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ABSTRACT: It is well known that DNA-protein binding (DPB) prediction is not only beneﬁcial to
understand the regulation mechanism of gene expression but also a challenging task in the ﬁeld of
computational biology. Traditional methods for DPB prediction that depend on manually extracted
features may lead to classiﬁcation errors. Recently, deep learning such as convolutional neural network
(CNN) has been successfully applied to classiﬁcation tasks and improved DPB prediction performance
signiﬁcantly. Yet, these methods are based on the original DNA sequence modeling, ignoring the hidden
complex dependency and complementarity between multiple sequence features. In consideration of this
problem, we propose a method to fuse diﬀerent sequence features and analyze them systematically
through multi-scale CNN. First, sliding windows of speciﬁed lengths are set on distinct DNA sequences
to generate multiple sequence features with unequal lengths. Second, multiple feature sequences are
fused and encoded for feature representation. Third, multi-scale CNN with diﬀerent binding motif
lengths is used to automatically learn and mine the inﬂuence of internal attributes and hidden complex
relations between the fusion sequence features and make full use of the complementary advantages of
extracted CNN features to predict DPB. When our model is applied to 690 ChIP-seq datasets, it
achieves an average AUC of 0.9112, which is signiﬁcantly better than the latest methods. The results show that our method is
eﬀective for DPB prediction and is freely available at http://121.5.71.120/mscDPB/.
KEYWORDS: DNA-protein binding, feature fusion, multi-scale complementary feature

1. INTRODUCTION
DPB plays a key role in gene regulation and biological molecular
functions, such as transcription and alternative splicing.1,2
Therefore, the identiﬁcation methods of DPB are constantly
proposed to analyze the function of protein, ﬁnd disease, and
design new drugs.3,4 There are many existing machine learning
methods for DPB prediction. For example, MEME algorithm
based on expectation maximization (EM) is used to discover
motifs.5 Nitin et al. predicted DNA-binding proteins by machine
learning protocol with support vector machine classiﬁer.6
Ghandi et al. used gapped k-mer and support vector machine
to experiment on human ENCODE ChIP-seq datasets.7
Weirauch et al. in Table 1 evaluated the supervised,
unsupervised machine learning methods for modeling DNA
sequence speciﬁcity, indicating that the supervised way is more
eﬀective.8 Among them, DNA sequence modeling has been
widely used in DPB prediction and has made progress to some
extent. However, the experimental results are not ideal and
needed to be further improved. Especially, with the development
of the next-generation high-throughput DNA sequencing
technology,9 DNA sequences are ampliﬁed in large quantities,
and the above methods obviously cannot meet the current
needs. Fortunately, a large number of DPB datasets are
generated by high-throughput technology, such as ChIP-seq
datasets, which can provide training data for new computing
approaches.10 Furthermore, there is an urgent need to develop
© XXXX American Chemical Society

computational methods to predict DPB. The information
obtained by the calculation method is meaningful. The
knowledge of protein 3D (three-dimensional) structures or
their complexes with ligands is vitally important for rational drug
design. Although X-ray crystallography is a powerful tool in
determining these structures, it is time-consuming and
expensive, and not all proteins can be successfully crystallized.
Membrane proteins are diﬃcult to crystallize, and most of them
will not dissolve in normal solvents. Therefore, so far very few
membrane protein structures have been determined. NMR is
indeed a very powerful tool in determining the 3D structures of
membrane proteins (see, e.g., refs 11−15), but it is also timeconsuming and costly. To acquire the structural information in a
timely manner, a series of 3D protein structures have been
developed by means of structural bioinformatics tools (see, e.g.,
a comprehensive review16 and the long list of papers cited
therein). Meanwhile, facing the explosive growth of biological
sequences discovered in the post-genomic age, to timely use
them for drug development, a lot of important sequence-based
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Table 1. More Detailed Description of Research Methods
method

Deepprune (single-scale CNN)
HOCNN (a high-order convolutional
neural network architecture) (multi-scale
CNN)
RC and FS augmentation tricks (singlescale CNN)

Expectation pooling (single-scale CNN)

WSCNN (a weakly-supervised convolutional neural network) (multi-scale
CNN)

DNNs (deep neural networks)

Vary CNN width, depth and pooling
designs (single-scale CNN)

DeepBind (single-scale CNN)

26 models of the sequence speciﬁcity

length of binding motif

24 or 20

24
24, 12 and 8

24

24

gapped k-mer (l = 7,k = 5; l
= 8,k = 6; l = 10,k = 6...)

24

24

k-mers from 1 to 8, from
10 to 15...

result

RC augmentation trick:
average AUC: 0.8271
FS augmentation trick:
average AUC: 0.8501
RC+FS: average AUC :
0.8684

FeatureREDUCE
(AUROC-0.5): 0.497
Team_D (AUROC-0.5):
0.496...
HT-SELEX data: average
test AUC: 0.71
ChIP-seq data: average
test AUC: 0.85...
690 motif discovery datasets: average AUC:
0.8747
small datasets: average
AUC: 0.903
big datasets: average
AUC: 0.952
ChIP-seq: average ROC
AUC: 0.869
average PR AUC: 0.772
PBM: PCC (average:
0.534; median: 0.569)
average AUC:
0.88256223
average AUC: 0.8849
average AUC: 0.9436
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each other and adopted the default binding motif length. In
addition, they also ignored the relationship between nucleotides
and the eﬀect of diﬀerent binding motif lengths on DPB
prediction. Considering these limitations, a convolutional neural
network based on high-order coding was proposed to establish
high-level dependence among nucleotides, and multi-scale
CNN was used to deal with diﬀerent binding motif lengths.27
Yet, this method does not consider diﬀerent types of DNA
sequences. In consideration of this information, Cao et al.
proposed the network with RC and FS techniques to prove that
the mapping between diﬀerent types of DNA sequences, which
is conducive to DPB prediction.28 However, this method is not
enough to study the direct/indirect interaction and properties of
distinct DNA sequences after fusion learning, and the length of
the binding motif is also ﬁxed, which uses single-scale CNN to
model sequences. Although the above method proves the
inﬂuence of some types of DNA sequences, the fusion learning
of multiple types of DNA sequence features is not explored in
depth.
Inspired by the above observation, a method, which fuses
diﬀerent sequence features and analyzes them systematically
through multi-scale CNN, is proposed to promote the predictive
performance of DPB, and it can make full use of the available
features in diﬀerent scales and their complementary advantages.
In this method, original DNA sequence is replaced by the fusion
feature sequence for the advantage of aggregating hidden
information. The fusion feature sequence is composed of
multiple k-mer sequences with a speciﬁed length and step size
window. These fusion feature representations are sent into the
multi-scale CNN network for feature learning and ultimately
improve the classiﬁcation results of DPB. The characteristics of
diﬀerent binding motif lengths obtained by multi-scale CNN
have obvious complementary advantages. Therefore, multi-scale
CNN with diﬀerent length motif detectors is used to model the
new feature sequence. After this operation, the network
automatically integrates the multi-scale extracted features and
fully exploits their correlation and complementary advantages.
Finally, the aggregation of multi-scale results is equivalent to
combine the abstract results of three CNN models with diﬀerent
motif detectors. The results are given to the sigmoid layer of the
neural network for ﬁnal prediction. It should be noted that the
aggregation not only considers the most abundant information
of CNN modeling results, but also other CNN modeling results
will not be ignored. More abstract features can be combined to
learn common patterns. In addition, this method ﬁts well with
wider CNN models. The experimental studies show that our
method obtains the best results on 690 ChIP-seq datasets
compared with the other methods. The contribution of our
method is summarized as follows:

information, such as PTM (posttranslational modiﬁcation) sites
in proteins, have been successfully predicted (see, e.g., refs 17
and 18 as well as a long list of papers cited in a comprehensive
review19). Actually, the rapid development in sequential
bioinformatics and structural bioinformatics have driven the
medicinal chemistry undergoing an unprecedented revolution,20
in which the computational biology has played increasingly
important roles in stimulating the development of ﬁnding novel
drugs. In view of this, the computational (or in silico) methods
were also utilized in this study for DPB prediction.
The main task of DPB prediction is to ﬁnd motifs. Previously,
various motif discovery and optimization algorithms were
studied to ﬁnd motifs. For example, Zhu et al. proposed direct
optimization of Fisher Exact Test Scores to learn regulatory
motifs, which allowed direct learning of motif parameters in
continuous space;29 then, Zhu et al. considered optimizing AUC
loss function to eﬀectively learn motifs and ﬁnd the optimal
value30 and proposed Large Margin Motif Optimizer (LMMO)
to reﬁne regulatory motif;31 in addition, Hashim et al. showed
and summarized the classiﬁcation of motif discovery algorithms.32 In fact, motif discovery is also conducive to the
recognition of transcription factor binding sites and shows that it
is important to integrate DNA sequence and shape characteristics by deep learning to improve the performance of predicting
transcription factor binding sites.33 In recent years, deep
learning has been proved to obtain great achievements in
promoting the performance in the study of biological genomes,
such as human promoter recognition,34 RNA-binding protein,35
RNA-protein binding sites,36 protein−protein interaction,37 and
DPB prediction.21−23,38 Diﬀerent from traditional machine
learning methods, the deep learning methods do not beneﬁt
from prior knowledge but use a wide variety of experimental
datasets to extract characteristics closely related to classiﬁcation.
At the same time, the research methods based on deep learning
analyze the performance characteristics and advantages of
diﬀerent architectures to help users choose the architecture
suitable for their tasks.39 It further shows the important
inﬂuence of deep learning algorithm in genomics.40 In this
background, it is a promising paradigm to study DPB prediction
using deep learning such as CNN. The convolution ﬁlter can
simulate DNA motif, which uses a series of convolution kernels
as motif detector to identify potential sequence patterns and
ﬁnally achieves DPB prediction. In Table 1, to name just a few, a
well-known deep learning-based method named DeepBind ﬁrst
applied deep CNN to predict protein binding from original
genome sequences.21 Then, for diﬀerent tasks, the network
architecture was discussed systematically, and the optimal
performance structure was determined by changing the width,
depth, and pool design of CNN.22 On the basis of determining
the optimal structure, combining deep learning with statistical
learning, a new pool method was proposed to improve DPB
prediction.25 This method was still based on a single DNA
sequence, ignoring other types of DNA sequences and the
hidden interaction between diﬀerent types of DNA sequences.
Using single-scale CNN instead of multi-scale CNN based on
diﬀerent binding motif lengths may ignore the factor of motif
length diversity. Therefore, it is diﬃcult to adopt a ﬁxed-scale
motif scanner to simultaneously capture DPB characteristics at
diﬀerent length motifs. Soon after, Luo et al. proposed a new
deep learning framework called Deepprune for DPB prediction
tasks, which removed weights from dense layers and iteratively
ﬁne-tune them.26 However, when predicting DPB tasks, the
above methods assumed that nucleotides are independent of

(1) Instead of directly extracting features from a single
original DNA sequence, our model sets sliding windows
of diﬀerent lengths on distinct DNA sequences to extract
and fuse multiple features. The original DNA sequence is
replaced by the fusion feature sequence for the advantage
of aggregating hidden information.
(2) The convolution neural network based on multi-scale
complementary information can automatically extract
features without manual participation, where the
relevance and complementarity among diﬀerent scales
of information are fully mined and utilized.
(3) The fusion of CNN modeling results at the abstract level
makes the DPB prediction process diﬀerent information
C
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Figure 1. Graphical illustration of the proposed framework. First, the objects of Data processing are two types of DNA sequences. Second, the process
of Model Training includes the input layer, convolution module layer, and global maxpooling layer. The discard layer is located behind the convolution
layer and the pooling layer, respectively. Then, it is predicted by the sigmoid function. Third, the Model Testing is to take the new sequence as the input
of the trained model and gives the test results.

other sequence-analyzing methods, and (5) very convenient to
be used by the majority of experimental scientists. From the
above description, we realize the importance of Chou’s 5-step
rules. In fact, Chou’s 5-step rule is widely used. Recently, the
research on the molecular characteristics of proteins follows
Chou’s 5-step rule, which is very important for ﬁnding multitarget drugs.44 Therefore, Chou’s 5-step rule plays an important
role in drug development. In addition, under novel coronavirus
pneumonia, it is necessary to develop antiviral drugs. The
information of subcellular localization of viral proteins is very
important. Therefore, a series of predictors for protein
subcellular location also use Chou’s 5-step rules.46−49 It further
indicates that Chou’s 5-step rule plays a remarkable and
awesome role in promoting proteome/genome analysis and
drug development. Below, let us elaborate how to deal with these
ﬁve steps.

in a simple way, fully considering the relevance of CNN
modeling results with diﬀerent motifs, making the model
simple and easy.
As demonstrated by a series of recent publications (see, e.g.,
refs 41 and 42) and summarized in three comprehensive review
papers,43−45 to develop a really useful predictor for a biological
system, one needs to follow “Chou’s 5-step rule”43 to go through
the following ﬁve steps: (1) select or construct a valid
benchmark dataset to train and test the predictor; (2) represent
the samples with an eﬀective formulation that can truly reﬂect
their intrinsic correlation with the target to be predicted; (3)
introduce or develop a powerful algorithm to conduct the
prediction; (4) properly perform cross-validation tests to
objectively evaluate the anticipated prediction accuracy; and
(5) establish a user-friendly web server for the predictor that is
accessible to the public. Papers presented for developing a new
sequence-analyzing method or statistical predictor by observing
the guidelines of Chou’s 5-step rules have the following notable
merits: (1) crystal clear in logic development, (2) completely
transparent in operation, (3) easily to repeat the reported results
by other investigators, (4) with high potential in stimulating
D
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Figure 2. Visualization of data processing. We set diﬀerent sliding windows on the original DNA sequence and the reverse complementary DNA
sequence and then integrate the feature sequences of diﬀerent lengths step by step.

information for proteins, the pseudo amino acid composition65
or PseAAC I66 was proposed. Ever since the concept of Chou’s
PseAAC was proposed, it has been widely used in nearly all the
areas of computational proteomics (see, e.g., refs 67 and 68 as
well as a long list of references cited in refs 19 and 69). Because it
has been widely and increasingly used, four powerful openaccess software, called “PseAAC”,70 “PseAAC-Builder”,71
“propy”,72 and “PseAAC-General”,73 were established; the
former three are for generating various modes of Chou’s special
PseAAC;74 while the fourth one is for those of Chou’s general
PseAAC,43 including not only all the special modes of feature
vectors for proteins but also the higher level feature vectors such
as “Functional Domain” mode (see Eqs.9-10 of ref 43), “Gene
Ontology mode” (see Eqs.11-12 of ref43), and “Sequential
Evolution” or “PSSM” mode (see Eqs.13-14 of ref 43).
Encouraged by the successes of using PseAAC to deal with
protein/peptide sequences, the concept of PseKNC (Pseudo Ktuple Nucleotide Composition)75 was developed for generating
various feature vectors for DNA/RNA sequences,76−78 which
have proved very useful as well. Particularly, in 2015, a very
powerful web server called “Pse-in-One”79 and its updated
version “Pse-in-One2.0”80 have been established, which can be
used to generate any desired feature vectors for protein/peptide
and DNA/RNA sequences according to the need of users’
studies.80
Inspired by the above research, in our paper, considering the
direct or indirect dependence between diﬀerent types of DNA
sequences, it is reasonable to use fusion learning to process the
characteristics of diﬀerent types of DNA sequences. Therefore,
we ﬁrst set up multiple sliding windows of speciﬁc length on
diﬀerent types of DNA sequences. Then, by merging this way,
we can ensure that the hidden dependency relationship is
preserved. Finally, the integrated sequence is encoded as the
input of the model. Meanwhile, this strategy extends the length
of the sequence and takes into account the salient features of
sequence features and the implicit features generated by the
hidden relationship between them. The details of Data
processing in Figure 1 are shown in Figure 2.
Given raw DNA sequence Sraw = {S1raw, S2raw, ..., S101
raw } and DNA
reverse complementary sequence Src = {S1rc, S2rc, ..., S101
rc } with
alphabet ∈{A, C, G, T}, two types of feature sequences are

2. MATERIALS AND METHODS
2.1. Datasets

The real dataset used is provided by the expectation pool25
paper, in which the training set accounts for 80% and the test set
accounts for 20%. The positive and negative samples of the
training set and the test set keep balance (provided in the
Supporting Information). Each of the 690 ChIP-seq datasets
corresponds to a speciﬁc DNA-binding protein (e.g., transcription factor). Each DNA-binding protein has a large number
of DNA sequences bound to transcription factors and DNA
sequences not bound to transcription factors. All the datasets are
downloaded from http://cnn.csail.mit.edu/motif_discovery/.
2.2. Framework of Our Proposed Method

Using graphic approaches to study biological and medical
systems can provide an intuitive vision and useful insights for
helping analyze complicated relations therein as shown by the
eight master pieces of pioneering papers from the then
Chairman of Nobel Prize Committee Sture Forsén50−57 and
many follow-up papers (see, e.g., ref 58 as well as a long list of
papers cited in a comprehensive review59). In this study, we use a
graphical method to show the speciﬁc operation process of our
proposed method, and the frame structure is shown in Figure 1.
The framework mainly comprises three phases: Data processing,
Model Training, and Model Testing.
2.2.1. Feature Representation Generated by Data
Processing. In the research work, selecting the appropriate
feature representation will help to improve the prediction
performance. In fact, with the explosive growth of biological
sequences in the post-genomic era, one of the most important
but also most diﬃcult problems in computational biology is how
to express a biological sequence with a discrete model or a vector
yet still keep considerable sequence-order information or key
pattern characteristic. This is because all the existing machinelearning algorithms (such as “Optimization” algorithm,60
“Covariance Discriminant” or “CD” algorithm,61,62 “Nearest
Neighbor” or “NN” algorithm,63 and “Support Vector Machine”
or “SVM” algorithm63,64) can only handle vectors as elaborated
in a comprehensive review.20 However, a vector deﬁned in a
discrete model may completely lose all the sequence-pattern
information. To avoid completely losing the sequence-pattern
E
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2.2.2.2. The Convolution Module Layer. The ﬁrst layer of
CNN modeling is a one-dimensional convolution layer. First,
the convolution layer consists of three convolution kernels of
diﬀerent sizes. These convolution kernels can be regarded as the
motif scanners. The lengths of the three convolution kernels are
8, 12, and 24, respectively. Second, the number of convolution
kernels increase in a certain range, which can promote the ability
of the model to detect motif variables and auxiliary factors. The
more the kernel number of convolution layer is, the wider the
width is. At last, each convolution layer is followed by Mish
activation function. Compared with other activation functions
such as Relu,81 Mish can guarantee the smoothness of almost all
points on the curve.82 Smooth activation function can make
better information permeate into the neural network so as to
obtain better precision and generalization ability. Mish
activation functions are relatively complex and require more
computation time. Considering the improvement of training
stability and accuracy, it seems worth spending more time. Mish
is a non-monotonic and novel smooth neural network activation
function which can be formulated as: Mish(x) = x·tanh(sof tplus(x)), where the Softplus activation83 can be formulated
as: sof tplus(x) =ln(1 + ex). The output of the multi-scale
convolutional layer can be expressed by the following formulas:

extracted from the original DNA sequences, S1 = {S11, S21, ..., S101
1 },
S2 = {S12, S22, ..., S100
2 }, and one type of feature sequences is
extracted from DNA reverse complementary sequences: S3 =
1
{S13, S23, ..., S101
3 }, where S is the Single Nucleotide (SN) feature
sequence, S2 is the Adjacent Dinucleotide (AD) characteristic
sequence, and S3 is the Reverse Complementary (RC) feature
sequence. Then, the feature sequence of the Reverse
Complementary Mode (RCM) is formed by fusing the SN
feature sequence and RC feature sequence, which can be
expressed by the formula Sf1usion = S1 + S3. After the above
operation, the new feature sequence can be represented by a
simple formula Sf2usion = S1 + S2 + Sf1usion. That is, the fusion feature
Sf2usion with alphabet ∈{A, C, G, T, AA, AC, AG, ..., TT}. The new
feature sequence is described in detail according to this formula.
First, the SN feature sequence, AD feature sequence, and RC
feature sequence are extracted from diﬀerent types of the DNA
sequences. The length of the original DNA sequence is 101 bps.
The SN characteristic sequence is composed of a single
nucleotide with {A, C, G, T} by setting the sliding window
size to 1 (k = 1) and the sliding step length to 1 (stride = 1) in a
given original DNA sequence. When k equals 1, it means 1-mer,
which is one-hot encoding. The smaller step size (k = 1) is more
likely to eﬀectively capture the characteristic information of the
sequence. Each nucleotide is independent from each other that
1-mer coding is carried out to get the 101 × 4 matrix form; the
AD characteristic sequence means that the sequence is
composed of two adjacent dinucleotide acids with {AA, AC,
AG, ..., TT} by setting the sliding window size to 2 (k = 2) and
the sliding step length to 1 (stride = 1) in a given original DNA
sequences. This can be seen as the composition of multiple subDNA fragments. The adjacent nucleotides are dependent on
each other. The AD characteristic sequence is encoded by a
simple 2-mer encoding, and the matrix form of 100 × 16 is
obtained; the DNA reverse complementary sequence can be
regarded as another type of DNA sequence. The speciﬁc process
is that the original DNA sequence is ﬁrst arranged in reverse and
then the replacement relationship according to {A ↔ T, C ↔
G}. By setting the sliding window to 1 (k = 1) and step size of 1
(step = 1), RC and SN sequences are fused to form RCM with
double chains. The matrix representation of 202 × 4 is obtained
by 1-mer encoding the feature sequence. Second, the three types
of feature sequences are fused in a simple way to obtain the ﬁnal
feature representation. The ﬁnal feature is encoded to form a
matrix of 403 × 20, which is the input of the multi-scale CNN.
This strategy makes the length of the DNA sequence longer,
which makes multi-scale CNN with diﬀerent motif lengths to
automatically extract salient features and implicit features and
makes full use of the complementary advantages of high-level
features to predict DPB.
2.2.2. The Description of Modeling Training. In this
section, we describe the process of Modeling Training, including
the input layer, the convolution module layer, and the global
maxpooling layer.
2.2.2.1. The Input Layer. The input is the DNA sequence.
Actually, convolutional neural networks need digital inputs and
we need to convert DNA sequence into a language that can be
recognized by the neural network. A new feature representation
is obtained after the fusion of features. The new feature sequence
is expressed as S = {S1, S2, ..., SL} with alphabet ∈{A, C, G, T, AA,
AC, AG, ..., TT}. The ﬁnal input to the network is a L × 20
matrix, where L is the length of the input sequence and each
alphabet is encoded into a vector of size 20.

Oc8 = Mish(Conv8motif (Seq))

(1)

Oc12 = Mish(Conv12motif (Seq))

(2)

Oc24 = Mish(Conv24motif (Seq))

(3)

where Seq is the input new feature sequence of shape 403 × 20,
Oc8 is the output of the convolutional layer with a binding motif
length of 8, Oc12 is the output of the convolutional layer with a
binding motif length of 12, and Oc24 is the output of the
convolutional layer with a binding motif length of 24. Obviously,
it is reasonable to adopt the multi-scale strategy.
2.2.2.3. The Global Maxpooling Layer. The second layer of
CNN modeling is the global maxpooling layer. For DPB, the
largest pool itself performs well. First, the characteristic graph is
obtained by convolution. The output of the convolution layer is
the input of the global maxpooling layer. The global maxpooling
layer only outputs the max value of all its function mappings,
which has advanced semantic information. The function of this
global maxpooling layer can be regarded as whether there is a
motif in the output spectrum of the corresponding convolution
layer. Second, the results of three CNN models are combined in
a simple way. This method fully considers the advanced
semantic information of each CNN model. Usually, the max
value of the three CNN modeling results, that is, the most
semantic CNN modeling results, is used for the ﬁnal prediction.
This method ignores the results of other CNN modeling, which
may lose important information. Finally, after the convolution
layer with Mish activation function and the global maxpooling
layer, a dropout layer with diﬀerent discard rates is used.84 The
partial output is shielded randomly to avoid over ﬁtting. The
output of the global maxpooling layer can be expressed by the
following formulas:

F

Om8 = GlobalMax(Dropout(Oc8))

(4)

Om12 = GlobalMax(Dropout(Oc12))

(5)

Om24 = GlobalMax(Dropout(Oc24))

(6)
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Figure 3. Process of dimension uniﬁcation of the multi-scale feature fusion matrix. The red part represents the convolution layer with the motif length
of 8; the yellow part represents the convolution layer with the motif length of 12; the gray part represents the convolution layer with the motif length of
24.

Otest = Model(new _seq)

where Oc8 is the output of the convolutional layer with a motif
length of 8, which is taken as the input to the corresponding
global maxpooling layer, and Om8 is the corresponding output;
the output of the convolutional layer with a motif length of 12,
that is, Oc12, is taken as the input of the corresponding global
maxpooling layer, and Om12 is the corresponding output; and the
output of the convolutional layer with a motif length of 24, that
is, Oc24, is taken as the input of the corresponding global
maxpooling layer, and Om24 is the corresponding output.
2.2.2.4. The Sigmoid Layer. The high-level information of
multi-scale is predicted to obtain a probability value in data
prediction part. In other words, the output of the multi-scale
CNN is taken as the input of the dense layer and the predicted
result is obtained through the activation function of Sigmoid:
Od = Sigmoid(Linear(Dropout (Om8 ⊕ Om12 ⊕ Om24)))

(8)

where Otest is the test result, that is, the probability score. If the
score is greater than the speciﬁed threshold (0.5), the given
DNA sequence is predicted to bind to transcription factors. If it
is less than the speciﬁed threshold, it can be predicted that the
given DNA sequence does not bind to transcription factors.
Through the test results, we can give the value of each index.
2.2.4. The Dimension of Feature Matrix of Multi-scale
Feature Fusion. The dimension of the feature matrix of multiscale feature fusion is not uniform. To overcome this issue, we
adopt the global maxpooling method to deal with the
characteristics of diﬀerent matrix dimensions. This process is
explained in detail in Figure 3. First, the DNA sequence is
encoded into the 403 × 20 matrix, which is used as the inputs of
convolution layers with convolution kernel sizes (motif length)
of 8, 12, and 24, respectively. Here, the number of convolution
kernels is set to 256. Through the convolution operation with
the sliding window of 8, a feature vector with dimension of 396 is
obtained. There are 256 such feature vectors. Similarly, Output
(392, 256) denotes the output of convolution with kernel size of
12; Output (380, 256) denotes the output of convolution with
kernel size of 24. Therefore, it shows that the dimension of the
feature matrix of multi-scale feature is not uniform. Second, the
output of the multi-scale convolution layer is taken as the input
of the global maxpooling layer. Through the global maxpooling
operation, the max value of the whole feature map is output, and
there are 256 such values. In other words, the output of the
global maxpooling layer can be expressed as Output (256).
Finally, through the above steps, the dimensions of the vector are
one-dimensional. In this way, the dimensions of the feature

(7)

where Om8, Om12, and Om24 are the outputs of the global
maxpooling layer corresponding to the motif lengths of 8, 12,
and 24, respectively; ⊕ means to integrate them; and Od is the
output of the Sigmoid layer.
Through the above steps, we can continuously train the model
on the training dataset. We can save the optimal model in the
training process. The optimal model is simply named Model,
which is used for the test of new data.
2.2.3. The Description of Modeling Testing. The new
input sequence is named new_seq, which never appears in the
training dataset. We take it as the input of Model. The test result
is obtained through Model
G
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precision (PRE), recall (RE), speciﬁcity (SP), F_score, and the
Matthews correlation coeﬃcient (MCC).89 Among the
commonly used evaluation indexes, MCC is the only one that
contains all the information of confusion matrix. MCC is
essentially the correlation coeﬃcient between actual classiﬁcation and prediction classiﬁcation, and its value range is [−1, 1].

matrix are consistent, and then the multi-scale features can be
fused directly. Output (768) represents the ﬁnal result of multiscale feature fusion.
2.2.5. Hyper-Parameter Settings. In training, binary
cross-entropy is used as the loss function. The Adam optimizer
is used to train the binary cross entropy loss function.85 The
learning rate is a super-parameter. A proper learning rate can
ensure the correctness of model training and the fast
convergence of the model. The batch size is 64, and the epoch
is set to 30. Moreover, in the process of model training, the early
stopping strategy86 is adopted and the number of times is set to
10, that is, the performance of the model on the veriﬁcation set is
calculated in the training. When the performance of the model
on the veriﬁcation set begins to decline, the training model is
stopped, which can avoid the over ﬁtting problem caused by
continuous training. Hyper-Parameter settings are shown in
Table 2.
Table 2. Hyper-Parameter Settings
hyper-parameters
dropout ratio
Adam (lr)
kernel size(motif
length)
no. of convolution
kernels
epoch
loss
batch size

ACC =

TP + TN
TP + TN + FP + FN

PRE =

TP
TP + FP

128 (128, 128, 128), 256 (256, 256, 256),
512 (512, 512, 512)
10, 30, 50
binary cross entropy loss
32, 64, 128

random

(10)

TP
TP + FN

(11)

SP =

TN
TN + FP

(12)

choices
random
random
ﬁxed

(9)

RE =

F_score = 2 ×

0.1, 0.2, 0.3
1 × 10−2, 1 × 10−3, 1 × 10−4
8, 12, and 24

Article

PRE × RE
PRE + RE

(13)

MCC =
TP × TN − FP × FN
(TP + FP)(TP + FN)(TN + FP)(TN + FN)
(14)

We calculate the average value of 690 ChIP-seq datasets on
each index as a general evaluation index.

random
ﬁxed
random

3. RESULTS
3.1. The Contribution of Single Feature Learning

2.3. Performance Evaluation

In this section, we mainly describe the contribution of salient
features produced by SN, AD, or RCM. As shown in Figure 4,
Figure 4A shows that the SN feature sequence extracted from
the original DNA sequence can be regard as the input of the
model. Similarly, Figure 4B shows that the AD extracted from
the original DNA sequence is used as the input of the model.
Figure 4C shows the RC sequence and SN feature sequence are
fused to form the RCM, which is the input of the model. The
above ways are only to explore the impact on prediction

In order to measure the prediction performance of the classiﬁer,
AUC is calculated on the ChIP-seq dataset. AUC is deﬁned as
the area under the receiver operating characteristic curve. AUC
is the most important index in this paper.87,88 Also, AUC is a
ﬂoating-point value between 0 and 1. The higher the value is, the
better the classiﬁer classiﬁcation eﬀect is. In order to evaluate the
prediction performance of classiﬁer comprehensively, we
calculate several other common measures: accuracy (ACC),

Figure 4. Experimental framework of a single feature on 690 ChIP-seq datasets. (A) The single nucleotide feature sequences are extracted from the
original DNA sequence as the input of the model. (B) The adjacent dinucleotide feature sequences are extracted from the original DNA sequences as
the input of the model. (C) The reverse complementary sequence and the single nucleotide sequence are fused to form the reverse complementary
pattern sequence as the input of the model.
H
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Figure 5. Experimental framework of multi-features on 690 ChIP-seq datasets.

Table 3. Performance Comparison of Diﬀerent Feature Combinations
feature

ACC

PRE

RE

F_score

SP

MCC

AUC

SN
AD
RCM
SN+AD
SN+RCM
AD+RCM

0.7855
0.8271
0.8139
0.8340
0.8162
0.8367

0.8742
0.8587
0.8775
0.8597
0.8744
0.8610

0.6906
0.7879
0.7415
0.8029
0.7514
0.8069

0.7576
0.8200
0.7949
0.8286
0.7998
0.8317

0.8806
0.8665
0.8864
0.8653
0.8809
0.8667

0.5951
0.6587
0.6431
0.6716
0.6463
0.6764

0.8899
0.9004
0.9016
0.9058
0.9028
0.9077

performance from a single feature. In order to evaluate the
importance of a single feature, we randomly increase a diﬀerent
feature. As shown in Figure 5, the two features are integrated as
the input of the model, named SN+AD, SN+RCM, and AD
+RCM, respectively. Each feature fusion is tested on 690 ChIPseq datasets, and the results are shown in Table 3. We can see
that the characteristics of SN, AD, and RCM have positive
contributions to DPB prediction. On the basis of the original
feature sequence, increasing any kind of feature information will
improve the prediction performance. For instance, the average
ACC, F_score, MCC, and AUC of SN+AD are signiﬁcantly
higher than that of SN or AD, which are 0.8340 vs 0.7855 or
0.8271, 0.8286 vs 0.7576 or 0.8200, 0.6716 vs 0.5951 or 0.6587,
0.9058 vs 0.8899 or 0.9004, respectively. We also note that AD
or RCM contributes more to DPB prediction than SN. Since
only a single feature is used as the input of the model, from Table
3, Figure 6 and Figure 7, we can see that the results of RCM or
AD are signiﬁcantly higher than those of SN in most indicators.
SN assumes that each nucleotide is independent of each other,

while AD indicates the relationship between adjacent nucleotides, and RCM indicates that there is a certain relationship
between the reverse complementary sequence and the original
characteristic sequence. It can be further demonstrated that the
hypothesis that nucleotides are independent of each other will
have adverse eﬀects on the prediction task in practical
application, and there may be a relationship between
nucleotides.
3.2. Hidden Relations in Fused Feature Sequences

In order to prove that there is an implicit feature of hidden
information generation between sequences, we compare two
strategies (Figure 8). The ﬁrst strategy is named 3-sep-256-256256. It consists of three separate multi-scale CNN with diﬀerent
binding motif lengths and takes the three extracted features as
the input of the model, respectively. The multi-scale CNN in the
top layer is used to extract the feature sequence information of
SN; the multi-scale CNN in the middle layer is used to extract
the feature sequence information of AD; the bottom layer is used
to extract the feature sequence information of RCM. The 256I
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Figure 6. The experimental results of SN are compared with those of AD. The top scatter plots (A, B, and C) show the comparisons of average ACC,
PRE, and RE of SN and AD, respectively. The bottom scatter plots (D, E, and F) show the comparisons of average F_score, MCC, and AUC of SN and
AD, respectively.

Figure 7. The experimental results of SN are compared with those of RCM. The top scatter plots (A, B, and C) show the comparisons of average ACC,
PRE, and RE of SN and RCM, respectively. The bottom scatter plots (D, E, and F) show the comparisons of average F_score, MCC, and AUC of SN
and RCM, respectively.

3-sep-256-256-256 feature sequence is sent into the network
separately, which takes into account the importance of
individual features and ignores the information hidden between
them. As a result, it shows that fusion method is eﬀective.

256-256 of the network refers to the number of convolution
kernels of CNN with binding motif lengths of 8, 12, and 24,
respectively. Finally, the three high-level features extracted by
the three separate multi-scale CNN are cascaded for the ﬁnal
prediction. The second strategy is named 1-con-256-256-256. It
only has a multi-scale CNN based on diﬀerent binding motif
lengths and a fusion feature sequence. The input of the model is
the fusion feature. For the above two kinds of strategies, 690
ChIP-seq datasets are tested and the results are shown in Table
4. The results show that the neurons with diﬀerent features can
be connected to the neurons at the same position in the
convolution layer during feature learning. It further shows that
there is hidden relationship information between diﬀerent
features and promotes each other. Apparently, the average
F_score is 0.0423 higher than that of 3-sep-256-256-256. The
average MCC value is 0.0383 higher than that of 3-sep-256-256256. The visualization results are clearly shown in Figure 9. The
results demonstrate that the fusion learning takes full account of
its own attributes and hidden relationship information, while the

3.3. Selection of the Activation Function of the Convolution
Layer

In the convolution layer of the second section, we use the Mish
activation function instead of the Relu activation function.
Actually, Relu activation function is generally used in the
convolution layer until the appearance of the Mish activation
function.82 Then, the Mish activation function is successfully
applied to some image tasks.90 Furthermore, the Mish activation
function is a novel smooth and non-monotonic neural activation
function, which can guarantee the smoothness of almost all
points on the curve. The smooth activation function can make
better information permeate into the neural network so as to
obtain better precision and generalization ability. Therefore, we
compare the performance of the Mish activation function and
J
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Figure 8. Frame diagrams of the two strategies. (A) Three separate multi-scale CNN based on diﬀerent binding motif lengths correspond to the single
nucleotide feature, adjacent dinucleotide feature, and reverse complementary pattern, respectively. We call this strategy 3-sep-256-256-256. The 256256-256 refers to the number of convolution kernels of CNN with binding motif lengths of 8, 12, and 24, respectively. (B) A single multi-scale CNN
based on diﬀerent binding motif lengths corresponds to the fusion feature information integrated by three diﬀerent features. We call this strategy 1-con256-256-256.

Table 4. Performance Comparison between Diﬀerent Strategies on 690 ChIP-seq Datasets
method

ACC

PRE

RE

F_score

SP

MCC

AUC

3-sep-256-256-256
1-con-256-256-256

0.8128
0.8382

0.8829
0.8624

0.7322
0.8085

0.7909
0.8332

0.8934
0.8681

0.6412
0.6795

0.9047
0.9091

activation function tests is in good agreement with that of Relu
activation function and they are in positive distribution. Several
other indicators, such as the distribution of PRE and RE, are
biased, which can be judged by the distribution of F_score. It
can be seen from Figure 10 that the distribution of the F_score
of Mish activation function and Relu activation function is quite
consistent with that of AUC. Similarly, their MCC index
distribution also presents a positive correlation. The above
results show that the prediction performance of the two
activation functions is similar. Therefore, this shows that the
use of Mish activation functions in the convolutional layer is
eﬀective.
3.4. The Eﬀectiveness of Multi-scale Strategy

DPB prediction tasks usually need to utilize motif feature of
diﬀerent lengths. Therefore, in order to collect motif
information of various lengths, based on the convolutional
network, a multi-scale feature fusion network is used to
aggregate information. First, we encode the sequence as the
input of the convolution layer. The sequence here refers to the
fusion of diﬀerent types of DNA sequences through the sliding
window. There is similar/diﬀerent information between them,
which make transcription factors bind to one or more types of
DNA sequences. This relationship is mined and learned by

Figure 9. Visualization results of two diﬀerent strategies.

Relu activation function in DPB prediction and test them on 690
ChIP-seq datasets. We mainly focus on the average value of the
indicators, and the important indicator is AUC, which is widely
used in DPB prediction.22,25,26 The speciﬁc values of the test
results are shown in Table 5. The mean, std, and min value, and
so on in Table 5 show weak diﬀerences. Further, we visualize the
results (Figure 10) and ﬁnd that the AUC distribution of Mish
K
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Table 5. Test Results of Mish and Relu on 690 ChIP-seq Datasets
mean
std
min
25%
50%
75%
max

Mish
Relu
Mish
Relu
Mish
Relu
Mish
Relu
Mish
Relu
Mish
Relu
Mish
Relu

ACC

PRE

RE

F_score

SP

MCC

AUC

0.8382
0.8391
0.0779
0.0777
0.4711
0.5868
0.7815
0.7797
0.8351
0.8353
0.9055
0.9071
0.9783
0.9783

0.8624
0.8499
0.0866
0.0823
0.4731
0.6092
0.7934
0.7911
0.8725
0.8529
0.9396
0.9283
1.0000
1.0000

0.8085
0.8252
0.0825
0.0849
0.5500
0.2881
0.7495
0.7659
0.8014
0.8280
0.8763
0.8949
0.9737
0.9740

0.8332
0.8364
0.0787
0.0800
0.5789
0.4048
0.7728
0.7740
0.8276
0.8355
0.9034
0.9053
0.9787
0.9787

0.8681
0.8530
0.0915
0.0842
0.2097
0.5451
0.8045
0.7918
0.8848
0.8600
0.9451
0.9305
1.0000
1.0000

0.6795
0.6797
0.1551
0.1547
−0.0528
0.1964
0.5646
0.5605
0.6742
0.6740
0.8160
0.8159
0.9574
0.9574

0.9091
0.9082
0.0652
0.0651
0.5383
0.6063
0.8646
0.8621
0.9170
0.9162
0.9662
0.9655
0.9988
0.9948

Figure 10. Visualization of the relationship between Mish and Relu. The top scatter plots (A, B, C, and D) show the comparisons of average ACC, PRE,
RE, and F_score of Relu and Mish, respectively. The bottom scatter plots (E, F, and G) show the comparisons of average SP, MCC, and AUC of Relu
and Mish, respectively.

Table 6. Experimental Results of Multi-scale CNN with Diﬀerent/Same Binding Motif Lengths
method

ACC

PRE

RE

F_score

SP

MCC

AUC

MSFFM1
MSFFM2
MSFFM3
MSFFM4

0.8382
0.8238
0.8357
0.8335

0.8624
0.8484
0.8622
0.8619

0.8085
0.7934
0.8030
0.7982

0.8332
0.8183
0.8302
0.8272

0.8681
0.8542
0.8685
0.8689

0.6795
0.6511
0.6746
0.6708

0.9091
0.9007
0.9088
0.9054

convolution operation. Second, for DNA sequences with limited
length, convolution with ﬁxed kernel size only extracts limited
local patterns, which is diﬃcult to capture enough motif features.
At the same time, due to the fact that the length of transcription
factor binding motifs is not unique,91,92 only using a single
convolution layer to scan the motif features will inevitably ignore
the feature information of other motif lengths. Therefore, in
order to get enough feature information, we use multi-scale
CNN to extract information of diﬀerent length motifs. Third,
our task is to ﬁnd out whether there is a motif binding to the
protein, not to pay attention to the location of the motif.
Therefore, we adopt the global maxpooling strategy. The global
maxpooling can select the most signiﬁcant feature extracted
from the convolution layer. Finally, we integrate the most
signiﬁcant features of diﬀerent scales for DPB prediction.
In order to further explain the signiﬁcance and eﬀectiveness of
multi-scale feature fusion, we compare four multi-scale feature
fusion methods (MSFFM): MSFFM1, MSFFM2, MSFFM3,

and MSFFM4. Here, MSFFM1 indicates that the sizes of the
three convolution kernels are 8, 12, and 24, respectively;
MSFFM2 means that the sizes of the three convolution kernels
are 8, 8, and 8, respectively; similarly, MSFFM3 means that the
sizes of the three convolution kernels are 12, 12, and 12,
respectively; MSFFM4 means that the sizes of the three
convolution kernels are 24, 24, and 24, respectively. When four
multi-scale feature fusion methods are applied to 690 ChIP-seq
datasets, the results are shown in Table 6. The prediction
performance of MSFFM1 is the best among the four methods.
For instance, the F_score values of MSFFM1 are 0.0149, 0.003,
and 0.006 higher than those of MSFFM2, MSFFM3, and
MSFFM4, respectively. The motifs with lengths of 8, 12, and 24
contain diﬀerent information. In principle, it is advantageous to
combine them. When the information between them is properly
integrated, the prediction performance of DPB is improved,
which is consistent with the experimental results. Due to the
diﬀerent lengths of the binding motif obtained by multi-scale
L
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Figure 11. The results of fusion are compared with the max and average methods.

Table 7. Experimental Results of Fusion, Max, and Average Methods on 690 ChIP-seq Datasets
method

ACC

PRE

RE

F_score

SP

MCC

AUC

fusion
max
average

0.8382
0.8364
0.8360

0.8624
0.8575
0.8730

0.8085
0.8093
0.7926

0.8332
0.8316
0.8286

0.8681
0.8636
0.8794

0.6795
0.6751
0.6776

0.9091
0.9054
0.9107

CNN, it has obvious complementary advantages. In other
words, it can make use of the existing features and their
complementary advantages in diﬀerent scales. Furthermore, it is
shown that the multi-scale networks based on diﬀerent binding
motif lengths can capture more information. Therefore, using
CNN with diﬀerent binding motif lengths is beneﬁcial to DPB
prediction.
In order to show the eﬀectiveness of multi-scale extraction, we
further process the features extracted from multi-scale. The ﬁrst
method is to integrate the features extracted from multi-scale
CNN with diﬀerent binding motif lengths for better prediction;
the second method is to integrate the largest features extracted
from multi-scale CNN based on diﬀerent binding motif lengths;
the third method is to average the features extracted from multiscale CNN with diﬀerent binding motif lengths for prediction.
We present the comparison results of three methods on 690
ChIP-seq datasets. As can be seen from Figure 11, the overall
result tends to be fusion approach. For instance, the average

ACC, the average F_score, and average MCC values of fusion
method are slightly higher than the average processing methods.
Although the feature averaging process is used to predict that the
average AUC is higher than that of the fusion method, which is
shown in Table 7, but considering the all eﬀect of the model, its
average F_score and average MCC are lower than those of the
fusion method. The strategy of integrating average features is to
obtain the average value of the three models, yet this method still
ignores some important information. Then, the integrated max
feature strategy considers the best motif length of the CNN
model composed of three diﬀerent binding length motif
scanners and ignores the CNN model composed of other
motif scanners. It can be seen from Table 7 that the values of
most indicators of the max strategy are lower than those of the
fusion strategy. Therefore, the strategy of fusion is selected for
the ﬁnal prediction, which takes into account all the multi-scale
CNN models with diﬀerent binding motif lengths. The
experimental results also show that CNN modeling with
M
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Table 8. Experimental Results of Diﬀerent Convolution Kernels on 690 ChIP-seq Datasets
kernel number

ACC

PRE

RE

F_score

SP

MCC

AUC

128
256
512

0.8363
0.8382
0.8402

0.8590
0.8624
0.8629

0.8064
0.8085
0.8123

0.8305
0.8332
0.8353

0.8662
0.8681
0.8681

0.6753
0.6795
0.6834

0.9060
0.9091
0.9112

Table 9. Experimental Results of Zhang et al.’s Works and Our Method on 690 ChIP-seq Datasets
method

ACC

PRE

RE

F_score

SP

MCC

AUC

WSCNN24
WSCNNLSTM93
our method

0.7061
0.7180
0.8402

0.6633
0.7133
0.8629

0.6052
0.6503
0.8123

0.6033
0.6414
0.8353

0.8076
0.7850
0.8681

0.4337
0.4624
0.6834

0.7864
0.8173
0.9112

experimental results are shown in Table 9. Because
WSCNNLSTM adds RNN for capturing the forward and
backward long-term dependencies between motifs, it is better
than WSCNN. The experimental results in Table 9 also support
this conclusion. Our method takes into account the relationship
between diﬀerent types of sequences and the information of
diﬀerent motif lengths. From Table 9, we can observe that our
method achieves the highest performance. It indicates that the
information obtained by our method is useful and can achieve
better performance than WSCNN/WSCNNLSTM.

diﬀerent motif lengths is eﬀective and can extract meaningful
features.
3.5. The Inﬂuence of the Number of Convolution Kernels

The number of convolution kernels has an impact on the
network. In order to ﬁnd out the inﬂuence and determine the
optimal number, here, we set the number of convolution kernels
in the parallel CNN convolution layer to 128, 256, and 512,
respectively, and compare them. The reason why the same
number of convolution kernels is used in the convolution layer
of parallel CNN is that the basic sequence scanners with
diﬀerent combination lengths play an equally important role in
the modeling of feature sequences, and the same number of
convolution layers can keep the same number of feature maps.
Some existing methods have proved that increasing the number
of convolution kernels in a wide convolution network is
beneﬁcial to the improvement of prediction performance. We
test on 690 ChIP-seq datasets, and the experimental results are
consistent with the existing methods. The experimental results
are shown in Table 8. With the increase in the number of kernels,
the evaluation results of the average AUC value increase
gradually. Other indicators have the same trend. It shows that
the convolution layer has enough number of kernels to get
enough feature information. Finally, we choose 512 as the
number of kernels in each convolution layer in parallel CNN.

3.7. Comparison with Other Existing Methods on the 690
ChIP-seq Datasets

In this section, in order to evaluate the performance of our
method, we compare it with other existing methods, including
DeepBind,21 Zeng et al.,22 Expectation pooling,25 and Deepprune,26 on the same training and testing datasets. Their
network architecture is brieﬂy described as follows: DeepBind:
Convolution layer→Relu→Global maxpooling layer→Dropout→Dense→Softmax. Zeng et al.: Convolution layer→Relu→
Global maxpooling layer→Dense→Relu→Dropout→Dense→
Softmax. Expectation pooling: Convolution layer→Relu→
Expectation pooling layer→Flatten→Dense→Sigmoid. Deepprune: Convolution layer→Relu→Global maxpooling layer→
mask layer→Dense→Sigmoid. In the above four comparison
methods, the DeepBind method is the ﬁrst to apply deep
learning to the prediction of DPB. Most of the later research
work is based on the DeepBind model to improve the prediction
performance. Zeng et al. explored the inﬂuence of CNN network
architecture on DPB prediction. The Expectation pooling
method explained the DPB prediction well by using statistics
and deep learning theory. The Deepprune method divided and
iterated the weight of the dense layer, which made the CNNbased model train and predict DPB under the limited kernel
number.
For a fair comparison with other methods, AUC is only
compared here. We record the AUC values provided by the
comparison method in Table 10. As can be seen from Table 10,
our method is the best among these methods. This may be due

3.6. Comparison with the Previous Works of Zhang et al.

In order to show the eﬀectiveness of our method, a quantitative
analysis of Zhang’s work is carried out. Zhang et al. (HOCNN)
previously proposed the use of high-order coding method to
predict DNA-protein binding sites, indicating that there is a
nucleotide dependence, which paves the way for future
research.27 Then, Zhang et al. (WSCNN) proposed a weakly
supervised convolutional neural network to study protein-DNA
binding,24 which made full use of the inherent weak supervision
information of DNA sequence, and identiﬁed several directions
to expand this work in the future. After a period of research,
Zhang et al. (WSCNNLSTM) realized the extension of this
work and improved the prediction performance of protein-DNA
binding. 93 Next, we compare it with WSCNN and
WSCNNLSTM. In order to make a fair comparison with the
previous works of Zhang et al., we use the code provided by
Zhang et al. and test on 690 ChIP-seq datasets. We adopt the
same data processing methods as WSCNN and WSCNNLSTM
on 690 ChIP-seq datasets, respectively. After this process, the
obtained feature representations are used as the input of the
model proposed by Zhang et al. In the experiment, we train
directly on the training dataset and test on the independent
testing dataset. We refer to the parameters in their paper. At the
same time, we make a ﬁne adjustment to the parameters. The

Table 10. Our Method Results Are Compared with Those of
the Existing Methods

N

method

average AUC

Alipanahi’s work(DeepBind)21
Zeng’s work22
Luo’s work (Expectation pooling)25
Luo’s work (Deepprune)26
our method

0.8298
0.8747
0.8826
0.8849
0.9112
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their complementary advantages. The fusion feature sequence
replaces the original DNA sequence, which is conducive to the
aggregation of hidden information. Then, these fused feature
representations will be sent to the multi-scale CNN network for
feature learning. Finally, when we test on 690 ChIP-seq datasets,
the experimental results are better than the existing methods,
which further demonstrate the eﬀectiveness of our method.

to the inﬂuence of fusion features and multi-scale, which makes
our method more eﬀective in extracting useful information from
DNA sequences and processing data in a more reasonable way.
According to the method proposed in this paper, the mean value
of AUC is still better than the existing method even if only SN
feature sequences are used. The results show that our method
has a good prediction result of DPB. It can be observed that our
model is eﬀective and improves the predictive performance of
DPB.
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The Supporting Information is available free of charge at
https://pubs.acs.org/doi/10.1021/acs.jproteome.0c00864.
Distribution of positive and negative samples in training
datasets and testing datasets (XLSX)

We implement an online web server for the prediction method
in this paper. The detailed steps to use the server are as follows:
Step 1. Click the link http://121.5.71.120/mscDPB/.
You will see the index page of the web server, as shown in
Figure 12. You can get a brief introduction to mscDPB by
clicking the “ReadMe” button.
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index instead of the real name of the corresponding
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