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H I G H L I G H T S

• A novel identifying model named
iDHSs-MFF is proposed based on di-
nucleotide and trinucleotide property
matrixs.

• F-score approach is performed for
features selection.

• iDHSs-MFF model outperforms some
highly related models.
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A B S T R A C T

DNase I hypersensitive sites (DHSs) are regarded as those regions of chromatin that are sensitive to cleavage by
the DNase I enzyme. Identification of DNase I hypersensitive sites will provide useful insights for discovering
DNA's functional elements from the non-coding sequences in the biomedical research. Because of the significance
for DNase I hypersensitive sites, it is indispensable to develop an accurate, fast, robust, and high-throughput
automated computational model. In this paper, we develop a model named iDHSs-MFF by combining multiple
fusion features and F-score features selection approach. The multiple fusion features include three auto-corre-
lation descriptors based on the dinucleotide property matrix and the trinucleotide property matrix (TPM),
Pseudo-DPM and Pseudo-TPM. Evaluation by the jackknife cross-validation indicates that the selected features
by F-score are effective in the identification of DNase I hypersensitive sites. Experimental results on two
benchmark datasets demonstrate that the proposed model outperforms some highly related models. Systematic
application of this computational approach will greatly facilitate the analysis of transcriptional regulatory ele-
ments. The datasets and Matlab source codes are freely available at: https://github.com/shengli0201/Datasets.
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1. Introduction

In the human genome, DNA sequences containing active cis-reg-
ulatory DNA elements bounded to regulatory proteins undergo dynamic
nucleosome displacements and have become hypersensitive to cleavage
by the DNase I enzyme [1,2]. These specific genome regions are called
DNase I hypersensitive sites (DHSs), which were recognized in 1980s
[3,4]. The DHSs are reliable and generic markers of chromatin zones
containing transcriptional regulatory elements, making them critical for
discovering functional non-coding elements involved in gene regulation
and understanding the regulatory mechanisms of gene expression. This
has led to discovery of a wide variety of genomic regulatory elements
including promoters, enhancers, insulators, silencers, and suppressors
[4–6]. Accordingly, mapping DHSs is an extremely accurate method for
detecting the positions of functional regulatory elements and has un-
derpinned the discovery of most experimentally established distal cis-
acting elements.

Southern blotting technique [7] for identifying DHSs is very tradi-
tional technique, however, obtaining information from Southern blot
approach is a expensive, time-consuming, and inaccurate task. Recent
advances in experimental methods based on high-throughput sequen-
cing technology have been employed to identify DHSs genome widely
in the human genome [8,9]. Unfortunately, performing whole-genome
sequencing requires significant expenditure and skilled labor, therefore,
it is urgent to develop automated computational means to efficiently
and accurately identify DHSs. In fact, several computational methods
have been proposed for addressing this issue based on sequence in-
formation, which include SVM-RevcKmer [10], SVM-PseDNC [11],
iDHL-EL [12], DHSpred [13] and so on. Although these methods con-
tinuously improve the prediction accuracy, their provided predictive
results are unsatisfactory, thus, a more effective computational model is
needed to identify DHSs.

The information derived by the computational approaches are ad-
vantageous. The knowledge of protein 3D (three-dimensional) struc-
tures or their complexes with ligands is vitally important for rational
drug design. Although X-ray crystallography is a powerful tool in de-
termining 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 [14–31], but it is also time-
consuming 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 [32–44]. Meanwhile, facing the
explosive growth of biological sequences discovered in the post-
genomic age, to timely use them for drug development, a lot of im-
portant sequence-based information, such as PTM (posttranslational
modification) sites in proteins [45], protein-drug interaction in cellular
networking [46], protein-protein interactions [47], DNA-methylation
sites [48], recombination spots [49], and sigma-54 promoters [50],
have been deducted by various sequential bioinformatics tools such as
PseAAC approach [51] and PseKNC approach [52]. Actually, the rapid
development in sequential bioinformatics and structural bioinformatics
have driven the medicinal chemistry undergoing an unprecedented
revolution [53], in which the computational biology has played in-
creasingly 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 Identifying DNase I hypersensitive
sites.

In this paper, we focus on developing a identifying model named
iDHSs-MFF by using Normalized Moreau-Broto autocorrelation, Moran
autocorrelation and Geary autocorrelation descriptors based on dinu-
cleotide and trinucleotide property matrixs, pseudo-dinucleotide prop-
erty matrix and pseudo-trinucleotide property matrix. Then, a 1080-
dimensional feature vector is obtained, which is too large to input into

the SVM classifier. The large dimension will exist redundancy and in-
crease computational complexity. F-score technique in this study is
adopted due to its simplicity for a DHSs detection system with real
applications. To objectively and rigorously evaluate our identifying
model, the jackknife test is employed on two benchmark datasets, ex-
perimental results show that our model could achieve accuracies up to
86.63% and 86.94% for 1 and 2 datasets, respectively. As a result, our
model provides a more powerful tool for identifying DHSs.

As demonstrated by a series of recent publications
[46,48–50,54–69] and summarized in a comprehensive review [70], to
develop a really useful predictor for a biological system, one needs to
follow Chou's 5-step rule to go through the following five steps: (a)
select or construct a valid benchmark dataset to train and test the
predictor; (b) represent the samples with an effective formulation that
can truly reflect their intrinsic correlation with the target to be pre-
dicted; (c) introduce or develop a powerful algorithm to conduct the
prediction; (d) properly perform cross-validation tests to objectively
evaluate the anticipated prediction accuracy; (e) establish a user-
friendly web-server for the predictor that is accessible to the public.
Papers presented for a developing a new sequence-analyzing method or
statistical predictor by observing the guidelines of Chous 5-strp rules
have the following notable merits: (1) crystal clear in logic develop-
ment, (2) completely transparent in operation, (3) easily to repeat the
reported results by other investigators, (4) with high potential in sti-
mulating other sequence-analyzing methods, and (5) very convenient to
be used by the majority of experimental scientists. Below, let us ela-
borate how to deal with these five steps.

2. Materials and methods

2.1. Datasets

To construct a promising computational model, there need valid
benchmark dataset to train and test the model effectively. For this
purpose, we have used dataset 1 in this paper, which have been taken
from Noble et al. [10]. The benchmark dataset 1 contains 280 se-
quences for DNase I hypersensitive sites and 737 sequences for non-
DNase I hypersensitive sites. Therefore, the dataset 1 for the current
study can be expressed as

= +
1 1 1 (1)

where +
1 is the subset for the DNase I hypersensitive sites and 1 is the

subset of non-DNase I hypersensitive sites, and “∪” is a mathematical
operator representing “union”.

In order to avoid misleading results with an overestimated accuracy
due to redundant sequences samples with high similarity, Feng et al.
[11] deletes those DNA sequences for 1 that have ≥60% pairwise
sequence identity to each other. Finally, the benchmark dataset 2 is
obtained, in other words, the sequence similarity between 1 and 2
datasets is less than 60%, and the 2 contains 247 sequences for DNase I
hypersensitive sites and 710 sequences for non-DNase I hypersensitive
sites, which can be expressed as

= +
2 2 2 (2)

where +
2 is the subset for the DNase I hypersensitive sites and 2 is the

subset of non-DNase I hypersensitive sites.

2.2. Feature extraction

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
machine-learning algorithms (such as “Optimization” algorithm [71],
“Covariance Discriminant” or “CD” algorithm [72,73], “Nearest
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Neighbor” or “NN” algorithm [74], and “Support Vector Machine” or
“SVM” algorithm [74,75]) can only handle vectors as elaborated in a
comprehensive review [53]. However, a vector defined in a discrete
model may completely lose all the sequence-pattern information. To
avoid completely losing the sequence-pattern information for proteins,
the pseudo amino acid composition [51] or PseAAC [76] 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
[77–88]. Because it has been widely and increasingly used, four pow-
erful open access soft-wares, called ‘PseAAC’ [89], ‘PseAAC-Builder’
[90], ‘propy’ [91], and ‘PseAAC-General’ [92], were established: the
former three are for generating various modes of Chou's special PseAAC
[93]; while the 4th one for those of Chou's general PseAAC [70], in-
cluding 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 [70]), “Gene Ontology” mode (see eqs. 11–12 of [70]),
and “Sequential Evolution” or “PSSM” mode (see eqs. 13–14 of [70]).
Encouraged by the successes of using PseAAC to deal with protein/
peptide sequences, the concept of PseKNC (Pseudo K-tuple Nucleotide
Composition) [52] was developed for generating various feature vectors
for DNA/RNA sequences [94–96] that have proved very useful as well.
Particularly, recently a very powerful web-server called ‘Pse-in-One’
[97] and its updated version ‘Pse-in-One 2.0’ [98] have been estab-
lished that can be used to generate any desired feature vectors for
protein/peptide and DNA/RNA sequences according to the need of
users' studies.

2.2.1. Dinucleotide and trinucleotide property matrixs
Suppose a DNA sequence D with L nucleotides, i.e., having length L

is represented with the following expression:

=D R R R R R R R R R ,i L L1 2 3 4 5 6 1 (3)

where Ri∈ {A(adenine),C(cytosine),G(guanine),T(thymine)} denotes the
nucleic acid residue at the sequence position i (i=1,2,⋯,L). Arbitrary
two nucleotides paired is called dinucleotide, as a result, there are to-
tally 4*4=16 basic dinucleotides. Analogously, arbitrary permutation
and combination of three nucleotides is called trinucleotide, as a result,
there are totally 4*4*4=64 basic trinucleotides.

DNA physicochemical property is evolutionarily more constrained
than the underlying actual sequence, and the topography-informed
constrained regions usually correlate with functional noncoding ele-
ments such as enhancers [99]. Hence, it is reasonable to use the phy-
sicochemical properties of nucleotides to exact features based on the
DNA sequences. The 15 DNA dinucleotide properties and 12 DNA tri-
nucleotide properties are listed in Tables 1 and 2 [100], We further
normalize each DNA property as follows:

P P
P P

,min

max min (4)

where P is the original property value, Pmin and Pmax are the minimum
and the maximum property values, respectively. Then, according to the
operation in [101], each dinucleotide is replaced by a value corre-
sponding to a physicochemical property in a DNA sequence, with the
result that each DNA sequence in 1 and 2 datasets can be converted
into a matrix Pdi=(pi, jdi)(L−1)×15, where 15 represents the number of
dinucleotide property, and pi, jdi represents the value of the ith dinu-
cleotide pair, in other words, two adjacent nucleotides corresponding to
the jth property in the DNA sequence, then Pdi is named the dinucleo-
tide property matrix (DPM). Analogously, each DNA sequence in 1 and

2 datasets can be converted into a matrix Ptri=(pi, jtri)(L−2)×12, where
12 represents the number of trinucleotide property, and pi, jtri represents
the value of the ith trinucleotide combination, in other words, three
adjacent nucleotides corresponding to the jth property in the DNA se-
quence, then Ptri is named the trinucleotide property matrix (TPM).

2.2.2. Three auto-correlation descriptors based on DPM and TPM
A DNA sequence can be viewed as a time sequence of the corre-

sponding the physicochemical properties of nucleotides. In this paper,
dinucleotide and trinucleotide properties represented in the form of the
dinucleotide property matrix (DPM) and the trinucleotide property
matrix (TPM) are adopted as the considered properties. Here, each
column is taken as one property, so the DPM contains 15 different
properties, and the TPM contains 12 different properties, of which can
be considered as the time sequences.

To transform the DPM and TPM of different lengths into equal
length vector, and avoid the loss of the sequence-order information,
three different autocorrelation descriptors based on DPM and TPM are
adopted, which include normalized Moreau-Broto autocorrelation
[102], Moran autocorrelation [103] and Geary autocorrelation [104].
Autocorrelation descriptor is a powerful statistical tool and defined
based on the distribution of nucleic acid residue properties along the
DNA sequence, which measures the correlation between two dinu-
cleotide or trinucleotide separated by a distance of λ in DPM and TPM,
respectively, and they are defined as:

(1) Normalized Moreau-Broto autocorrelation descriptor

= × = < <
=

+N
L

P P j L1 , ( 1, 2, , 15; 0 ),j
di

i

L

i j
di

i j
di,

1
, ,

(5)

= × = < <
=

+N
L

P P j L1 , ( 1, 2, , 12; 0 ),j
tri

i

L

i j
tri

i j
tri,

1
, ,

(6)

where Njdi, λ and Njtri, λ are the Moreau-Broto correlation factor of the
jth dinucleotide and trinucleotide property, respectively. λ is the lag of
the autocorrelation along the column in DPM and TPM, Pi, jdi and Pi+λ,

Table 1
List of 15 DNA physicochemical properties of
dinucleotides.

Number Property

1 F-roll
2 F-tilt
3 F-twist
4 F-slide
5 F-shift
6 F-rise
7 Roll
8 Tilt
9 Twist
10 Slide
11 Shift
12 Rise
13 Energy
14 Enthalpy
15 Entropy

Table 2
List of 12 DNA physicochemical properties of trinucleotides.

Number Property

1 Bendability (DNase)
2 Bendability (consensus)
3 Trinucleotide GC content
4 Nucleosome positioning
5 Consensus_roll
6 Consensus-Rigid
7 DNase I
8 DNase I-Rigid
9 MW-Daltons
10 MW-kg
11 Nucleosome
12 Nucleosome-Rigid
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j
di represent the values in the ith and (i+ λ)th position of the jth column
in DPM, Pi, jtri and Pi+λ, jtri represent the values in the ith and (i+ λ)th
position of the jth column in TPM. Here, the value of λ varies from 1 to
10. Then, a 150-dimensional feature vector is obtained by Normalized
Moreau-Broto autocorrelation and DPM (NMBAC-DPM), and a 120-di-
mensional feature vector is obtained by Normalized Moreau-Broto au-
tocorrelation and TPM (NMBAC-TPM).

(2) Moran autocorrelation descriptor

= = < <= +

=

M
P P P P

P P
j L
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(8)

where Mj
di, λ and Mj

tri, λ are the Moran correlation factor of the jth
dinucleotide and trinucleotide property, respectively. λ, Pi, jdi, Pi+λ, jdi,
Pi, jtri and Pi+λ, jtri are the same as the above, P j

di and P j
tri represent the

average value of the jth in DPM and TPM, respectively. Here, the value
of λ varies from 1 to 10. Then, a 150-dimensional feature vector is
obtained by Moran autocorrelation and DPM (MAC-DPM), and a 120-
dimensional feature vector is obtained by Moran autocorrelation and
TPM (MAC-TPM).

(3) Geary autocorrelation descriptor
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where Gjdi, λ and Gjtri, λ are the Geary correlation factor of the jth di-
nucleotide and trinucleotide property, respectively. λ, Pi, jdi, Pi+λ, jdi, Pi,
j
tri, Pi+λ, jtri, P j

di and P j
tri are the same as the above. Here, the value of λ

varies from 1 to 10. Then, a 150-dimensional feature vector is obtained
by Geary autocorrelation and DPM (GAC-DPM), and a 120-dimensional
feature vector is obtained by Geary autocorrelation and TPM (GAC-
TPM).

2.2.3. Pseudo-property matrix
Encouraged by the success of using the pseudo-position specific

scoring matrix (PsePSSM) idea [105] to deal with the protein se-
quences, PseDPM and PseTPM are proposed based on dinucleotide
property matrix (DPM) and the trinucleotide property matrix to deal
with the DNA sequences, respectively, which are expressed as

= = < <
=

+L
P P j L1 ( ) , ( 1, 2, , 15; 0 ),j

di
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(12)

where θjdi, λ and θjtri, λ are the correlation factor of the jth dinucleotide
and trinucleotide property, whose contiguous distance is λ along the
column in the DPM and TPM, respectively. Pi, jdi and Pi+λ, jdi represent
the values in the ith and (i+ λ)th position of the jth column in DPM, Pi,
j
tri and Pi+λ, jtri represent the values in the ith and (i+ λ)th position of
the jth column in TPM. Here, the value of λ varies from 1 to 10. Then, a
150-dimensional feature vector is obtained by Pseudo-DPM (PseDPM),
and a 120-dimensional feature vector is obtained by Pseudo-TPM
(PseTPM). PseDPM and PseTPM are collectively called Pseudo-property
matrix (PsePM).

2.3. F-score algorithm

The features selection can help the original classification system
achieve a better predictive performance and a lower computational cost
by removing any redundant features. F-score is a simple and effective
algorithm including variable ranking as a principal selection me-
chanism. Given the ith feature vector {xi1,xi2,⋯xiN} with the N in-
stances, the total number of positive and negative instances are n+ and
n−, respectively, then the F-score of the ith feature is defined as

= +

+

+

=
+ +

=+
+F i x x x x

x x x x
( ) ( ) ( )

( ) ( )
,i i i i

n k
n

k i i n k
n

k i i

( ) 2 ( ) 2

1
1 1 ,

( ) ( ) 2 1
1 1 ,

( ) ( ) 2 (13)

where +xi
( ) stands for the mean value of the ith feature of entire positive

instances, xi
( ) for the mean value of ith feature of entire negative in-

stances, xi for the mean value of the ith feature of the total instances. xk,
i
(+) for the value of the ith feature of the kth instance in the positive
dataset, and xk, i(−) for the value of the ith feature of the kth instance in
the negative dataset. The numerator indicates the discrimination be-
tween the positive and the negative sets, and the denominator is the
sum of the deviation within each feature set.

The larger the F-score is, the more discriminative the feature is
[106]. The F-score algorithm is widely used in the field of computa-
tional biology and bioinformatics, such as identification of anticancer
peptides [107], prediction of DNA N4-methylcytosine sites [108] and
prediction of anti-hypertensive peptides [109]. We adopt the F-score
approach in this paper due to its simplicity of its use in a identifying
system with real applications.

2.4. Support vector machine

The concept of support vector machine (SVM) was firstly introduced
by Vapnik and his coworkers [110]. SVM is a supervised machine
learning approach based on statistical learning theory and has been
extensively used in many kinds of pattern recognition problems, such as
protein structural classes prediction [111,112], protein subcellular lo-
calization prediction [113], proline cis/trans isomerization prediction
[114], taxonomy-based protein fold recognition [115], identifying
bacterial secreted proteins [116], predicting protein-ATP binding sites
[117], prediction of phosphorylation sites [118], predicting protein
oxidation sites [119]. The basic idea of SVM is to project instances with
low-dimensional feature into a high-dimension Hilbert space, it sear-
ches and constructs a separating hyperplane which could classify po-
sitive and negative instances with the maximal margin in the space by
using the decision function:

= +
=

f x sgn y K x x b( ) ( , )
i

N

i i i
1 (14)

where x is the ith training vector, yi denotes the type of the ith training
vector. K x x( , )i is called a kernel function which defines an inner
product in a high dimensional feature space. In this paper, the LIBSVM
[120] is used to perform the prediction, and the radial basis function
(RBF) =K x x x x( , ) exp( )i i j is selected as the kernel function,
since it is suitable for nonlinear classification. In order to construct the
optimal model, the regularization parameter C and the kernel width
parameter γ are optimized via an optimization procedure using a grid
search approach, of which the search spaces for C and γ are [2−5,215]
and [2−15,25].

2.5. Cross-validation

The cross-validation methods are often used to examine the quality
of a predictor and its effectiveness in the pattern recognition problem.
The independent dataset test, subsampling or K-fold cross validation
test and jackknife test or leave-one-out (LOO) test are the most cross-
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validations. The jackknife test is the least arbitrary that can always
yield a unique result for a given benchmark dataset [121,122]. There-
fore, it has been widely recognized and increasingly utilized to examine
the quality of various predictors [115,123–126]. For the jackknife
cross-validation, each instance in the dataset is in turn singled out as an
independent test instance and all the rule parameters are calculated
based on the remaining instances without including the one being
identified. Therefore, we also use the jackknife cross-validation to ex-
amine the proposed model.

2.6. Performance measurement

We used four different measures that are commonly used in binary
classification tasks to evaluate the performances of the models
[127–129], the following measures are used such as sensitivity (Sn),
specificity (Sp), accuracy (Acc) and Matthews correlation coefficient
(MCC). Sensitivity is the percentage of correct predictions from positive
case (DNase I hypersensitive sites), while specificity represents for that
of negative case (non-DNase I hypersensitive sites). Accuracy reflects
the overall proportion of correctively predicted DNase I hypersensitive
sites (DHSs) and non-DNase I hypersensitive sites (non-DHSs). The MCC
is considered as a more reliable measure of the quality of binary clas-
sification. The values of MCC range from −1 to +1, +1 represents a
perfect prediction, while −1 and 0 are revealed for opposite and
random predictions, respectively. The four statistical measures men-
tioned above can be could be defined by the following set of equations:

= = =

= +
+

=
+

+ +

+

+
+

+
+

+

+
+

+

+
+

+
+

+

( )

Sn N
N

Sn Sp N
N

Sp Acc

N N
N N

Acc MCC

MCC

1 0 1, 1 0 1,

1 0 1,

1

1 1
1 1

N
N

N
N

N N
N

N N
N (15)

where the total numbers of DHSs instance and non-DHSs are denoted by
N+ and N−, respectively. The number of DHSs instances incorrectly
predicted to be of non-DHSs is denoted by N−

+, while the number of

non-DHSs instances incorrectly predicted to be of DHSs is by N+
−.

As demonstrated by many credible publications
[47,49,50,58,59,63,130–142], the meanings of Sens, Spec, G-mean,
MCC and OA have become a more intuitive and easier-to-understand
method to measure the prediction quality when using Eq. (15).

Either the set of traditional metrics copied from math books or the
intuitive metrics derived from the Chou's symbols [143–145] are valid
only for the single-label systems (where each sample only belongs to
one class). For the multi-label systems (where a sample may simulta-
neously belong to several classes), whose existence has become more
frequent in system biology [146–152], system medicine [153,154] and
biomedicine [155], a completely different set of metrics as defined in
[156] is absolutely needed.

3. Results and discussion

3.1. The selection of the optimal features

For multi-fusion features, the selection of optimal features, that is
dimensionality reduction, is a key problem. In this study, we select the
optimal features based on the ranked features obtained by F-score al-
gorithm, and we choose top 50, 100, 150, 200, 250, 300, 350, 400
features from the ranked features to calculate the Acc and Sn for 1 and

2 datasets, respectively. From Fig. 1, we can see that the ACC and Sn
obtain the highest values with 86.63% and 66.43%, respectively, when
we choose top 250 features for 1 dataset. For 2 dataset, the ACC and
Sn obtain 87.04% and 62.35%, respectively, when we choose top 350
features, and the ACC and Sn obtain 86.94% and 63.56%, respectively,
when we choose top 300 features. Comprehensively, we should choose
top 300 features to be more reasonable.
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Fig. 1. The selection of the optimal features by F-score algorithm.

Table 3
Performance of the iDHSs-MFF on the 1 and 2 datasets by jackknife test.

Dataset Acc (%) MCC Sn (%) Sp (%)

1 86.63 0.65 66.43 94.30
2 86.94 0.64 63.56 95.07
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3.2. Prediction performance of our model

In this study, a novel predictor iDHSs-MMF is developed by ag-
gregating multi-features and F-score. The multi-features include
NMBAC-DPM, NMBAC-TPM, MAC-DPM, MAC-TPM, GAC-DPM, GAC-
TPM, PseDPM and PseTPM, and a 1080-dimensional feature vector is
obtained by means of these eight submodels. To avoid “the curse of the
dimension”, informative features are selected by F-score approach to
input SVM classifier with the RBF kernel function. The simple grid-
search approach is used on the 1 and 2 datasets for finding the best
parameters of C and γ. Finally, the C=2048 and γ=0.0039063 for 1,
C=5792.6188 and γ=0.00069053 for 2 are found. The results ob-
tained by the new predictor iDHSs-MMF on the two benchmark datasets
via the bias-free jackknife test are given in Table 3.

Using graphic approaches to study biological and medical systems
can provide an intuitive vision and useful insights for helping analyze
complicated relations therein, as indicated by many previous studies on
a series of important biological topics [157–170], particularly what
happened is for the topics of enzyme kinetics, protein folding rates
[165,171–173], and low-frequency internal motion [174,175]. The
flowchart of iDHSs-MMF predictor is shown in Fig. 2.

As listed in Table 3, the accuracy reaches 86.63% and 86.94% for
the 1 and 2 datasets, respectively. Meanwhile, the values of Sn, Sp,
and MCC reach 66.43%, 94.30%, 0.65 and 63.56%, 95.07%, 0.64 for 1
and 2 datasets, respectively. From the results of prediction perfor-
mance, we can see that the ACC of 2 is higher than that of 1, however,

the stability of 1 is better than that of 2. The numerical experiment
results indicate that iDHSs-MMF model achieves excellent performance
by fusing multiple statistical features and F-score technique.

Fig. 2. The flowchart of our iDHSs-MFF model.
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Fig. 3. Performance comparison of the features submodels based on property
matrix.
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3.3. Feature submodels analysis

In this paper, eight feature submodels are proposed based on the
dinucleotide property matrix (DPM) and the trinucleotide property
matrix (TPM), NMBAC-DPM, MAC-DPM, GAC-DPM and PseDPM be-
long to DPM-based features, while NMBAC-TPM, MAC-TPM, GAC-TPM
and PseTPM belong to TPM-based features. From the perspective of
property matrix, the DPM-based model is obviously better than the
TPM-based model for the 1 and 2 datasets, respectively, as shown in
Fig. 3. That is to say, the relationship between DNase I hypersensitivity
sites and dinucleotide properties is closer than that of trinucleotide. The
DPM-based model and the TPM-based model complement each other
for the final accuracy. From the perspective of the descriptor, NMBAC-
DPM and NMBAC-TPM belong to NMBAC-based model, MAC-DPM and
MAC-TPM belong to MAC-based model, GAC-DPM and GAC-TPM be-
long to GAC-based model, PseDPM and PseTPM belong PsePM-based
model. As shown in Fig. 4, NMBAC-based model is superior to PsePM-
based model, PsePM-based model is superior to MAC-based model, and
also superior to GAC-based model for the 1 and 2 datasets, respec-
tively. The effect of MAC-based model is almost the same as that of
GAC-based model for the 1 and 2 datasets, respectively. But in-
tegrating these features, the Acc reaches 86.63% and 86.94% for the 1

and 2 datasets, respectively. In words, these four descriptors also
complement each other for the final accuracy.

3.4. Performance comparison with other models

In order to more conveniently illustrate the superiority of our
model, we list the measures values of Acc, Sn, Sp and Mcc for our
iDHSs-MFF model, SVM-RevcKmer model [10], SVM-PseDNC model
[11], iDHS-EL model [12], DHSpred [13] in Tables 4 and 5, respec-
tively, where SVM-RevcKmer is proposed by combining the DNA nu-
cleotide composition with the SVM; SVM-PseDNC is developed by in-
corporating the pseudo dinucleotide composition into the DNA
structural properties; iDHS-EL is formed by fusing three individual
random forest (RF) classifiers into an ensemble predictor; DHSpred
model is developed by selecting the optimal feature candidates using RF
from a large set of features, which included nucleotide composition and
di- and trinucleotide physicochemical properties. The accuracy is
1.38%, 2.95% and 1.38% higher than that obtained by SVM-RevcKmer,
SVM-PseDNC and iDHS-EL models for the 1 dataset, respectively, and
is 6.28%, 3.94% and 0.8% higher than that obtained by SVM-Re-
vcKmer, SVM-PseDNC and iDHS-EL models for the 2 dataset, respec-
tively. For DHSpred model, although ACC is 0.47% higher than that of
our model, Sn is 0.93% lower than that of our model. For the 1 dataset,
our model iDHSs-MFF is most stable compared with the other three
models. For the 2 dataset, although our model iDHSs-MFF is slightly
less stable than the iDHS-EL model, we still obtain satisfactory results.
This is because we adopt the most rigorous leave-one-out test. In future
research, we will further focus on improving accuracy while enhancing
the stability of model.

4. Conclusions

In this paper, a feature extraction model named iDHSs-MFF is
constructed by using multi-features fusion and F-score approach. These
multi-features are generated via four descriptors, which include
Normalized Moreau-Broto autocorrelation, Moran autocorrelation and
Geary autocorrelation descriptors based on DPM and TPM, pseudo-DPM
and pseudo-TPM. By combining these statistical descriptors, a 1080-
dimensional feature vector is obtained for each instance on the 1 and

2 datasets, respectively. And then, F-score is carried out to select im-
portant features. The SVM with RBF kernal and the objective jackknife
test are used to predict and evaluate the results, and our model provides
a more accurate automated calculation method for identification of
DNase I hypersensitive sites.

It is our desire to build an open platform which could provide more
useful guidance for experimental workers of identification of DNase I
hypersensitive sites. As pointed out in [176], user-friendly and publicly
accessible web-servers represent the future direction for reporting
various important computational analyses and findings
[61,64,130,141,142,146–153,177–185]. Actually, they have sig-
nificantly enhance the impacts of computational biology on medical
science [53], driving medical science into an unprecedented revolution
[88]. In our future work we shall strive to establish a web-server for the
findings presented in this paper.
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Table 4
Performance comparison of different models on the 1 dataset.

Predictor Acc (%) MCC Sn (%) Sp (%)

SVM-RevcKmer [10] 85.25 0.62 65.36 92.81
SVM-PseDNC [11] 83.68 0.57 61.07 92.26
iDHS-EL [12] 86.14 0.64 64.64 94.30
DHSpred [13] 87.1 0.66 65.5 95.2
iDHSs-MFF 86.63 0.65 66.43 94.30

The bold value represents the value of our model iDHSs-MFF.

Table 5
Performance comparison of different models on the 2 dataset.

Predictor Acc (%) MCC Sn (%) Sp (%)

SVM-RevcKmer [10] 80.12 0.52 70.43 84.23
SVM-PseDNC [11] 83.00 0.57 72.12 86.78
iDHS-EL [12] 86.14 0.66 64.64 94.30
iDHSs-MFF 86.94 0.64 63.56 95.07

The bold value represents the value of our model iDHSs-MFF.
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