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Integrated gene co-expression network analysis in the
growth phase of Mycobacterium tuberculosis reveals
new potential drug targets†

Bhanwar Lal Puniya, Deepika Kulshreshtha, Srikant Prasad Verma, Sanjiv Kumar
and Srinivasan Ramachandran*

We have carried out weighted gene co-expression network analysis of Mycobacterium tuberculosis to

gain insights into gene expression architecture during log phase growth. The differentially expressed

genes between at least one pair of 11 different M. tuberculosis strains as source of biological variability

were used for co-expression network analysis. This data included genes with highest coefficient of variation

in expression. Five distinct modules were identified using topological overlap based clustering. All the

modules together showed significant enrichment in biological processes: fatty acid biosynthesis, cell

membrane, intracellular membrane bound organelle, DNA replication, Quinone biosynthesis, cell shape

and peptidoglycan biosynthesis, ribosome and structural constituents of ribosome and transposition.

We then extracted the co-expressed connections which were supported either by transcriptional

regulatory network or STRING database or high edge weight of topological overlap. The genes trpC,

nadC, pitA, Rv3404c, atpA, pknA, Rv0996, purB, Rv2106 and Rv0796 emerged as top hub genes. After

overlaying this network on the iNJ661 metabolic network, the reactions catalyzed by 15 highly

connected metabolic genes were knocked down in silico and evaluated by Flux Balance Analysis. The

results showed that in 12 out of 15 cases, in 11 more than 50% of reactions catalyzed by genes

connected through co-expressed connections also had altered fluxes. The modules ‘Turquoise’, ‘Blue’

and ‘Red’ also showed enrichment in essential genes. We could map 152 of the previously known or

proposed drug targets in these modules and identified 15 new potential drug targets based on their

high degree of co-expressed connections and strong correlation with module eigengenes.

Introduction

Mycobacterium tuberculosis continues to infect millions of people
across the world and this situation is aggravated by the emergence
of drug resistant strains MDR-TB and XDR-TB.1,2 Therefore,
identification of novel drug targets and development of novel
therapeutics are required for developing new treatments. In this
regard, understanding the biology of the pathogen will signifi-
cantly increase our likelihood of identifying new drug targets.
Gene co-expression network analysis is emerging as a powerful
approach for investigating connections between the genes in a
cellular system, which could lead us to understand the higher
order architecture of modules or sub-systems. The general focus is
to identify the hubs in a network, which could represent central

components of the modules. In general, in a scale free network,
hubs have highly connected nodes relative to the average degree
of the nodes in the network.3 These hubs, which are highly
connected nodes in networks, could be very attractive candidates
for drug targets as their perturbation could collapse the network
module, which could lead either to impairment of growth or to
cell death.3,4 Protein–protein interaction network of human and
pathogens shows that bacterial and viral pathogens proteins
have a tendency to interact with hubs in human.5

The genome wide gene expression data such as microarray
data offer opportunities to investigate the gene co-expression
networks in the cell. The construction of gene co-expression
networks through microarray data has become popular recently.6–16

A co-expression network is represented as a graph wherein each
node is a gene and each edge connects two genes whose
expression profiles are correlated. Various algorithms for weighted
gene co-expression network analysis include Weighted Gene
Co-expression Network Analysis (WGCNA),15,16 mining of weighted
network using tensor computation,17 weighted frequent gene
co-expression mining17,18 and general co-expression network
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based approach.19 The most commonly used package WGCNA
uses correlation values between expression profiles to com-
pute weights of edges to generate weighted gene co-expression
network.20,21 Subsequently, modules of gene networks are
produced on the basis of topological overlap. In recent years,
insights into several biological questions have been gained using
this approach. For example, new genes were assigned core biological
functions such as cell cycle, secretion and protein synthesis on
the basis of identification of conserved co-expressed gene pairs
across human, fly, worms and yeast.6

Gene co-expression network analysis has been applied to
various diseases with an aim to identify biomarkers or to provide
insights into probable mechanism underlying the development
of pathology. In the case of chronic lymphocytic leukaemia
identification of highly connected genes in network with a
known biomarker ZAP70 enabled elaborating other potential
prognostic biomarkers was achieved.7 In schizophrenia, though
the gene co-expression networks between normal individuals
and patients were highly overlapping, the processes related to
neuron function became apparent when the focus was shifted to
differentially expressed genes.8 Modules of co-expressed genes
also correspond to cell types such as neurons, oligodendrocytes,
astrocytes and microglia in human brain.9 Analysis of mouse and
human brain co-expression networks revealed the co-expression
patterns of Alzheimer associated gene presenilin (PSEN1),
which showed significant divergence between the two species.10

Comparative co-expression network analysis of human and
non-human primates brain tissue expression data showed that
the gene co-expressed network modules of cerebral cortex were
less conserved compared with sub-cortical brain.11 The gene
co-expression network is also applied to identify disease asso-
ciated modules by integrating it with genome wide association
studies.16 In the case of chronic fatigue syndrome, the weighted
gene co-expression network was used to identify the modules
associated with atrial fibrillation22 and also combined with
genetic marker data to identify disease associated pathways.23

Weighted gene co-expression network was also used for func-
tional annotation of rice genes.24

These discoveries have stimulated the construction of
co-expression databases and co-expression data mining tools
for many organisms from publicly available gene expression data
to explore co-expressed partners of genes.12,13,15 COXPRESdb
database contains information on comparative gene co-expression
across 11 different species of mammals.12 Many investigations
on gene co-expression networks have focussed on comparative
assessment in evolutionary context. A few reports describe
its application for identification of potential biomarkers in
chronic lymphocytic leukaemia by using CODENSE network
mining algorithm and of drug targets in glioblastoma by using
WGCNA.7,21 In the case of glioblastoma, the known drug targets
were located as hubs in modules enriched for the biological
process of mitosis.14 The other methods for drug development,
drug repositioning and drug target identification include chemical–
protein interaction network, drug–protein interaction network
and drug–gene interaction networks.25–28 The chemical–protein
interaction has been predicted by using m-QSAR and computational

chemogenomics methods as well as weighted network based
inference.25,28 Chemical–gene interaction, chemical disease
association and gene disease association network have been
inferred for human using predictive toxicogenomics-derived
models.26 Drug based similarity inference (DBSI), target based
similarity inference (TBSI) and network based similarity inference
(NBSI) methods have been developed to predict drug–target
interaction and drug repositioning.28 In tuberculosis, although
anti-tubercular drug targets have already been predicted using
several methods such as protein–protein interaction network
analysis, metabolic networks, and comparative genomics,29–35

the build-up of data on gene expression in M. tuberculosis could
be used to probe the structure of gene co-expression networks.
This exercise is progressively useful and has the potential to
enrich the findings accrued using other approaches as well as
reveal new potential target points.

In the present study, we aimed at identifying drug targets in
highly co-expressed modules of genes in the exponential growth
phase of Mycobacterium tuberculosis. Publicly available microarray
expression data of 9 clinical isolates and 2 laboratory strains36 was
used. We focused on differentially expressed genes across strains
because constitutively expressed genes with ‘low’ or ‘nil’ variations
would represent constancy among the transcriptomes and present
themselves as non-informative correlations. Distribution of
known essential genes and known or proposed drug targets
in the co-expressed network modules was examined, which lead
to identification of novel potential drug targets.

Results
Co-expression network construction and identification of
co-expressed modules

In order to construct a co-expression network we used publicly
available microarray data (GSE3201) of M. tuberculosis strains
under log phase of growth. We sought to obtain informative
co-expression connections by selecting the differentially expressed
genes between at least one pair among 11 strains of M. tuberculosis.
These differentially expressed genes were considered as evidence of
biological variability between any pair of clinical or laboratory
strains. A total of 890 differentially expressed genes were
identified in at least one pair of strains (55 pairs of 11 strains)
of M. tuberculosis by pairwise comparison of groups including
technical replicates for each gene using the Tukey Kramer test
(Padj o 0.001). This included 88% of the differentially expressed
genes as in previously published.36 The coefficient of variance
(CV) of these genes across all samples ranged from 0.11 to
1387.59. More than 90% of these genes had high CV greater
than 0.25. The absolute value of CV expressed in percent units
in log10 scale is displayed in Fig. S1 (ESI†). All genes exhibiting
high variation in expression were captured in the set of differ-
entially expressed genes.

Weighted gene co-expression network was constructed with
default parameters in WGCNA and produced 7 co-expression
modules using topological overlap based average hierarchical
clustering. These modules were labelled by a unique colour.
To further investigate the relationships between modules,
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we computed module eigengene (ME) which is the first principal
component of each module.37 Modules with highly correlated
MEs were merged together.37 The Pearson’s Correlation Coeffi-
cient (PCC) was computed between the MEs of each module.
The ‘Yellow’ module was merged into ‘Turquoise’ module (PCC
between MEs = 0.77, P-value o 0.0001) and the ‘Green’ module
was merged into ‘Brown’ module (PCC between MEs = 0.72,
P-value o 0.0001). The gene dendrogram and heatmap of
correlation between MEs before and after merging the modules
are shown in Fig. S2 (ESI†). Thus, we obtained 5 co-expressed
modules namely ‘Turquoise’, ‘Brown’, ‘Blue’, ‘Red’ and ‘Black’.
The heatmap of topological overlap values between pairs of
890 genes in 5 co-expressed modules is displayed in Fig. 1. It is
evident that co-expressed genes within same module have high
topological overlap (red colour). These 5 modules together
contained 825 genes (‘Turquoise’ = 322, ‘Brown’ = 208, ‘Blue’ =
154, ‘Red’ = 94 and ‘Black’ = 47). The remaining 65 genes had no
correlation in expression with any other gene in the different
modules. Thus, 92.69% of the differentially expressed genes among
11 strains were captured into the 5 co-expressed modules.

Pathway enrichment analysis

To examine biological relevance of co-expressed modules
pathway enrichment analysis of the genes in these modules
was carried out using functional annotation clustering of

The Database for Annotation, Visualization and Integrated Discovery
(DAVID).38,39 The results are shown in Fig. 2 (detailed list in
Table S1, ESI†). It was found that all 5 modules are significantly
enriched with at least one biological process. The ‘Turquoise’
module containing 322 genes showed enrichment in fatty acid
biosynthesis, cell membrane, intracellular non-membrane bound
organelle (ribosomes) and DNA replication. The ‘Brown’ module
with 208 genes showed enrichment in Quinone (subunits of
NADH dehydrogenase) and cell membrane. The ‘Blue’ module
with 154 genes showed enrichment in cell shape and peptido-
glycan biosynthesis biological processes. The ‘Red’ module
containing 94 genes showed enrichment in ribosome and
structural constituents of ribosome biological process. The ‘Black’
module with 47 genes showed significant enrichment in trans-
position. The fold enrichment ranged from 1.91 to 98.56 and was
significant (P value o 0.01, FDR o 5%).

In silico comparison of co-expressed modules with
other data sources

Next we compared the co-expressed pairs with those of Trans-
criptional Regulatory (TR) network40 and of Search Tool for the
Retrieval of Interacting Genes/Proteins (STRING) database.41

The co-expressed connections, which are common to these data-
sets could be treated as high confidence co-expressed connections.

Comparison with transcriptional regulatory network. The
updated version of transcriptional regulatory network of
M. tuberculosis was published recently, which was constructed
from experimental data reported in the literature.40 Compari-
son of co-expressed network connections with regulatory net-
work could be viewed as corroborating evidence. Eight sigma
factors (SigE, SigB, SigM, SigF, SigG, SigC, SigH and SigK)
appeared among the regulators regulating the expression of
genes with co-expression relations. The ‘Turquoise’ module had
43 and 38 genes under regulation of SigE and Rv0348, respectively.
The number of target genes of major transcriptional regulators in
5 modules, are displayed in Fig. 3 and the complete list is given in
Table S2 (ESI†). On the basis of regulatory information, genes
under common regulation in ‘Turquoise’ module formed 3221
unique pairs whereas ‘Brown’, ‘Blue’, ‘Red’ and ‘Black’ module
formed 1948, 818, 423 and 2 unique pairs, respectively.

Among these 8 sigma factors, SigE regulates 110 genes in all
5 modules, which is 39.01% of all genes regulated by SigE in TR
network. The proportions of other transcriptional regulators
are displayed in Table S3 (ESI†). Out of 83 regulators regulating
1598 genes in the TR network, we could map 398 differentially
expressed genes in 5 co-expressed modules to 62 regulators,
which represent 74.6% of the total number of regulators of the
TR network. It was determined if these data were significantly
under- or over-represented with respect to the background
proportion of genes regulated by a given regulator in TR network
using a one-tailed Fisher’s exact test (Table S4, ESI†). Except for
SigM and Zur, there is significant under-representation of
co-expressed genes under all major regulatory groups. These
results show that the differentially expressed genes with
co-expressed relations in this list of strains are under-represented
in the group of known major regulators. This is perhaps due to

Fig. 1 Heatmap view of topological overlap of co-expressed genes in different
modules. The heatmap was generated from topological overlap values between
genes. The genes were grouped in modules labelled by a colour code, which are
given under gene dendrogram on both sides. The colour inside matrix ranges
from light yellow to red. Light yellow corresponds to low topological overlap
whereas red colour corresponds to high topological overlap. The topological
overlap is high among genes of same module. Genes in the ‘Black’ module showed
highest topological overlap.
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limited knowledge on the functional role of a small percent of
M. tuberculosis proteins.40 It is noteworthy that the constitutively
expressed SigA group of genes does not appear in this list. In
addition, it is also interesting to note that the regulators SigE,
SigF, SigH and MprA regulating target genes in co-expressed
network are involved in persistence of M. tuberculosis.42

Comparison with STRING data. The STRING database provides
information about protein association on the basis of multiple
categories including genomic neighbourhood, phylogenetic
co-occurrences, gene fusion and conserved co-expression.41 We
investigated these co-expressed connections with gene pairs
reported in the STRING database at high confidence score of 0.8.

Initially it was examined whether the common connections
of co-expressed modules with the STRING database is higher
than the connections obtained from gene lists selected by
random sampling of same sample size of each module. The
random sample selections were performed 1000 times for each
case. The results are displayed in Table S5 (ESI†). At very high
confidence (score 4 0.8) it was observed that the co-expressed
modules had significantly high common connections with
STRING compared with random sampling. Therefore, some of
the co-expressed connections are in agreement with STRING
data at high confidence score.

The connections in modules common with the STRING
database (high confidence 0.8) are displayed in Table S6 (ESI†).

There were 388 pairs of connections in ‘Turquoise’ module,
150 pairs in ‘Brown’ module, 37 pairs in ‘Blue’ module, 51 gene
pairs in ‘Red’ module and 9 pairs in ‘Black’ module. The pie
chart of distribution of these data is displayed in Fig. 4. It is
evident that after either text mining or knowledge, ‘conserved
genomic neighbourhood’ is the dominant characteristic in
agreement with coordinately expressed genes in ‘Turquoise’,
‘Brown’, ‘Blue’ and ‘Red’ modules. In the ‘Black’ module ‘con-
served genomic neighbourhood’ is highly dominant.

Extracting reliable co-expression connections between genes

Since the dataset used for network construction was small
therefore an integrative approach was used for extraction of
co-expressed connection. We included connections supported
by data either from TR network or from STRING. In case of
support from STRING we used a confidence score of 0.8 as it
includes very high confidence common connections between
co-expressed genes and STRING data. Among the unsupported
connections, we selected those with edge weights greater than
0.08 because they were highly correlated. More than 99% of
these connections had absolute PCC Z 0.6 and P-value o 0.0005,
Fig. S3 (ESI†). It is probable that unsupported connections with
high statistical correlations may result from as yet unknown
regulatory mechanisms. The gene co-expression networks thus
reformulated in different modules are shown in Fig. 5 and the

Fig. 2 Enriched biological processes in co-expressed modules according to DAVID. All 5 co-expressed modules showed enrichment in some biological processes. The
gene count and fold enrichment of specific terms are plotted (terms include SP_PIR keywords, Gene Ontology and KEGG pathways using DAVID database (see Table S1,
ESI† for detail). Blue bars represent counts of genes and red bars represent fold enrichment.
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detailed list of co-expressed genes along with connection
weights in all modules are displayed in Table S7 (ESI†). The
largest reliable network containing 280 genes with 4381 con-
nections was extracted from the ‘Turquoise’ module. Overall we
obtained a total of 8700 connections between 690 genes across
5 modules. The statistics of all supported and novel connec-
tions with high correlation in all modules is shown in Table 1.

Hub genes identification in co-expressed modules

Next, we identified hub genes in these modules. The hub genes
in biological networks have a tendency to be essential and could
be used as promising candidates for drug targets.43 In literature,
different criteria were used for hub gene identification such as
small number of highly connected nodes in scale-free network,43

genes having highest correlation with module eigengene (ME)44

and high intra-modular connectivity.20,45 We identified top hub
genes in the network by considering the intersection of high
intra-modular connectivity20,45 (kwithin, sum of adjacency connec-
tion strengths from all extracted connections) from the modules,
strong Pearson’s Correlation coefficient (PCC) with ME44 and the
connectivity of genes in the extracted module (kextracted). In the
case of top 250 genes from each of the three criteria we identified
44 hub genes in ‘Turquoise’ module, 23 in ‘Brown’ module, 18 in
‘Black’ module, 3 in ‘Blue’ module and one in ‘Red’ module.
Thus, a total of a total of 89 hub genes were identified with at
least one hub gene from each module. These results are

displayed in Table S8 (ESI†). The top 10 hub genes sorted
according to linear sum of median absolute deviation based
modified z-score included trpC (Rv1611), nadC (Rv1596), pitA
(Rv0545c), atpA (Rv1308), Rv3404c, pknA (Rv0015c), Rv0996, purB
(Rv0777), Rv2106 and Rv0796. The numbers of hubs constitute
12.89% of total number of genes in all modules, which is more
conservative compared to Yu et al.46 (2007) because we used
multiple criteria taken together.

In silico evaluation by knock down of hub genes in metabolic
reconstruction of M. tuberculosis

In order to further examine the implication of the co-expressed
connections, we carried out flux balance analysis to simulate
growth of M. tuberculosis using the metabolic reconstruction
model iNJ661 obtained from the BiGG database.47,48 Our aim
was to analyze correlated fluxes between reactions catalyzed by
co-expressed gene products. iNJ661 is metabolic reconstruction
of M. tuberculosis (in silico) composed of 661 genes and corre-
sponding to 939 metabolic reactions. We overlaid the genes
present in iNJ661 on the co-expression network and extracted
sub-networks of metabolic genes. The largest metabolic sub-
network was extracted from the ‘Turquoise’ module containing
74 genes and displayed in Fig. 6. The metabolic sub-networks in
other modules contained 42 genes in the ‘Brown’ module,
26 genes from the ‘Blue’ module and 8 genes in the ‘Red’
module. We used the metabolic sub-network of the ‘Turquoise’

Fig. 3 Genes under common regulation in different modules due to transcriptional regulation. The number of co-expressed genes regulated by a common
transcriptional regulator is shown in different modules as stacked histograms. The histograms are coloured according to the module colour. The data for major
regulators are shown here and the detailed list is given in Table S2 (ESI†). The regulators involved in persistence state of M. tuberculosis are encircled.
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module and knocked down top 15 reactions (of highly con-
nected metabolic genes), which carried flux in wild type growth
simulation. The results are displayed in Table 2. Of 12 cases, the
fluxes had changed for more than 50% of connected reactions
in 11 cases.

In silico knock down of hub genes. The Rv1611 (trpC) is a
hub in the ‘Turquoise’ module, which encodes indole-3-glycerol
phosphate synthase (IGPS) catalyzing the reaction [1-(2-carboxy-
phenylamino)-1-deoxy-D-ribulose 5-phosphate - 1-C-(indol-3-yl)-
glycerol 3-phosphate + CO2 + H2O] in the Tryptophan Biosynthesis
pathway. This is an essential gene.49 In the co-expressed network
trpC (IGPS) has 44 co-expressed metabolic genes associated with
80 reactions in iNJ661. We constrained the flux of IGPS by gradual
decrease of 2% to 99% of wild type flux to identify correlated flux
patterns of reactions associated with its co-expressed partners.
The results are displayed in Fig. 7A. A total of 46 out of
80 reactions had their fluxes altered on reducing wild type flux
of IGPS. In other cases the fluxes remained unchanged. Out of
46 reactions, 32 reactions showed linear declining pattern and
14 reactions showed change in flux in a non-linear relationship.
A striking example is that of PGK (phosphoglycerate kinase),
which had constant flux until 90% of reduction in IGPS flux
and then falls sharply. Overall, 57.5% of reactions connected to
IGPS showed change in flux.

The gene Rv2935 codes for phenolpthiocerol synthesis type-I
polyketide synthase (R_PREPTHS) which catalyzes the reaction

[eicosanoyl-ACP + 14H + 2malonyl-CoA + 2(S)-methylmalonyl-
CoA + 10NADPH - 2CO2 + 4COA + 5H2O + NADP + phenolic
phthiocerol precursor bound ACP], which participates in lipid
metabolism. Rv2935 has 28 connected genes in the network,
participating in 40 reactions. 24 out of 40 reactions had changed
fluxes with progressive reduction in PREPTHS flux. The results
are displayed in Fig. 7B. A total of 17 of these linked reactions
followed a pattern of linear reduction of flux. These reactions
include some important reactions catalyzed by IGPS, inorganic
phosphate transport (Pit), adenylsuccinate lyase (ADSL1r, purine
salvage pathway50), and malonyl-CoA-ACP transacylase (MCOATA,
fatty acid biosynthesis51). Another 7 reactions changed their flux
non-linearly, including phosphoglycerate dehydrogenase (PGCD),
3-oxoacid CoA-transferase (OCOAT1r) and formate dehydrogenase
(FDH). A total of 60% of connected reactions changed their fluxes
with knock down of PREPTHS.

The gene Rv1437 codes for phosphoglycerate kinase (PGK)
catalyzing the reaction [ATP + 3-phospho-D-glycerate 2 ADP +
3-phospho-D-glyceroyl phosphate]. This gene is co-expressed
with 27 metabolic genes, participating in 55 reactions. 30 out of
55 reactions had altered fluxes with progressive reduction in flux of
PGK. The results for correlated fluxes are displayed in Fig. 7C. Out
of 30 linked reactions, the fluxes of 22 reactions reduced linearly
and 8 non-linearly. Reduction in PGK flux showed linear reduction
in the fluxes of some important reactions such as Pit, transketolase
(TKT1, non-oxidative branch of pentose phosphate pathway52),

Fig. 4 Co-expressed connections supported by STRING data in the different modules. The co-expressed connections of each module were compared with the STRING
database above high threshold (0.8) and common connections were scored. Pie charts for each module show the percentage distribution of co-expressed connections
in different STRING categories: genomic neighborhood, phylogenetic co-occurrences and gene fusion, conserved co-expression, homology, knowledge and text
mining information.
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diaminopimelate epimerase (DAPE, bacterial peptidoglycan53),
malonyl CoA-ACP transacylase (MACOATA). A total of 65.4% con-
nected reactions changed their fluxes with knock down of PGK.

The in silico knock down results of remaining reactions are
displayed in Fig. S4 (ESI†) and are summarized in Table 2. These
reactions include MYCSacp50 (Rv2246, mycolic acid synthase),

Fig. 5 Cytoscape visualization of extracted co-expression modules. Extracted topological connections between co-expressed genes include supported connections
either by TR network or STRING data or high weighted connections (topological overlap 40.08). Node size was scaled by the number of co-expressed genes
connected to it in each module. (A) ‘Turquoise’ module, (B) ‘Brown’ module, (C) ‘Blue’ module, (D) ‘Red’ module and (E) ‘Black’ module.
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MCOATA (Rv2243, malonyl CoA-ACP transacylase), ADSL1r (Rv0777,
adenylsuccinate lyase), FAS100 (Rv1484, fatty acid synthase), CHPRL
(Rv2949c, chorismate pyruvate lyase), MEPCT (Rv3582c, 2C-methyl-
D-erythritol-4-phosphate cytidylyltransferase), MDH (Rv1240, malate
dehydrogenase), UAMAS (Rv2152c, UDP-N-acetylmuramoyl-L-alanine
synthetase) and DAPE (Rv2726c, diaminopimelate epimerase). In
these cases also the flux of reactions associated with co-expressed
genes was altered. It is noteworthy that in case of knock down
of FAS100 (Rv1484) and CHPRL (Rv2949c) the fluxes of 78% and
67% of connected reactions were altered respectively. There-
fore, these genes are likely to be important even if not found
essential for growth of M. tuberculosis. It is known that the
ortholog of Rv1484 is essential in E.coli.35 In the cases of knock

down of other reactions including Pit (Rv0545c, inorganic
phosphate transporter), CYOb1 (Rv1451, cytochrome C oxidase)
and MDH (Rv1240, malate dehydrogenase) the fluxes of other
linked reactions were not altered. These results show that the
system can grow without Pit, MDH and CYOb1 because they are
not essential for growth.49 In this context there are alternative
pathways in M. tuberculosis, which can maintain phosphate
transport.54 The Pit system however is energy efficient and
therefore it could be useful in energy limiting conditions.54

Distribution of essential genes in co-expressed modules

We next sought to probe whether essentiality is an attribute
emerging from this network architecture. We mapped the infor-
mation on essentiality obtained from TraSH data and essentiality
data from TDRtargets database to the genes in the 5 modules
whose connections had either complementary supported or higher
edge weight of topological overlap.35,49 TraSH data includes data
from gene knock outs based essentiality studies in M. tuberculosis
and TDRtargets also had assembled data on essentiality for
orthologous genes in different species. We obtained a list of 880
essential or ‘important’ genes, which is the union of these two
datasets. This dataset contains genes shown to be essential and
genes inferred to be ‘important’ for growth based on the evidence
that its ortholog was found essential in other species. Of these
880 essential genes, 208 genes (23.63%) were distributed over

Fig. 6 Sub network of iNJ661 metabolic genes in Turquoise co-expressed module. Genes of co-expressed modules were overlaid on metabolic genes present in
iNJ661 metabolic reconstruction. The largest sub-network of metabolic genes was extracted from the ‘Turquoise’ module. The connections between genes shown are
co-expressed topological connections. The 15 highly connected genes, which were knocked down in silico for analysis are encircled.

Table 1 Characteristics of extracted connections of constructed co-expression
modules

Module
Number
of nodes

Number of
co-expressed
connections
extracted

Supported
co-expressed
connections with
TR and STRING
(% of total)

Number of
connections
with weight
40.08

Turquoise 280 4381 3523 (80.41) 949
Brown 175 2390 1995 (83.47) 487
Blue 114 938 841 (89.65) 115
Red 82 563 442 (78.50) 136
Black 39 428 11 (2.57) 423
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5 co-expressed modules. The ‘Turquoise’, ‘Brown’, ‘Blue’, ‘Red’
and ‘Black’ modules each contain 100 out of 280 (35.71%),
41 out of 175 (23.42%), 36 out of 114 (31.57%), 29 out of 82
(35.36%) and 2 out of 39 (5.12%) essential genes, respectively.
Nearly 1/3rd genes in the modules ‘Turquoise’, ‘Blue’ and ‘Red’,
were essential or ‘important’ under normal growth conditions.
The ‘Turquoise’ module was enriched with essential genes
(one-tailed Fisher’s test exact P-value o 0.01) considering the
background proportions of 880 essential or ‘important’ out of
total 3594 genes in the M. tuberculosis genome considering in
this dataset. The spectrum of the representation of essential
genes in functional categories is shown in Fig. 8. It is evident
that the ‘Turquoise’ module had the essential genes belonging
to intermediary metabolism and respiration, cell wall and
cell processes, information pathways and lipid pathways. The
‘Brown’ module had essential genes belonging to intermediary
metabolism and respiration, PE/PPE, cell wall and cell processes
and information pathways. The ‘Blue’ module had essential
genes belonging to intermediary metabolism and respiration,
PE/PPE and cell wall and cell processes. The ‘Red’ modules had
domination of essential genes from cell wall and cell processes,
PE/PPE and information pathways. It is apparent that the
essentiality attribute emerges from co-expressed genes and
covers several functional categories. However all essential genes
are not appearing in all 5 co-expressed modules. 13 essential
genes are among 65 genes that were not captured into the
co-expressed modules. Other essential genes fall among those
with expression constancy across all 11 strains, which do not
appear in this list.

Mapping known high confidence drug targets on co-expressed
network modules

From the foregoing results, it is apparent that the weighted
genes co-expression network analysis is indeed useful and we
further investigated the potential of this network analysis by
mapping the compiled list of proposed and validated drug
targets31,32 on the extracted modules whose connections are
supported by complementary evidences or have high edge

weight of topological overlap. A total of 152 known drug targets
were mapped in the 5 modules. 70 already proposed drug
targets were found in the ‘Turquoise’ module including the
highly connected hub gene trpC. The average connectivity of
previously known or proposed drug targets in the extracted
modules was 30.40 connections. 98 of these genes had PCC
with their respective MEs in the range PCC Z 0.6 or r�0.6
(Table S9, ESI†). The genes Rv1611 (trpC; probable indole-
3-glycerol phosphate synthase), Rv0545c (pitA; probable low-
affinity inorganic phosphate transporter), Rv1596 (nadC; probable
nicotinate–nucleotide pyrophosphate) and Rv2935 (phenolpthiocerol
synthesis type-I polyketide synthase) are highly connected genes
and are already identified as high confidence drug targets.31 The
gene Rv1484 (inhA; NADH-dependent enoyl-[acyl-carrier-protein]-
reductase) in the ‘Turquoise’ module is an experimentally validated
drug target.55 Other targets include Rv0015c (pknA), a serine
threonine kinase, which is essential and expressed during
exponential growth phase and is important to control cell
shape.56,57 The gene Rv0509 (glutR) is a glutamyl t-RNA reductase,
which is involved in tetrapyrrole biosynthesis C5 pathway, is
essential in M. tuberculosis and it is also identified as drug
target by other approaches.31,32,49,58

Identification of novel potential drug targets

Because of the gain in confidence of the foregoing analysis,
we selected many other genes in the four network modules
(‘Turquoise’, ‘Brown’, ‘Blue’ and ‘Red’) having more than 30.40
connections, which is the average connectivity of high con-
fidence drug targets, and lack of similarity to human proteins.
We excluded the ‘Black’ module for drug target identification
because it mainly contains transposable elements. Essentiality
was also considered as criteria for drug target identification.
The flow diagram showing this approach is displayed in Fig. 9.
A total of 146 novel genes were selected from these modules,
which had connectivity greater than 30. After filtering out non-
essential genes and homologous proteins with human, we
obtained a list of 24 essential genes.35,49 To further explore the
importance of these genes we used their correlation of expression

Table 2 Correlated fluxes of reactions associated with highly connected co-expressed metabolic genes from in silico knock down analysis in the metabolic
sub-network from ‘Turquoise’ module

Gene Reaction

Number of
connected
metabolic genes

Number of
connected
reactions

Linearly
correlated
fluxes

Non-linearly
correlated
fluxes

% of
altered
reactions

Rv1611 (trpC) Indole-3-phosphate glycerol synthase 44 80 32 14 57.5
Rv0545c (pitA) Inorganic phosphate transport 28 61 0 0 0
Rv2935 (ppsE) Phenolic phthiocerol precursor synthesis 28 40 17 7 60.0
Rv1437 (pgk) Phosphoglycerate kinase 27 55 22 8 65.45
Rv2243 (fabD) Malonyl CoA ACP transacylase 18 38 22 8 78.94
Rv2246 (kasB) Mycolic acid synthase 18 38 22 8 78.94
Rv0777 (purB) Adenylsuccinate lyase 17 40 19 12 77.5
Rv1240 (mdh) Malate dehydrogenase 17 32 0 0 0
Rv1451 (ctaB) Cytochrome c oxidase 12 26 0 0 0
Rv1484 (inhA) Fatty acid synthase 12 23 16 2 78.26
Rv2949c Chorismate pyruvate lyase 13 24 11 5 66.66
Rv1449c (tkt) Transketolase 12 16 0 2 12.5
Rv3582c (ispD) 2C-methyl-D-erythritol-4-phosphate cytidylyltransferase 14 19 6 4 52.63
Rv2152c (murC) UDP N-acetylmuramoyl-L-alanine synthetase 6 8 6 0 75.00
Rv2726c (dapE) Diaminopimelate epimerase 5 7 4 1 71.42
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Fig. 7 Correlation of fluxes of reactions associated with co-expressed genes by in silico knock down of top 3 highly connected genes in metabolic sub-network. The wild
type flux of reaction associated with highly connected genes was constrained by gradual decrease of 2% to 99%. The left panel shows linearly correlated flux patterns of
reactions associated with co-expressed genes after flux reduction in the respective nodes. The right panel shows non-linear flux patterns of reactions after flux reduction
of reaction associated with co-expressed genes. X-axis: proportion of wild type flux of respective nodal reaction at the knockdown state; Y-axis: flux of reactions associated
with co-expressed genes to the respective node. (A) Rv1611 (IGPS) knock down, (B) Rv2935 (PREPTHS) knock down and (C) Rv1437 (PGK) knock down.
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with those of module eigengenes (MEs) as a measure of
module membership and high connectivity of the genes in the
co-expressed module. The genes which show the higher correla-
tion (PCC in the range Z0.6 or r�0.6 and P-value o 0.05) with
MEs were proposed as promising drug targets. A total of 15
essential genes passed these criteria. The results are displayed in
Table 3. These genes include Rv2846c (efpA; possible integral
membrane efflux protein), Rv0709 (rpmC; probable 50s ribosomal
protein L29), Rv0651 (rplJ; probable 50s ribosomal protein L10),
Rv3457c (rpoA; probable DNA-directed RNA polymerase alpha
chain), Rv3824c (papA1; probable conserved polyketide synthase
associated protein), and Rv0780 (purC; phosphoribosylamino-
imidazole-succinocarboxamide synthase).

Several lines of evidences through other studies point towards
the importance of these genes. The gene efpA (Rv2846c) codes for
a drug efflux pump protein. Deletion of this gene in M. smegmatis
showed increased susceptibility to some antibiotics such as
fluoroquinolones but also had effect on susceptibility to rifampicin,
isoniazid and chloramphenicol.59 The gene papA1 (Rv3824c) is
one of the two polyketide synthases, essential for sulfolipid-I
biosynthesis in M. tuberculosis.60 The genes mmpL3 (Rv0206c)
and mmpL10 (Rv1183) are functional in lipid transport.61 The
proteins Rv3478 in combination with Rv2875 and Rv1886 has
been identified as an important vaccine candidate that has

been shown to reduce bacterial burden in vaccinated mice.62

Induction of antisense expression of rplJ (Rv0651) showed
marginal growth inhibition, which corresponds to conditional
inactivation of the gene.63 PE15 (Rv1386) was identified as an
important candidate in host pathogen interaction and has been
shown to participate in evading host immune response.64 The
compensatory mutations in rpoA (Rv3457c) and rpoC were identi-
fied as restoring the fitness of rifampin resistance bacteria with
mutation in rpoB.65 The purine biosynthetic pathway gene purC
(Rv0780) in M. tuberculosis and M. bovis BCG has been shown to be
required for in vitro multiplication within mouse bone marrow
derived macrophage.66,67

Discussion

Gene expression is a fundamental biological process of trans-
cribing the genome. The mechanism of regulation of gene
expression initiated by the spectacular work of Monod and his
colleagues has since then occupied the central stage in molecular
biology.68 The advent of genomics, microarrays and development
of co-expression network analysis algorithms led to the identifi-
cation of the network connections between the genes in the
biological systems. Currently, most of the expression data is from
microarrays and as they have inherent noise, extracting reliable

Fig. 8 Distribution of essential or ‘important’ genes in 5 modules. We used TraSH data by Sassetti et al.49 and TDRtargets database35 to compile a list of essential or
‘important’ genes. The distribution in co-expressed modules is shown according to the Tuberculist functional categories. The modules containing enrichment of
essential or ‘important’ genes are encircled.
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information is somewhat challenging. In addition, limited
sample availability in the case of pathogens compounds the
problem further. One way to deal with these issues is to pre-
process the microarray data to filter out noise by removing the
samples that do not cluster within homogeneous groups. This
exercise could reduce the risk of accruing spurious connections
in the network.

At the second layer of filter we considered gene expression
correlations arising from regulative patterns over constitutive
gene expression. A given pair of genes with differential expres-
sion between any pair of strains but having highly correlated
expression profiles is likely to be under common regulation.
Here we selected differentially expressed genes as evidence of
biological variability between any pair of clinical or laboratory
strains. At the next level we tested whether co-expressed modules
showed enrichment of biological processes. All 5 modules
showed enrichment with at least one biological process. Genes
belonging to DNA replication, to subunits of NADH dehydrogenase,
ribosomal subunits and to transposition were identified in
different modules of co-expressed genes through enrichment
analysis. It is known that the components of these functional
units perform their functions together and therefore the
co-expression of their genes fits their normal cellular roles.

To overcome the disadvantage of small sample size of micro-
array data we integrated the data from TR network and STRING
dataset. Furthermore, we used flux balance analysis in order to
examine the correlated fluxes between reactions of co-expressed
genes. Together, integration of gene co-expression network with
TR network, STRING data and flux balance analysis emerges as
useful in providing reliable insights into the gene expression
architecture of M. tuberculosis.

A highly co-expressed module is the ‘Black’ module, which
contains genes functioning in transposition. This module is
distinct from others in that the genes within this module are
tightly linked to each other and are highly co-expressed. In
addition, their connections to other genes plcA, plcB and plcC
functioning in ether lipid metabolism within the ‘Black’ module
are well supported through genomic evidence in that some of the
transposable elements reside within these genes.69 As transposi-
tion is known to introduce polymorphism in the genome, tight
co-ordination among themselves and distinctness from others
indicate an apparently independent system for propelling varia-
tions in the bacterial population.

Other co-expressed connections, which were not supported by
the known TR network, STRING data and flux balance analysis,
might be due to other biological consequences such as unknown

Fig. 9 Flow diagram for identification of candidates for novel drug targets following gene co-expression networks analysis.
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transcriptional regulation or similar local DNA conformation in
the upstream promoter regions, or arrangement in unknown
operons. It is noteworthy that in this work, the co-expression
relationships among genes across multiple strains of M. tuberculosis
are in exponential growth conditions. Changing the growth condi-
tions such as growth in the presence of host cells or tissues could
lead to a different scenario. Therefore, co-expression connections
are state dependent and underlie the physiological constitution in
response to a given state of environment.

Several methods have been implemented to construct gene
co-expression networks using gene expression data to identify
drug targets, biomarkers and essential genes.7,14,70 In our approach
we have additionally integrated the co-expression network with
transcriptional regulation and with high confidence STRING
association. Additionally we performed in silico growth simula-
tion to identify correlated fluxes of co-expressed genes associated
with metabolic reactions using flux balance analysis. Several
methods have been used in literature for hub genes identification
such as connectivity in scale-free network,43,71 intra-modular
connectivity in gene co-expression networks44,45 and correlation
with module eigengene.45 We used all three criteria including
node connectivity, intramodular connectivity and correlation
with module eigengene as conservative approach, by considering
multiple characteristics for hub genes identification. This
approach maximizes the use of different characteristics of the
networks. We also integrated known essentiality data to identify

novel drug targets. To reduce risk of toxicity we excluded all
genes with orthologs in humans. It is generally realized that
intermediate hubs may be better targets than top level and low
level hubs because they are less likely to cause toxicity when
targeted.72 The novel drug targets identified in this work could
meet this requirement because not all have very high PCC with
respective module eigengenes and their connectivities are in
the range of 32–93, which fall in middle level hubs.

Hub genes are attractions for network biologists because
they are important nodes in networks, which could be used as
drug targets.3,4,71 Therefore, we have used these co-expression
network modules to identify such nodes. If hubs are crucial for
the normal cellular functions, then known essential genes and
already proposed drug targets should appear as hubs in the
networks. To this end we were able to locate some essential
genes and already known or proposed drug targets as hubs in
the co-expression modules. Hubs may generate through growth
of preferential attachment over evolutionary time scale.71 The
hub gene Rv1611 (trpC) belongs to the tryptophan biosynthesis
pathway. Tryptophan is required for survival and replication
and is the most costly and irreplaceable amino acid to be
synthesized.71,73 These data show that tryptophan is not easily
substituted and therefore points to its high irreplaceable status.74

These features qualify the gene Rv1611 (trpC) of the tryptophan
biosynthesis as very crucial and therefore it appears as a hub in
the co-expression network. Other highly connected genes such as

Table 3 Novel potential drug targets

RvIDS

PCC with module
eigengene
(ME) (Pvalue) Kextracted Function Information from literature mining

Module
name

Rv0709 (rpmC) 0.65 (6.7 � 10�06) 93 Probable 50s ribosomal protein L29 Turquoise
Rv3824c (papA1) �0.68 (1.68� 10�06) 91 Probable conserved polyketide

synthase associated protein
Involved in sulfolipid-I biosynthesis60 Turquoise

Rv3478 0.64 (1.37 � 10�05) 87 PE family protein Identified as important vaccine candidate62 Turquoise
Rv0651 (rplJ) 0.81 (4.24 � 10�10) 81 Probable 50s ribosomal

protein L10
Conditional inactivation showed marginal
growth inhibition63

Turquoise

Rv1386 0.68 (2.11 � 10�06) 68 PE family protein Role in host pathogen interaction and
has been shown to aid in evading host
immune response64

Turquoise

Rv1610 0.76 (1.61 � 10�08) 67 Possible conserved membrane
protein

Turquoise

Rv2846c (efpA) 0.85 (6.70 � 10�12) 62 Possible integral membrane
efflux protein, involved in
antibiotic resistance59

Deletion of this gene showed increased
susceptibility to some antibiotics such
as fluoroquinolones59

Turquoise

Rv1183 (mmpl10) �0.76 (3.28 � 10�08) 58 Probable conserved
transmembrane transport
protein

Involved in lipid transport61 Turquoise

Rv3457c (rpoA) 0.78 (7.49 � 10�09) 54 Probable DNA-directed RNA
polymerase (alpha chain)

Mutation in rpoA–rpoC restore the fitness
of rifampin resistance bacteria which carries
the mutation in rpoB65

Brown

Rv0227c �0.6 (4.90 � 10�05) 43 Probable conserved membrane
protein

Turquoise

Rv3429 0.67 (3.28 � 10�06) 42 PPE family protein Brown
Rv0780 (purC) �0.65 (6.96 � 10�06) 35 Phosphoribosylaminoimidazole-

succinocarboxamide synthase
Involved in purine biosynthetic pathway and
has been shown to be required for in vitro
multiplication within mouse bone marrow
derived macrophage66,67

Turquoise

Rv3426 0.6 (6.22 � 10�05) 34 PPE family protein Brown
Rv0206c (mmpL3) 0.64 (1.23 � 10�05) 32 Possible conserved transmembrane

transport protein
Involved in lipid transport61 Turquoise

Rv3477 (PE31) �0.61 (3.75 � 10�05) 32 PE family protein Red
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inhA and papA1 are involved in the biosynthesis of fatty acid
and sulfolipid-I specific to M. tuberculosis. This network of gene
co-expression patterns likely constitutes normal functioning
cell and is likely required for stability of the system by forming
the core of the basic life support in M. tuberculosis.

Conclusion

We constructed weighted gene co-expression network of
M. tuberculosis in exponential growth phase using differentially
expressed genes between at least one pair of strains and identified
5 co-expressed modules. Co-expressed modules showed functional
enrichment with lipid biosynthesis, subunits of protein complexes
such as ribosomal proteins and NADH dehydrogenase and trans-
posable elements. The transposable elements were captured in a
distinct module along with other ether lipid pathway genes, which
reside in the same genomic location. In silico knock down of
15 highly connected genes revealed correlated fluxes in 11 cases
more than 50% of co-expressed genes in the metabolic network
with connections either supported by transcriptional regulation
or high confidence score from STRING or high edge weights of
topological overlap (40.08). Some essential genes and proposed
drug targets appear in top hub genes. Additional novel drug
targets were identified including papA1, efpA, rplJ rpmC, rpoA,
purC, mmpl10 and mmpl3.

Material and methods
Data set acquisition and pre-processing

Microarray gene expression data on M. tuberculosis were collected
from GEO (Gene Expression Omnibus) database.75 Among the
duplicate ORFs, entries with a higher number of missing values
across the samples were removed. The GSE3201 dataset was
found to contain an expression profile of 10 clinical isolates and
2 laboratory strains of M. tuberculosis H37Rv and H37Ra.36 This
replicated array consists of 48 samples. The GSE3201 data was
already normalized to render data from all slides onto the same
scale.36 The boxplot of all samples is displayed in Fig. S5 (ESI†).
Subsequently, sample clustering was performed using average
method of hierarchical clustering using the hclust function in R76

to detect and remove sample outliers. From a total 48 samples,
two samples were found outliers and were removed. Further,
samples having at least two technical replicates of each biological
sample clustered in a common fork were selected. Technical
replicates not clustering together were removed in order to
reduce noise. This left us with expression data on 3594 ORFs on
38 samples of 11 strains for network construction. The hierarchical
clustering of samples is displayed in Fig. S6 (ESI†).

Identification of differentially expressed genes between strains

The genes under unexpressed category in the data36 were
removed. We have considered differentially expressed genes
between the strains to construct the weighted gene co-expression
network. Therefore, the present approach focuses on the genes
varying in expression across the strains. This approach has merit
of identifying genes with informative correlation, in contrast to

constitutively expressed genes showing spurious correlations.
Therefore, pairwise comparison for all 11 groups (for differential
expression of the genes) was carried out, wherein each group
represents technical replicates of a strain. Since several samples
had been removed from the study, the groups had unequal
sample size. Each group of strain contains a minimum of two
replicates and maximum of four replicates. The pairwise com-
parison for analysis of variance in unequal sample size was done
by the Tukey Kramer test.77 The test is based on the assumption of
normal distribution of data and homogeneous variance in groups.
The Anderson–Darling test was used to check the normality of
the data and Levene’s test was used to asses homogeneity of
variances.78,79 The data was normally distributed and the
variance in the groups was homogeneous. We obtained a list
of 890 genes, which were differentially expressed between at
least one pair of strains by setting a (type I error rate) to 0.01
and then selecting the pairs, which had significant difference
in expression value at P o 0.001.

Construction of co-expression network

The weighted gene co-expression network was constructed
using WGCNA (‘‘Weighted Co-expression Network Analysis’’)
package.20 The Karl Pearson’s correlation coefficient (PCC) was
used for finding pairwise correlations. Similarity (Sij) in correla-
tion between ith gene and jth gene was calculated using the
following equation.21 The absolute value of Pearson’s correla-
tion coefficient was used, therefore the network is unsigned.

Sij = abs|cor(Xi � Xj)|

where, Xi = log (base = 2) ratio of expression of the ith gene
across the samples, Xj = log (base = 2) ratio of expression of the
jth gene across the samples, cor = Karl Pearson’s correlation
coefficient and abs = absolute value.

To render the network scale free, values in the similarity
matrix were raised to a soft thresholding power 9. At this
thresholding power the model was fitted with R2 value 40.85
(Fig. S7, ESI†). This similarity matrix was transformed into the
adjacency matrix. The adjacency matrix was then transformed
into the Topological Overlap Measure (TOM), which is considered
as a robust measure of co-expression.21 Topological overlap
considers both correlation between expression profiles of genes
and sharing of the neighbourhood. The TOM matrix was used
as measure of dissimilarity for clustering the genes using
hierarchical clustering into distinct modules.20,21 The weight
of co-expressed connection is the topological overlap between
genes. The modules were produced by cutting the branches at
height of 0.99 using dynamic tree cut method in WGCNA. The
minimum cluster size in the network was 30 genes. The
modules having strong correlations (PCC Z 0.6 or r�0.6)
between module eigengenes (MEs) were merged.

Identifying enriched pathways in modules

Biological processes that correspond to the observed co-expression
modules and enrichment of biological processes in the identified
modules were analyzed using functional annotation clustering
of The Database for Annotation, Visualization and Integrated
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Discovery (DAVID).38,39 Gene ontology, Swiss-Prot Protein Infor-
mation Resource (SP_PIR) Keywords and Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathways were used for enrich-
ment analysis.80,81 Annotation clustering stringency was set to
‘‘high’’ in order to identify significant enrichment in pathways,
as it is likely that the co-expressed genes may function in a
linked pathway or might be co-regulated. All those modules,
which were enriched with at least one biological process with
P value o 0.05 and FDR (False Discovery Rate) o 5% were
selected.

In silico comparison with other data sources

Five modules were used for extracting the co-expressed con-
nections. Gene pairs of these modules were cross checked with
the other available data sources including recently published
Transcriptional Regulatory (TR) network and Search Tool for the
Retrieval of Interacting Genes/Proteins (STRING) database.40,41 The
TR network consists of information on co-regulation of genes with
common transcription factors. The over- and under-enrichment of
the major transcriptional regulators in the selected differentially
expressed genes were identified by using one-tailed Fisher’s exact
test. The genes with common regulation were used as a support for
co-expression in identified network modules.

The STRING database contains information about conserved
co-expression, conserved genomic neighbourhood, phylogenetic
co-occurrence, gene fusion, homology, experimental, knowledge
and text mining. These features are likely to cause co-expression
between the genes.

The common connections between genes in the modules
and the STRING data at high confidence score 40.8 were
noted. To assess the statistical significance, random sampling
of genes of same size as modules were taken 1000 times and
number of connected pairs at score 40.8 were noted. The mean
and the 3 SD were calculated corresponding to 99.7% CI. If the
number of common connections between co-expressed genes
were greater than mean + 3 � SD of randomly selected pairs
then it was considered significant.

Extraction of highly co-expressed network modules

Two types of connections in the modules were considered, the
connections supported by other complementary data sources
regardless of their edge weight of topological overlap and high
edge weight above threshold 0.08 which were not supported by
any other data source.

Hub genes identification in extracted networks in all modules

Hub genes were identified by considering three factors: Kextracted

(node degree), Kwithin (sum of adjacencies of connected genes
in extracted modules) and the PCC with module eigengene
(Z0.6 or r�0.6, P-value o 0.05) were selected. We used top 50,
100, 150, 200 and 250 genes from each of 3 criteria and
intersect. We were including at least one hub gene from each
module when intersected top 250 genes. The top 250 genes
from each of the above categories were selected and the inter-
sect of top genes from all categories were considered as hub
genes. The results were sorted in descending order of linear

sum of modified z-score of three factors using Median Absolute
Deviation (MAD).82

z ¼ 0:6745 xi � �xð Þ
MAD

The MAD values were obtained using the MAD function in R.
xi = value according the three factors node degree, Kwithin, and
PCC with MEs. %x = median of the value xi in the corresponding
factor.

In silico knock down of hub genes

The metabolic model iNJ661 was used for the growth simula-
tions.47,48 Flux Balance Analysis was carried out using Optflux.83

Wild type flux for all reactions was calculated by simulating this
model in optimal growth condition. Wild type flux of the reactions
catalyzed by highly connected genes were constrained by decreasing
it by 2%, 5%, 8%, 10%, 20%, 30%, 40%, 50%, 60%, 70%, 80%,
90%, 95%, 97% and 99%. Fluxes of all reactions associated with
co-expressed partners were estimated at each knock down
point. Reactions with altered fluxes (with gradual knock down
of reaction associated with highly connected gene) were divided
into two categories; one following the linear trend of gradual
flux decrease and another following the non-linear trend.

Mapping essentiality data

The data for essential genes was compiled from two different
data sources; transposon site hybridization (TraSH) data of
knock out of M. tuberculosis and TDRtargets data for essentiality
on orthologous genes in other organisms.25,36 The TDRtargets
contains assembled essentiality data for multiple organisms.
The final list of essential or ‘important’ genes was compiled by
union of essential genes from both the data sources. The
enrichment of essential or ‘important’ genes in modules was
determined using one-tailed Fisher’s exact test with respect to
background proportion of essential or ‘important’ genes in the
entire genome.

Mapping known drug targets and identification of
novel drug targets

A list of previously known and proposed drug targets in
M. tuberculosis was compiled from the Raman et al., 2008 and
Anishetty et al. 2005.31,32 This list of proposed drug targets was
mapped on the network modules.

To identify novel potential candidates for drug targets
we used known high confidence drug targets as a positive
dataset. The essential or ‘important’ genes with connectivity
greater than average connectivity of the known dataset and
lacking orthology with human proteins, were selected.84 Ortho-
logous group clustering data was obtained from OrthoMCL
database.85 The genes which had high correlation with MEs
(PCC Z 0.6|r�0.6, P-value o 0.05) were proposed as potential
new drug targets.

All data processing was carried out on R platform.76 Cytoscape
was used for visualizing the gene co-expression networks.86

Functional annotation of the genes was used as reported in
TubercuList database and literature.87
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Abbreviations

R_IGPS Indole-3-phosphate glycerol synthase
R_UGMAS; R_UAMAS

UDP-N-acetylmuramoyl-L-alanine
synthetase

R_PREPTHS, R_PREPTHS2
Phenolic pthiocerol precursor synthesis

R_MEPCT 2C-methyl-D-erythritol-4-phosphate
cytidylyltransferase

R_MYCsacp50, R_MYCSacp56, R_MYCSacp58
Mycolic acid synthase

R_DAPE Diaminopimelate epimerase
R_CHRPL Chorismate pyruvate lyase
R_FAS100, R_FAS120, R_FAS140, R_FAS160, R_FAS161,

R_FAS180, R_FAS200, R_FAS260,
R_FAS80_L, R_FAS240_L
Fatty acid synthase

R_DASYN160, R_DASYN160190
CDP-diacylglycerol synthetase

R_MCOATA Malonyl CoA-ACP transacylase
R_MDH Malate dehydrogenase
R_Pit Inorganic phosphate exchange diffusion
R_PGK Phosphoglycerate kinase
R_CYO1b Cytochrome C oxidase 2 protons
R_G3PD1 Glycerol-3-phosphate dehydrogenase NAD
R_PGCD Phosphoglycerate dehydrogenase
R_GLNS Glutamine synthetase
R_ADSL1r Adenylsuccinate lyase
R_ADSL2r Adenylosuccinate lyase
R_TKT1, TKT2 Transketolase
R_PDH Pyruvate dehydrogenase
R_PRASCS Phosphoribosylaminoimidazole-succino-

carboxamide synthase
R_GLUSy Glutamate synthase NADPH
R_DHFR Dihydrofolate reductase
R_OCOAT1r 3-Oxoacid CoA transferase
R_GLCabc D-Glucose transport via ABC system
R_SHSL1r; R_SHSL4r

O-succinylhomoserine lyase
R_FACOAL80, R_FACOAL160, R_FACOAL161, R_FACOAL180,

R_FACOAL181, R_FACOAL200
Fatty acid CoA ligase

R_ATPS4r ATP synthase (four protons for one ATP)
R_MI1PS Myo-inositol-1-phosphate synthase
R_CYSS Cysteine synthase
R_L_LACD L-Lactate dehydrogenase irreversible
R_FDH Formate dehydrogenase
R_LDH_L L-Lactate dehydrogenase
R_THRS Threonine synthase
R_DDPA 3-Deoxy-D-arabino-heptulosonate

7-phosphate
R_DHORD2, R_DHORD3

Dihydoorotic acid dehydrogenase
R_FBA Fructose-bisphosphate aldolase
R_GLCabc D-Glucose transport via ABC system
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