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Abstract

Motivation: N7-methylguanosine (m7G) is an important epigenetic modification, playing an essential role in gene
expression regulation. Therefore, accurate identification of m7G modifications will facilitate revealing and in-depth
understanding their potential functional mechanisms. Although high-throughput experimental methods are capable of
precisely locating m7G sites, they are still cost ineffective. Therefore, it’s necessary to develop new methods to identify m7G
sites. Results: In this work, by using the iterative feature representation algorithm, we developed a machine learning based
method, namely m7G-IFL, to identify m7G sites. To demonstrate its superiority, m7G-IFL was evaluated and compared with
existing predictors. The results demonstrate that our predictor outperforms existing predictors in terms of accuracy for
identifying m7G sites. By analyzing and comparing the features used in the predictors, we found that the positive and
negative samples in our feature space were more separated than in existing feature space. This result demonstrates that our
features extracted more discriminative information via the iterative feature learning process, and thus contributed to the
predictive performance improvement.

Introduction
At present, over 150 types of RNA modifications have been iden-
tified in RNA molecules. RNA modifications play essential roles
in gene expression regulation. For example, it has been reported
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that RNA modifications can affect RNA processing, transport,
stability as well as mRNA translation [1, 2]. N7-methylguanosine
(m7G), occurring in transfer RNA (tRNA) variable loop, eukary-
otic S ribosomal RNA (rRNA) and the cap position of mRNA
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molecules, is one of the most abundant RNA modifications,
and is conserved among three kingdoms of life. It plays critical
roles in regulating RNA processing, metabolism and function
[3]. Unfortunately, the information with regard to the functional
mechanisms is extremely limited. One of the key steps in reveal-
ing their potential regulation mechanism is to determine their
distribution in transcriptome.

Recent studies have demonstrated that the m7G site can
be detected by high-throughput sequencing techniques [4–6].
Marchand et al. [4] presented AlkAniline-Seq, a deep sequencing-
based technology, for the detection of m7G in RNA at single
nucleotide resolution in bacterial, yeast and human cytoplasmic
and mitochondrial tRNAs and rRNAs. Zhang et al. [5] developed a
chemically-assisted sequencing method (MeRIP-seq) for detect-
ing m7G sites at single-base resolution by selectively converting
internal m7G sites to basic sites. The single-base resolution
m7G-seq data provides the profile of m7G in human tRNA and
mRNA and facilitates our understanding on the distribution
of m7G in human cells [5]. However, the transcriptome-wide
distribution and dynamic regulation of m7G within internal
mRNA regions remain unknown. Thus, Malbec et al. [6] estab-
lished m7G individual-nucleotide-resolution cross-linking and
immunoprecipitation with sequencing (miCLIP-seq) method to
specifically detect internal mRNA m7G modification [6]. They
found that m7G modifications are enriched at AG-rich con-
texts, which are conserved across different human cell lines
and mouse tissues. Although the high-throughput sequencing
methods brought important discoveries in this field, they are still
expensive for transcriptome-wide detections. In addition, they
still need the assistance of traditional experiments during the
detection process. Therefore, there is an urgent need to develop
novel computational approaches for fast and precise detec-
tion of m7G modification. Inspired by this motivation, recent
research efforts are focused on machine learning based predic-
tion approaches, which can directly determine m7G sites based
on sequence information. In our previous work, we developed
a support vector machine (SVM) based method, called iRNA-
m7G, to computationally identify m7G. iRNA-m7G was trained by
integrating three kinds of sequence-based features from differ-
ent perspectives, including nucleotide properties and frequency,
pseudo-nucleotide composition, and secondary structure com-
ponents [7]. More recently, Song et al. [8] presented m7GFinder,
a predictor by exploring both sequence and genomic features
to determine mRNA m7G sites in transcriptome. Although con-
siderable progress has been made by existing predictors, the
predictive performance is still not satisfactory enough. On the
other hand, besides existing feature descriptors, it would be
interesting to see if other critical information underlying the
m7G sites can be explored to sufficiently capture the specificity
of m7G sites.

In this study, we present m7G-IFL, a new computational
predictor to identify m7G sites. In this predictor, we introduced
an iterative feature representation algorithm for RNA sequence
encoding, which can automatically learn probabilistic distribu-
tion information from different sequential models, and improve
the feature representation capability in a supervised iterative
manner. We evaluated and compared our predictor with exist-
ing predictors. The benchmarking results demonstrate that our
proposed m7G-IFL is superior to existing methods for identifying
m7G sites. In addition, via feature analysis, we found that the
proposed iterative feature algorithm can enhance the feature
representation capability during the iterative process. In addi-
tion, a freely accessible online webserver for m7G-IFL is available

at http://server.malab.cn/m7G-IFL/. We expect that the proposed
predictor can facilitate the discovery of new m7G sites, and
interpret their underlying functional mechanisms.

Methods and materials
Benchmark dataset

In this study, we used the same benchmark dataset presented
in our previous work [7] to train the proposed method. The
dataset includes 741 positive samples and 741 negative sam-
ples. The positive samples in this dataset are true m7G sites
containing sequences with the length of 41 nt (nucleotides),
which are experimentally validated and derived from human
HeLa and HepG2 cells [7]. The negative samples are non-m7G site
containing sequences, which have the same length with that of
the positive samples. In both positive and negative datasets, the
sequence identity is less than 80% [7].

The proposed predictive framework

Figure 1 illustrates the predictive framework of the proposed
method, namely m7G-IFL. As shown in Figure 1, the proposed
m7G-IFL mainly consists of three steps: Data Preprocessing,
Feature Extraction and Iterative Feature Representations.

In 1st step, the inquiry sequences are divided into the sub-
sequences with the same length of 41 nt. In 2nd step, the
resulting sequences are fed for feature extraction. Here, we
used three feature extraction algorithms, including Physical–
Chemical Properties (PCP), Ring-function-hydrogen-chemical
properties (RFH) and Binary and k-mer frequency (BKF). By doing
so, each sequence is transformed into three types of feature
vectors, each of which is further optimized by a feature selection
strategy based on the integration of the F-score and sequential
forward search (SFS). Afterwards, for each sub-sequence, we
predict its probability to be true m7G site using the three
optimal feature vectors, and obtained three probabilistic values,
respectively, which are further combined as a 3D probabilistic
feature vector. In 3rd step, the resulting probabilistic feature
vector was further input into an iterative feature learning
strategy to learn the optimal probabilistic feature vector for the
sequence. Finally, each sequence obtained a score ranging from
0 to 1. If the score is greater than 0.5, the sequence is predicted
as a m7G site; otherwise, it is a non-m7G site. The details of the
feature learning strategy can be seen in Section ‘Iterative feature
representation learning’.

Feature representation algorithms

For convenience of feature description, we denote a given RNA
sequence as S = N1...NL, where L is the length of the sequence
and Ni∈ {A, G, C, U} represents the ith position of the nucleotide in
the sequence. Three feature representation algorithms are used
for feature extraction and described as follows.

Physical–chemical properties (PCP)

There are 16 different dinucleotides, each of which corresponds
to different physicochemical properties (PCs) [9, 10]. In the
present work, we use a total of 10 properties, including (1) PC1:
rise [11]; (2) PC2: roll [11]; (3) PC3: shift [11]; (4) PC4: slide [11];
(5) PC5: tilt [11]; (6) PC6: twist [11]; (7) PC7: enthalpy [12]; (8) PC8:
entropy [12]; (9) PC9: stack energy [11]; and (10) PC10: free energy
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Iterative feature representation algorithm 3

Figure 1. Framework of the proposed m7G-IFL. (A) Data Preprocessing. The dataset contains 741 positive samples and 741 negative samples. Each of the samples is

41 bp in length. (B) Feature Extraction. The samples were encoded by three separate feature representations algorithms. The generated features were then submitted

to the iterative feature representations scheme to generate probabilistic feature matrix. (C) Iterative Feature Representations. We repeated this process; that is,

multidimensional input features are trained during each subsequent iteration to obtain a 2D probability feature, and then the input and output features are merged

into the input features for the next iteration. If the performance reaches convergence, the iteration process will be stopped. Each sequence gets an assigned score,

ranging from 0 to 1. If the score is >0.5, the sequence is predicted as an m7G site; otherwise, a non-m7G site.

[12]. For each sequence, it can be firstly encoded as the following
matrix:

PC =

⎡
⎢⎢⎢⎣

PC1
(N1N2) PC1

(N2N3) . . . PC1
(N40N41)

PC2
(N1N2)

. . .

PC10
(N1N2)

PC2
(N2N3) . . . PC2

(N40N41)

. . .

PC10
(N2N3) . . . PC10

(N40N41)

⎤
⎥⎥⎥⎦
(1)

where PCj(NiNi+1) is the jth (j = 1, 2, . . . , 10) PC property value
of NiNi+1. Next, we normalized the matrix and used auto-
covariance (AC) and cross-covariance (CC) transformation to
calculate the correlation between any two dinucleotides. The AC
transformation is to calculate the correlation between two PCs,
which is formulated as follows:

AC (m, λ) =
∑40−λ

j=1

[
PCm (

Nj+λNj+1+λ

) − PCm
]

40 − λ
m = 1, 2, 3, . . . , 10, (2)

where λ is the interval between two dinucleotides, ranging from
0 to 39; m denotes the number of the property. PCm is the mean
of all elements in the mth row of the matrix and its formula is as
follows,

PCm =
∑40

j=1 PCm (
NjNj+1

)
40

(3)

CC transformation is used to represent the correlation
between any two different dinucleotides among the same PC
property. The formula is as follows:

CC (μ1, μ2, λ) =
∑40−λ

j=1

[
PCμ1

(
NjNj+1

) − PCμ1
] [

PCμ2
(
Nj+λNj+1+λ

) − PCμ2
]

40 − λ

(μ1 = 1, 2, . . . , 10; μ2 = 1, 2, . . . , 10; μ1 �= μ2) , (4)

where μ1, μ2 (=1,2 . . . ,10) denotes the number of the property
we used among the ten properties. According to previous
work [13], we learned that whenλ is set to 4, the best per-
formance is obtained. Therefore, we obtained a total of
10 ×λ+ 10 × 9 × λ = 400 features based on PCP.

Ring-function-hydrogen properties (RFH)

The number of rings, hydrogen bonding strength and chemical
function of the four nucleotides (A, C, G, U) are different, which
depends on their chemical structures [14–16]. To quantify these
chemical properties, we used a 4D vector (i, j, k, di) to represent
each nucleotide in the sequence S, where (i, j, k) is calculated as:

i =
{

1 if x ∈ {A, G}
0 others

; j =
{

1 if x ∈ {A, C}
0 others

; k =
{

1 if x ∈ {A, U}
0 others

(5)

According to the above formula, A, C, G and U can be repre-
sented as (1,1,1), (0,1,0), (1,0,0) and (0,0,1), respectively.

To integrate nucleotide composition surrounding m7G site,
the nucleotide density was also used to encode the sequence,
which is defined in the sequence as follows:

di = 1
| Ni |

∑L

j=1
f
(
nj

)
, (6)
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4 Dai et al.

Figure 2. Performance evaluation of identifying m7G sites by using different classifiers. (A) ROC curves of different classifiers. (B) It shows the same as A, but zoomed

in on the interesting region.

Table 1. Performance evaluation of identifying m7G sites by using
different classifiers

Classifiers SN (%) SP (%) ACC (%) MCC

XGBoost 92.4 92.6 92.5 0.850
SVM 90.7 91.2 91.0 0.819
RF 90.0 89.2 89.6 0.792
LR 90.6 89.6 90.1 0.802

Table 2. Performance evaluation of identifying m7G sites by using
different features

Features SN (%) SP (%) ACC (%) MCC

Our feature set 92.4 92.6 92.5 0.850
PCP 85.8 84.1 85.0 0.699
RFH 90.8 87.9 89.3 0.787
BKF 92.2 88.9 90.6 0.811

where | Ni | is the length of the substring from position i to the
first position of the sequence; f (nj) is denoted as

f
(
nj

) =
{

1 ifnj = q
0 others

, q ∈ {A, C, G, U} (7)

Binary and k-mer frequency (BKF)

Firstly, the binary coding method is used to represent the local
sequence information of 41 nucleotides, where A, C, G and
U are represented by (0,0,0,1), (0,1,0,0), (1,0,0,0) and (0,0,1,0),
respectively [17]. Thus, we can encode the sequence with 164
(=41 ∗ 4) binary features. Secondly, the position-independent k-
mer frequency is used to capture global sequence information
[18]. The corresponding vector of k-mer has 4k dimensions.
In present work, we consider k = 2, 3, 4. As a result, we have
336 (=42 + 43 + 44) k-mer features. By using the BKF encoding
algorithm, we obtained a total of 500 (=164 + 336) features [17].

Iterative feature representation learning

There are three main steps are involved in the iterative fea-
ture representation learning framework: feature optimization
for sequence-based features, supervised probabilistic feature
generation and iterative feature generation, which are described
in detail as follows:

Step 1. Perform feature optimization on each kind of feature

We use a two-step strategy to optimize the feature space derived
from three feature representation methods, respectively. The
first step is to calculate the F-score to rank the original features
in a descending order. The second step is to determine the best
subset of features by using the SFS. In SFS, we sequentially add
features and train the corresponding model according to their
F-scores. The feature subset is considered as the best one when
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Iterative feature representation algorithm 5

Figure 3. Performance evaluation of different models trained using SVM, RF, LR and XGBoost with different iterations. The black line shows the iteration number of the

best performance. (A) Four metrics of the model trained using SVM; (B) four metrics of the model trained using RF; (C) four metrics of the model trained using LR; (D)

four metrics of the model trained using XGBoost. In each figure, the x-axis represents the iteration number and the y-axis represents the performance.

the corresponding model achieved the highest accuracy under
10-fold cross validation [19].

Step 2. Supervised probabilistic feature generation

From the above step, we obtained the best models for three dif-
ferent feature groups. Each model yields a probabilistic score for
each sample in the dataset to measure the prediction probability
whether it is an m7G site or not. To avoid the potential bias of
a single feature type, we combined all the probabilities derived
from the three models and generate a 3D probability feature
vector for each sample.

Step 3. Iterative feature generation

Inspired by deep neural networks [20–23], where features are
learned in a hierarchical manner [24], a similar scheme using
an iterative approach is proposed. Firstly, a XGBoost model is
trained using the 3D vector generated in step 2, and then the
probabilistic features are obtained after evaluating the XGBoost
model. Combining the new features with the previous 3D vec-
tors, we obtain a new 5D feature vector. Again, we repeated this
process; that is, multidimensional input features are trained dur-
ing each subsequent iteration to obtain a 2D probability feature,
and then the input and output features are merged into the
input features for the next iteration. If the performance reaches
convergence, the iteration process is stopped.

Extreme gradient boosting (XGBoost)

The gradient boosting algorithm is an algorithm that constructs
a strong learner from many weak learners [25]. XGBoost is a more
efficient gradient boosting framework based on gradient tree
boosting proposed by Chen et al. [26]. In recent years, XGBoost
has been widely used in machine learning and has achieved
excellent results in many machine learning tasks. XGBoost has
many advantages, such as ease of use and high prediction accu-
racy on binary classification problems. Thus, in this study, we
choose XGBoost to train our iteration models.

For a given dataset with n examples and m features, we define
it as D = {(xi, yi)}(|D| = n, xi ∈ Rm, yi ∈ R), where xi is feature matrix
of sample i and yi is label of sample i. A tree uses K subtrees to
predict output.

ŷi =
K∑

k=1

fk (xi) , fk ∈ F, (8)

where ŷi is the predicted label, F = {f(x) = ωq(x)}(ω ∈ RT) is
the space of subtrees. q (q : Rm → T) is the structure of the
tree, while T represents the number of leaves in the tree. Each
f(x) corresponds to a tree structure q and leaf weight ωq(x). The
purpose of training the model is to reduce the loss of the model.
We assume that ŷt

i is the result predicted by the tth iteration for
the ith sample. As of the tth iteration, the loss function of XGBoost
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6 Dai et al.

Figure 4. ROC curves and PR curves of models using different features. (A) ROC curves of train models using different features. (B) It shows the same as A but zoomed

in on the interesting region. (C) PR curves of train models using different features. (D) It shows the same as C but zoomed in on the interesting region.

is defined as follows

L(t) =
n∑

i=1

l
(
yi, ŷt−1

i + ft (xi)
) + �

(
ft
)

, (9)

where �(f) = γT + 1
2 λ

∑
i ωi

2 penalizes the complexity of
the model. l(y1, y2) is a function to calculate the difference
between y1 and y2. Then the second derivative can be used for

optimization.

L(t) ∼=
n∑

i=1

[
l
(
yi, ŷt−1) + gift (xi) + 1

2
hift

2
(xi)

]
+ �

(
ft
)

→
n∑

i=1

[
gift (xi) + 1

2
hift

2
(xi)

]
+ γT + 1

2
λ

∑
j

ωj
2 (10)
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Figure 5. Distribution of positive and negative samples in a 2D feature space. (A) Feature space extracted from BKF features, (B) feature space extracted from PCP

features, (C) feature space extracted from RFH features, (D) feature space of 3D feature matrix after one iteration, (E) feature space of 9D feature matrix after three

iterations, (F) feature space of 15D feature matrix after 6 iterations.

Finally, we calculate the optimal weight ωj
∗ of leaf j as

ωj
∗ = −

∑
i∈Ij

gi∑
i∈Ij

hi + λ
(11)

Here gi = ∂ŷt−1 l(yi, ŷt−1), hi = ∂2
ŷt−1 l(yi, ŷt−1) and Ij = {i|q(xi) = j}.

Performance evaluation

In this study, the classifier’s performance is evaluated by four
common metrics: Sensitivity (SN), Specificity (SP), Accuracy
(ACC) and Mathew’s Correlation Coefficient [27–29]. They are
defined as follows,

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

SN = TP
TP+FN

SP= TN
TN+FP

ACC= TP+TN
TP+FN+TN+FP

MCC = TP∗TN−FP∗FN√
(TP+FN)(TP+FP)(TN+FP)(TN+FN)

,

(12)

where TP indicates true positive, which is the number of positive
samples predicted to be positive samples; TN indicates true
negative, which is the number of negative samples predicted
to be negative samples; FP indicates false positive, which is the
number of negative samples predicted to be positive samples; FN
indicates false negative, which is the number of positive samples
predicted to be negative samples.

Results and discussion
Performance comparison with different classifiers

In this section, we compared XGBoost used in this study with
several commonly used and powerful classifiers, including SVM,
Logistic Regression (LR) and Random Forest (RF). We trained the
classifiers on the same dataset and evaluated them with 10-
fold cross validation test. The evaluation results are presented
in Table 1. We observed that XGBoost significantly outperforms
the other three classifiers in all four metrics (ACC, SN, SP and
MCC). To be specific, the ACC, SN, SP and MCC of XGBoost
are 1.5%, 1.7%, 1.4% and 3.1% higher than that of the runner-
up SVM. For intuitive comparison, we further compared their
ROC (Receiver Operating Characteristic) curves as illustrated in
Figure 2. Figure 2B shows a partial zoomed view of Figure 2A. As
shown, we can see that XGBoost achieved an AUROC of 0.959,
which is competitive with two best classifiers—SVM and LR
(Figure 2A). These results demonstrate that XGBoost is better
than other commonly used classifiers and holds the potential
to build a prediction model for identifying m7G sites. Note that
the detailed cross validation results of different classifiers can
be found in Supplemental Materials (Figures S1–S4).

Iterative feature learning improves the feature
representation capability

In this section, we investigated if the iterative process in our
feature learning scheme could improve the feature represen-
tation ability and the predictive performance. Figure 3 shows
the performances change as the iteration number increases.
Figure 3A–D shows the performance curves of the models

D
ow

nloaded from
 https://academ

ic.oup.com
/bib/advance-article/doi/10.1093/bib/bbaa278/5964186 by W

estern U
niversity user on 10 N

ovem
ber 2020

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa278#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa278#supplementary-data


8 Dai et al.

Figure 6. Performance evaluation of existing methods on same dataset. (A) ROC curves of m7G-IFL, iRNA-m7G and m7GFinder. (B) It shows the same as (A), but zoomed

in on the interesting region. (C) PR curves of m7G-IFL, iRNA-m7G and m7GFinder. (D) It shows the same as C but zoomed in on the interesting region.

trained with different classifiers (SVM, RF, LR and XGBoost),
respectively.

As shown in Figure 3A, we can see that all the four metrics
have a significant increment as the iterative number grows. In
the first 10 iterations, the four metrics show a clear upward
trend; afterwards, they fluctuate slightly during the 10-25th iter-
ation and finally stabilize at the 25th iteration. From Figure 3C,
we can see that there is no obvious improvement during the
iterative process. In Figure 3B, all the four metrics fluctuates
sharply and shows a downward trend. Figure 3D illustrates the
four metrics of the model trained using XGBoost, where we
can observe that the performances increase slowly. When the

iteration number is 30, the model achieved the best perfor-
mance with ACC of 0.925, SN of 0.924, SP of 0.926 and MCC
of 0.850. It can be concluded that the iterative process can
help to improve the predictive performance. However, different
classifiers show different effects. In this study, XGBoost and SVM
show significant performance improvement than the other two
classifiers.

Next, we compared our features generated from our feature
learning scheme with three basic feature representation
algorithms used in this study, including PCP, RFH and BKF. For
more intuitive comparison, we employed two curves, ROC and
PRC (Precision-Recall Curve), which can evaluate the overall
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Iterative feature representation algorithm 9

performance of predictive models. The detailed comparative
results with regard to the four metrics are presented in Table 2.
The ROCs and PRCs of different features are illustrated in
Figure 4A–D, respectively. As seen in Table 2, the features we
learnt from the scheme significantly improve the performances
in all the four metrics. Specifically, our feature set improves the
performances from 92.2 to 92.4% in terms of SN, 88.9 to 92.6% in
terms of SP, 90.6 to 92.5% in terms of ACC and 0.811 to 0.850 in
terms of MCC, respectively. This demonstrates that our feature
scheme is effective to improve the predictive performance as
compared to the three basic feature representation algorithms
employed in the feature scheme. Moreover, we plotted ROC
curves of different features evaluated with 10-fold cross-
validation, which can be found in Supplemental Materials
(Figures S5–S7).

We further studied the distribution of the feature space
from the initial state to the steady state during the iteration
process. To facilitate discussion, we used t-SNE (t-distributed
Stochastic Neighbor Embedding) [30] to visualize the feature
space, which is a well-known tool for feature size reduction
and visualization. Figure 5 shows the distribution of positive
and negative samples in a 2D feature space. We can observe
that: (1) in each basic feature representation algorithm, the
positive and negative samples are actually distributed in two
clusters without clear boundaries; (2) by performing the feature
iteration process, the feature space tends to be relatively stable,
and the margins between positive and negative in the feature
space are more clearly separated; (3) finally, we can see two
distinct clusters clearly. This demonstrates that the probabilistic
distribution information is better than sequential information
to capture the global difference between positive samples
(m7G sites) and negative samples (non-m7G sites). In addition,
the iterative learning in a supervised manner can capture
more discriminative information, thus improving the feature
representation ability, and contributing to the performance
improvement. It can be concluded that our features are more
discriminative than existing feature descriptors, which help to
learn a better decision margin of the model for improving the
performance.

Performance comparison with existing predictors

To evaluate the predictive effectiveness of the proposed m7G-
IFL, we compared our predictor with two state-of-the-art predic-
tors, namely iRNA-m7G and m7GFinder. It’s worth noting that
there are four models presented in iRNA-m7G. Therefore, we
compared all the models of iRNA-m7G with m7G-IFL. For fair
comparison, we performed all the predictors on the same bench-
mark dataset presented in iRNA-m7G, and evaluated their per-
formances with the same validation method—10-fold cross vali-
dation. The predictive performances are summarized in Table 3.
As can be seen, amongst the six models, our predictor gives the
best performance, achieving SN of 92.4%, SP of 92.6%, ACC of
92.5% and MCC of 85.0%, respectively. Figure 6A–D illustrates the
ROCs and PRCs of the compared models. We can clearly observe
that our predictor is also better than other models, achiev-
ing the highest AUROC of 0.959. In general, the comparative
results demonstrate that our m7G-IFL significantly outperforms
the state-of-the-art predictive models in the identification of
m7G modifications. For more information, it can be found in
Supplemental Materials, in which Figures S8–S12 represent the
detailed results of all the models of the two compared predictors
(iRNA-m7G and m7GFinder), respectively.

Table 3. Performance evaluation of identifying m7G sites by using
different methods

Methods SN (%) SP (%) ACC (%) MCC

m7G-IFL 92.4 92.6 92.5 0.850
iRNA-m7G(fusion) 89.1 90.7 89.9 0.798
iRNA-m7G(PseDNC) 80.3 88.5 84.4 0.691
iRNA-m7G(NPF) 89.1 90.7 89.9 0.798
iRNA-m7G(SSC) 73.8 75.7 74.8 0.495
m7GFinder 90.8 89.1 89.9 0.799

Conclusion
In this study, in order to improve the performance for identify-
ing m7G site, we proposed a new machine learning prediction
method called m7G-IFL by using iterative feature representa-
tion learning strategy. By a series of comparative experiments,
we found that our method is better than the state-of-the-art
predictors for identifying m7G sites. The main contribution is
attributed to the use of the iterative feature representation learn-
ing strategy, which can learn more discriminative information
via supervised iterative process based on existing sequence-
based feature descriptors. Our analysis results demonstrate that
XGBoost show significant performance improvement. We expect
that the iterative feature learning strategy can provide a poten-
tial way for performance improvement in other similar problems
[31–33].

Key Points
• In this study, we propose a computational method

called m7G-IFL to improve the identification of m7G
sites.

• In m7G-IFL, we introduce an iterative feature rep-
resentation algorithm to encode RNA sequences,
which can automatically learn probabilistic distribu-
tion information from multiple sequential models,
and improve the feature representation capability in
a supervised iterative manner.

• Comparative study shows that the proposed m7G-IFL
significantly outperforms existing predictors for the
identification of m7G sites.

• We further develop a webserver for the implementa-
tion of the proposed m7G-IFL, which can provide high-
throughput prediction of m7G sites in genome scale.
It is publicly accessible at http://server.malab.cn/m7G-
IFL/.

Supplementary Data

Supplementary data are available online at https://academic.
oup.com/bib.

Availability

An easy-to-use webserver for m7G-IFL is currently available
at http://server.malab.cn/m7G-IFL/.
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Data Availability

The benchmark dataset we used in this study and the source
code of our proposed method can be downloaded via http://
server.malab.cn/m7G-IFL/Download.html.
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