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Deep learning is a neural-network-based method that has mul-
tiple hidden layers and is inspired by the representation of bio-
logical neural networks1. Deep learning is considered among 

the best paradigms of machine learning approaches for prediction 
and classification2. In the past decade, deep learning has been suc-
cessfully applied to real-world and research problems such as image 
recognition1, speech recognition3 and language translation4. In the 
recent past, deep learning has been applied in bioinformatics and 
medicine, particularly to RNA–seq data, and has shown improve-
ments over previous results4.

RNA is the coding template for creating the proteins necessary 
for cellular functions. Structurally, RNA is similar to DNA but is 
fundamentally different in chemical composition and the functions 
it performs. From a high-level perspective, RNA is considered to 
be either coding or non-coding. The functionality of most protein-
coding RNA is known and has been extensively studied due to its 
essential function of encoding proteins and involvement in biologi-
cal processes like embryonic development. On the other hand, the 
functionality of most of the non-coding RNA (ncRNA) remains a 
mystery. For example, the human genome contains three billion 
base pairs (bp) of which only 2% encode proteins and the rest are 
ncRNAs. The functionality of only a few of the ncRNAs is known—
indeed, the functionality of the vast majority remains unknown. 
Among the known ncRNAs, most have a vital role in biological pro-
cesses like cell differentiation, dosage compensation and genomic 
imprinting and are strongly associated with overly complex human 
disease such as cancer, Alzheimer’s disease and cardiovascular dis-
eases5,6. Therefore, it is necessary to discriminate and understand 
ncRNA types to understand the mechanisms of action underlying 
these diseases and thus suggest highly effective treatments for better 
health outcomes. ncRNAs are very heterogeneous in terms of their 
length, conformation and cellular function. They can be separated 
into long non-coding RNA (lncRNA) and small non-coding RNA 
(small ncRNA). lncRNA can be further grouped into linear RNAs 
and circular RNAs. A taxonomy of the main ncRNA classes and 
their subclasses is shown in Fig. 1.

lncRNAs, previously considered to be junk RNAs, have recently 
proven to be key contributors to the regulation of biological pro-
cesses. lncRNAs are longer than 200 bp and are similar to protein-
coding messenger RNA (mRNA) in sequence length but play a 
different cellular role, thereby making them a subject of interest. 
The discovery of lncRNA was made by next-generation sequencing, 
but the experimental verification of enormous transcriptomes is a 
costly and time-consuming process. Their length and composition 
similarity makes the distinction between lncRNA and protein-cod-
ing RNA a challenging task. Pioneering work7 has been produced on 
machine-learning-based ncRNA identification. Recently, machine 
learning8 and deep learning9,10 methods have been proposed to dif-
ferentiate lncRNA from protein-coding transcripts, as a computer-
aided computational solution with promising results. lncRNAnet9 
uses a convolutional neural network (CNN) for open reading frame 
(ORF) indicator detection and recurrent neural network (RNN) 
for lncRNA identification, while the identification of both full- 
and partial-length lncRNA is discussed in lncADeep10. lncFinder11 
has provided an integrated solution of different machine learning 
algorithms, including neural networks. lncFinder ranks differ-
ent algorithms on the same data by accuracy and then deploys the 
best performing algorithm for lncRNA prediction. Features used in 
these studies can be categorized into sequence intrinsic, secondary 
structural and physicochemical features.

Long intergenic non-coding RNAs (lincRNAs) are sub lncRNA 
transcripts that have been identified in mammalian genomes by 
bioinformatics analysis of transcriptomic data. lincRNAs are the 
same length as lncRNA (>200 bp) and play an important role in 
transcription and translation12. Studies have shown that 93% of dis-
eases related to single nucleotide polymorphisms (SNPs) are associ-
ated with intergenic regions13. Moreover, lincRNA plays role in a 
variety of cancers and multiple myeloma14. Thousands of lincRNAs 
are known in mammalian genomes, but their functionalities are 
mostly unknown15. lincRNA has a similar structure to protein-cod-
ing RNA of introns and exons, but lincRNA does not code for pro-
teins and does not have a long ORF (and may have a small ORF16). 
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A deep-learning-based lincRNA identification approach using 
Autoencoders has also been developed12.

Circular RNA (circRNA) was initially considered to be a by-
product of linear RNA splicing, formed by the process that joins a 
downstream exon with an upstream exon. Circular RNA is formed 
in more than 10% of genes because of back splicing, which plays a 
major role as a microRNA activity modulator and has been asso-
ciated with complex diseases such as lung cancer because of its 
strong potential for gene regulation and is thus a potential target 
for tumour diagnosis and treatment17,18. circRNA can be intronic 
(ciRNA, involving a single intron), exonic (circRNA, involving one 
to three exons) or exon and flanking intron (ccRNA, involving an 
intron and exon). Most of the studies have focused on ciRNA and 
circRNA although it has been experimentally shown that ccRNA is 
the second most common type of circular RNA17.

It has been demonstrated in many studies that small ncRNAs 
are involved in gene regulation, translation and splicing19. In gen-
eral, small ncRNAs are approximately 20 to 30 bp in length. Small 
ncRNAs are further divided into subclasses, and each subclass has its 
own biological and medical importance. For example, the first dis-
covered subclasses are ribosomal RNAs (rRNAs) and transfer RNAs 
(tRNAs), which are involved in gene regulation and RNA splicing. 
In addition to the primary subclasses, there are other subclasses of 
small ncRNA, for example, 5S rRNA and Group I introns which 
were added later (Fig. 1). miRNA and snoRNA contribute to can-
cer through an array of mechanisms20. In classifying small ncRNAs, 
nRC (non-coding RNA Classifier)21 has considered 13 subclasses of 
small ncRNA classification and achieved reasonable accuracy. This 
approach represented the secondary structure of small ncRNAs as a 
graph (as features) and then used a frequent subgraph mining tech-
nique to classify the small ncRNA subclasses. Other conventional 
machine-learning-based approaches to discriminate small ncRNAs 
from protein-coding RNA, regardless of the underlying subclasses 
of small ncRNA, have been described in refs. 8 and 22.

Several conventional machine learning approaches have been 
proposed for lncRNA and circRNA identification. The CPC 
method23 was the first work on lncRNA identification, and was 
followed by CPAT24, CNCI25, PLEK26, lncRScan-SVM27 and lnc-
Finder11. Several studies have focused on circular RNA identifi-
cation: circRNA finder28, find_circ29 and MapSplice30. In ref. 31, 

Triplet-SVM was used for microRNA classification and highlighted 
the importance of using a negative dataset, while ref. 32 discusses 
the identification of Pre-miRNA using a backpropagation (BP) neu-
ral network. Conventional machine-learning-based approaches for 
circRNA and lncRNA identification have been comprehensively 
compared and summarized in refs. 33 and 34, respectively. ncRNA 
classification computational methods are considered in ref. 35, 
regardless of ncRNA type. Furthermore, the existing approaches 
are divided into homology-based methods and approaches bases on 
common features in ncRNA genes. Recently, deep learning methods 
have been proposed for a number of ncRNA subtypes: lncRNA9–11, 
lincRNA12, circRNA17 and small ncRNA21. The focal point of this 
study is to review deep learning ncRNA classification approaches.

ncRNA classification presents the following challenges:

•	 The length and sequence composition of ncRNA and protein-
coding RNA are similar, which makes the process of classifica-
tion a challenging task.

•	 Unguided transcripts assembly tools generate full-length and 
partial-length protein-coding transcripts36. The partial-length 
protein-coding transcripts can be truncated at either the 3′ or 
5′ end, resembling the truncation of non-coding transcripts and 
thus hindering classification.

•	 Most of the existing approaches rely on the presence of genome 
annotation for the species, thereby limiting the classification of 
ncRNA from protein-coding RNA only to organisms that are 
well studied.

•	 RNA transcripts are sequential data and the length of transcripts 
varies among species, so a deep learning model optimized for 
a specific sequence length will not produce optimal results for 
different species.

•	 All the existing approaches have a very high false positive rate, 
which emphasizes that care should be taken to assess the qual-
ity of the classification. Correct classification of ncRNA type 
is an essential first step in further studies for biologists and 
researchers.

In the literature, differentiation of ncRNA from protein-coding 
RNA is undertaken differently for different ncRNA types. Fickett 
TESTCODE37 was the first formal study to differentiate ncRNA 
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Fig. 1 | Overall taxonomy of ncRNA. The top of the tree (purple boxes) represents the main types of non-coding RNA based on transcript length. They 
have not been classified at the main class level by deep learning approaches. Light pink boxes with dotted borders represent types of ncRNA that have 
been considered for classification by deep learning in the literature. The subclasses of lncRNA, in light blue boxes, have not been discussed (classified) in 
the literature at the subclass level. TEC (to be experimentally confirmed) are yet to be confirmed as lncRNA and other subclasses of non-coding in blue 
boxes indicate those known from the literature to be non-coding. Green boxes represent the main RNA types by structure/functionality for long and small 
non-coding types. Yellow boxes are small non-coding types that have further subcategories being classified by deep learning.
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from protein-coding RNA, followed by a number of different 
schemes based on ORF length, ORF coverage, HEXAMER score, 
Euclidean distance, logarithmic distance, GC content and k-mer. 
The features can be grouped into sequence intrinsic and biological 
functioning. The focal point of these features is to calculate coding 
potential and then discriminate ncRNA from protein-coding RNA 
as a complementary set of sequences.

ORF length is the length of the regions in a sequence between 
a start codon (ATG) and a stop codon (TAA, TGA or TAG), while 
ORF coverage refers to the ratio of ORF length to the sequence 
length. lncRNAnet used a one-dimensional CNN to capture the 
ORF regions. Traditionally, the start-to-stop codon is used to cap-
ture ORF regions but they used a different strategy of stop-to-stop 
codon because a non-canonical start codon would hinder ORF 
detection. The presence of a long ORF (>300 bp) in a sequence 
indicates the coding potential of a sequence. The ORF coverage is 
used to identify non-coding sequences that contain long ORFs by 
chance, as for a non-coding sequence the ORF ratio will usually be 
lower than for a protein-coding sequence24. HEXAMER determines 
the log-likelihood ratio of the probabilities of a sequence. The prob-
abilities of a sequence are first calculated in a non-coding model and 
then in a protein-coding model. Euclidean and logarithmic distance 
features compute the distance to non-coding and protein-coding 
sequences and their ratio. The Fickett score computes the coding 
potential between codon combinational positions and the asym-
metric distribution of codons. Secondary structure information as 
a feature is mostly used for small ncRNA but rarely for lncRNA dis-
crimination. Compared to lncRNA, there are few features utilized 
for classifying small ncRNAs in existing approaches.

In this study, we summarize the deep learning approaches 
adapted for ncRNA identification. In particular, we investigate the 
underlying problem statement, selected features and properties, 
and propose a deep learning approach of the previous studies. We 
present an overview of current methodologies, new directions and 
guidelines for deep learning in ncRNA classification. To compare, 
validate and find the effectiveness of these approaches we have 
performed extensive experiments using the standard performance 
metrics of accuracy, precision, recall, F1 score, specificity, error rate, 
receiver operating characteristic (ROC) curve and precision recall 
curve (PRC).

Deep-learning-based RNA identification tools
In this section we present the deep learning models of several exist-
ing ncRNA identification tools in detail. The taxonomy of the known 
ncRNAs and their subtypes are shown in Fig. 1, which covers ten 
subclasses of lncRNA including lincRNA, three circular RNA types 
and thirteen small ncRNAs. The overall properties of existing deep 
learning approaches for ncRNAs and its subtypes classification are 
summarized in Table 1. The deep learning models used in ncRNA 
classification are summarized in Table 2 and Fig. 2.

lncRNA. Long non-coding transcripts and protein-coding transcripts 
have a similar sequential structure and exhibit the same transcrip-
tional and post-transcriptional behaviour, which makes it difficult 
to distinguish lncRNA from protein-coding RNA. Furthermore, the 
low expression level of lncRNAs hinders their identification through 
gene expression analysis. According to lncRNAnet, the existing 
approaches suffer from the major drawbacks of requiring database 
searches and manually extracted features. Additionally, lncRNAnet 
has highlighted that database searches are not suitable for lncRNA 
discovery due to the poorly conserved nature of lncRNA sequences. 
Database searches and manually extracted features of only known 
(few) species will limit the possibility of novel lncRNA identifica-
tion, and manual annotation may also be erroneous.

lncRNAnet proposed a CNN for feature extraction and an LSTM-
based RNN for lncRNA classification from protein-coding RNAs. 

The code and dataset are available at https://github.com/nofunda-
mental/lncRNAnet. In the first step, lncRNAnet divides the input 
sequence into buckets on the basis of their sequence length and then 
employs a one-dimensional CNN to find an ORF indicator in three 
forward frames. In general, ORFs can be found by locating sequences 
between the start and stop codon, but lncRNAnet has used the stop 
codon only (referred to as stop-to-stop codon). The rationale is to 
avoid the signal disturbance from non-canonical start codons. In 
addition to the ORF indicator, lncRNAnet has also used ORF length 
and ratio as features for lncRNA identification. The architecture 
of lncRNAnet is based on an RNN, which works best if the input 
sequences have the same length. However, RNA sequences vary 
greatly in length, as shown in Fig. 3. Accordingly, the sequence in 
each bucket is padded with zeros using a one-hot padding scheme to 
make the sequences in each bucket of the same length—an essential 
step for RNN training. Note that, during training the RNN network 
does not learn from the padding values because the values generated 
from them are passed through a masking layer. Thus, the length of 
the sequence in a bucket is the actual length of the sequence plus 
the length of the padded values, which is transformed to one-hot 
encoding to alleviate the problem of categorical values. The buckets 
of padded sequences and the ORF indicator are then passed in a 
random manner to a many-to-many RNN network and eventually 
fed to a stacked many-to-one RNN. Dropout layers are used to avoid 
overfitting and reduce the training time for each epoch.

For long non-coding transcripts the problem of short reads 
arises from the instrumental and chemical procedures of obtain-
ing RNA–seq used in next-generation sequencing (NGS)36. 
Consequently, full-length and partial-length transcripts exist. 
Partial transcripts can be truncated at the 3′ and 5′ ends, which will 
yield incomplete coding sequences. lncRNAnet only focuses on full-
length lncRNA identification, while lncADeep includes both partial 
and full-length transcripts. Moreover, lncADeep can also predict 
lncRNA protein interactions, although here we only focus on its 
lncRNA identification capability. The authors have developed two 
separate models, one for full-length transcripts and one for both 
full-length and partial-length transcripts. Therefore, partial-length 
transcripts include lncRNA, full- and partial-length mRNAs, while 
full-length transcripts include full-length mRNAs and lncRNA. For 
full-length prediction, ORF length and ratio, the EDP of ORF, mean 
HEXAMER score, UTR coverage, GC content, Fickett nucleotide 
feature and HMMER index are used as features. Since partial-length 
mRNAs and lncRNA may have the same 3′ end, they can easily be 
misclassified as lncRNAs. Therefore, for the partial-length tran-
scripts, the longest CDS (coding sequence) feature is introduced. To 
extract the longest CDS (LCDS) for the partial-length transcripts, 
the HEXAMER score is first obtained and then, by using the maxi-
mum subarray sum, the maximum score is calculated. In addition 
to the LCDS, the mean HEXAMER score, EDP of the LCDS, Fickett 
nucleotide feature and HMMER index are used. lncADeep uses 
DBN, which contains a stack of RBM modules. For full-length tran-
script identification, the input layer of DBN has 54 nodes and three 
hidden layers, each with 10 nodes, while the output layer consists 
of one node. The only difference for full-length and partial-length 
identification is the input layer, which consists of 50 nodes. The 
DBN input dimensions are formed from features including ORF 
length and coverage, EDP of ORF, mean HEXAMER score, UTR 
length coverage, Fickett nucleotide feature and HMMER index, 
but for the partial-length transcripts UTR length and coverage are 
not used. For both the full-length and partial-length transcripts 
the Sigmoid activation function is used. The hyperparameters are 
adjusted using random search with five-fold cross-validation. The 
rationale for using RBM is the easy learning of hidden and mean-
ingful features from different kinds of data distribution because it is 
an unsupervised deep learning algorithm. By using backpropaga-
tion the output of each RBM is then fine-tuned.
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A library is proposed by lncFinder that consists of logistic 
regression, SVM, random forest, extreme learning machine and 
deep learning. The library is written in R and provides flexibility 
to develop new algorithms on top of the core architecture. The 
library also provides a ready-to-use function for sequence intrin-
sic, secondary structural, physicochemical features extraction from 
ncRNA sequence data.

Features play important role in machine learning algorithms and 
have high discriminative power in deep-learning-based lncRNA 
identification. Sequence intrinsic features capture the distribution 
of adjoining bases because the adjoining bases in lncRNA differ 
from those in protein-coding RNA. In the sequence intrinsic cat-
egory of features, lncFinder introduces Euclidean distance and 
logarithmic distance, in contrast to previously adopted k-mer and 
HEXAMER schemes. Euclidean distance and logarithmic distance 
from lncRNA and protein-coding transcripts are compared with 
HEXAMER score for the full sequence and longest ORF region, 
because the longest ORF regions are the potential regions for encod-
ing the amino acid. It has been evident from several studies that 
the secondary structure contributes the most towards ncRNA and 
protein-coding RNA differentiation21,38,39. Generally, the minimum 

free energy (MFE)-based secondary structure can be calculated 
using the ViennaRNA package40. In contrast, lncFinder has pro-
posed multi-scale secondary structure features that provide more 
detail for the secondary structure. In the physicochemical feature 
category, CPC28 previously used pI (isoelectric point) values, while 
lncFinder proposed the concept of the EIIP. In a sequence, each 
nucleotide has one EIIP value, which represents the energy. It has 
been shown in feature comparisons that sequence intrinsic features 
contribute the most towards accuracy on the human dataset in a 
ten-fold cross-validation.

lincRNA. Long intergenic RNAs are a subtype of lncRNA contain-
ing important elements necessary for transcript regulation and 
translation. Previously, tens of thousands of putative lincRNAs 
have been discovered for humans41.There are several conventional 
machine learning approaches for lincRNA identification41. To the 
best of our knowledge, there is only one deep-learning-based study 
in the literature for lincRNA identification12; the authors claim that 
the autoencoder had achieved 100% prediction accuracy on their 
putative dataset, which is better than results achieved with an SVM 
and a traditional neural network by an order of magnitude in terms 

Table 1 | Overview of the deep learning approaches for lncRNA, small ncRNA and circRNA classification

long ncRNA circRNA Small ncRNA

lncRNAnet9 lncADeep10 lncFinder11 Yu et al.12 circDeep17 nRC21

Year 2018 2018 2018 2017 2017 2017

Model name CNN and RNN Deep belief network Random forest, 
SVM, logistic 
regression, 
extreme learning, 
machine and deep 
learning

Auto Encoder Asymmetric 
CNN and RNN

CNN

Activation function softmax Sigmoid − relu and softmax relu and sigmoid tanh

Features ORF length 
(stop-to-stop) 
and ORF ratio

ORF length and 
ratio, EDP of ORF, 
mean HEXAMER 
score, UTR 
coverage, GC 
content, Fickett 
score, nucleotide 
composition, 
position frequency 
and HMMER index

Euclidean, 
logarithmic 
distance, 
secondary 
structure and EIIP

− RCM, 
conservation 
descriptor and 
ACNN-BLSTM

Secondary structure

Performance matrices SN, SP, ACC, 
F1 score and 
AUC

SN, SP, ACC, F1 
score, MCC and 
AUC

SN, SP, ACC and F1 
score

SN, SP, ACC, 
MCC, Ppv, PC 
and F1 score

ACC, MCC and 
F1 score

ACC, precision, SN, SP, 
F1 score and MCC

trainable ✗ ✓ ✓ ✗ ✓ ✓
Code/data set availability Partiala/✗ ✓/✓ ✓/✓ Partial/✗ ✓/✓ ✓/✓
Dataset source GENCODE 

release 25 and 
Ensembl

GENCODE release 
24 and RefSeq

GENCODE and 
Ensembl

UCSC circRNADb Rfam

test species Human and 
mouse

Human and mouse Human and 
mouse

Human Human Human

Cross-species experiments Conducted Conducted Not conducted Not conducted Not conducted Not conducted

training data size Human 
transcripts: 
21,000; mouse 
transcripts: 
21,000

Human full-length 
transcripts: 66,063; 
mouse full-length 
transcripts: 42,268

Human transcripts: 
16,000; mouse 
transcripts: 8,400

− Human 
transcripts: 
30,682

Human transcripts: 
6,320

aCode provided is not retrainable. ✗, no; ✓, yes. −, not mentioned in the paper, GC, guanine cytosine; SN, sensitivity; SP, specificity; ACC, accuracy; AUC, area under the curve; MCC, Matthews correlation 
coefficient; Ppv, positive predictive; PC, performance coefficient; SVM, support vector machine; EDP, entropy density profile; EIIP, electron–ion interaction pseudopotential; RCM, reverse complement 
matching; ACNN-BLSTM, asymmetric convolution neural network–bidirectional long short-term memory; UTR, untranslated region.
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of sensitivity, specificity, accuracy, Matthews correlation coeffi-
cient, positive predictive value and performance coefficient. This 
proposed autoencoder has a multi-layer architecture that is trained 
iteratively. For each layer, an autoencoder is trained until it forms 
a good representation for the input. The encoder is then extracted 
and used as a feedforward layer in the full model. The autoencoder 
is an unsupervised deep learning method and the model only uses 
supervised learning for its last layer to predict the type of RNA from 
the latent space representation. The process of lincRNA identifica-
tion is based on identification of the transcription sites of lincRNA. 
Note that lincRNA has regulatory transcription sites and identify-
ing the transcriptional sites is crucial to lincRNA identification. The 
algorithm is implemented in Python using Theano and Keras and 
the code is available at https://github.com/ningyu12/lincRNA_pre-
dict. The human dataset was collected by the authors of ref. 12 from 
the UCSC (https://genome.ucsc.edu) genome browser, which is not 
included in the GitHub repository; the dataset collection process is 
not mentioned in the paper.

circRNA. circRNA is formed by back-splicing, in which an upstream 
acceptor site is merged with a downstream donor site. Previous 
methods for classifying circRNA primarily focused on ciRNA and 
circRNA identification, but circDeep17 also considered the identi-
fication of ccRNA. circDeep adopts a multi-modal deep learning 
approach using an ACNN and a BLSTM version RNN. circDeep 
uses an RCM feature, a conservation feature and an ACNN-BLSTM 
feature. The purpose of the RCM is to find out the flankness in the 
sequence by calculating the strength of the hairpin. The hairpin 
strength scoring is then used to differentiate between circular and 
linear RNAs while the ACNN-BLSTM feature is used for removing 
local patterns and long-range dependencies. Additionally, cross-
species sequence conservation information from the UCSC genome 
browser (https://genome.ucsc.edu) is used as a feature. The first step 
is to train and find the optimal parameters of the model. Then, by 
using a late fusing strategy, the confidence score is calculated for the 
aforementioned three features and merged in a weighted sum man-
ner to form a better (final) confidence score. Late fusing is used to 

avoid the potential loss of co-relation in the input sources in high-
dimensional space.

Small ncRNA. Small ncRNA classification is a fundamental task 
in the diagnosis of fatal diseases such as colorectal cancer5. Initial 
studies7,42 focused on the classification of ncRNAs from protein cod-
ing. Others19,21,38 also focused on small ncRNA subclass classifica-
tion. All these approaches use the secondary structure represented 
by a graph, where the vertices are the nucleotides and the edges are 
bonds between nucleotides. Specifically, RNAcon and nRC consid-
ered 13 subclasses of small ncRNA. Note that RNAcon used logistic 
regression while nRC21 has taken a step further to use a deep learn-
ing architecture.

nRC (ncRNA classification) is composed of three basic steps: 
prediction of the secondary structure, frequent substructure extrac-
tion and classification of 13 known classes using a CNN. nRC used 
the Rfam dataset by using the dataset creation approach proposed 
in RNAcon. Because the Rfam dataset is in FASTA format it con-
tains secondary structure information as a hidden feature. As a first 
step, to extract the secondary structure nRC uses IPknot43, which 
is a pseudoknot-free secondary structure prediction tool and pro-
vides high accuracy in creating the graph because IPknot consid-
ers the underlying different topologies of the sequence. The output 
of IPknot is a dot parenthesis file, which is considered as an undi-
rected label graph. IPknot creates an undirected label graph for each 
input transcript, and thus the output of IPknot can be considered 
as a graph database. Next, it is hypothesized that if the graphs in 
the graph database have similar substructure (subgraphs) they will 
belong to the same RNA class. Therefore, frequent subgraph mining 
is used with a minimum threshold (support) to find the frequent 
substructure that represents the local features of the small ncRNA 
subclasses. To find the subgraphs, nRC uses Molecular Substructure 
miner (MoSS)44. MoSS is based on a depth-first search strategy and 
produces exhaustive frequent subgraphs. Therefore, for frequent 
subgraphs pruning, nRC considers only the closed frequent sub-
graph. A closed subgraph has the highest support in all the search-
tree super-graphs that contain this subgraph. The closed subgraphs 

Table 2 | Architectures of deep learning models used in ncRNA classification

Model Description training procedure Architecture

RNN9,17 A neural network that contains ‘loops’ that feed activity of one layer 
back into itself. This architecture can keep a persistent memory of 
activity, which makes RNNs suitable candidates for sequential data.

Training is performed by backpropagation 
through time (BPTT) in an unrolled 
network. The units of the RNN are 
replicated for each time step. RNN training 
is time-consuming and difficult.

Fig. 2a

CNN9,21 Specialized for image data, a CNN uses spatial convolution to model 
the relationship of neighbouring pixels. It has input, convolutional, 
pooling, fully connected and output layers. Each convolutional layer 
has a set of filters that extracts spatial features, while pooling reduces 
the dimensionality of the image after convolution steps. Convolutional 
layers use the same filter for each location of the image, which is 
useful in sparse two-dimensional data like images and matrices.

Training is performed through 
backpropagation or gradient descent to 
minimize the loss between the desired 
output and actual output of the model.

Fig. 2c

AE (autoencoder)12 A fully connected feedforward neural network that aims to reproduce 
the input as output. The encoder takes the input and compresses it to a 
lower-dimensional representation (latent space) and then decompresses 
it back to form the output. The output will differ from the input due to 
lossy compression, but the dimensionality matches exactly. The AE 
minimizes the reconstruction error during training, after which the 
activity in the latent space becomes a useful representation of the input.

AEs are trained via backpropagation until 
the output sufficiently resembles the input. 
The latent representation can then be used 
to train a simpler model, such as an SVM 
or another neural network to perform the 
actual classification.

Fig. 2d

DBN (deep belief 
network)10

DBN is a generative model of stacked RBMs (restricted Boltzmann 
machines). In contrast to conventional feedforward networks the top 
two layers of DBN have undirected connections while the rest of the 
hidden layers have top-down directed connections.

The network is trained by a greedy-learning 
approach, one layer at a time, in a top-down 
manner because training a shallow network 
is more optimized.

Fig. 2b
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are then searched in the sequences and the result is represented as a 
Boolean matrix, 1 for subgraph presence and 0 otherwise. In the last 
step of small ncRNA classification, nRC uses a CNN by providing 
features extracted by MoSS in a binary vector. The nRC network 
consists of two convolutional layers and two fully connected layers, 
in contrast to a conventional CNN, which has input, hidden and 
output layers. Both convolutional layers learn features from binary 
values. The first convolutional layer has a kernel size of 5 and a fea-
ture input size of 10, while the second convolutional layer has kernel 
of size 4 and feature size of 20. The model is implemented in Java 
release 1.8.0 and Python release 2.7.5. The nRC source code and 
the dataset are available from https://github.com/IcarPA-TBlab/nrc 
and a Docker image is also provided at https://hub.docker.com/r/
tblab/nrc/.

Experimental results
We have evaluated the deep learning models for lncRNA, small 
ncRNA and circRNA and have presented results on human and 
mouse datasets using standard performance metrics. We have 
divided the selected algorithms into two sets: (1) analysing and 
comparing algorithms for long ncRNA identification and (2) ana-
lysing and comparing algorithms for small ncRNA and circRNA 
identification. The first set of algorithms are evaluated using human 
and mouse datasets from GENCODE while for the second set of 
algorithms we have used datasets from the Rfam and circBase data-
bases. In the following we first present details of the datasets and 
then the experimental results.

Dataset details. Protein-coding transcripts and lncRNA for 
human (release 29) and mouse (release 19) were collected from 
GENCODE45. Circular RNA was collected from circBase46 and the 
small non-coding dataset was collected from Rfam47 in a similar 
way as in ref. 38, covering 13 classes that represent a portion of the 
database. Each class has 500 sequences except IRES, which has 
320 sequences. The GENCODE human dataset is denoted lncGH 
and the mouse dataset is denoted lncGM. The dataset contains 
automated annotations from ENSEMBL and manual annotation  

from the Human and Vertebrate Analysis and Annotation 
(HAVANA) group. The protein-coding datasets are the negative 
control datasets while long ncRNA is treated as a positive control 
dataset in the experiments. According to GENCODE, the posi-
tive datasets contains lincRNA, 3′ overlapping, antisense, sense 
intronic, sense overlapping, macro lncRNA, bidirectional pro-
motor and TEC (to be experimentally confirmed) classes of long 
non-coding RNA (Fig. 1).

We pre-processed both lncGH and lncGM datasets, removing 
all the characters other than A, C, G and T as the lncRNAnet and 
lncADeep crashed on all other characters during dataset loading. 
We then labelled the coding and ncRNAs and combined them into 
one dataset. Note that, for lncRNA identification algorithms, we 
did not train the models but rather used the trained models pro-
vided by the authors, so labelling of the coding RNA and ncRNA 
is used for our own result processing purposes. The rationale for 
pre-processing was to form a single data set for all of the lncRNA 
identification algorithms. After pre-processing, in lncGH there 
was a total of 97,713 protein-coding transcripts and 28,467 non-
coding transcripts (126,180 in total). In lncGM, the number of 
protein-coding transcripts was 64,731 and non-coding transcripts 
17,855 (total of 82,586 transcripts). The sequence length in lncGH 
ranges from 8 bp to 205,012 bp and in lncGM the sequence length 
starts from 9 bp to 123,179 bp. The density plot in Fig.  3 shows 
that most of the non-coding and protein-coding transcripts are 
less than 1,300 bp and 2,000 bp for lncGH and lncGM, respec-
tively. The maximum length for the lncGH and lncGM in Fig. 3 
is restricted to 6,000 bp for better representation (because of the 
highly skewed data).

The gold standard circular RNA dataset (circDataset) was col-
lected from ref. 46, which is derived from circBase (circular RNA) 
and GENCODE (long ncRNA) release 19. The dataset contains 
34,062 transcripts: 14,084 circRNA and 19,978 long non-coding 
transcripts. We divided the overall datasets into training and test 
datasets of 24,201 and 10,217, respectively. For feature extraction, 
circDeep also requires the Human Genome sequence (hg38) from 
the UCSC browser in FASTA format, GTF (general transfer format) 
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annotation of the human genome from Ensembl and conservation 
scores from UCSC browser in bigWig file format.

The small non-coding dataset (sncDataset) was downloaded 
from nRC, which was originally collected from Rfam. Rfam is con-
sidered one of the most complete manually curated databases of 
the RNA sequence. The sncDataset contains 13 classes (miRNA, 
5S rRNA, 5.8S rRNA, ribozymes, CD-box, HACA-box, scaRNA, 
tRNA, Group I introns, Group II introns, IRES, leader, riboswitch) 
of small ncRNA. The sncDataset contains 8,920 transcripts, 6,320 
for training and 2,600 for testing.

As an alternative approach to separating the datasets for differ-
ent RNA types, a benchmark dataset can be created that contains 
an equal proportion (33.33% each RNA type) of lncRNA, circRNA 
and small ncRNA. However, the composite dataset poses two con-
cerns: (1) lncFinder and lncADeep use the Fickett score feature, and 
Fickett score performance significantly degrades on transcripts with 
length less than 200 bp (ref. 37); (2) the model used in lncRNAnet is 
not retrainable. Originally, the lncRNAnet model was not trained 
on small ncRNA and circRNA, which have different structure and 
functionality from lncRNA. Thus, lncRNAnet performance would 
have been reduced significantly. Moreover, the input data formats 
vary for different approaches and will require major pre-processing 
to be usable by other approaches.

Evaluation results. For evaluation, we used standard performance 
quantification metrics such as accuracy, precision, recall (sensitiv-
ity), specificity, F1 measure, error rate, PRC and ROC curve, which 
are defined as follows:

= +
+ + +

Accuracy TP TN
TP TN FP FN

=
+

Precision TP
TP FP

=
+

Recall TP
TP FN

=
+

Specificity TN
TN FP

= +
+ + +

Error rate FP FN
TP TN FP FN

= ×
×
+

Recall 2
precision recall
precision recall

where TP, TN, FP and FN stand for true positive, true negative, false 
positive and false negative, respectively.

lncRNAnet, lncADeep and lncFinder were evaluated and com-
pared using the lncGH and lncGM datasets. The ratio of non-cod-
ing to protein-coding in lncGH and lncGM is approximately 1:3 and 
1:3, respectively, which is a clear class imbalance in both datasets. 
The algorithms are not trained in this study; instead, we used the 
already trained and saved models provided by the authors, which 
were optimized and represent the best from each proposed model. 
The source code availability for each tool differed. For lncRNAnet, 
only the testing portion of the source code is provided by the 
authors, while for lncADeep both training and testing source code 
are provided. lncFinder is written as an R library, which is available 
from https://cran.r-project.org/web/packages/LncFinder/index.
html, and source code for both testing and training is available. 
Furthermore, the library also provides functionality to extend and 
develop models on top of the library.

The accuracy, precision, recall, specificity and error rate met-
rics for each tool using lncGH are described in Table 3. The bold 
value shows the best performance among the three algorithms for 
each metric. Overall, lncRNAnet shows superior performance for 
all the metrics, with an accuracy of 92. lncADeep shows the lowest 
performance in all the metrics, but has the highest recall of 0.988. 
lncFinder falls behind lncRNAnet for all of the metrics but performs 
better than lncADeep with an accuracy of 0.842. lncRNAnet shows 
the best performance because the RNA–seq data are sequential 
data and LSTM is the best candidate for sequential data due to its 
previous memory recalling capability.

Using the lncGM dataset, lncFinder is better than its coun-
terparts across all metrics with the exception of recall, where 
lncADeep shows the highest value (Table  3). Note that we have 
used the SVM version of lncFinder for both lncGH and lncGM 
because, in contrast to HEXAMER score and k-mer, lncFinder 
introduces Euclidean and logarithmic distances and thus has only 
19 features. The other reason for selecting the SVM version is that 
we want to have a fair comparison and lncFinder also used SVM 
in the original experiments. lncRNAnet performs best on lncGH 
but poorest on lncGM in terms of both precision and recall. From 
Table 3, it is clear that the specificity metric is lowest for all the 
algorithms while recall is the highest. This indicates that all three 
algorithms can easily (incorrectly) classify protein-coding RNA 
as ncRNA but rarely classify ncRNA as protein-coding, which 
means the algorithms are biased towards ncRNAs. The low speci-
ficity/recall means that all the algorithms have highly focused on 
identification of non-coding transcripts with a lower threshold. 
This trend is also clear from the F1 score, which is consistently 
lower throughout the selected algorithms. Increasing the thresh-
old decreases the sensitivity, so this is a trade-off and a balance 
threshold is required.
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Figure  4 shows the ROC curves for the lncRNA classification 
algorithms. On lncGH, lncRNAnet showed the best performance 
with an AUC of 0.98. ROC captures the overall performance of a 
model, which indicates how effectively the probabilities of long 
non-coding are differentiated from the protein-coding RNAs. 
lncRNAnet performs worse on the lncGM dataset, but the ROC 
curve is higher than lncFinder, which is better than lncRNAnet on 
lncGM with a factor of 0.7 and 0.1, further suggesting that LSTM is 
the most appropriate candidate for sequential data in combination 
with good hand-crafted features.

It has been argued48 that in biological datasets the ROC curve 
does not reflect the best output due to the class imbalance, 
which is also the case in both lncGH and lncGM. For example, 
lncRNAnet performs best on the lncGH dataset and lncADeep 
performs the worst, but the difference in the ROC curves is just 
0.10. Similarly, with the lncGM dataset, the ROC curve differ-
ence for lncFinder (best) and lncRNAnet (worse) is 0.01, which 
does not draw a clear differentiation between the worst and the 
best performing algorithms. To capture a better picture of the 
difference between the performances of the algorithms, we pres-
ent a PR (precision recall) curve, which displays a clear differ-
ence between these algorithms of 0.38 and 0.314 on lncGH and 
lncGM, respectively, as shown in Fig. 5. The lncADeep PR curve 
is just above the no-skill model, with an average precision of 0.52 
and 0.56 on lncGH and lncGM. Although lncRNAnet performs 
worst on lncGM in terms of accuracy, precision and specificity, 
the ROC and PR curves show that it is better than its best coun-
terpart (lncFinder) by factors of 0.01 and 0.07.

For circDeep we used circDataset and for nRC we used sncDa-
taset for 13 classes. For these algorithms, we only used accuracy, 
precision, recall, specificity, F1 score and error rate, because the algo-
rithms do not provide the probabilities of each class. Comparing 
across all algorithms tested and different datasets, circDeep per-
formed poorest among all the algorithms, below the random model 
with an accuracy of 0.42, specificity of 0.0075 and sensitivity of 
0.988, which demonstrates that the algorithm is correctly predicting 
circRNAs as a positive class but is unable to classify long ncRNAs as 
a negative class.

For nRC we used the docker image provided. The code is avail-
able in Java and Python. Figure  6 shows the performance on 13 
selected classes of small ncRNAs. In terms of precision and F1, 5S 
rRNA performs the best while 5.8S rRNA has the highest recall. 
Overall, 5S rRNA and 5.8S rRNA have the highest performance 
while Group I introns and HACA-box are the lowest among the 13 
classes. The average accuracy is 0.78, as shown in Table 4.

Discussion
Deep learning has been at the forefront of ncRNA identifica-
tion in recent years and is the focus of this study. The majority of  
eukaryotic genomes are transcribed into ncRNA, which was previ-
ously considered much like ‘dark matter’ but later proved to play a 

very important role in a number of biological processes and lethal 
diseases such as cancer. The deep learning algorithms discussed in 
the paper are applied to three types of RNA: lncRNA, small ncRNA 
and circRNA.

Table 3 | Performance of lncRNAnet, lncADeep and lncFinder on human and mouse datasets

lncGh lncGM

lncRNAnet9 lncADeep10 lncFinder11 lncRNAnet9 lncADeep10 lncFinder11

Accuracy 0.923 0.762 0.842 0.773 0.813 0.895
Precision 0.758 0.486 0.593 0.481 0.537 0.686
Recall 0.972 0.988 0.952 0.625 0.988 0.952

F1 score 0.852 0.652 0.731 0.544 0.694 0.798
Specificity 0.909 0.696 0.809 0.814 0.767 0.879

Error rate 0.0761 0.237 0.225 0.226 0.186 0.104

Bold values indicate the best performance.
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To the best of our knowledge, lncRNAnet, lncADeep and lnc-
Finder are the state-of-the-art approaches in lncRNA identifica-
tion. lncRNAnet stood out among the three approaches in terms of 
its ROC curve and PR curve, and performed best in terms of the 
standard metrics of accuracy and F1 score on lncGH but showed the 
lowest accuracy on the mouse dataset, which suggests that there is no 
single winner among the three algorithms. lncRNAnet uses compara-
tively few features—the ORF indicator, ORF length and ORF ratio. In 
order to capture the ORF features lncRNAnet employs CNN rather 
than relying on handcrafted features and known database searches.

As mentioned at the beginning of this paper, the length and 
sequence composition similarity of protein-coding RNA and 
ncRNA makes classification challenging and this is particularly the 
case for lncRNA, lincRNA and circRNA. lncRNAnet uses LSTM 
and RNNs, which are specialized models for sequential data, but 
they will not perform well on cross-species data and transcript 
length variation. Therefore, it is necessary to consider sequence 
intrinsic features such as Fickett score and pI value. lncADeep 
focuses on the problem of full-length and partial-length transcripts. 
In addition to existing features, lncFinder uses two novel sequence 
intrinsic features: logarithmic and Euclidean distances. The novel 
features will expand the feature selection pool, thereby reducing the 
reliance on database searches and making it possible to apply deep 
learning models to a wider variety of species. A better combination 
of sequence intrinsic and non-species-specific features, deep learn-
ing models and training on larger datasets can tackle the challenges 
highlighted in this study.

RNNs and LSTM are well known to be the best performing deep 
learning approaches on sequential data. lncFinder provides the 
most flexibility for creating new algorithms on top of the library 
and can be used to extract a wide variety of features (for example, 
Fickett score, HEXAMER score and k-mer) from the dataset. In 
terms of algorithm selection, lncFinder provides better flexibility 
because it uses five algorithms (logistic regression, SVM, random 
forest, extreme learning machine and deep learning) and then ranks 
the performances of the five algorithms and selects the best one. 
Additionally, lncFinder provides a ready-to-use feature extrac-
tion function and a library to develop new models on top of the 
library. lncFinder outperforms lncRNAnet and lncADeep on the 
mouse dataset in terms of accuracy, specificity, sensitivity and F1 
score because the mice (lncGM) transcripts are longer than those 
in the human dataset (lncGH), as shown in Fig. 3. lncRNAnet has 
been tailored for the identification of shorter transcripts and so its 
performance is reduced on the mouse dataset. On the other hand, 
lncFinder uses five different algorithms, and has the benefit of being 
able to respond to variable-length transcripts. As can be seen, on 

lncGH and lncGM the difference in accuracy of lncFinder is just 
0.053 whereas it is 0.15 for lncRNAnet. Digging further, RNN works 
by back propagation through time, which is affected by the sequence 
length. lncRNAnet has limited the maximum transcript length 
in its dataset to 3,000 bp, but lncGH and lncGM have 205,012 bp 
and 123,179 bp, respectively, and thus fall in the category of very 
long intergenic non-coding RNAs (vlincRNAs)49. To incorporate 
various sequence lengths into LSTM-based RNN, an appropriate 
optimal value is required, which can be found by grid search and 
cross-validation. Furthermore, LSTM-based RN has the limitation 
of handling very long input data if the data have one or few outputs 
(for example, ncRNA sequence classification). To deal with such 
lengthy data, one can truncate sequences, which means removing 
time steps either at the beginning or at the end of the input data. 
Another possible approach is to utilize an encoder–decoder archi-
tecture. The encoder can learn a new representative length for very 
long sequences and the decoder can then reinterpret the new repre-
sentative length to the required sequence50.

A common issue with all the ncRNA identification algorithms 
is finding the right balance of specificity and sensitivity in order 
to yield better accuracy. All the algorithms suffer from type I error 
(false positive); accordingly, among all the performance measure-
ment metrics precision is the lowest for the algorithms (Tables 3 and 
4). This problem is more evident for lncADeep, which shows preci-
sions of 0.48 and 0.53 on lncGH and lncGM, respectively.

The nRC shows the lowest performance on Group I introns and 
HACA-box because nRC is based only on the local secondary struc-
ture similarity of these classes with other local classes. For example, 
the Group I introns and HACA-box have parent groups of introns 
and snRNA, the biological functions of HACA-box and CD-box are 
very similar and they possess a similar local structure. To improve 
accuracy, supplementary global secondary structure features are 

IRES Leader Riboswitch
Group I
introns

Group II
introns

5S rRNA 5.8S rRNA scaRNA HACA-box CD-box Ribozyme miRNA

Precision 0.86 0.844 0.6430 0.563 0.870 0.954 0.868 0.809 0.585 0.739 0.889

Recall 0.86 0.895 0.6150 0.485 0.840 0.945 0.96 0.805 0.515 0.695 0.845

F1 score 0.86 0.868 0.6291 0.521 0.854 0.949 0.912 0.807 0.547 0.716 0.866
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Fig. 6 |  Individual class performance of nRC on 13 selected classes of small ncRNA.

Table 4 | Performance of circDeep on the circBase dataset and 
nRC on the Rfam dataset

circDeep17 nRC21

Accuracy 0.422 0.783

Precision 0.421 0.778

Recall 0.988 0.783

F1 score 0.694 0.779

Specificity 0.577 0.217

Error rate 0.226 0.217
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required on top of the local secondary structure. Moreover, on such 
micro-level classification it is important to consider other features 
such as sequence intrinsic and physicochemical features to achieve 
better performance.

Note that existing approaches of lncRNA identification had only 
considered the binary classification of lncRNA and protein-coding 
RNA, but lncRNA can be divided into further classes. For example, 
in Fig. 1, which is based on GENCODE, lncRNA has a further ten 
subclasses, which have never been discussed in the literature. In 
the future it will be important to further classify lncRNA and one 
possible approach is to follow the nRC methodology of considering 
local features of each subclass in combination with global features 
of the main class. The deep learning based study in ref. 13 focused on 
lincRNA, a subclass of lncRNA that we were unable to evaluate this 
study due to the partial availability of source code and unavailability 
of the dataset.

Conclusion
In this study, we have provided an overview of existing deep learn-
ing approaches to classify ncRNA. We also have carried out exten-
sive experiments for comparison and have presented an in-depth 
analysis. For lncRNA we have evaluated and compared lncRNAnet, 
lncADeep and lncFinder on two datasets, human and mouse, col-
lected from GENCODE. On the human dataset lncRNAnet per-
formed best, but on the mouse dataset lncFinder yielded the highest 
accuracy. lncADeep yielded the best recall but showed poor overall 
performance. In the circular RNA category we evaluated circDeep 
and the accuracy was lower than expected. circDeep requires fur-
ther detailed investigation. An alternative approach for circular 
RNA classification would be to combine specialized sequential data 
models like LSTM-based RNNs and species-independent features. 
Moreover, circDeep has limited its approach only to human data. 
Other species such as mouse, zebrafish and Archaea could be con-
sidered for experiments. Currently, lincRNA models’ performances 
vary in different species, so species-independent features such as 
Fickett score, k-mer and pI value will improve cross-species perfor-
mance. Variation in the length of transcripts is another important 
aspect that requires further exploration. lncRNA also requires fur-
ther classification on the subclass level (sense, antisense, bidirec-
tional promotor and so on).

Data availability
The dataset, source code and usage instructions are available at 
http://homepage.cs.latrobe.edu.au/ypchen/ncRNAanalysis/.
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