Additional File 6: Detailed method for analysis of gene regulatory network (GRN) controlling hypoxic response in M. tuberculosis H37Rv (Mtb)

Collation of M. tuberculosis H37Rv (Mtb) genes involved in hypoxic response
Literature was mined to identify all genes previously reported to be associated to hypoxic response of Mtb [1–8]. 286 genes found to be associated to the hypoxic response were classified under three categories – (i) those involved in initial hypoxic response or dosR regulon genes, (ii) those implicated in enduring hypoxic response (EHR), i.e. EHR genes and (iii) those which are unclassified (genes lacking any time series expression data) based on the time of gene expression (immediately after infection or later) (Additional File 5). These categories consisted of 57, 230 and 4 genes respectively (with 5 overlapping genes in the dosR regulon and EHR). Analysis of the associated biological pathways for these sets of genes was performed using Gene ontology (GO) cellular component terms [9]. The procedure adopted for performing the GO enrichment analysis has been detailed in a subsequent section.

Construction of transcription factor network (TF network) involved in M. tuberculosis H37Rv (Mtb) hypoxic response
Gene regulatory data pertaining to the adaptation of Mtb to hypoxic environment was obtained through exhaustive literature search. Apart from studies directed towards functional characterization of one or a few genes of interest, high-throughput experimental studies were also considered while collating the gene regulatory information. A total of 345 interactions could be retrieved, where the transcription factors (TFs) have been reported to significantly induce or reduce the expression level of the target gene under hypoxic environment [3,7,10–15]. Subsequently, a TF network was constructed where each TF had interaction with at least one other TF. This network was observed to contain 24 nodes (TFs) and 71 edges. Additionally, in order to model the effects of external regulators and uncharacterized internal regulators on the expression of TFs, one node representing ‘external or internal regulators’ was incorporated in the TF network. Consequently, two additional edges were incorporated in the network connecting ‘external/internal regulators’ to the two input nodes (Rv0767c and Rv2324) having only outgoing interactions. Also, a self inducing edge was attached to the node ‘external/internal regulators’ to provide a time dependent input stimulus to the network. The TF network (Figure S6.1) thus obtained from the collated regulatory interactions was further analyzed through mathematical modelling.
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Figure S6.1: Schematic representation of the transcription factor network (TF network) controlling hypoxic response in M. tuberculosis H37Rv (Mtb). The green and red coloured edges represent positive and negative regulations, respectively.

Construction and simulation of the multi-state Boolean model mimicking hypoxic TF network
The dynamic behaviour of the obtained TF network was studied (under simulated hypoxic environment) using GINsim [16]. GINsim is a mathematical modelling tool which provides a Boolean/logical framework for efficient analysis of gene regulatory networks. In order to gain insights into semi-quantitative dynamics of the nodes of the constructed TF network without any prior knowledge of the kinetic parameters associated to the nodes, a multi-level Boolean framework was adopted. Two primary input requirements for model construction in GINsim correspond to – (i) values for basal and maximum expression levels of each node and (ii) logical rules governing activation of each node. The basal and maximum expression level of each node was obtained from the available microarray expression data over six time points under hypoxic stress [6]. The expression data was scaled and discretized in order to suit the format of GINsim (Table S6.1). 

Table S6.1: Re-scaled values of expression levels (provided in Rustad et al. 2008) of 24 transcription factors (TFs). These TFs belong to the TF network that has been modeled (using a Boolean framework) in the present study. All gene expression values have been scaled to four (viz. 0, 1, 2, 3) discrete levels for ease of simulation of the Boolean model.
	Transcription factor
	Scaled expression

	
	4 hour
	8 hour
	12 hour
	1 day
	4 days
	7 days

	cmtR
	2
	3
	3
	3
	3
	3

	csoR
	1
	3
	3
	3
	3
	3

	devR
	3
	3
	2
	2
	1
	1

	devS
	3
	2
	1
	1
	0
	0

	hrcA
	1
	2
	2
	1
	2
	2

	kmtR
	2
	2
	2
	2
	2
	2

	kstR
	1
	2
	3
	2
	3
	2

	lsr2
	0
	0
	1
	1
	3
	3

	phoP
	1
	1
	1
	2
	2
	2

	Rv0081
	2
	2
	1
	1
	1
	1

	Rv0324
	1
	1
	2
	2
	2
	2

	Rv0348
	1
	2
	3
	3
	3
	3

	Rv0474
	1
	2
	2
	3
	3
	3

	Rv0494
	1
	1
	2
	1
	2
	2

	Rv0653c
	1
	1
	1
	1
	2
	2

	Rv0767c
	1
	1
	2
	3
	3
	3

	Rv1255c
	0
	0
	0
	1
	3
	2

	Rv1985c
	1
	2
	2
	2
	3
	3

	Rv1990c
	1
	3
	3
	2
	3
	3

	Rv2011c
	1
	2
	3
	2
	2
	3

	Rv2021c
	0
	0
	1
	2
	3
	3

	Rv2034
	1
	2
	3
	3
	3
	3

	Rv2324
	0
	2
	2
	2
	3
	2

	whiB4
	1
	2
	2
	2
	2
	3



The logical rule for activation of the TFs were evaluated from the regulatory interaction collated in the current study and microarray expression data obtained from the study by Rustad and colleagues [6]. The logical rule for a particular node was represented by its regulators joined with logical operators like ‘AND’, ‘OR’ and ‘NOT’, as mentioned in previous literatures [17,18]. For example, if a node ‘X’ is positively regulated by two nodes R1 and R2, the logical rule for activation of ‘X’ can be written in either of the two possible ways – (a) ‘R1 AND R2’, (b) ‘R1 OR R2’. An ‘AND’ operator was selected when, R1 and R2 was observed to have positive interaction (from the regulatory network assembled in the current study) and a correlated expression pattern. In case where this criteria was not satisfied, an ‘OR’ operator was used in the logical rule. The logical rule assigned to each node of the network is listed in (Table S6.2). Thus, in the present multi-level Boolean model, the nodes of the network could acquire four discrete values (0 to 3) depending on the values of its regulators. The negative regulations were represented by a ‘NOT’ operator in the logical rules, which allowed reduction in the expression level of a particular node in presence of its negative regulator(s). It may be noted that for some of the nodes the effects of its repressors were ignored as expression levels of both the target node and its repressor(s) were observed to increase with time under hypoxic environment. For example, the node whiB4 was observed to be negatively regulated by another node Rv2011c in the TF network collated from literature (Figure S6.1). In contrast, the expression levels of both whiB4 and Rv2011c were shown to be increasing in the microarray expression data. Such discrepancies may arise due to methodological differences in the corresponding studies. Thus, such regulatory effects were excluded while constructing the Boolean model. 





















Table S6.2: Logical rules governing expression of each node of the TF (transcription factor) network controlling hypoxia.

	Node
	Logical rule
	Reference

	CmtR
	(Lsr2 OR Rv0081 OR Rv0676c OR CmtR) AND (NOT Rv0324)
	Minch et al. 2014

	CsoR
	(Rv0081 OR CsoR) AND (NOT Rv2324)
	Minch et al. 2014

	DevR
	DevS OR (PhoP AND Rv2034) OR (DevR AND (DevS OR (PhoP AND Rv2034)))
	Guo et al. 2009, Honaker et al. 2009, Gao et al. 2012, Galagan et al. 2013, Minch et al. 2014

	DevS
	DevR
	Guo et al. 2009, Galagan et al. 2013

	HrcA
	Rv0324
	Minch et al. 2014

	KmtR
	KmtR AND (NOT Rv2034)
	Minch et al. 2014

	KstR
	(Rv0348 OR Rv2324 OR KstR OR (Lsr2 AND Rv0324)) AND (NOT Rv0081)
	Minch et al. 2014

	Lsr2
	(Rv1985 OR CmtR OR Rv2034 OR KstR OR Lsr2) AND (NOT(PhoP OR Rv0324 OR Rv0474))
	Galagan et al. 2013, Minch et al. 2014

	PhoP
	(WhiB4 OR Rv0081 OR (Lsr2 AND Rv2034)) AND (NOT Rv2011)
	Gupta et al. 2006, Gao et al. 2012, Galagan et al. 2013, Minch et al. 2014

	Rv0081
	DevR AND (NOT (Rv1990c OR Rv0081))
	He et al. 2011, Galagan et al. 2013

	Rv0324
	(Rv0324 OR (Lsr2 AND Rv1985c)) AND (NOT Rv0081)
	Galagan et al. 2013, Minch et al. 2014

	Rv0348
	Rv0081 AND (NOT (Rv0324 OR Rv1985c OR Rv2034))
	Minch et al. 2014

	Rv0474
	(Rv1985c OR Rv0081 OR Rv0474) AND (NOT CmtR)
	Minch et al. 2014

	Rv0494
	(Rv0081 OR Rv0494) AND (NOT Rv0767c)
	Minch et al. 2014

	Rv0653c
	Lsr2 OR Rv0081 OR Rv0653c
	Minch et al. 2014

	Rv0767c
	External or internal regulators
	-

	Rv1255c
	NOT Rv1990c
	Minch et al. 2014

	Rv1985c
	(Rv0081 OR Rv1985c) AND (NOT (DevR OR CmtR OR Rv0324))
	Minch et al. 2014

	Rv1990c
	Lsr2 OR Rv0081 OR Rv1990c
	Minch et al. 2014

	Rv2011c
	Rv2011c
	Minch et al. 2014

	Rv2021c
	Rv0081
	Galagan et al. 2013

	Rv2034
	Rv0081 AND (NOT DevR)
	Minch et al. 2014

	Rv2324
	External or internal regulators
	-

	WhiB4
	Rv0081 AND (Not Rv2011c)
	Minch et al. 2014

	External or internal regulators
	Input node
	-




The constructed multi-level Boolean model was then simulated under synchronous mode in GINsim. Simulation results were validated based on available gene expression data [6]. While simulating the model, the initial values of the variables were assigned according to the scaled expression at the first time point (i.e. 4 hours) (Table S6.1).

Construction and Boolean modelling of the transcription factor (TF)-gene  interaction network in M. tuberculosis H37Rv (Mtb)
The ‘target’ genes (referred here as the ‘downstream’ genes) which are regulated by each of the 24 transcription factors in the TF network were identified based on the TF-gene pairs collated from literature (Additional File 7). Thus, an extended gene regulatory network (GRN) was constructed. This GRN was explored using a Boolean model in GINsim [16]. Given the scarcity of experimental data, the regulation of the downstream genes was modeled following a binary framework, wherein, each node of the network was assigned a value of either ‘one’ or ‘zero’ representing ‘ON’ and ‘OFF’ states respectively. Also, values for basal and maximum expression levels of every node were kept as ‘zero’ and ‘one’ respectively. The logical rule for activation of each node was formulated based on the regulatory effects on the particular node. The logical rule for activation of a node ‘X’ having two positive regulators ‘R1’ and ‘R2’ was written as either ‘R1 AND R2’ or ‘R1 OR R2’, as mentioned in previous literatures [17,18]. An ‘AND’ operator was used when R1 and R2 were observed to have positive interaction and an ‘OR’ operator was used otherwise. Simulation of the model was performed mimicking wild type as well as deletion mutants pertaining to each of the 24 TFs. The in silico deletion mutants were simulated by keeping value of the corresponding TF as ‘zero’ throughout the simulation. For each case, first, the multi-level model of the TF network was simulated and steady state values corresponding to the 24 TFs were obtained (as discussed earlier). These steady state values were used to initialize the TFs for subsequent simulation of the (binary) Boolean model pertaining to the extended GRN. While simulating this model, the initial values of the downstream genes were set to ‘zero’. From each simulation, the list of active target genes (ON state) at steady state was obtained for further pathway enrichment (GO enrichment) analysis.

Gene Ontology (GO) Enrichment Analysis
Since a comprehensive list of GO annotations for Mtb proteins was not available from public repositories (or literature), a sequence homology based mapping between Mtb proteins and all bacterial entries having GO annotations from the Uniprot database (www.uniprot.org/) was performed using Blastp. The sequence homology search was done using highly stringent filtering criteria: e-value cut-off: 0.00001, coverage cut-off: 90% and identity cut-off: 90%). The GO terms associated to the best-hits from Uniprot database was used to annotate the query Mtb proteins. The hierarchy information obtained from the GO (Gene Ontology) Consortium database [9] was subsequently utilized to construct the GO hierarchy tree(s) for the annotated Mtb proteins. Following this procedure, GO annotations for ~75% of the Mtb proteins could be obtained. This is significantly higher than the annotations (~25% of Mtb proteins) available in the GO (Gene Ontology) Consortium database. The enrichment analysis, for any given set of Mtb proteins, was subsequently performed using an in-house script and GO annotations obtained through the above mentioned process. Pathways/ processes having a two-fold change in enrichment value with a p-value cut-off of 0.05 (Fisher exact test) and comprising of at least two proteins were considered to be enriched.

	While performing the GO enrichment analysis of the Mtb proteins which were involved in HPIs with humans, the said set of Mtb proteins along with their 1st and 2nd degree neighbours were considered. The neighborhood information was collected from a filtered Mtb background PPI network [19]. Gene expression data obtained from microarray datasets [20,21] were used to ascertain up-/down-regulated pathways/ processes. The gene expression profile constituted of expression data pertaining to 1 hour, 4 hours, 18 hours and 24 hours time-points post infection. The gene expression values were divided into two sets: (a) early response (cumulating expression data collected before 18 hrs) and (b) late response (cumulating expression values collected at 18hrs and onwards). Overall perturbation profiles for a gene/protein at the early and late time points were calculated considering a consensus of its expressions during the constituent time points. A gene was tagged either as 'up' (resembling up-regulation), 'down' (resembling down-regulation), or '0' (resembling no-perturbation), depending on the number of times it was observed to be up/down-regulated, in the early and the late response sets. An enriched GO Biological process/pathway was inferred to be activated/enhanced (during either the early/late response stage) if a majority of the perturbed genes (considered for the GO enrichment study) contributing towards the pathway were up-regulated. Similarly, a majority of the contributing genes being down-regulated signifies a suppressed/attenuated biological process. In both these cases, the modulation of a biological pathway/ process was inferred only if a minimum of 30% observations (genes involved in the process being up/down-regulated during early and late stages of infection) were in consensus.

	In order to gain additional insights into the criticality of the regulators (TFs) under hypoxic environment, the stable states obtained through Boolean model simulation (of the extended GRN) were further subjected to GO enrichment analysis. GO enrichment was performed on the gene sets observed to be ‘ON’/ active in the stable states corresponding to wild type as well as the simulated mutants. Subsequently, the result for each mutant was compared against that of the wild type to infer the variations in biochemical activities in the mutants.
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