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Abstract

The involvement of non-coding RNAs in biological processes and diseases has made the
exploration of their functions crucial. Most non-coding RNAs have yet to be studied, creating
the need for methods that can rapidly classify large sets of non-coding RNAs into functional
groups, or classes. In recent years, the success of deep learning in various domains led to
its application to non-coding RNA classification. Multiple novel architectures have been
developed, but these advancements are not covered by current literature reviews. We pres-
ent an exhaustive comparison of the different methods proposed in the state-of-the-art and
describe their associated datasets. Moreover, the literature lacks objective benchmarks.
We perform experiments to fairly evaluate the performance of various tools for non-coding
RNA classification on popular datasets. The robustness of methods to non-functional
sequences and sequence boundary noise is explored. We also measure computation time
and CO, emissions. With regard to these results, we assess the relevance of the different
architectural choices and provide recommendations to consider in future methods.
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RNA can either encode proteins, which perform different functions in the genome, or be
non-coding. Non-coding RNAs represent around 98% of the genome, and were long
thought to be non-functional. It has now been proven that non-coding RNAs can have
diverse biological functions and be involved in diseases. A large proportion of non-coding
RNAs has not yet been studied. The function of specific non-coding RNAs can be studied
experimentally, but experiments are costly and time-consuming. One possibility to massively
characterize the function of non-coding RNAs is to use computational methods to classify
them into functional groups, or classes. Recent computational methods for non-coding RNA
classification are all based on deep learning, as it leads to faster runtime and improved per-
formance. Our work presents and compares the different approaches adopted in the state-of-
the-art, as well as the non-coding RNA datasets that are used. We also present a comprehen-
sive benchmark, measuring classification performance in different conditions, computation
time, and CO, emissions. The descriptions and comparisons provided are meant to guide
researchers in the field, whether wanting to use existing tools or to develop new ones.
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Introduction

The definition of non-coding RNA (ncRNA) classes of similar functions started in the 1950s,
with the discovery of tRNAs (transfer RNAs) and rRNAs (ribosomal RNAs) [1]. The descrip-
tion of other ncRNA classes involved in cell maintenance followed, but research still mainly
focused on proteins or protein-coding genes. It is in the 2000s, when efforts like the Human
Genome Project [2] highlighted that 98% of the genome is non-coding, that attention started
to turn to ncRNA. Novel classes of ncRNAs with regulatory functions, like miRNA (micro-
RNA) or IncRNA (long ncRNA), were described. Studies have shown that ncRNAs are impli-
cated in various biological processes and diseases [3-5], underscoring their potential as
biomarkers and therapeutic targets, and thus showing that studying their functions is impor-
tant. Knowing their precise functions requires specific experimental studies, which are
resource-intensive. To focus these resources on ncRNAs of interest, a first functional charac-
terization can be done computationally on a large scale. Groups can be formed to gather
ncRNAs that perform the same function. This is typically done at two levels. The first is
ncRNA families, which are quite specific, and represent ncRNAs that share the same function,
have similar structural motifs, and have sequence homology. The second is ncRNA classes,
which are broader. They also represent ncRNAs sharing a function and structural motifs, but
sequence homology is no longer a constraint. In this work, we focus on ncRNA class predic-
tion. Still, it is worth noting that ncRNA family prediction has also garnered interest in the
community and has been addressed in multiple works [6-8].

Many ncRNA classes have been identified over the years. It is typical to separate them
based on whether they perform ‘housekeeping’ functions, i.e., they are involved in cell viability,
or whether they are ‘regulatory’, i.e., they regulate gene expression at the epigenetic, transcrip-
tional or post-transcriptional level. We represent in Fig 1 these two types of functions, naming
some ncRNA classes that are commonly included in ncRNA classification problems. Each of
these classes is associated to a specific function. For example, tRNAs [9] have a distinctive clo-
verleaf-like structure, and their function is to carry amino acids to the ribosome for protein
synthesis. MiRNAs [10] range from 20 to 26 nt long, their precursors have a hairpin structure,
and they bind other RNAs, mostly mRNAs, to regulate gene expression. Through mechanisms
such as decapping, deadenylation, and translational repression, they typically repress or even
silence expression [11]. Some classes are better known than others, and new classes could still
be discovered as new functions of ncRNAs are uncovered: to this day, there is no fixed set of
ncRNA classes. LncRNAs particularly suffer from this lack of definition [12]. RNAs belonging
to this class are disparate and can have multiple functions. They are mostly defined by their
length over 200 nt and their position in the genome (antisense, intronic, . . .). Due to this lack
of precision, ncRNA classification problems tend to focus on classes of small ncRNAs
(sncRNAs).

Several tools have been proposed since the 2000s to predict known ncRNA classes, mainly
based on their sequence, secondary structure, or expression data. The use of computational
resources enables the obtention of results faster than experimental methods, as multiple
ncRNAs can be studied at the same time. The first approaches relied mainly on alignment
algorithms and standard machine learning. In recent years, deep learning (DL) has been
applied to ncRNA classification, showing improved performance and an ability to classify even
larger ncRNA datasets. DL is now the prevalent approach in the field. The term ‘ncRNA classi-
fication’ can have different meanings in the literature. It is sometimes used to refer to the pre-
diction of specific ncRNA classes [13-22]. This problem has been widely covered in reviews
[23-26]. It can also refer to multi-class classification, taking as input a set of ncRNAs and asso-
ciating each one to a ncRNA class, which is the scope of this review.
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Fig 1. Taxonomy of ncRNA classes. Non-coding RNA functions can be separated into housekeeping (green) and
regulatory (purple). Classes can be subdivided depending on the level of description. The classes represented are
examples that are often mentioned in the literature, or that are of interest in the datasets mentioned below.

https://doi.org/10.1371/journal.pcbi.1012446.9001

The literature lacks comparisons of recent multi-class ncRNA classifiers. In an article pub-
lished in 2017 [27], earlier methods for ncRNA classification are presented. Only one work,
published in 2019 [24], covers the use of DL for multi-class ncRNA classification. We count
twelve DL-based ncRNA classifiers in the state-of-the-art; eleven of them were presented after
its publication and have not been covered in other literature.

This lack of reviews is an issue in the field, as the performance comparisons proposed in
publications accompanying the different tools are unreliable. Indeed, comparisons between
methods are often made without re-executing tools and instead simply using the scores
announced in previous publications. In these instances, results are not always obtained with
comparable experimental protocols. Moreover, the main dataset used for evaluation presents a
data leakage problem; thus, reported performance is biased.

We propose to fill a gap in the literature by presenting an exhaustive review of the different
DL approaches for multi-class ncRNA classification. We describe the choices in DL architec-
ture, and explain the differences between datasets used for evaluation. Moreover, we conduct a
fair comparison of performance between current tools. We evaluate global and per-class pre-
diction results. The tools’ ability to recognize non-functional sequences and to disregard
sequence boundary noise is reported. We also assess resource intensity by measuring compu-
tation time as well as CO, emissions.

This paper is organized as follows: the first section presents the state-of-the-art of DL for
ncRNA classification, exhaustively describing current classifiers and the accompanying data-
sets. In the next section we present the results of our comparison of different tools in terms of
global and per-class performance, robustness to noise, as well as computation time and CO,
emissions. We then discuss these observations, before presenting some concluding remarks.
Finally, the Methods section presents the details of our experiments.
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Deep learning for ncRNA classification
State-of-the-art classifiers

Earlier methods for ncRNA classification were primarily based on alignment algorithms [6,
28-30] or standard machine learning algorithms [31-33]. Feature extraction in these methods
is a particularly crucial step, with a high impact on performance. Current ncRNA classifiers
are all based on deep learning: most methods are based on Convolutional Neural Networks
(CNNs), Recurrent Neural Networks (RNNSs), or a combination of both.

Applications of DL to ncRNA classification started with multiple CNN-based methods:
nRC [34], ncRDeep [35], ncrna-deep [36] (this method is unnamed, we refer to it using the
name of its GitHub repository), RPC-snRC [37], ncRDense [38] and imCnC [39]. nRC pio-
neered the use of DL in the field. As input, ncRNAs are represented by vectors containing
information on the presence in their secondary structure of discriminative sub-structures.
Two convolutional layers extract relevant information, and Fully-Connected Layers (FCLs)
are used for classification. ncRDeep is another method based on two convolutions followed by
FCLs. However, the input is a simple representation of the sequence, a matrix created from
one-hot encodings of nucleotides. In the method ncrna-deep, the number of convolutional
layers rises to five. Authors tested multiple sequence encodings (space-filling curves or one-
hot encoding of k-mers of length 1, 2 or 3). A one-hot encoding of 1-mers, which corresponds
to the same representation as ncRDeep, was selected for its superior results. This representa-
tion is also used by RPC-snRC, and fed to three consecutive Dense blocks (based on Dense-
Nets, multiple convolutional layers with dense connections), with a final FCL for classification.
ncRDense is an evolution of ncRDeep. In addition to sequence information, the method
includes a second input: a matrix with multiple representations of nucleotides and one-hot
encoding of the secondary structure. Both inputs are processed with independent DenseNets
and merged. A final convolutional layer is followed by FCLs for classification. imCnC stands
out as a multi-source CNN. Based on the idea that ncRNAs are related to chromatin states and
epigenetic modifications, the approach builds a CNN for each input source (such as the
sequence and different epigenetic information), before merging representations to classify
samples with FCLs.

RNA sequences can be viewed as sentences, making the use of RNNs relevant to extract
meaningful information from ncRNAs, as done by the methods ncRFP [40] and NCYPred
[41]. ncRFP uses a bidirectional Long Short-Term Memory RNN (bi-LSTM). When learning a
representation for a nucleotide, it is able to take into account close and distant elements, pars-
ing the sequence both forward and backward. An attention mechanism allocates more weight
to important information, and FCLs are used for classification. NCYPred also uses a bi-LSTM
and FCLs for classification. The main difference between the two is that in ncRFP, each nucle-
otide is encoded separately, while in NCYPred the sequence is first transformed into overlap-
ping 3-mers, and it is these 3-mers that are encoded.

Several methods combine both approaches, first using RNNs for sequence representation,
from which CNNs then extract relevant information. This is the case for ncDLRES [42],
ncDENSE [43] and MFPred [44]. ncDLRES is an updated version of ncRFP’s architecture. The
bi-LSTM is replaced by a dynamic LSTM, which only parses the sequence in the forward
sense, but has the advantage of allowing inputs of varying length. For classification, the FCLs
are replaced by a Residual Neural Network (ResNet), which is composed of multiple convolu-
tional layers with skip connections. ncDENSE further evolves that architecture, replacing the
dynamic LSTM by a dynamic bidirectional Gated Recurrent Unit (bi-GRU), and the ResNet
by a DenseNet. MFPred proposes a rich input representation: sequences are encoded into four
sets of features, each processed by a dynamic bi-GRU, reshaped into matrices, and fused.
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Compared to ncDENSE, the DenseNet is replaced by a Squeeze and Excitation ResNet (SE
ResNet), which models interdependencies between the four matrices of learned sequence
encodings.

Two existing methods do not fall into the above categorization: RNAGCN [45] and Graph
+DL [46] (this method is unnamed, we refer to it by naming its two components), both based
on graphs. Taking the secondary structure as input, RNAGCN uses a Graph Neural Network
(GNN) with FCL for classification. GNNs are able to learn meaningful representations of non-
Euclidean data. RNAGCN is, to date, the only method directly using ncRNA secondary struc-
ture without manual feature extraction, removing a source of error. The approach Graph+DL
is based on features extracted from the secondary structure. Authors propose a protocol to
obtain a rich graph theory-based representation of structures. Other than the extensive feature
preparation step, the method is based on a simple DL network of five FCLs.

Note that for methods taking the secondary structure as input, sequence information is still
represented. In RNAGCN, the nodes in the graph represent nucleotides, and edges represent
pairings. In nRC and Graph+DL, the motifs that are extracted from the secondary structure
are defined in relation to specific nucleotides.

We present in Fig 2 a chronological view of the methods for ncRNA classification described
above. As we can see in the figure, most methods are based on CNNs, RNNs, or a combination
of the two. Moreover, approaches can be separated based on the type of input data they
require. A majority of DL ncRNA classifiers use the sequence as input, three use the secondary
structure, and two use the sequence in combination with the structure or with epigenetic data.

State-of-the-art datasets

Along with the tools from the previous section, multiple datasets have been proposed for eval-
uation of DL ncRNA classifiers in recent publications. We identify five.

The first dataset was proposed in 2017 by Fiannaca et al. [34]. Sequences were downloaded
from Rfam 12 [47], and the CD-HIT tool [48] was used to remove redundant sequences. A
random selection was carried out to obtain (almost-) balanced classes, with a final size of 8,920
sncRNAs spanning 13 classes. Since its proposal, this dataset has been used by all state-of-the-
art methods. However, it presents a data leakage problem: 347 ncRNAs are present in both the
training and the test set (representing respectively 5.5% and 13.3% of the sets).

2D Structure Sequence Epigenetic data
1 L

2017 nRC —

2019 RNAGCN —

2020 — ncRDeep — ncrna-deep ncRFP __ imCnC
2021 — ncRDense _ [ RPC-snRC ncDLRES
2023 Graph+DL — L— NCYPred L— ncDENSE MFPred -
\/
Architecture: CNN RNN CNN+RNN GNN FCL

Fig 2. Overview of existing approaches for ncRNA classification. Methods are represented in chronological order.
We specify the type of input data used (secondary structure, sequence, or epigenetic data) and the type of DL
architecture (CNN, RNN, both, or other).

https://doi.org/10.1371/journal.pcbi.1012446.9002
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Boukelia et al. [39] constructed a second dataset in 2020. In total, 16 sncRNA classes are
represented. This dataset contains 42,000 sequences of human ncRNAs downloaded from
Rfam 13 [49]. It also includes four types of epigenetic modifications (from DeepBlue [50] and
HHMD [51] databases). Specifically, they obtain the positions of DNA methylation, histone
methylation (20 types), histone acetylation (18 types), and binding factors and regulators
related to histones. For each RNA, and for each epigenetic modification, a matrix is con-
structed to indicate the nearest and farthest modifications, as well as the number of
modifications.

The same year, Noviello et al. [36] proposed a dataset in which ncRNAs are classified into
88 Rfam families. These families are defined as groups with RNAs that are evolutionarily con-
served, have evidence for a secondary structure, and have some known function. A total of
306,016 sequences are present in the dataset.

In 2023, a dataset was proposed by Lima et al. [41]. Employing a similar protocol as Fian-
naca et al. [34] but with updated data from Rfam 14.3 [52], authors were able to multiply by
five the number of ncRNAs in the dataset, obtaining 45,447 ncRNAs. 13 ncRNA classes are
represented.

Sutanto et al. [46] also proposed a dataset in 2023. They obtained sequences from Rfam
14.1 [52] and removed those that could not be used by their structure prediction tool of choice.
Then, CD-HIT [48] was used to remove redundancy in the dataset. In total, the dataset com-
prises 59,723 RNAs representing 12 classes.

The comparison between state-of-the-art datasets can be summed up to the origin of data,
diversity of sequences, and classes represented:

o As one of the largest databases on ncRNAs, all datasets are obtained from Rfam, with recent
releases containing more sequences. Boukelia et al.’s dataset [39] also integrates other data-
bases for epigenetic data.

« In three cases [34, 41, 46], CD-HIT is used to remove sequences with similarity over 80%.
This step restricts the size of the dataset, but only removes examples that would have been
redundant while maintaining diversity. In some datasets, sequences containing degenerate
nucleotides are removed [36, 41].

« Most datasets represent around 13 commonly-used sncRNA classes, grouping ncRNAs that
share a function while not being too specific. Only Noviello et al.’s dataset [36] differs, using
ncRNA families instead.

As the Rfam database is used for the construction of all datasets, it is important to note one
of its limitations regarding ncRNA classes, as presented in [49]. Rfam associates classes to
ncRNAs using the Infernal tool [6], which is designed to recognize sequences with high simi-
larity. Pseudogenes, which are copies of functional genes that have mutated and become non-
functional during evolution, can have high homology with the sequence they are derived from.
There are no effective tools to differentiate one from the other. Therefore, some pseudogenes
might be annotated as belonging to their class of origin. This is especially true in eukaryotes.

Results

In this section, we compare the performance of different available state-of-the-art ncRNA clas-
sifiers: nRC [34], RNAGCN [45], ncrna-deep [36], MFPred [44], ncRDense [38], and
NCYPred [41]. In the first subsection, their performance is measured using cross-validation
and on a held-out test set on three datasets: Dataset1, Dataset]l-nd and Dataset2. Dataset1 is
the one by Fiannaca et al. [34], in which we fix the data leakage issue. Dataset1-nd is the same
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dataset in which we remove sequences containing degenerate nucleotides. Dataset2 is the one
presented by Lima et al. [41] (see S1 Table). In the next two subsections, where we evaluate the
robustness of methods, and measure resource intensity, we focus on Dataset1-nd as it can be
used by all methods. The selection of tools and datasets for this benchmark, as well as the
experimental protocol, are detailed in the Methods section.

Overall performance

In this section, performance is measured using the following multi-class metrics: Accuracy,
Matthews Correlation Coefficient (MCC), F1-score, and Specificity. The formulas are detailed
in the Methods section; additional scores and numerical values are presented in S2 and S3
Tables.

10-fold cross-validation. We perform 10-fold cross-validation with tools that can be
retrained (nRC, RNAGCN, ncrna-deep, and MFPred). Results are presented in Fig 3. Scores
are, in general, better on Dataset2. This can be explained by the fact that Dataset2 is much
larger than Dataset1(-nd). Models are trained on a larger variety of ncRNAs, making the pre-
diction of new examples easier. Also of note, since Dataset]-nd is very similar to Datasetl (it is
only slightly smaller due to the removal of sequences with degenerate nucleotides), the close
obtained scores are expected. We notice that ncrna-deep reaches the highest scores across the
different metrics and for the three datasets. MFPred and RNAGCN also obtain high scores on
Dataset2, benefiting from the increased amount of data. nRC obtains lower scores across data-
sets, and its results vary more for the different folds compared to other tools.

Performance on held-out test set. We assess in Fig 4 the prediction performance of state-
of-the-art ncRNA classifiers on held-out test sets. nRC, RNAGCN, ncrna-deep and MFPred
can be retrained, while ncRDense and NCYPred can only be used for prediction. This

Accuracy MCC F1l-score Specificity
1.0 ® = ®
0.9 ® . -
0.8
0.7

Datasetl

o
e
'

1.0
0.9 . = -

0.8
0.7 @ & =

Datasetl-nd

1.0
0.9
0.8 ®
0.7

Dataset?2

® nRC RNAGCN @® ncrna-deep MFPred

Fig 3. Cross-validation results. Each row corresponds to a dataset, and and each column to a metric. Each color
corresponds to a method. Results on each validation set are represented by circles of the methods’ colors, on top of
which a line represents the mean.

https://doi.org/10.1371/journal.pcbi.1012446.9003
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Fig 4. Comparison of overall performance of the state-of-the-art methods on the test sets of Dataset1,
Dataset1-nd and Dataset2. The shape of the markers designates the datasets, and each color corresponds to a method.
Tools on the right of the dashed line, ncRDense and NCYPred, could not be retrained before prediction. No results are
shown for MFPred and NCYPred on Datasetl since these two tools do not process degenerate nucleotides. The tools
are sorted chronologically on each of the two sides separated by the dashed line.

https://doi.org/10.1371/journal.pchi.1012446.9004

difference is visible in the results: the latter tools only perform well on the dataset they were
originally trained on (Dataset] for ncRDense and Dataset2 for NCYPred). This is particularly
visible looking at the F1-score. Opposingly, tools that are retrained have consistent perfor-
mances across datasets. The test scores are concordant with cross-validation results, with test
scores similar to the cross-validation mean.

Comparison with reported performance. We compare the performance we measured
for each tool to the performance reported in its original publication, and illustrate the differ-
ence in Fig 5. All publications use the same formula for MCC, therefore, we base our compari-
son on this metric. nRC, RNAGCN, ncrna-deep, and ncRDense all use Datasetl, and MFPred
and NCYPred use Datasetl-nd (albeit the biased versions with data leakage). Results in our
experiments are significantly worse than what was originally reported by the various publica-
tions. These drops in performance are partially explained by the correction of the data leakage
problem. For NCYPred, our lower measured performance could also be due to model training.
In their evaluations, authors retrained their tool on Dataset1-nd, which we cannot not do, only
having access to the web server version. This means that two classes from Dataset1-nd are
unknown by the model and cannot be predicted. One exception is RNAGCN, for which the
model we selected during hyperparameter search performs better than the one from the origi-
nal publication. Only two methods, MFPred and NCYPred, reported results on Dataset2 as it

Datasetl Datasetl-nd Dataset2
g ° RRACSI NCYPred
@) 5 MFPred
Lz) } ncrna-
= A deep
8 ncRDense
C
o 6 MFPred
Q
=
[a)
8 hRe
NCYPred

Fig 5. Difference between MCC values measured in our benchmark and those reported by each state-of-the-art
method. A negative value of —x signifies that the value we measured is lower by x than the one originally reported.

https://doi.org/10.1371/journal.pcbi.1012446.9005
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Fig 6. Comparison of accuracy of prediction of each ncRNA class obtained by state-of-the-art tools on Dataset1-nd and Dataset2.
Light colors correspond to lower accuracies, while colors tending towards dark green represent the best results. Results for Dataset1 are
comparable to those for Dataset1-nd and are presented in S1 Fig.

https://doi.org/10.1371/journal.pcbi.1012446.9006

is very recent. These reported results seem more reliable as we only observe negligible differ-
ences in MCC.

Performance on individual classes.
ing high predictions across classes. In Fig 6, we present the accuracy of predictions for each
class. Here, another explanation for the better results on Dataset2 than Dataset1(-nd) that
were noticed in the previous section is presented: the classes included in each dataset differ,
which can impact performance. The two classes included solely in Dataset1(-nd) (IRES and
scaRNA) seem more difficult to predict, thus lowering overall scores. We observe once again
that highest performance is obtained by ncrna-deep, seconded by MFPred. The difference
between classes is striking for nRC, which is able to predict some classes quite well (Intron-
gpll, 55-rRNA), but performs poorly on other classes (miRNA, HACA-box). Aside from the
classes it was not trained on (IRES and scaRNA), NCYPred obtains similar performances to
other tools on Dataset]-nd. The same cannot be said for ncRDense, which does not only fail to
predict the classes it was not trained on (Y RNA and Y RNA-like), but also obtains relatively
poor performances for most other classes in Dataset2, underscoring the fact that not allowing
to retrain a tool can be detrimental. It is interesting that, although recent tools make generally
very accurate predictions, the more problematic classes are the same as those for earlier meth-
ods, such as miRNA or HACA-box. Wrongly classified miRNAs tend to be predicted as CD-
box (see S2, S3 and S4 Figs): there is literature explaining possible similarities between the two
classes [53, 54]. HACA-box tends to be mispredicted as CD-box or scaRNA. These are sub-
classes of snoRNAs, which can explain the confusion.

A great challenge in ncRNA classification is achiev-

Robustness to noise

To measure the robustness of the tools to noise, we perform two experiments. In the first, we

test whether models can reject non-functional sequences. In the second, we analyze the impact
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Fig 7. Evolution of accuracy with different numbers of non-functional sequences added to Dataset1-nd. Each line
(and color) corresponds to a method. Accuracy is measured when varying the ratio of non-functional to functional
sequences from 0:1 (initial dataset) to 1:1 (as many non-functional sequences as functional sequences).

https://doi.org/10.1371/journal.pcbi.1012446.9007

of sequence boundary noise. The python package statkit (https://hylkedonker.gitlab.io/statkit/
) is used to compute 95% confidence intervals.

Non-functional sequences. We show in Fig 7 the evolution of accuracy when adding
non-functional sequences to Datasetl-nd. The ratio of non-functional to functional sequences
varies from 0:1, in which case there are no non-functional sequences, to 1:1, when the size of
the dataset is doubled and there are as many functional ncRNAs as non-functional. We
observe that MFPred, RNAGCN and nRC’s prediction accuracy remains relatively stable as
the number of non-functional sequences increases. ncrna-deep’s accuracy decreases by around
13%, but performance is still relatively satisfying. This indicates that the tools are able to recog-
nize the characteristics of functional ncRNAs. On the other hand, ncRDense and NCYPred,
which cannot be retrained, are not able to recognize non-functional sequences. Their decrease
in accuracy is proportional to the number of non-functional sequences added.

Boundary noise. We illustrate in Fig 8 the evolution of accuracy when adding noise to
Dataset1-nd sequences. Noise is added to all sequences in the dataset; the amount of noise is
determined as a percentage of sequence length. We expect a drop in accuracy as the amount of
noise in sequences increases and there is proportionally less information relevant to the

1.0
:\.\l\..
0.8 e
ol\ ® nRC
> e RNAGCN
50'6 '\.\ B ncrna-deep
. * MFPred
< 0.4 @ ncRDense
' NCYPred
0.2 "
—— k
0.0
0 50 100 150 200
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Fig 8. Evolution of accuracy with different percentages of added noise to Dataset1-nd sequences. Each line (and
color) corresponds to a method. Accuracy is measured when the noise added to sequences is equal to 0%, 50%, 100%,
150%, or 200% of the sequence length.

https://doi.org/10.1371/journal.pcbi.1012446.9008
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Table 1. Comparison of computation times and CO, emissions on Dataset1-nd. The computation time is calculated for preprocessing, training and prediction, while
the CO, emission is calculated for training. Times and emissions are computed for the hyperparameter sets selected in Table 4. (See S4 Table for Dataset] and Dataset2).

Computation time Emissions (in gCO,eq)
Preprocessing Training Prediction
nRC 23mn 4s 1h 57mn 12s
RNAGCN 2mn 43s 27mn 10s 0.4s 9.08
ncrna-deep 2s 59s 0.6s 0.35
MFPred 32s 1h 55mn 11s 48.48

https://doi.org/10.1371/journal.pchi.1012446.t001

classification task. ncrna-deep, MFPred and RNAGCN show robustness, as their accuracy
only drops by around 10-15% when the noise added is equal to 200% of the sequence length.
nRC is less robust, with a drop of around 25% in accuracy. ncRDense and NCYPred, which
cannot be retrained, are not able to handle noisy sequences, as their accuracy drops signifi-
cantly. ncRDense’s performance is particularly poor, as even with the lowest amount of noise
added, its accuracy drops to around 20%.

Computation time and CO, emissions

We compare the computation time and CO, emissions of benchmark methods, which we
measure when executing the codes. RNAGCN, ncrna-deep and MFPred are executed on the
same GPU machine (NVIDIA GeForce RTX 3090). nRC only supports CPU computation and
is executed on Intel Xeon(R) W-1250 CPU @ 3.30GHz. CO, emission estimations are con-
ducted with CodeCarbon [55, 56]. We can use it for RNAGCN, ncrna-deep and MFPred, as
source codes are all in Python, but not for nRC which is written in a mix of Java and Python.

Table 1 shows the computation time as well as the CO, emissions of the state-of-the-art
methods on Dataset]l-nd. nRC and MFPred have considerably longer runtimes than
RNAGCN and ncrna-deep. For nRC, this can be explained by the method’s lack of GPU sup-
port. For MFPred, the lack of speed is due to model complexity: the model is large and con-
tains considerably more layers than the other methods. The CO, emissions of these methods
seem to be proportional to training time.

For the web servers ncRDense and NCYPred, it is difficult to measure prediction time pre-
cisely, as it depends on multiple factors: network connection, user speed, etc. Moreover,
ncRDense cannot predict more than 1,000 ncRNAs at once, further complicating the measure
of prediction time. As an order of magnitude, for the same 1,000 ncRNAs, we obtained predic-
tions in around 20 seconds with NCYPred and 30 seconds with ncRDense. No preprocessing
is required. CO, emissions cannot be measured.

Discussion

From the different results presented in the previous section, the current recommendation for
users looking to classify ncRNAs would be to use the ncrna-deep tool, as it obtains the best
results on benchmark datasets while being the fastest. MFPred, although more recent than
ncrna-deep, performs slightly less well than the latter, and its execution time is longer. More-
over, it cannot be used on sequences containing degenerate nucleotides. This goes against the
comparisons made in MFPred’s publication, and emphasizes the necessity of unbiased bench-
marks such as the one presented here, and the importance of employing comparable experi-
mental protocols. nRC pioneered the use of DL for ncRNA classification and was the tool of
reference for years, but is now outperformed by more recent tools. RNAGCN, also obtaining
lower performances, brought to the field a different point of view as its GNN-based
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architecture stands out from the rest of the state-of-the-art. If the goal is to classify new
ncRNA datasets, we would advise against using web servers that do not provide the possibility

to perform training, as it impacts performance negatively.

Several recommendations can be formulated with regard to the development of future

ncRNA classifiers:

The first choice to make in the architecture is how to represent data. nRC and RNAGCN
choose to use the secondary structure. This is based on the widely accepted idea that the
function of ncRNAs is linked to their structure [57], an approach adopted by many earlier
ncRNA classifiers [31, 33]. It is interesting that this experimental observation does not trans-
late particularly well to DL approaches, as methods that use the structure do not give the best
results in our benchmark. This can be explained by the fact that secondary structure predic-
tion is a difficult task, and while algorithms have improved over the years, their accuracy is
still limited [58, 59]. Using newer, more accurate structure prediction algorithms could be a
way to improve results in the future. Moreover, the difference in performance could also be
due to the algorithms used for classification.

Among methods that directly use the sequence, two representation approaches emerge in
state-of-the-art methods: using a simple matricial representation of the sequence, or learning a
meaningful representation of the sequence with RNN-based networks. These two approaches
are represented in our benchmark, with ncrna-deep using a one-hot encoding of the sequence,
and MFPred using four RNNs to extract different information from the sequence. Representa-
tion complexity is low for ncrna-deep, high for MFPred, but ncrna-deep performs better. The
results obtained in our benchmark suggest that the simple representation should in fact be
preferred, as the time gain is considerable without any effect on performance.

While results have shown that the sequence is enough to obtain good classification results,
this should not be a limit in the development of new ncRNA methods. For example, earlier
ncRNA classifiers [30, 32, 60, 61] used RNA-seq data. The inclusion of epigenetic data by
imCnC [39] also seemed promising. Indeed, while performance is an important aspect of
ncRNA classification, an additional benefit in research could be to obtain a better characteri-
zation of classes—which includes describing them by patterns found at multiple levels, not
just in the sequence. As stated in the introduction, the description of ncRNA classes and
their functions is an ongoing research, in which computational ncRNA classifiers could be
extremely useful.

The set of ncRNA classes is bound to evolve as new ncRNA functions are discovered. On
this basis, one aspect to include in future ncRNA classifiers is the ability to predict at test
time classes that were unknown during training. The idea would therefore be to design a
model that can identify that a sample does not belong to any of the known classes, instead of
forcing classification. This could be done with zero-shot learning or abstained classification
[62-64].

Finally, there is an additional consideration regarding the availability of tools. In the descrip-
tion of state-of-the-art datasets, we noted an increase in dataset size and variability in the
classes included. In this context, it is important to propose tools that can be applied to and
evaluated on new datasets. The best practice would be to propose both a web server and to
share source code. The web server would provide ease of use. By offering the possibility of
retraining the model, it would not be limited to one dataset. Moreover, a well-documented
source code could be used in bigger projects and with more flexibility.
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Conclusion

In this paper, we have reviewed key advancements in DL-based ncRNA classification over the
past seven years. We first examined the different architectures implemented, noting that most
tools are built on CNNs and/or RNNs. The predominant use of the sequence to represent
ncRNAs was highlighted. We also provided a detailed comparison of recent datasets developed
for ncRNA classification.

We then conducted an extensive benchmark of state-of-the-art tools across three datasets.
Among the tools evaluated, ncrna-deep, MFPred, and RNAGCN stood out, with the first two
utilizing the sequence and the latter leveraging the secondary structure. These three tools dem-
onstrated robustness to noise. In particular, ncrna-deep consistently outperformed others in
terms of performance and speed. Our benchmark also underscored the significant drawback
of tools that cannot be retrained, as they showed poor performance on new datasets. This find-
ing emphasizes the importance of allowing users to retrain models.

Finally, we provided recommendations for the future of ncRNA classification. While sec-
ondary structure-based methods did not perform best in our evaluations, their potential could
be significantly enhanced with the development of more accurate structure prediction tools.
We emphasized the effectiveness of simple sequence representations, and also encouraged the
integration of more diverse data types, as this could improve performance and provide new
insights. Additionally, we suggested that incorporating techniques like zero-shot learning or
abstained classification could be beneficial for the field. Lastly, we underscored the importance
of developing tools that can be retrained on new datasets, ensuring their adaptability and con-
tinued relevance to evolving data.

Methods
Literature search

The scope of our study is multi-class non-coding RNA classifiers that are based on deep learn-
ing. To make sure we included all relevant literature, we performed the following search from
Digital Science’s Dimensions platform (https://app.dimensions.ai): the terms (ncRNA OR non-
coding RNA) AND (deep learning) AND (classification OR classes OR families) had to be present
in the title and/or abstract. On February 14th, 2024, this search yielded 567 results. From
these, a lot of results were not directly linked to our problem statement (e.g. a lot of publica-
tions were about IncRNA-disease association prediction, or cancer patient classification). We
carefully checked that no relevant title had been forgotten from our study.

Tool selection

We present in Table 2 information on the accessibility of all DL-based ncRNA classifiers. Most
publications propose an online version of their tool, as a web server or by sharing source code.
Web servers have the advantage of requiring no installation and being easy to use. However,
they are sometimes limited: for example, here, no web server can be retrained on different
datasets. If source code is available, the model can be trained on different datasets, and compu-
tational power can be increased. Nonetheless, executing the code is sometimes complicated,
especially if documentation is insufficient.

We choose to assess the quality of prediction of six methods: nRC [34], RNAGCN [45],
ncrna-deep [36], ncRDense [38], NCYPred [41] and MFPred [44]. Graph+DL [46] and RPC-
snRC [37] are not available and thus cannot be tested. For a fair comparison, we need to be
able to compare tools on the same datasets—this cannot be done for imCnC [39], the only tool
to require epigenetic data, thus it is not included in this comparison. Finally, for tools that
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Table 2. Description of the availability and ease-of-use of DL ncRNA classification tools. Tools are presented in
chronological order of publication. Each cell indicates if the tool is accessible through a web server, if source code can
be downloaded, and if the tool can be retrained. All links have been checked at the time of writing (February 2024).

Method | Usage
nRC [34] | Web server: X - Source code: v’ - Training: v’
Docker container: https://hub.docker.com/r/tblab/nrc/, GitHub repository: https://github.com/
IcarPA-TBlab/nrc. The tool is easy to use: no pre-formatting of data is required, the commands are
documented and an example is given.
RNAGCN [45] | Web server: X - Source code: v’ - Training: v’
GitHub repository: https://github.com/emalgorithm/ncRNA-family-prediction. The method is
easy to use, as the process is documented. However, to use the tool on a new dataset, an outside
tool has to be used to obtain secondary structures, which then need to be formatted correctly
before using RNAGCN.
ncRFP [40] | Web server: X - Source code: ¥v' - Training: v’
Though not mentioned in the article, a GitHub repository exists: https://github.com/
linyuwangPHD/ncRFP. Regarding ease of use, the documentation provided is short and does not
clearly show which commands to run. Variables and hyperparameters are fixed inside the code
and cannot be easily modified.
imCnC [39] | Web server: X - Source code: v' - Training: v’

GitHub repository: https://github.com/BoukeliaAbdelbasset/imCnC. No instructions or examples
of how to use the tool are given.

ncRDeep [35]

Web server: v' - Source code: X - Training: X

Web server: https://nsclbio.jbnu.ac.kr/tools/ncRDeep/. Although not mentioned on the site, there
is a limit of 1,000 ncRNA per prediction task. Moreover, it is not possible to export results.

ncrna-deep
[36]

Web server: X - Source code: v' - Training: v/

GitHub repository: https://github.com/bioinformatics-sannio/ncrna-deep. Dataset preparation has
to be done separately, but the process is explained and illustrated in the documentation and in the
code.

ncRDense [38]

Web server: v' - Source code: X - Training: X

Web server: https://nsclbio.jbnu.ac.kr/tools/ncRDense/. Although not mentioned on the site, there
is a limit of 1,000 ncRNA per prediction task. Moreover, it is not possible to export results.

ncDLRES [42]

Web server: X - Source code: v' - Training: v’

GitHub repository: https://github.com/linyuwangPHD/ncDLRES. No examples of how to use the
tool, but very basic instructions are given.

RPC-snRC
[37]

Web server: X — Source code: X - Training: X

The GitHub repository linked in the paper no longer exists.

NCYPred [41]

Web server: v' - Source code: v - Training: v/

Web server: https://www.gpea.uem.br/ncypred, GitHub repository: https://github.com/
diegodslima/NCYPred. The web server is easy to use and results can be exported. Many elements
are given in the source code, but due to missing files, the code cannot be used.

ncDENSE [43]

Web server: X - Source code: v' - Training: v/

GitHub repository: https://github.com/ck-fighting/ncDENSE. No examples of how to use the tool
are given.

MFPred [44]

Web server: X - Source code: ¥v' - Training: v/

GitHub repository: https://github.com/ck-fighting/MFPred. Dataset preparation has to be done
separately with scripts provided. Many files are in the repository, but the documentation is lacking,
making it difficult to know how to use the tool.

Graph+DL
[46]

Web server: X - Source code: X - Training: X

Source code is not linked. Data is not available from the proposed link in the publication.

https://doi.org/10.1371/journal.pcbi.1012446.t002

were developed by the same group, ample comparisons between old and new versions are
already available. This concerns on one hand ncRDeep [35] and ncRDense [38], and on the
other hand ncRFP [40], ncDLRES [42], ncDENSE [43] and MFPred [44]. In both cases, we use
the latest version: ncRDense and MFPred.
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Table 3. Description of datasets for ncRNA classification. (a) State-of-the-art datasets. (b) Datasets used in this study. Datasets are sorted by date. The number of
instances and classes in each dataset is given. We also give the range of sequence lengths. The last column indicates how many times the dataset has been used by state-of-
the-art ncRNA classifiers. For some datasets information on length range is not available (indicated with ‘n/a’) as it is not stated in the publication, and it cannot be com-

puted as the dataset is not available.

Source Nb Instances Nb Classes Lengths Nb Uses
(a) Fiannaca et al. [34] 8,920 13 38-1182 12
Boukelia et al. [39] 42,000 16 n/a 1
Noviello et al. [36] 306,016 88 1-80 1
Lima et al. [41] 45,447 13 42-500 2
Sutanto et al. [46] 59,723 12 n/a 1
(b) Dataset1 8,573 13 38-1182 -
Datasetl-nd 8,350 13 38-1182 -
Dataset2 45,447 13 42-500 -

https://doi.org/10.1371/journal.pchi.1012446.t003

Dataset selection

Out of the five state-of-the-art datasets described previously, three have been made available
publicly: Fiannaca et al.’s dataset [34], Noviello et al.’s dataset [36], and Lima et al.’s dataset
[41]. We present in Table 3(a) information regarding the size of the datasets, as well as the
number of times they were used in other publications.

We decide to focus on Fiannaca et al.’s dataset and Lima et al.’s dataset. Noviello et al. pres-
ent their dataset with the goal of predicting ncRNA families. As such, the number of classes is
high, and they can describe very precise functions. We consider these classes to be too specific
for our presented problem of ncRNA classification into broader, more general functional
groups (or classes). In our experiments, we refer to three datasets, also presented in Table 3(b):

« Datasetl: the dataset by Fiannaca et al. in which we fix the data leakage issue. Specifically, we
remove from the test set the 347 sequences that were also present in the training set. The
training and test sets contain respectively 6,320 and 2,253 ncRNAs.

Datasetl-nd: a version of Dataset] in which we remove sequences containing degenerate
nucleotides, as these cannot be handled by some methods. The training and test sets contain
respectively 6,161 and 2,189 ncRNAs.

Dataset2: the dataset by Lima et al., in which we confirm there is no data leakage. It does not
include any sequence with degenerate nucleotides. The training and test sets contain respec-
tively 31,801 and 13,646 ncRNAs. This is one of the most complete datasets of current state-
of-the-art, due to its large number of samples and the fact that it covers most well-known
ncRNA classes.

Experimental protocol

Evaluation metrics. Performance is measured with Accuracy, MCC (Matthews Correla-
tion Coefficient), F1-score, and Specificity. The last two metrics are binary metrics for which
we use the macro averaging generalization for multi-class problems, where scores are com-
puted on each class separately then averaged. The four scores are defined as follows:

Z cczl TPC

Accuracy = S
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where C is the number of classes and S the number of samples. Respective of class ¢, TP, are
True Positives, FP, are False Positives, TN, are True Negatives and FN, are False Negatives. p,
is the number of times class ¢ was predicted, and ¢, is the true number of members of class c.

Model training. nRC, RNAGCN, ncrna-deep and MFPred are retrained before predicting
each test set. When possible, we test different hyperparameters, which are presented in
Table 4. This search cannot not be done for MFPred as parameter values are fixed directly in
the code, and no guidelines are given on how to change them or what to change. If not stated,
default hyperparameter values are used. For nRC, the model is trained for 100 epochs, with a
batch size of 10. SGD optimizer is used with a learning rate of 0.05. For RNAGCN, the maxi-
mum number of epochs is set to 10,000, using the early stopping option proposed by the
authors (with a patience of 100 epochs)—in general, the model stops training after 700 epochs.
The batch size is 64. A learning rate of 0.0004 is used for the Adam optimizer. For ncrna-deep,
25 epochs are used, with a batch size of 32. The AMSGrad variant of the Adam optimizer is
used with a learning rate of 0.0005. For MFPred, the model is trained for 100 epochs, and the
batch size is set to 32. The Adam optimizer is used with a learning rate of 0.0001 and a weight
decay of 0.0001. ncRDense and NCYPred are only accessible to us as web servers that cannot
not be retrained, and are only used for prediction.

Dataset partitionning. For 10-fold cross-validation, 10% of the training set is used as a
validation set. This process is repeated 10 times, with each sample appearing exactly once in a
validation set. The folds are designed in order to respect class distribution, and we ensure that
there is no significant difference in terms of sequence length and presence of degenerate nucle-
otides. Then, models are re-trained on the full training set, and predictions are obtained on the
held-out test set. MFPred and NCYPred cannot handle degenerate nucleotides, therefore their
performance is not measured on Dataset1.

Introduction of noise. To assess whether models can reject non-functional sequences, we
introduce noise by adding a new class in the dataset that contains non-functional sequences.
We verify that they do not present similarities to known ncRNA sequences in the database
Rfam [52]. In practice, we add to the dataset new sequences that are generated randomly,

Table 4. Overview of tested hyperparameters. Parameters that gave the best results on Dataset] and Dataset2 are
denoted by " and @ respectively. The models chosen on Dataset1 were also used for Dataset1-nd.
Method | Hyperparameters

nRC | Range of size of substructures {(2-4), (3-5)2}, number of kernels in the first {10, 20} and the
second {10, 202} convolutional layers.

RNAGCN | Size {64?, 801, 128} and type {MPNN, GIN‘®, GCN, GAT"} of graph convolutions.

ncrna- | Sequence encoding: {1-mer"?, 2-mer, snake, hilbert, morton}.
deep

https://doi.org/10.1371/journal.pchi.1012446.t004
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respecting di-nucleotide distribution of existing sequences. We vary the ratio of non-func-
tional to functional sequences in {0:1, 0.33:1, 0.66:1, 1:1}. We also study the impact of sequence
boundary errors by adding noise to the beginning and end of dataset sequences, while respect-
ing mono- and di-nucleotide distribution in the sequence. The amount of noise added is pro-
portional to sequence length: 0%, 50%, 100%, 150% and 200%. These protocols are inspired
from [7, 36].
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