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3.1 Characterization of different 

metabolic pathway  genes 

3.1.1 Selection of genomes and species 

biotopes 

Actinobacteria can thrive under 

different environmental conditions and 

ecological habitats. Based on their 

predominant lifestyle, seven different 

b io t o p e s  w e r e  a s s ig n e d  t o 

Actinobacteria (Sen et al. 2014). They 

are thermal, soil, plant, mammal, 

arthropods and extremophiles (other 

than thermal). While selecting the 

genomes for this study we intended to 

include most of the dominant niches 

occupied by different orders of the 

class Actinobacteria. We aimed to 

investigate the genomic features of 

different metabolic pathway related 

genes hence, selected genomes whose 

whole genome sequencing have been 

completely finished and which are also 

present in KEGG database (Kanehisa 

and Goto, 2000) were considered. 

Supplementary file 1 lists all the strains 

selected for deep view codon and 

amino acid usage study of genes and 

corresponding proteins involved in 

diverse metabolic pathway.  

3.1.2 Retrieval of coding sequence 

Complete genomic,  prot eomic 

sequences of selected Actinobacterial 

strains were retrieved from Integrated 

Microbial Genome (IMG) database 

(Markowitz et al. 2011) Sequences 

with proper initiation and termination 

codon and minimum 300 bp coding 

length were only considered for further 

analysis to minimize the sampling 

error. All the 16s rRNA and tRNA 

sequences were also obtained from 

I M G  d a t a b a s e  ( h t t p s : / /

img.jgi.doe.gov/).   

3.1.3 Reclamation of metabolic 

pathway related genes 

Information regarding the genes 
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acid usage indices like aromaticity 

(Aromo) and grand average of 

hydrophobicity (Gravy) were also 

estimated via CodonW program 

(codonw.sourceforge.net/). Fraction of 

synonymous codons which are aptly 

accepted by the abundant isoaccepting 

tRNAs and used optimally are 

represented by Frequency of optimal 

codons (Fop) (Peden, 1999). Its value 

ranges from 0 (meaning a gene has no 

optimal codons) to 1 (when a gene is 

exclusively comprised of optimal 

codons). Fop is generally determined 

by the following equation. 

Fop = Noc /Nsc  ………(1) 

The original equation is modified in 

equation (2), when rare codons are 

identified, as  

Fop(mod) = (Noc – Nrc )/ Nsc ……(2) 

Where N represents the frequency of 

each codon type used, whereas Noc, Nrc 

and Nsc stands for frequencies of 

optimal codons, rare codons and 

synonymous codons respectively. 

involved in diverse metabolic pathways 

was obtained from KEGG database 

(https://www.genome.jp/kegg/). The 

locus tags of pathway specific genes 

were collected from KEGG and an in-

house python script was used for 

retrieving the corresponding gene 

sequences from the whole genome 

files. Eight major metabolic pathways 

were selected (Fig 3.1). 

3.1.4 Analysis of Codon and amino 

acid usage indices 

Several codon usage indices like GC 

(frequency of G and C), GC3 

(frequency of codons with guanine (G) 

or cytosine (C) at the third synonymous 

position excluding methionine (Met), 

tryptophan (Trp) and termination 

codons), the frequency of four different 

nucleotides at the third synonymous 

position of the codons (A3, T3, G3, 

C3), effective number of codons (Nc) 

and frequency of optimal codons (Fop) 

were calculated through CodonW ver 

14.2 software (Peden, 1999). Amino 

Fig 3.1 Major metabolic pathways.  
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Effective number of codons (Nc) is a 

direct measure of synonymous codon 

usage of genes and genomes. Its value 

ranges from 20-62 (Peden, 1999). This 

parameter accurately measures the 

preference of a small subset of codons 

in a genome by the following formula 

 

….(3) 

S signifies total frequency of GC3s. 

3.1.5 Estimation of Codon Adaptation 

Index (CAI) 

Codon Adaption Index is another 

important parameter in estimating the 

codon usage variation among genomes 

(Peden, 1999). CAI measures the 

relative adaptability of codons in a 

gene with respect to that of highly 

expressed gene set.  CAI value 

generally ranges from 0-1.  Higher CAI 

value of a gene indicates the codon 

usage pattern of the considered gene is 

very similar to that of highly expressed 

genes (Peden, 1999). Thus, CAI can 

also be used to measure the mRNA 

expression level. Several studies 

predicting the expression level of 

coding gene sequences found 

significant positive correlation between 

the expression level and CAI values 

(Roymondal et al. 2009, Sharp and Li 

1987, Wu et al. 2005, Eyre-Walker 

1996, Coghlan and Wolfe 2000, Martn-

Galiano et al. 2004, Dos Reis et al. 

2003, Jansen et al. 2003). Hence, CAI 

is an effective codon usage indices 

envisaging the expression level of 

proteins encoded by a particular gene. 

CAI calculator 2 server (Wu et al. 

2005) was used for estimating the CAI 

values of selected strains. Genomic 

sequences of ribosomal proteins were 

taken as reference set since they are 

assumed to be housekeeping highly 

expressed genes.  Top 10% genes with 

high CAI values were designated as 

potentially highly expressed genes 

(PHX) and last 10% genes with low 

CAI values were assumed to be 

potentially lowly expressed genes 

(PLX). Rest were potentially medially 

expressed (PMX). This kind of 

approach was also taken previously by 

Roy et al. (2015). 

3.1.6 Filtering translationally optimal 

codons 

A particular set of codon being mostly 

used by PHX genes are termed as 

optimal codons. A set of these optimal 

codons accurately match the most 

abundant iso-accepting tRNAs and are 

termed as translationally optimal 

codons (Roy et al. 2015). They show a 

significant correlation between cellular 
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tRNA level and tRNA gene copy 

number. Information regarding tRNA 

copy number and anticodon table was 

obtained via „„tRNAscan-SE‟‟ (http://

gtrnadb.ucsc.edu/) program (Lowe and 

Eddy, 1997). Translationally optimal 

codons were subsequently filtered 

depending upon the results obtained 

from the above mentioned software 

and was correlated with other major 

codon usage indices. 

3.1.7 Computation of tRNA adaptation 

index (tAI) 

Estimation of tRNAusage by the 

coding sequences of a genome is 

termed as tRNA adaptation index (tAI) 

(Roy et al. 2015). tAI measures the 

availability of tRNAs for every codon 

of a coding sequence and estimate the 

level of adaptation between a coding 

sequence and the corresponding tRNA 

pool of the cell. The level of co-

adaptation between a particular codon 

and the corresponding tRNA pool can 

be directly represented by tAI (Roy et 

al. 2015). Hence, tAI shows higher 

correlation with protein abundance 

than other codon bias measures. tAI 

was estimated using the codonR scripts 

d o w n l o a d e d  f r o m  h t t p : / /

people.cryst.bbk.ac.uk/*fdosr01/tAI/. 

This script uses the following formula  

 

……(4) 

lg = the length of the gene in codons; 

wikg= relative adaptivity of the codon 

defined by the k-th triplet in the gene. 

3.1.8 Statistical analysis and heat map 

generation 

All the statistical analysis was done by 

IBM SPSS statistic 21 software. Two 

significance (p<0.01 and p<0.05) 

levels were considered. The p<0.01 has 

been designated by ** and p<0.05 was 

indicated by *. All the heatmaps were 

generated by R software (https://www.r

-project.org). 

3 . 2  E st i mat io n  o f  p ro t e i n 

biosynthetic energy cost  

Amino acid and protein biosynthesis 

requires a number of high energy 

phosphate bonds and includes a dual 

energy cost for the synthesis of 

chemical intermediates during the 

fuelling reactions and the conversion of 

precursor molecules to final products 

(Akashi and Gojobori 2002). This is 

po pu la r ly k no w n a s  p ro t e in 

biosynthetic energy cost (henceforth 

called EC). Dambe ver. 6.4.81 (Glass 

et al. 2008) was used for the energy 

cost calculation of selected organisms 

(Supplementary file 1). The energy 
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cost (EC) of PHXP, PLXP and PMXP 

was observed separately to reveal 

whether any significant difference was 

present among them regarding the 

protein biosynthetic cost. ANOVA test 

along with F-test and t-Test (with null 

hypothesis that, the mean difference 

will be 0) with an alpha value of 0.01 

was adopted for statistical validation of 

our result.  Heatmaps were generated 

by R statistical software .  

3.3 Comparative genomics among 

selected genera 

3.3.1 Retrieval of genomic and 

proteomic data 

Selected actinobacterial genera were 

considered for comparative genomics. 

Supplementary file 2 enlists the 

organisms selected for comparative 

genomics. The genomic and proteomic 

sequences were downloaded from IMG 

database. Coding sequences with 

proper initiation and termination 

codons and having length more than or 

equal to 300 nucleotides were only 

considered for our analysis.  

3.3.2 Construction of BLAST matrix 

BLAST matrix (BM) is a visual 

representation of pair-wise proteome 

comparison using BLAST algorithm 

with 50/50 rule (Vesth et al. 2013). In 

this practice, all the sequences are 

compared to each other and when 50% 

of the alignment is identical matches 

with length of alignment 50% of the 

longest protein in the comparison, the 

BLAST hit is significant. Two 

sequences are assigned to a “protein 

family” if they share similar cut-off 

va lue.  While co mpar ing two 

proteomes, protein families were built 

through single linkage to obtain the 

amount of shared proteins (indicated 

by shaded green) (Vesth et al. 2013). 

Moreover, in BM homolog proteins 

having hits within the proteome itself 

was indicated at the bottom row of the 

matrix in shaded red coloration. The 

color scales were set automatically 

from highest to lowest value observed. 

T w o  p r o g r a m s  n a m e l y 

“matrix_createConfig” and “matrix” 

implemented in CMG Biotools 

software (Vesth et al. 2013) were used 

for crating the BM for selected 

actinobacterial genera. The color scales 

have been indicated with the 

corresponding figures. 

3.3.3 Pan- Core genome plot 

generation 

Pan-genome of a bacterial species is 

defined as the entire gene families of 

all concerned strains of interest, 

representing a particular species (Vesth 

et al. 2013). The core genome refers to 
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the conserved pool of genes shared 

between all strains, reflecting the 

bacterial species of concern. Thus, the 

pan-genome of a bacterial species is 

the combination of the core genome set 

containing genes present in all strains, 

the dispensable genome set containing 

genes present in two or more strains 

and the unique gene families those are 

exclusively present in single strains. 

(Vesth et al. 2013)  

To identify and process homology 

within and across genomes, all genes 

were assigned into unique gene 

families based on sequence similarity. 

The genes were translated into amino 

acid sequences and aligned „all-against

-all‟ using BLASTP, and any two 

genes were considered to be a gene 

pair if the alignment was found to be in 

accordance with the „50/50‟ rule i.e., if 

their amino acid sequences were more 

than 50% identical over more than 50% 

of their length. Since each member of a 

pair might be a member of other pairs 

as well, all gene pairs sharing members 

were subsequently combined into one 

gene family (Vesth et al. 2013). Thus, 

all genes of a genome were grouped 

into gene families. Multiple genes per 

genome might belong to a single gene 

family. Two programs namely 

“pancoreplot_createConfig” and 

“pancoreplot” executed in CMG 

Biotool software was adopted for 

creating the pan-core genome plot and 

indentifying the core genes among 

investigated strains of a particular 

genus. The amount of pan-genome 

increased as more genomes were 

analyzed whereas core genome set 

decreased with addition of more 

considered genomes (Vesth et al. 

2013). 

3.3.4 Determination of Clusters of 

Orthologous Groups (COG) category 

Clusters of Orthologous Groups (COG) 

are defined as the collection of 

orthologous proteins from similar 

phylogenetic lineages (Tatusov et al., 

2003). Information regarding COG 

categories of the encoded protein 

products of all concerned strains was 

obtained from the IMG database 

(http://img. jgi.doe.gov/cgi-bin/w/

main.cgi) (Markowitz et al., 2011). 

Mentioned proteins were categorized 

into various COG categories such as 

„Information Storage and Processing‟, 

„Cellular Processes and Signaling‟, 

„ M e t a b o l i s m ‟ ,  a n d  „ P o o r l y 

Characterized‟ and respective sub-

categories in accordance with the 

classification scheme followed by 

Hsiao et al. (2005).  
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3.3.5 Average nucleotide identity (ANI) 

score calculation 

Average Nucleotide Identity (ANI) 

score calculates the genomic similarity 

at nucleotide level (Rodriguez and 

Konstantinidis 2016). ANI calculator 

(http://enve-omics.ce.gatech.edu/ani/) 

was used to calculate the ANI scores 

among selected strains of considered 

genus. The ANI calculator used both 

best hits (one-way ANI) as well as 

reciprocal best hits (two-way ANI) 

between two genomes. Typically ANI 

score of two genomes from same 

species is reported to be >95% and 

values <75% is generally not 

co ns ider ed (Rodr iguez - R and 

Konstantinidis 2016). All-vs-all ANI 

score was calculated to create a matrix 

fo r  each genus se lect ed fo r 

comparative genomics analysis. 

3.3.6 Phylogenomics among selected 

genera 

Two different phylogenetic trees were 

used for this study namely (i) Multi 

locus sequence analysis (MLSA) tree 

and (ii) Pan genomic tree  

 (i) Multi locus sequence analysis 

(MLSA) tree 

Multi-locus sequence analysis (MLSA) 

based phylogenet ic trees were 

constructed with neighbor joining 

algorithm and bootstrap value of 1000. 

Amino acid sequences of five different 

housekeeping genes namely AtpI 

(encoding membrane-bound ATP 

synthase, F1 sector), GyrA (encoding 

DNA gyrase), FtsZ (tubulin-like GTP-

binding protein), SecA (ATPase 

secretory preprotein translocase) and 

DnaK (chaperone Hsp70 in DNA 

biosynthesis) were used for this 

phylogeny. The proteins sequences 

were concatenated and were aligned by 

ClustalW (Borovska et al. 2014). The 

phylogeny was generated via Mega v. 

4.0  software (Tamura et al. 2007). 

(ii) Pan genomic tree 

Information regarding the pan and core 

genome was obtained from CMG 

Biotools (previously mentioned in 

section 3.3.3). The same software was 

used for building the pan genomic 

dendrogram with relative manhattan 

distance. The software build tree 

depending upon neighbor-joining 

algorhim and uses 1000 bootstrap 

value. CMG Biotools used a small 

program called “pancoreplot_tree” for 

generating this phylogeny. This 

phylogeny was further compared to the 

MLSA phylogeny and all similarities 

as well as dissimilarities were noted 

and examined. 
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3.4 Comparative secretome profiling 

among selected Mycobacterium  

3.4.1 Retrieval of genomic and 

proteomic data 

The genomic and proteomic sequences 

of selected pathogenic as well as non-

pathogenic Mycobacterium strains 

were obtained from IMG database. We 

have used only the “Finished” strains 

for this study. Table 1 enlisted all the 

strains selected for this study.  

3.4.2 Secretome prediction scheme 

Secretomes are defined as the overall 

set of secretory proteins that are 

associated with cellular cross-talks, 

communication and interaction with 

the host environment (Ranganathan 

and Garg, 2009). Broadly there are two 

types of secretomes (a) classical and 

(b) non-classical. SignalP4.0 (Petersen 

et al. 2011) was used for prediction of 

classical secretomes (Fig 3.2). This 

server uses both artificial neural 

Fig 3.2 Schematic approach to predict the final secretome set among selected 

Mycobacterial proteomes. The same approach was also followed while extracting 

the final set of secretory proteins from studied stone-dwelling 

Geodermatophilaceae strains. 
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network and hidden markov model 

(HMM) for classical secretome 

prediction. SecretomeP 2.0 (Bendtsen 

et al. 2005a) was used for detecting the 

non-class ica l secretomes from 

investigated Mycobacterium strains. 

Proteins with N-N score ≥ 0.5 were 

considered. Lipoprotein (Lipo) type 

signal peptides were predicted via 

L ip o P  1 . 0  ( J u n c k e r  e t  a l . 

2 0 0 3 ) . P r o t e i n s  t h o s e  w e r e 

“cytoplasmic” were not considered for 

further analysis. Twin-Arginine (TAT) 

signal peptides (RR/RK) are involved 

in twin-arginine signaling. TatP 1.0 

server (Bendtsen et al. 2005b) was 

used for detecting the TAT signal 

peptides and proteins with recognized 

TAT motifs were selected for the next 

step. Proteins which gave positive 

results from all the aforementioned 

servers were the fed in TMHMM 

(Krogh et al. 2001) to predict their 

number of transmembrane helices. 

Proteins with no transmembrane helix 

were directly considered in the final 

secretome set. On the contrary, 

proteins with one or more than one 

transmembrane helices were fed into 

Phobius server (Käll et al. 2007) to 

identify α helical conformation (a 

signature of signal peptide proteins). 

Positive results from phobius server 

along proteins with no transmembrane 

helix were considered as final 

secretome set.  

3.4.3 Comparative accounts of 

Mycobacterial secretomes 

T h e  g e n o m i c ,  p r o t e o m i c 

c harac t e r iza t io n,  as  we l l  a s 

comparative secretomic analysis was 

done in a similar manner as described 

in section 3.1 and 3.3. MLSA 

phylogeny was generated separately 

among investigated pathogenic and non

-pathogenic strains.  

3.4.4 Identification of potentially 

virulent secretory proteins 

V ir u le n t P r e d  s e r ve r  ( h t t p : / /

bioinfo.icgeb.res.in/virulent/)(Garg and 

Gupta 2008)was used to identify the 

potential virulent proteins present in 

the secretome set. Cascaded SVM 

module implemented in the mentioned 

server was selected for executing the 

task. The mentioned module is very 

efficient in detecting prokaryotic 

virulent proteins (accuracy rate around 

81%) and it uses pre-defined 

experimentally validated virulent 

proteins in its prediction analysis (Garg 

and Gupta 2008). We tried to assess 

whether the frequency of potentially 

virulent proteins among the secretome 

sets were statistically different from 
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random. For this analysis, we 

constructed 1000 random datasets each 

containing genes of identical number to 

the secretome set of a particular strain. 

Frequency of virulent proteins among 

these 1000 datasets was compared with 

that of the secretome set via Mann–

Whitney statistical test. Furthermore, 

the non-secretory protein set was 

assessed for the potential virulent 

proteins and was compared with the 

result of secretome set for each 

considered strains statistically (Mann–

Whitney statistical test).  

3.4.5 Assessing evolutionary patterns 

of secretory proteins 

Orthologous sequences between two 

bacterial members of same genus were 

identified using Reciprocal Best Hits 

(RBH) approach keeping an identity 

level of >= 50%, an E-value of 1e-10 

and at least 50% region of alignment, 

using the local BLASTP program.  

We used the ratio (ω) of non 

synonymous substitutions rate per non-

synonymous site (Ka) to synonymous 

substitutions rate per synonymous site 

(Ks) for assessing the evolutionary 

pat t ern among secretomes o f 

considered strains. ω > 1 is an indicator 

of diversifying (positive) Darwinian 

selection, on contrary, ω < 1 identifies 

purifying (negative) selection (Roy et 

al. 2015). The evolutionary analysis 

was done separately on pathogenic and 

non-pathogenic sets of Mycobacterium 

so that, we can compare between the 

t w o  s e t s .  C o d e m l  p r o g r a m 

implemented in PAML software 

(http://abacus.gene.ucl.ac.uk/software/

paml.html) package with runmode = − 

2 and CodonFreq = 1 was used for this 

study.  

Ortholog sequence pairs showing 

saturated values of ω, Ka and Ks were 

not considered for further analysis. 

Evolutionary rates of signal peptides 

and their respective mature parts were 

also assessed and compared against the 

rest of the genes for a deep-view study 

on secretome evolution.  

3.4.6 Statistical analysis and heatmap 

generation 

All the statistical analysis was done by 

IBM SPSS statistic 21 software. Both 

p<0.01 and p<0.05 significance levels 

were considered. They were designated 

by ** and * respectively. Heatmaps 

were generated by R package. 

Similar kind of analysis was also done 

on the extremophilic actinobacteria to 

reveal some interesting facts about 

their secretomic attributes as well as 

evolutionary dynamics. 
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3.5 Evolutionary aspects of 

extremophilic secretomes  

3.5.1 Reclamation of genomic and 

proteomic data 

Genomic and proteomic sequences of 

all the selected Geodermatophilaceae 

(Geodermatophilus, Blastococcus, 

Modestobacter) strains available in 

public domain database were retrieved 

from JGI/IMG. Table 2 lists all the 

selected strains. * indicated those 

strains which were reclassified as 

Klenkia (Montero-Calasanz et al. 

2017). Sequences required for 

phylogenomics analysis were also 

recovered from the same database.  

3.5.2 Prediction of secretomes 

A similar scheme described in section 

3.4.2 was executed for prediction of 

putative secretome protein sets among 

selected Geodermatophilaceae. 

3.5.3 Comparative secretomics 

T h e  g e n o m i c ,  p r o t e o m i c 

c harac t e r iza t io n,  as  we l l  a s 

comparative secretomic analysis was 

done in a similar manner as described 

in section 3.1 and 3.3. MLSA 

phylogenetics, ANI-matrix based tree, 

pan-genomic dendograms were 

generated in similar way as described 

earlier in section 3.3.6. 

3.5.4 Evaluation of secretome 

evolution 

The secretome evolution analysis was 

done separately on Geodermatophilus, 

Blastococcus and Modestobacter 

strains. The scheme for assessing the 

evolutionary pattern among selected 

Geodermatophilaceae genomes has 

been described in 3.4.5. 

3.5.5 Statistical analysis and heatmap 

generation 

All the statistical analysis was done by 

IBM SPSS statistic 21 software. Both 

p<0.01 as well as p<0.05 significance 

levels have been considered and 

designated by ** and * respectively. 

All the heatmaps were generated by R 

software package. 

3.6 Carbohydrate activated enzymes 

(CAZymes) in Frankia 

3.6.1 Retrieval of sequences 

CAZY database (Cantarel et al. 2008) 

along with dbCAN web server (Yin et 

al. 2012) both were considered for 

caz yme ide nt i f ica t io n a mo ng 

considered Frankia strains (Table 3).  

Cazyme sequences for Frankia alni 

ACN14a, F. sp. CCl3, F. sp. Eul1c and 

F. sp. Ean1pec were collected from 

CAZY database (http://www.cazy.org/) 

and were compared with results of 
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dbCAN (http://csbl.bmb.uga.edu/

dbCAN/). Results of these two 

platforms were identical. Hence, rest of 

the Frankia genomes (Table 3) were 

fed into dbCAN web server for CAZy 

identification. Along with the CAZy 

sequences information regarding the 

CAZy type was also recovered from 

the aforementioned database and web 

servers. 

3.6.2 Genomic and proteomic 

characterization 

All t he CAZ y sequences o f 

investigated strains were analyzed in 

the same procedure as described in the 

section 3.1- 3.3.  

3.6.3 Evolutionary analysis of CAZy 

sequences 

Workflow described in section 3.5.5 

was used to evaluate the evolutionary 

trends of CAZyme among selected 

Frankia strains. 

3.6.4 Statistical analysis and heatmap 

generation 

All the statistical analysis was done by 

IBM SPSS statistic 21 software. Both 

p<0.01 as well as p<0.05 significance 

levels have been considered and 

designated by ** and * respectively. 

Heatmaps were generated by R 

package. 

3.7 Generation of protein domain 

based phylogeny 

3.7.1 Selection of genomes and species 

biotopes 

A total 100 actinobacteria strains 

inhabiting in seven different biotopes 

[plant, soil, mammal, arthropod, water, 

thermal, extremophile (other than 

thermal)] were selected for this study. 

Supplementary file 1 lists the strains 

considered for this analysis.  

3.7.2 Preparation of domain dataset 

Each selected actinobacteria was 

searched for their domain constituent. 

Pfam server (https://pfam.xfam.org) 

was used for this analysis. A list was 

prepared with all the domains present 

in all considered strains. This dataset 

was used as domain-database (DD). 

The domainal information of each 

strain was then compared with DD to 

get information about the presence and 

absence of domains. Based on this 

information, a binary dataset was 

prepared where, 1 represent presence 

of domain and 0 signifies absence of 

domain. Total number of different 

domains present in all considered 

strains was named as pan-domains 

whereas; domains shared by all the 

investigated strains were designated as 

core-domain. 
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3.7.3 Phylogenetic analysis 

The binary dataset was fed into NTedit 

software and „nts‟ file was prepared. 

Later, that „nts‟ file was used to build 

phylogeny by NTsys software (Rohlf, 

1982). This new phylogenetic tree was 

compared with previously build MLSA 

tree.  

3.7.4 Biological network analysis 

String server (https://string-db.org) 

(Schultz et al. 1998) was used to study 

the biological network of shared 

domains among taxonomically distant 

strains placed near each other in 

domain based tree. This analysis was 

also executed among core domains 

(domains present in all 100 selected 

actinobacteria). Cytoscape software 

(Shannon et al. 2003) was used for 

better network visualization.  

3.8 Importance of PAS domain in 

biological network 

3.8.1 Background of selected strains  

Selected strains from Frankiales, 

Mycobacteriales, Nakamurellales, 

Streptomycetales, Acidothermales and 

Geodermatophilales were chosen for 

this study. Table 4 lists all the selected 

strains. Thus, this study included 

strains from diverse habitat for 

example, plant- associated, animal host 

associated, aquatic, soil inhabiting, 

thermals and extremophilic stone 

dwellers.  

3.8.2 Retrieval of genome and 

proteome sequences 

Sequences of thirty actinobacterial 

genomes which were considered for 

this study were downloaded from IMG 

database. Information regarding genes 

present in leading and lagging strands 

was also recovered from the same 

database.  

3.8.3 Identification of PAS domains 

PAS domains share very less sequence 

similarity among closely related 

species hence, BlastP was not found 

suitable in PAS domain identification 

(Taylor and Zhulin 1999). We used 

HMMER 3.1b1 program (Eddy 1998) 

for PAS domain detection. Raw 

Stockholm alignment format of PAS 

(PF00989), PAS_2 (PF08446), PAS_3 

(PF08447), PAS_4(PF08448), PAS_8

(PF13188), PAS_9(PF13426), PAS_11

(PF14598), PAS_5(PF07310), PAS_6

(PF08348), PAS_7(PF12860) and 

PAS_10(PF13596) was used as 

database to search PAS domain among 

considered strains.  Simple Modular 

Architectural Research Tool (SMART) 

(Schultz et al. 1998),Pfam server and 

Conserved Domain Database (CDD)
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(Marchler- Bauer et al. 2011) 

maintained by NCBI confirmed the 

result of HMMER. Proteins with 

posit ive result s from all t he 

aforementioned algorithms were 

selected as final set of PAS containing 

protein.   

3.8.4 Characterization of PAS-genes 

Gene sequences which ultimately code 

for PAS domain containing proteins 

are hereby called as PAS-genes. The 

genomic characterization of PAS genes 

of considered actinobacteria was done 

via codonW software (Peden, 1999) as 

described in section 3.1. Information 

regarding the localization of PAS 

proteins in the cells was obtained from 

CELLO server (Yu et al. 2004).  

3.8.5 Phylogenetic tree construction  

 We have found a single PAS 

containing protein in M. tuberculosis 

(IMG Gene ID- 651084145, locus tag- 

Rv1364c, annotation- hypothetical 

protein, Pfam domains present- PAS_4, 

SpoIIE, HATPase_c_2, STAS_2). This 

particular protein was taken as 

reference for selecting PAS proteins 

from other strains to build phylogenetic 

tree. BlastP algorithm was used in this 

case. Selected protein sequences were 

aligned by Clustal omega(McWilliam 

et al. 2013; Sievers et al. 2011). 

Phylogenetic tree was generated by 

Phylip-3.695 version software (http://

evolution.genetics.washington.edu/

phylip.html). Another tree based on 

16s rRNA of considered strains were 

also build using Clustal omega and 

Phylip-3.695 for comparison.  

3.8.6 Homology modelling and 

structure based tree generation 

PAS-proteins which were used in 

phylogenetic analysis were also used in 

homology modelling. Most of these 

proteins contained PAS domains along 

with some other co-domains. Hence, 

the amino acid sequence of only PAS 

domain was extracted through SMART 

server (Schult z et  al.  1998). 

Modeller9v12 program (advanced 

modelling system) (Eswar et al. 2008) 

was used for homology modelling. 

Steepest descent and conjugate 

gradient methods helped to improve 

the quality of the models by energy 

minimization with harmonic constraint 

of 100 KJ/mol/Å2. In-vacuo process 

with GROMOS96 43B1 parameters 

implemented in Swiss PDB viewer 

(Kaplan and Littlejohn 2001) was 

a d o p t e d  f o r  t h i s  t a s k . 

PROCHECKserver (Laskowski et al. 

1993)validated these structures and 

Ramachandan plots were generated.  
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Later, MUSTANG server (Konagurthu 

et al. 2010) was exploited for structural 

alignment and Phylip-3.695 generated 

the st ructure-alignment  based 

phylogenetic tree. Here we used the 

P A S  d o m a i n  s t r u c t u r e  o f 

Sinorhizobium meliloti (PDB id 1D06) 

as outgroup, since it was found to be 

the best template structure during 

homology modelling. This structure 

based tree was compared with the 

previously build 16s rRNA based tree.  

3.9 Identification of putative drug 

targets in Mycobacterium  

3.9.1 Comparison of metabolic 

pathways between host and pathogen 

We started our work through 

comparing the metabolic pathways of 

Mycobacterium tuberculosis RGTB423 

(MtR) and its host Homo sapiens. Our 

aim was to identify those metabolic 

pathways which are unique for MtR 

and are totally absent in human. 

Screening of the pathogen specific 

pathways will decrease the probability 

of targeting a protein important for the 

host and this will further lead to 

decreased case of side effects. Kyoto 

Encyclopedia of Genes and Genomes 

(KEGG) (http://www.genome.jp/kegg/) 

pathway database was used for this 

step. The screening of the metabolic 

pathways was done manually and 

pathways unique for M. tuberculosis 

were further considered. The sequences 

of those proteins which were involved 

in the considered pathways were 

downloaded from KEGG database. 

3.9.2 Screening of essential genes in 

MtR 

Genes which are crucial for the 

bacteria to survive are termed as 

essential genes. Database of Essential 

G e n e s  ( D E G )  ( h t t p : / /

www.essentialgene.org/) provides a list 

of bacterial essential genes. The unique 

pathway proteins of MtR were 

subjected to Blastp against DEG with 

an E value cut-off 10-10 and a 

minimum bit score of 100. Thus 

essent ial proteins from unique 

pathways of MtR (henceforth will be 

called as UEMP) were identified.  

3.9.3 Screening of non-host essential 

proteins 

The UEMP were compared with non-

redundant (nr) protein sequence 

database of the human (taxid: 9606) to 

screen the non-host proteins of the 

considered pathogen. A BLASTp 

analysis was performed with an E-

value of 0. 005 and identity score 

35%.The proteins below this threshold 

level are considered for further 
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analysis. 

3.9.4 Quantitative characterization of 

UEMP 

The UEMP were further screened 

based on their molecular characters 

like molecular weight, subcellular 

localization, functional networking and 

druggability.  

3 . 9 . 4 . 1  M o l e c u l a r  w e i g h t 

determination 

Since low MW proteins are easy to 

purify and solubilze, they are better be 

targeted for drug designing in the 

present study. Hence, proteins with 

MW< 100 kDa were only considered. 

C o m p u t e  p I / M w  ( h t t p : / /

web.expasy.org/compute_pi/) an online 

tool maintained by ExPASy portal was 

used to determine the molecular weight 

of the proteins under consideration. 

3.9.4.2 Searching for sub-cellular 

localization 

These selected proteins were searched 

for their subcellular localization. It is 

considered that membrane proteins are 

goo d  vacc ine  t a rge t s  wh ile , 

cytoplasmic proteins are better for drug 

targets (Barh et al. 2011). Therefore, 

proteins present only in cytoplasm 

were taken under consideration for 

interactome study. For gett ing 

in fo rmat ion about  subce l lu lar 

localization of proteins, CELLO v.2.5 

server (http://cello.life.nctu.edu.tw/) 

was used. 

3.9.4.3 Interactome analysis 

Protein – protein network analysis 

reveals the functional importance of a 

protein based on the confidence score. 

Thus, MtR proteins with considerable 

confidence score were used for 

druggability analysis. STRING 10 

server (http://string-db.org/) helped us 

to get the protein networks. A cut-off 

value of 0.700 was considered in this 

case hence, protein with confidence 

score ≥ 0.700 were used further and 

rest were eliminated. 

3.9.4.4 Druggability analysis 

Proteins having high affinity towards 

drug or drug like chemicals are termed 

as potentially druggable targets. For 

this analysis a database called 

D r u g Ba nk  d a t a ba s e  ( ht t p s : / /

www.drugbank.ca/) was used. The 

druggability of MtR proteins were 

screened. Each protein was searched 

for similar therapeutic targets having 

identical biological utility. BLASTp 

program with an E-value 1e-5 was 

considered for this analysis. Proteins 

having homologs with similar 

biological functions are the known 
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targets whereas, proteins whose 

homologs were not found in DrugBank 

are considered as novel targets. To 

determine the effectiveness of the 

putative targets we ranked them by the 

following formula- 

 

........(5) 

DTS - Drug Target Score 

DEG - Number of homologs obtained 

from Essential Genes Database; 

I - Number of Interacting Partners 

obtained through STRING 10 

DB -Number of Drug Bank entry 

against each protein 

3.9.4.5 Receptor Protein Structure 

All the identified targets were 

subjected to iterative BLAST search 

against the PDB structures using 0.001 

E-value cut off and 100% identity. The 

proteins were chosen considering X-

ray diffraction resolution upto 2.0Å. 

3.9.5 Structural Refinement 

K o B a M I N  s e r v e r  ( h t t p : / /

csb.stanford.edu/kobamin/) is a fast 

and reliable protein st ructure 

refinement  server.  The majo r 

refinement protocol followed by this 

server checks the structural integrity 

using BioPhython (Bio.PDB module). 

Structure undergoes refinement 

through energy minimization using a 

statistical knowledge-based potential of 

mean force (Chopra et al. 2010, Chopra 

et al. 2008, Rodrigues et al. 2012). 

MESHI (a new, strictly object-oriented, 

molecular modeling suite written in 

Java) was used to give stereo-

chemically correct models (Chopra et 

al. 2010, Chopra et al. 2008, Rodrigues 

et al. 2012). It focuses on the number 

of clashes, indicating van der Waals‟ 

violations, number of angles and bonds 

outliers, number of side-chain chi1 and 

chi2 outliers, number of backbone 

angles that are outliers on the 

Ramachandran plot. KoBaMIN brings 

the proteins closer to their native-like 

conformation. 

3.10 Validation of identified drug 

targets  

3.10.1 Ligand selection 

The plants were selected considering 

their anti-microbial activity and action 

against respiratory ailments. Aleo vera, 

Oplopanax horridus and Withania 

somnifera all three of them also have 

reported activity according to databases 

like ARS (Agricultural research 

service), Phytochemical Database 

(https://www.ars.usda.gov/services/

docs.htm?docid=8875) and Dr Duke‟s 
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Phytochemical and Ethnobotanical 

D a t a b a s e  ( h t t p s : / /

phytochem.nal.usda.gov/phytochem/

search). The above databases were 

searched for screening suitable ligand 

molecules present in these plants. 

These chemical structures were 

downloaded using Pubchem (https://

p u b c h e m . n c b i . n l m . n i h . g o v / ) 

maintained by NCBI. Open Babel 

(http://openbabel.org/wiki/Main_Page) 

was used to convert these molecules 

into required PDB format. 

3.10.2 Molecular Docking 

Extensive molecular docking analysis 

of receptor proteins against the selected 

chemicals were carried out using Auto 

Dock Vina (Trott et al. 2010). The X, 

Y and Z dimensions were chosen to be 

100. Center Grid Box was chosen to fit 

the protein. We set exhaustiveness to 8. 

Every concerned protein was made 

ready by removing the water molecules 

and by adding polar hydrogens to 

them. Subsequently Gasteiger charges 

were added to the proteins on the basis 

of electronegativity equilibration and 

the non-polar hydrogens were merged. 

This was performed because AutoDock 

uses the united atom model to represent 

molecules. Gasteiger charges were also 

calculated for the respective ligands 

and all the torsions were allowed to 

rotate. 

3.10.3 Druglikness 

We determined basic solubilit y 

analysis of Log P and Log S values 

using ALOGPS 2.1 maintained by 

Virtual Computational Chemistry 

Laboratory (Tanaka et al. 2002, Tetko 

et al. 2002). Log P is the logarithm of 

partial coefficient; it is defined as the 

ratio of the concentration of a solute 

between two solvents specifically for 

unionized solutes. Log S value is a unit 

stripped logarithm (base 10) of the 

solubility measured in mol/liter. 

Parameters like hydrogen ion acceptor/

donor, polar surface area, molecular 

weight , refract ivity etc. , were 

determined using Mcule (Kiss et al. 

2012). Chemcalize.org beta (http://

www.chemicalize.org/) maintained by 

Chem Axon was used to determine the 

log D values at physiological pH of 7.4 

which is the normal pH of blood 

plasma. Log D is the distribution 

coefficient and has been defined as the 

ratio of the sum of concentrations of all 

forms of the compound (ionized plus 

un-ionized) in each of the two phases, 

one o f t hem be ing aqueous. 

Chemcalize.org beta was also used to 

determine pi energy and total atom 

count.  
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3.10.4 Toxicology, carcinogenicity and 

dosage recommendation 

Toxicological, carcinogenic and 

mutagenicity analyses were carried out 

using online server LAZAR–Lazy 

structure-activity relationships for 

toxicology predictions (https://lazar.in-

silico.ch/predict) (Helma et al. 2006). 

Furthermore, the daily recommended 

dosage was also predicted using this 

server. This was performed by finding 

similarity with existing experimental 

data of different chemicals. The server 

operates on the basis of machine 

learning and data mining approaches. 

Various experimental model organisms 

including fathead minnows, rodents of 

different types and Salmonella 

typhimurium have been used to predict 

the mentioned parameters. 


