 packages model uncertainty in the scale of the biological system under study, as has been 
extensively detailed elsewhere [18,19]. Briefly, we can describe the true counts of any system, W, which contains D fea-
tures and N samples, as the product of the proportional parts of the samples (i.e., composition) and the total counts of the 
samples (i.e., the scale). Thus, any single sample from system W can be described fully by Eq. 3.

	 W.n =W
comp
.n ∗Wtotal

.n 	 (3)

Unfortunately, we can never measure the true system directly, owing to the compositional nature of HTS data which 
provide only an indirect readout of the compositional information of system W [15,71]. The observations we produce by 
sequencing for a given feature, d, in a single sample, n, is described as Ydn . Each observation is an integer representation 
of the probability of measuring a given feature in the given sample, scaled by the total number of reads collected [72]. The 
single point observations from Ydn  are converted to a Bayesian posterior distribution of proportions [72] to provide a distri-
bution of reasonable estimates. This is done by sampling from a Dirichlet distribution to give a posterior estimate of Ŵcomp

.n  
[44] (where hat notation ^ indicates an estimate) as in Eq. 4:

	 Ŵcomp
.n ∼ Dirichlet(Y.n + 0.5 ∗ 1D)	 (4)

Data from HTS are almost always normalised to remove nuisance parameters and make them commensurate [22]. The 
insight of Nixon et al. [17] was that almost all normalisations of the count data for a given sample (Y.n) made the strict 
assumption of being a direct estimate of the sample system scale: that is, that Ŵtotal

.n = Norm(Y.n). Nixon and colleagues 
showed that these estimates were always incorrect, but could be made more useful by including uncertainty. The Bayes-
ian framework was adapted to include scale uncertainty in the normalisation as in Eq 5.

	 Ŵtotal
.n ∼ Norm(Y.n + γ)	 (5)

Here, γ  is drawn from a Gaussian distribution with mean µn  and variance σ2n  (and by definition, standard deviation σn ). In 
this way the full posterior estimate of sample Ŵ.n  incorporates uncertainty in both the observed data and the normalisation 
of that data as in Eq. 6.
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	 Ŵ.n = Ŵ
comp
.n ∗ Ŵtotal

.n 	 (6)

In ALDEx2, γ  is controlled by the ‘gamma’ parameter in the call to ‘aldex.clr()’, which controls the standard devia-
tion of the Gaussian distribution referenced above. By default, µn  is set to 0, but may be specified by making a custom 
matrix of system scale values with the ‘aldex.makeScaleMatrix()’ command. The ‘gamma’ parameter can be used to 
incorporate only uncertainty in the estimation of normalisation, or can be tuned to include prior information about absolute 
abundance in each sample along with the error of those observations (see Nixon et al. [18], for a fulsome description of 
the ‘gamma’ parameter). For ALDEx3, scale models are generated by passing scale model functions to the ‘aldex()’ 
command, along with the ‘gamma’ parameter; in this work, we use the ‘clr.sm’ model to more closely match the default 
behaviour of ALDEx2 (see the ALDEx3 documentation for further information). In the present work, gamma values from 
essentially zero (0.001) to 0.5 in increments of 0.1 were used for both tools to model biological system scale.

Data availability and visualisation

All code needed to reproduce these analyses are available on GitHub at: https://github.com/amurariu/usri. This repository 
also contains input count data and metadata for all datasets, as well as code needed to reproduce the figures in this study. 
We further provide accession numbers or direct links to the original data as provided by the respective study authors: PD1 
immunotherapy and TCGA datasets (Li et al. [25]) = https://zenodo.org/records/8320659 (Zenodo); yeast transcriptome 
(Gierlinksi et al. [53]) = https://www.ebi.ac.uk/ena/browser/view/PRJEB5348 (ENA); vaginal metatranscriptome (Dos San-
tos et al. [55]) = https://github.com/scottdossantos/dossantos2024study and https://dbgap.ncbi.nlm.nih.gov/beta/search/?-
OBJ=study&TERM=phs001523.v2.p1 (dbGaP); single-cell RNA-seq dataset (Kang et al. [54]) = https://www.ncbi.nlm.
nih.gov/sra/?term=PRJNA381100 (NCBI SRA); 16S rRNA amplicon dataset (Bian et al. [56]) = https://www.ncbi.nlm.nih.
gov/sra/?term=PRJNA385551 (NCBI SRA). All figures were produced using ggplot2 (v3.5.2) [73] and edited in Inkscape 
(v1.3.1). For transparency, details of figure edits made in Inkscape are available on GitHub, in addition to the final SVG 
files.

Results

High false discovery rates are universal across scale-naïve tools

Since there is usually no objective standard of truth for HTS data, we calculated the false discovery rate (FDR) for all com-
binations of tools and gamma values using a strategy of group permutation with the injection of artificial ‘true’ signal into a 
randomly-chosen 5% of features using binomial thinning [69]. In every dataset tested, DESeq2, edgeR and limma-voom 
exhibited the highest FDRs of all tools (Fig 1). DESeq2 and edgeR routinely returned FDRs that were often double or 
more the reported nominal values, and were always larger than the FDR reported by either scale-naïve or scale-aware 
ALDEx2 and ALDEx3. This problem was most acute in Cancer Genome Atlas datasets (S1 Fig) and was not as pro-
nounced in the yeast transcriptome dataset. Both ALDEx2 and ALDEx3 demonstrated better FDR control in all datasets, 
even when system scale was not modelled. Increasing scale uncertainty further reduced the FDR, such that when γ ≥
0.1 there were virtually no false discoveries until the modelled log

2
 fold-change (L2FC) between groups reached approx-

imately 0.5; this was universal across all datasets. At higher modelled difference thresholds, the effect of scale was even 
more pronounced when compared to scale-naïve analyses: the FDR was below 5% (or practically zero, in many cases) 
when γ ≥0.4, regardless of the L2FC simulated by binomial thinning (Fig 1). Of the three tools unable to incorporate scale 
information, limma returned the lowest FDRs in all datasets tested (S1 Fig). Universally, the FDR increased as the L2FC 
threshold concomitantly increased, with FDRs being highest when considering features with the largest L2FCs between 
groups. FDRs routinely exceeded 20% when features had a modelled L2FC ≥0.5, reaching ∼80% at the highest model 
difference thresholds tested. This was particularly noteworthy given that a large fold-change between groups is often 
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interpreted as a sign that expression of a particular feature is both truly different between conditions and also important to 
the biological situation under study. Naturally, the same patterns are seen when the positive predictive value is calculated 
‌‌(S2 Fig).

Commonly used tools offer a trade-off between high sensitivity and good FDR control

We next calculated the true-positive rate (TPR), or sensitivity, for all tool and dataset combinations. Unlike what was 
observed for the FDR calculations, DESeq2, edgeR and limma exhibited higher sensitivity in every dataset tested than did 
either version of ALDEx, even in scale-naïve analyses (Fig 2). This was expected because the ALDEx model is a consen-
sus model [44] and generally has a somewhat lower sensitivity [29,30]. As was observed for FDR control, the addition of 
scale uncertainty had an evident effect on TPRs: increasing gamma values reduced sensitivity, with larger values (γ ≥
0.4) resulting in less than 50% of true positive features being detected by ALDEx2 in some datasets. ALDEx3 performed 
better than its predecessor at every degree of scale uncertainty tested, remaining competitive with DESeq2, edgeR and 
limma when small amounts of scale were added (γ ≤0.2), especially in bulk transcriptome datasets. Notably, ALDEx2 and 
ALDEx3 had poor sensitivity with the single-cell dataset and to a lesser extent, the vaginal metatranscriptome dataset 

Fig 1.  Scale-naïve analyses provide poor control of the false discovery rate (FDR) across all datasets. False-discovery rates for the indicated tool 
and dataset combinations were calculated separately for each 0.1 increment in the model difference between groups threshold (i.e., the simulated or 
‘true’ log

2
 fold-change between groups, as determined by binomial thinning). Each data point represents the FDR when considering dataset features with 

a simulated log-difference at or above the given x-axis threshold. Features were considered differentially abundant at a BH-adjusted P-value of <0.05.

https://doi.org/10.1371/journal.pcbi.1014728.g001
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(though the latter may be due to the fact that a simple scale model is insufficient for the vaginal metatranscriptome; see 
discussion). TPRs for the single-cell and metatranscriptome analyses were markedly lower than other datasets (S3 Fig), 
failing to achieve >30 and >50%, respectively, in many cases. Notably, the effect of the modelled L2FC on sensitivity was 
again obvious. The TPR tended to plateau for all tools when the modelled L2FC was ≥0.5, although at high γ values ≥
0.4, this was not the case.

Increasing scale uncertainty increases the minimum fold-change required for significance

Using the PD1 immunotherapy dataset as an example, we investigated the effect of increasing values of γ in ALDEx2 
and ALDEx3 relative to the scale-naïve analysis (i.e., with γ set to 0.001). The reduction in sensitivity from increas-
ing γ was accompanied by a reduction in the total number of differentially expressed features returned for both tools 
(Table 1). ALDEx2 was more sensitive to this effect than was ALDEx3, mirroring the results of the sensitivity and FDR 
benchmarking.

To explain both the decrease in significantly different features and the superior FDR control that characterise ALDEx2 
and ALDEx3, we constructed volcano plots [27] (difference between groups vs. -log

10
 P-value) and effect plots [74] 

Fig 2.  Sensitivity is reduced when adding increasing amounts of scale uncertainty. True positive rates (TPR; i.e., sensitivity) for the indicated tool 
and dataset combinations were calculated separately for each 0.1 increment in the model difference between groups threshold (i.e., the simulated or 
‘true’ log

2
 fold-change between groups, as determined by binomial thinning). Each data point represents the TPR when considering dataset features with 

a simulated log-difference at or above the given x-axis threshold. Features were considered differentially abundant at a BH-adjusted P-value of <0.05.

https://doi.org/10.1371/journal.pcbi.1014728.g002
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(difference within groups vs. difference between groups) from a randomly chosen analysis iteration of the PD1 immuno-
therapy dataset. When comparing ALDEx3 volcano plots of significantly different features defined by a dual P-value/fold-
change cutoff (Fig 3A) to those identified by employing a scale model (Fig 3B), one observes that scale models achieve 
the same result without unnecessarily inflating the FDR [36]. Further, there exist distinct, curved boundaries between 
features that were only significantly different between groups in the scale-naïve analysis, and features which remain dif-
ferential when some degree of scale uncertainty is modelled (similar boundaries can also be seen in S7 Fig). By explicitly 
modelling uncertainty in the scale, both tools eliminated potentially spurious false-positive results by a dynamic cutoff 
that: i) required a large L2FC if near the FDR cutoff value chosen (i.e., features have a large L2FC but marginal statistical 
significance) or ii) allowed a smaller L2FC value if the adjusted P-value was smaller (i.e., features are more statistically 
significant, but not necessarily biologically pertinent). Note that if a feature is reported as differentially expressed at a 
larger gamma value, it will always be reported as differential when using a smaller value of gamma. The same phenome-
non is illustrated in effect plots (Fig 3C and 3D): features that exhibit a larger dispersion within a group require a larger dif-
ference between groups to remain significantly different at larger γ values. Essentially, there is a boundary of significance 
represented by the ratio between the ALDEx3 estimate (i.e., L2FC) and its standard error which is shifted outwards as the 
degree of scale uncertainty increases (Fig 3D), with a larger ratio required to achieve statistical significance as gamma 
increases. Scale models implemented in ALDEx2 show the same behaviour (S4 Fig).

To further understand the effect of increasing scale uncertainty on differential expression analyses, we visualised the 
minimum L2FC required for ALDEx2 and ALDEx3 to return a statistically significant result (P < 0.05) across all 100 iter-
ations of the PD1 immunotherapy dataset (Fig 4A). At almost every γ value, the mean L2FC required for a significant 
result was lower with ALDEx3 compared to ALDEx2– the sole exception to this being the scale-naïve analyses, where the 
difference was negligible (0.34 ALDEx2 vs. 0.36 ALDEx3; S1 Table). The distribution of minimum differences needed for a 
significant result became markedly wider as the degree of scale uncertainty increased with ALDEx2. However, for ALDEx3 
these distributions were comparatively narrower for all values of γ tested.

We next examined the minimum L2FC difference as a function of the amount of scale uncertainty added across all 
datasets to determine the generality of the observations in the PD1 immunotherapy dataset (Fig 4B). We observed that 
different datasets had different L2FC thresholds for statistical significance even in the absence of additional scale uncer-
tainty. For all datasets, the additional L2FC required for statistical significance was again most noticeable at the largest 
degree of scale uncertainty tested. The L2FC threshold for significance was associated with the within-group dispersion 
in the datasets: those that have very little measurement uncertainty (yeast, TCGA) having small initial thresholds and 
those with substantial uncertainty (single-cell, metatranscriptome, 16S rRNA) having larger initial thresholds (S5 Fig; see 
top density plot). Strikingly, for both ALDEx2 and ALDEx3, we observed the relationship between the minimum L2FC and 

Table 1.  Number of differentially expressed genes reported by ALDEx2 and ALDEx3 for the immu-
notherapy dataset. Data expressed as the mean of all 100 iterations rounded to the nearest integer, 
with standard deviations given in parentheses. Features were considered differentially abundant at 
a BH-adjusted P-value of <0.05.

Scale uncertainty (γ) No. significant genes (± s.d.)

ALDEx2 ALDEx3

0 689 (60) 685 (56)

0.1 628 (20) 647 (21)

0.2 554 (22) 599 (20)

0.3 481 (24) 547 (22)

0.4 412 (26) 497 (22)

0.5 347 (29) 447 (22)

https://doi.org/10.1371/journal.pcbi.1014728.t001
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the additional scale uncertainty to be nearly constant for each tool, although the slopes differed considerably between the 
two tools. The distribution of the minimum difference required for significance was narrower for bulk RNA-seq datasets 
analysed with ALDEx2 compared to metatranscriptomic, single-cell, or 16S rRNA amplicon data; however, all distributions 
were comparatively narrower when data were analysed with ALDEx3 (S6 Fig). Metatranscriptomic and 16S rRNA data 
in particular exhibited relatively large amounts of variability in the minimum log difference required for a significant result 
between iterations.

Fig 3.  ALDEx3 scale models provide better FDR control than a dual P-value/fold-change cutoff. A randomly selected analysis iteration of the PD1 
immunotherapy dataset was used to create volcano plots (A, B) and effect plots (C, D) for ALDEx3 analyses. Each data point represents a feature from 
the scale-naïve analysis (γ = 0.001). Differentially expressed features are defined either by: a BH-adjusted P-value threshold of <0.05 and a fold-change 
cutoff of ≥1 (A, B); or a BH-adjusted P-value threshold of <0.05 when γ = 0.5 (C, D). Grey points indicate non-significant features. Coloured points 
indicate features which are significantly different between groups after applying different definitions of differential expression. Vertical dashed lines in A-C 
indicate a log

2
 fold-change of 1; horizontal dashed lines indicate BH-adjusted P-value <0.05. Grey dotted and dashed lines in D indicate approximate 

isarithms between non-significant and significant features when γ = 0.001 and 0.5, respectively.

https://doi.org/10.1371/journal.pcbi.1014728.g003
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Linear regression of these minimum differences required for significance vs. gamma values of 0 to 0.5 returned sim-
ilar slopes for all tool and dataset combinations, averaging across all datasets to a mean of 2.34 for ALDEx2 and 1.59 
for ALDEx3 (Fig 4B). Table 2 shows the individual slopes and intercepts for regression models of the minimum L2FC vs. 
scale uncertainty for each dataset. As in Fig 4B, slopes for ALDEx2 ranged from 2.00 to 2.49, while slopes for ALDEx3 
ranged from 1.37 to 1.62, reflecting the higher sensitivity of ALDEx3. Thus, we concluded that there was a near-constant 
relationship between increasing scale uncertainty and the additional L2FC required for significance across disparate data 
types, including both ‘semi-synthetic’ permutation analyses. The utility of this relationship in selecting an appropriate value 
of γ is expanded upon in the discussion.

Applying scale models to real datasets highlights spurious findings in scale-naïve analyses

Having shown the advantages and trade-offs of modelling system scale in semi-simulated datasets with binomial thin-
ning, we next applied scale models to the original, unpermuted BRCA dataset to assess the performance of ALDEx2 and 
ALDEx3 on real data. In a scale-naïve analysis of healthy vs. tumour samples, ALDEx2 identified 15,837 differentially 
expressed genes, whereas ALDEx3 identified 15,825. For comparison, analyses with DESeq2, edgeR and limma all 
yielded a larger number of differentially expressed genes (16,736, 16,407 and 16,295 respectively). As expected, increas-
ing amounts of scale uncertainty reduced the number of differentially expressed genes reported by both ALDEx2 and 
ALDEx3, down to 2,777 and 4,437 respectively at γ = 0.5 (S2 Table & S7 Fig).

Critically, for each increase in scale uncertainty, the overwhelming majority of genes dropped by ALDEx2 and ALDEx3 
(>99%) did not belong to the set of experimentally validated breast cancer drivers [75]. Those that did tended to have a 
low BH-adjusted P-value, a low fold-change between groups, a high within-group dispersion, or a combination thereof 
(S1 File). For example, expression of the well-known tumour suppressor gene, PTEN, was no longer significantly different 

Fig 4.  ALDEx3 requires a lower difference between groups to identify differentially expressed genes compared to ALDEx2. (Left) For each of 
the 100 iterations of the PD1 immunotherapy transcriptome dataset, the minimum absolute difference between groups needed for a gene to be reported 
as differentially expressed by ALDEx2 and ALDEx3 was recorded, based on a BH-adjusted P-value of <0.05, for γ values ranging from 0 to 0.5. The 
distributions of these values are coloured by tool and γ value, with dashed lines indicating the mean. (Right) Minimum absolute differences required for 
a significant result (BH-adjusted P-value <0.05) were calculated across all 100 iterations for all 11 HTS datasets. Mean values per dataset are plotted (± 
SEM) for ALDEx2 and ALDEx3. Cancer Genome Atlas datasets are aggregated and plotted data represent a mean of means at each γ value.

https://doi.org/10.1371/journal.pcbi.1014728.g004
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between groups according to ALDEx2 at a γ value of 0.1. Notably, the L2FC was minute (-0.0594), the BH-adjusted 
P-value was already marginal in the scale-naïve analysis (P = 0.034) and log within-group dispersion was relatively large 
(0.757). These observations suggested considerable heterogeneity in the expression of PTEN in this dataset. Examination 
of the raw and normalised expression values for PTEN (S8 Fig) showed that the raw or normalised distributions over-
lapped nearly perfectly, with any perceived differences between tumour and normal adjacent tissue in this dataset being 
driven by a small number of outlier samples. Similar behaviour for this gene with the addition of scale uncertainty was 
seen with ALDEx3 (S1 File).

At higher degrees of scale-uncertainty, the reduced sensitivity of ALDEx2 became apparent. At γ = 0.5, genes known 
to be involved in cancer pathogenesis, such as ERBB2 and KRAS, were no longer identified as differentially expressed, 
despite a two-fold difference in expression between groups. While RNA-seq data does not directly account for heterozy-
gosity or non-functional proteins, these observations highlighted the problem of an excessively high γ value, and suggest 
that lower values are appropriate in most instances.

Discussion

In this study we substantially extend our previous work across an additional 11 datasets of different data types, three addi-
tional tools, and 10-fold more permutations of the datasets. Here, we used a data permutation approach [25] to produce 
known false-positives, along with binomial thinning [69] to introduce potential true-positives. This combination allowed us 
to benchmark tools on data that exhibit all of the uncertainty and unpredictability inherent in real HTS data that is missing 
from pre-specified models, while still introducing pre-specified ‘true’ signal [69]. From this new data we identify guidance 
for the amount of scale uncertainty to add, and strengthen the argument that one cannot have one’s statistical cake and 
eat it.

The analysis of ‘-omics’ data is not, and likely will never be, standardised; each analyst has their preferred approach 
and tool, accompanied by its various pros and cons. This variation often leads to poor reproducibility, conflicting results, 
or both– even when the same dataset is analysed with different tools. One reason for this is that there has been no 
compelling reason to choose one approach over another, in part because of a lack of understanding as to why different 
tools give different answers. This has now changed with the introduction of the scale model approach [17] where it was 
shown that different normalisations made different assumptions about the sampled environment. Assumptions made by 

Table 2.  Linear models of gamma values vs. minimum log differences required for significance when using ALDEx2 and ALDEx3: The mini-
mum log difference required for a statistically significant result (BH-adjusted P-value <0.05) was calculated for each iteration of the ALDEx2 
and ALDEx3 analyses for all HTS datasets. Linear regression was performed on these minimum differences vs. the corresponding gamma 
values and the mean coefficients and intercepts of the models are reported. Values in parentheses represent standard deviations.

Dataset ALDEx2 (± s.d.) ALDEx3 (± s.d.)

Coefficient Intercept Coefficient Intercept

Immunotherapy 2.37 (0.28) 0.32 (0.03) 1.60 (0.15) 0.33 (0.03)

Metatranscriptome 2.49 (0.90) 0.89 (0.23) 1.62 (0.82) 0.91 (0.25)

TCGA: BRCA 2.37 (0.28) 0.20 (0.03) 1.61 (0.15) 0.21 (0.02)

TCGA: KIRC 2.35 (0.28) 0.20 (0.03) 1.62 (0.14) 0.21 (0.03)

TCGA: LIHC 2.39 (0.29) 0.29 (0.04) 1.61 (0.16) 0.31 (0.04)

TCGA: LUAD 2.35 (0.27) 0.24 (0.03) 1.61 (0.16) 0.26 (0.03)

TCGA: PRAD 2.34 (0.28) 0.21 (0.03) 1.61 (0.16) 0.22 (0.03)

TCGA: THCA 2.35 (0.27) 0.21 (0.03) 1.61 (0.14) 0.22 (0.03)

Tianyi 16S rRNA 2.00 (1.57) 1.73 (0.58) 1.37 (1.44) 1.84 (0.60)

Single-cell 2.35 (0.65) 0.79 (0.19) 1.61 (0.75) 0.88 (0.24)

Yeast 2.37 (0.30) 0.16 (0.03) 1.61 (0.15) 0.16 (0.03)

https://doi.org/10.1371/journal.pcbi.1014728.t002
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normalisations were shown to be always provably incorrect and the use of incorrect assumptions in turn led to false posi-
tive and false negative errors [17–19,76].

Li et al. [25] applied an approach similar to this work to bulk RNA-seq datasets and found that both DESeq2 and 
edgeR often identified as many differentially abundant genes when analysing permuted datasets (i.e., all results are 
false-positives) as when analysing the original, non-permuted data. Results from each tool poorly overlapped with the 
other, particularly when considering the PD1 immunotherapy dataset used in the present work: only 8% of differentially 
expressed genes were reported by both tools. Conversely, and worryingly, there was considerable overlap between the 
list of differentially expressed genes from analysis of permuted and original count data, highlighting the prevalence of false 
discoveries in any given DESeq2 or edgeR analysis. Among the false-positive findings were genes related to immune 
functions which, given the biological context, would seem like a plausible result; however in reality, none of the randomly 
permuted differences were true.

The sensitivity and FDR tradeoffs of some of the most widely used RNA-seq analysis tools used for differential expres-
sion analysis are highly biased towards sensitivity, as has been observed before [16,25,29,30]. Thus, analysts can either 
be practically assured of getting a “statistically significant” result but at the risk of a very high chance of a false discovery, 
or they can expect lower sensitivity balanced by the confidence that any significant results represent a real difference 
between their biological conditions of interest. ALDEx2 and ALDEx3 had the lowest sensitivity overall, but also exhibited 
markedly lower FDR rates in all datasets tested. We note that high sensitivity is not itself useful if the majority of features 
are returned as significant; this situation is analogous to not being able to determine which runner won a race if med-
als are given out for participation alone. Notably, ALDEx3 provides the same functionality as its predecessor in terms of 
acknowledging biological scale during normalisation; however, it offers superior sensitivity at the same degree of scale 
uncertainty while also controlling for false discoveries at any given L2FC and γ value. Limma performed well in some but 
not all types of data, having an acceptable FDR and a high sensitivity in the majority of datasets. While the application of 
tools like DESeq2 and edgeR- designed for bulk RNA-seq- to single-cell data (rather than specialised tools for single-cell 
data) remains somewhat contentious [77], the application of these tools to count data at the cell level reflects a common 
(yet inappropriate) use case [30–32,41].

The addition of scale uncertainty provides a way to exclude two types of features. First, those that have marginal 
BH-adjusted P-values but a large between-condition differences. Such features have large or unpredictable dispersions 
and often come from distributions where there are only a few outlier (or high leverage) samples represented. In our 
analysis of real-world data, the tumour suppressor gene, PTEN, was not differentially expressed when we added even a 
small amount of scale uncertainty; inspection of the raw input and normalised output confirmed it as an example of a gene 
where a few outlier samples drove the significant result. Second, many features have very small differences but minute 
BH-adjusted P-values. These represent features with a very small difference between groups and very small dispersion 
and so are likely not to be biologically relevant. Indeed, these are the same features that are excluded with a dual L2FC 
cutoff and P-value cutoff. Effectively, the ratio of the ALDEx3 estimate to the standard error of the estimate (log-difference 
between groups: log-dispersion within groups for ALDEx2) is linked to statistical significance for any given feature. 
Increasing the degree of scale uncertainty with a larger gamma value increases the threshold of this ratio required for a 
feature to be detected as statistically significant. Thus, the use of a scale model excludes both types of features that Ebra-
himpoor et al. [36] suggests are problematic, without depending on subsetting the P-values following BH correction, which 
is known to be counter productive [36,38].

Both our work and that of Li et al. make the counterintuitive observation that the FDRs are highest when filtering for a 
larger L2FC in the permuted datasets. Prior work has shown that placing emphasis on such features through the common 
practice of double-filtering results for high fold-change and P-values using volcano plots can inflate the FDR even fur-
ther [27,78]. These simulation experiments underscore the danger of taking the results of RNA-seq analysis tools at face 
values without considering the well-documented problem of inadequate FDR control [34,35]. One obvious issue of using a 
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simple-fold-change cutoff is that a feature can appear to have a large L2FC between groups, when in fact that change is 
driven by a few outlier samples. We therefore caution any user against associating large fold changes in expression with 
true biological differences simply because of the magnitude of difference without further inspection.

While other approaches for FDR stabilisation do exist (e.g., spike-in normalisation) these methods introduce additional 
uncertainty in both their application and their measurement that must be accounted for [51]. Thus, the approach outlined 
in this study can be used in two ways. First, the unknown scale of the underlying environment can be modelled and used 
to reduce false positive results, as we show above. Second, when external measurements are available, such as with 
spike-ins, flow cytometry, or droplet digital PCR [49,50], they can be used directly to build a scale model, as others have 
shown [26]. In both cases, the key point is that there is additional uncertainty in the normalisation that should be incorpo-
rated in the analysis- and that further uncertainty reduces the number of false positive findings.

Although only simple scale models are explored in the present work, ALDEx2 and ALDEx3 are capable of constructing 
informed scale models that apply different degrees of scale uncertainty to each group of interest [17,18]. Informed scale 
models naturally incorporate the information obtained from spike-in experimental designs. We have previously shown 
[55,79] that this approach is necessary in multiple vaginal metatranscriptome datasets to correct for the 10–100-fold 
difference in total bacterial load that exists between states of health and bacterial vaginosis [80]. Using an informed scale 
model removes an asymmetry in the data that simultaneously causes a multitude of housekeeping functions to be iden-
tified as differentially expressed, and prevents known pathways involved in BV pathophysiology from being identified as 
such. Moreover, this methodology was shown to be robust to replication even when applying it to independent validation 
datasets with vastly different population demographics [55]. For any similar scenarios in which researchers are either 
aware of, or suspect there to be a difference in the overall biological scale between the conditions of interest, we recom-
mend the use of a full, informed scale model over a simpler approach of modelling the same degree of scale uncertainty 
across all samples [79].

The incorporation of modelled scale uncertainty into the core ALDEx2 and ALDEx3 algorithms offers excellent FDR 
control with only modest loss of sensitivity. As noted, the use of a dual cutoff approach composed of P-value cutoffs and 
fold-change thresholds can inflate FDRs; however, even modest amounts of scale uncertainty eliminate the need for such 
an approach without inflating the FDR. As such, we recommend the use of scale models in ALDEx2 and ALDEx3 over the 
scale-naïve implementations of these tools, regardless of the type of sequencing data in question. In our testing, there 
was never a scenario where a scale-naïve model outperformed the scale-aware method in terms of FDR control. Given 
the high FDRs of the other tools tested, we believe that a higher confidence in one’s differential expression/abundance 
results is worth the trade-off of a decreased sensitivity- a conclusion echoed by others [16,30].

Notably, this work provides a path forward to reducing the FDR in a way that only minimally impacts sensitivity across 
many different types of HTS data. The relationship between γ and the minimum L2FC required for a statistically significant 
result shown in Fig 4 and Table 2 provides guidance on selecting an appropriate level of scale uncertainty when using 
ALDEx2 or ALDEx3; in our work, this was generalisable across the different types of HTS data tested. We recommend that 
investigators introduce scale uncertainty into any analysis sufficient to provide a buffer of an additional 0.5-fold change. This 
equates to adding a γ value of 0.2 when using ALDEx2, and of 0.3 when using ALDEx3, and this ensures that the FDR rate 
is controlled at least to an inferred L2FC of >0.5 across all the datasets tested here with only minimal impacts on sensitivity. 
If the analyst is interested in only very large L2FC values >1, then we suggest using a γ value of 0.4 for ‌‌either tool.

Conclusion

Overall, we have demonstrated the utility of scale models implemented by ALDEx2 and ALDEx3 in the analysis of 
high-throughput sequencing datasets, as well as their excellent FDR control. Like others, we highlight the unacceptably 
high rate of false-positive findings returned by commonly used RNA-seq analysis tools and note the inherent trade off all 
researchers need to be cognisant of when considering how to analyse their data.
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Supporting information

S1 Fig. False-discovery rates for all datasets tested. False-discovery rates (FDR) for all tool and dataset combinations 
were calculated separately for each 0.1 increment in the model difference between groups (i.e., the simulated or ‘true’ log

2
 

fold-change between groups, as determined by binomial thinning). Each data point represents the FDR when considering 
dataset features with a simulated log-difference at or above the given x-axis threshold. Features were considered differen-
tially abundant at a BH-adjusted P-value of <0.05.
(PDF)

S2 Fig. Positive predictive values for all datasets tested. The positive predictive value (PPV) for all tool and dataset 
combinations was calculated separately for each 0.1 increment in the model difference between groups (i.e., the simu-
lated or ‘true’ log

2
 fold-change between groups, as determined by binomial thinning). Each data point represents the PPV 

when considering dataset features with a simulated log-difference at or above the given x-axis threshold. Features were 
considered differentially abundant at a BH-adjusted P-value of <0.05.
(PDF)

S3 Fig. True-positive rates for all datasets tested. True positive rates (TPR) for all tool and dataset combinations were 
calculated separately for each 0.1 increment in the model difference between groups (i.e., the simulated or ‘true’ log

2
 

fold-change between groups, as determined by binomial thinning). Each data point represents the TPR when considering 
dataset features with a simulated log-difference at or above the given x-axis threshold. Features were considered differen-
tially abundant at a BH-adjusted P-value of <0.05.
(PDF)

S4 Fig. ALDEx2 scale models provide better FDR control than a dual P-value/fold-change cutoff. A randomly 
selected analysis iteration of the PD1 immunotherapy dataset was used to create volcano plots (A, B) and effect plots 
(C, D) for ALDEx2 analyses. Each data point represents a feature from the scale-naïve analysis (γ = 0.001). Differentially 
expressed features are defined either by: a BH-adjusted P-value threshold of <0.05 and a fold-change cutoff of ≥1 (A, B); 
or a BH-adjusted P-value threshold of <0.05 when γ = 0.5 (C, D). Grey points indicate non-significant features. Coloured 
points indicate features which are significantly different between groups after applying different definitions of differential 
expression. Vertical dashed lines in A-C indicate a log

2
 fold-change of 1; horizontal dashed lines indicate BH-adjusted 

P-value <0.05. Grey dotted and dashed lines in D indicate approximate isarithms between non-significant and significant 
features when γ = 0.001 and 0.5, respectively.
(PDF)

S1 Table. Average minimum log differences required for a significant result with ALDEx2 and ALDEx3 for all 
datasets and γ values. For all datasets, the mean minimum log difference required for ALDEx2 and ALDEx3 to recognise 
a feature as differentially expressed (i.e., BH-adjusted P-value <0.05) was calculated for γ values ranging from 0 to 0.5. 
Data represent a mean of all 100 iterations of permuted/thinned HTS count data (TGCA, The Cancer Genome Atlas).
(PDF)

S5 Fig. Features from single-cell and metatranscriptome datasets have a larger dispersion compared to bulk 
RNA-seq data. The within-group log dispersion of each feature was plotted against the log abundance from a single, 
randomly selected iteration of the ALDEx2 permutation analyses for all HTS datasets.
(PDF)

S6 Fig. ALDEx3 returns a tighter distribution of minimum log-difference values required for significance across 
all datasets. For each of the 100 iterations of the given dataset, the minimum absolute difference between groups needed 
for a gene to be reported as differentially expressed by ALDEx2 and ALDEx3 was recorded, based on a BH-adjusted 

https://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014728.s001
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P-value of <0.05, for γ values ranging from 0 to 0.5. Data for the Cancer Genome Atlas (TCGA), vaginal metatranscrip-
tome, single-cell, 16S rRNA amplicon, and yeast transcriptome datasets are expressed as density plots and coloured by 
tool and γ value. Values for TCGA datasets represent an aggregate across the individual tumour transcriptome datasets. 
Dashed lines indicate the mean value.
(PDF)

S2 Table. Differentially expressed genes reported by all tested tools for the original, unpermuted BRCA dataset. 
The total number of genes identified as differentially expressed by ALDEx2 (A2), ALDEx3 (A3), DESeq2 (DS), edgeR (ER) 
and limma-voom (LM) are shown for increasing values of γ. At each γ value from 0.1 to 0.5, the number and proportion of 
genes belonging to the ‘canonical drivers’ and ‘breast cancer’ categories of the Network of Cancer Genes [75] that are no 
longer significantly different between groups (i.e., dropped genes) are also shown for ALDEx2 and ALDEx3. Data repre-
sent the results of a single analysis performed with the original, non-permuted count table and group membership vector. 
Dashes indicate non-applicable fields.
(PDF)

S7 Fig. Boundaries between features reported as differentially expressed at different γ values are curved. Volcano 
plots of log difference between groups vs. -log

10
 P-values were generated for ALDEx2 (left) and ALDEx3 (right) analyses of the 

original, non-permuted BRCA dataset from the Cancer Genome Atlas. Curved boundaries between points identified as differ-
entially expressed at different γ values can be clearly seen. Each data point represents a feature from the scale-naïve analysis 
(γ = 0.001). Grey points indicate non-significant features; coloured points indicate features which are significantly different after 
a certain amount of scale uncertainty has been added to the model. Grey dashed lines indicate BH-adjusted P-value <0.05.
(PDF)

S1 File. Genes dropped as scale uncertainty increases are largely unrelated to cancer development. A list of all 
genes in the BRCA dataset which are no longer identified as significantly different between groups (i.e., BH-adjusted 
P-value <0.05) as scale uncertainty (γ) increases by 0.1 increments for ALDEx2 and ALDEx3. Gene symbols, validation 
status in the Network of Cancer Genes, log

2
 fold-change, within-group dispersion, and BH-adjusted P-values at each 

gamma are also reported.
(XLSX)

S8 Fig. Significant differences in PTEN expression are driven by a few outlier samples: Expression of the tumour 
suppressor gene, PTEN, in the Cancer Genome Atlas BRCA dataset is shown in histograms of read counts (left) 
and centred log-ratio (CLR) abundance values (right) calculated by ALDEx2. Bars are coloured by sample group. Bin 
width is 1,000 (reads) or 0.2 (CLR). The limited number of outlier samples in each group can clearly be seen at either end 
of the histograms, with most samples overlapping in the centre.
(PDF)
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