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Dear Peter, 

 

I am submitting “Combining Cheminformatics Methods and Pathway Analysis To Identify 

Molecules With Whole-Cell Activity Against Mycobacterium tuberculosis” exclusively to 

Pharmaceutical Research as a proposed article. This work is not under review by another journal.  

 

This work describes a multi-center collaboration between research groups and builds on our previous 

work to develop a collaborative database of small molecules and screening information for TB. In this 

study we combined our cheminformatics database and methods with bioinformatics pathway tools from 

SRI and identified essential metabolites that had not been targeted with small molecules. We then took a 

multidimensional approach to screening vendor compound libraries with pharmacophores and Bayesian 

machine learning models. We used physicochemical properties and SMARTS filters to select those with 

ideal properties for entering TB as well as from a drug-likeness perspective. Finally we performed whole 

cell screening for a small number of compounds and identified 2 hits as a starting point for further 

optimization. I believe this work will be of general interest to your readers and is applicable to many 

other diseases by targeting essential proteins, using a mimic strategy and also uses the integration of 

bioinformatics and cheminformatics methods to accelerate the process. I have listed my potential 

conflict of interest as a consultant for CDD. This work was also funded primarily by an STTR for which 

I was the PI.  

We look forward to hearing from you. 

 

 

Yours sincerely 

 

Sean Ekins, PhD, D.Sc. 
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Abstract 

Purpose: New strategies for developing inhibitors of Mycobacterium tuberculosis (Mtb) 

are required in order to identify the next generation of tuberculosis (TB) drugs. Our 

approach leverages the integration of intensive data mining and curation and 

computational approaches, including cheminformatics combined with bioinformatics, to 

suggest biological targets and their small molecule modulators.  

Methods: We now describe an approach that uses the TBCyc pathway and genome 

database, the Collaborative Drug Discovery database of molecules with activity against 

Mtb and their associated targets, a 3D pharmacophore approach and Bayesian models of 

TB activity in order to select pathways and metabolites and ultimately prioritize 

molecules that may be acting as metabolite mimics and exhibit activity against TB.  

Results: In this study we combined the TB cheminformatics and pathways databases that 

enabled us to computationally search >80,000 vendor available molecules and ultimately 

test 23 compounds in vitro that resulted in two compounds (N-(2-furylmethyl)-N'-[(5-

nitro-3-thienyl)carbonyl]thiourea and N-[(5-nitro-3-thienyl)carbonyl]-N'-(2-

thienylmethyl)thiourea) proposed as mimics of D-fructose 1,6 bisphosphate, (MIC of 20 

and 40 g/ml, respectively).  

Conclusion: This is a simple yet novel approach that has the potential to identify 

inhibitors of bacterial growth as illustrated by compounds identified in this study that 

have activity against Mtb.  
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Bioinformatics; cheminformatics; Collaborative Drug Discovery; Mycobacterium 

tuberculosis; pharmacophore.  
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Introduction 

Mycobacterium tuberculosis (Mtb), the causative agent of tuberculosis (TB), is 

estimated to maintain latent infection in approximately one-third of the world‟s 

population and kill 1.7-1.8 million people each year (1). The survival of Mtb relies on an 

array of cellular functions carried out by metabolites, enzymes, structural and regulatory 

proteins and RNAs. These essential functions can be targeted to kill or suppress the 

proliferation of Mtb. Soon after the genome sequence of the Mtb H37Rv strain was 

published (2), various laboratories focused on identifying genes essential for growth 

under in vitro and in vivo conditions (3). Classification of essential genes as targets is 

based on forward genetic approaches that consider a protein as a potential target if an 

essential gene encodes it (4). A target should be essential for growth and viability of the 

pathogen at least under the condition of host infection. During infection, Mtb appears to 

reside predominantly within the host lung alveolar macrophages. Here the pathogen 

encounters and adapts to conditions that are considered to be unfavorable for growth such 

such as a decrease in pH, depleted nutrition, hypoxia and reactive oxygen and nitrogen 

radicals (5). The genes of Mtb essential to perform such functions are not necessarily 

required under the in vitro growth conditions as the functions encoded by these genes are 

selectively required to survive and thrive in host imposed unfavorable conditions (6). 

Therefore, identifying the in vivo essential genes as potential targets is relevant for 

therapeutic intervention.  

Another approach to select a target whose inhibition is of therapeutic value is to 

select metabolic pathways that are necessary for growth and proliferation of Mtb in vivo 

(7). This allows for a careful consideration of biological rationale and the metabolic role 
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of the specific target within the context of a specific metabolic pathway. Functionality or 

reaction information about the target should be identified so that assays (both low- and 

high-throughput) can be built appropriately to mimic these in vivo conditions. The 

analysis of biosynthetic pathways helps determine alternative routes of synthesis of the 

essential proteins (7), highlighting areas of metabolism where degeneracy may make it 

difficult to deplete a given metabolite. 

Discarding target enzymes from the pathogen which share a similarity with the 

host protein/s significantly lessens the probability of undesired host protein–drug 

interactions. This criterion, however, is not absolute. For example, successful antibiotics 

such as trimethoprim and quinolones display selectivity towards bacterial targets despite 

the existence of their human orthologs. Trimethoprim specifically inhibits bacterial 

dihydrofolate reductase despite 28% sequence identity with its human ortholog, and 

quinolones specifically inhibit bacterial gyrase A, despite 20% sequence similarity with 

human topoisomerase II (8). For selective targeting, substantial differences in the regions 

of the active site (presumably responsible for the difference in substrate specificity) have 

more significance than the overall 3D structures, which again are more critical than 

whole sequence similarity between orthologs (7). However, we offer that this is a 

reasonable initial target filter criterion in order to limit the number of essential Mtb 

essential proteins that can be evaluated. 

The rationale for exploring novel targets for TB is that the pipeline for 

therapeutics has not produced a new approved first line drug in over 40 years. Only a 

small fraction of TB proteins are known to be modulated by approved drugs and recent 

testing has targeted additional proteins; this has yet to result in a new drug (9, 10). This 
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also represents a pattern observed for other antibacterial targets, reflecting the difficulty 

of target-based high-throughput screening (11). In pharmaceutical companies, 

computational approaches are widely used to aid in drug discovery; these do not appear 

to have been as extensively applied for TB. For example, virtual screening of compound 

libraries is used as a complement to high-throughput screening in vitro for many diseases 

(12). A recent review pointed to some of the gaps in using such cheminformatics 

approaches in TB drug discovery (13). Alternative approaches include rational inhibitor 

design based on the substrate or product structure or on the reaction mechanism. The 

approach leverages the „„chemical similarity principle‟‟ (14), which states that similar 

molecules likely have similar biological properties. Applied to small molecule 

metabolism, this principle has motivated the search for enzyme inhibitors chemically 

similar to their endogenous substrates. The approach has yielded many successes, 

including anti-metabolites such as trimethoprim, D-cycloserine, vancomycin, etc. 

Recently we have taken the mimic strategy utilizing 2D similarity and 3D pharmacophore 

searches of molecule databases using essential molecules as starting points (15) and have 

identified compounds with in vitro activity against TB. In this study, we have extended 

this work and taken an exhaustive approach to identifying essential targets that have to 

our knowledge not been interrogated for TB to identify small molecules inhibitors. We 

have then mined the known compounds with whole-cell activity and TB targets databases 

and used multiple cheminformatics tools to prioritize commercially available molecules 

for testing in vitro. 

 

Materials and Methods 
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Reagents and molecules 

All experimental compounds were purchased from Sigma-Aldrich, Maybridge or Asinex. 

Purities were required to be greater than 90% with a majority of compounds having a 

purity of greater than 95%. Compounds were all dissolved in dimethyl sulfoxide (Sigma 

Aldrich) at a stock concentration of 12.8 mg/ml immediately and then diluted for 

biological testing. 

 

Identification of essential in vivo enzymes of Mycobacterium tuberculosis. 

While there have been studies that evaluate the role of particular M. tuberculosis 

genes and define their potential as targets for new drugs (16) there have been none to our 

knowledge that take the following approach. Following intensive literature mining and 

manual curation, we extracted all the genes that are essential for Mtb growth in vivo. This 

involved:  

i) The work of Sassetti and coworkers who used a recombinant mycobacteriophage 

carrying a highly infectious transposon to develop a high-throughput technique called 

Transposon Site Hybridization (TraSH). They identified the Mtb genes required for 

growth both in vitro and in vivo in mice (17, 18).   

ii) All published data by the Tuberculosis Animal Research and Gene Evaluation 

Taskforce (TARGET) in relation to the large collection of defined Mtb mutants[Designer 

Arrays for Defined Mutant Analysis (DeADMAn)] that were used to identify the genes 

essential for growth in the lungs of mice (19), guinea pigs (20) and non-human primates 

(6). 
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Collection of metabolic pathway and reaction information for the essential enzymes. 

Various TB-related databases (13) are available that cover diverse areas of TB 

research like genomes, pathway maps, phylogenetic trees, active compounds, large-scale 

screening data, resistance-associated mutations, targets, comparative analysis and gene 

expression data. In order to determine the biological role of the essential proteins of Mtb, 

we used TBCyc (http://tbcyc.tbdb.org/index.shtml), an Mtb specific metabolic pathway 

database for our analysis. The TBcyc database was initially developed using SRI's 

Pathway Tools software that automatically generates a Pathway/Genome Database 

(PGDB) describing the genome and biochemical networks of the organism from the 

annotated genome sequence of Mtb (21, 22). Automatic generation was followed by 

substantial additional curation. TBCyc provides a pathway-based visualization of the 

entire cellular biochemical network, called the cellular overview diagram, which supports 

interrogation and exploration of whole organism system-biology analyses. The cellular 

overview includes metabolic, transport, and signaling pathways, and other membrane and 

periplasmic proteins (see Figure 1). The TBCyc metabolic pathways for the Mtb in vivo 

essential genes were extensively studied for analyzing the reactions, metabolites and 

other enzymes involved in the same pathway.  

 

Comparison of non-human-homologous enzymes with Mtb in vivo essential gene set. 

 Anishetty et al (23) reported a thorough study on pairwise sequence comparison 

(BLASTp) between human and Mtb proteins. In this report, enzymes from the 

biochemical pathways of Mtb from the KEGG metabolic pathway database were 

compared with proteins from human with an e-value threshold cutoff of 0.005. Bacterial 
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enzymes, which did not show similarity to any of the human proteins, below this 

threshold, were filtered out as potential drug targets. In total, they reported 185 proteins 

that were absent in humans. Sassetti et al have also listed 49 essential Mtb proteins as 

unique to Mycobacteria spp. (18). In the current study we excluded putative essential 

Mtb proteins that are present in humans by comparing the list of the published non-

human Mtb orthologs with the essential in vivo Mtb proteins that we extracted and 

curated from various studies.  

 

Selection of Mtb targets that are essential in vivo but not homologous to human 

proteins and not known as TB drug-targets. 

Metabolic enzymes of Mtb that fulfill the criteria of being both essential in vivo 

and absent from humans were further analyzed to find out if they are already 

experimentally validated or in silico predicted targets of the known and FDA-approved 

TB drugs. This was achieved by searching the literature that had experimentally validated 

Mtb enzymes as a target for known TB drugs as well as reports predicting the in silico 

targets for the known TB drugs (24). The CDD TB database was also searched to find 

novel in vivo essential targets without screening hits.  

 

In silico design of small molecule inhibitors or pharmacophores for selected enzyme 

targets. 

 The selection of the above-mentioned enzyme targets led to using their 

corresponding substrates (metabolites) as the starting point for pharmacophore models. 

Starting with each such metabolite structure, a 3D pharmacophore was developed using 
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Accelrys Discovery Studio 2.5.5 (Accelrys, San Diego, CA) from 3D conformations of 

the metabolite. This identified key features, onto which was mapped a van der Waals 

surface for the metabolite (15, 25, 26). The pharmacophore plus shape was then used to 

search 3D compound databases from well-known and widely used vendors including 

Maybridge (N = 57,181 molecules), Asinex (N = 24,998) and Sigma Aldrich (LOPAC N 

= 1200) (for which up to 100 molecule conformations with the FAST conformer 

generation method with the maximum energy threshold of 20 kcal/mol, were created). 

The in silico hits were collated and uploaded in CDD, and Bayesian models for TB whole 

cell activity (see discussion later) and SMARTS filters for reactivity (25, 27, 28) were run 

against the compounds and the data re-imported in CDD. Finally the compounds were 

filtered in CDD based on the Bayesian score and manual selection to retrieve compounds 

with ideal molecular properties for in vitro TB activity (25, 27, 28). 

 

Measurement of Antibacterial Activity Against Mtb.  

We used the resazurin (Alamar Blue) assay as the primary screen for activity 

against replicating Mtb (29). Each compound was tested over a range of concentrations to 

determine the MIC. The antimicrobial susceptibility test was performed in a clear-

bottomed, round well, 96-well microplate. Initial compounds were tested at 8 

concentrations ranging between 40 and 0.31 µg/ml. After a growth medium containing 

~10
4
 bacteria was added to each well, the different dilutions of compounds were added. 

Controls included wells containing (1) the different concentrations of compounds only, to 

exclude autofluorescence in the presence of resazurin, (2) bacteria and growth medium, 

and (3) sterility control of the medium. Plates were incubated at 37°C for 5 days in an 
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ambient incubator at which time 5 µl of 1% resazurin dye was added to each well. After 2 

days of incubation, fluorescence was measured in a microplate fluorimeter with 

excitation at 530 nm and emission at 590 nm. The lowest drug concentration that 

inhibited growth of  >90%  of Mtb bacilli in the broth was considered the MIC value 

(30). Rifampicin and isoniazid were used as positive controls. 

 

Results 

Identification of in vivo essential enzymes of Mycobacterium tuberculosis. 

We have collated for the first time all the genes that have so far been reported to 

be essential for Mtb growth in vivo. This gives us a non-redundant list of 314 genes. 194 

genes are from mouse TraSH analysis, 31 genes are from a DeADMAn analysis that used 

mouse as the host, 18 genes are from an independent DeADMAn analysis that used 

guinea pig model and 108 genes are from a DeADMAn analysis that used non-human 

primate model of Mtb infection. There are overlaps between some of the studies. A Venn 

diagram (Figure 2) below shows the degree of intersection among the in vivo mutants of 

Mtb in different models. It should be noted that functions encoded by many of the 314 

genes are not yet known. 

 

Collection of metabolic pathway and reaction information for the essential enzymes. 

We identified all the pathways that have one or more essential enzymes. TBCyc 

gives a total of 53 non-redundant pathways for the set of 314 in vivo essential genes. 

From this list of essential genes, pcaA (Rv0470c), mmaA3 (Rv0643c), Rv1144, fadA4 

(Rv1323), bioA (Rv1568), bioF1 (Rv1569), bioB (Rv1589), argJ (Rv1653), pks12 
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(Rv2048c), plsC (Rv2483c), Rv2857c, ddlA (Rv2981c), amiD (Rv3375), fabG 

(Rv3502c), fadA6 (Rv3556c), and hycD (Rv0084) belong to more than one TBCyc 

pathway. From the reactions catalyzed by the corresponding essential enzymes, substrate 

metabolites were identified. Their 2D structures, obtained from ChemSpider 

(www.chemspider.com, a free chemical structure database), were later used in our 

analysis for pharmacophore development. 

 

Comparison of enzymes with no human homologs with Mtb in vivo essential gene 

set. 

 66 proteins were found to be both in vivo essential while having no human 

homologs. A list of 314 essential in vivo genes of Mtb along with 53 TBCyc pathways 

and 66 proteins with no human orthologs is provided as Supplemental File 1 (“Essential-

genes-in vivo-Mtb”) (Figure 3a). These data are freely available in CDD 

(www.collaborativedrug.com). Each essential gene name is linked to the TB database, 

TBDB (http://www.tbdb.org/, Figure 3b).  All the pathways are linked to the TBCyc 

database for analysis and visualization of the pathways, reactions and metabolites. The 

PubMed abstracts can be accessed (via the PubMed identifiers) for essentiality and 

ortholog information. Where the 3D structures are available, the PDB (X-ray or NMR 

method) ids are given along with respective URLs for further details.  

 

Selection of targets that are in vivo essential, not homologous to human and not 

known as TB drug-targets. 
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We produced a summary of published drugs for TB with known or predicted 

targets (Supplemental File 2 TB drugs and literature compounds with targets, Figure 3c) 

that has 14 known targets and 31 predicted targets for the already known 35 TB drugs. 

This dataset is also available in CDD along with a larger dataset of 666 literature 

compounds with antitubercular activity and their known targets, for which all the 

literature evidence is cited (Figure 3d).  

 Only the new and unexplored enzymes were selected for further investigation. 

Supplemental File 3 includes “Metabolites and their essential enzymes” (Figure 3a). This 

table contains 12 such in vivo essential enzymes that are absent in human, have known 

reactions in TBCyc and are not targets of known TB drugs. The associated reactions, 

corresponding substrates and products (along with SMILES (31)) are annotated. This 

table was used for the cheminformatics analysis. 

During this process, we identified several known drug targets including genes 

embA and embC (both encode enzymes that are essential in vivo and non-human 

orthologs) that are targeted by ethambutol (Supplemental File 2 TB drugs and literature 

compounds with targets). Our findings (not used for the present analysis) also included 

several enzymes that are essential  in vitro that had no human homologs and were already 

predicted targets for known drugs. These included MurD (mefloquine - predicted), KasA 

(cerulenin), RpoB (rifampin, rifapentine, rifabutin), Alr (D-cycloserine - predicted), 

FolP1 (p-aminosalicylic acid - predicted) (Supplemental File 2 TB drugs and literature 

compounds with targets).  

In this study several enzymes, substrate metabolites, reactions and their pathways 

were selected based on the analysis described previously (Table 1). The substrate 
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metabolites of the essential enzymes were chosen as final targets for use with 

cheminformatics approaches. The cheminformatics methods included the construction of 

pharmacophores for individual metabolites which provided a 3D shape and feature query 

for searching databases of compounds that could be purchased for testing. 

 

In silico design of metabolite pharmacophores for essential enzyme targets and 

selection of putative metabolite mimics  

  

842 molecules retrieved using the various pharmacophores based on substrate 

structures are suggested as potential mimics (Figure 4). These molecules were run 

through the SMARTS filters (for chemical reactivity) and Bayesian models for whole-

cell TB activity in Discovery Studio (28, 32, 33) and 234 were flagged as failing the 

SMARTS filters as they had features suggested as undesirable based on the default 

settings. All compounds were imported into CDD. The molecules were then sorted to 

focus on those passing SMARTS, molecular weight (MWT) 280-430 g/mol, logP 3-5, 

polar surface area PSA 50-100 Å
2
, Bayesian score in the „single point model‟ > 0.3, 

Bayesian score in the „dose response model‟ > 1.37 and Bayesian score in the „Novartis 

model‟ > 1.11, signified predicted activity. These Bayesian score cutoff values and 

physicochemical parameter limits came from previous dataset analysis and model 

building to represent the boundary between active and inactive compounds against TB in 

whole cells (28, 32, 33). A set of 60 molecules was then sorted based on the Bayesian 

score dose response cut off (as this represents the highest quality dataset [compared to the 

single point model] using compounds with data from public datasets from Southern 

Research Institute (25)) and was exported to Excel before further filtering to manually 
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exclude those already tested according to in public databases in CDD. We also included 3 

examples of compounds that had poor physicochemical properties (negative logP values, 

MWT < 280) to further illustrate the importance of hydrophobicity on permeability and 

TB activity. We hypothesized that these would be inactive and/or would be unable to 

enter the cell. After sorting with the Bayesian model, 23 compounds for this study were 

imported into CDD, (Bayesian score dose response model range 1.6-11.8) including 

mimics of dethiobiotin (2), D-fructose 1,6-bisphosphate (17), UDP-glucose (3), L-serine 

(1) and L-arginine (1).  

 

Measurement of Antibacterial Activity Against Mtb.  

From the set of 23 compounds tested, two compounds showed moderate minimal 

inhibitory concentration (MIC) values against cultured Mtb. These are suggested to be  

mimics of D-fructose 1,6 -bisphosphate. N-(2-furylmethyl)-N'-[(5-nitro-3-

thienyl)carbonyl]thiourea and N-[(5-nitro-3-thienyl)carbonyl]-N'-(2-

thienylmethyl)thiourea exhibited MIC values of 40 and 20 μg/ml, respectively (Figure 5). 

The remaining compounds had MIC values > 40 μg/ml (data not shown). Control MIC 

values for rifampicin and isoniazid were 0.0063 and 0.063 μg/ml, respectively, which are 

consistent with reported values in the literature as annotated in the CDD (TB efficacy 

data from the literature). All MIC data for compounds that showed activity were shared 

in the CDD database (Figure 5C). It should be noted that as hypothesized the 3 

compounds selected with poor logP and low MWT showed no activity against TB. 

 

Discussion 
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Relatively little attention has been paid to the integration of different types of 

biological, chemical and literature data for TB (13). Database integration is an important 

current trend in informatics-driven pharmaceutical discovery. Databases like TBCyc, 

SRI‟s BioCyc collection (34, 35), and Pathway Logic models (36-39) are rich resources 

for biological networks and pathways. These knowledge bases provide systems level 

information for genomic, transcriptomic, proteomic and pathway context for proteins 

from more than 1100 organisms (prokaryotic and eukaryotic) including human. CDD, a 

widely used web-based drug discovery software platform, contains the CDD TB 

database, which incorporates biology, chemistry, molecular structure and physical 

property data for small molecules that are potentially valuable chemical tools, collated 

from the literature, patents and unpublished data obtained from the research network (25, 

28, 40). Integration of target proteins and small molecule information through SRI 

databases, models, and analysis tools, and CDD TB database provide a synergistic 

computational environment for hypotheses testing, knowledge sharing, data archiving, 

data mining and drug discovery. 

The development of the CDD database has been described previously with 

applications for collaborative malaria (40) and TB research (25, 28). The literature data 

on Mtb drug discovery has been curated and over ~20 Mtb specific datasets are hosted, 

representing well over 300,000 compounds derived from patents, literature and high 

throughput screening (HTS) data. CDD have recently made several large HTS datasets of 

compounds for TB and malaria available publically (41). We have also undertaken a 

manual evaluation of these and other datasets using a simple descriptor analysis as well 

as readily available substructure alerts or “filters” (28, 32, 33). By creating a very large 
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collaborative database CDD TB, we have been able to compare inactive and active 

molecules against Mtb and show which molecular properties are important for activity in 

whole cells (25, 27, 28). We have previously performed multiple computational analyses 

that provided strong preliminary evidence for the value of the TB machine learning 

(Bayesian) models used in this study for prioritizing the compounds (25, 27, 28). We 

have observed from 4 to over 10 fold enrichment factors. These results also showed that 

computational models generated with whole-cell screening data from one laboratory rank 

ordered compounds screened and identified as Mtb hits by independent laboratories 

according to different assays (27). In total these analyses present strong evidence that 

such models can be used for prioritizing compounds herein.  

Preliminary experiments showed two compounds (N-(2-furylmethyl)-N'-[(5-nitro-

3-thienyl)carbonyl]thiourea and N-[(5-nitro-3-thienyl)carbonyl]-N'-(2-

thienylmethyl)thiourea) which inhibit the growth of Mtb, and may represent a starting 

point for further optimization. These two compounds were suggested as mimics of D-

fructose 1,6-bisphosphate, exhibiting FitValues of 0.79 and 1.05, respectively, for the 

3D-pharmacophore of the metabolite. Intriguingly, these FitValues ranked them 470 and 

377, respectively out of 608 compounds that were scored from a total of >80,000 

molecules in the Maybridge, Asinex and LOPAC databases. This suggests the 3D-

pharmacophore fit is one metric to judge how good a metabolite mimic a molecule is in 

conjunction with the other properties considered here. Future work could evaluate some 

of the compounds scored with higher FitValues but which may have scored poorly with 

our other filters. Also, the two acylthioureas  ((N-(2-furylmethyl)-N'-[(5-nitro-3-

thienyl)carbonyl]thiourea and N-[(5-nitro-3-thienyl)carbonyl]-N'-(2-
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thienylmethyl)thiourea)) exhibit Tanimoto similarities of 0.28 and 0.24, respectively, in 

comparison with D-fructose 1,6-bisphosphate when using MDL public key fingerprints 

(in Accelrys Discovery Studio). This implies that the pharmacophore method can identify 

compounds that are not similar in 2D to the starting metabolite. It is important to note 

that the pharmacophore model of D-fructose 1,6-bisphosphate was created with the 

phosphates treated as hydrogen-bond acceptors. We have previously demonstrated that a 

“relaxed” pharmacophore model can be useful in treating negative charges as solely 

hydrogen-bond acceptors (Figure 4g and 5a, b) in the case of a metabolite with two 

negatively-charged groups at physiologic pH. This relaxation avoids the return of 

compounds with two formal negative charges as putative metabolite mimics, which could 

be severely limited in their ability to cross the waxy Mtb cell wall, in the absence of 

active transport. 

It is noteworthy that both putative mimics are of the acylthiourea chemotype, 

solely differing by the conservative replacement of a furan with a thiophene. This 

chemical type has been identified amongst hits in whole-cell phenotypic screens, looking 

for growth inhibition of cultured Mtb, without mention of a specific biological target. The 

published SRI screen of an approximately 100,000-member commercial diversity library 

disclosed this hit class versus H37Rv (42). Visual inspection of this dataset utilizing CDD 

(TAACF CB2 set) demonstrated a wide range of acylthiourea hits (>50% inhibition at 10 

g/mL compound), with alkyl, aryl, and heteroaryl substituents at the termini. Similar 

observations were made with the Southern Research Institute screen of approximately 

215,000 compounds from the MLSCN SMR library (43) using CDD (MLSMR).  This 

suggests the privileged nature of this chemotype and/or its ability to serve as a prodrug 
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through activation of the thione moiety, in analogy to the thiourea isoxyl (44). Kachhadia 

and colleagues previously reported the synthesis and biological testing of a series of 

acylthioureas, intriguingly containing a substituted benzothiophene attached via its 2-

position to the acyl moiety.  The eleven analogs, tested at a concentration of 6.25 g/mL, 

inhibited the growth of H37Rv by 10-69% (45). 

The two acylthioureas in this work were suggested as mimics of D-fructose 1,6-

bisphosphate, a substrate of the enzyme fructose-1,6-bisphosphatase II (FBPase II; EC 

3.1.3.11). This enzyme is encoded by the gene glpX (Rv1099c) of Mtb, which is a key 

enzyme of gluconeogenesis. FBPase II catalyzes the hydrolysis of fructose 1,6-

bisphosphate to form fructose 6-phosphate and orthophosphate. This reaction is the 

reverse of that catalyzed by phosphofructokinase in glycolysis, and the catalytic product, 

fructose 6-phosphate, which is an important precursor in various biosynthetic pathways, 

is used to generate important structural components of the cell wall and glycolipids in 

mycobacteria. In all organisms, gluconeogenesis is an important metabolic pathway that 

allows the cells to synthesize glucose from non-carbohydrate precursors, such as organic 

acids, amino acids, and glycerol. Until recently, five different classes of FBPases have 

been identified based on their amino acid sequences (FBPases I to V). Eukaryotes possess 

only the FBPase I-type enzyme, but all five types exist in various prokaryotes. The Mtb 

FBPase II constitutes the only known FBPase in Mtb and has no human homologue.  The 

glpX  transposon mutant was predicted to be attenuated in TraSH experiments (17, 18), 

indicating a probable role of this enzyme in mycobacterial pathogenesis (46). In addition, 

FBPase II is an essential enzyme for Mtb in vivo and has not yet been targeted by any 

approved TB drugs. All the evidence collected in this study suggested it as a potential 
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target for the mimic approach. Further experimental validation of the two postulated 

mimics of D-fructose 1,6-bisphosphate will be ultimately needed to confirm this. 

The two Mtb growth inhibitors disclosed in this work were found via a multi-

tiered, integrative informatics workflow that consists of a sequence of four main tasks as 

shown in the Figure 6. Each task takes data produced from the previous task and 

produces data as input for the following task. Central to the translation from drug target 

to putative small molecule inhibitor is a strategy that may be viewed as 

intermediate between high-throughput screening and rational structure-based drug design. 

Intriguingly, it is possible that an approved drug might be found as a metabolite mimic 

and through repurposing could represent a novel antitubercular agent with little if any 

need for optimization prior to clinical trials (47). To date, an exhaustive screening of 

known drugs has not been performed by NIAID TAACF or others (48). Efforts to date 

have screened only a fraction of the known drugs, although thorough in silico screening 

is feasible using cheminformatics methods, such as those discussed in this work. In the 

current study, metabolite mimicry afforded 2 hits, representing a 10% hit rate (if the three 

compounds selected with suboptimal properties are excluded), that is higher than high 

throughput screening hit rates (frequently <1%) (49, 50). Such an approach may be a 

more efficient way to screen the vast array of known drugs or commercially available 

compounds for activity against Mtb. 
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Table 1. Targets, metabolites and pathways pursued in this study 

 

Essential 

Gene 

Pathway Essential Substrate/s 

bioB 

(Rv1589) 

Biotin 

biosynthesis 

dethiobiotin 

thiE 

(Rv0414c) 

Thiamine 

biosynthesis 

2-(4-methylthiazol-5-

yl)ethyl phosphate and [(4-

amino-2-methyl-pyrimidin-

5-yl)methoxy-oxido-

phosphoryl] phosphate 

cysE 

(Rv2335) 

Cysteine 

biosynthesis 

L-serine and acetyl-CoA 

cobC 

(Rv2231c) 

No pathway 

assigned 

L-threonine O-3-phosphate 

glpX 

(Rv1099c) 

glycolysis and 

gluconeogenesis  

D-fructose 1,6-

bisphosphate 

ppgK 

(Rv2702) 

Amino sugar and 

nucleotide sugar 

metabolism 

Gluconeogenesis 

β-D-glucose 

arcA 

(Rv1001) 

arginine 

degradation V 

L-arginine 
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(arginine 

deiminase 

pathway) 

panD 

(Rv3601c) 

β-alanine 

biosynthesis IV 

L-aspartate 

otsA 

(Rv3490) 

trehalose 

biosynthesis I 

UDP-D-glucose and α-D-

glucose 6-phosphate 
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Figure 1.The cellular overview diagram for M. tuberculosis H37Rv, from the TBCyc 

database (http://tbcyc.tbdb.org/index.shtml). 
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Figure 2. A Venn diagram below shows the degree of association between the in vivo 

mutants of Mtb in different models. Genes are: a - nrp (Rv0101), Rv0204c, mkl 

(Rv0655), mmpL10 (Rv1183), sugC(Rv1238), bioB (Rv1589), Rv2224c, mmpL7 

(Rv2942), Rv3210c, b - mce1A (Rv0169), lprK (Rv0173), Rv0687, fadD21 (Rv1185c), 

Rv1371, cobL (Rv2072c ), drrA (Rv2936), lprN (Rv3495c), Rv3683, Rv3871,  

embC (Rv3793), Rv2387, fabG (Rv3502c), c - fadE28 (Rv3544c), Rv3864, d - Rv1798, e 

- Rv0336 
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Figure 3. Images of databases created in this project, which are available at 

www.collaborativedrug.com to illustrate the connection between molecular structure, 

gene link, pathway links and literature links. a. In vivo essential targets database.  b. TB 

molecules and target information database connects molecule, gene, pathway and 

literature links. c. Drugs and targets database. d. Literature compounds and targets 

database.  

a. 

 
b. 

  

 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 

http://www.collaborativedrug.com/


 36 

c.  

 
 
 
d.  
 

 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



 37 

Figure 4. In vivo essential metabolites and pharmacophores. a. dethiobiotin, b. 2-(4-

methylthiazol-5-yl)ethyl phosphate, c. [(4-amino-2-methyl-pyrimidin-5-yl)methoxy-

oxido-phosphoryl] phosphate, d. L-serine, e. 2-[[[[4-[[3-(2-acetylsulfanylethylamino)-3-

oxo-propyl]amino]-3-hydroxy-2,2-dimethyl-4-oxo-butoxy]-oxido-phosphoryl]oxy-oxido-

phosphoryl]oxymethyl]-5-(6-aminopurin-9-yl)-4-hydroxy-tetrahydrofuran-3-yl] 

phosphate, f. L-threonine O-3-phosphate, g. D-fructose 1,6-bisphosphate, h. β-D-glucose, 

i. L-arginine, j. L-aspartate, k. UDP-D-glucose, l. α-D-glucose 6-phosphate. 
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g.  h.  
 

i.  j.  

 

k.  l.  

 

 

 
 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



 39 

 Figure 5. Two suggested mimics of D-fructose 1,6 bisphosphate a. DFP000133SC and b. 

DFP000134SC with MIC values of 40 and 20μg/ml, respectively. These molecules are 

also showed mapped to the pharmacophore and shape based on D-fructose 1,6-

bisphosphate. c. image of data stored and securely collaboratively shared in CDD, 

showing molecule structure, MIC, pharmacophore and Bayesian model predictions etc. 
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Figure 6. Proposed generalized workflow for molecule discovery. 
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