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Abstract: Mycobacterium avium complex (MAC) is a major cause of non-tuberculous pulmonary and
disseminated diseases worldwide, inducing bronchiectasis, and affects HIV and immunocompromised
patients. In MAC, Mycobacterium avium subsp. hominissuis is a pathogen that infects humans and
mammals, and that is why it is a focus of this study. It is crucial to find essential drug targets to
eradicate the infections caused by these virulent microorganisms. The application of bioinformatics
and proteomics has made a significant impact on discovering unique drug targets against the deadly
pathogens. One successful bioinformatics methodology is the use of in silico subtractive genomics.
In this study, the aim was to identify the unique, non-host and essential protein-based drug targets
of Mycobacterium avium subsp. hominissuis via in silico a subtractive genomics approach. Therefore,
an in silico subtractive genomics approach was applied in which complete proteome is subtracted
systematically to shortlist potential drug targets. For this, the complete dataset of proteins of
Mycobacterium avium subsp. hominissuis was retrieved. The applied subtractive genomics method,
which involves the homology search between the host and the pathogen to subtract the non-druggable
proteins, resulted in the identification of a few prioritized potential drug targets against the three
strains of M. avium subsp. Hominissuis, i.e., MAH-TH135, OCU466 and A5. In conclusion, the current
study resulted in the prioritization of vital drug targets, which opens future avenues to perform
structural as well as biochemical studies on predicted drug targets against M. avium subsp. hominissuis.
Keywords: Mycobacterium avium; tuberculosis; unique metabolic pathways; subtractive genomics;
drug target; uncharacterized proteins

1. Introduction
Mycobacterium species that do not cause tuberculosis are referred to as non-tuberculous
mycobacteria (NTM) and are ubiquitous in nature. NTM cause pulmonary diseases in which
organisms of Mycobacterium avium complex (MAC) are widely distributed [1]. The incidence rate
of infection caused by M. avium is found to be higher than that of the other Mycobacterium species.
For example, a literature survey showed that the pulmonary infection rate in Japan is sevenfold greater
by M. avium than any other Mycobacterium species [2]. MAC consists of two closely linked species,
M. intracellulare and M. avium [3]. Furthermore, M. avium is comprised of four subspecies: M. avium
subsp. paratuberculosis (MAP), M. avium subsp. avium (MAA), M. avium subsp. silvaticum (MAS) and
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M. avium subsp. hominissuis (MAH); and each one is host specific. The first two subspecies cause
avian infection, while the third causes diseases in wild livestock and the last one is the most common
pathogen in humans and other mammals, including pigs, and therefore has huge economic impact [4].
Opportunistic MAH is responsible for causing disseminated and pulmonary infections that
affect immunocompromised patients who are suffering from AIDS, leukemia, lung diseases or
chemotherapy [5,6]. The bacterial virulence factor and host-related risk factor contribute to MAC
pulmonary diseases. The prevalence of the disease is relatively high in women; however, much of
the information about the bacterial virulence factor is still unknown [7]. Environmental risk factors
also arise when patients with MAC pulmonary disease are exposed to soil at home or in soil pots [8].
The disease is characterized by adherence to the respiratory mucosa, formation of biofilms [9] and
lesions in the linings of epithelial cells of the lungs [7].
MAC pulmonary diseases are controlled by treatment with antibiotics that include macrolide-based
multidrug therapy, comprising macrolides (clarithromycin or azithromycin) in combination with
rifampin, ethambutol, aminoglycosides (streptomycin or amikacin) and ciprofloxacin [10,11]. However,
emerging virulent strains are found to be resistant to these antibiotics [12]. Consequently, these
life-threatening microbial pathogens pose an alarming threat for scientists to combat emerging
antibiotics resistance. In fact, the emerging strains are capable of becoming more virulent and tolerant
to existing drugs [13]. However, the application of genomics has brought about a revolution in the
field of drug discovery by providing increased information about the microbial as well as the human
genome [14]. This genomic information unveils the mechanism through which pathogens cause the
infection. Finding novel and unique drug targets is one of the possible and alternative approaches to
overcoming the infections caused by such drug-resistant pathogens. Similarly, finding therapeutic
drugs to combat infections of lethal organisms is the most widely applied method albeit with limited
success with respect to drug-resistant pathogens [15]. In this scenario, advancements in the fields
of computational biology and bioinformatics tools paved the way to propose new and unique drug
targets using the subtractive genomics strategy. In the subtractive genomics approach, the genomes of
the host and the pathogen are compared, and the non-host pathogen’s unique and essential proteins
are proposed as drug targets that are vital to the pathogen’s survival [16,17]. This strategy recognizes
genes that are absent in the host, so called “non-host” genes; however, these genes must be present
in the pathogen for its survival, replication and sustainability. Additionally, these non-host genes
play crucial roles in unique metabolic pathways and mechanisms. Therefore, when the pathogen’s
metabolic targets are ideally hit by therapeutic compounds, the therapy must affect the function of
the pathogen without altering the host biology [18,19]. The disruption of the essential genes will
eventually overcome the pathogen’s infection. Recently, several studies applied the same approach
for the identification of potential drug targets of Acinetobacter baumannii [20], Helicobacter pylori [21],
Mycobacterium species [22], Pseudomonas aeruginosa [23] and others [24–28]. Such computational studies
help to minimize experimental efforts with high-speed performance for the prioritization of drug
targets. For example, by using the information retrieved from such computational studies, a life
scientist can express only the prioritized target gene (which is predicted as a potential drug target),
resulting in saving the cost of extra experiments and fostering the research.
2. Results and Discussion
With the aim to identify unique and potential druggable targets of M. avium subsp. hominissuis
(MAH), the subtractive genomics method was used, which is the most applicable approach to prioritize
potential drug targets [18,29–31].
2.1. Removal of Duplicate Sequences after Proteome Retrieval
Three strains of MAH, i.e., MAH-TH135, OCU466 and A5, were selected from the available
non-redundant strains of M. avium subsp. hominissuis in the UniProt database. Their complete
proteomes were downloaded in FASTA format in February 2019. On applying CD-HIT algorithm
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with 80% identity, 20 sequences were identified as paralogous out of 4614 proteins in MAH-TH135,
54 out of 5165 in MAH-OCU466 and 14 out of 4502 proteins of A5 strain. The CD-HIT clustered the
paralogous sequences and, hence, reduced the total number of sequences of each strain. The sequence
dataset was comprised of 4596, 5111 and 4488 protein sequences for the MAH-TH135, OCU466 and A5
strains, respectively.
2.2. Searching of Essential, Non-Homologous and Druggable Proteins
In this step, protein sequences that were only present in the pathogens were segregated. Thus, by
applying a subtractive approach, sequences were excluded that showed similarity to the human host.
The remaining orthologous sequences, retrieved from the previous step, were subjected to BLASTp
against the complete human proteome, and the resultant file was parsed. The only sequences that were
retained were those that showed “no hits found”, and a total of 3151, 3619 and 3072 non-homologous
sequences were found in the MAH-TH135, OCU466 and A5 strains, respectively.
The Database of Essential Genes (DEG) provides information on essential genes of Gram-positive
and Gram-negative bacteria determined from experimental methods (http://www.essentialgene.org/).
Homology with the sequences found in the DEG database is the basis of essentiality of non-homologous
proteins. To do this, the parsed results of each strain from the last step were subjected to BLASTp
against the DEG with a 10−5 threshold. The BLASTp results depict 1360, 1451 and 1352 essential
protein sequences in MAH-TH135, OCU466 and A5, respectively. These identified sequences were
considered viable for the pathogen’s life cycle. These sequences include functional, non-functional
or uncharacterized proteins, and they were dealt with using different bioinformatics tools for
further characterization.
2.3. Characterization of Essential Non-Homologous Proteins
2.3.1. Subcellular Localization
The tracing of the location of essential proteins is an important facet to understand the functions
of proteins in their suitable cell compartments. It is important to know the localization of a drug target
in order to optimize the mode of action of the drug for its specific target. The prediction of sub-cellular
localization of the essential non-homologous protein sequences was achieved by a computational tool
called PSORTb. The results depict that approximately 48% of proteins resided in the cytoplasm of each
strain. A proportion of 23% was distributed in the cytoplasmic membrane. The rest of the proteins
were present in different regions, including ~1% of proteins in the extracellular region, >1.5% proteins
in the periplasm and very few proteins in the outer membrane of each of the strains. Despite these
results, some fractions were considered “unknown” due to the tool’s prediction of proteins in multiple
sites simultaneously. The distribution of proteins by PSORTb is graphically shown for each strain in
Figure 1.
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Figure 2. Functional family prediction of M. avium subsp. Hominissuis (MAH) strains by the SVM-Prot
Figure 2. Functional family prediction of M. avium subsp. Hominissuis (MAH) strains by the SVM-Prot
method. The x-axis reports the frequency of each protein family.
method. The x-axis reports the frequency of each protein family.
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2.4.2. Biosynthesis of Secondary Metabolites
Secondary metabolites are molecules not essentially required for the survival of an organism.
Secondary metabolites are molecules not essentially required for the survival of an organism. A
A large portion of bacterial metabolism deals with the biosynthesis of secondary metabolites. However,
large portion of bacterial metabolism deals with the biosynthesis of secondary metabolites. However,
these pathways have a minimal role in bacterial growth and viability and are not considered a suitable
these pathways have a minimal role in bacterial growth and viability and are not considered a
target for antibiotics. Even though secondary metabolites are not considered to be ideal as drug targets,
suitable target for antibiotics. Even though secondary metabolites are not considered to be ideal as
many of these pathways are manipulated by researchers for valuable purposes such as penicillin and
drug targets, many of these pathways are manipulated by researchers for valuable purposes such as
cephalosporin biosynthesis, carbapenem biosynthesis and streptomycin biosynthesis.
penicillin and cephalosporin biosynthesis, carbapenem biosynthesis and streptomycin biosynthesis.

2.4.3. Amino Acid Metabolism

Pathogens 2020, 9, 368

8 of 14

2.4.3. Amino Acid Metabolism
Amino acid metabolism in bacteria is diverse in nature and performs a pivotal role in maintaining
bacterial growth. Amino acid metabolism has emerged as a potential target for new antibiotics, and a
number of new drug targets have been proposed in recent years [34–37]. Some of these drug targets
have shown promising results. Lysine biosynthesis, an essential pathway in bacteria for survival and
growth, is reported to be a potential target for antibiotics [38,39]. Similarly, D-alanine metabolism is
a significant target; an antibiotic D-cycloserine targeting D-alanine metabolism is already in clinical
use against Mycobacterium tuberculosis [40,41]. The heterogeneity of amino acid metabolism implies an
enormous scope for discovering new antibiotic targets using modern computational tools.
Other types of metabolic activities in bacteria, such as terpenoids and polyketides, glycan
biosynthesis and drug resistance, also perform supportive functions for bacterial growth and survival;
however, these metabolic routes are not prioritized targets for anti-bacterial drugs. Rather, these
metabolic routes are often manipulated for advantageous purposes [42].
2.5. Shortlisting of Proteins Sequences as Druggable
The potential drug targets were shortlisted based on obtained information from earlier successful
literature reports. The druggability of non-host uncharacterized protein sequences was determined
by performing BLASTp against the druggable protein sequences present in the DrugBank Database.
For this purpose, the earlier shortlisted, non-host, uncharacterized proteins, which are essential in
metabolic pathways, were analyzed for druggability by comparing their sequences with the DrugBank
Database. In this search, only one protein was prioritized in TAH-135, whereas four and seven potential
drug targets emerged with the OCU-466 and A5 strains, respectively (Table 1). All these potential
drug targets were similar to the FDA-approved drug target sequences in the DrugBank Database,
including the DNA polymerase III subunit ε of the TH-135 strain, Inter-α-trypsin inhibitor heavy
chain H4, exopolyphosphatase, DNA polymerase III subunit ε, mannoside ABC transport system and
sugar-binding protein of the OCU-466 strain. In addition to all the proteins from the OCU-466 strain,
diacylglycerol acyltransferase/mycolyltransferase, Ag85C and nickel-binding periplasmic protein were
found for the A5 strain.
Table 1. Protein drug targets of M. avium subsp. hominissuis.
UNIPROT STRAIN ID MAH-TH135
S. No.

Protein ID

DrugBank target name

DrugBank ID

Localization Site

1.

T2GUW6

DNA polymerase III subunit
epsilon (DB01643)

P03007

Cytoplasmic

UNIPROT STRAIN ID MAH-OCU466
S. No.

1.

Protein ID

DrugBank target name

DrugBank ID

Inter-alpha-trypsin inhibitor
heavy chain H4 (DB01593;
DB14487; DB14533)

Q14624

A0A2A3L1J8

Localization Site

Cytoplasmic
Inter-alpha-trypsin inhibitor
heavy chain H4 (DB01593;
DB14487; DB14533)

Q06033

2.

A0A2A3L805

O67040 Exopolyphosphatase
(DB03382)

O67040

Cytoplasmic

3.

A0A2A3L3Y2

DNA polymerase III subunit
epsilon (DB01643)

P03007

Cytoplasmic

4.

A0A2A3LDY9

Mannoside ABC transport
system, sugar-binding protein
(DB01942)

Q9X0V0

Unknown
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Table 1. Cont.
UNIPROT STRAIN ID MAH-A5
S. No.

Protein ID

DrugBank target name

DrugBank ID

Localization Site

1.

A0A0E2W125

Exopolyphosphatase (DB03382)

O67040

Cytoplasmic

Inter-alpha-trypsin inhibitor
heavy chain H4 (DB01593;
DB14487; DB14533)

Q14624

2.

Cytoplasmic

A0A0E2W9K2
Inter-alpha-trypsin inhibitor
heavy chain H4 (DB01593;
DB14487; DB14533)

P9WQN9

Unknown
(This protein may
have multiple
localization sites.)

P9WQN9

Extracellular

DNA polymerase III subunit
epsilon (DB01643)

P03007

Cytoplasmic

Mannoside ABC transport
system, sugar-binding protein
(DB01942)

Q9X0V0

3.

A0A0E2W6U1

Diacylglycerol
acyltransferase/mycolyltransferase
Ag85C (DB02811; DB08558)

4.

A0A0E2W8I5

Diacylglycerol
acyltransferase/mycolyltransferase
Ag85C (DB02811; DB08558)

5.

A0A0E2W8U0

6.

A0A0E2WAR7

Nickel-binding periplasmic
protein (DB03374)
Mannoside ABC transport
system, sugar-binding protein
(DB01942)
Nickel-binding periplasmic
protein (DB03374)
7.

A0A0E2WQA2

Q06033

Periplasmic
oligopeptide-binding protein
(DB07365)
ABC transporter, periplasmic
substrate-binding protein
(DB02078)

Unknown
P33590

Q9X0V0

P33590
Periplasmic
P06202

Q5LRQ9

It is noteworthy that all the proposed drug targets could be analyzed for 3D structural information
to prioritize novel drug targets against pathogens. Therefore, BLASTp was performed for the target
proteins against the Protein Data Bank (PDB) database, which revealed that 12 protein sequences had
no 3D structure available yet in the PDB. Therefore, this study offers those 12 proteins’ sequences to not
only consider as a potential druggable genome, but also for future studies of 3D structure determination
either by homology modeling (template-based) or by ab initio (template-free) methods [43].
3. Materials and Methods
An overview of the subtractive genomics approach is illustrated in Figure 4.
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3.3. Identification of Non-Homologous Proteins
3.3. Identification of Non-Homologous Proteins
Standalone BLAST version 2.8.1 was downloaded from the NCBI FTP server [46]. The orthologous
Standalone BLAST version 2.8.1 was downloaded from the NCBI FTP server [46]. The
sequences were subjected to BLASTp against the H. sapiens database with an expectation value
orthologous sequences−3were subjected to BLASTp against the H. sapiens database with an expectation
(e-value) of 10
[47]. The output was obtained with keywords of “no hits found” for unique proteins
value (e-value) of 10−3 [47]. The output was obtained with keywords of “no hits found” for unique
and “significant alignments” for the sequences having similarity with the human (host) proteome.
proteins and “significant alignments” for the sequences having similarity with the human (host)
The results were analyzed, and only protein sequences “with no homology with the human host”
proteome. The results were analyzed, and only protein sequences “with no homology with the
were retained, while the rest were removed. Those proteins were further labelled as non-homologous
human host” were retained, while the rest were removed. Those proteins were further labelled as
proteins, and finally, they were extracted using our in-house scripts.
non-homologous proteins, and finally, they were extracted using our in-house scripts.

3.4. Finding of Essential Genes
The genes required to sustain the life cycle of bacteria are called essential genes. The Database
of Essential Genes (DEG) contains lists of genes with their corresponding sequences, which are
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3.4. Finding of Essential Genes
The genes required to sustain the life cycle of bacteria are called essential genes. The Database of
Essential Genes (DEG) contains lists of genes with their corresponding sequences, which are essential
for the survival of bacterial life. [48]. Therefore, the DEG was used to find the sequences that are
essential to the bacterial pathogen studied here (i.e., M. avium subsp. hominissuis). The non-homologous
proteins were aligned with the DEG database using BLASTp, and the expectation value was set to 10−5 .
As a result, the non-homologous essential genes, which may have hypothetical or uncharacterized
proteins, were obtained.
3.5. Information about Metabolic Pathways
The metabolic pathways of the identified non-homologous essential proteins were searched in the
Kyoto Encyclopedia of Genes and Genomes (KEGG) [49] through the KAAS server. KAAS [50] uses
BLASTp for the comparison of query proteins against the KEGG database and annotates functions.
KAAS provides the KEGG Orthology (KO) identifiers and information on the metabolic pathways of
the proteins.
3.6. Annotation of the Curated Proteins
Annotation of proteins includes information about the location of proteins in various regions
of the cell and the family to which it belongs. PSORTb version 3.0 [51] is well known to predict
the subcellular localization (SCL) of proteins. The SCL includes different compartments, such as
cytoplasmic membrane, cytoplasm, cell wall and extracellular and unknown regions of the cell where
the proteins reside. All the non-homologous essential, as well as hypothetical, proteins were subjected to
the protein databases with known functions using SCL BLAST by the web-based server. SVM-Prot [52]
is an online tool for the classification of protein functional families. It applies the machine-learning
method and predicts a diverse set of molecular and biological functions covering all major classes
of enzymes, channels, transporters, receptors, DNA/RNA binding proteins, etc. and covering 192
functional families of proteins. Those proteins whose functions are still unknown were labeled as
non-homologous, hypothetical/uncharacterized proteins and passed through the server of SVM-Prot
to classify them into functional families.
3.7. Druggability of the Shortlisted Sequences
In order to detemine the novel drug targets, standalone BLASTp was run between hypothetical
non-homologous essential proteins, and drug target sequences were taken from the DrugBank
Database [53] with an e-value cutoff 10−3 . The DrugBank Database provides detailed information on
drugs and drug targets. A large database shows up to 8261 drugs, including FDA-approved drugs;
experimental and nutraceutical drugs are available in the DrugBank Database.
4. Conclusions
Different bioinformatics tools were applied in this study to identify vital drug targets of
Mycobacterium avium subsp. hominissuis. Protein sequences of M. avium subsp. hominissuis were parsed
using multiple steps of the subtractive genomics approach, and a few of them were shortlisted as
possible drug targets because they fulfilled the druggability criteria. The shortlisted sequences were
non-homologous to the human host; thus, these can be proposed as ideal drug targets. All the identified
drug targets of different strains of MAH have never been characterized before as drug targets, and we
proposed them here as potential drug targets against which new drug compounds can be designed.
Therefore, the study is significant to the scientific community, as it provides a prioritized list of possible
drug targets sorted by the computational subtractive genomics method, and it has the potential to lead
to the discovery of new and novel drug targets against M. avium subsp. hominissuis.
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