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An enhancer is a short (50–1500bp) region of DNA that plays an important role in gene expression and the
production of RNA and proteins. Genetic variation in enhancers has been linked to many human diseases, such as
cancer, disorder or inflammatory bowel disease. Due to the importance of enhancers in genomics, the classification of enhancers has become a popular area of research in computational biology. Despite the few computational tools employed to address this problem, their resulting performance still requires improvements. In this
study, we treat enhancers by the word embeddings, including sub-word information of its biological words,
which then serve as features to be fed into a support vector machine algorithm to classify them. We present
iEnhancer-5Step, a web server containing two-layer classifiers to identify enhancers and their strength. We are
able to attain an independent test accuracy of 79% and 63.5% in the two layers, respectively. Compared to
current predictors on the same dataset, our proposed method is able to yield superior performance as compared
to the other methods. Moreover, this study provides a basis for further research that can enrich the field of
applying natural language processing techniques in biological sequences. iEnhancer-5Step is freely accessible via
http://biologydeep.com/fastenc/.

1. Introduction
In genetics, an enhancer is a short (50–1500bp) region of DNA that
plays an important role in gene expression and the production of RNA
and proteins [1,2]. Enhancers are cis-acting and these RNAs are frequently alluded to as transcription factors. They can be situated at a
distance of up to 1 Mbp (1,000,000bp) away from a gene, or even existing in different chromosomes, upstream or downstream from the
transcription start site [2,3]. A huge number of enhancers are found in
both eukaryotes and prokaryotes, especially in the human genome [4].
Genetic variation in enhancers has been linked to many human diseases, especially cancer [5,6], disorder [6,7], or inflammatory bowel
disease [8].
Due to the importance of enhancers in genomics, the classification
of the enhancers has become a popular area of study, especially in
biological research. It has attracted many researchers from different
areas of biology, such as pure biology, system biology, and computational biology. Lai et al. [9] have identified enhancers in the red flour
*

beetle, Tribolium castaneum. Comparative genomics is also a good solution and it has been proven successful by Ref. [10]. Moreover, a new
approach to this matter has been introduced by Zacher et al. [11]
through the use of GenoSTAN to accurately identify the enhancer and
promoter in roadmap epigenomics cell types. Furthermore, silico
identification of enhancers has also been conducted based on a combination of transcription factor binding motif occurrences [12].
In bioinformatics, several computational methods have been
adopted to identify enhancers from other regulatory elements. For instance, Firpi et al. [13] incorporated chromatin signatures and artificial
neural network to discover enhancers. Erwin et al. [14] integrated a
diversity of datasets to improve the identification of enhancers. Support
vector machine (SVM) has been also used to predict mammalian enhancers [15]. Later, some of the improvements were done by using
different machine learning and deep learning techniques, such as
random forest [16], deep belief network [17], and deep-learning-based
hybrid architecture [18]. In order to classify enhancers as strong and
weak elements, there are a few predictors to this issue that should be
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looked at. The first study is iEnhancer-2L [19], in which a benchmark
dataset to identify and classify enhancers was being provided. Thereafter, they performed the experiments with pseudo-k-tuple nucleotide
composition and reached an acceptable performance. There have been
a few studies that used the same data set in their approach to increase
the performance of this problem, such as using multiple features selection [20] and ensemble approach [21].
However, their performance results require much improvement, and
in this study, we aim to enhance the solution to this issue with an innovative approach. Our idea is to transform the enhancer sequences
into vectors using word embedding and then proceed to classify them
with the use of effective neural networks. This idea has indeed been
used in past experiments, where researches would attempt to apply
existing natural language processing (NLP) algorithms to the study of
biological sequences. It was first presented by Ref. [22] and applied
successfully in many latter biological applications [23–25]. Moreover,
the word feature namely k-mer has also been applied in RNA sequence
description [26] and protein structure [27]. Even with enhancer sequences, NLP has been successfully applied in enhancer-promoter interactions [18,28]. However, most researchers used the Word2Vec
model, which each word in corpus like an atomic entity and generated a
vector for each word. In this sense, Word2Vec is very much like Glove –
both treating a word as the smallest unit to be trained. Here we present
a new approach to transform DNA sequences into vectors by using the
FastText model. FastText is an extension of Word2Vec proposed by
Facebook in 2016, in which it treats each word as being composed of
character n-grams [29]. Therefore, the vector for a word is made up of
the sum of its character n-grams. FastText is shown to be more accurate
than Word2Vec vectors in many fields [30,31], and now we extend it
into biological sequences.
Following this train of thought, we documented several key contributions of our study to the field of biology: (1) a new computational
model for enhancers in which it is able to exhibit significant improvements beyond that of the previous predictors, (2) a new framework
constructed from word embedding and supervised learning for classification of the DNA sequences with high performance, (3) a study that
would provide much information to biologists and researchers as they
are better equipped with the understanding of the enhancers, and (4) a
basis for further study to apply natural language processing model in
biological sequences. Here, we describe our contributions systematically.
As shown in a series of recent publications [32–38], to develop a
really useful sequence-based statistical predictor for a biological or
biomedical system, one should observe the guidelines of the 5-step rule
[39]. In order to make the sequence of events clear, it follows as such:
(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 user-friendly web-server for the predictor that is accessible
to the public. Below, we would describe in detail how to carry out with
these steps individually.

Fig. 1. Flowchart of this study. First, we used benchmark dataset to train a
FastText model and then used this model to generate vectors for DNA sequences. These vectors were then fed to SVM algorithm to perform a supervised
learning.

2.1. Benchmark dataset
For this study, we re-used the benchmark dataset from the previous
study [19]. This dataset was used in all enhancer classification problems, such as [19–21]. In this dataset, enhancers were collected according to the information of nine different cell lines and DNA sequences were extracted into fragments of 200bp. CD-HIT [41] was also
used to remove the pairwise sequences which had the similarity of more
than 20%. The benchmark dataset includes 1,484 enhancers and 1,484
non-enhancers. 1,484 enhancers contain 742 strong enhancer samples
and 742 weak enhancer samples to create the second layer classification. This study would also provide an independent dataset which
would contain 200 non-enhancers and 200 enhancers (including 100
strong and 100 weak enhancers).
Thereafter, we randomly divided the training dataset into five separate sets to perform five-fold cross-validation. We performed the
training five times, each time using a part set as a validation file and the
other four files into a training set. The result of the cross-validation is an
average value of five times training. Subsequently, the independent
dataset was used to evaluate our model.
2.2. Novel distributed representation of DNA sequences
With an explosive growth of biological sequences in the postgenomic era, one of the most important but also the most difficult
problem in computational biology is how to express a biological sequence with a discrete model or a vector, yet still retain considerable
sequence-order information or key pattern characteristic. This is because all the existing machine-learning algorithms (such as
“Optimization” algorithm [42], “Covariance Discriminant” or “CD” algorithm [43,44], “Nearest Neighbor” or “NN” algorithm [45], and
“Support Vector Machine” or “SVM” algorithm [45,46]) can only
handle vectors as elaborated in a comprehensive review [47]. However,
a vector defined in a discrete model may completely lose all the sequence-pattern information. In order to avoid completely losing the
sequence-pattern information for proteins, the pseudo amino acid
composition [48] or PseAAC [49] was proposed. Ever since the concept

2. Materials and methods
We propose a novel approach through the use of word embedding
and Support Vector Machine (SVM) [40] to classify enhancers with high
performance. Fig. 1 illustrates a flowchart of the study, which is made
up of two major processes: training skip-gram model (via the FastText
library [29]) and supervised learning model (via SVM). The detailed
description of the proposed approach would be discussed in the following paragraphs.
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of Chou's PseAAC was proposed, it has been widely used in nearly all
areas of computational proteomics (see, e.g. Refs. [50–58], as well as a
long list of references cited in Ref. [59]). Recently, due to its widespread and increment of usage, three powerful open access softwares,
called ‘PseAAC-Builder’ [60], ‘propy’ [61], and ‘PseAAC-General’ [62],
were established. The former two are for generating various modes of
Chou's special PseAAC [63]. The 3rd one was created for Chou's general
PseAAC [39], 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 [39]), “Gene Ontology” mode
(see Eqs.11–12 of [39]), and “Sequential Evolution” or “PSSM” mode
(see Eqs.13–14 of [39]). Encouraged by the successes of using PseAAC
to deal with protein/peptide sequences, the concept of PseKNC (Pseudo
K-tuple Nucleotide Composition) [64] was developed for generating
various feature vectors for DNA/RNA sequences [65,66] that have
proved very useful as well. Particularly, a very recent yet powerful webserver called ‘Pse-in-One’ [67] and its updated version ‘Pse-in-One2.0’
[68] have been established that can be used to generate any desired
pseudo components feature vectors for protein/peptide and DNA/RNA
sequences according to the need of the users' studies.
In this study, we applied a new feature extraction called word embedding representation which helped us interpret the hidden information of DNA sequences. In the NLP field, distributed representation has
been successfully used to train word embedding and mapping of words
to real-value vector space. In general, distributed representation characterizes an item through its relationship with alternative ones. In word
embedding, similar words are mapped within the distributed representation vector space close to each other.
Inspired by the achievements of word embedding, which has been
used in many NLP tasks, we treated our DNA sequences like natural
language phrases. To perform this task, we divide the enhancers into a
sequence of words with one word being one nucleobase (A, C, G, or T),
two continuous nucleobases, and so on. For each DNA word, we then
generated the word embedding using the language model. The purpose
of this step is to encode the nucleobases by expressing their vector space
distribution, thereby allowing it to be used for supervised learning algorithms. For the end-to-end machine learning, we proposed a supervised manner to learn the encoding directly from the raw nucleobase
sequence in an unsupervised manner.
Due to the relevance between the natural language and biological
sequence, many bioinformatics researchers have already been applying
word embedding representation into biological sequences. For instance,
it has been applied to deep proteomics and genomics [22], the identification of antimicrobial peptides [24], and HLA class I binding [69].
However, in all of these research experiments, Word2Vector has been
used to represent the biological sequences which resulted in certain
limitations such as, not taking into account the internal structure of
words and the out-of-vocabulary cases for unseen words. Therefore, one
important improvement we have added in our study is that, instead of
using a distinct vector representation for the DNA word, we took into
account the internal structure of each word. Each DNA word is represented as a bag of character n-gram. By learning word embedding in
this way, we can use the sub-word information that has proven to be
effective in the field of natural language processing. The idea of taking
into account the internal structure of DNA sequences is described in
Fig. 2. We represent the DNA word (‘ATGAC’) by changing the n-gram
values from 1 to 3 and the bags of nucleobases are different between the
three types. As seen in Fig. 2, we are able to generate the sub-word
information of every word in the dataset.

Fig. 2. Explanation of word representation for DNA sequence. The word
‘ATGAC’ represents different results with different n-gram levels. Example: ngram levels is from 1 to 3.

Word2Vector model is as follows:
(1) Generate better word embeddings for rare words (even if words are
rare, their character n-grams are still shared with other words hence the embeddings can still be valid).
(2) Out of vocabulary words - they can construct the vector for a word
from its character n-grams even if the word does not appear in
training corpus. Both Word2vec and Glove cannot.
(3) From a practical usage standpoint, the choice of hyper-parameters
for generating FastText embeddings becomes key.
(4) The usage of character embeddings (individual characters as opposed to n-grams) for downstream tasks have recently shown to be
able to boost the performance of those tasks compared to using
word embeddings like Word2Vec or Glove.
Each word is represented as a bag of character n-grams in addition
to the word itself. This helps preserve the meaning of shorter words that
may show up as n-grams of other words. Inherently, this also allows the
capturing of meanings for suffixes/prefixes. Therefore, with the idea of
using FastText in this study, we are able to achieve an outstanding
performance for DNA sequence representations and classification,
especially in the case of rare words by making use of character level
information [29].
2.4. Feature extraction by FastText model
Supervised learning classification requires the input data to have the
same number of features. As our DNA sequences are of different
lengths, the number of biological words therefore also varies with the
word embedded in DNA sequences. To address this, we set the dimension of the embedding vector to 100. This means that each DNA
sequence is represented as 100 real numeric values and we can enter
any machine learning classifier without preprocessing. Our rationale
behind this idea is to highlight that the biological words can be analogous to the motifs in DNA sequences. Enhancers with similar motifs
tend to have a higher degree of similarity. By taking the motif information into account via the word embedding, we have more informative features for better prediction.

2.3. FastText implementation
We employed FastText tool [29] to generate the word embedding.
FastText supports the training of continuous bag of words (CBOW) or
skip-gram models using negative sampling, softmax or hierarchical
softmax loss functions. The difference manifests between FastText and
55

Analytical Biochemistry 571 (2019) 53–61

N.Q.K. Le, et al.

There are two algorithms to create word vectors, i.e. CBOW and
skip-gram. Given a set of sentences (also known as corpus), the model
loops on the words of each sentence and either tries to use the current
word to predict its neighbors (its context), in which the method is called
“ skip-gram” or it uses each of these contexts to predict the current
word, in which the method is called “Continuous Bag Of Words”
(CBOW).
The limit to the number of words in each context is determined by a
parameter called “window size”. Our preliminary study uses both
models, skip-gram, and CBOW to generate word embedding and SVM as
a classifier. The results revealed that the skip-gram model generated a
slightly higher performance than the CBOW. Consequently, we used the
skip-gram model for all further experiments.
Here we provided a summary of the skip-gram model for completeness. As originally developed by Ref. [70], given a sequence of
nucleobases n1, n2 … nT, the skip-gram model aims to maximize the
average log-likelihood:

python language. We selected the radial basis function (RBF) as the
learning kernel function due to many evidential improvements with this
kernel [74,75]. We also performed a grid search to estimate the accuracy of each parameter combination to find the optimal cost and
gamma in SVM (log2c was ranged from −5 to 15 (step = 2), log2g was
ranged from 3 to −15 (step = −2)).
2.6. Assessment of predictive ability

and k are negative samples. This was motivated by the idea that a good
model should be able to differentiate real data from negative data.
By treating DNA sequences as standard language sentences in a text
corpus, NLP algorithms can be easily applied. More specifically, DNA
sequences are treated as individual sentences, and nucleobases are
treated as words. In this study, the skip-gram model is used with 100dimensional vector space integration, a context window of size 8 and 6
for two-layer predictions, respectively.

Although the jackknife test is an approximately unbiased estimator
of the generalization performance, it has two major drawbacks, e.g. a
high variance (since all the datasets used for the estimate are very similar to each other), and it is expensive to calculate (it requires n estimates, where n is the number of observations in the dataset). It is also
proven that the 5 or 10 fold cross-validation is a good compromise
between impartiality and computational requirements. Not only that,
other forms of resources to learn more about the cross-validation process are being highlighted [76]. Likewise, we first trained the model by
applying 5-fold cross-validation technique to the whole training dataset. Because 5-fold cross-validation will yield different results every
time, we implemented ten times of 5-fold cross-validation to generate
more reliable results. The cross-validation result was being calculated
through the averaging of all the ten 5-fold cross-validation results.
Based on the 5-fold cross-validation results, hyper-parameter optimization process was employed to find the best model for each dataset.
Furthermore, to prevent any systematic bias in the cross-validation set,
the independent dataset was re-used to evaluate the performance accuracy.
In a bid to evaluate the performance of the methods employed, we
adopted Chou's criterion which has been used in many computational
biology studies [21,77–80]. Although the traditional metrics copied
from math books were often used in literature to measure the prediction
quality of a prediction method, they are no longer an optimum method
because of the lack of intuitiveness and difficulty in understand for most
biologists. Particularly the MCC (the Matthews correlation coefficient),
which is a very important metrics used for reflecting the stability of a
prediction method. Fortunately, based on the Chou's symbols introduced for studying protein signal peptides [81–83], a set of four
intuitive metrics were derived [84,85], as given in Eqs. (5)–(8). Ever
since then, the new set of intuitive metrics have been concurred with
and admired by a series of recent publications (see, e.g. Refs.
[37,66,84,86,87]). However, it is instructive to point out that the metrics (as defined in Eqs. (5)–(8) and their original non-intuitive forms)
are only valid for single label systems. Multi-label systems (where a
sample may simultaneously belong to several different classes), whose
existence have become more frequent in system biology [34,88–91],
system medicine [92,93] and biomedicine [94], a completely different
set of metrics as defined in Ref. [95] is absolutely needed. Some standard metrics were used, such as sensitivity, specificity, accuracy, and
MCC using below given formulae (TP, FP, TN, FN are true positive, false
positive, true negative, and false negative values, respectively):

2.5. Support vector machine

Sensitivity = 1

N+
, 0
N+

Sen

1

(5)

Specificity = 1

N+
, 0
N

Spec

1

(6)

Accuracy = 1

N + + N+
, 0
N+ + N

1
T

T

log p (nt + j |nj )
t=1

(1)

c j c, j 0

where T is the total number of nucleobases in the whole enhancer dataset, c is the context window size (i.e. the number of nucleobases on
the left and right side of the target nucleobase), and p(nt + j|nt) is
defined as:

p (nO |nI ) =

exp(vn' O , vnI )
N
exp(vn' O , vnI )
n=1

(2)

here, vn and v′n are two space vector representations of the nucleobase
n. The subscripts O and I correspond to the output (context nucleobases)
nucleobase and input (target) nucleobase, respectively. N is the total
number of single nucleobases in the DNA vocabulary. In the typical NLP
text corpus with a large vocabulary, the calculation of the log likelihood
gradient becomes impractical. An approximation of the log likelihood is
obtained by replacing every log p (nO|nI) with:

log

(vn' O , vnI ) +

k
i=1

Eni ~Pn (w ) [log

(vn' O , vnI )]

(3)

where

(x ) =

1
1 + exp( x )

(4)

Support vector machine (SVM) is a well-known supervised learning
tool to solve classification and regression problems with high performance. Given a number of training examples, each was marked as belonging to one or the other of two categories, an SVM training algorithm builds a model that assigns new examples to one or the other
category, making it a non-probabilistic binary linear classifier. SVM has
been increasingly applied to a variety of supervised learning classifications in bioinformatics [71–73]. According to a binary classification,
the SVM maps input samples into a higher dimensional space using the
kernel function and then finds a hyperplane to distinguish between the
two classes with maximum margin and minimum error. In this study,
we implemented the SVM algorithm using the scikit-learn package in

1
MCC =

(1 +

(

N+
N+

N+

N+
N+

+

N+
N

)(1 +

Acc

)
N + N+
N

1

)

,

(7)

1

MCC

1
(8)

The relations between these symbols and the symbols in Eqs. (5)–(8)
are given by:
56

Analytical Biochemistry 571 (2019) 53–61

N.Q.K. Le, et al.

we would like to compare it with their baseline classifier. We used the
same dataset with the optimal n-gram levels (8-g for the first layer and
6-g for the second layer). The next baseline is gapped k-mer SVM
(gkmSVM), which is a sequence-based method for predicting regulatory
DNA elements [97,98]. We also searched for the optimal parameters for
both classifiers. For FastText, the optimal parameters are: learning rate
of 0.1, epoch of 50, context window of 5, and softmax loss function).
The purpose of this analysis phase is to find out which classifier would
attain the best performance with the embedding features. The performance results of all the experiments are shown in Table 1. The problem
raised here is how to sustain the better performance of our algorithm, as
compared to other baselines when it undergoes many cross-validation
tests. To answer this question, we performed a paired t-test to determine whether our SVM is significantly better (+) or worse (−), or
even have no statistical difference compared to the other baseline
methods. The null hypothesis assumes that the true mean difference
between the paired metrics is zero and the statistical significance is
determined by p-value = 0.05 (confidence level of 95%). As shown in
Table 1, it is clear that the SVM classifier outperforms FastText and
gkmSVM on the same proposed dataset. Therefore, creating different
algorithms based on their vectors is better than using a baseline model.
Also, our performance results are also better than gkmSVM at the same
level comparison.

N+ = FP
N + = FN
+
N = TP + N +
N = TN + N+

(9)

We also used the Receiver Operating Characteristic (ROC) curves to
further illustrate our model in various experiments. In addition, the
area under the ROC curve (AUC) metric is a scalar value that represents
the overall performance of the model [96]. The AUC score is always
bounded between zero and one, and there is no realistic classification
with an AUC less than 0.5. The AUC metric is therefore used to compare
the efficiency of different models.
3. Results and discussions
3.1. Classifying enhancers with different n-gram levels
We evaluated the performance of the SVM algorithm on the dataset
of which, each enhancer sequence was split to biological words of equal
length from 1 to 10. We used ROC Curve and AUC as the metrics to
evaluate the overall performance of each experiment in both 5-fold
cross-validation and independent test. The result of the first layer (enhancer identification) is displayed in Fig. 3. From Fig. 3, we found that
the performance is proportional to the number of n-gram values. If we
solely used the low levels of n-gram values (1, 2, or 3), the results would
not reach its optimum performance. We realized that when n-gram
values are greater than 6, the AUC is more consistent with almost no
improvement. This means that the model only captures the information
in a range of n-gram, increasing high level of n-gram does not help to in
the increment of the results. As shown in Fig. 3, we chose n-gram = 8
with better AUC (=0.91) to perform further experiments. Similar,
Fig. 4 shows the performance results in the second layer and we chose
n-gram = 6 to build our model.

3.3. Independent test
The most important concern out of all machine learning problems is
the problem of overfitting, which means our classifier can only perform
well in training set but worse in another unseen dataset. Therefore, we
used an independent test to ensure that our model also performs well in
a blind dataset. The independent dataset as described in the previous
section was collected from Refs. [19,21]. It contained 200 enhancers
(100 weak and 100 strong enhancers) and 200 non-enhancers. None of
these samples have a certain occurrence in the training set. As shown in
Table 2, our independent test results are also consistent with crossvalidation results. In the first layer, our model reached an accuracy of
79%, sensitivity of 82%, specificity of 76%, and MCC of 0.58. Subsequently, the second layer's accuracy, sensitivity, specificity, and MCC
reached 63.5%, 74%, 53%, and 0.28, respectively. Although there are a

3.2. Comparison between support vector machine and baseline models
FastText provides a multinomial logistic regression, where the
sentence/document vector corresponds to the features. It has been integrated and used in many text classification problems [30], therefore

Fig. 3. Performance results on identifying enhancers with different n-gram levels. The results with 8-g (AUC = 0.91) outperforms other n-gram levels.
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Fig. 4. Performance results on classifying the strength of enhancers with different n-gram levels. The results with 6-g and 10-g (AUC = 0.75) outperforms
other n-gram levels.

effectiveness of our proposed features with other baseline methods as
well as research groups studying on enhancer classification problem,
e.g. EnhancerPred [20], iEnhancer-2L [19], and iEnhancer-EL [21]. We
compared both cross-validation and independent test performance. The
results are shown in Table 2, with the highest values for each metrics of
each class bolded. It is clear that on an average, our method outperforms other's models in almost measurement metrics. Therefore, we are
able to present an innovative method for extracting features in DNA
sequences in which outperforms other feature sets.
Although our word embedding features are able to produce encouraging results, further improvements to the performance results can
still be made. One of the most important improvements that can be
done is to integrate long-range information, which is a feature that
plays an important role in DNA element identification. It has been
successfully used in a number of recent bioinformatics problems on
DNA sequences, such as identifying origin of replication in
Saccharomyces cerevisiae [99] and predicting bacterial transcriptional
terminators [100]. Therefore, its future works could consider combining long-range correlation information with word embedding feature to improve accuracy. Another solution is to take advantage of the
development of deep learning. As deep learning has been applied in the
other bioinformatics problems with significant results [101–104], enhancer identification is also a potential application. For instance, future
works could also create a system by replacing our traditional SVM with
a deep neural network. This is a promising area of research because of
the ever increasing implementation of deep neural network structures
to other forms of research.

Table 1
Comparison between SVM and FastText classifier.
Classifiers
1st layer
FastText
gkmSVM
SVM
2nd layer
FastText
gkmSVM
SVM

Sn

Sp

Acc

MCC

72.3
73.9
81.1 (+)

81.4
79.6
83.5 (+)

76.9
76.8
82.3 (+)

0.54
0.54
0.65 (+)

72.3
67.8
75.3 (+)

58.8
50.0
60.8 (+)

65.5
59.8
68.1 (+)

0.31
0.18
0.37 (+)

(Statistical paired t-test results between SVM and other two methods: (+) for
significantly better, (−) for significantly worse than others).
Table 2
Comparison with previous predictors.
Predictors

Cross-validation

Independent

Sn

Sp

Acc

MCC

Sn

Sp

Acc

MCC

81.1
75.67
78.09
72.57

83.5
80.39
75.88
73.79

82.3
78.03
76.89
80.82

0.65
0.561
0.54
0.464

82
71
71
73.5

76
78.5
75
74.5

79
74.75
73
74

0.58
0.496
0.46
0.48

75.3
69
62.21
62.67

60.8
61.05
61.82
61.46

68.1
65.03
61.93
62.06

0.37
0.315
0.24
0.2413

74
54
47
45

53
68
74
65

63.5
61
60.5
55

0.28
0.2222
0.2181
0.1021

st

1 layer
iEnhancer-5Step
iEnhancer-EL
iEnhancer-2L
EnhancerPred
2nd layer
iEnhancer-5Step
iEnhancer-EL
iEnhancer-2L
EnhancerPred

3.5. Web server for identifying enhancers and their strength

few overfittings in our model, the differences are not minimal and it
still shows that our model performs well in this type of dataset.

As pointed out in Ref. [105] and demonstrated in a series of recent
publications (see, e.g. Refs. [34,84,86,88,92,106–111]), user-friendly
and publicly accessible web-servers represent the future direction for
developing more practical and useful prediction methods as well as
computational tools. Actually, many practical and useful web-servers
have significantly increased the impacts of bioinformatics on medical
science [47], driving medicinal chemistry into an unprecedented revolution [59], thus, we developed a web server named iEnhancer-5Step

3.4. Comparison between proposed method and the existing predictors
So far, our best model is the combination of the support vector
machine classifier and the n-gram level of 8 and 6 for two-layer classifications, respectively. In this section, we aim to compare the
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main feature. Based on this web server, biologists are able to discover
new sequences belonging to the enhancers as well as their strengths. In
addition, to maximize the convenience of most experimental scientists,
we have provided a step-by-step guide in which the users can easily
obtain their desired results without having to go through the mathematical details.
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[31] X. Yang, C. Macdonald, I. Ounis, Using word embeddings in twitter election
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[34] X. Cheng, X. Xiao, K.-C. Chou, pLoc-mEuk: predict subcellular localization of
multi-label eukaryotic proteins by extracting the key GO information into general
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(1) Click the link at http://www.biologydeep.com/fastenc to open the
web-server iEnhancer-5Step.
(2) Scroll down to submission field or click the tab ‘Submit’. In order to
avoid the errors, please submit the sequence in FASTA format (we
also give you the FASTA file examples). The user can choose two
options to submit: pasting the sequence into the text field or uploading the sequence file. The user can submit one single FASTA file
or multiple FASTA files.
(3) Click on the Submit button to see the predicted results.
(4) In the result page, the results for the sequences which belong to
enhancers as well as their strengths will be shown. In case the sequence was predicted as non-enhancer, our server will display their
strength as “NA”.
4. Conclusion
Improving the classification of enhancers is an essential task of
biological researchers. Many studies were conducted using a variety of
feature extractions and neural networks in a bid to resolve this problem.
Looking at the outstanding results of word embedding in natural language processing, applying it to DNA sequence prediction is crucial for
biological researchers. In this study, we took on an innovative method
to classify the enhancers, using word embedding with sub-word information and SVM. This is the first study that applies this method to
DNA sequence classification. With this method, we can interpret the
DNA sequences as biological words and improve predictive performance. We evaluated the performance using 5-fold cross-validation and
independent testing dataset. On an average, our method showed a 5fold cross-validation accuracy of 82.3% and 68.1% in the first and
second layer prediction, respectively. We also performed two independent tests to evaluate the performance of these two layer classifications, and the results achieved the accuracy of 79% and 63.1%,
respectively. Compared with the performance of other state-of-the-art
predictors, this approach achieved an evident improvement in almost
all of the measurement metrics. Throughout this study, we have taken
on this approach that uses a powerful model for the classification of
enhancers and yielding high accuracy. The findings of this study could
open a platform for further research that can interpret the biological
words in DNA sequences. Moreover, scientists can use our approach to
solve various computational biology problems in the future.
Acknowledgments
This work has been supported by the Nanyang Technological
University Start-Up Grant.
References
[1] E.M. Blackwood, J.T. Kadonaga, Going the distance: a current view of enhancer
action, Science 281 (1998) 60.
[2] L.A. Pennacchio, W. Bickmore, A. Dean, M.A. Nobrega, G. Bejerano, Enhancers:
five essential questions, Nat. Rev. Genet. 14 (2013) 288.
[3] G.A. Maston, S.K. Evans, M.R. Green, Transcriptional regulatory elements in the
human genome, Annu. Rev. Genom. Hum. Genet. 7 (2006) 29–59.
[4] O.I. Kulaeva, E.V. Nizovtseva, Y.S. Polikanov, S.V. Ulianov, V.M. Studitsky, Distant
activation of transcription: mechanisms of enhancer action, Mol. Cell Biol. 32
(2012) 4892.
[5] H.-M. Herz, Enhancer deregulation in cancer and other diseases, Bioessays 38
(2016) 1003–1015.

59

Analytical Biochemistry 571 (2019) 53–61

N.Q.K. Le, et al.
human proteome, Bioinformatics 34 (2018) 4223–4231.
[36] Y.D. Khan, M. Jamil, W. Hussain, N. Rasool, S.A. Khan, K.-C. Chou, pSSbondPseAAC: prediction of disulfide bonding sites by integration of PseAAC and statistical moments, J. Theor. Biol. 463 (2019) 47–55.
[37] P. Feng, H. Yang, H. Ding, H. Lin, W. Chen, K.-C. Chou, iDNA6mA-PseKNC:
identifying DNA N6-methyladenosine sites by incorporating nucleotide physicochemical properties into PseKNC, Genomics 111 (2019) 96–102.
[38] J. Jia, X. Li, W. Qiu, X. Xiao, K.-C. Chou, iPPI-PseAAC(CGR): identify proteinprotein interactions by incorporating chaos game representation into PseAAC, J.
Theor. Biol. 460 (2019) 195–203.
[39] K.-C. Chou, Some remarks on protein attribute prediction and pseudo amino acid
composition, J. Theor. Biol. 273 (2011) 236–247.
[40] C.-C. Chang, C.-J. Lin, LIBSVM: a library for support vector machines, ACM
Trans.ntell. Syst. Technol. (TIST) 2 (2011) 27.
[41] L. Fu, B. Niu, Z. Zhu, S. Wu, W. Li, CD-HIT: accelerated for clustering the nextgeneration sequencing data, Bioinformatics 28 (2012) 3150–3152.
[42] C.-T. Zhang, K.-C. Chou, An optimization approach to predicting protein structural
class from amino acid composition, Protein Sci. 1 (1992) 401–408.
[43] K.-C. Chou, D.W. Elrod, Bioinformatical analysis of G-protein-coupled receptors, J.
Proteome Res. 1 (2002) 429–433.
[44] K.-C. Chou, Y.-D. Cai, Prediction and classification of protein subcellular location—sequence-order effect and pseudo amino acid composition, J. Cell. Biochem.
90 (2003) 1250–1260.
[45] L. Hu, T. Huang, X. Shi, W.-C. Lu, Y.-D. Cai, K.-C. Chou, Predicting functions of
proteins in mouse based on weighted protein-protein interaction network and
protein hybrid properties, PLoS One 6 (2011) e14556.
[46] Y.-D. Cai, K.-Y. Feng, W.-C. Lu, K.-C. Chou, Using LogitBoost classifier to predict
protein structural classes, J. Theor. Biol. 238 (2006) 172–176.
[47] C. Kuo-Chen, Impacts of bioinformatics to medicinal chemistry, Med. Chem. 11
(2015) 218–234.
[48] K.C. Chou, Prediction of protein cellular attributes using pseudo‐amino acid
composition, Proteins: Struct.Funct.Bioinf. 43 (2001) 246–255.
[49] K.-C. Chou, Using amphiphilic pseudo amino acid composition to predict enzyme
subfamily classes, Bioinformatics 21 (2004) 10–19.
[50] A. Dehzangi, R. Heffernan, A. Sharma, J. Lyons, K. Paliwal, A. Sattar, Gram-positive and Gram-negative protein subcellular localization by incorporating evolutionary-based descriptors into Chou׳s general PseAAC, J. Theor. Biol. 364 (2015)
284–294.
[51] M. Behbahani, H. Mohabatkar, M. Nosrati, Analysis and comparison of lignin
peroxidases between fungi and bacteria using three different modes of Chou's
general pseudo amino acid composition, J. Theor. Biol. 411 (2016) 1–5.
[52] P.K. Meher, T.K. Sahu, V. Saini, A.R. Rao, Predicting antimicrobial peptides with
improved accuracy by incorporating the compositional, physico-chemical and
structural features into Chou's general PseAAC, Sci. Rep. 7 (2017) 42362.
[53] E.S. Sankari, D. Manimegalai, Predicting membrane protein types by incorporating
a novel feature set into Chou's general PseAAC, J. Theor. Biol. 455 (2018)
319–328.
[54] A. Srivastava, R. Kumar, M. Kumar, BlaPred: predicting and classifying β-lactamase using a 3-tier prediction system via Chou's general PseAAC, J. Theor. Biol.
457 (2018) 29–36.
[55] Y. Pan, S. Wang, Q. Zhang, Q. Lu, D. Su, Y. Zuo, L. Yang, Analysis and prediction of
animal toxins by various Chou's pseudo components and reduced amino acid
compositions, J. Theor. Biol. 462 (2019) 221–229.
[56] Y. Shen, J. Tang, F. Guo, Identification of protein subcellular localization via integrating evolutionary and physicochemical information into Chou's general
PseAAC, J. Theor. Biol. 462 (2019) 230–239.
[57] B. Tian, X. Wu, C. Chen, W. Qiu, Q. Ma, B. Yu, Predicting protein–protein interactions by fusing various Chou's pseudo components and using wavelet denoising
approach, J. Theor. Biol. 462 (2019) 329–346.
[58] L. Wang, R. Zhang, Y. Mu, Fu-SulfPred: identification of protein S-sulfenylation
sites by fusing forests via Chou's general PseAAC, J. Theor. Biol. 461 (2019)
51–58.
[59] C. Kuo-Chen, An unprecedented revolution in medicinal chemistry driven by the
progress of biological science, Curr. Top. Med. Chem. 17 (2017) 2337–2358.
[60] P. Du, X. Wang, C. Xu, Y. Gao, PseAAC-Builder: a cross-platform stand-alone
program for generating various special Chou's pseudo-amino acid compositions,
Anal. Biochem. 425 (2012) 117–119.
[61] D.-S. Cao, Q.-S. Xu, Y.-Z. Liang, propy: a tool to generate various modes of Chou's
PseAAC, Bioinformatics 29 (2013) 960–962.
[62] P. Du, S. Gu, Y. Jiao, PseAAC-general: fast building various modes of general form
of Chou's pseudo-amino acid composition for large-scale protein datasets, Int. J.
Mol. Sci. 15 (2014) 3495.
[63] K.-C. Chou, Pseudo amino acid composition and its applications in bioinformatics,
proteomics and system biology, Curr. Proteomics 6 (2009) 262–274.
[64] W. Chen, T.-Y. Lei, D.-C. Jin, H. Lin, K.-C. Chou, PseKNC: a flexible web server for
generating pseudo K-tuple nucleotide composition, Anal. Biochem. 456 (2014)
53–60.
[65] W. Chen, H. Lin, K.-C. Chou, Pseudo nucleotide composition or PseKNC: an effective formulation for analyzing genomic sequences, Mol. Biosyst. 11 (2015)
2620–2634.
[66] B. Liu, F. Yang, D.-S. Huang, K.-C. Chou, iPromoter-2L: a two-layer predictor for
identifying promoters and their types by multi-window-based PseKNC,
Bioinformatics 34 (2017) 33–40.
[67] F. Liu, J. Chen, L. Fang, X. Wang, B. Liu, K.-C. Chou, Pse-in-One: a web server for
generating various modes of pseudo components of DNA, RNA, and protein sequences, Nucleic Acids Res. 43 (2015) W65–W71.

[68] B. Liu, H. Wu, K.-C. Chou, Pse-in-One 2.0: an improved package of web servers for
generating various modes of pseudo components of DNA, RNA, and protein sequences, Nat. Sci. 9 (2017) 67.
[69] Y.S. Vang, X. Xie, HLA class I binding prediction via convolutional neural networks, Bioinformatics 33 (2017) 2658–2665.
[70] T. Mikolov, K. Chen, G. Corrado, J. Dean, Efficient estimation of word representations in vector space, ICLR Workshop, 2013.
[71] M.A.M. Hasan, J. Li, S. Ahmad, M.K.I. Molla, predCar-site: carbonylation sites
prediction in proteins using support vector machine with resolving data imbalanced issue, Anal. Biochem. 525 (2017) 107–113.
[72] C. Chen, X. Zhou, Y. Tian, X. Zou, P. Cai, Predicting protein structural class with
pseudo-amino acid composition and support vector machine fusion network, Anal.
Biochem. 357 (2006) 116–121.
[73] Z. Ju, H. Gu, Predicting pupylation sites in prokaryotic proteins using semi-supervised self-training support vector machine algorithm, Anal. Biochem. 507
(2016) 1–6.
[74] N.Q.K. Le, Y.-Y. Ou, Prediction of FAD binding sites in electron transport proteins
according to efficient radial basis function networks and significant amino acid
pairs, BMC Bioinf. 17 (2016) 298.
[75] N.Q.K. Le, Y.-Y. Ou, Incorporating efficient radial basis function networks and
significant amino acid pairs for predicting GTP binding sites in transport proteins,
BMC Bioinf. 17 (2016) 183.
[76] J. Friedman, T. Hastie, R. Tibshirani, The Elements of Statistical Learning,
Springer series in statistics, New York, NY, USA, 2001.
[77] J. Chen, H. Liu, J. Yang, K.-C. Chou, Prediction of linear B-cell epitopes using
amino acid pair antigenicity scale, Amino Acids 33 (2007) 423–428.
[78] S.W. Taju, T.-T.-D. Nguyen, N.-Q.-K. Le, R.M.I. Kusuma, Y.-Y. Ou, DeepEfflux: a 2D
convolutional neural network model for identifying families of efflux proteins in
transporters, Bioinformatics 34 (2018) 3111–3117.
[79] W. Hussain, Y.D. Khan, N. Rasool, S.A. Khan, K.-C. Chou, SPalmitoylC-PseAAC: a
sequence-based model developed via Chou's 5-steps rule and general PseAAC for
identifying S-palmitoylation sites in proteins, Anal. Biochem. 568 (2019) 14–23.
[80] W. Chen, H. Ding, X. Zhou, H. Lin, K.-C. Chou, iRNA(m6A)-PseDNC: identifying
N6-methyladenosine sites using pseudo dinucleotide composition, Anal. Biochem.
561–562 (2018) 59–65.
[81] K.C. Chou, Prediction of protein signal sequences and their cleavage sites,
Proteins: Struct.Funct.Bioinf. 42 (2001) 136–139.
[82] K.-C. Chou, Using subsite coupling to predict signal peptides, Protein Eng. 14
(2001) 75–79.
[83] K.-C. Chou, Prediction of signal peptides using scaled window, Peptides 22 (2001)
1973–1979.
[84] P.-M. Feng, W. Chen, H. Lin, K.-C. Chou, iRSpot-PseDNC: identify recombination
spots with pseudo dinucleotide composition, Nucleic Acids Res. 41 (2013) e68e68.
[85] Y. Xu, X.-J. Shao, L.-Y. Wu, N.-Y. Deng, K.-C. Chou, iSNO-AAPair: incorporating
amino acid pairwise coupling into PseAAC for predicting cysteine S-nitrosylation
sites in proteins, PeerJ 1 (2013) e171.
[86] E.-Z. Deng, H. Ding, H. Lin, W. Chen, K.-C. Chou, iPro54-PseKNC: a sequencebased predictor for identifying sigma-54 promoters in prokaryote with pseudo ktuple nucleotide composition, Nucleic Acids Res. 42 (2014) 12961–12972.
[87] A. Ehsan, K. Mahmood, Y.D. Khan, S.A. Khan, K.-C. Chou, A novel modeling in
mathematical biology for classification of signal peptides, Sci. Rep. 8 (2018) 1039.
[88] X. Cheng, X. Xiao, K.-C. Chou, pLoc-mPlant: predict subcellular localization of
multi-location plant proteins by incorporating the optimal GO information into
general PseAAC, Mol. Biosyst. 13 (2017) 1722–1727.
[89] X. Cheng, X. Xiao, K.-C. Chou, pLoc-mVirus: predict subcellular localization of
multi-location virus proteins via incorporating the optimal GO information into
general PseAAC, Gene 628 (2017) 315–321.
[90] S.-G. Zhao, X. Cheng, W.-Z. Lin, X. Xiao, K.-C. Chou, pLoc-mAnimal: predict
subcellular localization of animal proteins with both single and multiple sites,
Bioinformatics 33 (2017) 3524–3531.
[91] X. Cheng, X. Xiao, K.-C. Chou, pLoc-mGneg: predict subcellular localization of
Gram-negative bacterial proteins by deep gene ontology learning via general
PseAAC, Genomics 110 (2018) 231–239.
[92] S.-G. Zhao, X. Cheng, X. Xiao, K.-C. Chou, iATC-mISF: a multi-label classifier for
predicting the classes of anatomical therapeutic chemicals, Bioinformatics 33
(2016) 341–346.
[93] X. Cheng, S.-G. Zhao, X. Xiao, K.-C. Chou, iATC-mHyb: a hybrid multi-label classifier for predicting the classification of anatomical therapeutic chemicals,
Oncotarget 8 (2017) 58494.
[94] B.-Q. Sun, Z.-C. Xu, W.-R. Qiu, X. Xiao, K.-C. Chou, iPTM-mLys: identifying multiple lysine PTM sites and their different types, Bioinformatics 32 (2016)
3116–3123.
[95] K.-C. Chou, Some remarks on predicting multi-label attributes in molecular biosystems, Mol. Biosyst. 9 (2013) 1092–1100.
[96] A.P. Bradley, The use of the area under the ROC curve in the evaluation of machine learning algorithms, Pattern Recogn. 30 (1997) 1145–1159.
[97] M. Ghandi, D. Lee, M. Mohammad-Noori, M.A. Beer, Enhanced regulatory sequence prediction using gapped k-mer features, PLoS Comput. Biol. 10 (2014)
e1003711.
[98] D. Lee, LS-GKM: a new gkm-SVM for large-scale datasets, Bioinformatics 32 (2016)
2196–2198.
[99] C.-Q. Feng, F. Wang, F.-Y. Dao, H. Lv, H. Ding, H. Lin, W. Chen, Identify Origin of
Replication in Saccharomyces cerevisiae Using Two-step Feature Selection
Technique, (2018).
[100] C.-Q. Feng, X.-J. Zhu, Z.-Y. Zhang, H. Lin, W. Chen, Y. Lin, H. Tang, iTerm-

60

Analytical Biochemistry 571 (2019) 53–61

N.Q.K. Le, et al.

[101]
[102]
[103]
[104]
[105]
[106]

PseKNC: a Sequence-Based Tool for Predicting Bacterial Transcriptional
Terminators, (2018).
L. Nie, L. Deng, C. Fan, W. Zhan, Y. Tang, Prediction of protein S-sulfenylation
sites using a deep belief network, Curr. Bioinform. 13 (2018) 461–467.
S. Patel, R. Tripathi, V. Kumari, P. Varadwaj, DeepInteract: deep neural network
based protein-protein interaction prediction tool, Curr. Bioinform. 12 (2017)
551–557.
N.Q.K. Le, Q.T. Ho, Y.Y. Ou, Incorporating deep learning with convolutional
neural networks and position specific scoring matrices for identifying electron
transport proteins, J. Comput. Chem. 38 (2017) 2000–2006.
N.Q.K. Le, Q.-T. Ho, Y.-Y. Ou, Classifying the molecular functions of Rab GTPases
in membrane trafficking using deep convolutional neural networks, Anal.
Biochem. 555 (2018) 33–41.
K.-C. Chou, H.-B. Shen, Recent advances in developing web-servers for predicting
protein attributes, Nat. Sci. 1 (2009) 63.
B. Liu, F. Yang, K.-C. Chou, 2L-piRNA: a two-layer ensemble classifier for

[107]
[108]
[109]
[110]
[111]

61

identifying piwi-interacting RNAs and their function, Mol. Ther. Nucleic Acids 7
(2017) 267–277.
R. Long, S. Wang, B. Liu, K.-C. Chou, iRSpot-EL: identify recombination spots with
an ensemble learning approach, Bioinformatics 33 (2016) 35–41.
W. Chen, P. Feng, H. Yang, H. Ding, H. Lin, K.-C. Chou, iRNA-AI: identifying the
adenosine to inosine editing sites in RNA sequences, Oncotarget 8 (2017) 4208.
P. Feng, H. Ding, H. Yang, W. Chen, H. Lin, K.-C. Chou, iRNA-PseColl: identifying
the occurrence sites of different RNA modifications by incorporating collective
effects of nucleotides into PseKNC, Mol. Ther. Nucleic Acids 7 (2017) 155–163.
W.-R. Qiu, X. Xiao, K.-C. Chou, iRSpot-TNCPseAAC: identify recombination spots
with trinucleotide composition and pseudo amino acid components, Int. J. Mol.
Sci. 15 (2014) 1746.
X. Xuan, C. Xiang, C. Genqiang, M. Qi, C. Kuo-Chen, pLoc_bal-mVirus: predict
subcellular localization of multi-label virus proteins by PseAAC and IHTS treatment to balance training dataset, Med. Chem. 15 (2019) 1–14.

