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A B S T R A C T

CncRNAs (coding and noncoding RNAs) are a class of bifunctional RNAs that that has both coding and noncoding 
biological activity. An increasing number of cncRNAs are being identified, prompting reassessment of our 
knowledge of RNA. However, most existing RNA classification tools are based on binary classification models 
which are not effective in distinguishing cncRNAs from mRNAs or long noncoding RNAs (lncRNAs). Our sta
tistical analysis demonstrated that mRNA-derived cncRNAs (untranslated mRNAs, untr-mRNAs) and lncRNA- 
derived cncRNAs (translated ncRNAs, tr-ncRNAs) do not fall in the same cluster. Therefore, in this study, we 
devised a novel tetra-class RNA classification model that is systematically optimized for RNA feature extraction. 
According to our model, all human RNAs can be reclassified into one of four categories — mRNA, untr-mRNA, 
lncRNA, and tr-ncRNA — representing a novel RNA classification system and allowing the discovery of more 
potential cncRNAs. Further analysis revealed significant differences among the four types of RNAs in tissue- 
specific expression, functional annotation, sequence composition, and other factors, providing insights into 
their divergent evolution trajectories. Moreover, investigation of the small tr-ncRNA peptides demonstrated that 
their evolution is coordinated with that of the the conserved functional small RNAs associated with them. All 
analysis results have been integrated into a database — TetraRNADB accessible online (http://tetrarnadb.liu-lab. 
com/).

1. Introduction

RNAs are traditionally divided into protein-coding RNAs and non- 
coding RNAs based on their protein-coding potential, and are thought 
to function either as a protein or as RNA, respectively. However, recent 
research suggests that the function of RNA may not always be uniform. 
For example, the ENOD40 gene was originally thought to function solely 
in the form of RNA [1]. However, subsequent research found that 
ENOD40 can also encode 12aa/24aa protein, and binds to sucrose syn
thase to regulate sucrose utilization in root nodules [2]. In Drosophila, 
the Osk gene codes a scaffolding protein involved in building the cyto
plasmic structures required for embryonic development [3]. However, 
there are Bruno binding sites (BREs) in the 3′UTR region of Osk mRNA. 

Bruno is a negative regulator of translation that inhibits early oogenesis, 
and the 3′UTR region of Osk mRNA can bind Bruno and isolate it, thereby 
regulating the oogenesis process [4].

The RNAs with both protein-coding and noncoding roles are referred 
to as cncRNA (coding and noncoding RNA) [5]. If a molecule is initially 
identified as a noncoding RNA (ncRNA) but later found to possess coding 
functionality, such as ENOD40 RNA, it is classified as a translational 
ncRNA (tr-ncRNA). Conversely, if a molecule is initially characterized as 
an mRNA but subsequently discovered to function in a noncoding ca
pacity, such as Osk RNA, it is termed an untranslated mRNA 
(untr-mRNA).

The emergence of cncRNAs is probably not a random occurrence. To 
date, cncRNAs have been detected in numerous species with selective 
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conservation and some important biological functions [6]. With ad
vances in mass spectrometry and ribosome analysis techniques, many 
short peptides originating from cncRNAs have been discovered and have 
been demonstrated to play important roles in various processes [7,8]. 
On the other hand, traditional RNA classification tools are mostly based 
on the idea of dichotomy, without considering the existence of cncRNAs, 
and to date there have been only preliminary attempts to develop the 
systematic analysis tools necessary for the identification and classifica
tion of bifunctional RNAs. Ulveling et al. proposed a method to identify 
bifunctional RNAs by analyzing mRNAs whose ORFs are disrupted by 
alternative splicing events [9], and Liu et al. developed the LncReader 
tool to distinguish tr-ncRNAs from lncRNAs [10]. Postic et al. modified 
the existing binary classification model IRSOM to identify cncRNAs as 
those likely rejecting both coding and noncoding classes [11]. However, 
none of these methods has systematically examined whether and how 
the features of cncRNAs differ from those of coding mRNAs or noncoding 
RNAs. Therefore, the current dichotomous framework of RNA classifi
cation must in principle be altered to have multiple classification scope, 
and be able to demonstrate the distinctive characteristics of different 
types of RNA precisely and in detail.

As more cncRNAs have been discovered experimentally, research 
attention has increasingly focused on this issue. The construction of 

small-protein-related databases (such as SmProt [12] database and 
MtSSPdb [13]) and cncRNA-related databases (including cncRNADB 
[14] and Translnc database [15]) can systematically consolidate data 
resources on cncRNAs, thereby advancing ongoing research into 
cncRNAs. The data in these databases are mostly derived from existing 
experimental and mass spectrometry data. Due to the lack of RNA 
multi-classification tools, many cncRNAs remain unidentified and have 
not been included in these databases. Furthermore, by distinguishing 
RNA categories, we hope to gain a deeper understanding of the origin of 
RNA bifunctionality and even the evolution of other biological 
macromolecules.

In this study, we compared the existing cncRNA data with data from 
mRNA and lncRNA using various binary RNA classification tools, and 
then used Decision Tree (DT) and Random Forest (RF) algorithms to 
identify the best-performing Tetra-class model. The model was named 
RF-based TetraRNA, and included fully optimized extraction of RNA 
features. Using this model, we further divided all human RNAs into four 
classes: mRNA, untr-mRNA, lncRNA and tr-ncRNA, and obtained the 
first landscape of human tetra-classification RNAs by effectively sepa
rating the cncRNAs. We then analyzed the characteristics and functions 
of the four RNA classes and performed a corresponding evolutionary 
analysis, which revealed the significant differences among the four types 

Fig. 1. Workflow of this study. A, Constructing the clean datasets for the four types of RNAs. The datasets we used to establish our models were downloaded from 
GENCODE and the cncRNA database. All datasets would be resampled to ensure that the various datasets were balanced in their qualities. B, Feature extraction. In 
addition to sequence-intrinsic composition, features (called C features in this study) were extracted from multi-scale secondary structure and EIIP-based physico
chemical properties, and the coding potential scores from eight binary classifiers were collected as E features. C, Construction of classification models. The optimal 
feature combination and machine learning algorithm were used to develop a new method for multi-class RNA identification. D, Re-classification of RNA types and 
primary exploration of the functions of four types of RNAs. E, The lncRNA-Smprot dataset was used as proofed tr-ncRNAs to evaluate the multi-classifier. F, Database 
construction.
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of RNAs and gave hints into the evolutionary path of the different RNAs. 
Finally, to facilitate the use of this tool for researchers, we created a 
database called TetraRNADB (http://tetrarnadb.liu-lab.com/), which 
supports the download of the TetraRNA model and allows the tetra- 
classification of human RNAs.

2. Materials and methods

2.1. Construction a tetra-classification machine-learning model for the 
efficient prediction of categories of RNA

2.1.1. Dataset construction
We collected four human RNA datasets (mRNA, lncRNA, untr-mRNA 

and tr-ncRNA) from the cncRNA database [14] and GENCODE [16] with 
annotation file version GRCh38.p14 (Fig. 1A). A total of 85727 mRNAs, 
48915 lncRNAs, 5833 tr-ncRNA and 865 untr-mRNAs were obtained as 
raw RNA datasets. In the raw lncRNA dataset, some lncRNAs (~26,000 
RNAs) mapped to small proteins (and thus potential tr-ncRNA candi
dates) in the SmProt v2.0 database [12] (BLAST e-value < 1e-5), and 
were therefore assigned to the lncRNA-SmProt dataset and not included 
in the model construction. (Fig. 1A and Fig. 1E; details in Supplementary 
File S1 and Supplementary File S2). Finally, the lncRNAs without those 
in lncRNA-SmProt dataset and the other three types of RNAs together 
consisting of the clean datasets to build multi-classification model for 
RNAs. (Fig. 1A).

2.1.2. Silhouette Coefficient, R (i,j) score and Davies-Bouldin Index
The four types of RNA in the raw data sets formed four known RNA 

clusters. We use the Scikit-learn.metrics package to calculate the 
Silhouette Coefficient Score (Si) of each cluster according to Eq. 1, and 
the R (i,j) score and Davies-Bouldin Index (DBI) coefficient score between 
the clusters according to the Eqs. 2 and 3. The level of aggregation of 
each cluster was assessed using the Si. When the Si value approaches 1, 
the cluster is more aggregated; when it is near − 1, the cluster is more 
dispersed. The proximity of the clusters was gauged using DBI and R (i,j). 
The distance between two clusters increases with decreasing R (i,j) and 
increasing DBI. 

si =
bi − ai

max{ai, bi}
(1) 

In Eq. 1, ai is the average Euclidean distance between sample i and 
other samples in the same cluster, and bi is the min average Euclidean 
distance between sample i and other samples in all other clusters. 

R(i,j) =
avg(Ci) + avg

(
Cj
)

dcen
(
Ci,Cj

) (2) 

In Eq. 2, avg(Ci) is the average Euclidean distance from all samples in 
cluster i to the center of the cluster, and dcen

(
Ci,Cj

)
is the Euclidean 

distance between the centers of clusters i and j. 

DBI =
1
k
∑k

i=1
max

i∕=j
Rij (3) 

In Eq. 3, k is the cluster number, and Rij was calculated according to 
Eq. 2.

2.1.3. Construction of a RNA four-class classification model with a RF and 
DT framework

We extracted 351 classic features (C-features) of RNA sequences 
including 126 nucleotide sequence features, 222 peptide features, 3 
structural features using the iFeatureOmega program [17] and the "cai" 
and "chip" functions in EMBOSS [18] following dimensionality reduc
tion. Eight coding potential scores were also calculated from binary RNA 
classification tools and were named expert features (E-features, Sup
plementary Table S1). We also combined C-features and E-features as 
CE-features (Fig. 1B and Supplementary File S3). Finally, six models, 

including the DT-C model, DT-E model, DT-CE model, RF-C model, RF-E 
model and RF-CE model were built using these three different kinds of 
feature and DT/RF machine learning algorithms (Fig. 1C). Details per
taining to feature extraction and model construction are given in Sup
plementary File S2.

2.1.4. Evaluation of model performance
To evaluate the performance of each model when predicting RNA 

classification, the following indicators were used: accuracy, precision, 
recall, and f1-score (Fig. 1C), and ROC-AUC curves were also calculated 
among the models (Fig. 1C). Due to the particularity of the multi- 
classification model, we used the Scikit-learn library and adopted two 
strategies, macro and micro, when calculating the ROC-AUC curves 
[19]. Based on the results predicted by the best model, we divided all the 
human RNAs in the raw dataset into four groups: new mRNA, lncRNA, 
untr-mRNA, and tr-ncRNA, which would be used for further analysis 
(Fig. 1D). The best model was named the TetraRNA model.

2.2. Comparison of TetraRNA and other RNA classification tools

To compare TetraRNA with basic binary classification tools, we first 
converted the four-class classification into a two-class classification and 
divided the RNAs into coding and noncoding RNAs. For this analysis, we 
regarded lncRNA and tr-ncRNA as noncoding RNA, and mRNA and untr- 
mRNA as coding RNA. We randomly sampled ten groups of RNAs from 
the clean datasets to form the Test-basic dataset to compare the per
formance of TetraRNA, CNCI (version 2) [20], CPC2 (version 1.0.1) 
[21], CPPred [22], IRSOM [23], LGC (version 1.0) [24], LncADeep 
(version 1.0) [25], LncFinder (version 1.1.6) [26] and PLEK (version 
1.2) [27]. Each test group contained 500 mRNAs, 500 untr-mRNAs, 500 
tr-ncRNAs and 500 lncRNAs. In addition, we integrated the prediction 
results from the eight binary tools by majority voting, and compared 
them with the predictions of TetraRNA to measure the performance of 
the tools (details in Supplementary File S2). All the tools ran with default 
parameters.

In order to assess the performance of TetraRNA in distinguishing 
lncRNA from tr-ncRNA, we randomly sampled ten groups of RNAs from 
the clean datasets to form a Test-binary dataset to compare the perfor
mance of IRSOM2, LncReader and TetraRNA. Each group contained 
1000 tr-ncRNAs and 1000 lncRNAs. IRSOM2, LncReader and TetraRNA 
were run with default parameters.

2.3. The TetraRNA model provides the first landscape of tetra-classified 
human RNAs and cncRNAs

To further confirm the reliability of the TetraRNA model, we used six 
models to predict the types of RNA from the lncRNA-SmProt dataset. All 
models were run with default parameters (details in Supplementary File 
S2).

After model evaluation and comparison with other models, the 
TetraRNA model was used to re-predict the types of RNA in the raw 
datasets. The parameters were set to default. The results predicted by the 
TetraRNA model were used for subsequent analysis.

In this study, small protein sequences from Ribo-seq, the literature, 
related databases and mass spectrometry data were downloaded from 
the SmProt v2.0 database. Then, BLAST was used to map the sequences 
of the tr-ncRNA predicted by the TetraRNA model to these small protein 
sequences. The e-value was set to 1e-5. The number of tr-ncRNAs in the 
comparison and the number of tr-ncRNAs supported with data from 
different sources were counted.

2.4. Trait comparison among four types of RNA

2.4.1. Function analysis of four classes of RNA
We used the R package "biomaRt" to convert all gene IDs into entrz ID 

types for further analysis [28]. To obtain more information about the 
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functions of these human cncRNAs, we used the R package "cluster
Profiler" [29] to perform GO and KEGG enrichment analysis. The reac
tome pathway of the four types of genes was obtained from the 
Reactome Pathway Knowledgebase [30]. Next, the RNAenrich 
(http://idrblab.cn/rnaenrich/) web server was used to visualize the 
results of the GO and signal pathway enrichment [31]. The 
Benjamini-Hochberg (FDR) adjustment was set as the P-value adjust
ment method, while other parameters were set to default.

2.4.2. Conservation analysis of the four classes of RNA
The bigWigAverageOverBed tool and bigwig file downloaded from 

the UCSC Genome Browser were used to obtain the phastCons score and 
phyloP score for each exon [32–34]. We then calculated the average 
phastCons score and average phyloP score of each RNA, according to Eq. 
4. 

Transcript_mean_score =

∑n
i=1(si × Lei)

Lt
(4) 

In Eq. 4, si is the score of exon i, the Lt is the transcript length and Lei 
is the length of exon i.

2.4.3. Expression and DNA methylation analyses of the four classes of RNA
The TPM values of single-cell sequencing of human genes in different 

tissues were taken from The Human Protein Atlas database [35] and the 
TPM values of RNA-seq of human and mouse were downloaded from 
ENCODE database [36]. The average methylation scores of genes were 
obtained from the MethBank database with project IDs GSE127282, 
GSE127284, GSE127285, GSE127289, GSE127291, GSE127292, 
GSE127295, GSE127299, GSE127320, GSE127321, GSE16256, 
GSE46401, and GSE52578, and were divided into several groups ac
cording to tissues and sequence regions [37].

2.5. Characterization of peptides derived from tr-ncRNA for exploration 
of their potential evolutionary process

2.5.1. Statistics pertaining to peptides derived from tr-ncRNAs
BLAST was used to compare the predicted human tr-ncRNAs with the 

transcripts of Macaca mulatta (rhesus macaque), Gorilla gorilla (gorilla) 
and Pan troglodytes (chimpanzee) (e-value < 1e-5). The taxon tree was 
created in TimeTree [38]. Human tr-ncRNAs with homologous se
quences in the species P. troglodytes, G. gorilla and M. mulatta were 
classified into the “Macaca” group; human tr-ncRNAs with homologous 
sequences in both P. troglodytes and G. gorilla species were classified into 
the “Gorilla” group; and human tr-ncRNAs with homologous sequences 
only in the species P. troglodytes were classified into the “Pan” group. We 
used the ORF Finder [39] to predict the ORF region of each tr-ncRNA 
and took the longest ORF region as the final prediction result. The 
ExPASy’s ProtParam [40] tool was used to calculate the instability co
efficient and Gravy index, and the proportions of 20 amino acids were 
assessed in the predicted protein sequences.

2.5.2. Analysis and comparison of mouse and human tr-ncRNAs and 
lncRNAs

The snoRNAs and haripin microRNAs obtained from the Rfam 
database [41] and miRBase [42] were mapped to human tr-ncRNAs and 
lncRNAs, respectively, using BLAST (e-value < 1e-5). The intergenic 
sequences were obtained according to the annotation file and then were 
divided into sequences of approximate length based on the average 
length of the tr-ncRNAs and lncRNAs. Finally, BLAST was used to map 
hairpin microRNAs and snoRNAs to the intergenic sequences with the 
same parameters as the random background (details in Supplementary 
File S2). Mouse lncRNAs were download from GENCODE database [16]. 
BLAST was then used to find the homologous lncRNA sequences in 
human and mouse, (e-value 1e-5). The homologous transcript pairs used 
in further analyses were aligned in MAFFT V7.520 [43] and visualized 
using GeneDoc [44]. The putative ORFs in the sequences were marked 

according to the Translnc database [15].

2.6. Statistical analysis

T tests were used to assess the result significance in the Silhouette 
Coefficient, Phastcons and Phylop scores, as well as the TPM between 
mRNA and untr-mRNA, and between lncRNA and tr-ncRNA. Moreover, t 
tests were also used to assess the result significance in the Instability 
indices and Gravy scores of small proteins coded by tr-ncRNAs among 
different groups, as well as the TPM between homologous genes in 
human and mouse.

2.7. Construction of the tetra-RNA database

The online cncRNA database TetraRNADB (http://tetrarnadb.liu 
-lab.com/) was constructed using the Django framework, and the web 
front-end was developed using Bootstrap. All data is stored in the SQLite 
database (Fig. 1F). All the results described in this article and all the 
feature tables of human tetra-classified RNAs can be browsed and 
downloaded from TetraRNADB (http://tetrarnadb.liu-lab.com/ 
download/).

3. Results

3.1. Construction of a tetra-classification machine-learning model for 
efficient prediction of RNA categories

We analyzed a total of about 85,727 mRNAs, 48,915 lncRNAs, 865 
untr-mRNAs and 5833 tr-ncRNAs. Of these, mRNA transcripts had the 
highest average number of exons; cncRNA genes, including untr-mRNA 
and tr-ncRNA, had the highest average number of transcripts (compared 
to mRNA and lncRNA genes); and lncRNA genes had the lowest numbers 
of transcripts and exons (Supplementary Table S2). Through analysis of 
the distribution of scores of different classes between the eight known 
lncRNA prediction tools, we found that cncRNAs tended to drift out of 
their original categories. For instance, the score of untr-mRNAs, which 
was similar to that of mRNAs, deviated from mRNAs and trended toward 
noncoding RNAs, while tr-ncRNAs deviated from lncRNAs and trended 
toward coding RNAs, despite having similar scores to lncRNAs (Sup
plementary Figure S1). This suggests that coding potential scores in 
different tools may actually contain some underlying combination of 
features that could be valuable for the identification of cncRNAs.

We assessed the silhouette coefficient of the C-features of each RNA 
dataset (Fig. 2A). The results showed that there were significant differ
ences in the degree of intraclass aggregation for different datasets. In 
comparison, mRNAs showed higher homogeneity (average silhouette 
coefficient 0.05), while the score of lncRNAs was the lowest (-0.06), 
indicating there may be a large heterogeneity within this group. Next, 
we examined the similarities between different datasets as measured by 
the R(i,j) score (Fig. 2B). Our results showed that mRNAs and lncRNAs 
had the lowest similarity (RmRNA-lncRNA = 0.97), while the relationships 
between mRNAs and untr-mRNAs, as well as between lncRNA and tr- 
ncRNA, were more interconnected (Fig. 2B). We then used the k- 
means method to pre-estimate the potential number of cncRNAs (more 
details in Supplementary File S2 and Supplementary Table S3). The 
estimated results suggest that the real number of cncRNAs may be much 
larger than the number currently known.

By combining C-features, E-features, the RF algorithm and the DT 
algorithm, we compared the performance of six different models (Fig. 2C 
~ H). The RF-CE model had the highest metrics of all models in all the 
categories using 10-fold cross-validation. The random forest algorithm 
was found to be superior to the decision tree; while in feature selection, 
the combination of E features with C features outperformed either E 
features or C features alone, suggesting these two features are comple
mentary for model construction. The best performing RF-CE model was 
finally defined as the TetraRNA model.
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Fig. 2. Characteristics of clean datasets and model evaluation. LncRNAs, mRNAs, tr-ncRNAs and untr-mRNAs were regarded as four different clusters. The silhouette 
coefficient scores, number of RNAs and the R(i,j) are shown in parts A and B separately. The number of each type of RNA is given on the top of the bar and R(i,j) 
between each two types of RNA is marked above the bar. T tests were used to assess the result significance among groups. * ** * represents the 0 < p-value ≤ 0.0001. 
C, Macro average ROC curves of the six models. D, Micro average ROC curves of the six models. E~H, Accuracy, precision, recall and f1 score of DT-E model, RF-E 
model, DT-C model, RF-C model, DT-CE model and RF-CE model in the four types of RNAs.
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We next evaluated the contribution of each feature to the models 
using feature importance (Fig. 3 and Supplementary File S4). In all the E- 
features, the LncADeep score demonstrated the highest importance 
(0.35), followed by the CNCI score (SVM algorithm) and the LncFiner 
score (SVM algorithm), with the LGCscore (maximum likelihood esti
mation) and the IRSOM score (deep learning algorithm) showing rela
tively lower importance (Fig. 3A). The algorithms seem to vary in 
power, therefore, it is likely that feature selection in different tools may 
be responsible for the importance of the different E features. For 
instance, LncADeep, CNCI and LncFiner all extracted the hexamer score, 
which naturally reflects base usage frequency and codon bias, as a 
classification feature. LncADeep and LncFiner further explored the 
intrinsic composition of the hexamer score. For example, LncADeep 
extracted the entropy density profile (EDP) of the hexamer score and 
LncFiner calculated the hexmer’s Euclidean-distance and Logarithm- 
distance, which are likely to facilitate further distinction of RNA cate
gories. According to the feature importance ranking of all the C-features, 
protein features accounted for the largest proportion (80 %), while 
structural features were not found in the top 15 features (Fig. 3B). Three 
ORF-related features (ORFl, ORFc and ORFi) were all listed in the top 15 
features, further demonstrating that the ability of RNA to encode pro
teins plays an important role in distinguishing the four RNA types. In the 
top 24 features in both the DT-CE model and the RF-CE model (Fig. 3C), 

peptide/protein features accounted for 50.00 %, far exceeding sequence 
features (16.67 %) and expert features (33.33 %), indicating that the 
subgroup of peptide/protein features played an important role in RNA 
multiple classification. Most of these components represent the peptide/ 
protein differentiation in amino acid composition, physicochemical 
properties and even function. There was a good agreement with previous 
results that all the eight components in the E-features showed remark
able importance in CE-feature-involved models, with a ranking above 
20. Simultaneously, the components in the C-features were also actively 
involved in improving models. For example, peptide length, amphiphilic 
pseudo-amino-acid composition (APAAC), pseudo K-tuple reduced 
amino acids composition (PseKRAAC), MW and Pseudo-Amino Acid 
Composition (PAAC) were all listed in the top 10 (Fig. 4C). The sub
groups of nucleic-acid sequence features also had different degrees of 
contribution, including PseDNC_CG (rank 15) and PCPseDNC-CG (rank 
17).

3.2. Comparison of TetraRNA with other RNA classification tools

We compared the ability of the new classification model TetraRNA 
with that of eight classic bianary lncRNA prediction models to distin
guish between coding and noncoding RNAs. All models performed well 
in classifying coding RNA and noncoding RNA (Fig. 4A). However, the 

Fig. 3. Feature importance of six models. A, Top 8 features in DT-E model and RF-E model. B, Top 15 features in DT-C model and RF-C model. C, Top 24 features in 
DT-CE model and RF-CE model. The expert features were marked as blue text; the peptide features were marked as black text and the nucleotide sequence features 
were marked as red text.
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TetraRNA model had the highest accuracy, precision, recall and f1- 
score. We also used the majority voting method (Supplementary File 
S2) to integrate the results of the eight tools and further compared the 
classification of TetraRNA with that of common binary classification 
tools. The results of this analysis also show that TetraRNA had a better 
ability to distinguish between coding RNA and non-coding RNA than the 
other models (Fig. 4B). The TetraRNA model is therefore currently the 
most effective model for distinguishing between coding RNA and non- 
coding RNAs.

Since both IRSOM2 and LncReader are classification tools that can 
identify cncRNAs, we further compared the ability of TetraRNA to 
identify tr-ncRNAs with that of these two models. From Fig. 4C, it can be 
seen that the TetraRNA model had the highest accuracy, precision, recall 
and f1-score in tr-ncRNA identification.

3.3. The TetraRNA model provides the first tetra-classification system of 
human cncRNAs

Since changes in class may be associated with altered knowledge of 
RNA function, we applied the best-performing TetraRNA model to re- 
predict the categories of all human RNAs. The prediction results 
revealed a refreshing landscape of human tetra-classified RNAs, 
including 83,729 mRNAs, 33,425 lncRNAs, 23,235 tr-ncRNAs and 951 
untr-mRNAs.

As shown in Fig. 5A, the sizes of all the original RNA categories 
detected changed significantly. Fewer mRNAs and lncRNAs were iden
tified, with lncRNA numbers decreasing by 38.30 % (from 48,915 to 
33,425), which was consistent with our previous clustering results 
suggesting the huge internal heterogeneity of lncRNAs. In contrast, 
higher numbers of cncRNAs were identified, and numbers of tr-ncRNAs 
increased dramatically by almost fourfold (from 5833 to 23,235) 

(Fig. 5A). Furthermore, each RNA category exhibited varying degrees of 
divergence. For example, although most of the original mRNAs (85,727 
RNAs) were still predicted to be mRNAs (82,101 RNAs), 969 were 
categorized as tr-ncRNAs and 2635 as lncRNAs (Fig. 5B, Supplementary 
Figure S2). On the other hand, the original lncRNA category showed the 
greatest divergence, with over a third of the original lncRNAs newly 
predicted as tr-ncRNA (17,049 RNAs) (Fig. 5B, Supplementary 
Figure S2). Intriguingly, most of the original cncRNA categories were 
predicted into their own categories (89.44 % for tr-ncRNA, 99.88 % for 
untr-mRNA). These results further demonstrate the vitality of our model 
for the discrimination and categorization of cncRNAs.

As the category with the largest increase in predicted numbers, tr- 
ncRNA was further analyzed using the existing benchmark data sour
ces. We compared our predicted tr-ncRNAs with the data in the SmProt 
database. This database lists peptides and small protein identified using 
various lines of experimental evidence, including Ribo-seq, mass spec
trum (MS), literature and known databases (details in Supplementary 
File S2). Notably, 95.77 % of predicted tr-ncRNAs (22,250 out of 
23,235) matched those in the SmProt database and were mostly sup
ported by Ribo-seq analysis (Fig. 5C-5E). Overall, 1703 tr-ncRNAs were 
backed by four sources, 5843 tr-ncRNAs by three sources, 7393 tr- 
ncRNAs by two sources and 7312 tr-ncRNAs by a single source 
(Fig. 5E). This evidence from many sources further confirmed the reli
ability of our prediction of tr-ncRNAs.

We next applied all the models to the lncRNA-SmProt dataset, which 
represented potential tr-ncRNAs. The lncRNA-SmProt dataset was also 
divided into four categories, but here the predominant category was tr- 
ncRNA, and lncRNA was the second most important (Fig. 5F). In good 
agreement with previous results, the TetraRNA (RF-CE) model showed 
the best performance in identification of tr-ncRNAs, that is, about 
65.52 % of the RNAs in the lncRNA-SmProt dataset were identified as tr- 

Fig. 4. Comparison of performance in RNA classification tools. A, Accuracy, precision, recall and f1 score of TetraRNA and basic binary-classification tools using the 
Test-basic dataset. B, Accuracy, precision, recall and f1 score of TetraRNA and basic binary-classification tools through majority voting using the Test-basic dataset. C, 
Accuracy, precision, recall and f1 score of TetraRNA and bi-functional RNA identifiers using the Test-binary dataset.
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ncRNA, which was a much higher number than predicted by other 
models (Fig. 5F). These results suggested that the combination of 
experimental and in silico methods has the potential to greatly improve 
the screening of cncRNAs.

3.4. Trait differentiation among four types of RNA

To determine whether the four RNA classes differ in their attribu
tions, we first investigated two conservation assessment methods, 
PhastCons (Fig. 6A) and PhyloP (Fig. 6B), to evaluate the levels of 
conservation of different RNA classes. The PhastCons score calculates 
the probability that each nucleotide belongs to a conserved element, 
whereas phyloP is more appropriate for evaluating signatures of selec
tion at particular nucleotides, with positive values implying conserva
tion. We found that the results of these two evaluation systems were 
perfectly consistent. The conservation of mRNA and untr-mRNA was 
significantly higher than that of lncRNA and tr-ncRNA, and with tr- 
ncRNA being more highly conserved than lncRNA. Intriguingly, the 
conservation of untr-mRNA was also higher than that of mRNA, sug
gesting that that bifunctional RNAs could be more conserved than the 
monofunctional RNAs they are similar to. We also extracted eight 
common features of various types of RNA after prediction. (Suple
mentary Figure S3). Compared with the other two types of RNA, mRNA 
and untr-mRNA tended to have longer transcripts, longer ORF regions, 
higher GC content, and lower free energy. This may be because these 
two RNAs can encode proteins. Moreover, compared with mRNAs, untr- 
mRNAs had shorter transcript and ORF lengths, lower GC content in the 
CDS region, a smaller proportion of the ORF region, and higher free 

energy. This may be because untr-mRNA can also function directly as an 
RNA, so the various features of untr-mRNA will tend to be close to those 
of the other two types of RNA. Similar phenomena were also seen in 
lncRNAs and tr-ncRNAs (Suplementary Figure S3).

We next examined the expression levels of genes in the four RNA 
classes in various tissues and organs (Fig. 6C). Here, there were obvious 
differences among all the RNA categories. The expression levels of untr- 
mRNA were the highest while those of lncRNA were the lowest. In 
general, the expression of untr-mRNA was higher than mRNA in all 
tissues except the testis, while the expression of tr-ncRNA was higher 
than that of lncRNA in all tissues except the brain. In addition, untr- 
mRNA showed explosive expression (fold change >4) compared with 
mRNA in vascular, skeletal muscles, brain and adipose tissue, which 
would exert strong regulatory activity on the metabolism and cell dif
ferentiation and development. Compared with lncRNA, the expression 
of tr-ncRNA was significantly increased in the skin, ovary, pancreas, 
kidney and colon (fold change > 2), with the highest expression 
occurring in the ovary, skin, heart and immune system.

We next took advantage of single-cell sequencing data to examine 
the expression of four classes of RNAs in different types of brain and 
testis cells (Fig. 6D and E). We found that the expression levels of both tr- 
ncRNAs and lncRNAs were higher than those of mRNAs in all kinds of 
brain cells. Moreover, the expression of tr-ncRNA in all kinds of cells in 
the brain was lower than that of lncRNA. That is, the expression of tr- 
ncRNA in the brain was restricted or finely regulated compared to 
other tissues. We found the 3’UTR region of tr-ncRNAs had a greater 
CpG length and higher average level of methylation than did this region 
of lncRNA in the brain, which may explain the lower expression levels 

Fig. 5. Evaluation of model prediction results. A, Variation between original and predicted numbers of the four types of RNAs. B, Prediction of RNA types in raw 
datasets from the RF-CE model. C, The proportion of predicted tr-ncRNA supported by small proteins from ribo-seq profiles, known database (knowndb), literature 
mining results and mass spectrometry (MS) separately in the SmProt database are shown in histogram. D, Venn diagram showing the number of predicted tr-ncRNA 
supported by small proteins from ribo-seq profiles, knowndb, literature mining results and MS in SmProt database. E, Small pie chart: the number and proportion of 
predicted tr-ncRNAs mapped / not mapped to the SmProt database. Large pie chart: the number and proportion of predicted tr-ncRNA supported by small proteins 
from one to four resources (ribo-seq profiles, knowndb, literature mining results and MS). In each chart, the first number represents the number of RNAs and the 
second number represents the proportion of the total. F, Results of model prediction of RNA type in lncRNA-SmProt dataset. Radar chart showing the number of each 
type of RNA as predicted by different models using lncRNA-SmPort dataset.
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seen in tr-ncRNAs. Our enrichment results showed that tr-ncRNA was 
involved in Alzheimer’s disease (Supplementary Figure S4). We also 
found the average methylation levels of the untr-mRNA promoter region 
were higher than those of the mRNA promoter region in the testis, 
indicating that the transcription of untr-mRNA is inhibited in the testis 
compared with that of mRNA, and resulting in lower expression levels in 
testis tissue (Fig. 6C and Supplementary Figure S5). However, the 
expression of untr-mRNA was found to be higher than that of mRNA in 
most cell types in testis with the exception of spermatocytes, and late 
and early spermatids, suggesting that untr-mRNA might have differen
tial functions in the testis during spermatogenesis.

3.5. Characterization of peptides derived from tr-ncRNA and exploration 
of their potential evolutionary processes

To further investigate peptides derived from tr-ncRNAs, we con
structed homologous peptide families in primate species, including 
M. mulatta, G. gorilla and P. troglodytes. In total, there were 21 homologs 
in the “Macaca” group, 69 in the “Gorilla” group and 155 in the “Pan” 
group (Fig. 7A). Apparently, most of the tr-ncRNA- derived peptides are 
not conserved, and the number of homologs increased as the evolu
tionary time (time between species divergence) shortened. Next, we 
evaluated the intrinsic characteristics of these conserved peptides in 
terms of their instability coefficient and hydrophobicity (Gravy index), 
which are closely related to their functional importance and structural 
stability [45]. As shown in Fig. 7B, the stability of the peptides in the 
“Pan” group, which have a relatively short evolutionary period, is poor 
(instability coefficient > 50), while those peptides in the “Macaca” and 
“Gorilla” groups were significantly more stable (instability coefficient <
40). More interestingly, we found that, with the elongation of evolu
tionary period, the hydrophobicity of the peptides gradually decreased, 
and there were significant differences in hydrophobicity between 
different evolutionary stages (p-value < 0.05) (Fig. 7C).

We also evaluated the proportion change of all amino acids among 
different groups (Fig. 7D). The peptides in the newly evolved “Pan” 
group tended to have an increased proportion of amino acids containing 
functionally-complex residues, such as “Leucine (L)” zippers, which are 
involved in the formation of transmembrane helices, “Serine (S)”, which 
can be used as a prosthetic group to bind metal ions [46–48], and 
“Tryptophan (W)”, which iscapable of UV absorption and fluorescence 
emission [49]. In addition, the more conserved the peptide, the more 
stable the residue was in the structure. For example, Alanine (A), which 
does not have long side chains to form a special conformation and can 
therefore occur anywhere in a protein to increase structural flexibility 
[50], was significantly elevated in the relatively conserved peptides in 
the “Macaca” group. Likewise, Asparagine (N), which often appears at 
the corner of protein folding structures and can form flexible protein 
scaffolds with other amino acids [51], and Glutamate (E) whose peptide 
bond is stable without any active sites for acid proteases [52], were also 
markedly increased in the conserved peptides.

To further investigate why tr-ncRNAs were more highly conserved 
than lncRNAs, we mapped lncRNAs and tr-ncRNAs to known microRNAs 
and snoRNAs, and compared the distribution of these small RNAs in 
different regions, including tr-ncRNA, lncRNA, and randomly selected 
intergenic regions. As shown in Fig. 8A, the distribution ratios of small 
RNAs in both tr-ncRNA and lncRNA were significantly higher than in the 
intergenic regions, while the ratio of those mapping to tr-ncRNAs was 
significantly higher than that in lncRNA (Chi-Squared Test, P-val
ue<0.01). These data suggest that the emergence of tr-ncRNAs may be 
correlated with the emergence of functional small RNAs in these regions, 
and these conserved functional small RNAs may in turn confer high 
sequence conservation to the tr-ncRNAs. Previous studies have also 
shown that some ncRNAs can serve as host genes for small RNAs, which 
have higher expression level and unique characteristics compared to 
other ordinary lncRNAs, and some may even evolve functional ORFs 
[53,54].

Fig. 6. Functional feature analysis of different human RNA classes. A, The scores of PhastCons and B, PhyloP of human lncRNA, tr-ncRNA, mRNA, and untr-mRNA. 
Higher scores represent higher degrees of conservation. C, Expression levels of human lncRNA, tr-ncRNA, mRNA, and untr-mRNA in 23 tissues calculated using RNA- 
seq. D, Expression levels of human lncRNA, tr-ncRNA, mRNA, and untr-mRNA in the brain calculated using scRNA-seq. E, Expression levels of human lncRNA, tr- 
ncRNA, mRNA, and untr-mRNA in the testis as calculated using scRNA-seq. The dots and the numbers represent the TPM values of the RNAs. The bigger the dot, the 
higher the TPM. T tests were used to assess the result significance among groups. * ** * represents 0 < p-value ≤ 0.0001.
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To further investigate this, we selected the tr-ncRNA gene GAS5 
(ENSG00000234741) and its mouse homolog (ENSMUSG00000053332) 
for further analysis. The GAS5 gene is known as a tumor suppressor gene 
that regulates cell proliferation, invasion, migration, and apoptosis [55]. 
The GAS5 genes in both human and mouse are the host genes of snoR
NAs, and human GAS5 gene has been reported to contain 10 snoRNAs in 
their sequences [56]. The annotation file suggested that the human 
GAS5 gene has more than 100 transcripts, much higher than the 
average, indicating a very high transcription frequency. Significant 
differences in multiple tissue expression between human and mouse 
GAS5 genes were also found, suggesting possible functional differenti
ation between them (Fig. 8B). We next aligned the sequences of the 
human and mouse GAS5 genes (Supplementary File S5 and S6) and 
assessed the alignment identity of different regions (Figs. 8C and 8D). 
The identity of the entire GAS5 gene sequence was only 44.96 %, indi
cating that this gene may have undergone rapid evolution. The snoRNA 
region was the most conserved (80.72 %), while the ORF region was the 
least conserved (41.96 %), which may be related to the main feature of 
this gene as a snoRNA host rather than in protein coding. Finally, we 
draw a schematic diagram illustrating the alignment results (Fig. 8d), 
and marked the ORF regions according to the Translnc database. 
Consistent with the annotation file records, most of the regions in the 
human GAS5 gene sequence are transcribed into RNA (marked as exon 
regions in Fig. 8d). The human GAS5 gene is highly transcribed, and 
most regions of its gene sequence are covered by transcripts, on which 

small ORFs were detected. The overall conservation between human and 
mouse GAS5 was very low, but we found that the sequences were highly 
conserved in their special functional snoRNA regions. Some transcripts 
of the human GAS5 gene were identified as tr-ncRNAs, but mouse GAS5 
transcripts were currently considered to be lncRNAs. Based on these 
analyses of GAS5 gene pairs, we speculate that the RNAs encoded by the 
human GAS5 gene became tr-ncRNA rather than lncRNA probably 
because of a special structure on the gene sequence (for example the 
snoRNA coding region), which allows more ribosomes to bind and re
sults in a higher transcription frequency and higher expression levels. 
Peptides encoded by this gene are therefore not completely degraded 
and can be eventually detected. Although this speculation still needs 
verification, it may give us a deeper understanding of tr-ncRNAs and 
lncRNAs.

4. Discussion

Current RNA identification methods primarily concentrate on 
determining whether a transcript has the potential to encode a protein, 
stemming from historical cognitive limitations concerning RNA func
tions. However, recent research into RNAs suggests that RNA categories 
should not be only limited to two. Indeed, Kang et al. suggested that the 
coding capacity of transcripts should not be simply summarized as 
coding or non-coding, but rather as a continuous quantitative index 
[57]. In this study, we designed for the first time an RNA multiple 

Fig. 7. The characters of peptide sequences of human tr-ncRNAs conserved in Macaca mulatta, Gorilla gorilla and Pan troglodytes. A, Taxon tree of four primate 
species. The evolution time (MYA) is marked on the branch. The number after the species name is the number of conserved tr-ncRNAs. B, The instability indices of 
small proteins coded by tr-ncRNAs. C, The Gravy values of small proteins coded by tr-ncRNAs. D, The proportion of 20 types of amino acids sorted by hydrophobility. 
Human tr-ncRNAs divided in different groups are represented by different colors. The t test was used to assess the result significance among groups. * ** represents 
0 < p-value ≤ 0.0001, * * represents p-values from 0.0001 < p-value ≤ 0.01, and * represents p-values from 0.01 < p-value ≤ 0.05.
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classification model based on machine learning methods, and succeeded 
in effectively identifying the bifunctional RNAs from the previously 
determined categories of mRNA or lncRNA. Previously, tr-ncRNAs and 
untr-mRNAs were categorized with mRNA and lncRNA, making them 
hard to examine in detail. However, our model found a high number of 
tr-ncRNAs and untr-mRNAs, which will form the foundation for further 
research into these two forms of RNA. We then used our model to rep
redict the categories of all human RNAs. Our results demonstrated that 
the abundance of cncRNAs was significantly underestimated, particu
larly in the case of tr-ncRNAs. This suggests that the translation of small 
proteins in non-coding regions is likely widespread, which is consistent 
with recent large-scale mass spectrometry and ribosome analysis [58, 
59].

To further clarify the significance of the production of these peptides, 
we extracted the encoded products of human tr-ncRNAs and compared 
their characteristics with the homologous tr-ncRNA products in other 
species and divided into different groups. Our results indicated that the 
more conserved the peptides are, the lower their hydrophobicity and the 
higher their stability. Our findings are consistent with those of Kesner 
et al., who found that the polypeptide produced by the untranslated 
region of RNA has a hydrophobic C-terminal tail, and the less evolved 
the polypeptide, the stronger the hydrophobicity [60]. Meanwhile, the 
amino acid components of peptides have been partially adapted to the 
requirements of structural stability and functional evolution. These an
alyses are likely to afford us profound insights into the de novo genesis of 
proteins. Through careful distinction, we can differentiate between 

random occurrences and those that signify the pinnacle of evolutionary 
processes. In the long run, such recent investigations, including the 
development of RNA Affinity Purification Sequencing (RAP-seq), have 
endowed us with the capacity to establish unequivocal linkages between 
RNAs and proteins. This advancement, coupled with the identification of 
common motifs in RNA-binding proteins and the understanding of 
RNA’s role in methylation processes, enhances our understanding of the 
intricate molecular mechanisms underlying biological systems.

We performed a global comparison between the different categories 
of RNAs, and found that they were significantly different from each 
other in terms of sequence characteristics, evolutionary degree, and 
other aspects. It is worth noting that although the coding potential 
scores of untr-mRNAs were lower than those of mRNAs, their PhastCons 
and PhyloP scores were higher. The factors driving the shift from coding 
to noncoding is therefore interesting and worthy of further exploration. 
On the other hand, tr-ncRNAs have relatively higher PhastCons and 
PhyloP scores than lncRNAs, indicating that tr-ncRNAs have been sub
jected to greater selection pressure compared to lncRNAs. Analysis of 
the expression levels of genes of four RNA classes also showed higher 
expression levels and specific tissue and organ expression profiles in 
untr-mRNAs and tr-ncRNAs. All these results suggest that untr-mRNAs 
and tr-ncRNAs have evolved away from mRNAs and lncRNAs, and 
have different roles.

Our analysis of tr-ncRNAs has revealed two questions. Firstly, we 
found that the higher conservation of tr-ncRNAs than of lncRNAs is not 
due to the peptides they encode. Is it the small RNAs they encode that 

Fig. 8. Analysis of homologous sequences in human and mouse. A, The proportion of tr-ncRNA, lncRNA and intergenic regions mapped to microRNA and snoRNA. B, 
Expression levels of homologous genes in different tissues in human and mouse. T tests were used to assess the result significance among groups. * ** represents the 
0 < p-value ≤ 0.0001, and * * represents the 0.0001 < p-value ≤ 0.01. C, Identity of different regions in the alignment of human and mouse homologous gene 
sequences. D, Schematic diagram of human and mouse homologous gene sequence alignment. The blue boxes represent exons, the red boxes represent ORF regions, 
and the green boxes represent snoRNAs. The alignment results of the ORF regions of transcripts are shown in the figure.
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improve the conservation? Secondly, if the peptides of tr-ncRNAs arose 
randomly, why are the ORFs in some ncRNAs translated at higher fre
quency than others? Perhaps the small RNAs they encode could also 
shed light on this problem. It is possible that these functional small RNAs 
need to be transcribed in large quantities and are therefore present in 
higher copy numbers in order to function under selection pressure. 
Transcription levels in this case would be much higher than those of 
ordinary lncRNAs, ultimately leading to better capture of ribosome units 
and subsequent translation of the ORFs located on them into proteins. 
These randomly translated small peptides may further evolve into new 
functional proteins.

Our model still requires improvement. Feature selection and model 
complexity present another area for consideration. Currently, tree-based 
models are chosen for their high interpretability, aiding in the 
comprehension of the model’s internal mechanisms. Nevertheless, given 
the potential availability of larger datasets in the future, it is advisable to 
delve into deep learning techniques. Deep learning models might be able 
to capture more complex relationships in the data, leading to more ac
curate and powerful predictions. After sorting feature importance, we 
found that protein features have the most significant impact on the 
classification of RNAs. The strong influence of protein features implies 
that the widespread application of mass spectrometry could potentially 
be a powerful tool in the identification of tr-ncRNAs. Mass spectrometry 
can provide detailed information about the associated proteins, which in 
turn can help to accurately classify RNAs. Furthermore, the lack of more 
reliable structural features is likely to be the reason why few untr- 
mRNAs have been discovered to date. The prediction of an untr- 
mRNA suggests that the functions of its potential secondary structure 
should be thoroughly analyzed. This study was limited by computational 
efficiency and consistency across RNA categories, and we therefore 
extracted structural features using a sliding window. Obtaining more 
representative structural features of full-length RNA could potentially 
enhance the performance of the model. Proper weighting of structure- 
and translation-related features could be a potential improvement in the 
future. In addition, the TetraRNA model could be improved by incor
porating known RBP interaction motifs, ribosome occupancy scores, or 
structural motifs relevant to RNA function in the future.

Although our model’s predictions show good alignment with existing 
databases, the absence of functional experiments such as ribosome 
profiling and mass spectrometry means that the biological validation is 
incomplete. Experimental validations of the model results remain 
necessary. These functional experiments can provide more in-depth in
sights into the biological mechanisms underlying the model’s pre
dictions, strengthening the reliability and scientific value of the model. 
By focusing on these limitations and future directions, we hope to 
enhance the model’s future performance. Moreover, model generaliz
ability can be improved in the future. Our model, trained on human RNA 
data, has yet to prove its effectiveness in non-human species. This lack of 
cross-species validation restricts its broader application in biology. To 
address this, future studies are planned to incorporate cross-species 
datasets into the training process, which could potentially expand the 
model’s scope and applicability. In conclusion, while our model has 
shown promising results, there are clear areas for improvement.

This study examined the landscape of human RNAs from the stand
point of four different classification groups. It is our hope that this will 
prompt researchers to a fresh viewpoint on RNA function. We have 
summarized the results of our work in the database TetraRNADB 
(http://tetrarnadb.liu-lab.com/), including the landscape of human 
tetra-classification RNAs, the functional differences among four types of 
RNA methylation levels, function enrichment, conservation and 
expression levels, the normalized features of human RNAs and the Tet
raRNA model. Our research is poised to contribute significantly to the 
RNA world hypothesis, shedding new light on the fundamental roles of 
RNAs and their potential in catalysis and regulation.
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