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ABSTRACT

Background: Long non-coding RNA (IncRNA) is one of the most essential forms of transcripts, playing crucial
regulatory roles in the development of cancers and diseases without protein-coding ability. It was assumed
that short ORFs (sORFs) in IncRNA were weak to translate proteins. However, recent research has shown
that sORFs can encode peptides, which increases the difficulty to identify IncRNA. Therefore, identifying
IncRNAs with sORFs facilitates finding novel regulatory factors.
Results: In this paper, we propose LncCat for identifying IncRNA based on category boosting (CatBoost) and
ORF-attention features. LncCat combines five types of features to encode transcript sequences and employs
CatBoost to build a prediction model. In addition, the visualization comparison reveals that the ORF-at-
tention features between IncRNAs and protein-coding transcripts are significantly distinct. The comparison
results show that LncCat outperforms competing methods on several benchmark datasets. For Matthew’s
Correlation Coefficient (MCC), LncCat achieves 0.9503, 0.9219, 0.8591, 0.8672, and 0.9047 on the human,
mouse, zebrafish, wheat, and chicken datasets, with improvements ranging from 1.90% to 7.82%,
1.49-17.63%, 6.11-21.50%, 3.02-51.64% and 5.35-26.90%, respectively. Moreover, LncCat dramatically im-
proves the MCC by at least 11.90%, 12.96% and 42.61% on sORF test datasets of human, mouse, and zebrafish,
respectively.
Conclusions: Experiments indicate that LncCat performs better both on long ORF and sORF datasets, and
ORF-attention features show positive effects on predicting IncRNA. In brief, LncCat is a reliable method for
identifying IncRNA. Additionally, a user-friendly web server is developed for academics at http://cczu-
bio.top/Inccat.

© 2023 The Author(s). Published by Elsevier B.V. on behalf of Research Network of Computational and

Structural Biotechnology. This is an open access article under the CC BY-NC-ND license (http://creative-

commons.org/licenses/by-nc-nd/4.0/).

1. Introduction

non-coding RNAs, length above 200 nucleotides) and small ncRNAs
[3]. LncRNA is an essential component of ncRNA, and approximately

According to the Encyclopedia of DNA Elements (ENCODE) pro-
ject, 80% of the human genome have biochemical functions. Less
than 2% of the genome can be translated into protein, and the re-
maining 98% is non-coding [1,2]. Non-coding RNAs (ncRNAs) are
divided into two categories based on their length: IncRNAs (Long
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70% of non-coding sequences are transcribed into IncRNAs [4].
LncRNAs were once considered as “noise” of transcription because of
their lower expression level and lower sequence conservation
compared to message RNAs (mRNAs) [5]. However, the growing
evidence indicates that IncRNAs are a vital part of the transcripts and
widely exist in eukaryotes [6].

Researchers have attached much attention to IncRNAs because of
their significant regulatory functions [7]. According to [8-12],
IncRNAs play crucial roles in metabolic processes, chromosome dy-
namics, and cell differentiation. Studies revealed that IncRNAs are
relevant to a variety of complex human diseases, such as lung cancer
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[13], Alzheimer’s disease [14], and cardiovascular diseases [15],
which indicates a substantial linkage between IncRNAs and disease
[16,17]. According to Wang and Chekanova [ 18], IncRNAs play crucial
roles in various biological processes in plants, including flowering
time control, organogenesis in roots, gene silencing, photo-
morphogenesis in seedlings, and plant reproduction. These IncRNAs
regulate gene expression through different mechanisms and play a
significant role in plant growth and development. Overall, IncRNAs
play crucial roles in most organisms and significantly impact life
activities [19,20]. An open reading frame (ORF) is the nucleotide
sequence between the start codon and the nearest stop codon. Small
ORFs (sORFs) are defined as ORFs that are less than 300 nt in length.
RNAs with sORFs are usually considered non-coding RNA because
their small size does not typically allow for the production of a full-
length protein. However, recent research has shown that sORFs can
produce small peptides with significant biological functions [21].
Consequently, several sequences containing sORFs were previously
assumed to be IncRNAs, but subsequent investigation revealed their
coding potential.

With the latest genome-wide studies, biotechnologies such as
high-throughput technology have provided thousands of un-
classified transcripts. Identifying IncRNAs is a fundamental step to
reveal their functions and mechanisms. Based on machine learning
technology, numerous approaches for differentiating IncRNAs from
protein-coding transcripts (PCTs) have been developed. CPC [22]
(Coding-Potential Calculator) is a method for evaluating the coding
potential of nucleotide sequences by comparing the sequences with
the protein database. However, the alignment process is extremely
time-consuming and limited by the quality of the database. Hence,
researchers have developed several alignment-free methods to avoid
the disadvantages caused by alignment. CPAT [23] (Coding-Potential
Assessment Tool) builds a logistic regression model with the Fickett
TESTCODE score [24] and hexamer score of open reading frame
(ORF) regions [25] to assess the differences in nucleotide positions
and codon usage between non-coding transcripts and PCTs. CNCI
[26] (Coding-Noncoding Index) is developed by using a support
vector machine (SVM) with adjoining nucleotide triplets (ANTS)
matrices and codon bias. PLEK [27] (predictor of long non-coding
RNAs and messenger RNAs based on an improved k-mer scheme)
utilizes an improved k-mer scheme and selects SVM as its model to
classify the sequences. CPC2 [28] is an upgrade of CPC, an alignment-
free method based on the sequence intrinsic features. CPC2 employs
SVM to learn the different patterns between IncRNA and PCTs.
LncFinder [29] combines SVM with sequence intrinsic features,
secondary structure features and EIIP-derived physicochemical fea-
tures [30] to identify IncRNAs. mRNN [31] encodes RNA sequences
with one-hot and adopts the deep learning model called Recursive
Neural Network (RNN) to recognize IncRNA. And RNAsamba [32] is a
neural network model to detect IncRNA by whole sequence and ORF
information. In addition, RNAsamba can predict transcripts with
small ORFs.

On long ORF datasets, several methods have achieved promising
results. However, the properties of sORFs make it challenging to
distinguish IncRNAs and PCTs, some of these approaches perform
poorly on sORF datasets. It is necessary to develop a more accurate
and effective model to discover new IncRNAs, especially those with
sORFs. The discovery of new IncRNAs and their functions can help to
better understand the novel functions of transcripts and improve our
knowledge of gene regulation and cellular processes.

Ensemble learning is a branch of machine learning that employs
and combines multiple learners to improve accuracy [33,34]. It can
be divided into the Bagging algorithm [35] and Boosting algorithm.
Bagging algorithm increases the generalizability of a model by re-
ducing its variance. The Boosting algorithm transforms weak lear-
ners into strong learners to improve the model’s accuracy. Boosting
algorithm includes adaptive boosting (AdaBoost) [36], gradient
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boosting decision tree (GBDT), extreme gradient boosting (XGBoost)
[37], light gradient boosting machine (LightGBM) [38], and catego-
rical boosting (CatBoost) [39]. GBDT and AdaBoost are the most
popular boosting algorithms. XGBoost and CatBoost are the im-
provements of GBDT and show promising performance in biology
and medicine [40-42]. Although many studies have attempted to
apply these methods for bioinformatics, CatBoost is faster, more
flexible, and more sensitive.

In this article, we propose a new method named LncCat, which
fuses multiple sequence features and employs the CatBoost to build
the prediction model to distinguish IncRNAs from PCTs. First, four
types of sequence-derived features are collected, including codons-
related, GC-related, sequence-related, and peptide-related features.
Additionally, LncCat introduces ORF-attention features derived from
ORFs. Second, the prediction model is constructed by using the
CatBoost algorithm and the above sequence-based and ORF-atten-
tion features. And then, to validate the model, LncCat is compared
with eight state-of-the-art methods (CPAT, CNCI, PLEK, CPC2,
LncFinder, CPPred, mRNN, and RNAsamba) on five species datasets.
In addition, LncCat is validated on three datasets with sORFs. In
terms of Matthew’s Correlation Coefficient (MCC), the compared
results show that LncCat outperforms other methods on five species
datasets and achieves improving MCC by at least 11.90%, 12.96%, and
42.61% on the human-sORF dataset, mouse-sORF dataset, and zeb-
rafish-sORF dataset, respectively. Finally, a web server is developed
and deployed on http://cczubio.top/Inccat/. The source code and
datasets are accessible at https://github.com/a525076133/LncCat.

2. Materials and methods
2.1. Datasets

Previous research suggests that a rigorous dataset is essential for
building a reliable prediction model. The datasets of this study are
sourced from Han’s [29] and Tong's [43] studies. In Tong’s study,
human coding sequences are collected from NCBI RefSeq [44], and
human ncRNAs, mouse, and zebrafish datasets are downloaded from
Ensembl [45]. In Han’s study, human and mouse datasets are ob-
tained from GENCODE [46], and zebrafish and wheat datasets are
obtained from Ensembl. Both databases contain ncRNAs and PCTs
annotated manually. Since datasets between or within two data-
bases may overlap, the open-source program CD-HIT [47] is used to
reduce the redundancy of the datasets by a threshold of 80% to get a
rigorous dataset. After that, ncRNAs with the length shorter than 200
nt are eliminated. Finally, the dataset is divided into training, vali-
dation, and test datasets, which account for 70%, 10%, and 20% of the
total, respectively. All datasets are summarized in Table 1.

2.2. Sequence encoding methods

In this experiment, five types of features are introduced to con-
struct the prediction model. First, codon-related, guanine-cytosine
(GC)-related, and sequence-related features are extracted, which can
be calculated directly from the sequence. Second, the peptide-re-
lated features are extracted from PCT- or IncRNA-encoded peptides
or putative peptides. Third, because of the significance of ORF in
coding sequences, ORF-related features are extracted, such as ORF
length and ORF coverage. Finally, to investigate the efficacy of ORF-
attention features, 1) the codon-related, GC-related, sequence-re-
lated, and peptide-related features of the top three longest ORFs are
extracted, and 2) pre-training model based on Bidirectional Encoder
Representations from Transformers (BERT) is used to enhance ORF
information by encoding whose translating peptide sequences.
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Table 1
Summary of the five species datasets.
Species Database Coding sequences LncRNAs
Training Validation Test Training Validation Test
Human RefSeq, 16, 072 2,296 4, 592 14, 756 2,108 4, 217
Ensembl,
GENCODE
Mouse Ensembl, 14, 494 2,071 4,142 7, 494 1,071 2,142
GENCODE
Zebrafish Ensembl 11,123 1,589 3,179 3, 066 439 877
Wheat Ensembl 3,284 470 939 3,763 538 1,076
Chicken Ensembl 4, 706 673 1, 345 2,727 390 780

2.2.1. Codon-related features

In molecular biology, a codon is a nucleotide triplet in RNA.
Panwar B et al. [48] have revealed that codons of IncRNAs and PCTs
are typically distinct, and several codon-related features have been
utilized to predict IncRNA. A stop codon is a codon that indicates the
end of protein translation. Stop codon count is the number of stop
codons in the transcript. Stop codon frequency is calculated by di-
viding the number of stop codons in the transcript by the length of
the transcript. Another frequently used codon-related feature is the
Fickett TESTCODE score [24], also known as the Fickett score. The
Fickett score for a particular transcript is derived from the weighted
nucleotide frequency of the entire transcript.

2.2.2. GC-related features

GC content is the proportion of guanine (G) or cytosine (C) ni-
trogenous base in an RNA or DNA sequence. A previous study has
revealed that the GC content of coding regions is typically higher
than non-coding sequences [49]. GC1, GC2, and GC3 can be calcu-
lated as the proportion of G and C in the first, second, and third
codon positions, respectively. GC frame score refers to the variance
of the number of GCs content in the three ORFs. The same method
can get the GC1 frame score, GC2 frame score, and GC3 frame score.

2.2.3. Sequence-related features

Recent research has shown the feasibility of transcript-derived
features for IncRNA identification [50]. The sequence length is cal-
culated directly from the sum of the nucleotides in the sequence. K-
mer refers to a specific subsequence comprising k nucleotides, which
is one of the most frequently used features in IncRNA identification.
Composition, Transition, and Distribution (CTD) refer to the de-
scriptors of the entire transcript sequence based on the nucleotides’
composition, transition, and distribution. Hexamer-based features
are variants of the k-mer features. Hexamer-based features measure
the hexamer usage bias between coding and non-coding sequences,
including hexamer usage bias or hexamer score, distance to PCTs,
and distance ratio.

2.2.4. Peptide-related features

Peptide-related features refer to the properties of the peptide or
putative peptide encoded by the ORF or putative ORF of the RNA
sequence. Peptide-related features are important indicators because
there are numerous different properties in terms of the sequence
structure between IncRNAs and PCTs. For instance, Kang et al. [30]
assume that the chemical properties of peptides encoded by coding
sequences differ from those of putative peptides generated by non-
coding sequences. Therefore, Some of these features, including
molecular weight (Mw), theoretical isopotential point (PI), and
measures of hydrophilicity (Gravy) and stability (Instability index),
are introduced to identify IncRNA.
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2.2.5. ORF-attention features

OREF is a reading frame that has translated potential. ORF-related
features are one of the most important features to identify IncRNA
because the PCT’s ORFs are generally longer than IncRNA’s. And
many ORF-related features are explored and employed for IncRNA
identification. ORF length is an essential feature for distinguishing
IncRNAs and PCTs since long putative ORFs are few in IncRNA se-
quences. ORF coverage is the ratio between the length of the longest
ORF and the transcript length. Besides the above features, ORF-at-
tention features are also introduced. The ORF-attention features are
derived from the codon-related, GC-related, sequence-related, and
peptide-related features of the longest ORFs or putative ORFs.
Furthermore, a recently proposed ORF-dominance feature [51] has
been proven effective for classifying LncRNAs and PCTs, which is
used to build models on small ORF datasets.

Orfipy [52] is a tool written in Python programming language
that can extract ORF more efficiently. Orfipy implements a core ORF
search algorithm implemented by Cython technology. The entire
sequence is input to extract ORFs by the default parameters. Gen-
erally, the translation of eukaryotes starts from the ATG. In rare
cases, translation in eukaryotes can be initiated from codons other
than ATG. A well-documented case is the GTG start of a ribosomal P
protein of the fungus [53]. Other examples, such as [54-57], can start
from ATG and TTG. Orfipy utilized Standard Code (transl table=1),
which included the start codons (ATG, TTG, and CTG) and the stop
codons (TAA, TAG, and TGA). All translation tables provided by Orfipy
are accessible at https://www.ncbi.nlm.nih.gov/Taxonomy/Utils/
woprintgc.cgi?chapter=cgencodes.

2.2.6. Pre-trained ORF BERT

BERT is a machine learning technique based on a transformer for
natural language processing (NLP), which has achieved state-of-the-
art performance in various fields [58]. In addition, BERT comprises
stacked transformer encode layers. BERT can accurately capture the
bidirectional contextual information of texts to encode raw se-
quences. However, an ORF may be longer than 1000 nt, and BERT is
not good at processing long sequences because of the increased
memory and time consumption. The peptide sequences translated
by the longest ORF in IncRNAs or PCTs sequences are used, which
reduces the sequence length to one-third so that BERT can effectively
process it. The pre-trained BERT model can get the vector re-
presentation of the sequence by contextual information, which can
help capture the potential information of ORF and improve the ac-
curacy of the prediction.

2.3. Constructing LncCat model

CatBoost is a new gradient-boosting decision tree (GBDT) algo-
rithm that can handle the features in the training phase. CatBoost
employs unbiased gradient estimation to solve the over-fitting issue.
In addition, CatBoost can work with categorical features with
minimal information loss. Moreover, CatBoost can be executed on
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GPU to accelerate the training process. Because of the above ad-
vances, CatBoost is implemented as a classifier for IncRNA identifi-
cation. In this experiment, CatBoost is used to build the classification
model using the five types of features listed above. The framework of
this study is displayed in Fig. 1. First, RNA sequences of five different
species are collected from NCBI RefSeq, GENCODE, and Ensembl.
Second, five types of features are calculated from the sequences,
including codon-related, GC-related, sequence-related, peptide-re-
lated features, and ORF-attention features. Next, LncCat is built by
CatBoost with the above features to identify IncRNAs. And then,
LncCat is compared with eight different methods and evaluated by
seven standard metrics. Finally, a user-friendly web server is de-
veloped and freely available for academics.

2.4. Evaluation metrics

To comprehensively evaluate the performance of LncCat, seven
commonly used evaluation metrics are employed, including accu-
racy (ACC), sensitivity (SEN/Recall), specificity (SPE), F-measure (F1),
precision (PRE), Matthew’s correlation coefficient (MCC), and area
under the ROC curve (AUC). And the metrics are calculated by the
following equations:

Computational and Structural Biotechnology Journal 21 (2023) 1433-1447

TP
SEN= ——
TP + FN (1)
N
SPE =
TN + FP (2)
TP + TN
ACC =
P+N 3)
F = 2 x TP
T 2xTP+FP+FN (4)
TP
PRE= —
TP + FP (5)
MCC = TP x TN — FP x FN
J(TP + FP) x (TP + FN) x (TN + FP) x (TN + FN) (6)

Where TP, TN, FP, and FN represent the number of true positives, true
negatives, false positives, and false negatives, respectively. In our
evaluation, IncRNAs are labeled as the positive class, and PCTs are
labeled as the negative class. ACC is used to evaluate the overall
predictive capability of the prediction model. And MCC is a more
reliable indicator [59] that produces a high score only when the
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Fig. 1. The framework of LncCat. First, IncRNAs and PCTs of five species are collected from GENCODE, Ensembl, and RefSeq. And then, sequences with similarity > 80% are removed
by CD-HIT; Second, transcripts are encoded by codon-related, GC-related, sequence-related, peptide-related, and ORF-attention features; Third, build a CatBoost classifier with the
above five types of features; Finally, LncCat is compared with eight state-of-the-art methods on seven main metrics; A user-friendly web server is developed and freely available

for academics.
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Table 2

The version and website of eight compared methods.
Methods Version Website
CPAT v3.0.0 http://cpat.readthedocs.io/en/latest
CNCI version 2 http://www.bioinfo.org/software/cnci
CPC2 v1.0.1 http://cpc2.cbi.pku.edu.cn
LncFinder v1.15 http://github.com/HAN-Siyu/LncFinder
PLEK v1.2 http://sourceforge.net/projects/plek
CPPred - http://www.rnabinding.com/CPPred
mRNN - http://github.com/hendrixlab/mRNN
RNAsamba - http://github.com/apcamargo/RNAsamba

prediction performs well in all four confusion matrix categories (true
positive, false negative, true negative, and false positive), which is
proportional to the size of both the positive and negative elements in
the dataset. The receiver operating characteristic (ROC) curves are
generated by plotting the false positive rate (1-SP) versus the
number of false positives (SN) for different cutoff thresholds. The
AUC score is the area under the ROC curve. The ROC curve serves as a
visual representation of the overall performance.

2.5. The methods used in experiments

The methods involved in the comparison include CPAT [23], CNCI
[26], CPC2 28], LncFinder [29], PLEK [27], CPPred [43], mRNN [31],
and RNAsamba [32]. SVM is used by the CNCI, PLEK, CPC2, LncFinder,
and CPPred algorithms. CPAT employs logistic regression. RNAsamba
and mRNN are based on deep learning methods. According to their
respective manuals, CPPred and RNAsamba can process the sORF
dataset. Table 2 lists the version and website.

3. Experimental result

3.1. Feature visualization on five species datasets with and without
ORF-attention

The features used by LncCat have been described previously. To
better demonstrate the impact of ORF-attention features on the
model, Uniform Manifold Approximation and Projection (UMAP) is
used to visualize the distribution of IncRNAs and PCTs to illustrate
the effect of ORF-attention features. The features are mapped into
two-dimensional spaces. The distributions of five species sequences
without ORF-attention features are shown in Fig. 2-(1)s. The dis-
tributions of five species sequences with ORF-attention features are
shown in Fig. 2-(2)s. It can be observed that sequences without ORF-
attention features are not adequately divided into two clusters. With
the addition of ORF-attention features, LncCat can effectively dif-
ferentiate between IncRNAs and PCTs, which demonstrates the ef-
fectiveness of ORF-attention features. In addition, Supplementary
Table S1-1 provides a comprehensive description of all features of
this experiment. Figs. S1-1 to Figs. S1-S5 show the feature im-
portance of each feature.

3.2. Evaluations by comparison with state-of-the-art methods on five
datasets

In this section, LncCat is compared with eight methods, including
CPAT, CNCI, CPC2, LncFinder, PLEK, CPPred, mRNN and RNAsamba on
five species datasets, including human (Homo sapiens), mouse (Mus
musculus), zebrafish (Danio rerio), wheat (Triticum aestivum), and
chicken (Gallus gallus). For CPAT, CNCI, LncFinder and PLEK, the re-
trained models are constructed by the same datasets as LncCat for a
comprehensive and fair comparison.
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The first comparison is on the human dataset. Table 3 displays
the main metrics for each method.

From Table 3, LncCat outperforms other methods with F1 of
0.9742 and MCC of 0.9503, followed by PLEK (F1: 0.9645; MCC:
0.9313). In addition, LncCat achieves the highest ACC and AUC (ACC:
0.9751; AUC: 0.9966). CNCI achieves an MCC of 0.8721, which is
slightly inferior to CPAT. PLEK reaches the highest SEN of 0.9825,
indicating its strong ability to predict positive classes. CPPred has a
0.33% advantage over CPC2 in F1 and a 0.06% advantage in MCC. In
terms of deep learning methods, RNAsamba achieves greater MCC
and F1 than mRNN (RNAsamba: F1, 0.9628, MCC, 0.9308; mRNN: F1,
0. 9540, MCGC, 0. 9122).

In addition, nine methods are evaluated on the mouse dataset, as
it is one of the most important species. CPC2 is a species-neutral
classification method that can be applied to the transcriptions of
non-model organisms. Table 4 displays the performance of the dif-
ferent methods on the mouse dataset. For the mouse dataset, LncCat
achieves the best performance among these methods with F1 of
0.9487 and MCC of 0.9219. In addition, ACC and AUC are the highest
as well. PLEK performs poorly on the mouse dataset, obtaining only
an MCC of 0.7456. The MCC of CPC2 and CNCI is comparable. The
MCC of CPC2 is 0.8661, while the MCC of CNCI is 0.8687. LncFinder is
inferior to LncCat but superior to other methods, with F1 of 0.9391
and MCC of 0.9070. Neither mRNN nor RNAsamba is satisfactory,
with MCC values of 0.5971 and 0.6664, respectively.

To visually demonstrate the performance of each method, the
ROC curves of the nine methods on the human and mouse datasets
are shown in Fig. 3. LncCat achieves the highest AUC on human and
mouse datasets, with an AUC score of 0.9966 and 0.9920, respec-
tively. On the human dataset, PLEK achieves an AUC of 0.9918, which
is the second-best method; however, on the mouse dataset, it only
achieves 0.9532. CPPred achieves an AUC of 0.9843, which is 0.0210
greater than LncFinder. But in MCC, LncFinder is 0.0207 higher than
CPPred. RNAsamba gets the second highest AUC (AUC: 0.9943) on
the human dataset but only gets an AUC of 0.9021 on the mouse
dataset. MCC and F1 are more reliable metrics for unbalanced da-
tasets. Therefore, F1 and MCC bar charts of human and mouse da-
tasets are plotted and displayed in Fig. S1-6 and Figs. S1-S7.

The comparison methods are evaluated on the other three spe-
cies: zebrafish, wheat, and chicken. The MCC and F1 of nine methods
on three datasets are shown in Fig. 4 (A, B). On zebrafish, wheat, and
chicken datasets, the MCC of LncCat achieves 0.8858, 0.7971, and
0.8735, showing an improvement ranging from 6.11% to 21.50%,
3.02-60.60%, and 5.34-26.91%, respectively. On wheat datasets,
LncFinder achieves the highest SEN with 0.9582, while CPPred
achieves the highest SPE with 0.9286. However, LncCat is more
comprehensive, with the highest MCC and F1. RNAsamba does not
perform well on wheat, possibly because it is unsuitable for the
plant. As shown in Fig. 4 (C, D, and E), LncCat outperforms the other
eight methods with an AUC of 0.9827 for zebrafish, 0.9780 for wheat,
and 0.9882 for chicken, which is 3.16%, 2.16%, and 1.64% higher than
the second-best method, respectively. More detailed metrics for
each method are shown in Table S1-2 to Tables S1-S5.

3.3. Distribution of the predicting score

The predicting score indicates the possibility that a transcript is a
IncRNA or PCT. A heatmap of prediction scores provides a visual
representation of each method’s classification capability. As shown
in Fig. 5, the darker color indicates a higher probability that the
transcript is IncRNA, whereas a lighter color means a higher prob-
ability that the transcript is PCT. LncCat is in the last column with a
clear distinction between IncRNAs and PCTs.
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Fig. 2. Distribution of IncRNAs and PCTs on five datasets. (1)s represent the distribution of RNA sequences without ORF-attention on human, mouse, zebrafish, wheat, and chicken
datasets. (2)s represent the distribution of RNA sequences with ORF-attention on human, mouse, zebrafish, wheat, and chicken datasets.
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Table 3

Comparison of LncCat and eight methods on the human dataset.
Methods PRE SEN SPE ACC F1 MCC AUC
CPAT 0.9330 0.9405 0.9379 0.9392 0.9367 0.8782 0.9835
CNCI 0.8967 0.9753 0.8968 0.9344 0.9343 0.8721 0.9271
CPC2 0.9391 0.9476 0.9436 0.9455 0.9433 0.8909 0.9865
LncFinder 0.9515 0.9675 0.9547 0.9608 0.9594 0.9217 0.9873
PLEK 0.9472 0.9825 0.9497 0.9654 0.9645 0.9313 0.9918
CPPred 0.9389 0.9545 0.9429 0.9485 0.9466 0.8969 0.9872
mRNN 0.9592 0.9488 0.9630 0.9562 0.9540 0.9122 0.9774
RNAsamba 0.9837 0.9429 0.9856 0.9651 0.9628 0.9308 0.9943
LncCat 0.9666 0.9819 0.9688 0.9751 0.9742 0.9503 0.9966

Table 4

Comparison of LncCat and eight methods on the mouse dataset.
Methods PRE SEN SPE ACC F1 MCC AUC
CPAT 0.9138 0.9099 0.9556 0.9400 0.9119 0.8664 0.9796
CNCI 0.8687 0.9641 0.9247 0.9381 0.9139 0.8687 0.9473
CPC2 0.8871 0.9393 0.9382 0.9386 0.9125 0.8661 0.9805
LncFinder 0.9183 0.9608 0.9558 0.9575 0.9391 0.9070 0.9822
PLEK 0.7754 0.9057 0.8643 0.8784 0.8355 0.7456 0.9532
CPPred 0.8953 0.9580 0.9421 0.9475 0.9256 0.8863 0.9843
mRNN 0.7384 0.9466 0.6064 0.7901 0.8297 0.5971 0.8460
RNAsamba 0.8081 0.9074 0.7470 0.8336 0.8548 0.6676 0.9021
LncCat 0.9296 0.9687 0.9620 0.9643 0.9487 0.9219 0.9920
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Fig. 3. Comparison of CPAT, CNCI, CPC2, LncFinder, PLEK, CPPred, mRNN, RNAsamba and LncCat by ROC curves. (A) ROC curves on the human dataset. (B) ROC curves on the mouse

dataset.

3.4. The comparison of different cutoff values

The optimal cutoff values for predicting scores may vary in dif-
ferent species, and utilizing inappropriate cutoff values can cause
poor results. The MCC and F1 corresponding to different cutoff va-
lues for five species datasets are presented in Tables 5 and 6. When
MCC and F1 achieve optimum, the cutoff varies between 0.4 and 0.6.
In this experiment, the cutoff value is set at 0.5, which means that
the prediction score is greater than or equal to 0.5 for IncRNA and
less than 0.5 for PCT. Detailed evaluation results of cutoff values are
shown in Table S1-7 to Tables S1-S11.

1439

3.5. The performance of LncCat on cross-species datasets

The cross-species experiments are conducted to validate the
generalization of LncCat. Fig. 6 shows the MCC of five species models
validated on five species datasets. The vertical coordinate refers to
the different species models, and the horizontal coordinate indicates
different species datasets. The intersection indicates the MCC of a
species model on a species dataset. From Fig. 6, the model performs
best when the dataset is the same species as the model. The human
model is validated on mouse and zebrafish datasets, achieving an
MCC of 0.93 and 0.90, respectively. Human, mouse, and zebrafish
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Fig. 4. (A) MCC of CPAT, CNCI, CPC2, LncFinder, PLEK, CPPred, mRNN, RNAsamba, and LncCat on zebrafish, wheat, and chicken datasets. (B) F1 of nine methods on zebrafish, wheat,
and chicken datasets. ROC curves of nine methods on (C) zebrafish, (D) wheat, and (E) chicken datasets.

models perform well on each other’s datasets but poorly on wheat,
with MCC of 0.67, 0.63, and 0.66. One hypothesis is that the plant
and animal RNAs are far from homology. When species differ sig-
nificantly, re-training with new datasets is necessary. When species
differ significantly, it is necessary to re-training the model with new
datasets.

3.6. The comparison on the small ORFs datasets

LncCat outperforms other methods on the above five datasets,
and other methods also achieve acceptable results. But most of them
are not designed for the datasets with sORFs. In addition, LncCat and
eight methods were validated on three sORF datasets. The sORF test
datasets of human, mouse, and zebrafish are collected from [43],
which are derived from Ensembl. Human-sORF test dataset contains
639 IncRNAs and 641 PCTs. The mouse-sORF test dataset contains
993 IncRNAs and 846 PCTs. The zebrafish-sORF test dataset contains
497 IncRNAs and 387 PCTs. The sORF test datasets do not overlap
with the preceding long ORFs datasets and can be used as in-
dependent test datasets. The summary of the sORF test datasets is
shown in Table 7.

The MCC and F1 of nine methods on three sORF datasets are
shown in Tables 8 and 9. Two bar charts are plotted in Fig. 7 (A, B).
LncCat exhibits significant advantages on three sORF datasets, with
MCC leading by at least 11.90%, 12.95%, and 42.61% on human-sORF,
mouse-sORF, and zebrafish-sORF datasets, respectively. CPC2 per-
forms poorly on sORF datasets and even achieves a negative MCC on
the zebrafish-sORF dataset. PLEK performs adequately on the
human-sORF dataset but poorly on the other two datasets. RNA-
samba achieves the second-best MCC on the mouse-sORF dataset,
but the MCC is still 12.95% lower than LncCat. On the zebrafish-sORF

dataset, the MCC between LncCat and the second-best method
comes to 42.61%. The F1 of LncCat on the human-sORF dataset is
11.90% higher than PLEK. The F1 of LncCat improves by 5.49% and
20.14% for the mouse-sORF dataset and zebrafish-sORF dataset, re-
spectively. Detailed metrics are displayed in Tables S12 to S14.

Fig. 7 (C, D, E) shows the ROC curves of nine methods on three
SORF datasets. LncCat acquires the best AUC. On the human-sORF
dataset, PLEK is 3.00% inferior to LncCat and outperforms the other
methods with an AUC of 0.9553. The ROC curve of PLEK is steeper
than LncCat’s initially, but the inflection point appears earlier, and
the AUC score is lower than LncCat’s. On the mouse-sORF dataset,
LncCat achieves a 7.56% advantage over the second-best method
(LncCat: 0.9777; RNAsamba: 0.9021). CNCI performs poorly on three
sORFs datasets, achieving 0.5847, 0.6221, and 0.5876 for the human-
SORF, mouse-sORF, and zebrafish-sORF datasets, respectively. On the
mouse-sORF dataset, the ROC curve of CPAT is nearly a straight line.
Consequently, LncCat is a stable and efficient method and performs
well on long ORFs and sORF datasets.

The heat maps of predicting scores on three datasets are shown
in Fig. 8. It can be observed that LncCat can effectively distinguish
IncRNAs and PCTs. The method with poor performance does not
show a clear boundary between IncRNAs and PCTs.

3.7. Comparison Ribo-seq datasets

In some public datasets, the annotation of LncRNAs is simple, and
transcripts are considered LncRNAs because of lacking sufficient long
ORFs. Many of these transcripts are subsequently discovered to have
coding potential or even to contain functional SORFs. Some peptides
translated by sORFs are much shorter than most known proteins but
play vital functional roles in various organisms. The emergence of
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Fig. 5. The distribution of predicting score heatmaps on (A) human, (B) mouse, (C) zebrafish, (D) wheat, and (E) chicken datasets.

Table 5
MCC corresponding to different cutoff values on five species datasets.
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Human 0.9393 0.9462 0.9486 0.9507 0.9503 0.9493 0.9479 0.9457 0.9368
Mouse 0.9081 0.9171 0.9203 0.9209 0.9219 0.9250 0.9228 0.9213 0.9103
Zebrafish 0.8368 0.8421 0.8462 0.8535 0.8521 0.8450 0.8466 0.8465 0.8435
Wheat 0.8447 0.8536 0.8613 0.8629 0.8672 0.8649 0.8634 0.8624 0.8465
Chicken 0.8789 0.8950 0.9012 0.9051 0.9047 0.9043 0.9009 0.8994 0.8851
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Table 6
F1 corresponding to different cutoff values on five species datasets.
0.1 0.2 03 0.4 0.5 0.6 0.7 0.8 0.9
Human 0.9685 0.9721 0.9734 0.9744 0.9742 0.9737 0.9728 0.9715 0.9664
Mouse 0.9393 0.9454 0.9476 0.9481 0.9488 0.9508 0.9492 0.9480 0.9402
Zebrafish 0.8716 0.8763 0.8798 0.8856 0.8846 0.8789 0.8796 0.8786 0.8744
Wheat 0.9291 0.9333 0.9368 0.9375 0.9393 0.9381 0.9371 0.9360 0.9266
Chicken 0.9236 0.9340 0.9379 0.9404 0.9401 0.9397 0.9373 0.9358 0.9255
Predicting MCC Scores on cross species 0.95 organisms. Therefore, using the data validated by Ribo-seq is more
: persuasive.
Study [61] provides 7264 Ribo-seq ORFs, involving a consensus
set of Ribo-seq ORFs identified by seven recent experimental pub-
0-90 lications mapped to GENCODE version 35 annotations. The tran-
scripts (LncRNAs and PCTs) are obtained by mapping the transcript
g IDs from the annotation files to the GENCODE version 35. The
2 085 transcripts are divided into the training dataset, test dataset, and
validation dataset in the proportion of 7:2:1. Table 10 provides the
< details of the datasets.
@ 0.80 . . .
§ From Table 11 and Fig. 9, LncCat obtains an MCC of 0.8004, which
S is 6.34% higher than the second-best method mRNN. The deep
| 0.75 learning methods mRNN achieves an MCC of 0.7370, and RNAsamba
= achieves an MCC of 0.7254. But CPAT misclassifies many coding se-
§ quences into non-coding sequences. Although CPPred obtains the
~0.70 highest SEN, it misclassifies many coding sequences, which leads to
poor performance. LncFinder achieves an ACC of 0.8877, which is
higher than mRNN and RNAsamba (mRNN: 0.8816; RNAsamba:
-065 0.8840), but its MCC is only 0.6983.
K-fold cross-validation can ensure that all points are considered
Human  Mouse Zebrafish Wheat  Chicken at least once. We validate LncCat with 5-fold cross-validation and
10-fold cross-validation on the Ribo-seq dataset. The performance of
Fig. 6. The MCC of LncCat on cross-species datasets. each fold is shown in Tables 12 and 13. Overall, LncCat can achieve a
stable and satisfactory performance for each fold.
Table 7 3.8. Integration model
Summary of the sORF datasets.
Datasets LncRNAs PCTs There is insufficient data to construct a prediction model for
Human-sORF 639 641 unexplored and unannotated species. A multi-species integrated
Mouse-sORF 993 846 model is built for these underexplored species as a reference. The
Zebrafish-sORF 497 387 training dataset combines human, mouse, zebrafish, wheat, and

ribosome profiling (also known as ribosome sequencing, Ribo-seq)
[60] has significantly facilitated the comprehension of the transla-
tional dynamics within the cell. Ribo-seq can systematically monitor
the cell translation process, identify which regions of a message are
being translated, and help to determine the proteome of complex

chicken training datasets. And LncCat is compared with CPAT, CNCI,
CPC2, LncFinder, PLEK, CPPred, mRNN, and RNAsamba on integrated
test datasets and sORF integrated test datasets. Table 14 and Table 15
show the main metrics of the nine methods.

As shown in Table 14, LncCat achieves MCC of 0.9236 and F1 of
0.9537, which improves the MCC and F1 from 4.58% to 15.82% and
2.80-9.41%, respectively. Table 15 shows that the performance of
LncCat on the sORF-integrated dataset is also satisfactory.

Table 8

MCC of nine methods on three small ORF datasets.
Species CPAT CNCI CPC2 LncFinder PLEK CPPred mRNN RNAsamba LncCat
Human 0.2866 0.3982 0.1344 0.2390 0.7668 0.4484 0.6044 0.7404 0.8858
Mouse 0.2884 0.4101 0.1404 0.4754 0.4019 0.4868 0.5971 0.6676 0.7971
Zebrafish 0.1965 0.1968 -0.0869 0.3824 0.3549 0.2783 0.2812 0.4473 0.8735

Table 9

F1 of nine methods on three small ORF datasets.
Species CPAT CNCI CPC2 LncFinder PLEK CPPred mRNN RNAsamba LncCat
Human 0.7049 0.7362 0.6722 0.6934 0.8871 0.7543 0.8153 0.8751 0.9431
Mouse 0.7302 0.7665 0.7056 0.7868 0.7626 0.7907 0.8297 0.8548 0.9098
Zebrafish 0.6874 0.7033 0.6544 0.7435 0.7423 0.7120 0.6715 0.7043 0.9449
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Fig. 7. MCC (A) and F1 (B) of CPAT, CNCI, CPC2, LncFinder, PLEK, CPPred, mRNN, RNAsamba and LncCat on three small ORF datasets. ROC curves of nine methods on (C) human-

SORF, (D) mouse-sORF and (E) zebrafish-sORF datasets.
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Fig. 8. The distribution of predicting score heatmaps on (A) human-sORF dataset, (B) mouse-sORF dataset, and (C) zebrafish-sORF dataset.

Fig. 10 shows the ROC curves for the integrated and sORF-in-
tegrated datasets. LncCat achieves an AUC of 0.9915, which is higher
than other methods on the integrated dataset ranging from 1.64% to
6.30%. On the sORF-integrated dataset, The AUC of LncCat outper-
forms the second-best method by 13.05%.

The comparison results demonstrate that LncCat can provide fa-
vorable overall performance, and we expect LncCat will provide a
reliable reference for underexplored species. The detailed results are
shown in Tables S1-15 and S1-S16. The MCC and F1 of nine methods
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Table 10

The details of the Ribo-seq dataset.
Datasets LncRNAs PCTs
Training dataset 3668 10,783
Test dataset 1049 3082
Validation dataset 525 1541

on integrated and sORF-integrated datasets are shown in Figs. S1-S8
and S1-S9.

4. Discussion

Many new IncRNAs and PCT have been generated since the ad-
vance of sequencing technology. Previous research has shown that
IncRNAs are linked to human diseases and play roles in various
cancers. The identification of IncRNAs is an important first step in
exploring their functions and mechanisms. Previous methods have
produced satisfactory results on long ORF datasets, but identifying
sequences with sORFs remains challenging.

In previous studies, ORF length and ORF coverage have shown
strong classification ability and are wildly used to predict IncRNA
with long ORFs. Based on the clues, the ORF-attention features are
constructed from the top three longest ORFs, including codons-re-
lated, GC-related, sequence-related, and peptide-related features.
Additionally, the pre-trained BERT model has shown effectiveness in
representing protein sequences. The attention mechanism in BERT
allows it to capture the dependencies between the amino acids in a
peptide sequence. Therefore, LncCat employs the BERT model to
represent peptide sequences encoded by ORFs as a part of ORF-at-
tention features. Furthermore, to enhance the feature abundance,
ORF-attention features source from the top three longest ORFs. The
comparison results indicate ORF-attention features can deeply ex-
cavate potential information in the ORFs. Moreover, to cover the
non-ORF region, widely used IncRNA features are merged to gen-
erate the final feature spaces. Finally, a 599-dimensional feature
vector is obtained to identify IncRNA.

CatBoost is a high-performance gradient boosting implementa-
tion. LncCat employs CatBoost to construct the prediction model
with the above features to identify IncRNA on five species datasets
and the Ribo-seq dataset. According to comparison experimental
results, LncCat improves MCC by at least 1.90%, 1.49%, 6.11%, 3.02%
and 5.34% on the human, mouse, zebrafish, wheat and chicken da-
tasets. For sORF datasets, LncCat achieves a considerable improve-
ment and increases the MCC by at least 11.90%, 12.96%, and 42.61%
on the human-sORF dataset, mouse-sORF dataset, zebrafish-sORF
dataset. The stable performance of LncCat on the long ORFs datasets
and the sORF datasets indicates that ORF-attention features are ef-
fective and reliable.

LncCat still gets the preferable MCC in cross-species experi-
ments. The human model and mouse model perform tightly on the
other three species datasets because of similar homology. Chicken
and zebrafish are oviparous, and their models perform similarly on
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and LncCat on the Ribo-seq dataset.

Table 12
Metrics of LncCat on Ribo-seq dataset by 5-fold cross-validation.
PRE SEN SPE ACC F1 MCC AUC

Foldl 0.8690 0.8194 0.9578 09225 0.8434 07926 0.9717
Fold2  0.8787 0.8170 0.9600 09225 0.8467 0.7959 0.9728
Fold3  0.8601 0.8074 0.9565 09194 0.8329 0.7805 0.9705
Fold4  0.8761 0.8508 0.9595 0.9322 0.8633 0.8184 0.9786
Fold5 0.8800 0.8098 0.9628 09242 0.8434 0.7947 0.9720

Table 13

Metrics of LncCat on Ribo-seq dataset by 10-fold cross-validation.

PRE SEN SPE ACC F1 MCC AUC

Fold1 0.8780 0.8362 0.9604 09288 0.8566 0.8097 0.9755
Fold2 08672 0.8178 09571 0.9215 0.8418 0.7903  0.9693
Fold3 0.8770 0.8086  0.9601 0.9206 0.8414 0.7897 0.9754
Fold4 0.8797 0.8199 0.9599 0.9230 0.8487 0.7981 0.9722
Fold5 0.8526 0.8143 0.9562 09225 0.8330 0.7829 0.9735
Fold6 0.8706 0.8253 0.9568 0.9225 0.8473 0.7960 0.9709
Fold7 0.8765 0.8629 0.9593 0.9351 0.8696 0.8265 0.9783
Fold8 0.8743  0.8407 0.9592 0.9293 0.8571 0.8105 0.9788
Fold9 0.8926 0.8060 0.9660 0.9244 0.8471 0.7989 0.9739
Fold10  0.8560 0.8238  0.9551 0.9230 0.8396 0.7891 0.9714

the other three species datasets. Animal models, such as human,
mouse, zebrafish and chicken, show slightly lower performances on
the plant dataset because of the poor genomic homology between
animals and plants. The cross-species experiments between animal
and plant species reflect that LncCat performs better on

Table 11
Comparison of LncCat and CPAT, CNCI, CPC2, LncFinder, PLEK, CPPred, mRNN, RNAsamba on Ribo-seq dataset.
PRE SEN SPE ACC F1 MCC AUC

CPAT 0.7637 0.4120 0.9565 0.8180 0.5352 0.4664 0.9035
CNCI 0.5303 0.9828 0.7038 0.7746 0.6889 0.5987 0.8325
CPC2 0.4747 0.9285 0.6502 0.7209 0.6282 0.5038 0.8382
LncFinder 0.8000 0.7436 0.9367 0.8877 0.7708 0.6973 0.9362
PLEK 0.4815 0.9066 0.6674 0.7282 0.6290 0.5003 0.8469
CPPred 0.5104 0.9590 0.6869 0.7560 0.6662 0.5629 0.8755
mRNN 0.6972 0.9438 0.8605 0.8816 0.8019 0.7370 0.9531
RNAsamba 0.7182 0.8942 0.8806 0.8840 0.7966 0.7253 0.9513
LncCat 0.8716 0.8284 0.9585 0.9254 0.8495 0.8004 0.9739

1444



H. Feng, S. Wang, Y. Wang et al.

Table 14

Comparison on the integrated dataset.
Methods PRE SEN SPE ACC F1 MCC AUC
CPAT 0.8857 0.8917 09262 0.9127 0.8887 0.8169 0.9627
CNCI 0.8747 0.9402 0.9137 09240 0.9062 0.8441 0.9285
CPC2 09054 0.8856 0.9408 0.9192 0.8954 0.8298 0.9709
LncFinder  0.9234 0.9280 0.9507 0.9418 0.9257 0.8779 0.9741
PLEK 0.8272 0.8946 0.8803 0.8859 0.8596 0.7654 0.9510
CPPred 09166 0.8969 09477 0.9279 0.9067 0.8481 0.9751
mRNN 0.9410 0.8492 09659 0.9203 0.8928 0.8324 0.9574
RNAsamba 0.9704 0.7907 0.9846 0.9089 0.8714 0.8121 0.9810
LncCat 0.9425 0.9651 0.9623 0.9634 0.9537 0.9236 0.9915

Table 15

Comparison on the sORF integrated dataset.
Methods PRE SEN SPE ACC F1 MCC AUC
CPAT 0.5755 09202 02289 0.5966 0.7081 0.2085 0.7482
CNCI 0.6171 09347 03410 0.6568 0.7434 0.3477 0.6050
CPC2 0.5445 09192 01265 0.5481 0.6839 0.0753 0.7617
LncFinder  0.6186 0.9347 0.3453 0.6588 0.7445 0.3517 0.7640
PLEK 0.7091 0.9023 0.5784 0.7509 0.7941 0.5131 0.8412
CPPred 0.6537 09150 0.4493 0.6970 0.7626 0.4167 0.8385
mRNN 0.7219 0.8793 0.6153 0.7557 0.7929 0.5166 0.7961
RNAsamba 0.8146 0.8483 0.7807 0.8166 0.8311 0.6314 0.8740
LncCat 0.8786 0.9756 0.8469 0.9153 0.9245 0.8346 0.9717

homologous species and achieves relatively satisfactory results for
non-homologous species. Besides, for the other species models,
LncCat also achieves favorable results, which shows the higher
generalization on cross-species datasets rather than one species
dataset alone.

Species may lack annotations, and it is impossible to build models
for all species. We build a multi-species integrated model by the
training dataset of five species. The MCC of LncCat is 0.9236 on the
long ORF integration dataset, which is 4.58~15.82% higher than the
compared models. The MCC on the sORF dataset is 20.32% higher than
the second-best model. Additionally, LncCat has been deployed on the
web server and can provide a reference for under-explored species.

The source code and datasets of this experiment are available for
academics at https://github.com/a525076133/LncCat. The model can
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be re-trained by the user’s data. Moreover, a user-friendly web
server is developed with free accessibility at http://cczubio.top/
Inccat/. The web server provides the identification of IncRNA for
multiple species with FASTA format sequences as input. Users can
upload a FASTA file or input sequences in the text area. Currently,
five species and integrated species are available on this web server,
including human, mouse, wheat, chicken and zebrafish. The results
will be replied to the user’s email.

sORFs may translate peptides, and peptides have been one of the
most promising cures for cancer in recent years [62]. In the following
work, we will collect the sORF-translated peptide sequences and
annotate the functions of peptides on a large scale by protein fa-
mily’s alignment and modeling to drive the process of peptides in
cancer therapy.

In summary, the experimental results show that ORF-attention
features are crucial and effective in identifying IncRNA on both long
ORF and sORF datasets. In all, LncCat is an effective method for
IncRNA identification.

5. Conclusion

LncRNA identification is a very significant task in bioinformatics.
Although researchers have achieved satisfactory results on long
ORFs datasets, there is still considerable space for improvement on
the sORF datasets. In this study, we propose a method called LncCat,
based on ensemble learning called CatBoost. Five types of features
are used to encode transcripts into vectors, and CatBoost is em-
ployed to construct the prediction model. The extensive experi-
mental results on five species show that LncCat performs well on
five datasets and three sORF datasets. In terms of MCC, LncCat
achieved 0.9503, 0.9219, 0.8591, 0.8672, and 0.9047 on human,
mouse, zebrafish, wheat, and chicken datasets, with improvement
ranging from 1.90% to 7.82%, 1.49-17.63%, 6.11-21.50%, 3.02-51.64%
and 5.35-26.90%, respectively. In addition, LncCat increases MCC by
at least 6.88%, 22.98%, and 39.43 on the human-sORF dataset,
mouse-sORF dataset, and zebrafish-sORF dataset compared with the
other eight methods. Moreover, the feature comparing results show
that the ORF-attention features effectively differentiate IncRNAs
from PCTs. In all, the ORF-attention feature we proposed can help
distinguish LncRNAs from PCTs, especially for the sORF dataset.
LncCat is a reliable and robust machine learning model for
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Fig. 10. ROC curves of LncCat and CPAT, CNCI, CPC2, LncFinder, PLEK, CPPred, mRNN, RNAsamba on (A) integrated dataset and (B) sORF integrated dataset.
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identifying IncRNAs. A user-friendly web server is available at http://
cczubio.top/Inccat/.
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