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N6-methyladenine (6mA) is one kind of post-replication modiﬁcation (PTM or PTRM) occurring in a wide range
of DNA sequences. Accurate identiﬁcation of its sites will be very helpful for revealing the biological functions of
6mA, but it is time-consuming and expensive to determine them by experiments alone. Unfortunately, so far, no
bioinformatics tool is available to do so. To ﬁll in such an empty area, we have proposed a novel predictor called
iDNA6mA-PseKNC that is established by incorporating nucleotide physicochemical properties into Pseudo Ktuple Nucleotide Composition (PseKNC). It has been observed via rigorous cross-validations that the predictor's
sensitivity (Sn), speciﬁcity (Sp), accuracy (Acc), and stability (MCC) are 93%, 100%, 96%, and 0.93, respectively. For the convenience of most experimental scientists, a user-friendly web server for iDNA6mA-PseKNC has
been established at http://lin-group.cn/server/iDNA6mA-PseKNC, by which users can easily obtain their desired
results without the need to go through the complicated mathematical equations involved.

1. Introduction
As a dynamic DNA epigenetic modiﬁcation, N6-methyladenine
(6mA) has been found in the following three kingdoms of life [1]:
bacteria, archaea, and eukaryotes. DNA-adenine methyltransferase
catalyzes the adenine methylation by adding a methyl group to the
sixth position of the purine ring of the adenine [2,3], whereas its reversible modiﬁcation (demethylation) is catalyzed by demethylase enzymes [4]. The ﬁrst DNA 6mA demethylase was found in Drosophila and
is belonging to the TET protein family. Recently, the AlkB family
members ALKBH1 and NMAD-1 were observed to demethylate 6mA in
DNA of mammals and C. elegans, respectively [1].
Being one kind of post-replication modiﬁcation (PTM or PTRM),
6mA has participated in a broad spectrum of biological processes. In
prokaryotes, 6mA has been found to be associated with a wide range of
biological processes such as DNA replication [5], repair [6], transcription [7], and cellular defense [8–10]. Unlike the better-

characterized RNA m6A, our knowledge about the potential roles of
6mA in eukaryotes is very limited; in other words, it is still in the infancy stage for eukaryotes [11]. Accordingly, identifying the genomic
locations of 6mA will be very useful for the in-depth understanding of
its biological functions.
To this end, a series of experimental techniques have been proposed
to detect 6mA in both prokaryotes and eukaryotes such as ultra-high
performance liquid chromatography coupled with mass spectrometry
(UHPLC-ms/ms) [12], capillary electrophoresis and laser-induced
ﬂuorescence (CE-LIF) [13], methylated DNA immunoprecipitation sequencing (MeDIP-seq) [14], and single-molecule real-time sequencing
(SMRT-seq) [15]. Although it is time-consuming and expensive to use
experimental methods alone in performing genome-wide detection for
6mA sites, these techniques did play very important roles and provide
key clues in stimulating the development of this important area. By
using the sensitive detection techniques, 6mA sites have also been detected [16] in mouse and human cells.
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Component-Coupled algorithm [57], SVM (Support Vector Machine)
[58,59], LogitBoost [60], KNN (K-Nearest Neighbor) [61], PCA (Principal Component Analysis) [62], and RF (Random Forest) [28,40], can
only handle vectors [24], we have to convert the sequential expression
of Eq. (2) into a vector, but a vector deﬁned in a discrete model might
completely lose all the sequence-order information. To deal with this
problem, the PseAAC (Pseudo Amino Acid Composition) was introduced [63,64]. Ever since the concept of pseudo amino acid composition or Chou's PseAAC [65–67] was proposed, it has been swiftly
penetrated into many biomedicine and drug development areas [68,69]
and nearly all the areas of computational proteomics (see e.g.,
[45,47,49,70–84] and a long list of references cited in two review papers [85,86]). Encouraged by the successes of using PseAAC to deal
with protein/peptide sequences, its idea has been extended to deal with
DNA/RNA sequences [26,36,46,48,87–90] in computational genomics
via PseKNC (Pseudo K-tuple Nucleotide Composition) [91,92]. Recently, a very powerful web server called “Pse-in-One” [93] and its
updated version “Pse-in-One 2.0” [94] were established, by which users
can generate any pseudo components for both protein/peptide and
DNA/RNA sequences according to their need or deﬁnition.
According to a recent review paper [92], the general form of
PseKNC for D of Eq. (2) can be formulated as

Recently, by integrating the publicly available SMRT sequencing
datasets, the ﬁrst database in this area, called “MethSMRT”, was developed [17]. It hosts DNA methylomes and provides invaluable data
for developing computational methods to predict the genomic localization of 6mA sites.
During the last few years, many powerful web-server predictors
have been developed to identify various types of PTM sites in biological
sequences (see e.g., [18–43] [16]). Unfortunately, none of them can be
used to identify the 6mA sites in DNA. The present study was initiated
in an attempt to ﬁll such an empty area.
According to the Chou’s 5-step rule [44], to develop a really useful
sequence-based predictor for a biological system as done in a series of
recent publications [36,37,45–50], one should make the following ﬁve
procedures very clear: (i) bench mark dataset, (ii) sequence sample
formulation, (iii) operation engine or algorithm, (iv) cross-validation,
and (v) web server. Below, we are to address these procedures one by
one.
2. Materials and methods
2.1. Benchmark dataset
In literature, the benchmark dataset usually consists of a training
dataset and a testing dataset; the former is for the purpose of training a
proposed model, while the latter is for the purpose of testing it, but as
elucidated in Chou and Shen [51], it would suﬃce with one high
quality benchmark dataset if the model is tested by the jackknife or
subsampling (K-fold cross-validation) test [52] because the outcome
thus obtained is actually a combination from many diﬀerent independent dataset tests. Suppose the benchmark dataset in the current
study is denoted by , which may be formulated as

 = +⋃−

D = [ϕ1 ϕ2 ⋯ ϕu ⋯ ϕΓ ]T

(4)

where the components ϕu(u = 1, 2, …) and Γ is an integer; their values
will depend on how to extract the desired features from the DNA
sample; T is the transposing operator to a matrix or vector.
As shown in Eq. (3), DNA consists of four types of nucleotides. They
can be classiﬁed into three diﬀerent categories (Table 1): (1) from the
angle of ring number, A and G have two rings, whereas C and T only
one; (2) from the chemical functionality, A and C belong to amino
group, while G and T to keto group; (3) from the angle of hydrogen
bonding, C and G can be bonded to each other with three hydrogen
bonds, but A and T with only two. All these properties would have
diﬀerent impacts to DNA's low-frequency internal motion [95,96] and
its biological function [97–99] as well.
To incorporate these local features into Eq. (4), the following equation
[100,101] is used to denote the i-th nucleotide in a DNA sequence

(1)

where + denotes positive subset, − as negative subset, and the symbol
⋃ represents the union in the set theory.
The positive subset contains only, i.e., 6mA site-containing sequences, which were taken from the genome of Mus musculus in the
MethSMRT database [17]. All these sequence samples are 41-bp long
with the 6mA site located at the center. In order to construct a high
quality benchmark dataset, the following two procedures were performed. Firstly, according to the Methylome Analysis Technical Note
[17], those sequence samples with modQV > 30 were left out. Secondly, to reduce homology bias, those samples with pairwise sequence
identity > 80% were removed by using the CD-HIT software [53]. Finally, we obtained 1934 positive samples for the positive subset.
The negative subset contains negative samples only, i.e., non-6mA
site-containing sequences. They were obtained by choosing the 41-bp
long sequences with “A” at their center but not being detected by the
SMRT sequencing technology as of 6mA. By doing so, we could obtain a
huge number of negative samples, from which we randomly picked
1934 samples to form the negative subset for the purpose of using a
balance benchmark dataset to train the model [27,54–56].
The ﬁnal benchmark dataset thus obtained is given in Supporting
Information S1.

Νi = (x i , yi , z i )

(5)

where xi, yi, and zi refer to the attributes of (1) ring structure, (2) functional
group, and (3) hydrogen bonding, respectively (Table 1). Accordingly, the
nucleotide A can be formulated as (1, 1, 1), C as (0, 1, 0), G as (1, 0, 0), and
T as (0, 0, 1); or generally we have

1,
xi = ⎧
⎨
⎩ 0,
1,
zi = ⎧
⎨
0,
⎩

if Ni ∈ {A, G}
;
if Ni ∈ {C, T}

1, if Ni ∈ {A, C}
yi = ⎧
;
⎨
⎩ 0, if Ni ∈ {G, T}

if Ni ∈ {A, T}
if Ni ∈ {C, G}

(6)

To incorporate the sequence-coupled features into Eq. (4), we adopt
the lingering density as deﬁned below.
Table 1
Classiﬁcation of nucleotides in DNAa.

2.2. Sequence sample formulation
For a DNA sample with 41 bp, its most straightforward expression is

D = Ν1Ν2 Ν3⋯Νi⋯Ν41

Categoryb

Attribute

Nucleotides

Codec

Ring structure (xi)

Purine
Pyrimidine
Amino
Keto
Stronger
Weaker

A, G
C, T
A, C
G, T
C, G
A, T

1
0
1
0
1
0

(2)
Functional group (yi)

where

Ni ∈ {A (adenine), C (cytosine), G (guanine), T (thymine) }

Hydrogen bonding (zi)

(3)

denotes the nucleotide at the i-th sequence position, and ∈ is the a
symbol in the set theory meaning “member of”.
Since all the existing machine-learning algorithms, such as

a
b
c

2

See the section of “Sequence Sample Formulation” for further explanation.
See Eq. (5).
See Eq. (6).

Genomics xxx (xxxx) xxx–xxx

P. Feng et al.

Di =

1
‖L i ‖

ℓ

∑ j=1

f (Nj)

2.4. Cross-validation
(7)
It is important to evaluate the quality of a new predictor or its
performance. For this, we need to consider the following two problems.
First, what metrics should be used to measure the predictor's quality?
Secondly, what method should be adopted to calculate the metrics?
Below, we are to address the two problems.
In literature, the following four metrics are often used to evaluate a
predictor's quality [117]: (i) overall accuracy (Acc); (ii) stability (MCC);
(iii) sensitivity (Sn); and (4) speciﬁcity (Sp). But, their formulations
directly taken from math books are not intuitive and diﬃcult to be
understood by most biological scientists. Fortunately, using the symbols
introduced by Chou [118] in studying signal peptides, the four metrics
can be converted to a set of intuitive ones [18] as given below:

where Di is the density of the nucleotide Νi at the site i of a DNA sequence; ‖Li‖ is the length of the sliding substring concerned; ℓ denotes
each of the site locations counted in the substring, and

1,
f (Nj) = ⎧
⎨
⎩ 0,

if Nj=the nucleotide concerned
otherwise

(8)

For instance, suppose a DNA sequence “ATTGAC”. The lingering
density of ‘A’ at the sequence position 1, 2, 3, 4, 5, or 6 is 1 = 1/1,
0.5 = 1/2, 0.33 ≈ 1/3, 0.25 = 1/4, 0.40 = 2/5, or 0.33 ≈ 2/6, respectively; that of “C” is 0 = 0/1, 0 = 0/2, 0 = 0/3, 0 = 0/4, 0 = 0/5
or 0.16 = 1/6, respectively; and so forth.
By combing Eq. (5) and Eq. (7), the i-th nucleotide of Eq. (2) can be
uniquely deﬁned by a set of four variables; i.e.,

Ni = (x i , yi , z i, Di )

i = 1, 2, …, L

+

⎧ Sn = 1 − N−+
N
⎪
−
⎪ Sp = 1 − N+−
N
⎪
N+ + N−
⎪
Acc = Λ = 1 − N−+ + N+−
⎨
−
N+
N+
⎞
⎪
1−⎛ −
+ + N−
⎝N
⎠
⎪ MCC =
+
+ − N−
−
⎪
N+ − N− ⎞ ⎛
N−
⎛
+⎞
⎜1 +
⎟ ⎜1 +
⎟
+
⎪
N−
N
⎝
⎠⎝
⎠
⎩

(9)

where L is the length of the DNA sequence concerned.
For example, the DNA sequence “ACGTA” can be expressed by the
following ﬁve sets of digital numbers: (1, 1, 0, 1), (0, 1, 1, 0.5), (1, 0, 1,
0.33), (0, 0, 0, 0.25), (1, 1, 0, 0.40). Submitting these numbers into Eq.
(4), we have

D(ACGTA)
=[ 1 1 0 1 0 1 1 0.5 1 0 1 0.33 0 0 0 0.25 1 1 0 0.40 ]T

⎜

(10)

(11)

The prediction was operated by SVM (Support Vector Machine),
which has been widely used in various areas of bioinformatics and
computational biology (see e.g., [21,23,25,55,56,58,88,89,102–113].
Its basic idea has been elaborated in the aforementioned papers, and
there is no need to repeat it here.
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/. The SVM algorithm contains two uncertain
quantities; one is the regularization parameter C, and the other is the
kernel width parameter γ. They were optimized via an optimization
procedure using the grid search approach as described by

with step ∆C = 2
with step Δγ = 2−1

(12)

where ΔC and Δγ represent the step gaps for C and γ, respectively.
Suppose the SVM output score for D (cf. Eqs. (2), (4), and (11)) is P (D),
it follows

6mA sample,
if P (D) > 0.5
D∈⎧
⎨
⎩ non −6mA sample, if P (D) ≤ 0.5

0 ≤ Acc ≤ 1

⎟

− 1 ≤ MCC ≤ 1
(14)

where N represents the total number of positive samples investigated,
while N − + is the number of positive samples incorrectly predicted to
be of negative one; N− the total number of negative samples investigated, while N + − the number of the negative samples incorrectly
predicted to be of positive one.
With the metrics of Eq. (14), the meanings of Sn, Sp, Acc, and MCC
have become crystal clear as conﬁrmed in a series of follow-up studies for
many diﬀerent areas (see, e.g., [21,22,27–35,40,45,47,54–56,80,81,105,
111,119–121]. However, it is instructive to point out that, with the sequence analysis studies going into a deeper level, increasing numbers of
multi-label sequence samples have been emerging in system biology and
medicine (see e.g., [122] [33,61,123–133]. To deal with this kind of multilabel systems, a much more sophisticated set of metrics is needed as elaborated in [134].
The following three diﬀerent cross-validation methods are often
used to examine a predictor's performance [52]: (i) independent dataset
test, (ii) subsampling (or K-fold cross-validation) test, and (iii) jackknife
test. Of these three, however, the jackknife test is the least arbitrary and
most objective [44]. Therefore, the jackknife test has been widely recognized and increasingly adopted by researchers to analyze the quality
of various predictors (see e.g., [45,58,78,81,119,121,135–145]). In
view of this, here we also used the jackknife test to examine the quality
of the current prediction method. The jackknife test can exclude the
“memory” eﬀect since both the training dataset and testing dataset in a
jackknife system are actually open, and each sample will be in turn
moved between the two. Also, the arbitrariness problem intrinsic to the
independent dataset and subsampling tests [44] no longer exists because the outcome derived via the jackknife test for a predictor is always the same on a given benchmark dataset.

2.3. Operation engine or algorithm

−5
15
⎧2 ≤ C ≤ 2
−15 ≤ γ ≤ 2−5
⎨
2
⎩

0 ≤ Sp ≤ 1

+

meaning that the 5-nt nucleotide example can be deﬁned by a
5 × 4 = 20-D (dimensional) PseKNC vector. Accordingly, for a 41-bp
DNA sequence in the benchmark dataset  (cf. Supporting Information
S1), Eq. (4) should become

D(41bp) = [ϕ1 ϕ2 ⋯ ϕu ⋯ ϕ164 ]T

0 ≤ Sn ≤ 1

3. Results and discussion
The jackknife test results for the iDNA6mA-PseKNC predictor on the
benchmark dataset in Supporting Information S1 are given below.

(13)

For those readers who are interested in knowing more about SVM,
see the papers [114,115] or a monograph [116] where a brief introduction or detailed description is given, respectively.
The predictor obtained via the aforementioned procedures is called
iDNA6mA-PseKNC, where “i” stands for “identify”, “DNA6mA” for “N6methyladenine modiﬁcation sites in DNA”, and “PseKNC” for “by incorporating nucleotide physicochemical properties into pseudo K-tuple
nucleotide composition”.

⎧ Sn = 93.28%
⎪ Sp = 100.00%
⎨ Acc = 96.73%
⎪ MCC = 0.9300
⎩

(15)

Since iDNA6mA-PseKNC is the ﬁrst predictor ever developed for
identifying N6-methyladenosine sites in DNA, it is impossible to show
its power via a comparison with its counterparts. However, the rates in
3
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on the same benchmark dataset. As we can see from the table, the SVM
classiﬁer achieves the highest rates in Acc and MCC, the two most important metrics [46,88] among the four in Eq. (14).

Table 2
A comparison of diﬀerent classiﬁers in identifying 6mA site based on the same benchmark
dataset via jackknife test.
Classiﬁers

Sn (%)

Sp (%)

Acc (%)

MCC

Naïve Bayes
BayesNet
J48
Random Forest
LogitBoost
SVM

93.54
93.54
93.22
93.28
93.00
93.28

93.79
98.34
95.96
98.34
96.76
100

93.67
96.04
94.59
95.91
94.88
96.73

0.87
0.92
0.89
0.92
0.90
0.93

3.2. Validation on independent datasets
As mentioned above, the jackknife test is the most objective crossvalidation approach [44,52,147,148] that has combined a series of
diﬀerent independent dataset tests, and hence for many cases there is
no need to do independent dataset test again, but it would be instructive for practical applications [149] by performing the following
independent dataset tests.
Following the same procedures as described in “Benchmark
Dataset” section, we obtained eight sets of 6mA site-containing sequences from the genomes of (i) Caenorhabditis elegans, (ii) Arabidopsis
thaliana, (iii) Acidobacteria bacterium, (iv) Alteromonadaceae bacterium,
(v) E. coli, (vi) Polycyclovorans algicola, (vii) Ruminococcus ﬂavefaciens,
and (viii) Sphingomonas melonis genomes, respectively. All these sequences are also 41-bp long with the true 6mA site in the center, and
their numbers are given in the 2nd column of Table 3. As we can see
from the table, the success rates obtained by using the model trained by
the benchmark dataset from Mus musculus to the genomes of other eight
organisms are all very high, indicating that iDNA6mA-PseKNC is indeed
quite promising and holds a high potential to become a useful tool in
genome-wide analysis for identifying 6mA sites.

Table 3
Predicted results by iDNA6mA-PseKNC on the samples collected from eight other genomes.
Genome

Number of
samples

Number of corrected
prediction

Success rate

Caenorhabditis elegans
Arabidopsis thaliana
Acidobacteria bacterium
Alteromonadaceae
bacterium
E. coli
Polycyclovorans algicola
Ruminococcus ﬂavefaciens
Sphingomonas melonis

121,192
174,016
12,546
1637

110,146
143,072
11,562
1577

90.86%
82.21%
92.16%
96.33%

40,152
6604
10,183
7479

39,840
6081
10,126
7300

99.22%
92.08%
99.44%
97.61%

3.3. Web server

Eq. (15) indicate that the prediction quality of iDNA6mA-PseKNC is
indeed very high, with speciﬁcity reaching 100%, and overall accuracy
and sensitivity > 96% and 93%, respectively. Particularly, the predictor is also very stable as reﬂected by the fact of MCC > 0.93 (cf. Eq.
(14)).

It has been clearly pointed out in [150] that user-friendly and
publicly accessible web servers represent the future direction for developing practically more useful predictors. As shown by a series of
recent publications [18–37,39–42,151,152], a new prediction method
with the availability of a user-friendly web server would signiﬁcantly
enhance its impacts [24,86,148]. In view of this, the web server for the
new predictor iDNA6mA-PseKNC has been established at http://lingroup.cn/server/iDNA6mA-PseKNC. Moreover, to maximize the convenience of most experimental scientists, a step-by-step guide of how to
use the web server to get their desired results is given in given below.
(1) Click the link at http://lin-group.cn/server/iDNA6mA-PseKNC
and you'll see the web server's top page as shown in Fig. 1.

3.1. Comparison of SVM with other classiﬁers
To demonstrate the right choice of using SVM for identifying 6mA site,
we compared the predictive results by SVM against those by other classiﬁers, such as Naïve Bayes, BayesNet, J48, Random Forest, and LogitBoost
that were implemented with their respective default parameters in WEKA
[146]. Listed in Table 2 are the corresponding jackknife test results based

Fig. 1. A semi-screenshot for the top-page of the iDNA6mAPseKNC web server.
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(2) Either type or copy/paste the sequences of query DNA sequences
into the input box at the center of Fig. 1. The input sequence should be
in the FASTA format. For the examples of sequences in FASTA format,
click the Example button right above the input box.
(3) Click on the Submit button to see the predicted result. For instance, if you use the two DNA sequences in the Example window as the
input, after a few seconds, you will see the following on the screen of
your computer. (i) Seq 1 contains 17 A (adenine) nucleotides, and only
the ones in the positions 35, 41, 62, and 71 may be of 6mA modiﬁcation. (ii) Seq 2 contains 14 A nucleotides, and only the ones in the
positions 38, 62, and 71 may be of 6mA modiﬁcation.
(4) Click the Supporting Information button to download the
Supporting Information mentioned in this paper.
(5) Click on the Citation button to ﬁnd the papers that have played
the key roles in developing the current predictor of iDNA6mA-PseKNC.
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4. Conclusions
The proposed predictor iDNA6mA-PseKNC is the ﬁrst bioinformatics
tool ever developed for identifying N6-methyladenine (6mA) sites in
DNA sequences. It not only achieves quite high success rates but is also
with a web server, by which users can easily obtain their desired results
without the need to go through the mathematical formulations. The
reason of including the mathematical details in this paper is for its integrity, and for that they may be of use in stimulating the development
of more powerful methods for predicting other PTM sites as well.
Although the model is trained by using the benchmark dataset derived from the genome of M. musculus, its success rates for identifying
6mA sites in many other species are also very high. It is anticipated that
iDNA6mA-PseKNC will become a very useful high throughput tool for
both basic research and drug development.
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