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TargetM6A: Identifying N6-Methyladenosine Sites
From RNA Sequences via Position-Specific
Nucleotide Propensities and a
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Abstract— As one of the most ubiquitous post-transcriptional
modifications of RNA, N6 -methyladenosine (m6 A) plays an essential role in many vital biological processes. The identification
of m6 A sites in RNAs is significantly important for both basic
biomedical research and practical drug development. In this
study, we designed a computational-based method, called TargetM6A, to rapidly and accurately target m6 A sites solely from
the primary RNA sequences. Two new features, i.e., positionspecific nucleotide/dinucleotide propensities (PSNP/PSDP), are
introduced and combined with the traditional nucleotide composition (NC) feature to formulate RNA sequences. The extracted
features are further optimized to obtain a much more compact
and discriminative feature subset by applying an incremental
feature selection (IFS) procedure. Based on the optimized feature
subset, we trained TargetM6A on the training dataset with a
support vector machine (SVM) as the prediction engine. We compared the proposed TargetM6A method with existing methods
for predicting m6 A sites by performing stringent jackknife tests
and independent validation tests on benchmark datasets. The
experimental results show that the proposed TargetM6A method
outperformed the existing methods for predicting m6 A sites and
remarkably improved the prediction performances, with MCC
= 0.526 and AUC = 0.818. We also provided a user-friendly web
server for TargetM6A, which is publicly accessible for academic
use at http://csbio.njust.edu.cn/bioinf/TargetM6A.
Index Terms— Incremental feature selection, N 6 methyladenosine,
position-specific
nucleotide
propensity,
RNA methylation, support vector machine.
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I. I NTRODUCTION
OST-translational modification (PTLM) of proteins is an
important biological mechanism because it is associated
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with many major diseases [1]. A similar subtle modification,
the so-called post-transcriptional modification (PTCM), may
also occur in RNA sequences. The PTCMs of RNA are
very common and important in living organisms [2], [3].
To date, more than 100 PTCMs have been discovered in native
cellular RNAs, including mRNAs and other RNAs [4], [5].
Among these modifications, N6 -methyladenosine (m6 A) is
the most ubiquitous internal modification, which plays an
important role in regulating gene expression [6]–[9]. As shown
in Fig. S1 (see Supplementary Material II), methylation
occurs on the sixth nitrogen atom of adenine, which is catalyzed by N6 -methyladenosine methyltransferase (a complex
composed of METTL3, METTL14, and WTAP) [10], [11],
and the reverse process is catalyzed by demethylases
(FTO or ALKBH5) [12], [13].
Since it was first identified in mammalian mRNA during
the mid-1970s [14], m6 A has been studied for decades to
determine its exact functions and mechanisms. A series of
studies have proven that m6 A plays an essential role in
diverse biological processes. Deng et al. discovered that m6 A
is important for respiration and stress responses in bacteria [15]; Liu et al. found that m6 A can enhance the interaction
between RNA and protein by altering the RNA structure [16];
Alarcon et al. showed that m6 A can initialize miRNA processing and promote miRNA maturation by marking primary
microRNAs (pri-miRNAs) [17]; and several studies have
shown that the proteins of the YTH domain family are
m6 A-specific RNA-binding proteins that regulate both mRNA
stability and localization [8], [18], [19]. All of these scientific
findings indicate that knowledge of m6 A is vitally important for both basic biomedical research and practical drug
development.
Many studies have been dedicated to identifying the
m6 A sites in RNA sequences. Traditional m6 A identification
methods, such as thin-layer chromatography (TLC), highperformance liquid chromatography (HPLC), mass spectrometry, and scintillation, heavily depend on physicochemical
techniques to study m6 A distribution [20]. Accordingly, these
methods are low-throughput and laborious and can only be
applied to small-scale datasets [21]. Recently, based on several
newly-developed high-throughput m6 A profiling techniques
(e.g., m6 A-seq [21] and MeRIP-Seq [22]), the transcriptomewide maps of m6 A distributions in several species, including Oryza sativa [23], Saccharomyces cerevisiae [24],
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Mus musculus [25], and Homo sapiens [25], have been
reported. The results of these studies showed that m6 A sites
are highly conserved and are not randomly distributed but as
follows: m6 A sites tend to occur near stop codons, 3 UTRs,
and within long internal exons [22], [24], [25]. Although
the above-mentioned methods can provide insights into the
distributions and characteristics of m6 A sites, they are both
expensive and time-consuming. With the avalanche of RNA
sequences released in the post-genomic era, it is highly
desirable to develop computational methods to rapidly and
accurately identify m6 A sites solely from RNA sequences.
Unfortunately, to the best of our knowledge, there are currently only three computational tools, i.e., iRNAMethyl [26],
m6Apred [27], and pRNAm-PC [28], available for predicting
m6 A sites in RNA sequences. The iRNAMethyl tool identifies
m6 A sites using an effective pseudo dinucleotide composition
(PseDNC) feature, which integrates information about the
RNA sequence order with three RNA physicochemical properties [26]. The m6Apred tool exploits nucleotide chemical
category feature and accumulated nucleotide frequency feature
to encode an RNA sequence [27]. The pRNAm-PC tool
derives the RNA sequence feature from the physicochemical
properties of the nucleotides via a series of auto-covariance
and cross covariance transformations and uses support vector
machine as prediction engine [28]. These pioneering studies
have shown the feasibility of predicting m6 A sites solely from
RNA sequences. However, their prediction performances are
still relatively low and should be further improved for potential
practical applications.
This paper aims to accomplish this task using a novel
feature representation method and machine-learning techniques. A new sequence-based m6 A site predictor called
TargetM6A is developed. In TargetM6A, we first encode each
target RNA sequence into a fixed-length feature vector using
the newly developed position-specific nucleotide/dinucleotide
propensity (PSNP/PSDP) features and the nucleotide composition (NC) feature; then, we obtain an optimized feature
subset by applying the incremental feature selection (IFS)
algorithm [29] – [32] to the original feature space. Finally, we
train a support vector machine (SVM) [33] prediction model
with the optimized feature subset on the training dataset. We
compared the proposed TargetM6A method with existing m6 A
site predictors via stringent jackknife tests and independent
validation tests on benchmark datasets, and the results of
the comparison show the superiority of the proposed method.
Below, we address the detailed procedures for constructing
TargetM6A.
II. M ATERIALS AND M ETHODS
A. Benchmark Datasets
Three benchmark datasets, i.e., Met2614 [26],
Train1664 [27], and Test5225 [27], were used in this
study. All of the three datasets were constructed from
1183 genes in the S. cerevisiae genome. Because the m6 A
sites in the S. cerevisiae genome share a GAC consensus
motif that has the potential to be methylated at the center
base [24], we can formulate each RNA sample (segment),
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denoted as Rξ (GAC), in these datasets as follows:
Rξ (GAC) = N−ξ N−(ξ −1) · · · N−1 GACN1 · · · N+(ξ −1) Nξ
(1)
where N−ξ represents the ξ -th upstream nucleotide from the
central motif GAC and N+ξ represents the ξ -th downstream
nucleotide.
Chen et al. [26] constructed Met2614 based on the
experimentally determined m6 A modification data from the
S. cerevisiae genome [24]. The positive subset of Met2614
contains 1307 methylation RNA segments, each of which has
an N6 -methylated adenosine at the center position; the negative
subset is composed of 1307 non-methylation RNA segments,
each of which also has an adenosine at the center position that
is not N6 -methylated. Please note that the value of ξ is 24 and
thus the RNA segment length is 2 × 24 + 3 = 51 for Met2614.
For more details about the procedure used to construct the
Met2614 dataset, refer to [26].
Based on Met2614, Chen et al. [27] further constructed
Train1664 and Test5225 as described below. Among the
1307 methylation RNA segments in Met2614, 832 segments,
whose m6 A sites were less than 10 nt from the detected
m6 A-seq peaks, were selected as the positive Train1664
samples. Then, 832 samples were randomly selected from
the 33 280 non-methylated RNA segments and used as
the negative Train1664 samples [27]; the remaining 475
(1307 − 832 = 475) methylation RNA segments in Met2614
and the 4750 randomly selected samples from the 33 280
non-methylation RNA segments constitute the independent
validation dataset, i.e., Test5225. The value of ξ is 9 and
thus the RNA segment length is 2 × 9 + 3 = 21 for both
Train1664 and Test5225. For more details, refer to [27].
All three benchmark datasets used in this study are included in
Supplementary Material I or can be freely downloaded from
the web server http://csbio.njust.edu.cn/bioinf/TargetM6A.
Please note that in this work we first evaluated a prediction
model for Met2614 compared to the jackknife test; then, we
evaluated a prediction model for Train1664 compared to the
jackknife test and an independent validation test (on Test5225).
The final prediction model on the web server, TargetM6A, is
trained on Met2614.
B. Feature Representation of the RNA Segments
One of the key problems in designing a machine-learning
based m6 A site predictor is determining how to encode an
RNA sample (segment) into a fixed-length feature vector
with highly discriminative information. Since the nucleotide
composition (NC) feature [34] – [36] and pseudo nucleotide
composition (PseNC) feature [26], [37], [38] were proposed,
they have been widely utilized for nucleotide sequence representations. However, the performances of these two features
for predicting m6 A sites are still very low (see the “Results
and Discussion” section). Therefore, in this study, two new
features, i.e., position-specific nucleotide/dinucleotide propensity (PSNP/PSDP) features, were proposed to encode the RNA
segments. Then, the two features were combined with the
traditional NC feature to form the discriminative feature vector
for predicting the m6 A sites.
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1) Position-Specific
Nucleotide
Propensity
(PSNP)
Feature: Position-specific nucleotide/amino acid preferences
are widely used in bioinformatics to predict functional
sites in biological sequences [39] – [43]. The principle of
position-specific preferences is to compute the frequency
at which nucleotides/amino acids occur at certain positions
and extract statistical information from sequences. Inspired
by previous studies, we introduced a new position-specific
nucleotide propensity (PSNP) feature in this study. Next, we
describe how to encode an RNA segment into a PSNP feature
vector.
Because the RNA segment expressed by (1) contains the
consensus motif GAC at its center, we deleted the central
GAC of the segment, and the remaining RNA segment can
be reformulated as follows:

where each element f j is selected from the ZPSNP matrix
according to (8) and defined as follows:
⎧
when N j = A
⎪
⎪z 1, j ,
⎪
⎨z ,
when N j = C
2, j
fj =
, ( j = 1, 2, · · · , 2ξ ). (8)
⎪z 3, j ,
when N j = G
⎪
⎪
⎩
z 4, j ,
when N j = U

Rξ = N1 N2 · · · N2ξ

(2)

where Nj ( j = 1, 2, . . . , 2ξ ) represents the nucleotide at
the j -th position of the remaining RNA segment, and can
be any one of the 4 nucleotide bases in RNA, i.e., N j ∈{A
(adenine), C (cytosine), G (guanine), U (uracil)}. We term Rξ
as a reduced RNA segment.
We first calculated the 4-dimensional position-specific
occurrence frequency vector for the 4 nucleotides from the
positive reduced RNA segments.
T

+
+
+
+
z 2,
z 3,
z 4,
(3)
z+j = z 1,
j
j
j
j
where z i,+j is the occurrence frequency of the nucleotide base
type i (i = 1, 2, 3, 4) at the j -th ( j = 1, 2, . . . , 2ξ ) position.
Note that in this case, we use the numerical codes 1, 2, 3,
and 4 to represent A (adenine), C (cytosine), G (guanine), and
U (uracil), respectively.
Similarly, we can calculate the corresponding 4-dimensional
position-specific occurrence frequency vector for the
4 nucleotides from the negative reduced RNA segments.

T
−
−
−
−
z
z
z
(4)
z−j = z 1,
j
2, j
3, j
4, j
where z i,−j is the occurrence frequency of the nucleotide base
type i (i = 1, 2, 3, 4) at the j -th ( j = 1, 2, . . . , 2ξ ) position.
We defined the position-specific frequency difference vector,
denoted as zj , as follows:

T
z j = z+j − z−j = z 1, j z 2, j z 3, j z 4, j
(5)
where zi, j = z i,+j − z i,−j , i = 1, 2, 3, 4, and j = 1, 2,..., 2ξ .
Based on the position-specific frequency difference vectors,
we can obtain a 4 × 2ξ position-specific nucleotide
propensity (PSNP) matrix as follows:
⎡
⎤
z 1,1 z 1,2 · · · z 1,2ξ
 ⎢ z 2,1 z 2,2 · · · z 2,2ξ ⎥

⎥
Z P S N P = z1 z2 · · · z2ξ = ⎢
⎣ z 3,1 z 3,2 · · · z 3,2ξ ⎦ (6)
z 4,1 z 4,2 · · · z 4,2ξ
Now, an RNA segment can be encoded into a 2ξ -dimensional
PSNP feature vector, denoted as f PSNP , by referring to the
ZPSNP :

T
f P S N P = f 1 f 2 · · · f j · · · f 2ξ
(7)

2) Position-Specific Dinucleotide Propensity (PSDP)
Feature: We further extended the PSNP to dinucleotides
(double nucleotide) to extract additional information contained
in RNA segment. We termed this feature as the positionspecific dinucleotide propensity (PSDP) feature. The RNA
segment described in (2) could be rewritten in a dinucleotide
form:
(9)
Rξ = N1 N2 · · · N2ξ = D1 D2 · · · D2ξ −1
where D j = N j N j +1 ( j = 1, 2, . . . , 2ξ − 1) represents the
dinucleotide at the j -th position, and can be any of the 16
types of dinucleotides, i.e., D j ∈{AA, AC, AG, · · · ,UU}.
Based on the same principle used to generate the ZPSNP
matrix, we can calculate the 16× (2ξ –1) position-specific
dinucleotide propensity (PSDP) matrix on a given dataset as
follows:
⎤
⎡
z 1,1
z 1,2 · · · z 1,2ξ −1
⎢ z 2,1
z 2,2 · · · z 2,2ξ −1 ⎥
⎥
⎢
(10)
ZPSDP = ⎢ .
⎥
..
..
..
⎦
⎣ ..
.
.
.
z 16,1 z 16,2 · · · z 16,2ξ −1
where z i, j = z i,+j − z i,−j , and z i,+j is the occurrence frequency
of the dinucleotide type i (i = 1, 2, · · · , 16) at the j-th
( j = 1, 2, . . . , 2ξ − 1) position calculated from the positive
reduced RNA segments, whereas z i,−j is the corresponding
occurrence frequency derived from the negative reduced RNA
segments.
Using ZPSDP , we can encode each RNA segment into a
(2ξ − 1)-dimensional PSDP feature vector, denoted as f PSDP ,
as follows:
T

(11)
fPSDP = f1 f 2 · · · f j · · · f 2ξ −1
where each element is obtained from the ZPSDP matrix in (12),
which is defined as follows:
⎧
z 1, j ,
when D j = A A
⎪
⎪
⎪
⎪
⎨z 2, j ,
when D j = AC
fj = .
( j = 1, 2, · · · , 2ξ − 1).
..
⎪
⎪
⎪
⎪
⎩
z 16, j ,
when D j = UU
(12)
3) Nucleotide Composition (NC) Feature: Nucleotide composition (NC), i.e., the k-mer nucleotide frequency, is a classic
method for representing the features of a nucleotide sequence,
and has been widely used in previous studies [34]–[36].
For a given k value, a 4k -dimensional feature vector is
obtained, indicating the frequency of occurrence for each
k-mer nucleotide in a nucleotide sequence. In this study, we
used k = 1, 2, and 3, i.e., 4 types of one -mer nucleotide
frequencies, 16 types of two -mer frequencies, and 64 types of
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three -mer frequencies. Thus, an 84-dimensional (4 + 16 +
64 = 84) NC feature vector was generated for an
RNA segment.
Finally, by serially combining the above-mentioned PSNP,
PSDP, and NC features, an M-dimensional feature vector was obtained to represent each RNA segment, where
M = 2ξ +(2 ξ –1) + 84. Because the value of ξ for Met2614
is 24, the dimensionality of the combined feature vector is 179;
however, the dimensionality of the combined feature vector
for Train1664 and Test5225 is 119 because the corresponding
value of ξ is 9.
C. Incremental Feature Selection
The aforementioned feature representation procedure
encodes each RNA segment into a fixed-length feature vector.
We performed an incremental feature selection (IFS) procedure [29]–[32] based on the statistical F-test [44], [45] to
identify the most prominent components of the original feature
vector that are beneficial for distinguishing methylated RNA
segments from non-methylated segments, as described below.
First, the statistical F-test [44], [45] was employed to
measure the significance of all the extracted feature components. More specifically, by performing the F-test, we can
obtain the p-value of each feature component according to
the feature vectors for both the positive and negative samples
in a dataset. A feature component with a smaller p-value was
deemed as a more significant feature. Consequently, all the
initial feature components were re-ranked by their p-values in
ascending order. The set of the re-ranked feature components
can be formulated as follows:

  

(13)
f 1 , f2 , · · · , f M
where the p-value of f i is less than that of f j if i < j , and
M is the dimensionality of the original feature vector, i.e.,
M = 2ξ + (2ξ − 1) + 84.
Second, the incremental feature selection (IFS) [29]–[32]
method was employed to determine the feature components
that should be selected for inclusion in the optimal feature
subset based on the set of ranked feature components described
in (13). After this step, we obtained the M feature subsets as
follows:



(14)
, f i (i = 1, 2, · · · , M)
fi = f 1 , · · · , f i−1
where the i -th feature subset is composed of the top i ranked
feature components defined in (13).
Finally, we evaluate the discriminative capability of each
feature subset over the K -fold (K = 10 in this study)
cross validation using a specific prediction engine, and the
subset that achieves the highest MCC value will be considered
the optimal feature subset. In this study, the support vector
machine (SVM) was used as the prediction engine and will
be briefly introduced in the next section.
D. SVM as Prediction Engine
The support vector machine (SVM), which was proposed
by Cortes and Vapnik, is a machine-learning algorithm based
on the statistical learning theory [33], [46]. It solves nonlinear
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separable problems by kernel methods, whose basic principle
is to transform the input vector into a high-dimensional
Hilbert space using kernel functions and to identify the
maximal separating hyperplane between classes [46], [47].
This technique has been widely used in a variety of bioinformatics areas [34], [48], [49] and has been shown to
be a powerful prediction engine. In this study, we also
applied SVM as the prediction engine for constructing the
proposed TargetM6A method. The package LIBSVM V3.20
(http://www.csie.ntu.edu.tw/∼cjlin/libsvm) provided by Chang
and Lin [47] was used to implement SVM. The radial basis
function (RBF) kernel was chosen. The two parameters contained in the RBF kernel, i.e., the regularization parameter C
and the kernel width parameter γ , were optimized based on
a 10-fold cross validation using a grid search strategy. The
optimized values of C and γ are both 2 for Met2614 and
Train1664.
E. Evaluation Indexes
In statistical learning fields, the following three validation
methods are often used to evaluate the performance of a predictor: independent dataset test, subsampling (or K -fold cross
validation) test, and jackknife test [50]. In the jackknife test, all
the samples in the benchmark dataset will be singled out oneby-one and tested by the predictor trained on the remaining
samples [51]. Therefore, the jackknife test is considered the
least arbitrary validation method that can always yield a unique
outcome for a given benchmark dataset [51]. However, the
complexity of the jackknife test is equal to the amount of
data in the dataset, making it time-consuming to implement.
Therefore, in this study, the 10-fold cross validation test
was utilized to optimize the SVM parameters and select the
features, whereas the jackknife test was used to evaluate the
performances of the different learning algorithms and provide
an unbiased assessment of the performance of the different
prediction models.
In literature, Accuracy (Acc), Sensitivity (Sen),
Specificity
(Spe),
and
the
Matthews
correlation
coefficient (MCC) are routinely used as evaluation
indexes [52], [53], which are defined as follows:
⎧
N−+
⎪
⎪
⎪
Sen
=
1
−
⎪
⎪
N+
⎪
⎪
⎪
N+−
⎪
⎪
Spe
=
1
−
⎪
⎪
⎪
N−
⎪
⎨
N + + N+−
Acc = 1 − −+
(15)
⎪
N + N−
⎪
+
−
⎪
N +N
⎪
⎪
1 − N−+ +N+−
⎪
⎪
⎪
MCC
=

⎪



⎪
⎪
−
+
+
−
⎪
N+
−N−
N−
−N+
⎪
⎪
1
+
1
+
⎩
N+
N−
where N + is the total number of the positive samples or true
m6 A sites, N−+ is the number of true m6 A sites that were
incorrectly predicted to be a non-m6 A site, N − is the total
number of the negative samples or non-m6 A sites, and N+− is
the number of non-m6 A sites that were incorrectly predicted to
be an m6 A site. Please note that this set of indexes is only valid
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TABLE I
P REDICTION R ESULTS OF D IFFERENT F EATURES U SING D IFFERENT P REDICTION E NGINES ON THE M ET 2614
D ATASET OVER A 10-F OLD C ROSS VALIDATION 1

for the single-label systems. For the multi-label systems whose
existence has become more frequent in system biology [54]
and system medicine [55], a completely different set of indexes
as defined in [56] is needed.
For a soft-type classifier (e.g., the SVM used in this study),
whose outputs are the continuous numerical values representing the probabilities/confidences of a feature belonging
to certain classes, gradual adjustments to the discrimination
threshold will produce a series of prediction confusion matrices [57]. Each of these confusion matrices generates different
corresponding values of N+− and N−+ . In other words, the
evaluation indexes defined in (15) are threshold-dependent.
Therefore, we also employed another threshold-independent
evaluation index, i.e., Area under Curve (AUC), which is
based on the Receiver Operating Characteristic (ROC) analysis [58]. The AUC values range from 0 to 1. The larger the
AUC value, the better the predictor performs. Specifically,
an AUC = 0.5 means that the predictor generates a random
prediction, whereas an AUC = 1 represents a perfect predictor,
which always generates the correct prediction.
III. R ESULTS AND D ISCUSSION
A. Contributions of Different Features
A series of comparative experiments were performed using
individual features (i.e., PSNP, PSDP, and NC) and their
combinations (i.e., PSNP+PSDP and PSNP+PSDP+NC) to
evaluate the contributions of different features to the m6 A site
predictions. We evaluated the discriminative performances of
each of the five features (i.e., three individual features and
the two combined features) using three popular prediction
engines, i.e., Support Vector Machine (SVM) [33], Random
Forests (RF) [59], and K Nearest Neighbor (KNN) [60],
over a 10-fold cross validation. Table I summarizes the

prediction performances of each feature using the different
prediction engines. Note that for each feature and prediction
engine, the 10-fold cross validation experiment was performed
10 times. The average performance of each evaluation index
is reported, followed by a standard deviation.
As shown in Table I, several conclusions can be drawn.
First, for all five types of features, SVM consistently
performed better than RF and KNN concerning the two overall
evaluation indexes (i.e., MCC and AUC). This phenomenon
indicates that SVM is the most appropriate engine among the
three considered engines for predicting m6 A sites using the
features developed in this study.
Second, for all three prediction engines, the two newly
developed features, i.e., PSNP and PSDP, performed significantly better than NC. Using the SVM prediction engine as
an example, the NC feature achieved a prediction performance
with an MCC <0.30 and AUC <0.71, whereas the proposed
PSNP and PSDP features achieved much better performance
with an MCC > 0.47 and AUC > 0.78.
Third, the combination of individual features can further improve prediction performance. By revisiting Table I,
we found that the combined PSNP+PSDP feature consistently
outperformed the individual features, i.e., PSNP and PSDP,
for all three prediction engines. On the other hand, the NC
feature performed significantly worse than the other two
individual features. As illustrated in Table I, the NC feature
only achieved an MCC of 0.288 and an AUC of 0.702 using
SVM as the prediction engine. However, we found that the
prediction performance can be greatly improved by adding the
NC feature to the PSNP+PSDP feature. As shown in Table I,
the PSNP+PSDP+NC feature (SVM as prediction engine)
achieved the best performance with an MCC of 0.515 and
an AUC of 0.815, which were 2.5% and 2.3%, respectively,
better than the PSNP+PSDP feature.
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TABLE II
P REDICTION P ERFORMANCES OF THE T OP 50 AND A LL 179 F EATURE
S UBSETS OF THE M ET 2614 D ATASET OVER B OTH THE 10-F OLD
C ROSS VALIDATION AND JACKKNIFE T ESTS

TABLE III
C OMPARISON OF THE R ESULTS F ROM THE P ROPOSED TARGET M6A
M ETHOD AND THE E XISTING P REDICTORS ON M ET 2614
U SING JACKKNIFE T ESTS
Sen

Spe

Acc

MCC

AUC

Fig. 1.
The curve of the MCC values versus the sizes of the feature
subset. The maximum MCC value is 0.529 and the corresponding feature size
is 50.

Based on the three observations described above, we used
PSNP+PSDP+NC as the input feature and SVM as the prediction engine to construct the proposed TargetM6A method.
B. Feature Selection Performance
In this section, we will try to further improve the computational efficiency and prediction performance by removing the
redundant components in the PSNP+PSDP+NC feature with
the incremental feature selection (IFS) procedure described in
the “Incremental feature selection” section.
We first obtained the p-value for each component of the
PSNP+PSDP+NC feature by performing F-test [44], [45].
Then, all the initial feature components were re-ranked by
their p-values in ascending order. The list of the detailed
re-ranked feature components for the Met2614 dataset is
shown in Table S1 (see Supplementary Material II). Then,
based on the ranked feature components, the IFS procedure
was applied, and 179 feature subsets (for Met2614) were
obtained. We evaluated the discriminative capability (measured
by MCC) of each feature subset using the SVM prediction engine over a 10-fold cross validation. Fig. 1 plots
the curve of MCC values versus the sizes of the feature
subset.
As illustrated in Fig. 1, the MCC value almost consistently
increases when the feature size varies from 1 to 50. The MCC
value reaches a peak (0.529) when the feature size is 50. When
the feature size is larger than 50, the MCC value fluctuates and
no improvement was observed.
To extensively investigate the effectiveness of the feature
selection procedure, we further performed the stringent jackknife test (i.e., leave-one-out cross validation) on the Met2614
dataset with SVM as prediction engine using the following
two feature subsets: (1) the optimal feature subset, which
consists of the top 50 feature components (denoted as Top50),
and (2) the entire feature set, which consists of 179 initial
feature components (denoted as All179). Table II summarizes
the prediction performances of the two feature subsets on the
Met2614 dataset over both the 10-fold cross validation and
jackknife tests.

As shown in Table II, the Top50 feature subset consistently
outperformed the All179 feature subset with regard to the three
overall evaluation indexes, i.e., Acc, MCC, and AUC, over
both the 10-fold cross validation and jackknife tests. Using the
jackknife test as an example, the Top50 feature subset achieved
an Acc of 76.32%, an MCC of 0.526, and an AUC of 0.818,
which were 0.6%, 1.3%, and 0.2%, respectively, better than
those of the All179 feature subset. Similar observations can
also be obtained using 10-fold cross validation. These findings
indicate that there is redundant information in the original
179 components, and the 50 selected feature components are
truly the “significant” components for identifying the m6 A
sites. On one hand, the prediction performance can be slightly
improved using the dimensionality-reduced feature subset, i.e.,
Top50; on the other hand, the computational efficiency is
enhanced.
C. Comparisons With Existing Predictors
In this section, we will compare the proposed TargetM6A
method with existing computational methods for predicting
m6 A sites, including iRNAMethyl [26], pRNAm-PC [28], and
m6Apred [27], to demonstrate its efficacy.
We first compared these m6 A site predictors using
the Met2614 dataset and rigorous jackknife tests. The
BLAST-based predictor [26] was used as the baseline predictor. The BLAST-based method predicts m6 A sites by applying the sequence similarity search tool, i.e., BLAST [61],
as follows: a query sample will be predicted as the true
N6 -methylation RNA segment if it is the most similar to the
samples in the positive subset; otherwise, it will be predicted as
a non-methylated RNA segment [26]. Because m6Apred [27]
does not provide results on Met2614, we thus re-implemented
it and evaluated it using Met2614. Please note that TargetM6A
utilized the reduced feature subset, i.e., Top50, as the feature
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TABLE IV
C OMPARISONS B ETWEEN M6A PRED AND THE P ROPOSED TARGETM 6A M ETHOD U SING THE T RAIN 1664 AND T EST 5225 D ATASETS
Sen

Spe

Acc

MCC

AUC

Fig. 2. The ROC curves of iRNAMethyl, m6Apred, pRNAm-PC, and the
proposed TargetM6A method. The AUC values of these methods are 0.701,
0.762, 0.792, and 0.818, respectively.

representation and SVM as the prediction engine. In addition,
the default threshold, i.e., 0.5, was used for TargetM6A and
the re-implemented m6Apred to produce the Sen, Spe, Acc,
and MCC values. Table III summarizes the results of the
comparison of the different predictors on the Met2614 dataset
using the jackknife test, and Fig. 2 compares their ROC curves.
As shown in Table III, we can find that the proposed
TargetM6A method significantly outperformed the baseline
predictor; the MCC value was remarkably improved
from 0.109 to 0.526. TargetM6A also outperformed
iRNAMethyl [26], pRNAm-PC [28], and m6Apred [27]
with respect to all of the five evaluation indexes. Using MCC
as an example, 21.3%, 13.2%, and 4.3% improvements were
observed compared with iRNAMethyl [26], pRNAm-PC [28],
and m6Apred [27].
In addition, the ROC curves plotted in Fig. 2, together with
the AUC values listed in Table III, indicate that TargetM6A
achieved the best performance regarding AUC. TargetM6A
outperformed iRNAMethyl, pRNAm-PC, and m6Apred for the
AUC, with improvements of 11.7%, 5.6%, and 2.6%, respectively. Considering that the jackknife test is the most rigorous
cross validation method, these experimental results indeed
show the superiority of the proposed TargetM6A method over
the existing m6 A site predictors.
We further evaluated the efficacy of the proposed method
using two other benchmark datasets, i.e., Train1664 and
Test5225. Please note that the original feature vector extracted
from the Train1664 dataset is 119-D (18-D PSNP, 17-D PSDP,

Sen

Spe

Acc

MCC

AUC

and 84-D NC features), as described in the “Feature representation of RNA segments” section. Then, the IFS procedure
was performed and an optimized feature subset of 65 feature
components (see Table S2 in Supplementary Material II for
details) was obtained to construct the SVM-based prediction
model.
We first evaluated TargetM6A on Train1664 using the
jackknife test. Then, we trained TargetM6A on Train1664
and tested the trained model with the independent validation
dataset, i.e., Test5225. Because only m6Apred [27] currently
provides results on Train1664 and Test5225, we only compared the proposed TargetM6A method with m6Apred. The
performances of m6Apred were excerpted from a previous
study [27]. Table IV summarizes the comparison of the results
from m6Apred and the proposed TargetM6A method using the
Train1664 and Test5225 datasets.
As shown in Table IV, the proposed TargetM6A method
achieved very comparable performances with m6Apred for
both Train1664 and Test5225. It has not escaped our notice
that TargetM6A achieved much better performance than
m6Apred for Met2614 (refer to Table III). However, TargetM6A failed to improve the prediction performance and
only achieved comparable performance with m6Apred for
Train1664 and Test5225 (refer to Table IV). We speculate that
the differences in the RNA segment length and amount of
data between Met2614 and Train1664 may account for this
phenomenon: the RNA segment length (ξ = 24) and data
volume (2614 samples) of Met2614 are much larger than those
of the Train1664 dataset (ξ = 9, 1664 samples). Because the
proposed method extracts the features according to the distribution of nucleotides in the central GAG motif, a dataset with
larger RNA segment length and data volume will contain much
more information about the distribution of nucleotides and thus
will be beneficial for extracting more discriminative features.
We believe that the prediction performance of TargetM6A can
be further improved by increasing the number of available
methylated and non-methylated RNA samples.
D. Web Server Implementation
A web server has been placed online at http://csbio.njust.
edu.cn/bioinf/TargetM6A to enhance the applicability of the
proposed TargetM6A method. The final online TargetM6A
method was trained on Met2614, where each training sample is
a 51-nt RNA segment. The TargetM6A method predicts m6 A
sites as described below.
For a query RNA sequence submitted by a user, TargetM6A
first identifies all the GAC motifs in the query sequence;
then, for each GAC motif, a corresponding 51-nt RNA segment is constructed by placing a sliding window centered
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on the GAC motif. Based on the constructed 51-nt RNA
segment, the features are extracted and then fed to the SVM
classification engine to perform the prediction. Please note
that to construct the corresponding 51-nt segment for a GAC
motif with an insufficient number of nucleotides around the
sequence (e.g., a motif near sequence terminals or a query
RNA sequence shorter than 51-nt), the previously proposed
“mirror image” technique [26] is used to fill in the missing
nucleotides.
IV. C ONCLUSIONS
In this study, we established a computational predictor for
targeting the N6 -methyladenosine sites in RNA sequences.
Inspired by the successful applications of the position-specific
amino acid propensity features in proteomics, we introduced
the new PSNP and PSDP features to encode RNA sequences.
Based on the newly developed feature, we implemented an
m6 A site predictor called TargetM6A. We compared the proposed TargetM6A method with the most recently released
m6 A site predictors by performing stringent jackknife tests
and independent validation tests on the benchmark datasets.
The experimental results show that our TargetM6A method
achieved high prediction performance and outperformed the
existing predictors. A web-server has been placed online
at http://csbio.njust.edu.cn/bioinf/TargetM6A to enhance the
applicability of the proposed method. The findings of this
study enrich our understanding of sequence-based m6 A sites
prediction and can potentially be applied to other nucleotide
sequence-related prediction problems.
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