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Abstract—Promoters are DNA regulatory elements located directly upstream or at the 5’ end of the transcription initiation site (TSS),
which are in charge of gene transcription initiation. With the completion of a large number of microorganism genomics, it is urgent
to predict promoters accurately in bacteria by using the computational method. In this work, a sequence-based predictor named
“iPro70-PseZNC” was designed for identifying sigma70 promoters in prokaryote. In the predictor, the samples of DNA sequences are
formulated by a novel pseudo nucleotide composition, called PseZNC, into which the multi-window Z-curve composition and six local
DNA structural properties are incorporated. In the 5-fold cross-validation, the area under the curve of receiver operating characteristic
of 0.909 was obtained on our benchmark dataset, indicating that the proposed predictor is promising and will provide an important
guide in this area. Further studies showed that the performance of PseZNC is better than it of multi-window Z-curve composition. For
the sake of convenience for researchers, a user-friendly online service was established and can be freely accessible at http://lin.uestc.
edu.cn/server/iPro70-PseZNC. The PseZNC approach can be also extended to other DNA-related problems.
Index Terms—Prokaryote, sigma70 promoter, PseZNC, multi-window Z-curve, local DNA structural property
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1

INTRODUCTION

T

HE promoter is a region of DNA element that located
near the transcription start sites (TSS) and initiates the
transcription of a gene. In bacteria, the s (sigma) factor of
RNA holoenzyme plays a critical role in recognizing and
binding to the promoter sequence during gene transcription. Diferent s factors can recognize different promoter
sequences. Thus, the type of bacterial promoters is defined
by the type of s factor. Thereinto, the sigma70 factor (s 70),
also called the primary sigma factor or “housekeeping”
sigma factor, regulates the transcription of the most genes
in growing cells [1], [2]. Therefore, for revealing the mechanism of transcription of most of genes, further research on
the s 70 promoter is crucial, which will help us to understand
the subsequent steps of gene expression and establish the
network of gene transcription.
The correct identification of s 70 promoter is the first step for
understanding its regulatory mechanisms. Though more
details about s 70 promoters can be obtained by using
biochemical experimental technique, the wet-experimental
approaches are time-consuming and expensive. With the
development of high-throughput sequencing technologies
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and information technologies, a variety of DNA sequences
are generated, which makes it possible to identify s 70 promoters by computational methods. Owing to the advantages
of computational methods, some algorithms such as increment of diversity with quadratic discriminant (IDQD) [3], artificial neural network (ANN) [4], hidden Markov models
(HMMs) [5], support vector machine (SVM) [6], position
weight matrix [7], and so on, have been developed to identify
s 70 promoters. These methods have yielded encouraging
results, and each of them did play a role in the field of s 70 promoter prediction, however, further study on s 70 promoter
prediction is needed due to the following reasons. (i) The
datasets used to construct the prediction models in these
methods were not enough to reflect the common features of
promoters in statistics. (ii) Most existing approaches only took
the short or local DNA sequence information into account,
and ignored the facts that the long or global DNA sequence
information are important for the prediction of promoters.
(iii) No web-server was provided as the predictor, thus resulting in a lack of practicality for other related researchers.
Thus, in the present study, a novel method is proposed to
improve s 70 promoter prediction from the above three
aspects.

2

MATERIALS AND METHODS

2.1 Benchmark Dataset
In this work, a high quality benchmark dataset was constructed to train and test our method. Total of 741 s 70 promoter sequences were chosen from the genome of E. coli
K-12, which were confirmed by experimental technologies
and were dowloaded from the RegulonDB 9.0 (http://regulondb.ccg.unam.mx/) [8]. All of the positive samples have
the length of 81bp, i.e. from -60 to þ20 bp with the TSS in
their fragments (TSSs are at the 0th site).
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>
< xi ¼  PSv1 A þ PSv1 G   PSv1 C þ PSv1 T 
yi ¼ PSv1 A þ PSv1 C  PSv1 G þ PSv1 T
>

 

:
zi ¼ PSv1 A þ PSv1 T  PSv1 C þ PSv1 G


w ¼ 1; 2; . . . ; 7; i ¼ 1; 2; . . . ; 4w1

TABLE 1
The Positive and Negative Samples
Data set

Positive samples

Sample
source

741 s
K-12

Sequence
length

81bp (-60 to þ20 bp
flanking TSS. TSSs
are at the 0th site.)
741

Sample size

70

promoters of E. coli

Negative samples
700 coding fragments and
700 convergent intergenic
fragments of E. coli K-12
81bp

1400

Meanwhile, the negative samples including 1400 nonepromoter were randomly extracted from coding regions
and intergenic regions of E. coli K-12 genome. The length of
all negative sequences is also 81 bp, which is the same as
that of the positive samples. Details of positive and negative
samples are shown in Table 1.
Finally, 741 positive samples and 1400 negative samples
were obtained for the benchmark dataset S, which can be
expressed by
[
S
(1)
S ¼ Sþ
where S þ represents positive samples or promoter sequences, S  represents negative samples or non-promoter
sequences, and the symbol [ represents the “union” in the
set theory.

2.2 Formulation of DNA Samples
A DNA segment with L nucleic acid residues can be
formulated as,
D ¼ R1 R2 R3 R4 R5 R6 R7 . . . RL

(2)

where Ri ði ¼ 1; 2; 3; . . . ; LÞ represents the nucleic acid
residue at position i in the DNA sequence sample D, and L
represents the length of this DNA sequence. Since the input
format of data has special requirement for transforming the
DNA segment as input data type for statistical prediction,
the primal problem is how to extract features effectively,
and express the DNA segment correctly with a discrete
model or a vector.
The existing method [3], [9], [10] only considers single
base and oligodeoxynucleotide, which would be disable
to transform longer motifs as features for predicting promoter. As a bioinformatics arithmetic for genome analysis, the Z-curve method, proposed initially by Zhang
et al. [11], [12], can obtain sequence features from nucleotide sequence through calculating the frequencies of
single DNA base (A, C, G, T) and mapping the sequence
to three-dimensional space (x-axis, y-axis and z-axis). Zcurve can express the whole DNA sequence in a mathematical way. Therefore, we introduced a novel modified
Z-curve named “multi-window Z-curve”, which can represent the frequency features and three dimensionality
features of diverse length sequences. For the sake of
practical purposes and reducing the computation complexity, we set w ¼ 1; 2; . . . ; 7 (v is the window size).
The details of formulas are expressed as follows:

1317

(3)

where i ¼ 1; 2; . . . ; 4v1 , w is the window size, Sv1 is the
string of selected bases, PSv1 x (x ¼ A, T, C, G) is the corresponding frequency of string Sv1 x. For example, when
v ¼ 2, S1 ¼ A, C, G, T, and PS1 x are the corresponding frequencies of PAA ,PAC , PAG , PAT ; :::; PTT , respectively. Thus,
the bases with the length from 1 to 7 are all taken into
account in the Eq. (3), and when v ¼ 0, the Eq. (3) is just the
original form of Z-curve.
In addition, the global-range or the long-range correlation information was also used as the features in the nucleosome positioning prediction [13] and human origin of
replication prediction [14]. Stimulated by the successful
application of the ‘pseudo K-tuple nucleotide composition’
or PseKNC [15] in identifying s 54 promoter, the correlation
factor of PseKNC was also used to describe s 70 promoter in
the current work as follows.
The j-th tire correlation factor uj displays the sequence
order correlation between all of the j-th most contiguous dinucleotides along a DNA sequence and can be formulated by
uj ¼

Lj1
X 

1
Q Ri Riþ1 ; Riþj Riþjþ1
L  j  1 i¼1

(4)

ðj ¼ 1; 2;    ; ; here  < LÞ
where  is the number of the total counted ranks(or tiers) of
the long-range correlations along a DNA sequence. The correlation function QðRi Riþ1 ; Riþj Riþjþ1 Þ in Eq. (4) is defined by


Q Ri Riþ1 ; Riþj Riþjþ1
m


2
(5)
1X
¼
Pv ðRi Riþ1 Þ  Pv Riþj Riþjþ1
m v¼1
where m is the number of local DNA structural properties
and it equals to 6 in the current research that will be
explained in the Section 2.3; Pv ðRi Riþ1 Þ is the numerical
value of the n-th ðn ¼ 1; 2;    ; mÞ DNA local structural property for the dinucleotide Ri Riþ1 at position i in DNA
sequence and Pv ðRiþj Riþjþ1 Þ is the value for the dinucleotide Riþj Riþjþ1 at position iþj in the same sequence. It will
be given in Eq. (9).
By combining multi-window Z-curve with PseKNC, a
new formulation, called ‘pseudo multi-window Z-curve
nucleotide composition’ or ‘PseZNC’, is given by

T
DPseZNC ¼ d1 d2 . . . d34v1 d34v1 þ1 . . . d34v1 þ

(6)

in which
(

du ¼

v1 2

fx11 fy21 fz31 . . . fx34
4v1
u 1 u 2 u 3 . . . u

v1

v1

1 34
fy34
fz v1
ð1  u  3  4v1 Þ
4v1
4
v1
ð3  4
þ 1  u  3  4v1 þ Þ

(7)
where du ð1  u  3  4v1 Þ are the features extracted from
the method of ‘multi-window Z-curve’, and each element
f is the feature value which represents the frequency of
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bases, and it can be mapped into x, y, x-axis using the
Eq.(3). du ð3  4v1 þ 1  u  3  4v1 þ Þ are the features
extracted from the correlation factor of PseKNC, and each
element u can be calculated by using the Eqs.(4-5).

2.3 Parameters of DNA Local Structural Property
Many researches have revealed the fact that DNA local
structural properties are of great significance in many biological processes, such as protein-DNA interactions [16],
nucleosome occupancy [17], the formation of chromosomes
[18], research on meiotic recombination [19], and so on. Promoters, acting as important and particular regulators, have
some characteristic DNA structural properties to recruit
special binding proteins and trigger further gene expression
and regulation. In addition, many articles have built models
to capture a great deal of the complex structural features of
chromatin. These works displayed that physicochemical
properties did play an important role in the recognition of
promoters [6], [16], [18]. Moreover, Duran et al. [20] have
strongly held the view that the ancient regulatory mechanism determined by the intrinsic physical properties of the
DNA may lead to the complicacy of transcription regulation
in human genome.
In general, the spatial contribution of two consecutive
base pairs can be tokened by six parameters, in which three
of them are local translational characterizations and the
remaining three are the local angular ones. They were formulated by the following equation:
8
8
< Slide
< Roll
Translational ¼ Shift Angular ¼
Tilt
:
:
Rise
Twist

(8)

These values which can be found from [13] will be used
to compute the global or long-range sequence-order information of the promoter sequences through Eqs. (4), (5).
However, before we substituted the values of physicochemical properties into Eqs. (4), (5), all the original values
for Pv ðRi Riþ1 Þðv ¼ 1; 2;    ; 6Þ were contingent on a standard conversion as expressed by the following equation:
Pv ðRi Riþ1 Þ (

Pv ðRi Riþ1 Þ  hPv ðRi Riþ1 Þi
SDhPv ðRi Riþ1 Þi

(9)

where the symbol <> represents the average of the quantity
over the 16 different combinations of A, C, G, T for Ri Riþ1 ,
and SD is the corresponding standard deviation [19]. The
derived values obtained by Eq. (9) will have a mean value
of zero over the 16 diverse dinucleotides, and will sustain
unchanged if the same conversion procedure is implemented again.

2.4 Support Vector Machine
Support vector machine (SVM) is a useful and effective
supervised machine learning algorithm for sample classification and pattern recognition, which has been successfully
applied in the field of bioinformatics [21], [22], [23]. SVM
can map the input vectors into high-dimensional feature
spaces through kernel function and construct a hyperplane
or set of hyperplanes in the high dimensional space. More
detailed descriptions about the formulation of SVM and
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how it works can be seen in the reference articles [22], [24],
[25]. In this study, the LIBSVM 3.20 package [26] was used
to implement SVM, which can be freely downloaded from
http://www.csie.ntu.edu.tw/cjlin/libsvm/. The radial
basis function (RBF) was selected as the kernel function in
this study. In order to obtain the optimal model, a grid
search method was implemented to gain the regularization
parameter C and the kernel width parameter g.

2.5 Performance Evaluation
The 5-fold cross-validation was used for evaluating the performance of the predictor. The following four metrics were
used to measure the proposed predictor.
TP
(10)
Sn ðSensitivityÞ ¼
TP þ FN
Sp ðSpecificityÞ ¼
Acc ¼

TN
TN þ FP

TP þ TN
TP þ FN þ FP þ TN

(11)

(12)

TP  TN  FP  FN
MCC ¼ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ðTP þ FP ÞðTP þ FN ÞðTN þ FP ÞðTN þ FN Þ
(13)
In the Eqs (10-13), TP is the number of true positives, TN
is the number of true negatives, FP is the number of false
positives and FN is the number of false negatives. In addition, Sn indicates the capability of correctly identifying positive samples, Sp indicates the capability of correctly
predicting negative samples, Acc and MCC stand for the
accuracy and Mathew’s correlation coefficient, respectively.

2.6 Feature Selection
Along with the increase of v and , the dimension of
DPseZNC in Eq. (6) will increase dramatically. Generally, a
large number of features will result in the high-dimension
disaster in the following three negative aspects: (i) overfitting that will cause a serious bias and extremely low generalization ability for the predictor; (ii) noise or the information redundancy that will lead to very poor prediction
accuracy; (iii) time-consuming which will occupy a lot of
computer resources.
In this study, we performed feature selection using the
F-score algorithm. The F-score of i-th feature is defined by:

2 
2
ðþÞ
ðÞ
xi  xi þ xi  xi
Fi ¼


PnðþÞ  ðþÞ
P ðÞ  ðÞ
ðþÞ 2
ðÞ 2
1
k;i  xi
þ n11 nk¼1 xk;i  xi
k¼1 x
nþ 1
(14)
where nþ and n are the total number of the positive samðþÞ
ðÞ
ples and the negative samples, respectively; xi and xi
are the mean value of the i-th feature of the entire positive
samples and the entire negative samples, respectively; while
xi represents the mean value of the total samples; xk;i ðþÞ and
xk;i ðÞ represent the i-th feature of the k-th sample in the positive dataset and negative dataset, respectively.
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Fig. 2. A heat map for displaying the features according to their F-score
value. (a) A heat map was used for representing the 3,072 features that
were extracted by multi-window Z-curve, which reflect the short-range or
local-range sequence information. (b) A heat map was used for representing the 61 features extracted by PseKNC, which reflect the longrange or global-range sequence information.

Fig. 1. The ROC curve for the model with 894 optimal features in the 5fold cross-validation. The diagonal dotted line denotes a random guess.
The AUC is 0.9088 for our model.

As mentioned above, the F-scores of all features can
be obtained by this feature selection method. The higher
the F-score of feature is, a better discriminative capability it will has. Thus, all features were ranked in their
descending order based on their F-score values. The
Incremental Feature Selection (IFS) was used to determine the optimal number of features [27]. Then we
acquired a series of feature subsets through appending a
feature one by one in line with the descending order.
Eventually, the N feature-subsets were constructed and
formulated as
S" ¼ fF1 F2    F" gð1  "  N Þ

(15)

where N is the number of total features, F" is the feature
with the "-th highest F-score value. For each of such
feature-subsets, we constructed a SVM prediction model
assessed by the 5-fold cross-validation test on the benchmark dataset.

3

RESULTS AND DISCUSSIONS

3.1 Parameter Optimization
Through the Eqs (6), (7), the prediction results depended on
two parameters, v and , where v is the window size of
‘multi-window Z-curve’, that reflects the effect of the local
or short-range sequence order; and  is the number of the
total counted ranks (or tiers) of the physicochemical properties correlations along a DNA sequence, that reflects the
effect of the global or long-range sequence order. In general,
the larger the v and  are, the greater number of features of
the local-range and global-range sequence the model contains. However, if v or  is too large, it would reduce the
cluster-tolerant capacity so as to lower down the crossvalidation accuracy due to overfitting or ‘high dimension
disaster’ problem as mentioned above. Hence, to obtain the
optimal values of the two parameters, we set a search strategy as follows:
2v7
1    70

with step D ¼ 1
with step D ¼ 1

(16)

As for the search strategy, a total of 670 ¼ 420 combinations should be taken into account when we optimized the

two parameters. Finally, we obtained the prediction results
which summarized as
8
Sn ¼ 74:63%
>
>
<
v¼6
Sp ¼ 79:50%
(17)
when
Acc
¼
77:81%

¼ 61
>
>
:
MCC ¼ 0:5274

3.2 Feature Optimization
According to Eqs (3), (4), (5), (6), and (7), when v ¼ 6 and
 ¼ 61, there are 3  45 þ 61 ¼ 3133 features. The F-score
algorithm was used to further improve prediction accuracy.
By virtue of the feature selection procedure mentioned
above, we found that the best prediction results can be
obtained by using 894 optimal features and were shown as
follows:
8
Sn ¼ 80:30%
>
>
<
Sp ¼ 86:79%
(18)
ð894 optimal featuresÞ
Acc
¼ 84:54%
>
>
:
MCC ¼ 0:6631
In this prediction model, the key components for the feature vector has 841 þ 53 ¼ 894 features, in which 841 features reflect the effect of the local or short range sequence
order information and the other 53 features represent the
effect of the global or long range sequence order
information.
Meanwhile, to provide a graphical illustration to show
the performance of the current binary classifier, a 2D plot,
called ROC (receiver operating characteristic) curve was
ploted in Fig. 1. The ROC curve can measure the predictive
capability of our method across the entire range of SVM
decision values. The area under the ROC (AUC) was calculated to quantitatively and objectively measure the performance of the proposed method. A perfect classifier gives
AUC ¼ 1, and the random performance gives AUC ¼ 0.5.
The AUC of our model is 0.9088 indicating that the proposed prediction model is quite powerful.

3.3 Feature Analysis
In order to analyze the contributions of different components in this predictor, a heat map was drawn in Fig. 2 for
the graphical representation of each feature with different
color according to its F-score value that has been scaled
between 0 and 1. From Fig. 2(a), the majority of all 3072 features are blue, which means that most of these features are
irrelevant with the promoter recognition. By analyzing the
highly relevant hexamers (features lean towards red), we
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TABLE 2
Comparative Results of Two Methods for Identifying s 70
Promoters

Z-curve
PseZNC
IPMD

Sn

Sp

Acc

MCC

AUC

74.6%
80.3%
82.4%

79.5%
86.8%
90.7%

77.8%
84.5%
87.9%

0.527
0.663
0.731

0.848
0.909
—

obtained some important hexamers which play key roles in
recognizing promoters such as ‘TTGTAX’, ‘GCCGGX’ and
‘TATAAX’ (X is A, C, G or T). Further analysis demonstrated that all of these three key features for identifying
promoters are derived from the dimensionality information
of multi-window Z-curve, and the value of feature f3015 ,
f1807 and f2451 are listed as follows:
8
< f3015 ¼ ðfTTGTAA þ fTTGTAT Þ  ðfTTGTAC þ fTTGTAG Þ
¼ ðfGCCGGA þ fGCCGGG Þ  ðfGCCGGC þ fGCCGGT Þ
f
: 1807
f2451 ¼ ðfTATAAA þ fTATAAT Þ  ðfTATAAC þ fTATAAG Þ
(19)
where f3015 , f1807 and f2451 are calculated through the
simple addition and subtraction by the multi-window
Z-curve in Eq. (3).
In the Fig. 2 (b), it shows the heatmap of 61 features of
PseKNC that represents the long-range or global-range
sequence information. Then we found the top 5 features
which leap to red are 9, 18, 24, 27 and 21. The five factors
have the highest values of F-score, and are superior to others
for identifying the s 70 promoter.

3.4

Comparison with Method without Pseudo
Nucleotide Composition
Many previous methods [3], [9], [10] only extracted shortrange or local-range sequence information as features to
recognize prokaryotic promoter. While in this study, we
considered both short-range sequence information
extracted through multi-window Z-curve and long-range
sequence information extracted through PseKNC to predict s 70 promoters. In order to demonstrate the importance
of long-range sequence information, we investigated the
performance of features calculated by multi-window Zcurve features. The results were listed in Table 2. It demonstrates that the long-range information also plays
important role in s 70 promoter prediction.
Song [28] used the multi-window Z-curve to predict s 70
promoters and reported a very high accuracy. She compared Z-curve-based method with the IPMD-based method
[3], and claimed that her method was better than IPMD.
However, we think the comparsion was cursory, arbitrary
and not objective because of the use of different benchmark
datasets. To make a objective comparison, we extracted
multi-window Z-curve and PseZNC from same benchmark
dataset. Results in Table 2 show that the PseZNC-based
method is superior to multi-window Z-curve-based
method. The IPMD-based method achieved the highest
accuracy among three methods. However, it did not take
long-range sequence information into account, which
would miss some important characteristics for the correct
identification of s 70 promoters. The current method may
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play a complementary role to other existing methods for
predicting s 70 promoters.
Using the multi-window Z-curve and pseudo oligonucleotide composition to incorporate, respectively, the local and
global sequence-order informations, a predictor called
iPro70-PseZNC which can be freely accessible at http://lin.
uestc.edu.cn/server/iPro70-PseZNC was developed for
identifying the s 70 promoters. In the predictor, the feature
selection technique was used to winnow out the key features.
It was observed that the key features thus obtained did really
represent the regulatory motifs in s 70 promoter sequences.
The PseZNC method proposed in this study can also be
generalized to the identification of other DNA regulatory
elements.
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