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ARTICLE INFO ABSTRACT

The rapid advancements of using clinical microbiology and genome sequences encourage several taxonomic
approaches, based upon both genome classification and bioinformatics surveys. This taxonomy arranges the tree
of life among different organism databases and exploits the high similarly in biological information to access the
best representation of genome sequences. However, there is still a challenge to find the entire hierarchy of this
tree, due to the existence of the biodiversity databases, and the different classifiers, according to evolutionary or
phylogenetic relationships. This paper presents the classification of three domains of microorganisms including
Bacteria, Archaea, and Eukarya using two algorithms: the supper vector machine (SVM) and the deep belief
network (DBN). The proposed approach utilized the alignment method and the code generation process as
preprocessing steps on the EzBioCloud 16S rRNA database. In addition, this study accommodated the issue of
choosing the proper reference sequence (RefSeq) and the appropriate code generation process of the genome
sequences. Our results showed that the proposed method classifies the genome sequences with an overall
classification accuracy of 99.99% and 99.93% for SVM and DBN classifiers using the standard RefSeq of each
class, respectively. This paper enhanced the area of microbiological scientific classification through progress in
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using the character-based arrangement that will help in future evolutionary frameworks.

1. Introduction

In past years, Integrated Taxonomic Information System (ITIS) was
an official tool for arranging different types of living organisms in order
to establish the index of complete global species called the Catalogue of
Life (COL) which is managed by the Federal Government of the United
States [1]. There are many taxonomists who are dependent upon COL to
distinguish between over a million species that are supported in the
classification process. The first format of the whole genome is presented
in 1995 [2]. The continually increasing genomes led to enormous da-
tabases with an emphasis on the demand of classification accuracy. The
first bacterial and archaeal genomes were formed in 1995 and 1996,
respectively [3]. Therefore, three domains of life were divided into
Bacteria, Archaea, and Eukarya, which was utilized to construct the
Integrated Microbial Genomes (IMG) database [4] to record all micro-
bial information by full description of genes, genomes, and functions of
each class in the database. The structural comparison of various mi-
crobial genomes of closely related species revealed a significant feature
in the analysis of homologous genomes as introduced by the Compre-
hensive Microbial Resource (CMR) [5] and Microbial Genome Database

* Corresponding author.

(MBGD) [6].

In the tree of life, it was found that there were two kingdoms in-
cluding the Prokaryota and Eukaryota which were based on the varia-
tions in 16S rRNA genes [7]. The Prokaryote kingdom consists of both
Bacteria and Archaea due to the fact that this family has no nucleus,
while the Archaea is more related to the Eukaryotes than the Bacteria.
Recently, the 16S rRNA gene has been applied for correcting estimation
of the phylogenetic relationships between microorganisms, especially
for all types of bacteria [8]. The advantage of the 16S rRNA gene is
focused on the large sequence (i.e., about 1500-bp length) that carried
more genomic information. Thus, it used to achieve the taxonomy by
useful characteristics and universal primers of the preserved parts [9].
Although the 16S rRNA gene has high quality, there are some con-
straints on handling the 16S rRNA genes, such as the technical and
financial aspects as well as the deficiency of bioinformatics software
tools for comparative analysis and sequences predication. Generally,
the right category of organisms treated with rapid identification is the
main objective for building the phylogenetic tree [10] and for collecting
the pathogenic genes in one group under a single denomination [8].
Over the last few years, the combination of microbial laboratories and
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next-generation sequencing (NGS) technology has created the term of
metagenomics, which guarantees the widespread analysis of novel
bioinformatics tools [11].

Several attempts for classification of the metagenomics data are
suffered from the lack of a good classifier. Wang et al. [12] applied the
naive Bayesian algorithm to classify bacterial 16S rRNA sequences. The
classification accuracy was improved in cases of low similarity rate
within existing sequences. Wu et al. [13] explained AMPHORAZ2 as an
analysis tool for metagenomic databases containing bacterial and ar-
chaeal sequences, based upon increasing the time of the phylotyping
process using a sequence alignment masking algorithm. The Integrated
Microbial Genomes with Microbiome Samples (IMG/M) is another
platform for metagenome datasets [14]. It is used to provide effective
projects by the realization of new evolutionary relationships between
genes, defining the boundaries among microbial diversity, and detec-
tion of alternative genes.

Moving forward, the metagenomic bioinformatics are continuously
developed by the Efficient Database framework for comparative
Genome Analyses using BLAST score Ratios (EDGAR) [15] which uses
limited features to determine the relationships between old and new
genomes for updating the phylogeny. It was based on identifying the
similarity and difference rates in sequenced microbial genomes. The
redevelopment of this software is designed by EDGAR 2.0 [16] which
used high-level features and statistical analyses to avoid the phyloge-
netic mistakes among microbial organisms. On the other hand, Ortho-
lugeDB [17] was implemented for Bacteria and Archaea databases that
is based upon statistical algorithms, ortholog features, and separation of
any inadequate phylogenetic factors.

Yu et al. [18] discussed several bioinformatics programs for differ-
entiation between phylogenetic approaches and ranking of microbial
organisms. Recently, EzBiocloud [19] is represented as a comprehen-
sive view of metagenomics taxonomy and storage genomic attributes
through analytical and visualization features, with respect to 16S rRNA
and completely sequenced genomes. The sequences with a high degree
of similarity and phylogenetic context were considered as a strength of
the EzBiocloud database for metagenomic analysis. Thus the EzBio-
cloud database was addressed as a genomic-related classification pro-
blem. The 16S rDNA sequence serves as a useful tool in the classifica-
tion of the metagenomic database, and achieved the good accuracy for
human microbiota sequences [20]. Marsh et al. developed a classifi-
cation model of microbial metagenomic datasets using a sequence
clustering method [21]. Generally, studies of the microbial metage-
nomic database were required to assist the bioinformatics sector in
computer-based classification and computer-aided diagnosis of dif-
ferent sequences. The bioinformatics analysis of Bacterial pathogens is
also used for developing the host cell RNA-sequencing experiments that
were used in laboratory services only [22]. Therefore, bioinformatics
analysis of Bacterial pathogens is performed for diagnostic and ther-
apeutic goals.

In this paper, we developed a metagenomic classification model to
distinguish between Archaea, Bacteria, and Eukarya sequences using
the aligned sequences of the EzBioCloud database. All the sequences
were converted into numerical values using code generation based
genomic characters and a variable reference sequence (RefSeq). This
study was evaluated by two classifiers that encompassed traditional
machine learning such as the supper vector machine (SVM) [23] and a
deep learning model such as the deep belief network (DBN) [24]. The
contribution of our work is based on microbiological classification
under the MATLAB platform version R2015a using the EzBioCloud
database.

2. Materials and methods
In this paper, the proposed approach is divided into three steps:

sequences alignment, code generation, and taxonomic analysis as
shown in Fig. 1. First, the sequence alignment method [25] is used to
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Fig. 1. Overall workflow for classification of Archaea, Bacteria, and Eukarya
sequences in EzBioCloud database.

generate many more similarities among the sequences by providing
some gaps (—) according to similarity, replacement, insertion, and
deletion operations of characters in the genomic sequences. Secondly,
the code generation process is applied on the aligned sequences by
converting the aligned characters to numerical values. The choice of
RefSeq for the classification process is a critical problem. Therefore, we
investigated two approaches of selecting the standard RefSeq. The first
approach selects the three standard RefSeq of Archaea, Bacteria, and
Eukarya classes in which each RefSeq is corresponding to its class.
However, in the second approach, only one RefSeq from any class is
selected for all classes. Finally, two classifiers are applied to the output
sequences of the code generation step.

2.1. Database preparation

We utilized the latest well-known EzBioCloud 16S rRNA database
[19] to classify the Archaea, Bacteria, and Eukarya sequences. The
EzBioCloud contains two formats, QIIME and MOTHUR pipelines. In
this study, we used the MOTHUR pipeline since the sequences exist in
aligned form.

The EzBioCloud database contains 63,240 sequences categorized
into three classes which are Archaea, Bacteria, and Eukarya. In order to
avoid the over-fitting of the recognizer networks, we have divided the
data into three independent datasets; training, validation and test da-
tasets. The training dataset is used to learn the deep learning model,
while the validation dataset is utilized to evaluate and update the
parameters of the model. Furthermore, the test dataset is used to
evaluate the final model performance [26,27]. In this work, the training
dataset contains 60% of all data, while the validation and test datasets
consist of 10% and 30%, respectively. Table 1 summarizes the dis-
tribution of these datasets that are based on three classes.

Table 1
Distribution of the training, validation, and test datasets for Archaea, Bacteria,
and Eukarya sequences.

Dataset Percentage (%) Archaea Bacteria Eukarya
Training 60 1665 35,495 784
Validation 10 277 5915 130
Test 30 832 17,747 392
Total 100 2774 59,157 1306
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2.2. Alignment algorithm

The pairwise of DNA sequence alignment is achieved by using the
global alignment algorithm [28] in which it performed with a similarity
of 98.7% for bacterial taxonomy in EzTaxon of the EzBioCloud data-
base. The alignment method is performed by adding gaps (—) into
sequences in order to generate high similarities among the homologous
sequences. The similarity is computed as follows,

Match

Similarity (%) = 100 X ———
Match + Mismatch

(€]
where Match represents the amount of characters in the sequences that
are corresponding to each other. The alignment method is required as a
preprocessing step, and it occurs among all sequences for each class to
obtain the same length in all sequences.

2.3. Code generation

The code generation step is used for a numerical transaction that is
based on conversion of the aligned sequences into a coded form. The
choice of code translation plays an important role in the performance of
classification results, which studies the relationship between a target
sequence and its RefSeq in corresponding bases. We suggested two
types of code generation to construct our model. In the first type, the
aligned sequences are easily encoded as A=1,C=2,G=3, T =4,
'-' = 0 which indicated to five bits encoding (0-4 bits). The second type
is based on nine bits encoding (0-8 bits) which related to four opera-
tions of aligned sequences [29] as shown in Table 2. The list of op-codes
vectors consists of a numerical form according to our assumptions.
Then, we obtained the op-codes vectors from aligned sequences that
represented the input element of the proposed classifiers.

According to EzBioCloud database, Fig. 2 elucidated the samples of
datasets after code generation (0-8) of Archaea, Bacteria, and Eukarya
sequences.

2.4. Taxonomic analysis

In this paper, the taxonomic analysis is used for classification and
microbial recognition of the encoded sequences from the code gen-
eration step. We have separately applied two classifiers to the microbial
sequences, which are SVM as a classifier of the traditional machine
learning and DBN as a deep learning classifier.

We have selected SVM due to advances of the classifier stability and
its high performance in bioinformatics challenges, especially for
genomic homology-based classification [30]. SVM is considered as a
supervised learning model in which the SVM model is built based on a
given labeled training dataset [31,32]. In fact, SVM is based on the
principle of the decision planes (i.e., hyperplanes) in which each plane
enables to separate two classes according to their features distribution.
Multiclass classification with SVM is achieved by a common technique

Table 2

Operation of code generation of aligned sequences (0-8 bits).
Corresponding Base Operation Op-codes
The same Similarity “0”
A<~—->T Replacement “1”
G<—=C
A<~ -G “2”
C<—->T
A< —=C “3”
G<—=T
AorTorGorGC—*’ Deletion “4”
=G Insertion “5”
A “g?
o wyn
T «gr
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called one-versus-rest or one-versus-all. During the training phase, SVM
tried to find the proper hyperplane by minimizing the empirical error
and maximizing the margins. The largest margin between classes im-
plied better a hyperplane of the SVM. In this study, we have used a
linear kernel function with the sequential minimal optimization (SMO)
method to find the separating hyperplane.

Recently, the Deep belief network (DBN) classifier is widely used in
bioinformatics fields such as splice junction prediction [33], protein
expression [34] and it is also conducted in studies for discriminating
between different genomic classes. Moreover, we also used the deep
learning model of DBN to evaluate the microbial recognition and
compare its results with the SVM algorithm. Generally, DBN is a com-
position of the unsupervised restricted Boltzmann machine (RBM)
which is considered as a generative stochastic network with only con-
nections between the visible and hidden nodes [35,36]. After the un-
supervised propagation of RBM is completed, the back-propagation
with supervised learning is achieved to fine-tune the parameters of the
network. Thus, DBN has the capability to extract the prominent attri-
butes form the input sequences. As shown in Fig. 3, our DBN archi-
tecture consists of an input layer with a visible node of m = 7682 which
represented the input sequence features. The Hidden layers involved
four layers with a different number of nodes of n = 1,000, o = 400,
p = 15, and q = 8. The output layer with three nodes represented a
number of classes (i.e., Archaea, Bacteria, and Eukarya).

3. Results

The EzBioCloud dataset has initially partitioned to 60% for training
set, 10% for validation set and 30% for test set in order to estimate the
fulfillment of the proposed approach. The proposed study is based on
taxonomic analysis for all three classes which are Archaea, Bacteria,
and Eukarya sequences. The SVM and DBN classifiers are utilized to
improve the phylogenetic domains of metagenomic data. We have im-
plemented two types of RefSeq and code generation to select the sui-
table process for this database. In the first RefSeq type selection, we
used the three standard Cambridge references of the three classes (i.e.,
one sequence from each class as a RefSeq for all sequences in same
class). While in the second RefSeq type, we selected only one RefSeq
from any class for all sequences in all classes. For the code generation
step, we applied the conversion of the aligned sequences into a nu-
merical vector of five bits encoding (0-4 bits) or nine bits encoding (0-8
bits). The performance of this work is evaluated using the measures of a
confusion matrix and the overall classification accuracy.

In terms of using the standard Cambridge references, results showed
that the code generation (0-8) for both SVM and DBN classifiers pro-
vides better classification performance than utilizing the code genera-
tion (0—4) as shown in Tables 3 and 4.

The results show that code generation (0-8) is a good choice to
strongly analyze the EzBioCloud database and distinguish the differ-
ences between the three classes. The SVM and DBN classifiers achieved
overall accuracies of 99.99% and 99.93%, respectively. The results in-
terpreted that both SVM and DBN classifiers yielded high classification
accuracies in all three classes. Additionally, it is noted that the accuracy
of Bacteria sequences in this database has the best recording in classi-
fication process, which is allowed to offer a reliable description of the
Bacteria sequences based on their high similarity. This is due to fact
that the number of Bacteria sequences in the database is much higher
than the other classes.

In terms of using the encoding process (0-8 bits), Tables 5-7 fully
addressed the modification of the RefSeqs regarding the selection of
only one sequence as a reference for all classes. In the case of one se-
quence of Bacteria being set as a reference for all classes, the accuracy
of Archaea sequences for SVM and DBN classifiers provided the highest
accuracy of 100% when compared to other sequences as shown in
Table 5. Results show that the performance of Archaea sequences are
close to the RefSeq from Bacteria sequence, while the performance of
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Fig. 3. The DBN architecture consists of a visible input layer with m nodes, four hidden layers with n, o, p, and q nodes, respectively, and an output layer with three

nodes which represent the number of classes.

Eukarya sequences is less than that of the Bacteria sequence. The re-
ference from Bacteria sequences is more adapted to the classification of
Archaea sequences and the reference from Archaea sequences is also
more adapted to the classification of Bacteria sequences by using both
classifiers. Thereby, the results confirmed the concept of a phylogenetic
tree that indicated substantial relationships between Archaea sequences
and Bacteria sequences but slight relationships between Eukarya se-
quences and Bacteria sequences, shown in Tables 5-7 On the other
hand, Table 7 illustrated the results in terms of experimental accuracies
for using the SVM classifier in case of selection of the Eukarya sequence

as a reference for all classes.

As a summary, the best accuracy is achieved by the SVM classifier
with code generation (0-8) and standard RefSeq for each class in which
it has slightly improvement compared to the DBN classifier as shown in
Table 3. In terms of training time computation, the SVM classifier re-
quired less time for the classification process based on code generation
(0-8) and standard RefSeq compared to DBN classifier as shown in
Table 8.
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Confusion matrix and overall accuracies of the proposed SVM method using the standard RefSeq for each class.

With Code Generation (0-4)

With Code Generation (0-8)

Confusion Matrix

Confusion Matrix

Archaea Bacteria Eukarya Archaea Bacteria Eukarya
Archaea 831 0 1 Archaea 831 1 0

99.88% 0% 0.12% 99.88% 0.12% 0%
Bacteria 0 17,744 3 Bacteria 0 17,747 0

0% 99.98% 0.02% 0% 100% 0%
Eukarya 29 4 359 Eukarya 0 1 391

7.40% 1.02% 91.58% 0% 0.26% 99.74%
Classification Accuracy (%) Classification Accuracy (%)
Accuracy of Archaea 99.88 Accuracy of Archaea 99.88
Accuracy of Bacteria 99.98 Accuracy of Bacteria 100
Accuracy of Eukarya 91.58 Accuracy of Eukarya 99.74
Overall Accuracy 99.80 Overall Accuracy 99.99

Table 4

Confusion matrix and overall accuracies of the proposed DBN method using the standard RefSeq for each class.

With Code Generation (0-4)

With Code Generation (0-8)

Confusion Matrix

Confusion Matrix

Archaea Bacteria Eukarya Archaea Bacteria Eukarya
Archaea 0 832 0 Archaea 831 1 0

0% 100% 0% 99.88% 0.12% 0%
Bacteria 0 17,747 0 Bacteria 0 17,747 0

0% 100% 0% 0% 100% 0%
Eukarya 0 392 0 Eukarya 2 10 380

0% 100% 0% 0.51% 2.55% 96.94%
Classification Accuracy (%) Classification Accuracy (%)
Accuracy of Archaea 0 Accuracy of Archaea 99.88
Accuracy of Bacteria 100 Accuracy of Bacteria 100
Accuracy of Eukarya 0 Accuracy of Eukarya 96.94
Overall Accuracy 93.54 Overall Accuracy 99.93

Table 5

Confusion matrix and overall accuracies of the proposed SVM and DBN methods using code generation (0-8) and one RefSeq of Bacteria for all classes.

SVM Classifier

DBN Classifier

With Code Generation (0-8)

With Code Generation (0-8)

Confusion Matrix

Confusion Matrix

Archaea Bacteria Eukarya Archaea Bacteria Eukarya
Archaea 832 0 0 Archaea 832 0 0

100% 0% 0% 100% 0% 0%
Bacteria 0 17,744 3 Bacteria 0 17,744 3

0% 99.98% 0.017% 0% 99.98% 0.017%
Eukarya 24 4 364 Eukarya 51 9 332

6.12% 1.02% 92.86% 13.00% 2.31% 84.69%
Classification Accuracy (%) Classification Accuracy (%)
Accuracy of Archaea 100 Accuracy of Archaea 100
Accuracy of Bacteria 99.98 Accuracy of Bacteria 99.98
Accuracy of Eukarya 92.86 Accuracy of Eukarya 84.69
Overall Accuracy 99.84 Overall Accuracy 99.67

4. Discussion

The accurate classification of the clinical microbiology is an ex-
tremely complex and challenging process, due to the growing rate of
genomic sequencing in the metagenomic database [37]. The diversity of
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genomic structures between microbial sequences is useful to recognize
the different diseases and create groups of similar sequences. Therefore,
it is imperative to appropriate and reorder the microbial groupings,
keeping in mind the similarity between genomic sequences. It is rea-
lized that machine learning strategies are utilized for programmed
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Confusion matrix and overall accuracies of the proposed SVM and DBN methods using code generation (0-8) and one RefSeq of Archaea for all classes.

SVM Classifier

DBN Classifier

With Code Generation (0-8)

With Code Generation (0-8)

Confusion Matrix

Confusion Matrix

Archaea Bacteria Eukarya Archaea Bacteria Eukarya
Archaea 832 0 0 Archaea 832 0 0

100% 0% 0% 100% 0% 0%
Bacteria 0 17,743 4 Bacteria 0 17,747 0

0% 99.98% 0.023% 0% 100% 0%
Eukarya 25 5 362 Eukarya 49 343 0

6.38% 1.28% 92.35% 12.5% 87.5% 0%
Classification Accuracy (%) Classification Accuracy (%)
Accuracy of Archaea 100 Accuracy of Archaea 100
Accuracy of Bacteria 99.98 Accuracy of Bacteria 100
Accuracy of Eukarya 92.35 Accuracy of Eukarya 0
Overall Accuracy 99.82 Overall Accuracy 97.93

Table 7

Confusion matrix and overall accuracies of the proposed SVM and DBN methods using code generation (0-8) and one RefSeq of Eukarya for all classes.

SVM Classifier

DBN Classifier

With Code Generation (0-8)

With Code Generation (0-8)

Confusion Matrix

Confusion Matrix

Archaea Bacteria Eukarya Archaea Bacteria Eukarya
Archaea 832 0 0 Archaea 0 832 0

100% 0% 0% 0% 100% 0%
Bacteria 0 17,745 2 Bacteria 0 17,747 0

0% 99.99% 0.011% 0% 100% 0%
Eukarya 26 6 360 Eukarya 0 392 0

6.63% 1.53% 91.84% 0% 100% 0%
Classification Accuracy (%) Classification Accuracy (%)
Accuracy of Archaea 100 Accuracy of Archaea 0
Accuracy of Bacteria 99.99 Accuracy of Bacteria 100
Accuracy of Eukarya 91.84 Accuracy of Eukarya 0
Overall Accuracy 99.82 Overall Accuracy 93.55

Table 8
Training time of the proposed SVM and DBN methods using code generation
(0-8) and standard RefSeq for each class.

SVM Classifier DBN Classifier

Training Time (Seconds) 1495 82,609

characterization to decrease the execution time of grouping and to
avoid the errors in the classifier [38].

The majority of research has been concentrated on the digital image
analysis of Bacterial species [39,40]; however, a bioinformatics view-
point for microbial sequences currently suffers from a shortage of sci-
entific research studies.

In this paper, the exploitation of the EzBioCloud database is re-
visited in the evolutionary tree and the taxonomic search tools, as well
as developed genomic representation of 16S rRNA gene and genome
sequences. The proposed approach included a preprocessing phase with
an alignment algorithm and code generation, and a classification phase
with SVM and DBN algorithms. This approach is designed to differ-
entiate between various types of Archaea, Bacteria, and Eukarya se-
quences by the SVM and DBN classifiers. The compatible RefSeq and
encoding step are controlled in the quality of classification. According

to the promising results, the factor of accuracy and speed are combined
in the SVM classifier to gain a higher level of classification by using an
encoding step (0-8) and standard RefSeq for each class. For selection of
one reference for all classes, the Bacteria RefSeq for all database via
SVM classifier outperformed the Archaea and Eukarya RefSegs. The
validation of our approach is demonstrated by supporting the per-
spective of physiological relationships that are based upon machine
learning techniques. This work encouraged the integration of the
bioinformatics field and clinical microbiology, which will be prominent
in the future research studies.

5. Conclusion

The effectiveness of this proposed model is obtained by the bioin-
formatics analysis that depended on the classification of micro-
organism's database. The machine learning approaches, namely SVM
and DBN, were successfully adapted to classify the multi-classes in the
EzBioCloud database. The strategy of selecting the proper RefSeq with
code generation process was investigated. The proposed study con-
cludes that the better choice was the standard reference for each class
with an encoding process of (0-8). This model perceived the thought of
contrast zones among the genomic sequences and took into account
updating of the evolutionary relationships in the tree of life. Finally,
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this approach optimizes the classification methods of microbial se-
quences that are related to the three-domains system.
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