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A B S T R A C T

Sigma promoter sequences in bacterial genomes are important due to their role in transcription initiation. Sigma 70 is one of the most important and crucial sigma
factors. In this paper, we address the problem of identiﬁcation of σ70 promoter sequences in bacterial genome. We propose iPromoter-FSEn, a novel predictor for
identiﬁcation of σ70 promoter sequences. Our proposed method is based on a feature subspace based ensemble classiﬁer. A large set of of features extracted from the
sequence of nucleotides are divided into subsets and each subset is given to individual single classiﬁers to learn. Based on the decisions of the ensemble an aggregate
decision is made by the ensemble voting classiﬁer. We tested our method on a standard benchmark dataset extracted from experimentally validated results.
Experimental results shows that iPromoter-FSEn signiﬁcantly improves over the state-of-the art σ70 promoter sequence predictors. The accuracy and area under
receiver operating characteristic curve of iPromoter-FSEn are 86.32% and 0.9319 respectively. We have also made our method readily available for use as an web
application from: http://ipromoterfsen.pythonanywhere.com/server.

1. Introduction
RNA polymerase in cells opens up the double helical structure of
DNA and starts the synthesis of RNA or transcription. For transcription
to take place, RNA polymerase must bind near to the gene locations in
the DNA. These are small regions near gene containing 100 to 1000
base-pairs and known as promoters. In bacterial genomes, RNA polymerase forms a RNA polymerase holoenzyme by combining itself with
speciﬁc sigma factor depending on the environment and gene. Thus
sigma factors play a very important role in recognizing promoter sequences in DNA. Diﬀerent sigma factors are distinguished according to
their molecular weights. The sigma 70 (σ70) factor is the ‘housekeeping’
of ‘primary’ sigma factor as it is associated with transcription of most of
the genes [31]. Knowledge about sigma promoter regions provides us
with essential information about the gene transcription, regulation and
helps to improve annotation of the genome.
Computational methods for promoter sequence prediction gained
much popularity due to cost expensive and time consuming nature of
molecular techniques [72]. Several in silico computational methods are
being used in the literature. They include position weight matrices [25],
phylogenetic foot-printing [30], machine learning methods [72], etc.
Machine learning methods have so far formulated the problem as a
binary classiﬁcation problem and used a large variety of supervised
learning algorithms like Support Vector Machines [43, 42], Artiﬁcial
Neural Network [21, 53, 23], Markov Models [1], Hidden Markov
Models [54], Random Forest [51] for promoter sequence identiﬁcation.

⁎

One of the earliest methods for predicting promoter sequence was
proposed in [21]. They used 80 known promoter sequences to train a
neural network. A prediction method of σ70 promoter sequences was
proposed in [29] using a sequence alignment based kernel. They performed their experiments on 683 experimentally validated Escherichia
coli promoter sequences. Another analysis on σ70 sequenecs were done
in [40] where they used position correlation scoring matrix. Gordon
et al. proposed a position weighted matrix based method in [28].
An experimentally veriﬁed database Pro54DB was proposed in [41]
that contained 210 experimentally veriﬁed σ54 sequences. Lin et al.
[43] used support vector machines to predict σ54 promoter sequences
and proposed iPro54-PseKNC. iPro70-PseZNC was proposed in [42] for
σ70 promoter sequence detection using support vector machine and
pseudo nucleotide composition. Liu et al. [51] proposed iPromoter-2 L
which is a two layer promoter sequence detector. In the ﬁrst layer, a
classiﬁer is used to identify the promoter sequences from non-promoter
regions and then in the second layer it distinguishes between several
types of sigma promoter sequences. They have used Random Forest
classiﬁer to predict diﬀerent sigma factors: σ24, σ28, σ32 σ38, σ54, σ70.
In this paper, we present iPromoter-FSEn a method for identiﬁcation
of bacterial σ70 promoter sequences using feature subspace ensemble.
iPromoter-FSEn uses a large number of features mostly generated from
the DNA sequence information. In many of the methods in literature,
we have observed that feature selection are done on the dataset that
often leads to overﬁtting of the data. iPromoter-FSEn divides the total
number of features into three subsets, exclusive and overlapping of each
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of these subspaces are then fed to diﬀerent classiﬁers who treat these
sub-sampled feature as training data to themselves. Predictions from
each of these classiﬁers are then combined using an ensemble technique
to ﬁnd the ﬁnal prediction.

other and the subset of features along with the dataset labels are fed to
three diﬀerent classiﬁers for training. Each single weak classiﬁer are
trained using the subset of features and an weighted voting scheme is
used for ﬁnal ensemble classiﬁer. We have tested the performance of
iPromoter-FSEn with that of state-of-the-art classiﬁers on a standard
benchmark dataset. It has signiﬁcantly improved the accuracy on crossvalidation tests. Improvement in other metrics are also noticeable and
hence establishes the eﬀectiveness of the feature subs-pacing technique.
We have also made our method readily available for use as an web
application from: http://ipromoterfsen.pythonanywhere.com/server.

2.1. Benchmark dataset
Selection of a standard benchmark dataset is very important step in
establishing a prediction method. In this paper, we have used the
σ70promoter sequence dataset proposed in [42]. Lin et al. constructed
this dataset by taking σ70promoter sequences from E. coli genome. The
promoter sequences were downloaded from RegulonDB [26]. All these
sequences are experimentally validated. For any machine learning
problem of binary classiﬁcation, the dataset can be expressed as following:

2. Materials and methods
To develop a really useful sequence-based statistical predictor for a
biological system as reported in a series of recent publications [39, 7,
48, 52, 70, 5, 24, 75, 69, 2], one should strictly observe the famous 5step rules [13]; i.e., making the following ﬁve steps very clear: (i) how
to construct or select a valid benchmark dataset to train and test the
predictor; (ii) how to formulate the biological sequence samples with an
eﬀective mathematical expression that can truly reﬂect their intrinsic
correlation with the target to be predicted; (iii) how to introduce or
develop a powerful algorithm (or engine) to operate the prediction; (iv)
how to properly perform cross-validation tests to objectively evaluate
the anticipated accuracy of the predictor; (v) how to establish a userfriendly web-server for the predictor that is accessible to the public. In
the rest of the paper, we are to describe how to deal with these steps
one-by- one.
A system diagram of our proposed method, iPromoter-FSEn is depicted in Fig. 1. Instances or sample sequences from the training dataset
is ﬁrst fed into the feature extraction module and features are generated
for each of he data samples. The feature space containing all the data
samples and features are then sub-sampled. Thus the feature space is
divided into several overlapping and non-overlapping subspaces. Each

(1)

 = + ∪ −

Here,  denotes the dataset and + is the set of positive samples or
sequences that are included as σ70 promoter sequences and − is the set
of negative samples. Here positive samples are all taken from the
RegulonDB and their length is 81 base pairs. These 81 basepairs are
taken as 60 base-pairs upstream and 20 base-pairs downstream from the
transcription start site (TSS) in the middle. The negative dataset − was
constructed by taking 81 base-pair sequences randomly taken from
inter-genic and coding regions of E. coli genome. A small summary of
the dataset is given in Table 1. Note that, 741 instances are in the positive dataset, + and 1400 sequences are in the negative dataset and
the dataset is thus slightly imbalanced.
2.2. Fearure extraction
With the explosive growth of biological sequences in the postgenomic 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 can only handle vector but not sequence
samples, as elucidated in a comprehensive review [16]. However, a
vector deﬁned in a discrete model may completely lose all the sequence-pattern information. To avoid completely losing the sequencepattern information for proteins, the pseudo amino acid composition
was proposed. Ever since the concept of Chou's PseAAC [44] was proposed, it has been widely used in nearly all the areas of computational
proteomics [17]. Because it has been widely and increasingly used,
recently three powerful open access soft-wares, called ‘PseAAC-Builder’,
‘propy’, and ‘PseAAC-General’, were established: the former two are for
generating various modes of Chou's special PseAAC; while the 3rd one
for those of Chou's general PseAAC, including not only all the special
modes of feature vectors for proteins but also the higher level feature
vectors such as ‘Functional Domain’ mode, ‘Gene Ontology’ mode, and
‘Sequential Evolution’ or ‘PSSM’ mode. Encouraged by the great successes of using PseAAC to deal with protein/peptide sequences, the
concept of PseKNC (Pseudo K-tuple Nucleotide Composition) [3] was
developed for generating various feature vectors for DNA/RNA sequences that have proved very useful as well [4]. Particularly, recently
a very powerful web-server called ‘Pse-in-One’ [45] and its updated
version ‘Pse-in-One2.0’ [49] have been established that can be used to
Table 1
Summary of the dataset taken from [41].

Fig. 1. System Diagram of iPromoter-FSEn.
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Class Label

Number of Instances

Sequence Length of
Instances

Positive or Promoters
Negative or Non-Promoters

741
1400

81
81
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generate any desired feature vectors for protein/peptide and DNA/RNA
sequences according to the need of users' studies.
Genome or code of life is supposed to the source of all information.
This has suggested many authors to use sequence based features only.
Moreover, these features are very simple and easy to generate compared to structure, physico-chemical properties based or other derived
features that are calculation intensive. In this paper, we too have used
only sequence based feature generation techniques. In this section, we
provide details of the features for representation of each promoter sequences in the dataset.
A DNA sequence D ∈  of length L is a sequence of nucleotides.
Formally, as below:

D = N1, N2, N3, ⋯, NL

Table 2
Summary of feature extracted for iPromoter-FSEn.
Sn

Feature Name

# of Features

Feature Group

F1
F2

Nucleotide Frquency
Nucleotide Mean, Variance,
Stddev
G-C Skew and AT/GC ratio
2-mer composition
3-mer composition
4-mer composition
5-mer composition
6-mer composition
Gapped dinucleotide count

4
3

Nucleotide Statistics

Gapped trinucleotide count
(XX_X)
Gapped trinucleotide count
(X_XX)
Approximate Signal Pattern
Count
Inter-residue distance

9472

DNase I derived parameter
Position speciﬁc nucleotides
Distribution of nucleotides
Segmented Distribution of
nucleotides

1
81
40
20

F3
F4
F5
F6
F7
F8
F9

(2)

F10

We generate the features from this given sequence using our feature
extraction method as following:

F11

 (D) = [f1 , f2 ,⋯, fn ]

F12

(3)

F13

2.2.1. Statistical measure of nucleotides
In this feature group, we have used diﬀerent statistics on nucleotides as features. Among them are: frequency or count of each of the
nucleotides [4], total GC count [1], mean, variance and standard deviations of the counts [3], GC skew [27] along the sequence [18] and
AT/GC ratio [1].

F14
F15
F16
F17

82
16
64
256
1024
4096
1184

k − mer Composition

Gapped k − mer
Composition

9472
37
4

Approximate Signal Pattern
Count
Position Speciﬁc
Occurences

Distribution of nucleotides

scoring matrix (PSSM) [20] used in predicting subcellular localization
of gram positive and gram negative bacterial proteins, here we have
used segmented distribution of nucleotide counts. We have taken the
indices of partial counts of 10% upto 50% with 5 equal intervals.
A summary of all features generated for iPromoter-FSEn is given in
Table 2.

2.2.2. k − mer composition
We have considered composition of diﬀerent lengths of k − mers.
Composition is the normalized frequency of k − mers. In this paper, we
have considered k − mers of length k = 2, 3, 4, 5, 6. Thus the total
number of features is 42 + 43 + 44 + 45+ 46 = 5792.
2.2.3. Gapped k − mer composition
Gapped k − mer composition is previously used in the literature of
protein and DNA attribute selection. We have used a similar concept
here using < mi > g < /mi > < mo > − < /mo > gapped dinucleotide composition. However, we have further extended the idea of
gapped composition to tri-nucleotides. For tri-nucleotides the gap in
between are of either in the pattern of XX_X or XX_X. We have used
various patterns of gaps, by diﬀering the gaps in between,
g = 1,2,....,75.

2.3. Feature subspace ensemble
The main idea of the algorithm of iPromoter-FSEn is depicted in
Fig. 1. Feature subspace based ensemble classiﬁers have been previously used in the literature [68, 33]. They have shown superior performances over the feature selection methods and ensembles based of a
selected classiﬁers. Random Forest and other ensemble classiﬁers also
try to select features randomly [33] and do not utilize the full feature
space. On the other hand, boosting algorithms ensembles based on the
sample space. Here we, are using a simple ensemble voting classiﬁer
that uses three diﬀerent classiﬁers. Each of these classiﬁers are fed three
subset of features from the the total feature space. In the training phase,
these three classiﬁers are learnt using these feature subsets. In the
testing phase, each classiﬁer provides a decision and the ensemble
voting classiﬁer is used to decide the ﬁnal prediction. Note that, there a
number of ensemble classiﬁers that were applied in the context of
prediction of various attributes of biological entities in the literature as
in [65, 66, 67, 64, 36, 38, 37, 46, 61, 47, 50, 58, 60].

2.2.4. Approximate signal pattern count
It has been observed in the analysis of the transcription start sites in
E. coli that promoter like signals are densely distributed in speciﬁc regions [34, 56]. It suggested us to ﬁnd speciﬁc signals or their approximate matches within the promoter searching window. We have thus
incorporated the approximate count of those signal patterns. Seven
such patterns are used in this paper. They are: TATAAT, TAATAT,
TATAAA, AAATAT, TTGACA, ACAGTT and AACGAT. We have counted
all exact or approximate occurrence of all these patterns and their cyclic
right shifted versions for all except the last one. Approximate occurrence of the strings were taken into account if there is at least three
matches with the candidate pattern.

2.4. Classiﬁcation algorithms

2.2.5. Position speciﬁc occurences
Among this group of features are mean inter-nucleotide occurrence
[4], DNase I parameter [1] and position speciﬁc information of nucleotides [18].

In our ensemble classiﬁer, we have used three classiﬁers: Support
Vector Machine (SVM), Linear Discriminant Analysis (LDA) and
Logistic Regression (LR). In this section, we provide a brief discussion
on these three classiﬁers. Support Vector Machine [19] tries to separate
the samples using a maximum margin. Often to allow non-linearly separable data, kernel functions are used. In this paper, we have used
radial basis function as a kernel that can eﬀectively allow the the input
data to be extended to inﬁnite dimension. Another eﬀective classiﬁer is
linear discriminant analysis [55] that is a linear combination of linear
functions of predictors. Logistic regression [32] is a linear classiﬁer that
learns a straight line from the data samples to separate them.

2.2.6. Distribution of nucleotides
In addition to these features, we have also taken the frequency
count of four diﬀerent types of nucleotides along the sequence. We have
divided the sequence into s equal spaced partitions and for each partition taken the frequency of the nucleotides as feature. We have kept
s = 10. Inspired by the segmented distribution of position speciﬁc
1162
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2.5. Performance evaluation
To test our hypothesis and establish an eﬀective prediction method
of iPromoter-FSEn, we have performed several experiments on the dataset. The selection of algorithm according to performance comparison
often depends on the particular measures and sampling methods used
[22]. There are several sampling methods used to test and validate the
performance of classiﬁcation methods: use of independent test sets,
cross-fold validation, jack knife tests etc. Jackknife test and k-fold cross
validation is used in this paper in order to compare the performances.
These tests are the most reliable and robust methods in absence of a
separate independent test set [15, 14]. We have used a number of
metrics for performance evaluation of our method and in comparison
with other methods. They are: accuracy (acc), sensitivity (Sn), Speciﬁcity (Sp), F1 Score and Mathew's Correlation coeﬃcient (MCC). These
metrics are deﬁned as in the following equations:

Accuracy (Acc )=

TP + TN
TP + TN + FP + FN

Fig. 2. Plot of accuracies achieved by diﬀerent classiﬁers on diﬀerent feature
groups.

(4)

Sensitivity (Sn )=

Table 3
Comparison of performance of ensemble classiﬁer with single weak classiﬁers.

TP
TP + FN
(5)

TN
Specificity (Sp)=
TN + FP

F1=

2TP
2TP + FP + FN

MCC =

(6)

Method

Sn

Sp

Acc

MCC

auROC

auPR

F1

SVM
LDA
Logistic
Regression
iPromoterFSEn

73.31%
71.82%
86.72%

90.91%
87.855%
82.69%

84.76%
82.26%
84.10%

0.6589
0.6050
0.6715

0.9196
0.8904
0.9219

0.8649
0.8149
0.8763

0.7698
0.7389
0.7936

76.69%

91.49%

86.32%

0.6950

0.9319

0.8879

0.7966

(7)

TP × TN − FP × FN
(TP + FP )(TP + FN )(TN + FP )(TN + FN )

(8)

Here, all the symbols are meant for binary classiﬁcation problem.
TP, TN, FP and FN respectively denotes the number of true positives,
true negatives, false positives and false negatives of the prediction. All
the metrics except MCC are in the range [0,1]. The best classiﬁer is the
one with value 1 for each of the metrics and 0 will indicate a worst one.
MCC is in the range [−1,+1], where +1 indicates a best classiﬁer
and − 1 indicates a worst one. Often, in the case of imbalanced datasets
as this one and also in the cases where prediction of the probabilistic
classiﬁers depend on threshold value, these performance measures do
not reﬂect the real performance. In such cases, area under precision
recall curve (auPR) and area under receiver operating characteristic
curve (auROC) are considered. Receiver operating curve is the plot of
true positive rate against false positive rate. The value of auPR and
auROC are also in the range of [0,1], where 1 means a perfect classiﬁer
and 0.5 means a random classiﬁer.
Please note that though these metrics are all used extensively in the
literature of prediction of diﬀerent attributes of biological entities, we
should be careful when to apply them in case of multi-label prediction
problems as they are suggested in [14]. Such systems are becoming
more frequent in system biology [8, 9, 73, 10, 74, 6], system medicine
[11, 12] and biomedicine [59].

Fig. 3. Receiver Operating Characteristic (ROC) curve of the ensemble voting
classiﬁer (EVC) with comparison to single classiﬁers.

the individual feature groups. As shown in Table 2, we have 17 diﬀerent
feature groups extracted for iPromoter-FSEn. We have trained using
three diﬀerent classiﬁers using each of these diﬀerent groups. Three
classiﬁers are: Support Vector Machine (SVM), Linear Discriminant
Analysis (LDA) and Logistic Regression (LR). We have found that the
best performing feature group is feature group 11 which is gapped trinucleotide count (X_XX). This group have the highest accuracy of
84.48% in cross validation using support vector machines. For logistic
regression too this feature is the best performing one. However, in the
case of LDA, the best performing feature is feature 16 with 81.49%
accuracy. This is the nucleotide distribution feature. The worst

3. Results and discussion
In this section, we describe the experimental results and analysis.
All the programs were written in Python language and sci-kit Learn
[57] library. Each experiments were run 10 times and average results
are reported.
The ﬁrst set of experiments were done to show the eﬀectiveness of
1163
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Table 4
Comparison of the performance of iPromoter-FSEn with that of other state-of-the-art methods.
Method

Sn

Sp

Acc

MCC

auROC

auPR

F1

iPro70-PseZNC (All features)
iPro70-PseZNC (Optimized)
Z-curve
iPromoter-FSEn
iPromoter-FSEn (jack knife)

74.63%
80.30%
74.6%
76.69%
76.52%

79.50%
86.79%
79.5%
91.49%
91.43%

77.81%
84.54%
77.8%
86.32%
86.27%

0.5274
0.6631
0.5270
0.6950
0.6924

–
0.9088
0.848
0.9319
0.9337

–
–

–
–

0.8879
0.8870

0.7966
0.7941

validation results in Table 4.
We have performed Wilcoxon Signed ranked test which is a nonparametric statistical test and that conﬁrmed the signiﬁcance of improvement. We have used the values in each individual runs within the
cross-fold of the algorithms to compare between them. The accuracy of
the ensemble classiﬁer was tested with that of the individual weak
classiﬁers. The ensemble classiﬁer had p-value in each statistical test as
p = 0.00512 ≤ 0.05. The signiﬁcance level was set to 0.05. Overall, it
indicates the value is signiﬁcant and thus rejects the null hypothesis and
establishes the signiﬁcance in improvement achieved by the ensemble
classiﬁer.

performing feature group was feature group 2 or nucleotide statistics.
This feature group achieve only 38.81% accuracy using SVM. Performance in other classiﬁers were slightly better. A plot of accuracies
achieved by three algorithms for diﬀerent feature groups are given in
Fig. 2.
In the feature analysis part with diﬀerent classiﬁers, we have also
used other measures like auROC, auPR, Sp, Sn, MCC and F1.
Performance in auROC also follows the trend in accuracy. For details of
these experiments, please refer to supplementary material. After the
experiments we used an ensemble voting classiﬁer with voting weights
set to 0.42,0.20 and 0.38 for SVM, LDA and LR respectively based on
their performances normalized on the dataset. After that, we used the
ensemble voting classiﬁer on this ensemble based on feature subspacing. We divided the feature into three groups. SVM used features 1–11,
LDA used feature 9–17 and LR used features 12–17. Thus we have a
overlapped feature subspaces for each of these classiﬁers.
In Table 3, we present a comparison of results achieved by the ensemble classiﬁer used in iPromoter-FSEn with that of single classiﬁers.
For this experiments, we have trained each of the single classiﬁer with
full set of features. In Table 3, best results among all classiﬁers are
shown in bold faced fonts. We could notice that the ensemble classiﬁer
of iPromoter-FSEn outperforms all the single classiﬁers in all performance metrics except sensitivity. In the case of sensitivity, logistic regression is performing best. Note that, the accuracy here achieve by the
ensemble is better than the best performing single classiﬁer SVM by
1.56%. Note that the better values achieved in terms of auROC and
auPR also indicates the eﬀectiveness even though the dataset is slightly
imbalanced. An analysis of the performances of the classiﬁers in terms
of receiver operating characteristic curve is shown in Fig. 3.
We have also compared the performance of our algorithm with two
other state-of-the-art algorithms. We have compared iPromoter-FSEn
with: iPro70-PseZNC [42] and Z-Curve [71] method. The cross validation results achieved by all these algorithms and their variations are
reported in Table 4. Note that, we have reported these results from that
reported in [42]. Here too, bold faced values indicates the best results
achieved by any algorithm. There are a few blank spaces in the table
since F1, auPR and auROC were not reported in the literature by these
methods. However, we believe that these methods are very important
and specially in the case of promoter sequences where the dataset is
slightly imbalanced. From the results reported in this table, we can
clearly conclude that iPromoter-FSEn achieved higher accuracy, MCC,
auROC and speciﬁcity compared to other methods. iPromoter-FSEn is
second best in terms of sensitivity. Please note that, our features are
very eﬀective and does not require any feature selection which is required by iPro70-PseZNC. Our features with logistic regression however
produces similar accurate results with better sensitivity as reported in
Table 3.
Please note that all the results reported in Table 4 are average of 10
runs. Here each run on the data set was done as a k-fold cross fold
validation with value of k set to 10. We have conﬁrmed the signiﬁcance
of improvement in terms of MCC, accuracy and speciﬁcity of our
method, iPromoter-FSEn with iPro70-PseZNC. Also note that, the results achieved by iPro70-PseZNC were after feature optimization which
done within cross-folds risks overﬁt of data. In order to make sure our
method is not overﬁtting the data, we also performed Jack Knife tests.
These results are more robust and reported along with the cross-

3.1. Web application
As pointed out in [14] and demonstrated in a series of recent publications [76, 63, 62, 35], user-friendly and publicly accessible webservers represent the current direction for developing practically more
useful prediction methods and computational tools. With a similar vision, we have implemented an web application based on the models
learnt in this paper for iPromoter-FSEn. Our web application is redily
available for use at: http://ipromoterfsen.pythonanywhere.com/server.
The website contains a guideline for users with a user friendly interface.
4. Conclusion
In this paper, we have proposed iPromoter-FSEn a predictor for
identiﬁcation of σ70 promoter sequences. iPromoter-FSEn uses a large
number of sequences based features and divides them into subspaces in
order to be trained by an ensemble of three diﬀerent classiﬁers. On
standard benchmark dataset, iPromoter-FSEn signiﬁcantly outperforms
state-of-the-art methods. We believe our method has got potential for
exploration and in future we wish to develop a web application and a
database of promoter sequences and also extend the work for detection
and prediction of other promoter sequences.
Appendix A. Supplementary data
Supplementary data to this article can be found online at https://
doi.org/10.1016/j.ygeno.2018.07.011.
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