
Send Orders for Reprints to reprints@benthamscience.net 
 Current Bioinformatics, 2020, 15, 279-286 279 

REVIEW ARTICLE 

 
 1574-8936/20 $65.00+.00 © 2020 Bentham Science Publishers 

Analysis and Comparison of RNA Pseudouridine Site Prediction Tools 

Wei Chen1,2,* and Kewei Liu2 

1Innovative Institute of Chinese Medicine and Pharmacy, Chengdu University of Traditional Chinese Medicine, 
Chengdu 611137, P.R. China; 2School of Life Sciences, and Center for Genomics and Computational Biology, North 
China University of Science and Technology, Tangshan 063210, P.R. China 

	  

A R T I C L E  H I S T O R Y	  

Received: July 08, 2019 
Revised: August 28, 2019 
Accepted: September 12, 2019 
 
DOI: 
10.2174/1574893614666191018171521 
	  

Abstract: Background: Pseudouridine (Ψ) is the most abundant RNA modification and has 
important functions in a series of biological and cellular processes. Although experimental 
techniques have made great contributions to identify Ψ sites, they are still labor-intensive and cost-
ineffective. In the past few years, a series of computational approaches have been developed, 
which provided rapid and efficient approaches to identify Ψ sites.  

Results: To provide the readership with a clear landscape about the recent development in this 
important area, in this review, we summarized and compared the representative computational 
approaches developed for identifying Ψ sites. Moreover, future directions in computationally 
identifying Ψ sites were discussed as well.  

Conclusion: We anticipate that this review will provide novel insights into the researches on 
pseudouridine modification. 

Keywords: Epitranscriptome, RNA modification, pseudouridine, support vector machine, nucleotide physicochemical 
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1. INTRODUCTION 

Pseudouridine (Ψ), the first kind of post-transcriptional 
RNA modification, was discovered in tRNA approximately 
60 years ago [1] and was found across all kingdoms of life 
[2]. It is now known that Ψ modification also presents in 
rRNAs, mt-tRNAs, snRNAs, snoRNAs, miRNAs, mRNA, 
etc [3]. Ψ is the isomer of uridine [4], and can be formed 
through two ways. One way is dependent on H/ACA box 
ribonucleic particles [5, 6], the other one is catalyzed by 
Pseudouridine Synthase (PUS) [7, 8].  

The biological functions of Ψ have been gradually 
discovered [9-11]. It was found that the appearance of Ψ at 
positions 32, 39, and 55 can stabilize the tertiary structure of 
tRNA [12, 13]. The fact that Ψ participates in gene 
expression regulation has also been demonstrated in recent 
research. For example, Ψ can modulate the gene products by 
regulating the reaction and assembly of spliceosome [14]. It 
has been found that the appearance of Ψ in mRNA can 
increase its translation efficiency [15]. The Ψ in RNA has 
also been reported to be related to a series of diseases [16], 
such as cancer [17, 18], X-linked dyskeratosis congenital [8, 
19], Human Immunodeficiency Virus (HIV) infections [20], 
Maternally Inherited Diabetes and Deafness (MIDD) [21].  
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Despite significant progress made on the research on Ψ, 
the knowledge about its function is still very limited. In 
order to reveal its novel biological functions, the key point is 
to detect the position of Ψ sites in the transcriptome. 

In recent years, several high-throughput sequencing 
methods have been developed to detect Ψ sites, such as Ψ-
Seq [22], CeU-Seq [23], and pseudo-Seq [24] techniques. 
The results from these experiments not only revealed the 
novel function of Ψ modification but also demonstrated the 
distribution of Ψ in the transcriptome. Although these 
experiments promote research on the identification of Ψ 
modifications and decoding their functions, they are still 
labor-intensive and expensive for transcriptome-wide 
detection of Ψ. Hence, it is necessary to develop low-cost 
approaches to automatically identify Ψ sites. As excellent 
complements to experimental methods, computational 
methods are in high demand to detect Ψ sites. 

Over the past few years, several computational methods 
have been proposed for identifying Ψ sites. In 2014, Panwar 
and Raghava proposed the first Ψ identification method 
called tRNAmod, which is able to identify Ψ sites in tRNA 
[25]. Inspired by this work, in 2015, Li et al. proposed a 
support vector machine-based method called PPUS to 
predict PUS-specific Ψ sites [26]. Later on, Chen and his 
colleagues proposed the iRNA-PseU to identify Ψ sites, in 
which the chemical properties of nucleotides and the 
nucleotide occurrence frequency density distributions were 
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used to encode RNA sequences [27]. More recently, another 
two computational methods were proposed based on the 
dataset built by Chen et al. In 2018, He et al. proposed 
another support vector machine-based method called PseUI 
for Ψ sites identification [28]. In 2019, Tahir et al. proposed 
a Convolution Neural Network (CNN) based method called 
iPseU-CNN for Ψ site identification [29]. The framework of 
these computational methods for Ψ identification is shown in 
Fig. (1). 

To provide the readership with a clear landscape about 
the recent developments in this important area, this paper 
will review the representative computational approaches 
developed for the identification of Ψ sites. Future 
perspectives on computational prediction of Ψ sites will be 
discussed as well. 

2. DATABASE RESOURCES 

By collecting data from Ψ-seq experiments [8, 24], Li et 
al. constructed the first dataset for identifying Ψ site. Their 
dataset contains 464 Ψ sites from S. Cerevisiae and 102 Ψ 
sites from H. sapiens, which were further classified into 
different groups according to the types of PUS that catalyze 
this modification. The detailed information about this dataset 
(called S1) is available at http://lyh.pkmu.cn/ppus/data.html. 
However, since the negative dataset was not provided, it is 
inconvenient for future works. 

Later on, based on the RMBase that hosts post-
transcriptional modifications [30], Chen et al. built three 
benchmark datasets [27], namely H_990, M_944, and 
S_628,  for training models to identify Ψ sites in H. sapiens, 
M. musculus, and S. Cerevisiae, respectively. The dataset 
H_990 contains 495 positive samples (Ψ site containing 
sequences) and 495 negative samples (non-Ψ site containing 
sequences). M_944 contains 472 positive samples and an 
equal number of negative samples, and S_628 contains 364 
positive samples and an equal number of negative samples. 

The sequences in H_990 and M_944 are 21 nt long, while in 
S_628 are 31 nt long. All the sequences in these datasets 
(called S2) are with sequence similarity less than 60%. The 
detail procedures on how to build these datasets can be found 
in Chen et al’s works [27].  

To validate the stability and generalization ability of the 
proposed Ψ site identification model, two independent 
datasets called H_200 and S_200 were also built by Chen et 
al. H_200 (or S_200) includes 100 Ψ site containing 
sequences and 100 non-Ψ site containing sequences from H. 
sapiens (or S. Cerevisiae). The sequences in the independent 
datasets have the same length as those in H_990 and S_628 
but are independent from the training datasets. The three 
benchmark datasets and the two independent datasets are 
available at http://lin-group.cn/server/iRNAPseu/data. 

3. SEQUENCE REPRESENTATION METHODS 

In order to transfer the RNA sequences into vectors that 
can be processed by machine learning methods, several 
sequence representation methods have been proposed in 
previous studies. The brief descriptions of these methods are 
as follows. 

3.1. One-hot Encoding Scheme 
In terms of the one-hot encoding scheme, the four 

nucleotides, namely A, C, G, and U were represented by 
(1,0,0,0), (0,1,0,0), (0,0,1,0), and (0,0,0,1), respectively. 
Therefore, by using the one-hot encoding scheme [26, 31], 
an RNA sequence with the length of l will be encoded by a 
4l-dimensional vector with the elements are 1 or 0. 

3.2. Nucleotide Chemical Property and Accumulated 
Nucleotide Frequency 

In terms of ring structures, A and G are purines 
containing two rings, whereas C and U are pyrimidines 
containing one ring. When forming secondary structures, C 

 

 

Fig. (1). The general framework of computational methods for identifying Ψ sites. (A higher resolution / colour version of this figure is 
available in the electronic copy of the article). 
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and G form strong hydrogen bonds, whereas A and U form 
weak hydrogen bonds. In terms of amino/keto bases, A and 
C belong to the amino group, while G and U to the keto 
group [32-35]. If represent the four nucleotides in a 
Cartesian coordinate system with its x, y, and z coordinates 
standing for the ring structure, the hydrogen bond, and the 
amino/keto bases, the A, C, G, and U transferred to (1, 1, 1), 
(0, 0, 1), (1, 0, 0), and (0, 1, 0), respectively. 

Besides nucleotide chemical properties, the correlation 
information was also important for Ψ site identification. 
Hence, the accumulated nucleotide frequency di was defined 
as follows [36]. 
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where l is the sequence length, |Ni| is the length of the i-th 
prefix string n1n2…ni in the sequence.  

By integrating nucleotide chemical properties and 
accumulated nucleotide frequency, an RNA sequence with 
the length of l will be encoded by a 4l-dimensional vector. 

3.3. Position-specific Nucleotide Propensity 

In order to include the position-specific information for Ψ 
site identification, the Position-Specific Nucleotide 
Propensity (PSNP) was also proposed to represent the RNA 
sequences. By using PSNP, an RNA sequence with the 
length of l can be represented by an l-dimensional vector P. 
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3.4. Dinucleotide Composition 

The Dinucleotide Composition (DC) reflecting the short-
range correlation in sequences was also employed to encode 
the RNA samples for Ψ site identification. In this case, the 
RNA sequence can be converted into a 16-dimensional 
vector, in which the elements are the occurrence frequency 
of the 16 dinucleotides. 

3.5. Pseudo Dinucleotide Composition 

Inspired by its successful applications in computational 
genomics [37-44], the Pseudo Dinucleotide Composition 
(PseDNC) has also been used for Ψ site recognition. 
PseDNC not only includes the local range sequence order 
information but also the global range sequence order 
information via integrating the nucleotide physicochemical 
properties. The PseDNC can be easily calculated by using 

the webserver PseKNC [45] or the open-source python-
based package PseKNC-General [46]. The detailed 
algorithm about PseDNC can be found in a recent review 
[47]. Based on PseDNC, the RNA sequences can be 
represented as the following formula: 
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fu(u =1, 2, ..., 16) is the occurrence frequency of the u-th 
dinucleotides in the RNA sequence, and  
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where θj is called the j-tier correlation factor that reflects the 
sequence order correlation between all the j-th most 
contiguous dinucleotide along an RNA sequence. 

The correlation function C(Di, Di+j) is given by: 
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where u is the number of RNA physicochemical properties 
considered, Pg(Di) is the numerical value of the g-th (g=1, 2, 
3, ..., u) RNA local structural property for the dinucleotide Di 
at position i and Pg(Di+j) the corresponding value for the 
dinucleotide Di+j at position i + j. 

4. PERFORMANCE EVALUATION 

The performance of existing computational methods for 
identifying Ψ site was evaluated by using Sensitivity (Sn), 
Specificity (Sp), Accuracy (Acc), and Matthew's correlation 
Coefficient (MCC) which are defined as [41, 48-55]. 

100%

100%

100%

( ) ( )
( ) ( ) ( ) ( )

TPSn
TP FN
TNSp

TN FP
TP TNAcc

TP FN TN FP
TP TN FP FNMCC

TP FN TP FP TN FN TN FP

! = "# +#
# = "# +#
$ +# = "

+ + +#
# " % "=#

+ " + " + " +#&

	  

(8)	  

where TP is the number of  Ψ site containing sequences, TN 
is the number of non-Ψ site containing sequences, FN is the 
number of  Ψ site containing sequences predicted as a non-Ψ 
site containing sequences, and FP is the number of non-Ψ 
site containing sequences predicted as Ψ site containing 
sequences. 

The Area Under the Receiver Operating Characteristic 
Curve (AUROC), an indicator of the performance quality of 
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a binary classifier, was also used to objectively evaluate the 
proposed method. The value 0.5 of auROC is equivalent to 
random prediction while 1 of auROC represents a perfect 
one. 

5. EXISTING Ψ SITES PREDICTION METHODS 
In the past several years, five computational methods 

were proposed for the identification of Ψ site. The basic 
information of these methods is summarized in Table 1. 
Since tRNAmod is a webserver only for the prediction of 
tRNA modifications, we only introduced and compared the 
other four methods for identifying Ψ sites. 

Table 1. Summary information on the available methods for 
identifying Ψ site. 

Name Method URL Refs. 

tRNAmod SVM http://crdd.osdd.net/raghava/trnamod/ [25] 

PPUS SVM http://lyh.pkmu.cn/ppus/ [26] 

iRNA-
PseU 

SVM http://lin.uestc.edu.cn/server/iRNA-
PseU 

[27] 

PseUI SVM http://zhulab.ahu.edu.cn/PseUI [28] 

iPseU-
CNN 

CNN 
Not available [29] 

5.1. PPUS 
The computational method for identifying Ψ site, called 

PPUS, was proposed by Li et al. in 2015 [26]. PPUS is a 
Support Vector Machine (SVM) based method, which is able 
to identify Ψ site in both H. sapiens and S. cerevisiae. In 
PPUS, the one-hot encoding scheme was used to represent 
RNA sequences. In the 5-fold cross-validation test, their 
method based on the 464 Ψ sites obtained an auROC of 0.62 
for identifying Ψ site in S. Cerevisiae. They also trained 
PUS-specific models and obtained auROCs of 0.74, 0.80, 
and 0.99 for identifying the Ψ sites catalyzed by PUS1, 
PUS4, and PUS7, respectively. In addition, PPUS was 
further validated on the independent dataset and yielded 
excellent results. PPUS is freely available at 
http://lyh.pkmu.cn/ppus/. 

5.2. iRNA-PseU 
In 2016, Chen and his colleagues proposed iRNA-PseU 

for Ψ site identification, which is also an SVM-based 
predictor [27]. Different from PPUS, the iRNA-PseU is 
trained based on dataset S2 (database resources) and is able 
to identify Ψ sites in H. sapiens, M. musculus, and S. 
Cerevisiae. In iRNA-PseU, the nucleotide chemical property 
and accumulated nucleotide frequency were used to encode 
the RNA sequences. In the 10-fold cross-validation test, 
iRNA-PseU obtained the auROCs of 0.64, 0.75, and 0.81 for 
H. sapiens, M. musculus, and S. cerevisiae, respectively. 
Although the accuracy of iRNA-PseU is not high, it is still 
comparable with that of PPUS.  

The stability of iRNA-PseU was also validated by 
identifying Ψ sites from the independent dataset and by 
comparing it with the experimental result. It was found that 

iRNA-PseU obtained the accuracies of 65.00% and 73.00% 
for identifying Ψ sites in the independent data of H. sapiens 
and S. cerevisiae, respectively. By applying it to the genomic 
region on chromosome XII of S. cerevisiae, iRNA-PseU 
accurately identified five of the six experimentally detected 
Ψ sites. For the convenience of the scientific community,  
the webserver of iRNA-PseU together with the  
dataset used to train and test it are available at 
http://lin.uestc.edu.cn/server/iRNA-PseU. 

5.3. PseUI 

More recently, another SVM-based predictor, called 
PseUI, was developed by He et al. in 2018 [28]. The model 
was trained and tested based on the benchmark dataset 
proposed by Chen et al. In order to improve the accuracy for 
Ψ site identification, the authors firstly measured the 
contribution of five different kinds of features by using the 
sequential forward feature selection strategy, and found that 
the optimal hybrid features for identifying Ψ sites in H. 
sapiens and M. musculus are the combination of PSNP and 
DC, and that for identifying Ψ sites in S. cerevisiae are the 
combination of DC, PSNP, and PseDNC which is defined by 
the free energy, hydrophilicity, and stacking energy [28]. In 
the jackknife test, the accuracies obtained by PseUI are 
64.24%, 66.56%, and 70.44% for H. sapiens, M. musculus, 
and S. cerevisiae, respectively, which are not significantly 
improved compared with 60.04%, 64.49%, and 69.07% 
obtained by iRNA-PseU.  

By testing PseUI on the independent dataset, it only 
obtained an accuracy of 65.50% for identifying Ψ site in H. 
sapiens, which is comparable with that of iRNA-PseU,  
and an accuracy of 68.50% for identifying Ψ site in  
S. cerevisiae, which is lower than that of iRNA-PseU.  
The online webserver for PseUI is available at 
http://zhulab.ahu.edu.cn/PseUI. 

5.4. iPseU-CNN 

Inspired by the wide application of deep learning 
technique in the realm of computational biology, Tahir et al. 
proposed iPseU-CNN, a Convolution Neural Network 
(CNN) based method, for Ψ site identification [29]. In 
iPseU-CNN, the one-hot encoding scheme was used to 
transfer the RNA sequences into a discrete vector. In the 5-
fold cross-validation test, iPseU-CNN obtained the 
accuracies of 66.68%, 68.15%, and 71.81% for identifying Ψ 
site in H. sapiens, M. musculus, and S. cerevisiae, 
respectively. In the independent dataset test, iPseU-CNN 
identified the Ψ sites from H. sapiens and S. cerevisiae with 
an accuracy of 69.00% and 73.50%, respectively. However, 
no webserver or software package was provided for iPseU-
CNN. 

6. VALIDATION ON INDEPENDENT DATASET 
Since the above mentioned four methods are trained by 

using different datasets or measured by using different cross-
validation methods (5-fold, 10-fold or jackknife test), it is 
difficult to evaluate their performances based on the results 
reported in these works. Unbiased performance evaluation of 
these methods should be tested on independent datasets. For 
this aim, the performances of PPUS, iRNA-PseU, PseUI, and 
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iRNA-CNN for identifying Ψ sites in the independent 
datasets are presented in Fig. (2).  

Although PPUS obtained the highest specificity for 
identifying Ψ sites in H. sapiens, its sensitivity, accuracy, 
and MCC are all lower than those obtained by the other three 
methods. The iRNA-CNN outperforms the other three 
methods for identifying Ψ sites in H. sapiens and obtained 
the highest sensitivity, accuracy, and MCC. For identifying 
Ψ sites in S. cerevisiae, iRNA-CNN also performs the best, 
the accuracies and MCC of PPUS, iRNA-PseU rank the 
second. It should also be noticed that the PPUS still obtained 
the highest specificity, indicating a lower false-positive rate. 
Taken together, as indicated in Figure 2, iRNA-PseU and 
iRNA-CNN are the top two predictors for identifying Ψ sites 
in H. sapiens and S. cerevisiae, the other predictors can be 
used as complementary tools. 

CONCLUSION 

In this review, we summarized the existing compu-
tational methods for identifying Ψ sites. By comparing their 
performances, we found that the convolution neural network-
based method iRNA-CNN is the best predictor, and the other 
methods can be used as complementary tools for identifying 
Ψ sites. Although much progress has been made for 
computationally identifying Ψ sites, the predictive results 
yielded by existing computational methods are still 
unsatisfactory. The performances of these methods can be 
improved in the following aspects. 

To train a stable model, the key point is to build a high-
quality benchmark dataset. However, the drawback of 
currently available datasets is that the negative samples were 

randomly selected from the huge number of uridines that are 
not experimentally annotated as Ψ. However, it cannot 
guarantee that the selected uridines are not real pseudo-
uridines. Moreover, such random sampling of negative 
samples will lead to inadequate learning and the models 
trained on such a dataset is unstable. To solve this problem, 
the One-Sided Selection (OSS) undersampling method [56] 
or the Euclidean distance-based method [36] can be used to 
objectively select the negative samples in future works.  

Representation of the RNA sequences in an effective 
method that can truly reflect the intrinsic correlation with the 
attribute to be predicted is another key point to develop a 
robust predictor. The existing tools represent RNA 
sequences only by using the sequence-based features, except 
for tRNAmod, none of the other methods considered the 
RNA secondary structure information that is closely 
correlated with RNA functions. Therefore, the secondary 
structure information that can be obtained by using the 
ViennaRNA package [57] is suggested to be used for Ψ 
identification. 

Besides RNA sequence feature extraction, advanced 
machine learning techniques should also be considered in 
future works. The superiorities of deep learning [58-63], 
extreme learning [64], and ensemble learning method [65-
67] have been demonstrated in the realm of bioinformatics. 
Therefore, these methods could be applied in Ψ site 
detection. 

Another aspect that future works should focus on is to 
select optimal features rather than directly using the 
handcrafted features. Accordingly, the feature selection 
methods, such as analysis of variance (ANOVA), Minimal 

 

Fig. (2). The performances of different methods for identifying Ψ sites in the independent dataset. (A-D) are the performance metrics Sensitivity, 
Specificity, Accuracy, and MCC, respectively. In each figure, the blue bar is for H. sapiens, and the orange bar is for S. cerevisiae. (A higher 
resolution / colour version of this figure is available in the electronic copy of the article). 
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Redundancy Maximal Relevance (mRMR) [68, 69], 
Maximum Relevancy Maximum Distance (MRMD) [70], 
and random forest variable importance score followed by a 
sequential forward search scheme can be used to winnow out 
the optimal features.  

Taken together, we hope that these aspects could be 
considered when developing computational methods for 
identificationΨ sites in future works. 
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