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a b s t r a c t
2′-O-methylationation is an important post-transcriptional modiﬁcation and plays important roles in many biological processes. Although experimental technologies have been proposed to detect 2′-O-methylationation sites,
they are cost-ineffective. As complements to experimental techniques, computational methods will facilitate the
identiﬁcation of 2′-O-methylationation sites. In the present study, we proposed a support vector machine-based
method to identify 2′-O-methylationation sites. In this method, RNA sequences were formulated by nucleotide
chemical properties and nucleotide compositions. In the jackknife cross-validation test, the proposed method obtained an accuracy of 95.58% for identifying 2′-O-methylationation sites in the human genome. Moreover, the
model was also validated by identifying 2′-O-methylation sites in the Mus musculus and Saccharomyces cerevisiae
genomes, and the obtained accuracies are also satisfactory. These results indicate that the proposed method will
become a useful tool for the research on 2′-O-methylation.
© 2016 Elsevier Inc. All rights reserved.

1. Introduction
The 2′-O-methylationation is a common post-transcriptional modiﬁcation and has been discovered from archaea to human [1]. The 2′O-methylationation is catalyzed by 2′-O-methylationtransferase [2]. Directed by small nucleolar RNAs [3], a methylation group is added to the
2’ hydroxyl group of the ribose moiety of a nucleotide (Fig. 1). It has
been demonstrated that most 2′-O-methylated sites are clustered
around functionally important regions of rRNAs and inﬂuence ribosome
structure and function [4]. The 2′-O-methylation also occurs within the
cap structure of mRNAs and provides a molecular signature for the distinction of self versus non-self mRNA by the RNA sensor Mda5 [5,6].
Recently, RNA was considered to be related to several diseases by the
post-transcriptional regulation function [7,8]. Detection of 2′-O-methylated nucleotides and the mechanistic study of this post-transcriptional
modiﬁcation are important for the understanding of RNA biogenesis
and function as well as its mechanisms regulating gene expression. To
this end, in the past decades, many experimental techniques, such as
the reverse transcription based method [9], RNase H based method
[10] and RTL-P method [6], have been proposed to detect 2′-O-methylation in Homo sapiens (H. sapiens), Mus musculus (M. musculus) and Saccharomyces cerevisiae (S. cerevisiae) genomes. However, these methods
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are still expensive and time consuming in performing genome-wide
analysis. With the rapid increasing number of sequenced genomes, it
is highly desired to develop automated methods for timely identifying
2′-O-methylation sites. As excellent complements to experimental
techniques, computational methods will speed up genome-wide 2′-Omethylation site detection.
Based on the experimental 2′-O-methylation data of H. sapiens, in
the present study, a support vector machine (SVM) based model was
proposed to identify 2′-O-methylation sites by encoding RNA sequences
using nucleotide chemical properties and nucleotide compositions. Results from the jackknife test show that the proposed method obtained
an accuracy of 95.58% for identifying 2′-O-methylation sites in
H. sapiens. To demonstrate its effectiveness, the method trained on the
H. sapiens was also applied to identity 2′-O-methylation sites in
M. musculus and S. cerevisiae genomes, and yielded encouraging results
as well.
2. Materials and methods
2.1. Dataset
RNA sequences containing experimentally validated 2′-O-methylation sites in H. sapiens were downloaded from RMBase [11]. All sequences are 41-nt long with the 2′-O-methylation site in the center.
As elaborated in [12], a dataset including many high similar samples
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Fig. 1. Illustration of the 2′-O-methylationation. 2′-O-methylationation is catalyzed by 2′-O-methylationtransferase and a methylation group is added to the 2′ hydroxyl group of the ribose
moiety of a nucleotide. The “Base” can be adenine (A), guanine (G), cytosine (C) or uracil (U).

would be lack of statistical representativeness and increase the risk of
model overtraining. A predictor, if trained and tested by such a biased
benchmark dataset, might yield misleading results with overestimated
accuracy. To avoid redundancy and reduce the homology bias, sequences with more than 80% sequence similarity were removed by
using the CD-HIT program [13]. After such a screening procedure, we
obtained 147 2′-O-methylation sites in H. sapiens, which were deemed
as positive samples.
The negative samples were obtained by choosing the 41-nt long sequences that satisfy the rule that all the nucleotides in the 41-nt long
segment were not experimentally conﬁrmed to be 2′-O-methylated.
By doing so, we obtained a great number of negative samples. Therefore,
the number of negative samples will be dramatically larger than those
of positive samples. In machine-learning problems, imbalanced datasets
can signiﬁcantly affect the accuracy of learning methods. To balance out
the numbers between positive and negative samples in model training,
we randomly picked out 147 sequences to form the negative samples.
Finally, we obtained a benchmark dataset containing 147 true 2′-Omethylation site containing sequences and 147 false 2′-O-methylation
site containing sequences of H. sapiens, which are available in Supplementary material S1.
2.2. Support vector machine
Support vector machine (SVM) is a machine learning algorithm and
has been successfully used in the realm of bioinformatics [14–21]. The
basic idea of SVM is to transform the input data into a high dimensional
feature space and then determine the optimal separating hyperplane. In
the current study, the LibSVM package 3.18 was used to implement
SVM, which can be freely downloaded from http://www.csie.ntu.edu.
tw/~cjlin/libsvm/. Because of its effectiveness and speed in training process, the radial basis kernel function (RBF) was used to obtain the classiﬁcation hyperplane in the current study. In the SVM operation engine,
the grid search method was applied to optimize the regularization parameter C and kernel parameter γ using a grid search approach deﬁned
by


2−5 ≤C ≤ 215
2−15 ≤γ ≤ 2−5

with step of 2
with step of 2−1

ð1Þ

2.3. Chemical property
There are four kinds of nucleotides in RNA, namely, adenine (A),
guanine (G), cytosine (C) and uracil (U). As shown in Fig. 2, adenine
and guanine have two rings, while cytosine and uracil have only one
ring. When forming secondary structures, in terms of hydrogen bond,
guanine and cytosine have strong hydrogen bonds, whereas adenine
and uracil have weak hydrogen bonds. In terms of chemical functionality, adenine and cytosine can be classiﬁed into the same group, called
amino group, while guanine and uracil into the keto group. Accordingly,
the four nucleotides can be classiﬁed into three different groups according to these three chemical properties, Fig. 3.
In order to include these chemical properties in RNA encoding, three
coordinates (x, y, z) were used to represent the three chemical groups
and assign 1 or 0 values, respectively. Each nucleotide can be encoded
by the following formula [22],

xi ¼

1 if
if
if
if
if
if

0
1
yi ¼
0
1
zi ¼
0

si ∈fA; Gg
si ∈fC; Ug
si ∈fA; Cg
si ∈fG; Ug
si ∈fA; Ug
si ∈fC; Gg

ð2Þ

Thus, A can be represented by the coordinates (1, 1, 1), C by the coordinates (0, 1, 0), G by the coordinates (1, 0, 0), U by the coordinates (0,
0, 1).
2.4. Nucleotide composition
For the purpose of including nucleotide composition surrounding
the 2′-O-methylation sites as well, the density di of any nucleotide nj
at position i in a RNA sequence was deﬁned by the following formula.
di ¼

l
   
1 X
f nj ; f nj ¼
jNi j j¼1



1 if n j ¼ q
0 othercases

ð3Þ

where l is the sequence length, |Ni | is the length of the i-th preﬁx string
{n1, n2, …, ni} in the sequence, q∈{A, C, G, U}.

Fig. 2. Illustration to show the structure of paired nucleic acid residues. The left panel is the A-U pair which has 2 hydrogen bonds; the right panel is the G-C pair which has 3 hydrogen
bonds.
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Table 1
Predictive results by using different features for identifying 2′-O-methylation sites in human genome.
Features

Sn (%)

Sp (%)

Acc (%)

MCC

Functional Group
Ring Structure
Hydrogen Bond
Nucleotide composition
Hybrida

81.63
85.03
78.91
54.42
92.52

98.64
94.56
93.20
76.87
98.64

90.14
89.80
86.05
65.65
95.58

0.81
0.80
0.73
0.32
0.91

a

Fig. 3. Cluster of nucleotides according to their chemical properties. The ﬁrst circle shows
the chemical properties. The second circle shows the detailed clusters. The third circle
shows the nucleotides.

Therefore, by integrating the three nucleotide chemical properties
and nucleotide composition, each sample in the benchmark dataset
was encoded by a 164 (4 × 41)-dimensional vector and was used as
the input vector of SVM.
2.5. Performance evaluation
The performance of the proposed method was evaluated by using
the following four metrics [23,24], namely sensitivity (Sn), speciﬁcity
(Sp), Accuracy (Acc) and the Mathew's correlation coefﬁcient (MCC),
which are expressed as
8
TP
>
>
Sn ¼
 100%
>
>
TP
þ FN
>
>
>
>
>
TN
>
>
>
< Sp ¼ TN þ FP  100%
TP þ TN
>
>
>
 100%
Acc ¼
>
>
TP
þ
FN
þ TN þ FP
>
>
>
>
>
ðTP  TNÞ−ðFP  FNÞ
>
>
: MCC ¼ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ðTP þ FN Þ  ðTP þ FP Þ  ðTN þ FNÞ  ðTN þ FPÞ

ð4Þ

where TP, TN, FP, and FN represent true positive, true negative, false positive, and false negative, respectively.
3. Results and discussions
3.1. Identiﬁcation of 2′-O-methylation sites
In statistical prediction, three cross-validation methods, i.e., independent
dataset test, sub-sampling (or K-fold cross-validation) test, and jackknife test, are often used to evaluate the anticipated success rate of a
predictor. Among the three methods, the jackknife test is deemed the
least arbitrary and most objective as demonstrated by Eqs. 28–32 in
[12]. Hence, it has been widely and increasingly adopted by investigators to examine and compare the quality of various predictors
[25–29]. Thus, the jackknife test was used to examine the performance
of the proposed model. In the jackknife test, each sample in the training
dataset is in turn singled out as an independent test sample and all the
properties are calculated without including the one being identiﬁed.

Hybrid represents combining all of the four kinds of features together.

The jackknife test results obtained by the method based on the
benchmark dataset are listed in Table 1. As shown in Table 1, the method obtained an accuracy of 95.58%, with the sensitivity of 92.52%, speciﬁcity of 98.64% and MCC of 0.91. In order to investigate the contribution
of different features for identifying 2′-O-methylation sites, we also performed the prediction using nucleotide chemical properties and nucleotide composition on the benchmark dataset, respectively. The
jackknife test results by using each kind of these features are also reported in Table 1. In comparison with nucleotide composition, nucleotide chemical properties achieved a higher accuracy, suggesting that
they play more important roles for 2′-O-methylation site identiﬁcation.
Among the three considered nucleotide chemical properties, the functional group yields the highest accuracy (90.14%), indicating that it
has the largest contribution for 2′-O-methylation site identiﬁcation in
the current method and the other three features (ring structure, hydrogen bond and nucleotide frequency) are complementary for the
identiﬁcation.
3.2. Validation on other species
To further verify the power of the proposed method trained on the
H. sapiens genome, we also applied it to identify 2′-O-methylation
sites in the M. musculus and S. cerevisiae genomes. According to the
RMBase database [11], we obtained 27 and 133 experimentally conﬁrmed 2′-O-methylation sites containing sequences in M. musculus
and S. cerevisiae genomes, respectively. All sequences are also 41-nt
long with the 2′-O-methylation site in the center and available in Supplementary materials S2 and S3, respectively. The proposed method
correctly identiﬁed 27 and 125 2′-O-methylation sites in M. musculus
and S. cerevisiae genomes, respectively. These results indicate that the
proposed method is quite promising and holds the potential to become
a useful tool in identifying 2′-O-methylation sites in other species.
4. Conclusions
By using nucleotide chemical properties and nucleotide composition, a support vector machine-based model was proposed to identify
2′-O-methylation sites. An overall accuracy of 95.58% was obtained for
identifying 2′-O-methylation sites in the H. sapiens genome. To identify
the key features for 2′-O-methylation sites identiﬁcation, a comparison
experiment was carried out among different models built by using different kinds of parameters. Jackknife test results show that the functional group has the largest contribution for 2′-O-methylation site
identiﬁcation.
Although the model is trained based on the data from human genome, it is encouraging that the predictive results of the method for
identifying 2′-O-methylation sites in M. musculus and S. cerevisiae genomes are also quite good, indicating that our model is robust and ingenious. Therefore, we hope that our method will be helpful for
identifying 2′-O-methylation sites and provide some novel insights
into the research on RNA post-transcriptional modiﬁcations. We also
plan to extend our method on more large scale datasets with advanced
parallel computational techniques [30].
Supplementary data to this article can be found online at http://dx.
doi.org/10.1016/j.ygeno.2016.05.003.
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