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Abstract

Small RNAs (sRNAs) encompass a great variety of molecules of different kinds, such as
microRNAs, small interfering RNAs, Piwi-associated RNA, among others. These sRNAs
have a wide range of activities, which include gene regulation, protection against virus,
transposable element silencing, and have been identified as a key actor in determining the
development of the cell. Small RNA sequencing is thus routinely used to assess the expres-
sion of the diversity of SRNAs, usually in the context of differentially expression, where two
conditions are compared. Tools that detect differentially expressed microRNAs are numer-
ous, because microRNAs are well documented, and the associated genes are well defined.
However, tools are lacking to detect other types of sRNAs, which are less studied, and
whose precursor RNA is not well characterized. We present here a new method, called
srnadiff, which finds all kinds of differentially expressed sRNAs. To the extent of our knowl-
edge, srnadiff is the first tool that detects differentially expressed sRNAs without the use of
external information, such as genomic annotation or additional sequences of sSRNAs.

Introduction

The interest in small RNA (sRNA) has been constantly growing since the last decades. These
sRNAs include the well-known microRNAs, but also tRNA-derived RNA fragments (tRFs),
small interfering RNAs (siRNAs), Piwi-associated RNAs (piRNAs), small nucleolar RNAs
(snoRNAs), which have been extensively studied in plants and animals (see [1, 2] for reviews
on sRNAs on both kingdoms). The majority of these RNAs are less than 50 bp, but some may
reach up to 200 bp. These sSRNAs are involved in many stages of development and diseases, in
genetic and epigenetic pathways. The regulation of the expression induced by these sSRNAs is
usually understood via a differential expression protocol, e.g. healthy vs sick, or wild type vs
mutant.

Sequencing these SRNAs is now the state-of-art technique in order to study them. It accu-
rately quantifies all the sSRNAs in a single experiment ~known and unknown sRNAs alike—
even though it suffers from some known biases [3]. However, most analyses only focus on
miRNAs, partly because miRNAs genes (pre-miRNAs or mature miRNAs) are known, or can
be efficiently discovered.
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In this work, we will suppose that a reference genome is available. Although some organ-
isms are still not assembled, most model and many non-model organisms are available, and
the sequencing of the remaining organisms progress at a fast pace.

Contrary to messenger RNA-Seq analysis, there is, to the best of our knowledge, no recent
review, nor guideline, on sSRNA-Seq differential expression analysis. However, we observed
that current papers usually use three types of pipe-lines. First, the reads can be mapped to a set
of reference sequences, such as miRBase [4], which stores all the known miRNAs. The counts
are then arranged into a matrix, where the rows are the features (here, the miRNAs), the col-
umns are the samples, and the cells are the number of reads that match a given feature, in a
given sample. This matrix is then used as an input of the standard (messenger) RNA-Seq pro-
tocol for differential expression, where differential expression is tested. Many tools have been
presented to perform this last step, but DESeq2 [5] and edgeR [6] are, by far, the most cited
ones.

This method has been used, for instance, by [7], who analyzed the SRNA-Seq data of lung
tumors compared to adjacent normal tissues. This method can obviously only find features
that are previous detected, and usually restrict the analysis to only one, or few, classes of small
RNAs.

The second option has been for instance used by an other article, that reused the previous
dataset in order to find differentially expressed snoRNAs and piRNAs [8]. Here, the authors
followed the usual pipe-line of the messenger RNA-Seq. They mapped the reads to the
genome, and compared the mapped reads with external annotations, here piRNAs (from piR-
NABank [9]), and snoRNAs (from UCSC genome browser annotation [10]). The authors
claimed that the approach is more exhaustive, since —especially in human— the annotation
files which are provided by the existing repositories include a wide diversity of small RNAs.

While this approach works fine on some well characterized sRNAs, such as miRNAs, tRFs,
or snoRNAs, they are much less efficient for others, such as siRNAs or piRNAs, because the
corresponding “genes” are not known (and possibly even not defined). Indeed, current piRNA
databases are usually restricted to human and mouse, and their accuracy is not well
established.

Some popular tools for sSRNA differential expression, such as UEA sRNA Workbench [11]
and sRNAtoolBox [12] use a combination of the two previous methods. While these method
works fine for miRNAs, and other well-know sRNAs, they cannot detect other types of sSRNAs,
or be applied to an unannotated genome.

It is, at least in principle, always possible to complement the annotation of the genome of
interest using tools that detect a class of small RNAs de novo: tRNAscan-SE [13] for tRNAs,
Snoscan [14] for snoRNAs, or infeRNAI [15] for small RNAs described in the RFAM database
[16] are the most widely used tools. However, this requires expertise, as well as computational
resources. It is, in practice, rarely done, and still restricts the analysis to well-characterized
small RNAs.

It is also possible to cluster unknown, co-localizing reads to putative SRNAs. However, find-
ing boundaries of SRNAs based on the expression profile is a difficult task, because the expres-
sion profile of the SRNAs can be very diverse: miRNAs and tRNAs, for instance, exhibit sharp
peaks, whose sizes are approximately the size of a read. The expression profiles of siRNAs and
piRNAs are usually wider, ranging possibly several kilo-bases or more, with an extremely irreg-
ular contour. These sSRNAs can even be found in clusters, and the aggregation of several, possi-
bly very different, profiles, makes it hard to discriminate them.

Some methods, such as BlockClust [17], SeqCluster [18], or ShortStack [19], do include a
clustering step, which assemble the reads into longer transcripts. Then, the user can proceed to
the standard messenger RNA-Seq pipe-line: counting reads that co-localize with each
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transcript, and testing for differential expression. These tools may or may not use an annota-
tion file. The downside of this approach is that it requires significantly more work and time to
cluster the reads into putative transcripts. Moreover, the produced regions may have no bio-
logical meaning since they may be truncated, or merged transcripts.

Recently, [20] presented derfinder, a new method for discovering differentially expressed
(long) genes. Briefly, the authors find differentially expressed regions at the nucleotide resolu-
tion, regardless of the annotation. This promising method, however, has been designed for
RNA-Seq and works poorly on sSRNA-Seq, because SRNA expression profiles are very different
from the longer, somewhat uniform, expression profiles of the exons.

In this work, we present a new method, srnadiff, that finds differentially expressed small
RNAs, using RNA-Seq data alone, without annotation. We show that srnadiff is more efficient
than other methods, and that it detects a wide range of differentially expressed small RNAs.

Materials and methods
Description of the method

The method is divided into two main steps, which are described hereafter. The outline of the
method is given in Fig 1. Briefly, the first step includes several independent methods that
detect putative differentially expressed regions. The second step considers all the regions
found by the previous step, and chooses the best ones.

Step 1: Find candidate regions. In this step, several methods are used to produce genomic
intervals that are potential differentially expressed regions. We implemented three methods:

BAM
files

» | prepr.

RLEs \

—_— . —— | HMM > | regs

merge | — | DER

parameters:
min depth -
probs -
min/max size :
min log FC :
max distance -
min overlaps -

Y

—_—» | regs

Annot.

H/_/

input

VT I
step 1 step 2

Fig 1. Outline of the method. Files and intermediate data are displayed in blue rectangles, algorithms are displayed in red rectangles, and parameters
are in the black rectangle. Arrows show the data which are used by each algorithm. The first step transforms BAM files into coverages, stored as run-
length encoding. The coverages are then used by different methods (naive, HMM, IR), which independently produce differentially expressed regions,
stored are lists of genomic intervals. The user can also add an annotation, which is transformed into putative regions. In a second step, these regions are
merged. These regions may overlap, since they have been predicted by several, independent tools. We compute the p-values of the differential
expression, and, in case of overlap, choose the regions with the lowest p-values. The parameters (described hereafter) used by each algorithm are in
shown dotted lines. prepr.: pre-processing; RLE: run-length encoding: regs: regions; DER: differentially expressed regions.

https://doi.org/10.1371/journal.pone.0256196.9001
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naive, HMM, and IR (described in the next sections), but, in principle, any method can be
added.

Indeed, expression profiles are very specific to each of the SRNA classes: miRNAs pile up in
short stacks, whereas piRNAs spread over thousand of nucleotides. In order to cope with this
diversity, we found that two different methods yielded better results than a unique one. The
HMM method efficiently detects short, moderately differentially expressed RNAs. The IR
method can detect longer patterns.

Each method reads a set of coverages (see next section), and outputs a list of genomic inter-
vals, encoded as GenomicRanges|[21].

Preprocessing. Prior to the analysis of the data, the samples are first normalized using the
CPM procedure, as done in edgeR [6].

Moreover, the following strategies use a run-length encoding representation of the data,
which is a compact way to store the expression of each nucleotide of the genome. This process
is described in Fig 2A.

If the average depth is less than a given threshold (min depth, default: 10) in both condi-
tions, the corresponding position is discarded and will not be considered in the future
analyses.

Annotation. This step simply provides the intervals corresponding to the annotation file
that is optionally given by the user. It can be a set of known miRNAs, siRNAs, piRNAs, or a
combination thereof.

Naive. The outline of the method is shown in Fig 2B. This strategy computes the average
expression for each condition. Then, the (log2) fold change of the expression is computed. All
the regions with a fold change greater than the parameter min log fold change are kept
as putative regions. The putative regions that are distant by no more than max distance
nucleotides are then merged. However, we do not merge two regions if their log2 fold change
have different signs. The remaining intervals are provided as candidate regions.

The parameters used by this methods are: a minimum log fold change (1og fold
change, default: 0.5), a maximum merged distance (max distance, default: 100) and
minimum and maximum region sizes. Regions whose sizes do not fit the aforementioned
bounds (min size,max size, default: 18 and 100,000) are discarded.

HMM. We first build a matrix, where each line is a nucleotide, each column a sample, and
each cell is the corresponding expression. This matrix is given to a differential expression anal-
ysis package, such as DESeq2. We then proceed to the standard differential analysis workflow,
and we compute an adjusted p-value for each nucleotide (see Fig 2C).

This method is expected to give the same p-value for each nucleotide of a differentially
expressed miRNA or tRF than the annotate-then-identify method. Contrary to messenger
RNAs, the reads spans the whole transcript. Supposing that a sSRNA, such as a mature miRNA,
is sequenced x times, the annotate-then-identify will quantify an expression of x for this fea-
ture. Our method will also find the same expression of x, because each nucleotide has a
sequencing depth of x. The only difference is that we will likely have identical counts for each
nucleotide of the miRNA. This is why, in our implementation, we collapse lines of the count
matrix that have exactly the same counts into a unique row, because the counts actually
describe the same object.

The use of DESeq2 in this context is obviously not standard, because DESeq2 expects the
total number of reads per transcript, and not the nucleotide-wise number of reads. However,
in an ideal case of a miRNA, tRF, or snoRNA, the counts found by this method and the usual
one are identical, as noted previously. We also plotted several quality control distribution, and
checked that they behave as expected. First, we plotted the dispersion estimation. Briefly, the
read counts for a particular gene are expected to follow a negative binomial distribution, with
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Fig 2. Description of the steps. A: Transformation from mapped reads to run-length encoding. The reads themselves are lost, only the
coverage is kept. For the sake of memory compactness, the coverage is stored as a vector of pairs (coverage, length) per chromosome. B: The
naive method. In a first step, the samples are averaged for each condition, then the (log2) fold change is computed. All those regions with a
fold change not less than # are kept. Regions distant than no more than d base pairs are then merged, and given as output of the method. C:
First step of the HMM method. The coverage of each nucleotide is computed for every condition. A p-value is produced for each position.
D: Second step of the HMM method. An HMM is run on each chromosome. The states are the red circles, and the emission probabilities are
the blue rectangles. diff: the “differentially expressed” state. not diff: the “not differentially expressed” state. tp; and p, are the transition
probabilities. The emission of each state follows a binomial distribution. For instance, the diff. state emits a p-value less than pt with
probability ep. All the parameters (tp;, pt and ep) are editable by the user. E: IR step. The (log2) fold change is printed in red, 0 is given in
solid grey, and the dashed line is the (user given) threshold. Every region above the threshold is a putative differentially expressed region. A
simple method could give three regions (between p, and p,, between p; and p,, and between p5 and pe). The IR method aims at merging
close-by regions, with no additional parameter (contrary to the naive method). Briefly, the method considers every interval (p;—ps, for
instance), computes the area above the threshold (in light red), and divides it by the size (here, ps — p;). We will call the mean area above the
threshold MAAT. The method then considers all the positions, for instance p;, between p; and pg. If the MAAT between p; and p;, or the
MAAT between p; and pg, is not above the threshold, the interval is split. In the example, the MAAT between p; and ps is visibly less than
the threshold, so the region is split at p;. However, the region between p; and p, is not split, since the MAATSs between p; and p,, p; and p;,
p2and ps, p, and p; are all greater than the threshold. F: The merge step. Each interval 7; to i3, is associated to a p-value, written on the right
of the interval. A naive approach would discard i, and i; because they are dominated by 7, and i, respectively. However, i; may be an
interesting interval, although the signal is not as strong as the signal of i;. We can notice that i, both dominates (i3) and is dominated (by i;).
Only this interval is discarded.

https://doi.org/10.1371/journal.pone.0256196.9002

two parameters: the mean, and the dispersion. The dispersion is estimated using the mean,
and is expected to follow a trend for the majority of the genes. If many genes depart from the
trend, the expression is clearly poorly estimated. In Fig 1a in S1 Appendix, we show that, on
the human dataset, the dispersion plot is close to the expected one. This confirms that the

PLOS ONE | https://doi.org/10.1371/journal.pone.0256196  August 20, 2021 5/21


https://doi.org/10.1371/journal.pone.0256196.g002
https://doi.org/10.1371/journal.pone.0256196

PLOS ONE

Finding differentially expressed sRNA-Seq regions with srnadiff

estimation step was correctly carried out. Second, we plotted the p-value distribution. The p-
value is expected to be uniform under the null hypothesis, and close to 0 under the alternative
hypothesis. The Fig 1b in S1 Appendix confirms that we observe a mixture of the two distribu-
tions on the human dataset.

In a second step, we build a hidden Markov model (HMM) on each chromosome, where
the first state is “differentially expressed,” the second state is “not differentially expressed,”
and the observations are the p-values (see Fig 2D). This HMM has been given sensible emis-
sion, transition, and starting probabilities values, but these parameters can be tuned by the
user (S1 Appendix shows that the method does not seem sensitive to parameters). We then
run the Viterbi algorithm, in order to have the most likely sequence of states. The regions
that are most likely to be in the “differentially expressed” state are given as output of the
method.

In practice, the p-value is not computed for every nucleotide. Regions where the sum of the
coverage is less than a threshold (10 by default, editable by the user) are given a p-value of 1,
because these poorly expressed regions are unlikely to provide a differentially expressed sSRNA.
In the HMM, all the regions with a p-value of 1 (the majority of the genome, because small
RNA transcription is restricted to a minority of loci) are not stored and are assumed to have
the default value. This significantly reduces the memory consumption. During the Viterbi
algorithm, the most frequent state is “not differentially expressed,” and the most frequent p-
value is 1. In this configuration, if the probability of “not differentially expressed” is signifi-
cantly larger than the probability of the other state, we directly skip to the next nucleotide with
a p-value < 1. Indeed, the difference of the probabilities of the “not differentially expressed”
and “differentially expressed” states are, in this case, constant, and do not change the results
the Viterbi algorithm.

We implemented this Viterbi algorithm, optimized for our purposes, in C++.

The default values used by this method (see Fig 2D) are tp; = 0.001, tp, = 0.000001, pt = 0.1,
ep = 0.9. This method also uses size bounds, akin to the previous step.

Irreducible regions. The average (normalized) coverage of each condition is first com-
puted. We then compute the (log2) fold change, and find irreducible regions (IRs), as pre-
sented in [22]. The method is presented in Fig 2E. Briefly, the method extracts all the regions
where the fold change is above a threshold (given by the user). The IR method is a simple and
efficient way to merge such regions when they are not very far away, and the drop in fold
changed is not too deep.

In practice, the IR method can be very efficiently implemented. It simply requires a linear
time algorithm, that considers all the points where the fold change intersects the threshold.

We also take care not to merge regions with positive log fold change, and regions with nega-
tive log fold change.

We implemented the algorithm in C++, using the description from [22]. The only parame-
terismin log fold change (default: 0.5).

Step 2: Merge regions. The intervals provided by the previous step may overlap since sev-
eral methods may give similar intervals. The aim here is to keep only the best non-overlapping
regions.

To do so, the intervals provided in the previous steps are used as standard genes and we use
the RNA-Seq standard pipe-line.

o The expression of the intervals is quantified for each condition (a read is counted once for
every interval it overlaps).

« By default, DESeq2 is used to compute a p-value for each intervals.
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When two regions, i; and i, overlap, i; dominates i, iff its p-value is less than the p-value of
i>. A first possibility is to give undominated intervals to the user, but we found that it removes
many interesting intervals (see Fig 2F).

Our method only discards all the intervals that are both dominated, and dominate other
intervals. When these intervals have been discarded, only undominated intervals remain, and
they are given to the user (together with their p-values).

This step uses one parameter: the minimum number of common nucleotides between two
regions i; and i, to consider that i, and i, overlap. It outputs a list of differentially expressed
regions, as GenomicRanges, together with their p-values.

Implementation of srnadiff

Example of use. srnadiff can be installed through R Bioconductor [21]. As every Biocon-
ductor package, it has a dedicated Web page (https://bioconductor.org/packages/release/bioc/
html/srnadiff.html) and contains an extensive description of the tool.

We provide here an introduction on how to use the package.

The information about the dataset can be conveniently stored in a data . frame. This
table should contain three columns, and each row describes a sample. The columns provide
the name of the BAM files, the name of the sample, and the condition (e.g. wild type vs
mutant).

If the table is stored into a file named data . csv, the minimal code to run srnadiff is:

llibrary(srnadiff)

2data <- read.csv(“data.csv”)

3bamFiles <- file.path(dir, data $FileName)
4 exp <- srnadiffExp (bamFiles = bamFiles,
5 sampleInfo = data,

6 annotReg = “annotation.gtf”)

7 exp <- srnadiff (exp)

8 diffRegions <- regions(exp, 0.05)

9plotRegions (exp, diffRegions [1])

In this code, annotationFile.gtf isa GTF file that contains the known annotation.
It is an optional parameter.

The srnadi f fExp function reads the input data, and transforms the BAM files into run-
length encoding data. It returns an object of class srnadiffExp.

The srnadiff function performs the main tasks of the package: segmentation, reconcilia-
tion, and computation of the p-values. The parameters that control the algorithms can be
changed using this function. The segMethod parameter takes the list of the segmentation
methods that should be used (default is “HMM?” and “IR”). The nThreads parameter con-
trols the number of threads used. The other fine-tuning parameters (such as the minimum
sequencing depth, the minimum and maximum feature ranges, etc.) are stored into the
srnadiffDefaultParameters object. This object can be changed as desired, and pro-
vided to the srnadi f £ method.

The regions function provides the differentially expressed regions, in a Genomi -
cRanges object [23], which can be exported to BED, GTF, or GFF files with the rtrack-
layer package [24]. A minimum (adjusted) p-value can be provided as parameter.

The plotRegions function is a utility tool, which plots the coverage of the different sam-
ples around a region of interest (usually a prediction of srnadiff). This function accept a great
number of parameters to customize the plot (visual aspect, other annotation, etc).
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Computation of the p-values. p-values at computed twice in the process. First, they are
computed for each position of the genome in the HMM strategy. Second, candidate regions
are tested for differential expression, and given a p-value. By default, DESeq2 [5] is used to per-
form the two steps. However, for the sake of completeness, we made two other widely used
packages available for the user: edgeR [6], and baySeq [25]. The alternative package can be cho-
sen by specifying the parameter diffMethod in the srnadi £ f function.

Benchmarking

We benchmarked srnadiff on three real, already published, datasets, and a synthetic one. We
selected several datasets meeting the following criteria. First, the experimental design should
include replicates in each condition. Second, the differentially expressed elements found by
the authors should be accessible as supplementary data of the article. Third, we wanted to
include a variety of model organisms: Homo Sapiens, Arabidopsis thaliana and Drosophila mel-
anogaster. Fourth, the sequencing machines should be different, in order to include the diver-
sity of the machines in our benchmark. Last, the analysis pipe-lines should also be different.
All the publications provided a list of differentially expressed sSRNAs, and we compared the dif-
ferent methods with this list of sSRNAs.

Of note, it is not possible to assess, on real-life datasets, the number of false positives, i.e. the
regions detected by the evaluated tools which are not differentially expressed, because it is not
possible to find all the differentially expressed small RNAs. Therefore, metrics such as specific-
ity or precision cannot be collected on these datasets. The aim of the benchmark on published
datasets is to test whether the evaluated tools are able to detect all the regions that have been
classified as differentially expressed by the reference methods. In order to assess the number of
false positives, we added a last, simulated, dataset.

srnadiff was run with no annotation, and an adjusted p-value threshold of 5%. We also run
derfinder [20] on the same datasets, with a g-value of 10%. We used a third method, which
first clusters the reads with ShortStack [19] (comparing several clustering methods is out of the
scope of this article), quantified the expression of the regions found by ShortStack with feature-
Counts, tested for differential expression with DESeq2, and kept the regions with an adjusted
p-value of at most 5%. We refer to this method as the ShortStack method. The reason why we
chose a g-value of 10% for derfinder, instead of 5%, is that the statistics produced by derfinder
is significantly more conservative, and it produces much fewer predicted regions than other
approaches. For a fair comparison, we decided to lower the stringency for this tool. No fold
change threshold was applied.

We compared the results of the methods with respect to each other.

We also compared srnadiff with another straightforward method: we downloaded available
annotations of different sSRNA-producing loci, and followed the previously presented method:
expression quantification, and test for differential expression. These regions can be considered
as true positives. For the human dataset, miRNAs were taken from miRBase [4], tRNAs (in
order to find tRFs) from GtRNAdb [26], piRNAs from piRBase [27], snoRNAs from Ensembl
[28], and genes (to find possible degradation products), from Ensembl too. We added new
additional databases: tRNAs and snoRNAs from UCSC [10], and piRNAs from https://www.
pirnadb.org for an additional validation. We also used miRDeep2 [29] in order to find putative
new miRNAs using the sequencing data. The cress data was extracted from the TAIR annota-
tion file [30], and from the FlyBase annotation file [31] for the fly. We then compared these
differentially expressed regions with the predicted regions.

We stated that the two predicted regions A and B were similar when at least 80% of A over-
laps with B, or at least 80% of B overlaps with A. The reason is that some annotation (such as
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genes, or tRNAs which are substentially largers that tRFs) are not expected to be differentially
expressed. Moreover, ShortStack provides also significantly larger differentially expressed
regions than srnadiff or derfinder.

For each tool, we plotted different results. First, we provided the size and the adjusted p-
value distributions of the regions found. Then, we provided the number of differentially
expressed features (e.g. differentially expressed miRNAs, tRFs, etc.) which overlap a given
region found. The aim here was to test whether a method would “merge” several potential can-
didates into a unique, longer, differentially expressed region. Then, we focused on the regions
found by srnadiff and another tool (derfinder or ShortStack). For each such region, we com-
pared its size, and its (adjusted) p-value found by each method.

The code used for the benchmarking and the versions of the tools used are given in S1
Appendix.

Datasets

Preprocessing

Published datasets were downloaded from SRA [32] using the SRA Toolkit. We cleaned the
data with fastx_clipper (http://hannonlab.cshl.edu/fastx_toolkit/index.html), mapped them
with bowtie [33] (because it was ranked favorably in a recent benchmark [34]).

Human dataset. The first dataset compared healthy cells vs tumor cells of lungs of smok-
ers. This dataset has been sequenced on a Illumina GA-IIx, and contains 6 replicates per condi-
tion, with about 26 millions reads per sample. It has been published by [7], and re-analyzed by
[8]. Both papers analyzed the sSRNA-Seq data of lung tumors compared to adjacent normal
tissues.

In the first paper, the authors mapped the reads with bowtie [33] on miRBase [4]. The miR-
NAs were tested for differential expressed with edgeR [6].

In the second paper, the authors mapped the reads with Novoalign on the reference
genome. They downloaded piRNA and snoRNA annotations, and quantified their expression
with the BedTools [35]. They were tested for differential expressed with edgeR.

A. thaliana dataset

This dataset evaluated the difference of expression of small RNAs in two different concentra-
tions of CO, in A. thaliana [36]. Each condition contained two replicates, with about 11 mil-
lions reads each.

The authors mapped the reads with RazerS [37] on the reference genome. Reads co-localiz-
ing with known miRNAs were kept for further analysis. The authors then looked for other,
unknown putative miRNAs. Reads overlapping with known cDNAs, miRNAs, tRNAs, rRNAs,
snoRNAs, and other RNA sequences, were excluded. Remaining reads were then given to
miRDeep [38] and miRCat [39], two miRNA finding tools. The new set was added to the pre-
vious, known set of miRNAs. Differential expression analysis was performed with a y” test.

D. melanogaster dataset

In this dataset, [40] sequenced small RNAs of young and aged D. melanogaster flies circulating
in the hemolymph. Each condition contained 8 and 4 replicates, with an average of 13 millions
reads each.
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The authors mapped the reads with bowtie on the reference genome. Detection of new
miRNAs, and quantification of known and new miRNAs, was performed with miRDeep2,
using data from miRBase. Micro RNAs were tested for differential expression with edgeR.

Synthetic dataset

We also generated a synthetic dataset, extracted from the human genome. We first selected
1000 miRNAs from miRBase [4], and 1000 piRNAs from piRNABank [9]. We randomly
selected 100 upregulated miRNAs (2-fold change), 100 downregulated miRNAs (2-fold
change), and the same for the piRNAs. We randomly assigned a baseline expression following
a power law (k = 1.5) on the miRNAs and the piRNAs, which reflected a low expression for
most of the RNAs, and a few very expressed RNAs, as observed on our data. We generated 6
replicates per condition using the polyester package [41]. Obviously some RNAs may be differ-
entially expressed, but with a very low expression, they are almost impossible to detect. As a
results, we quantified the expression of the features with featureCounts [42], tested for differ-
ential expression with DESeq2 [5], and restricted to all the features with an adjusted p-value of
at most 5%. We considered these regions as our “truth” dataset.

Results
Human dataset

Comparison to the truth set. The first article found 48 differentially expressed small
RNAs, and the second, only 23 (see Fig 3). Only 5 miRNAs were common in both analyses.

We first wondered whether we could also detect these differentially expressed miRNAs
using our method. Fig 4 shows the recall of the different methods. The recall (or sensitivity) is

defined as TPZPFN, where TP is the number of true positives, and FN is the number of false nega-
tives. In our benchmark, a true positive is region which has been detected as differentially
expressed by a reference set (here, the miRNAs published in the articles), such that at least 80%
of the nucleotides overlap with a region detected as differentially expressed by srnadift (or
other evaluated tools such as derfinder, and ShortStack). Conversely, the false negatives are the
regions which has been detected as differentially expressed by a reference set, which do not
overlap (with at least 80% of the nucleotides) with a region detected as differentially expressed
by the evaluated tools.

First, the expression of six miRNAs found by [7] could not be correctly estimated because
they belonged to duplicated regions in the new assembly (and not in the assembly used in the
paper). Second, a miRNA found by [8] was missed because it was considered as an outlier by
DESeq2.

We then compared these results with srnadiff (run with no annotation, and an adjusted p-
value threshold of 5%). srnadiff finds 1968 differentially expressed regions in total. It missed a
few miRNAs, because of an adjusted p-value threshold effect: when the test for differential
expression is performed on a few miRNAs (here, 48 and 23 respectively), the adjustment is not
expected to change the p-values. However, srnadiff has much more candidates (a few thou-
sands), that should be tested. As a consequence, the adjustment is much stronger in this case,
and many miRNAs have an adjusted p-value which is (slightly) greater than 5%. It is a usual
trade-off between precision and recall.

Then, we compared our results with derfinder, which finds 76 differentially expressed
regions. Most of the regions found by derfinder are also found by srnadiff (see Table 1). srna-
diff missed some regions, because of the adjusted p-value threshold effect. Of note, no region

PLOS ONE | https://doi.org/10.1371/journal.pone.0256196  August 20, 2021 10/21


https://doi.org/10.1371/journal.pone.0256196

PLOS ONE

Finding differentially expressed sRNA-Seq regions with srnadiff

# differentially expressed regions

1600 -

1200 -

800 -

400 -

O'_

12000 -

9000 -

6000 -

3000 -

2000 -

1500 -

1000 -

500 -

48

27

19

0- —r——

>

2
RS

N

617
. =
76
A I

10975

1467

771

97
2 14

7287

2069

\al <° \al \ad
& L &é \Q\é
2N N

source or tool

4974
1455
29 62 3 T

721

euBIRY] Y susides H

Jsjsebouejaw

Fig 3. Number of differentially expressed regions found by each method. The red bars indicates the number of miRNAs found by [7] and [8] for the
H. sapiens dataset, [36] for the A. thaliana dataset, and [40] for the D. melanogaster dataset. The green bars indicate the number of differentially
expressed regions found by the three methods which are evaluated: srnadiff, derfinder, and ShortStack. The last bars give the number of elements that
are found using the known annotation and the usual differential expression calling method.

https://doi.org/10.1371/journal.pone.0256196.9g003

found by derfinder with adjusted p-value less than 10> was missed. However, srnadiff pro-

vided significantly more regions (see Fig 3).

We then compared with the ShortStack method, which finds 617 differentially expressed
regions. Results show that srnadiff misses several regions. The main reason is that ShortStack

accepts very large regions that may have a low p-value on the whole region even if the
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when compared to the results published in the papers. The last columns compare the methods to the direct approach, which uses the annotation and

performs the test.
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Table 1. Comparison of the results given by the srnadiff, derfinder, and ShortStack methods. Each cell gives the number of elements found by the tool mentioned in
row name that overlap with a region found by the tool mentioned in column name. For instance, 660 regions found by srnadiff overlap with the regions found by Short-
Stack. Note that only 93 regions found by ShortStack overlap with regions found by srnadiff. Indeed, ShortStack tend to produce longer regions, and one ShortStack region
may overlap several srnadiff regions.

source srnadiff derfinder ShortStack
srnadiff — 21 660

derfinder 27 — 26

ShortStack 93 1 —

https://doi.org/10.1371/journal.pone.0256196.t001
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difference point-wise is not significant. The ShortStack method also finds a few more miRNAs
found by the articles. However, srnadiff finds, in general, more than thrice as many regions.

Then, we compared all the results with a “truth set” (see Methods and Fig 4), where we
retrieved several annotations, performed differential expression, and kept the regions with an
adjusted p-value of 5%. We found, for instance, 240 differentially expressed miRNAs, 95 differ-
entially expressed tRFs, etc. srnadiff usually is the method that recovers the greatest number of
regions, although ShortStack sometimes provides more. srnadiff found 181 of the 240 differen-
tially expressed miRNAs, 52 of the 97 tRFs, etc. Again, most of the missed features were due to
the adjusted p-value threshold effect.

Last, srnadiff discovered 1581 differentially expressed regions outside known small RNA
genes, and 809 differentially expressed regions outside known small RNA genes and any
Ensembl annotation.

Biological interpretation. We wanted then to characterize the differentially expressed
regions which do not overlap with known small RNAs. We first checked whether these regions
were detected by one, two, or three tools. Fig 5 shows the relative distribution of these regions
with respect to protein-coding genes. We first confirmed results shown in Fig 3: the majority
of these regions originate from exons of protein-coding genes. These could be degradation
products, or silencing RNAs. Some differentially expressed regions are located inside gene pro-
moters, which often also contain some small RNAs [43]. A significant proportion also comes
from introns, which are also known to contain regulatory elements, as well miRNAs [44], and
snoRNAs [45].

Fig 6 shows the size distribution of these regions. The regions could be attributed to a spe-
cific class, depending on their sizes: the 15-20 peak could be putative tRFs, 20-24-nucleotide
long regions could be miRNAs, 26-31, piRNAs. Longer regions, often colocalizing with exons
or introns, could be degradation products.

We used several additional databases (see Methods) to check whether these unknown dif-
ferentially expressed regions could be further annotated. We could label two new regions as
tRFs, 31 as snoRNAs, and 30 as piRNAs. We used miRDeep2 to discover new putative miR-
NAs, based on our reads. We could only identify 13 putative new miRNAs this way.

This left 809 unannotated differentially expressed regions, and only 101 if we discard the
regions that were located inside or near genes. Two of these regions, uniquely found by srna-
diff, are shown in Supporting information. Among these 101 regions, only one was larger than
100 nucleotide, and it does not have the expected profile or a piRNA (widespread distribution
of the reads, over-representation of uridines at the first position and adenines at the tenth posi-
tion. This seems to indicate that the unannotated differentially expressed regions are probably
not piRNAs.

A. thaliana dataset

Results can be found in Figs 3 and 4 and Table 2.

We applied the same methodology as previously. Here, more than half of the miRNAs
found in the article was not detected by any other method, mostly because of the p-value
threshold effect.

Here again, srnadiff usually gives better results than any other tool, with the exception of
the differentially expressed snoRNAs.

D. melanogaster dataset

Results can be found in Figs 3 and 4, and Table 3.
Similar conclusion can be drawn from this dataset.
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defined as the upstream regions of the genes, up to 2000 nucleotides. Likewise, downstream regions are 2000-nucleotide long.

https://doi.org/10.1371/journal.pone.0256196.g005

Synthetic reads

The “truth” set contained 44 differentially expressed features. The results of each tool were
plotted as receiver operating characteristic (ROC) curves, given in Fig 7. The ROC curve pro-
vides the sensitivity (or recall) against (1 - specificity). The specificity is defined by 72,
where TN is the number of true negatives, and FP, the number of false positives. Informally,

the area under the curve (AUC) gives the probability that a tool ranks a randomly chosen true
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Table 2. Comparison of the results given by the srnadiff, derfinder, and ShortStack methods on the A. thaliana dataset. See Table 1 for the meaning of each column.

method srnadiff derfinder ShortStack
srnadiff — 3489 7569
derfinder 4245 — 3274
ShortStack 467 112 —
https:/doi.org/10.1371/journal.pone.0256196.t002
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Table 3. Comparison of the results given by the srnadiff, derfinder, and ShortStack methods on the D. melanogaster dataset. See Table 1 for the meaning of each

column.
method srnadiff derfinder ShortStack
srnadiff — 164 1152
derfinder 164 — 201
ShortStack 911 98 —
https://doi.org/10.1371/journal.pone.0256196.t1003
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Fig 7. Results on the synthetic dataset. The areas under the curves (AUC) of the receiver operating characteristic (ROC) curves of srnadiff, derfinder,
and ShortStack are respectively 0.9639, 0.5098, and 0.3235. The (unfiltered) number of candidates for each tool is 72, 60, and 720.

https://doi.org/10.1371/journal.pone.0256196.g007
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Fig 8. Effect of the differential expression package on the simulated dataset. The areas under the curves (AUC) of srnadiff, when using DESeq2,
edgeR, or baySeq, is respectively 0.9639, 0.7835 and 0.4468. The (unfiltered) number of candidates for each tool is 72, 19, and 53.

https://doi.org/10.1371/journal.pone.0256196.9008

candidate higher than a randomly chosen wrong one. The figure shows that srnadiff clearly
outperforms other tools.

We also compared, in this controlled dataset, the effect of the differential analysis package.
Fig 8 shows the ROC curve of srnadiff, when using DESeq2 (the default), edgeR, or baySeq.
The figure shows that DESeq2 clearly outperforms other packages.
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Time and memory usage

Fig 9 shows that derfinder is the fastest tool, and ShortStack the slowest. However, srnadiff still
provides results within 15 minutes. The reason of the difference between srnadiff and derfin-
der is that the former implements two methods, and thus processes the data twice. Second,
derfinder uses bigWig files, whereas srnadiff readily uses BAM files (and internally converts
them into a similar format, which is the bottleneck of the method). ShortStack is a Perl file,
which requires significantly more time to process the data.

Concerning the memory usage, derfinder is also the most efficient, and srnadiff usually the
least efficient. However, all these computations fit in a standard computer.

All the computation has been performed on a personal computer running Linux Ubuntu
19.04, with Intel Xeon Processor E5-1650 v4 running 6 cores at 3.6 GHz and 32GB RAM.

Benchmarking the preprocessing steps (i.e. conversion from BAM to bigWig, and merging
the BAM files for input of ShortStack) is not straightforward, because several pipe-lines are
possible. We provide the usage we observed with deepTools [46] to convert BAM files to big-
Wig and samtools [47] to merge the BAM files in S1 Appendix.

Other benchmarking, available in SI Appendix, shows that changing srnadiff parameter
does not significantly alter the results. We also show that time increases linearly with the input
size. On the other hand, we also showed (see S1 Appendix) that the coverage does not have a
dramatic influence on the results.

Conclusion

In this paper, we propose a new method, called srnadiff, for the detection of differentially
expressed small RNAs. The method offers several advantages. First, it can be applied to detect
any type of small RNA: miRNAs, tRFs, siRNAs, etc. Second, it does not need any other knowl-
edge on the studied small RNAs, such as a genome annotation, or a set of reference sequences.
Moreover, results are comparable to ad hoc methods, which detect only a given type of small
RNAs.
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Our aim is to provide a simple tool that is able to extract all the information given by
sRNA-Seq, not only restricting to miRNAs. We hope that srnadiff will make it possible to find
new mechanisms involving understudied small RNAs.

Future directions for improvement include broaden the regions found, and providing new
strategies to find differentially regions (besides the HMM and the IR methods).

Supporting information

S1 Appendix. Additional data. Supplementary figures, other benchmarking, code used, tool
versions, and DOI of the preprocessed data are given in the Additional Data file.
(PDF)
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