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Abstract
As one of the most popular post-transcriptional modifications, pseudouridine (Ψ) participates in a series of biological processes. 
Therefore, the efficient detection of pseudouridine sites is very important in revealing its functions in biological processes. 
Although experimental techniques have been proposed for identifying Ψ sites at single-base resolution, they are still labor 
intensive and expensive. Recently, to fill the experimental method’s gap, computational methods have been proposed for iden-
tifying Ψ sites. However, their performances are still unsatisfactory. In this paper, we proposed an eXtreme Gradient Boosting 
(xgboost)-based method, called XG-PseU, to identify Ψ sites based on the optimal features obtained using the forward feature 
selection together with increment feature selection method. Our results demonstrated that XG-PseU is superior or at least com-
plementary to existing methods for identifying pseudouridine sites. Finally, a freely available online web server for XG-PseU was 
established at http://www.bioml .cn/. We wish that XG-PseU will become a useful tool for computationally identifying Ψ sites.

Keywords Pseudouridine · eXtreme Gradient Boosting · Feature selection · Web server

Introduction

Pseudouridine (Ψ) is one kind of RNA modifications (Boc-
caletto et al. 2018) and has been found in various RNAs 
from all kingdoms of life (Ge and Yu 2013; Hudson et al. 
2013). There are two ways to catalyze pseudouridine 

modification. One way is through pseudouridine synthases 
(PUS) which isomerize uridines at specific position in RNA 
(Ferre-D’Amare 2003; Hamma and Ferre-D’Amare 2006), 
and the other one is dependent on the H/ACA nucleic acid 
protein complex (Kiss et al. 2006; Ye 2007). The formation 
of Ψ is through the isomerization of uracil in which the ura-
cil binds to ribose via C5 instead of N1.

Recently, with the deepening of epigenetics research, 
more and more researches about Ψ have been done. For 
example, changes of pseudouridine in rRNA can affect the 
susceptibility of bacteria to antibiotics (Toh and Mankin 
2008). Elimination of rRNA by CBF5 deletion in S. cer-
evisiae is fatal (Jiang et al. 1993; Zebarjadian et al. 1999). 
The absence of PUS1 leads to growth defects in S. cerevi-
siae and mutations in human PUS1 lead to mitochondrial 
myopathy and sideroblastic anemia. (Fujiwara and Harigae 
2013, 2019). In addition, PUS7 inactivation in embryonic 
stem cells impairs tRNA-derived small fragments-mediated 
translation regulation, leading to increased protein biosyn-
thesis and defective germ layer specification (Guzzi et al. 
2018). Thus, it is necessary to reveal the biological functions 
of pseudouridine. The key step for this aim is to accurately 
find the pseudouridine site in the transcriptome.

There are two main ways to detect Ψ sites. One way is 
to use experimental methods such as Ψ-seq, Pseudo-seq, 
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and CeU-Seq (Basak and Query 2014; Carlile et al. 2014; 
Schwartz et al. 2014; Li et al. 2015a). Although these meth-
ods are labor intensive and expensive for transcriptome-wide 
detection of Ψ sites, they play important roles and provide 
key clues for the researches on Ψ modifications. The other 
one is to use computational methods to predict Ψ sites. In 
2015, Li et al. (2015b) built the first computational model 
called PPUS to predict the PUS-specific Ψ sites in H. sapi-
ens and S. cerevisiae. Later on, Chen et al. (2016b) devel-
oped another model called iRNA-PseU to identify Ψ sites 
in H. sapiens, S. cerevisiae, and M. musculus. The model 
improves the accuracy of the prediction of Ψ sites by the 
method of nucleotide density and their chemical properties. 
Inspired by these works, to further improve the accuracy for 
identifying Ψ sites, He et al. proposed the PseUI (He et al. 
2018), in which hybrid features including nucleotide com-
position, pseDNC position-specific nucleotide propensity 
were used to encode the RNA sequences. More recently, 
iPseU-CNN model was developed by using the method of 
convolutional neural network (Tahir et al. 2019). Although 
iPseU-CNN improves the accuracy of computationally iden-
tifying Ψ sites, it is not convenient to use since no accessible 
web server or open-source code was provided.

In this article, we proposed a new model called XG-PseU 
to identify Ψ sites. According to the latest RMBase2.0 data-
base, we first built the high-quality benchmark datasets of 
H. sapiens, M. musculus, and S. cerevisiae. The nucleotide 
composition, dinucleotide composition, trinucleotide com-
position, nucleotide chemical property, nucleotide density 
(ND), one-hot and their combinations were used to represent 
samples in the datasets. The forward feature selection and 
increment feature selection techniques were used to find the 

optimal features which were used as the input of eXtreme 
Gradient Boosting (XGboost) to perform the prediction. The 
flowchart for building XG-PseU is shown in Fig. 1.

Benchmark datasets

In 2016, Chen et al. built the training datasets for compu-
tationally identifying Ψ sites in H. sapiens, M. musculus, 
and S. cerevisiae. In the current study, since the RMBase 
was updated, we updated the training datasets based on the 
RMBase v2.0 (Xuan et al. 2018) and the datasets built by 
Chen et al. (2016b), and obtained three new training data-
sets based namely NH_990, NM_944, and NS_627, which 
have 26, 10, and 1 more samples for H. sapiens, M. muscu-
lus, and S. cerevisiae than those in the original dataset. The 
new datasets are available at http://www.bioml .cn/data.html. 
According to our previous experience (Chen et al. 2016b), 
the sequences in NH_990 and NM_944 are 21 nt, while 
those in NS_627 are 31 nt. The detail information of these 
datasets is shown in Table 1.

The independent datasets (H_200 and S_200) built by 
Chen et al. were also used to evaluate the proposed method, 
and the detail information of the independent datasets is 
introduced by Chen et al. (2016b).

Feature extraction

Feature extraction is an important step in model construc-
tion. The commonly used six features namely nucleotide 
composition (NC), dinucleotide composition (DNC), 

Fig. 1  The framework of building XG-PseU
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trinucleotide composition (TNC), nucleotide chemical prop-
erty (NCP), nucleotide density (ND), and one-hot encode 
(one hot) were employed to represent the samples in the 
dataset.

NC, DNC, TNC

NC, DNC, and TNC are the most common feature extrac-
tion methods (Zhang et al. 2011; Brayet et al. 2014). NC 
is a four-dimensional vector that includes the occurrence 
frequency of the four nucleotides. Similarly, DNC and TNC 
are 16-dimensional and 64-dimensional vectors that include 
the frequency of the 16 dinucleotides and 64 trinucleotides, 
respectively. They can be written as following vector,

where f k
i
 is the frequency of the ith k-tuple nucleotide in the 

RNA sequence. k = 1, 2, and 3 corresponds to NC, DNC, and 
TNC, respectively.

NCP

According to their chemical structure and functionality, A, 
C, G, and U can be classified into three different groups and 
defined as follows (Chen et al. 2016b). Therefore,

where

Thus, A, U, C, and G can be represented by (1, 1, 1) , 
(0, 0, 1) , (0, 1, 0) , (1, 0, 0) , respectively.

ND

ND considers nucleotide position and frequency (Chen et al. 
2016b), and is defined as follows:

(1)Dk =
[
f k
1
, f k
2
,… f k

i
,… , f k

4k

]

(2)Ni =
(
xi, yi, zi

)

(3)
xi =

{
1, if Ni ∈ {A,G}

0, if Ni ∈ {C,U}
; yi =

{
1, if Ni ∈ {A,C}

0, if Ni ∈ {G,U}
;

zi =

{
1, if Ni ∈ {A,U}

0, if Ni ∈ {C,G}
.

where di is the density of the nucleotide Nj at position i of a 
RNA sequence, ||Si|| is the length of the sliding substring, � 
the corresponding locator’s sequence position.

For example, suppose a RNA sequence is “AUC GAG 
”. The density of “A” is 1 (1/1), 0.33 (2/5) at positions 
1 and 5, respectively. The density of “U” is 0.5 (1/2) at 
position 2. The density of “C” is 0.33 (1/3) at position 3. 
The density of “G” is 0.25 (1/4), 0.33 (2/6) at positions 4 
and 6, respectively.

One‑hot

According to one-hot encoding scheme, the four bases in 
RNA can be encoded by 0 and 1, and thus A, U, C, G can 
be converted to (1, 0, 0, 0), (0, 1, 0, 0) (0, 0, 1, 0) (0, 0, 
0, 1), respectively. Therefore, a ξ-nt long RNA sequence 
can be represented by a 4ξ-dimensional vector (Tahir et al. 
2019).

Classification engine

eXtreme Gradient Boosting (XGboost) (Chen and Guestrin 
2016) is a machine learning algorithm based on tree model. 
It has been widely used in the recent papers (Wang et al. 
2019; Yao et al. 2019). By adding regularization items to 
the cost function, the complexity of the model was con-
trolled. This procedure prevents overfitting of the model. 
What’s more, the XGboost supports parallel computing, 
which makes it faster and more flexible to use. Therefore, 
the XGboost was used to perform the classification in the 
present work. The range of its parameter selection is shown 
in Table 2.

(4)di =
1

||||Si||||
�∑
j=1

f
(
Nj

)

(5)f
(
Nj

)
=

{
1, if Nj is the nucleotide concerned

0, otherwise

Table 1  The information 
of training datasets and 
independent datasets

NH_990, NS_627, NM_944 are the training datasets for H. sapiens, S. cerevisiae, and M. musculus, 
respectively
H_200, S_200 are the independent test datasets for H. sapiens, S. cerevisiae

Species H. sapiens M. musculus S. cerevisiae H. sapiens S. cerevisiae

Positive 495 472 314 100 100
Negative 495 472 313 100 100
Length (bp) 21 21 31 21 31
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Feature selection

To effectively represent RNA sequences, as described 
above, six kinds of sequence encoding scheme will be 
employed to encode RNA sequences. To avoid the over-
fitting problem, a two-step feature selection technique was 
used to determine the optimal features.

At first, the forward feature selection (Wang et al. 2011; 
Liu et al. 2015) method was used to select optimal features 
from the six kinds of feature extraction methods. For this 
aim, we initially calculated the prediction accuracy of the 
six feature extraction methods and selected out the feature 
with the highest accuracy. The process was repeated until 
the selected feature combination has the highest accuracy. 
Subsequently, the increment feature selection (IFS) (Chen 
et al. 2016c; Yang et al. 2016; Tang et al. 2018) was used 
to sort the importance of the features obtained by forward 
feature selection. To do so, we built the XGboost model 
by using the feature that ranks the first in the forward fea-
ture selection step. Then the second feature was added to 
build a new model. This process was repeated until all 
the features obtained in the forward feature selection step 
were added. For each iteration, an XGboost model will be 
built and an accuracy will be obtained. Accordingly, a IFS 
can be plotted with the abscissa indicating the number of 
features and the ordinate indicating the accuracy. When 
the IFS curve reaches its peak, the optimal features were 
obtained.

Cross validation

Since the K-fold (K = 5 or 10) cross validation is widely 
used to evaluate a computational model (Li et al. 2016; 
Vuckovic et al. 2016; Dezman et al. 2017), the 10-cross-
validation test was used to measure the performance of 
the proposed method. To objectively validate its stability, 
the proposed method was also tested on the independent 
dataset.

Evaluation metrics

The parameters used to evaluate the quality of the classifier 
are sensitivity (Sn), specificity (Sp), accuracy (Acc), and 
Matthews correlation coefficient (Mcc), which have been 
widely used to evaluate the quality of the classifier (Chou 
2001; Feng et al. 2013; Chen et al. 2016a, 2019; Le 2019; Le 
et al. 2019a, b). Their definitions are as follows:

where N+ is the number of the Ψ site containing sequences; 
N− the number of non-Ψ site containing sequences. N+

−
 is the 

number of Ψ site containing sequences incorrectly predicted 
as non-Ψ site containing sequences. N−

+
 represents the num-

ber of non-Ψ site containing sequences incorrectly predicted 
as Ψ site containing sequences.

Results

Parameter optimization

To determine the optimal features, we first compared the 
contributions of the six kinds of features for the identifica-
tion of Ψ sites using forward feature selection. The predic-
tive accuracy for identifying Ψ sites using the six kinds of 
features and their combinations is provided in Supplemen-
tary Tables S1–S3. The optimal features and their corre-
sponding accuracies for identifying Ψ sites in H. sapiens, M. 
musculus, and S. cerevisiae are reported in Table 3.

It was found that, for different species, the optimal fea-
ture subsets are different. The optimal feature subsets for H. 
sapiens is the combination of NCP, DNC, and TNC, that 
for M. musculus is one-hot, TNC, NCP, ND, and DNC, and 

(6)

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

Sn = 1 −
N

+
−

N+

Sp = 1 −
N

−
+

N−

Acc = 1 −
N

+
−
+N−

+

N+N−

Mcc =
1−

N
+
−+N−

+

N+N−��
1+

N
−
+
−N+−

N+

��
1+

N+−−N−
+

N−

�

Table 2  Parameter selection range and step size of the Xgboost

Parameter Range Step

Learning_rate 0.1 –
N_estimators (30, 50) 10
Max_depth (3, 7) 2
Min_child_weight (3, 7) 2
Subsample (0.6, 0.9) 0.1
Colsample_bytree (0.6, 0.9) 0.1
Reg_alpha 0.1 –
Reg_lambda 0.1 –

Table 3  Optimal subset of features after forward feature selection on 
training datasets

Specie Accuracy (%) Feature subset

H. sapiens 64.35 NCP + DNC + TNC
M. musculus 72.02 One-hot + TNC + NCP + ND + DNC
S. cerevisiae 67.29 NCP + TNC + DNC + One-hot

Author's personal copy
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the combination of NCP, TNC, DNC, and one-hot is the 
optimal features of S. cerevisiae. This may be due to the 
different nucleotide compositions surrounding Ψ sites in 
these species.

To test this hypothesis, we compared the nucleotide com-
position between the positive and negative samples of these 
species using the Two Sample Logo (Vacic et al. 2006) soft-
ware. It was found that the nucleic acid sequences of the 
positive and negative samples near the central site (Ψ/U) 
have a strong species positional specificity, Fig. 2. For H. 
sapiens, the enrichment of G, U was observed at the 6th, 
9th, and 10th positions of the upstream sequences, and the 
enrichment of A/U, C, G was observed at the 12th, 13th, 
14th, 18th, and 20th positions of the downstream sequences. 
For M. musculus, the enrichment of C, G, U was observed at 
the 2nd, 9th, and 10th positions of the upstream sequences, 
and the enrichment of A/U, C/U, U was observed at the 12th, 
13th, and 18th positions of the downstream sequences. For 

S. cerevisiae, the enrichment of U was observed at the 14th 
position of the upstream sequences, and the enrichment of G 
was observed in both upstream and downstream sequences. 
This result explained why the different optimal feature com-
binations were obtained for different species.

To improve the performance, the IFS curves for H. sapi-
ens, M. musculus, and S. cerevisiae are plotted in Fig. 3. 
As shown in Fig. 3, when the 83, 52, and 35 optimal fea-
tures were used, the best predictive accuracies of 66.1%, 
73.4%, and 71.1% were obtained for identifying Ψ sites in 
H. sapiens, M. musculus, and S. cerevisiae, respectively. It 
was found that the accuracies are 1.75%, 1.38%, and 3.81% 
higher than that by only using forward feature selection. 
Therefore, in the following analysis, the optimal features 
thus obtained were used to build computational models in 
H. sapiens, M. musculus, and S. cerevisiae, respectively. The 
corresponding parameters of the XGboost for each species 

Fig. 2  The nucleotide composition preferences of Ψ site and non-Ψ 
site containing sequences. The three figures from top to down are 
based on the sequences from NH_990 (H. sapiens), NM_944 (M. 

musculus), and NS_627 (S. cerevisiae), respectively. In each figure, 
the top panel is for the Ψ site containing sequences and the down 
panel is for non-Ψ site containing sequences

Author's personal copy
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are listed in Table 4, which is obtained by a grid search 
under the 10-cross-validation test.

Based on the optimal features and parameters obtained 
above, the tenfold cross-validation test results of the pro-
posed methods for identifying Ψ sites in each species are 
listed in Table 5. Moreover, we also plotted the ROC curves 
to objectively evaluate the models for identifying Ψ sites 
in H. sapiens, M. musculus, and S. cerevisiae, as shown in 
Fig. 4. In the tenfold cross-validation test, the area under 
the ROC curve (AUC) of H. sapiens, S. cerevisiae, and M. 
musculus was 0.70, 0.77, and 0.74, respectively.

Comparison with other methods

To further demonstrate its performance, we compared XG-
PseU with other existing methods (iRNA-PseU, PseUI, 

iPseU-CNN) for identifying Ψ sites. Since iRNA-PseU, 
PseUI, iPseU-CNN are all trained based on the dataset 
built by Chen et al., for a fair comparison, we retrained the 
XGboost on the same dataset. The detailed information 
about the optimal features and parameters of the XGboost-
based model is provided in Supplementary Tables S4–S6 
and Supplementary Figure S1. The tenfold cross-validation 
test results are reported in Table 6.

Although the accuracy of our proposed XGboost-based 
method for identifying Ψ sites in H. sapiens is a little 
lower than that of iPseU-CNN which is the best predictor 

Fig. 3  The IFS curves used to sort the importance of the features 
obtained by forward feature selection, a H. sapiens, b M. musculus, 
and c S. cerevisiae. The abscissa is the number of features and the 

ordinate is the accuracy for Ψ sites identifying in tenfold cross-valida-
tion test. The optimal number of features was obtained when the IFS 
curve reached the peak

Table 4  The parameters of the XGboost for the model of each species

Species Estimators Depth Min_
child_
weight

Subsample Colsample

H. sapiens 40 3 3 0.7 0.7
M. musculus 30 3 5 0.6 0.6
S. cerevisiae 30 5 3 0.7 0.7

Table 5  The performance of the model for identifying Ψ sites in each 
species

Species Acc (%) Sn (%) Sp (%) Mcc

H. sapiens 66.05 63.45 68.65 0.32
M. musculus 71.10 65.92 76.30 0.43
S. cerevisiae 73.42 77.35 69.48 0.47

Fig. 4  A graphical illustration to show the performance of the model 
by means of the ROC curves obtained from the tenfold cross-valida-
tion test. The vertical coordinate is the true positive rate (sensitivity) 
while the horizontal coordinate is the false positive rate (1-specificity)

Author's personal copy
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at present, the proposed method obtained an accuracy of 
68.15% which is the same as that of iPseU-CNN for iden-
tifying Ψ sites in S. cerevisiae. Moreover, our proposed 
XGboost-based method obtained the best accuracy of 
72.03% for identifying Ψ sites in M. musculus. These results 
demonstrate the reliability of XGboost-based method in 
identifying Ψ sites.

Validation of the methods on independent dataset

To further demonstrate the generalization ability of the 
existing methods for identifying Ψ sites, we validated them 
on the independent datasets built by Chen et al. (2016b). 
It should be pointed out that since no web server or source 
code was provided by iPseU-CNN, the comparisons were 

performed between the proposed method with the other 
remaining methods (i.e., PPUS, iRNA-PseU and PseUI). 
To provide an intuitive view of the performance of different 
methods, their predictive results in the independent datasets 
are shown in Fig. 5. As indicated in Fig. 5, our proposed 
XGboost-based method with the accuracy of 67.5% ranks 
the first for identifying Ψ sites in H. sapiens, and is compa-
rable with iRNA-PseU and PPUS for identifying Ψ sites in 
S. cerevisiae. These results demonstrate that the proposed 
XGboost-based method, PPUS, iRNA-PseU, and PseUI are 
complementary tools for identifying Ψ sites.

Discussion

In this work, a new method called XG-PseU was proposed to 
identify pseudouridine sites. Due to the distinct nucleotide 
compositions between Ψ sites and non-Ψ sites containing 
sequences in H. sapiens, S. cerevisiae, and M. musculus, dif-
ferent parameters were set for XGboost to build the compu-
tational models in these three species. Considering that the 
existing methods were trained or tested based on different 
dataset or different cross-validation methods, to objectively 
validate its performance, the XG-PseU was compared with 
the existing methods on an independent dataset. The results 
demonstrate that XG-PseU is superior or at least comple-
mentary to the existing methods of identifying pseudouri-
dine sites. Based on the proposed method, a freely accessible 
web server was proposed at http://www.bioml .cn/, by which 
the users can detect the potential pseudouridine sites in H. 
sapiens, S. cerevisiae, and M. musculus. We hope that XG-
PseU will become a useful computational tool for identify-
ing pseudouridine sites.

Table 6  Comparative results of different methods for identifying Ψ 
sites in each species

iRNA-PseU is the predictor developed by Chen et  al.; PseUI is the 
predictor developed by He et  al.; and iPseU-CNN is the predictor 
developed by Tahir et al. in 2019

Species Methods Acc (%) Sn (%) Sp (%) Mcc

H. sapiens iRNA-PseU 60.40 61.01 59.80 0.21
PseUI 64.24 64.85 63.64 0.28
iPseU-CNN 66.68 65.00 68.78 0.34
XGboost 65.44 63.64 67.24 0.31

S. cerevisiae iRNA-PseU 64.49 64.65 64.33 0.29
PseUI 65.13 62.74 67.52 0.30
iPseU-CNN 68.15 66.36 70.45 0.37
XGboost 68.15 66.84 69.45 0.37

M. musculus iRNA-PseU 69.07 73.31 64.83 0.38
PseUI 70.44 74.58 66.31 0.41
iPseU-CNN 71.81 74.79 69.11 0.44
XGboost 72.03 76.48 67.57 0.45

Fig. 5  The detail predictive 
results of PPUS, iRNA-PseU, 
PseUI, and the proposed method 
based on the independent 
dataset of a H. sapiens and b S. 
cerevisiae. Each row is a sample 
in the independent dataset (the 
first 100 rows indicate the posi-
tive samples and the remaining 
100 indicate the negative sam-
ples). The correctly identified 
ones are highlighted in red and 
the counterparts are in blue. The 
accuracies of each method are 
provided on the bottom panel 
(color figure online)
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