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Abstract

Tuberculosis drug discovery has shifted in recent years from a primarily target-based approach to
one that uses phenotypic high-throughput screens. As examples of this, through our EU-funded
FP7 collaborations, New Medicines for Tuberculosis was target-based and our more-recent More
Medicines for Tuberculosis project predominantly used phenotypic screening. From these projects
we have examples of success (DprE1) and failure (PimA) going from drug to target and from
target to drug, respectively. It is clear that we still have much to learn about the drug targets and
the complex effects of the drugs on Mycobacterium tuberculosis. \We propose a more integrated
approach that learns from earlier drug discovery efforts that could help to move drug discovery
forward.
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Introduction

It is hard to believe we are still fighting a pathogen that has haunted the human race for
thousands of years and yet Mycobacterium tuberculosis, which causes tuberculosis (TB),
continues to infect millions of the global population [1,2] and kills ~1.5 million every year
[3]. The discovery of antibiotics like streptomycin (discovered in 1944) and the ‘golden age’
of antibiotic drug discovery that followed, which led to isoniazid and pyrazinamide (1952),
ethambutol (1961) and rifampicin (1963), remain the cornerstones of therapy to this day.
After the approval of rifampicin in 1967 there was a gap of over 40 years until the approval
of bedaquiline in 2012. The challenge we have faced since the introduction of these drugs is
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Teaser. We describe the shift from a target-based approach to one that uses phenotypic high-throughput screens providing examples of
success and failure from recent large-scale FP7 collaborations for tuberculosis drug discovery.
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multidrug resistance (MDR; resistance to at least isoniazid and rifampicin); and occurrence
of extensively-drug-resistant (XDR) strains, resistant to at least isoniazid and rifampicin, as
well as to any fluoroquinolone and to any of the three second-line injectables (amikacin,
capreomycin or kanamycin), thus they are very difficult to treat [5,6][s1]. Combined with the
frequent co-infection with HIV, TB treatment represents a tough challenge. There is an
urgent need for new therapies and shorter treatments than the usual 6 months for susceptible
to over 1 year for drug-resistant TB [s2][7,8]. The current first-line TB drugs were
introduced and translated from initial discovery to the clinic in just a couple of years. By
contrast, bedaquiline took 16 years from the discovery of a related screening hit to approval
[4]. It is apparent something has to change to improve the current situation.

There has been a recent call by Gopal and Dick [9] to go back to look at old TB drugs that
are more like fragments. These fragments however tend to be reactive and counter to how
drug discovery has evolved in general, which is to find molecules that are generally not
reactive and that pass filters, alerts and are not pan-assay interference compounds (PAINS)
[10]. From our past analysis, compounds active in vitro against M. tuberculosis tend not to
follow these rules [11]. Yet fragments will more readily access M. tuberculosis, perhaps be
substrates for enzymes and be metabolized to molecules that in turn target many different
proteins and pathways [9]. For example, several of the first-line drugs for TB could be
considered fragments (e.g., isoniazid and pyrazinamide) that were developed and have been
in use for decades and we are still learning about how they work [9]. A large number of what
we would now consider ‘fragment-type’ molecules has been tested in one or more mouse
models over the past 70 years, providing a wealth of information (Figure 1). Pyrazinamide
(PZA), a key component in shortening TB therapy, was even advanced based on its in vivo
activity [12]. The drug is now known to be activated by pyrazinamidase/nicotinamidase
PncA to pyrazinoic acid [13], which was proposed to affect membrane transport and
energetics [14]. However, several studies suggest various other targets of PZA: the fatty acid
synthase (FAS) | system was reported as a primary target of PZA in M. tuberculosis [15],
which was later challenged [16]; whereas the ribosomal protein RpsA [17] or the aspartate
decarboxylase PanD [18] were recently proposed as additional targets of PZA in M.
tuberculosis. Similarly, the old antitubercular para-aminosalicylic acid was relatively
recently shown to be a substrate for dihydropteorate synthase, and its active forms then go
on to inhibit folate metabolism [19]. This discovery that catalysis rather than inhibition of an
enzyme can be an important mechanism for targeting M. tuberculosis presents a new way of
thinking about how we can develop drugs for this disease. It has been suggested that no
single approach is sufficient for predicting the target or mechanism of an antibiotic [20].

The recent EU-funded FP7 collaboration New Medicines for Tuberculosis (NM4TB) was
target-based whereas the more-recent More Medicines for Tuberculosis (MM4TB) project
used phenotypic screening predominantly with a small degree of target-based screens for
targets like gyrase and topoisomerase |. These provide us with examples of projects that
consider either target to drug or drug to target approaches [8,21]. The aim of this review is to
present our experience with these drug development efforts pointing to specific issues in
each, put them into context with the broader picture of M. tuberculosis drug discovery and
propose some options for future work.
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The PimA story: from a promising target to no drug (so far)

Right from the beginning of the NM4TB project a glycosyltransferase PimA (Rv2610)
appeared to be a perfect target for rational drug development. It should be noted that this was
well before the review by Payne ef al., which critically analyzed experience with the target-
based screening approach at GlaxoSmithKline (GSK) with other bacteria [22]. PimA
attaches a mannosy!| residue from GDP-mannose to phosphatidyl-myo-inositol (PI)
producing phosphatidyl-myo-inositol monomannoside (PIMq) [23]. By further
mannosylations and arabinosylations this metabolic intermediate is converted to prominent
mycobacterial glycoconjugates — phosphatidyl-myo-inositol mannosides (Acyl;_oP1Mo_g),
lipomannan (LM) and lipoarabinomannan (LAM), which serve as important structural
elements of the cell envelope [24,25] and also as key players for establishment of the human
infection through their interaction with the immune system of the host [26]. In the NM4TB
project, PimA was classified as a prioritized ‘category 1 target’ based on essentiality data
[23], availability of the protein and its structure [27], convenience of primary
(spectrophotometric) and secondary (radiometric) assays and a lack of a human homolog.
Thorough optimization of the spectrophotometric assay did not result in its adaptation to
high-throughput formats, probably because of problems related to the hydrophobic character
of the acceptor substrate Pl and/or later-recognized specific properties of the protein [28-
30]. Numerous screens were thus performed (Z. Svetlikova, PhD thesis, Comenius
University in Bratislava, 2014) in the alternative medium-throughput radiometric assays with
Pl as an acceptor substrate and purified enzyme [31], or with crude membranes of the
Escherichia coli strain producing PimA to satisfy its requirement for membrane association
[27]. More than 1000 compounds were examined in these assays that originated from several
sources. A set of small molecules was selected from the ChemDiv library (Chemical
Diversity, San Diego) using the programs FlexX (Chemical Computing Group, Canada &
BioSolvelT, Germany) and ICM (International Coordinate Mechanics, MolSoft L.L.C.,
USA) based on calculations of their binding affinities to the GDP-Man-binding site of the
protein performed by David Giganti and Marcelo Guerin (D. Giganti, PhD thesis, Pasteur
Institute, Paris, 2008). Other sets of molecules, provided by our collaborators (Gyorgy Kéri
and Janos Pat6, Vichem, Budapest; VVadim Makarov, Research Center of Biotechnology,
Russian Academy of Science, Moscow) reflected structural features of the GDP-Man
substrate. In each selection we were able to identify several efficient inhibitors of PimA
(>50% inhibition at concentrations <30 uM or 50 uM, depending on the assay), which
inhibited the growth of Mycobacterium smegmatis mc2155 with MICs of 9.35-53 pg/ml in
the resazurin microtiter assay (REMA). The mechanism of Killing caused by these
compounds in mycobacteria was examined by radiolabeling of the M. smegmatis mc?155
cultures treated with [14C]-glucose and analysis of the extracted lipids by thin-layer
chromatography. This classical biochemistry approach allowed us to focus directly on the
expected changes caused by the PimA enzyme inhibitors. The lipid profiles of the drug-
treated bacteria should be similar to those obtained by transcriptional silencing of PimA in
the conditional mutant of M. tuberculosis, which was prepared in the TetR-Pip off-
configuration [s3](i.e., a decrease in PIMs accompanied by accumulation of PI) [32].
Unfortunately, none of the tested compounds showed this phenotype and we concluded that
the inhibition of the bacterial growth was not due to PimA targeted by these molecules in
mycobacteria (Z. Svetlikova, PhD thesis, Comenius University in Bratislava, 2014). Thus,
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although PimA is one of only a few targets validated /7 vivo [32,33], studies to date have so
far failed to identify a drug-like inhibitor of PimA inside cells and the project was
terminated.

The DprE1 story: from carefully optimized drug to a promiscuous but vulnerable target

Contrary to PimA, DprE1 is an enzyme that was reported as a target of a number of small
molecules efficiently killing mycobacteria not only /n vitro but also in mouse models of TB
(Table 1). The FAD-containing oxidoreductase DprE1 (Rv3790), along with its partner
DprE2 (Rv3791), is involved in the conversion of decaprenylphosphoryl-s-p-ribose (DPR)
to decaprenylphosphoryl-g-p-arabinose (DPA) [34] — the exclusive donor of arabinofuranose
for biosynthesis of fundamental polysaccharides of the mycobacterial cell wall:
arabinogalactan and lipoarabinomannan [35]. Its value as a drug target was recognized
through a search for the mechanism of action of benzothiazinones (BTZs), sulfur-containing
heterocycles, among which derivatives with a nitro group at the 8 position displayed
spectacular in vitro, ex vivoand in vivo activities toward mycobacteria. BTZ043, S
stereoisomer of 2-[2-methyl-1,4-dioxa-8-azaspiro[4.5]dec-8-yl]-8-nitro-6-
(trifluoromethyl)-4 H-1,3-benzothiazin-4-one, was selected as a lead compound for further
studies [36].

The target of BTZs was revealed by two independent genetic approaches, which led to
disclosure of DprE1 as the target [36]. First, the cosmids from a M. smegmatis library,
conferring resistance to BTZ043, were selected in M. smegmatis and subcloning
experiments pinpointed to gprEl1. Second, specific point mutations were found in aprE1
genes in the highly resistant mutants of M. smegmatis, Mycobacterium bovis BCG and M.
tuberculosis raised against BTZ043. Biochemical studies fully supported DprE1 as a target
of BTZs [36]. These included: (i) labeling of BTZ-treated M. smegmatis cultures with [14C]
glucose, which clearly showed a decrease in cell wall arabinans compared to control
reminiscent of the effects of ethambutol [37]; and (ii) cell-free experiments. Initially,
enzymology studies were performed in a crude assay with membrane and cell envelope
fractions and 5-phospho-[14C]-ribose diphosphate (P-[*4C]-RPP) as a tracer [38], which
revealed arrest of conversion of DPR to DPA in the presence of BTZ043. SAR studies
showed that the nitro group at position 8 is crucial for the activity of BTZs in whole cells.
Accordingly, in the cell-free experiment the amino-derivative BTZ045 was completely
inactive [36]. This finding was in agreement with the subsequently confirmed mode-of-
action of BTZ043, in which DprE1-bound FADH, produced by DPR oxidation serves as an
electron donor for reduction of NO, in BTZ043. Conversion of BTZ043 to the reactive
nitroso-intermediate, followed by its covalent attachment to the active site cysteine,
irreversibly inactivates the enzyme [39,40]. Mutations resulting in replacement of this
cysteine to glycine or serine are principal mechanisms of resistance toward BTZs and other
nitro-group-containing inhibitors [41]. Later, availability of pure recombinant DprE1 protein
from M. smegmatis produced in E. coliand recognition of farnesylphosphoryl ribose (FPR)
[42] as a possible substrate surrogate for DprE1 enabled structural studies that led to the
clarification of the FAD-dependent mechanism of enzyme inhibition by BTZ043 but also
allowed development of “clean assays’ employing only the DprE1 enzyme and FPR as the
main components [40,43]. These assays take advantage of reduction of FAD accompanying
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oxidation of FPR substrate during the enzyme cycle. The reaction is then monitored
spectrophotometrically using 2,6-dichlorophenclindophenol (DCPIP) as an electron acceptor
for reoxidation of FADH, or, alternatively, in a coupled reaction with Amplex Red and
horseradish peroxidase, which react with hydrogen peroxide formed from oxygen serving as
an electron acceptor. Interestingly, the amino derivative BTZ045 acted as an efficient
noncovalent inhibitor of DprE1 with an I1Csg value similar to BTZ043 in these assays [43],
although essentially no activity of this compound was observed in the crude assay [36].
These observations are comparable with recent studies by Tiwari et al., who evaluated a
BTZ043 analog with the azido-group instead of nitro-group in the 8 position [44]. Although
BTZ-N3 was an efficient reversible and noncovalent inhibitor of DprE1 with I1C5 9.6 0.5
UM in the assay with DCPIP, which is similar to other BTZs [43], examination of its effects
in the crude assay did not show any inhibition of DPA production even at a rather high
concentration of the compound (100 pg/ml). This is intriguing, because amino- and azido-
BTZ analogs have MICs for M. tuberculosis corresponding to 0.5 pg/ml. Nevertheless,
failure to show the inhibitory effects in the crude assay is not related to the noncovalent
mode of inhibition of the BTZ045 and BTZ-N3, because another noncovalent inhibitor,
TCAL1 (Table 1), inhibited DPA production efficiently in a dose-dependent manner in this
assay [45].

Another version of a clean assay developed and carefully optimized by Batt ef al. comprises
an E.-coli-produced recombinant DprE1 from M. tuberculosis, FPR and resazurin as
substrates [46]. It was used in the search for compounds targeting DprE1 in the GSK
publicly available collection (TB set) [47] by an integrated approach employing target-based
whole-cell screening with M. bovis BCG overexpressing DprE1 from M. tuberculosis. Out
of five compounds conferring increased resistance in this strain compared with the empty
vector control, GSK710 was selected for further studies based on the most profound MIC
shift between the control and the DprE1-overproducing strain. Interestingly, an enzymology
study of the full collection of 177 compounds revealed 29 hits showing >30% inhibition.
Their further evaluation showed 11 compounds with 1Csq values between 10 and 60 puM,
seven compounds between 3 and 10 uM and two compounds <1 uM. Although one of these
two compounds was GSK710, these data again point to the issues reported for enzyme
target-based screening [22] because, from the spectrum of potent DprE1 inhibitors in the
enzyme assay, only one molecule was confirmed to act efficiently on the target in
mycobacteria [46].

Soon after its discovery, DprE1 was given an attribute — a magic target [48]. During the
following years, when numerous compounds with unrelated structures were discovered from
various whole-cell screening campaigns (reviewed by Piton et a/. in this issue of Drug
Discovery Toagay), it was attributed a less favorable characteristic (i.e., promiscuous) [8].
However, this feature can be related to accessibility of DprE1 located in the periplasmic
space of the mycobacterial cell wall, which makes it particularly vulnerable to the action of
the drugs [49]. Nevertheless, despite a variety of compounds targeting DprE1 in
mycobacteria, the original BTZ BTZ043 and the optimized next-generation PBTZ169
derivative (Table 1) are the only DprE1 inhibitors in the current TB drug pipeline (http://
www.newthdrugs.org/pipeline.php) that are reported to be in the preclinical phase. The /in
vivo efficacy data in zebrafish and mouse supports this series as well as combination studies
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with bedaquiline and pyrazinamide, which were superior to isoniazid, rifampicin and
pyrazinamide [50]. In fact, under the iM4TB/Nearmedic partnership, PBTZ169 has already
entered early clinical studies in Russia (http://www.nearmedic.ru/en/node/690).

It should be noted that, in contrast to most DprE1 inhibitors, BTZs were not discovered by
the classical or modern variants of high-throughput whole-cell screening campaigns of
available compound libraries. Quite the opposite, they were produced after careful
investigation of the fate of dialkyldithiocarbamates (DDTCs) in mycobacteria and animals.
Following the discovery that DDTCs with high antimycobacterial activity are converted to
BTZs, a number of their derivatives were synthesized. SAR studies driven by their
antimycobacterial activity and favorable /n vivo properties (such as plasma protein binding,
metabolic stability, etc.) identified BTZ043 as a drug candidate for further studies [36]. We
thus believe that the value of the DprE1 target for TB drug development currently lies in the
superiority of the original and carefully optimized compound, represented by the lead
candidate PBTZ169. Nevertheless, given the high attrition rates at all stages of the TB drug
development process, it is reassuring that for DprE1, which appears to be a particularly
attractive and vulnerable target, there are a number of inhibitors available, providing
opportunities for further backup development.

Searching for good drugs and targets

Since the discovery of TMC207 (bedaquiline) and successful identification of its target as
ATP-synthase by way of isolation of resistant mutants followed by whole-genome
sequencing [51], this method became widely used and represents a standard procedure in the
search for the mechanism-of-action of the drugs of interest. However, by its nature this
approach frequently does not reveal just the target but also mechanisms responsible for
resistance or activation of the drug [52,53]. As pointed out by Lechartier et al. many times, it
is not even possible to isolate the resistant mutants, which makes target identification and
validation problematic [8]. In such cases transcriptional profiling before and after drug
exposure were proposed for shedding light on the effects of the drug in the bacterium [54].
More recently, proteomics and metabolomics approaches proved to be valuable for revealing
or confirming drug targets in mycobacteria. Their potential can be exemplified by the study
showing that p-Ala—p-Ala-ligase, rather than alanine racemase, is a predominant target of p-
cycloserine in mycobacteria [55]; or by a recent report about glutamate racemase (Murl),
which was discovered as a primary target of B-chloro-p-alanine and perspective candidate
for TB drug development [56]. There have also been several efforts at computational target
prediction. For example the hits from M. tuberculosis HTS from GSK were analyzed with
two ligand-based methods to predict targets for 776 molecules. The selected targets were
then used in a structure-based strategy allowing identification of two molecules identified as
inhibitors of DHFR, which acted on this target in mycobacteria as confirmed experimentally
[57]. Although “currently, there is poor consensus on the key properties that constitute the
ideal drug target for eliminating M. tuberculosis” [58], sophisticated methods were designed
for genetic validation of TB drug targets, which include transcriptional silencing but also
systems for regulated protein degradation and their combinations. Recently these methods
were extensively reviewed by Evans and Mizrahi, who critically highlighted advantages and
limitations of these approaches [33]. Major strengths of these state-of-the-art technologies is
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the possibility to evaluate the targets /n vivo, which along with structure-based drug design
(SBDD) approaches could [s4]lead to success in obtaining drug candidates. Perhaps, even
the value of PimA for drug development could be re-examined by these technologies given
the wealth of information about the enzyme and its crucial role in the physiology of
mycobacteria.

Looking back on the way forward

Examination of the mechanisms of action of the novel drugs and drug candidates in
preclinical and clinical phases listed in the TB Drug Development Pipeline (http://
www.newthdrugs.org/pipeline.php) reveals that, except for three compounds (bedaquiline,
the imidazopyridine Q203 and the riminophenazine TBI-166) targeting energy metabolism
of mycobacteria, all of the other compounds affect the metabolic pathways, which are
considered as highly vulnerable for killing bacteria, because they were chosen by evolution
as targets of many natural compounds. These include synthesis of the cell wall (targeted by
pretomanid, delamanid, caprazamycin CPZEN-45, dipiperidine SQ609, BTZs PBTZ169 and
BTZ043, ethylendiamine SQ109), proteins (sutezolid, spectinamide 1599) or nucleic acids
(moxifloxacin, levofloxacin, rifapentine) and represent the same pathways affected by the
antibacterial drugs used in a systemic monotherapy [59]. As stated by Silver, “it might be
that the “‘good old targets’ are qualitatively different from the crop of all possible novel
targets” [59]. Therefore, it might be worth considering that, along with the search for the
target by genetic methods, the classical macromolecular synthesis (MMS) assays are applied
more frequently in the TB field. It is highly likely that the most straightforward method is
the use of radiolabeled precursors for nucleic acids, protein and cell wall and lipid synthesis,
as in the ‘golden age’ of antitubercular drug discovery. The advantage is that it is not costly
or technically demanding and thus can be performed almost by any laboratory. This
approach was recently reported for the novel natural compound teixobactin with an excellent
activity against Gram-positive pathogens, including M. tuberculosis [60]. Because it was not
possible to obtain mutants of Staphylococcus aureus or M. tuberculosis resistant to
teixobactin, its mechanism-of-action was examined by MMS assays in S. aureus. These
pointed to peptidoglycan synthesis as a target of the drug. Further studies then specified that
the antibiotic acts by binding to the polyprenyl-phosphate-linked precursors of the cell wall.
As noted by the authors of this study, teixobactin is an example “how natural products
evolved to exploit the inherent weaknesses of bacteria” and, probably, especially among the
natural products, more compounds targeting the most vulnerable pathways will be found
[60]. This can be exemplified by recent discoveries of pyridomycin, a cell wall inhibitor
targeting InhA [61], or griselimycins, which are DNA synthesis inhibitors targeting DnaN
[62].

For TB drug candidates MMS assays were recently reported for investigation of the mode-
of-action of SQ109 [63] or AU1235 [64], which turned out to be MmpL3 inhibitors. In fact,
examination of the effects of the drugs with different cell wall targets in mycobacteria by
[14C]-acetate or [14C]-glucose labeling reveals ‘signatures’ in the lipid profiles, which are
typical for targets in a specific part of the pathway [i.e., accumulation of trehalose
dimycolates (TDM) and trehalose monomycolates (TMM)], for inhibitors of arabinan
biosynthesis, lack of TDM and increased TMM for MmpL3 inhibitors, complete loss of
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TDM and TMM for inhibitors of mycolate production. It should be noted that, for a specific
inhibitor of the macromolecular synthesis, there should be a clear distinction in the effects of
a particular pathway over the others, because inhibition of all pathways within a narrow
concentration range could indicate a nonspecific mechanism of inhibition [65]. Thus, for
their use at present, these assays should be carefully optimized using the drugs with known
modes of action, taking into consideration the specific effects of the media used for the
cultivation of mycobacteria [66]. These kinds of experiments might also be useful with
regard to the recent opinion by Gopal and Dick highlighting the fact that some of the key
drugs in TB therapy are promiscuous, hitting multiple targets [9]. Although MMS
experiments will probably not reveal the precise target of the drug, indication of the activity
in a highly vulnerable pathway could warrant further development, including optimization of
their properties and their progress to /n vivo studies.

Using machine learning to learn from over 70 years of TB research

Indeed, a significant challenge in TB research is identifying compounds that have activity in
the mouse models of M. tuberculosis infection [67]. Certainly the mouse differs from the
human but it represents a frequently used model for rank ordering compounds for further
study [68]. Recent efforts have manually collated historic data for compounds tested in the
mouse model of infection [67,69]. Admittedly this represents a combination of data from
different strains of mice and acute and chronic mouse models covering over 70 years of data.
This resulted in two studies initially with 784 molecules [67] and then, in recent years, the
addition of 60 molecules brought this to well over 800 molecules. The compounds were
analyzed in terms of their molecular properties and used for generating computational
models of /in vivo efficacy that were prospectively used to predict other molecules. Our first
analysis also enabled us to take a high-level view of the compounds assessed in the mouse
over time [4] and the clear gaps in drug discovery. The more-recent curation of 60 additional
small molecules with /n vivo data published during 2014 and 2015 [69] suggests a general
lack of diversity of compounds going /7 vivo. We have also used multiple computational
approaches to analyze these molecules and we showed that models to predict other
properties such as mouse liver microsomal half-life (MLM ty,,) and /n vitro M. tuberculosis
activity incorporating cytotoxicity data could also be used to predict /n vivo activity. The
creation of this consensus workflow had a positive predicted value (hit rate) >77%. Such
computational models can help select antitubercular compounds with desirable /n vivo
efficacy alongside good MLM ty» and /n vitro activity [69]. We also found that a new
clustering method for data visualization might also help with the assessment of /in vivo
activity by placing a new molecule of interest in the context of the closest molecules based
on molecular descriptors (Figure 1).

Making these data publically accessible is potentially useful for revisiting old compounds
that might have failed but which might be amenable to being revived based on what we
know now about M. tuberculosis. Indeed, we are increasingly revisiting the past. Examples
include the rediscovery of the triazine series of compounds [70] (Figure 2), which followed
on from their initial detection in 1969 [71], or oxyphenbutazone [72], which was
rediscovered from studies in the 1960s [73] in which patients with TB were given this drug
for treatment of pain and fever. Even natural products are not immune to rediscovery
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because gliotoxin was recently identified in a screen to have antitubercular activity [74] but
it had already been described in 1950 [75], and again more recently [76]. We identified this
because we had curated over 700 molecules with their potential targets from literature
publications in a mobile app called TB Mobile [77,78]. Resources like this [79,80], mouse /n
vivo compounds [67,69] and literature /n vitro screening data from SRI/NIAID [81-83] that
has been collated in CDD (http://www.collaborativedrug.com) [11,84] all represent starting
points for potential knowledge-based selection of compounds for further follow-up or
design. Using the computational models or the data on their own can help in understanding
the properties that confer /n vitro activity, /in vivo activity as well as the multidimensional
properties such as cytotoxicity and microsomal stability (Figure 3). However, are we using
the historic data to help make better decisions?

In 2010 GSK published a set of 14 000 compounds with antimalarial activity [85]. We used
these compounds as a testset for two Bayesian models: one was generated with ~220 000
compounds with single-point screening data and a second used ~2200 compounds with
dose-response data from the Molecular Libraries Small Molecule Repository (MLSMR)
(data from [81]), which had been recently published [84]. These prediction data for M.
tuberculosis activity were subsequently published in the CDD public database and provided
as supplementary data in a paper analyzing various datasets [86]. In 2013, GSK published
the results of phenotypic screening of 2 million compounds, which identified a set of 177
leads [47]. After downloading the flat file from ChEMBL-NTD, the molecules and data
were uploaded in to CDD and we looked at overlap of this set with the previous Bayesian
model predictions generated by us in 2010 (Figure 4). Fifteen molecules were found to
overlap in the datasets. Upon closer examination of the Bayesian model predictions we
found that each unique model correctly predicted 11 out of 15 compounds (73.3% correct
classification). This illustrates how databases such as CDD can be used as a repository for
computational predictions, which can be accessed and compared years later as experimental
data becomes accessible.

Clearly, few people are taking advantage of what has been done to assist TB drug discovery.
How can we change this? Several examples of drug repurposing could help. The
identification of the proton pump inhibitor lansoprazole which is reduced to an active
metabolite intracellularly and shown to possess /7 vivo activity in mouse [87] is a recent
example derived from screening FDA-approved drugs /n vitro. Target-based computational
models have led to approved drug compounds that were not previously considered as
antibiotics, with good activity against M. tuberculosis Topo | (e.g., amsacrine, imipramine
and norclomipramine) [88,89] and ThyX (idebenone) [90] but with poorer MICs. So this
gets to the additional challenge of finding molecules that hit the sweet spot of in vitro
activity at the target and in the whole cell, and that is before trying /n vivo.

Concluding remarks

Some have discussed taking more of a mechanism-based approach to TB drug development
[20] or a pathway-based approach to screening [58]. A recent opinion [91] has also laid out
criteria for antituberculous hits and leads to ensure the quality of compounds, in particular
focusing on the massive Global Health Innovative Technology Fund's high-throughput
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screen being undertaken in Japan against M. tuberculosis. It is unclear how this is going to
address the still fundamental problem of a poor preclinical and clinical pipeline [7]. Granted
there is still the huge leap from /n vitro screen to activity in the mouse model but are we
setting the standards unacceptably high compared with tuberculosis drug discovery of the
past?

We have focused on our experiences with a very small number of targets and methods,
however many of the successes and challenges in the MMA4TB project will be summarized in
other articles in this issue. From our experience there is no guarantee of success using any of
the approaches taken and there is certainly a major role for good fortune.

As we have stated, there is considerable information in the public domain on compounds
that are active either /n vitro or in vivo against M. tuberculosis and increasingly we are
finding approved drugs that have some degree of whole-cell and/or target activity. Although
repurposing an already approved drug would certainly shave many years off the drug
development timeline, for M. tuberculosis it represents a “‘Hail Mary” approach. The shifts in
the TB drug discovery community, whether driven by the failure of big pharma with their
target-based screens for other bacterial targets [22] or funding organizations prioritizing
whole-cell screens over target-based screens, can be seen as having an influence. What
really matters to many is finding compounds active in the mouse acute or chronic model of
M. tuberculosis [4].

We propose that future collaborative projects could follow MMA4TB and learn from our
experiences. These might use a more diverse array of methods that spread the risk and
include the following ten examples:

i Going back to earlier published /n vivo data and finding compounds that failed
and trying to fix the flaws caused by poor ADME, improving solubility and or
metabolic stability by using computational models and /n vitro testing [92].

ii. Use the computational models to identify compounds that could be active /in vivo
[67,69] from the 1000s of published /n vitro hits.

iii.  Identify compounds likely to be metabolically activated (e.g., norclomipramine
is a metabolite of clomipramine, and only the former is active vs M. tuberculosis
topoisomerase | in vitro [89]).

iv. Optimize the delivery of compounds or their formulation to get /7 vivo activity.

V. Focus on old well-validated targets and use all available experimental and
computational resources (e.g., InhA, DHFR, etc.).

vi.  Virtually screen small fragment libraries with the machine learning models (e.g.,
in vivoand in Vvitro).

vii.  Use NMR to screen fragment libraries versus validated M. tuberculosis targets
and use as a starting point for structure-based design.

viii.  Get active compounds to /n vivo studies faster by using MMS assays and
biochemistry for evaluation of the affected pathways.
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iX. Mine through all the compounds discarded in NM4TB, MMA4TB and possibly
other large collaborations and identify those that could be optimized.

X. Mine through the compounds in NM4TB and MM4TB and predict targets using
computational approaches, verify in vitroand use as a starting point for target to
drug.
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Highlights
. We explain the shift from target-based to phenotypic HTS for TB
. We describe EU-funded FP7 collaborations, NM4TB and MM4TB projects
. We detail the success with DprE1 and failure with PimA
. We suggest how we can learn from earlier /n vitro and in vivo efforts and data

. We propose future approaches to TB drug discovery
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Figure 1.
Partial clustering map of mouse /n vivo data showing very small ‘fragments’ tested in mouse

(green outline = /n vivo active) [71].
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Figure 2.
Partial clustering map of mouse /n vivo data (green = /n vivo active) showing triazines [71].
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Figure 3.
Using published data on TB to aid drug discovery, integrating data on Mycobacterium

tuberculosis targets, machine learning models using M. tuberculosis in vitro, in vitro data
and molecular property predictors. Abbreviation: Mtb, M. tuberculosis.
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Comparison of Bayesian model predictions and experimental data against Mycobacterium
tuberculosis for GSK compounds (green = correct prediction, red = incorrect prediction,

yellow = M. tuberculosis data).
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Table 1

Selected DprEl inhibitors with /n vitroand in vivo activity

Page 21

Molecule Name 1C 2 MIC for Mycobacterium | Mouse in vivo Refs
50 tuberculosis
Q R ¢ | BTZ043 0.004 1 ng/ml Chronic model at 37.5 mg/kg Active [36,93]
N 25uM
| F
o N S
N
§/o o Yo
Shirude 3 0.01-0.017 uM | 1.56-3.12 uM Acute and chronic model 100 mg/kg [94]
% Active
8%
/\N
F
\O Shirude 4 0.005 0.39 uM Acute and chronic model 100 mg/kg [94]
Active
N=
§
N
7
/
»—NH
(o] \_V
SN Chatterji 2 | 0.032 0.5-1.56 uyM Chronic model 300 mg/kg Active [95]
N=
§
Iy
SN
O/‘NH
OH
o] 0 TCAl 0.19 (ug/ml MICsg) Tested in chronic and acute model at 100 [45]
Z < J mg/kg Active
S { H 4o/\
NH
o=
=N
S
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Page 22

Molecule Name 1C.2 MIC for Mycobacterium | Mouse in vivo Refs
50 tuberculosis
PBZ169 0.3 ng/ml Chronic model at 50 mg/kg [50,93]
<0.19 ng/ml 0.6 log CFU reduction in lung

o R f
N
S

N

O

aDprEl activity was established by Amplex Red/horseradish peroxidase assay [43].
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