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Abstract

Neglected disease drug discovery is generally poorly funded compared with major diseases and
hence there is an increasing focus on collaboration and precompetitive efforts such as public—
private partnerships (PPPs). The More Medicines for Tuberculosis (MM4TB) project is one such
collaboration funded by the EU with the goal of discovering new drugs for tuberculosis.
Collaborative Drug Discovery has provided a commercial web-based platform called CDD Vault
which is a hosted collaborative solution for securely sharing diverse chemistry and biology data.
Using CDD Vault alongside other commercial and free cheminformatics tools has enabled support
of this and other large collaborative projects, aiding drug discovery efforts and fostering
collaboration. We will describe CDD's efforts in assisting with the MMA4TB project.
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Introduction

Researchers continually recount the importance of collaboration whether in academia, the
pharmaceutical industry or between both of these groups [1-7]. Occasionally, there is also
the role of patients and advocates [8,9] which can add to the collaboration. In areas such as
neglected diseases where the funding is limited for drug discovery [10] there is a compelling
need to collaborate and this might not be limited to drug discovery alone but also other parts
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of the research and development enterprise [11]. We have highlighted the need for more-
competitive collaboration in the industry [12] and alternative business models for drug
discovery that balance collaboration, privacy and security [13], and certainly the shift toward
public—private partnerships (PPPs) fulfils that gap [14]. These in turn will face the challenge
of a growing mountain of data and the need for data mining and collaborative tools [15].

There have also been calls for more cooperation in developing antimicrobials such as the TB
Drug Accelerator [16] which uses the Collaborative Drug Discovery (CDD) Vault in this and
other collaborations to share chemistry and biology data in a secure web-based environment.
This could be perceived as a strength in that collaborative informatics software (such as
CDD Vault and other commercial software) underpinning many large-scale collaborations is
now virtually ‘invisible’, although it plays a crucial part in ensuring all group members have
their data available from anywhere in the world. CDD has been proposed for use by
neglected tropical disease researchers [17] as an easy mechanism for eventual public release
of data. A further recent example, the European Lead Factory, an Innovative Medicines
Initiative (IMI) PPP, has a compound library from seven pharma companies that is made
available to academics so they can screen it against their own targets. This program uses the
BIOVIA ScienceCloud platform as the core cheminformatics platform [18]. Public database
tools have also been created such as BioAssay Research Database (BARD) but they also
require some commercial tools to function [19].

We have previously illustrated how drug discovery has increasingly integrated web-based
databases and tools and highlighted some of the key tools for linking collaborators [20] as
well as the freely available resources that now provide capabilities only previously available
in large organizations [21]. Various commercial and publically accessible web-based tools
combining elements of chemistry informatics, biology and social networks have been
previously reviewed by us in the context of use for intra- and extra-organizational
collaborations [22]. In the intervening period we have further developed the CDD Vault
software (Box 1) and applied it to many large-scale collaborations for secure sharing of
chemistry and biology data. Although we have previously demonstrated the role
collaborative software can have in malaria research [22] as part of an integrated drug
discovery cycle [23], as well as trypanosomal diseases [24], the focus of this discussion will
be on tuberculosis (TB) and it specifically highlights the FP7-funded More Medicines for
Tuberculosis (MMA4TB) collaboration.

Role in MM4TB

CDD's role in MMA4TB primarily involved providing the CDD Vault to over 20 groups
(Figure 1). We used a single vault to organize all consortium data in multiple projects, with
specific project access to individual participants, which also allowed the data owners to
mask structures. For example, the large pharma partners hid the structures but shared the
data. This had ramifications when AstraZeneca left the program and also prevented the data
from being used for machine learning models, among others. Toward the end of the project
the MM4TB CDD Vault contained 130 240 molecules (38 541 without structures), 131 431
batches, 160 protocols, 389 runs and 592 669 readout rows. A second role for CDD was in
the area of general cheminformatics support for various target-based projects to help identify
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compounds for testing within MM4TB. This involved building pharmacophores, docking
and machine learning using additional third-party software alongside the CDD Vault. The
following examples represent some of the projects undertaken.

Topoisomerase | (Mttopol) is an essential mycobacterial enzyme and suffers from a shortage
of known inhibitors. To identify small-molecule inhibitors of Mttopol a 3D homology model
of the enzyme was generated using Escherichia colitopoisomerase | as a template [25]. This
model was then used to dock libraries of FDA drugs. Compounds that scored well were then
selected for /n vitrotesting for their inhibitory potential against the DNA relaxation activity
of Mttopol. This virtual screening effort resulted in the identification of amsacrine s33(m-
AMSA) — a well-known inhibitor of eukaryaotic type Il topoisomerases that appears to act by
intercalating with DNA against Mttopol [25]. Norclomipramine and imipramine are closely
related tricyclic central nervous system active molecules that were also identified in the
same way through docking but were found to better stimulate DNA cleavage by Mttopol /in
vitro (nM inhibitors). These molecules appear to bind to metal-coordinating residues and
poison the enzyme [26]. Further, norclomipramine and imipramine inhibit Mycobacterium
tuberculosis growth albeit at a higher concentration (60 and 250 uM, respectively). Thus,
although these molecules had less desirable whole-cell activity in M. tuberculosis and
Mycobacterium smegmatis, they were proposed as an approach to identify further leads. The
recently described crystal structure of Mttopol (PDB ID: 5D5H) was also suggested as
potentially useful for discovery of poison-type inhibitors that would provide high affinity
and selectivity [27]. In our efforts as part of the MMATB project 639 compounds were tested
in vitroby our collaborators. These data were also used to create machine learning models
that were further validated and used to select commercially available compounds for testing
in vitro. Our collaborators also experimentally demonstrated the inhibition of Mttopol by
some of the small-molecule inhibitors identified and showed that the enzyme can be readily
targeted for lead molecule development. Figure 2 illustrates how particularly sensitive
structures might be in the Vault without structures.

Gyrase B and ThyX

PyrG

With additional collaborators in MM4TB as well as outside MM4TB we have targeted two
essential enzymes in M. tuberculosis that are promising for antibacterial therapy and
reported to be inhibited by naphthoquinones. ThyX is an essential thymidylate synthase that
has been described as mechanistically and structurally unrelated to the human enzyme
[28,29]. DNA gyrase is a DNA topoisomerase present in bacteria and plants but not animals
[30]. A combination of cheminformatics (pharmacophore and similarity searching) and /n
vitro screening was able to identify several new M. tuberculosis ThyX inhibitors (one of
which is a drug, idebenone, in Phase 11 clinical trials for a rare disease) with modest whole-
cell activity; and at the same time we were able to show the differences in SAR, with ThyX
being much more permissive than GyrB [31].

A screen by the MMA4TB group of the NIAID library for antitubercular activity identified a
new series of molecules, displaying a promising MIC value (0.5 pg/ml; Figure 3a). Isolation
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of M.-tuberculosis-resistant mutants, genetic validation and biochemical studies identified
the main mechanisms of activation and resistance [32]. The molecules were found to be
prodrugs activated by the EthA monooxygenase and targeting the PyrG enzyme — a cytidine
triphosphate (CTP) synthase catalyzing the ATP-dependent amination of UTP to form the
essential pyrimidine nucleotide CTP. This could represent a new and promising TB drug
target. We docked the molecule in the crystal structure and also performed substructure and
similarity searches to identify additional compounds in the public TB datasets in CDD Vault
(Figure 3b). A set of 12 molecules with known M. tuberculosis whole-cell activity were
identified, docked in the crystal structure and scored (Figure 3c) before four compounds
were tested and one was identified as a weak inhibitor (K 88.9 uM, MIC 4.4 pg/ml) of the
target. This compound, however, did not require activation [32] by EthA. This represents a
prime example of how the combination of the CDD Vault, docking and /in vitro testing could
be used to narrow down possible compounds to be evaluated experimentally.

Library comparisons

Compound library comparisons were performed to evaluate their overlap with the published
NIAID/SRI[sp) data [33-36] before testing. We filtered a commercial library of interest for
overlap with public TB compounds in the CDD Vault (~340 000 molecules). The library of
interest from EPFL [s3] (~53 000 compounds) was uploaded into a Vault with the public TB
compounds. In total, 50 445 compounds were imported and found not to be in the public
datasets from NIAID/SRI. This compound library was then used for HTS screening /n vitro.
In addition, this library was also scored with several previously published Bayesian models
for the dose—response and cytotoxicity data from the SRI datasets. When ranked by the
Bayesian score, some well-known structural motifs were observed (e.g., Mmpl3 inhibitors
like those from GSK and Novartis, etc.) [37,38]. This was hence useful to pre-filter
compounds that might be less desirable or potentially of less interest based on novelty. A
further role for cheminformatics in the MMA4TB project was the use of the ADMET machine
learning models [39,40] to score compounds for synthesis in the GuaB2 project.

Machine learning models for M. tuberculosis

M. tuberculosis in-vitro-based machine learning models

Computational methods have been used across neglected diseases to differing levels and this
might reflect the degree of investment that goes toward TB and malaria compared with
kinetoplastids and helminths [10]. Computational tools have been increasingly used in the
area of TB research. A recent review by Chibale and colleagues [41] described the extensive
structure-based and ligand-based approaches used for TB, malaria and trypanosomal disease
research, however they did not specifically address machine learning applications. Machine
learning techniques have been applied most extensively for genetics and genomics [42] as
well as applied to antibacterial drug discovery [43]. A wide variety of machine learning
methods have been applied to TB datasets including recursive partitioning (RP Forest [44—
47] and RP Single Tree), Support Vector Machines (SVM) [48-50] and Bayesian methods.

Our own work on TB was initially funded by the Bill and Melinda Gates Foundation, which
enabled us to curate public datasets on TB. These datasets were subsequently used to
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analyze the molecular properties of active and inactive compounds, generate machine
learning models and test pharmacophore models while also being one of the first groups to
describe the distribution of antituberculars in the context of FDA-approved drugs in
molecular property space [51] and compounds failing alerts in these datasets [52]. We have
taken a similar approach with large-dataset-screened compounds such as the >13 000
malaria hits from GSK calculating descriptors and using SMARTS [g4filters as alerts
[53,54]. We also proposed that many of these malaria datasets could be screened against M.
tuberculosis [54].

We have successfully demonstrated the value of machine learning in drug discovery by
predicting in advance which subsets of compound libraries collaborators (such as Infectious
Disease Research Institute, UMDNJ-NJMS and Southern Research Institute) should screen.
In all cases we focused on eight interpretable descriptors and FCFP6 fingerprints. Models
that combined bioactivity and cytotoxicity data were used to rank compounds such as the
GSK antimalarial dataset [55]. From the top 46 molecules, seven were chosen and five had
MIC <2 ug/ml, the most active being 0.0625 ug/ml [56]. A second example used two
different M. tuberculosis whole-cell models to score three vendor libraries from which 550
compounds were tested and 124 actives identified [57]. A third example filtered a library of
>150 000 molecules and tested 48 compounds of which 11 were active [58]. The models
achieved screening hit rates of 15-71% for suggested compounds, far higher than the 0.6—
1.5% typical for random library HTS screening [57,59,60].

Over the years with these and other collaborators, we have used machine learning
approaches with different public and private M. tuberculosis datasets to explore the various
algorithms available. Fusion of three dual activity models gave an excellent ROC value with
a fourth external dataset from the same laboratory [61]. These models have also been used
individually with a testset of 1924 molecules for which cytotoxicity was determined in three
cell lines and enrichments of 11.8-fold were observed in the best case [36]. Fusing single
point data (bioactivity only) with dual activity data ultimately led to M. tuberculosis models
with 345 011 molecules in them but these were no more predictive that the smaller dual
activity datasets when tested with external data [62].

More recently we have applied the Bayesian machine learning approach to identify leads
and repurpose drugs for Chagas disease [63] and Ebola [64]. All of these efforts have
primarily used commercial software as a proof of concept. This in turn led us to the insight
that such models are infrequently shared or even accessible to those that do not have access
to the underlying software.

We have also reviewed the wide array of TB-related database efforts in the area of pathway
tools [65]. By far the biggest area for application of computational approaches is in
cheminformatics such as QSAR, pharmacophores, docking and virtual screening. Again we
found that there was a disparity in computational model generation, utilization and sharing
and little effort in bringing many different approaches together [65] such as combining
machine learning with docking [66]. Recently, chemogenomic methods and experimental
validation were used to identify two compounds as dihydrofolate reductase (DHFR)
inhibitors [67]. Validating such computational approaches experimentally is essential,
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whether that is similarity searching, pharmacophores [68] or machine learning [69]. These
various models also offer an opportunity for drug repurposing when using libraries of FDA-
approved drugs [70].

M. tuberculosis in-vivo-based models

With collaborators we have used a similar array of machine learning approaches to model
data from the mouse M. tuberculosis efficacy model that have been published over the past
70 years. Models were initially constructed with 773 compounds and used to predict 11
molecules from the literature (eight were correctly predicted) [71]. This work also enabled
identification of the gaps in research when few compounds were published in this model
[72]. More recently, these models have been updated and used with a testset of 60
molecules. The best M. tuberculosis in vivo models in this case now possess fivefold ROC
values >0.7, sensitivity >80% and concordance >60%. These results indicated that Bayesian
models using literature /n vivo M. tuberculosis data generated by different laboratories in
many different mouse models can be predictive and also be used alongside other models to
select antitubercular compounds with /n vivo efficacy [73].

ADMET models and model sharing

Eventually getting to an /n vivo active compound requires good ADMET properties. With
the increasing amounts of data generated for properties like microsomal stability, Caco-2
permeability, aqueous solubility, hERG, among others, one can use machine learning
approaches to build classification of QSAR models [40]. These models have the potential to
be used to score molecules before testing or synthesis. We have long proposed the need to
make ADMET data more accessible and facilitate model building [74] and the shift to
crowdsourcing for pharmaceutical research [75]. It was suggested that computational models
for ADMET properties could ultimately replace the /n vitro models [76]. This led to our
exploration of using open source computational tools for ADMET properties in
collaboration with Pfizer [77]. This in turn provided evidence that they could provide models
and model statistics comparable to commercial descriptors and tools. Other groups have
been moving in the same direction. For example Tetko et a/. used DMSO solubility data for
163 000 molecules from two companies that were analyzed using different descriptors and
machine learning methods, they found the most reliable predictions and combining data
could increase the accuracy of the models [78]. Sushko et a/. then described an online
chemical modeling environment (OCHEM) for model development and data storage. This
appears to be one of the earliest attempts to share models on the Internet [79].

CDD has created a standardized mechanism (CDD Models) that enables researchers to share
models, share predictions from models and create models from distributed, heterogeneous
QSAR data, all without needing to divulge the underlying training sets. This was facilitated
by embedding standard model building capabilities directly within the CDD Vault and
validating the integrated technology. In the process of this work we created a drop-in
replacement for the widely used ECFP6 and FCFP6 fingerprints [80] and made the resulting
code available to the public as a feature in the Chemical Development Kit (CDK) project
under an open source license. These ‘CDD models’ have been applied to several innovative
areas including modeling decision making for chemical probes [81] as well as developed
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ADMET models that leverage publically accessible data from industry and academia [82].
The open source descriptors and Bayesian algorithm have also been used outside of the
CDD Vault to create several thousand models with the ChEMBL data, possibly representing
the future of using thousands of models to score compounds simultaneously [83]. More
recently, a Bayesian binning approach was developed that represents a move to
semiquantitative Bayesian models [84]. Overall these combined efforts show how the open
source technologies could benefit others and stimulate new technology applications in
general.

For example, other types of datasets that could be made more accessible in this way include
ADMET datasets relevant to M. tuberculosis drug discovery. For example, mouse liver
microsomal (MLM) stability studies are the initial cell-based model system used to assess
metabolic stability in academia and industry for many diseases including M. tuberculosis.
Perryman et al. have collated published assays on MLM half-life from PubChem; and
reformatted and curated them to create a training set with ~900 molecules [85]. These data
were then used to generate machine learning models assessed with internal cross-validation
and external tests with a published set of antitubercular compounds and another independent
validation with an additional large diverse set of compounds. It was found that ‘pruning out’
the moderately unstable and moderately stable compounds from the training set produced
models that displayed superior predictive power for identifying compounds that have a half-
life =1 h in MLM stability studies|ss). To date, this represents the largest publically
accessible MLM dataset and suggests that the pruning strategy could be useful elsewhere
[85]. One could speculate that toxicity models for properties like the potassium channel
hERG (which is known to be a particular issue for TB drugs like bedaquiline [86] and shows
QT prolongation in dogs and human trials at high doses) could perhaps be avoided by using
machine learning models to optimize this property relative to the target pharmacophore.
Although this might be difficult we are not aware of this being attempted to date.

Target prediction using TB Mobile

Various studies have developed methods for predicting targets for compounds in M.
tuberculosis. The TBDrugome [87] was an early example that used binding sites of TB
structures to identify molecules. A recent approach developed models of all the pockets in
M. tuberculosis targets to create the ‘pocketome’ [88] from which several approved drugs
were described alongside their inferred targets. In both cases it appears these approaches
were not experimentally validated, which, if they were, would certainly provide some degree
of confidence in using these approaches.

In silico target fishing is an emerging technology that predicts the targets of compounds on
the basis of chemical structure by using information from biologically annotated chemical
databases. The CDD Vault can currently be mined using similarity and substructure
screening, and contains public datasets with over 300 000 compounds screened against M.
tuberculosis, as well as manually curated datasets for >7000 published molecules. This
information has helped in finding compounds already tested with some TB activity, which
could be similar to hits of interest to MM4TB (Figure 3).
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We have made some efforts to bridge bioinformatics and cheminformatics by combining
pathway analysis with pharmacophores and machine learning to identify compounds with
activity against M. tuberculosis [89]. This also led to the realization that some of the data
collected on compounds and targets in M. tuberculosis could be used to create a mobile app
called TB Mobile (Figure 4) so that the data could be available in a different accessible
format [90]. This in turn has provided a platform for testing various technologies such as the
open Bayesian method and ECFP6 fingerprints [80], which are now used in TB Mobile to
predict potential TB targets.

Future predictions

Dark matter TB compounds

Several reviews have summarized the difficulties in finding compounds active against M.
tuberculosis [91], resulting in few promising candidate compounds and suggesting recent
whole-cell screens have identified targets that can form the basis of target- or pathway-based
approaches [92]. There have also been calls to expand the chemical diversity and molecular
target space [93]. Probably what we also need to do is explore the dark chemical matter [94];
that is, compounds that have never shown biological activity in HTS. Perhaps one way to
tease out these compounds is to assess them in combinations looking for synergy. This might
be too time-consuming and resource-intensive unless it could be done computationally. For
example, Wildenhainsg) et al. [95] described a large-scale chemical-genetic undertaking,
using machine learning to identify synergistic pairs of drug-like molecules. This new study
could represent an early example in their use to predict synergism [96]. There is certainly
also a growing array of large-scale HTS combination studies [97] and tools for data
visualization and exploration [98,99]. New regimens are urgently needed for drug-
susceptible and drug-resistant M. tuberculosis and compounds such as PBTZ169 have been
suggested as attractive candidates, showing that a combination with bedaquiline and
pyrazinamide was more efficacious in mouse than the standard treatment with three drugs
[100]. As a caveat to consider, translation of /n vitro synergy to /n vivo efficacy might not
always be clear, as demonstrated with the spectinamide 1599 [101]. Therefore, efforts to
combine /n silico, in vitroand in vivo synergy prediction might be worthwhile.

Collaborative data sharing

We and others have recently described [15] privacy concerns with data and efforts to find
data-sharing methods as well as examples of companies comparing their compound libraries
(e.g., Bayer and Schering [102], Bayer and AstraZeneca [103] and Pfizer to the

literature [s7;[104]). Published efforts have also been reviewed on sharing relevant chemical
information about screening data that leave structures blinded, which could open the door
for increased collaboration. Swamidass and co-workers recently proposed different
approaches to secure sharing of molecules [105], using scaffold networks for compounds
demonstrated they do not convey information to reveal chemical structure [105]. A second
approach from these researchers uses a method of measuring the overlap between two
private datasets using an algorithm that constructs a private dataset's shareable summary
(cryptoset [106]), then overlap of private datasets is achieved by comparing these. Other
companies have shared anonymized match-pair [107] data for the purpose of improving
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ADMET optimization of lead compounds [108]. Development of such technologies can be
integrated into future versions of collaborative software tools and might help broaden their
scope. By default all data or models in CDD Vault always remain private, with options for
researchers to share subsets of data or models selectively and securely if and when desired.

Concluding remarks and future outlook

Large-scale collaborations like MM4TB benefitted from the use of collaborative software
because it provides a central repository that is accessible to those with the correct
permissions. The data are automatically backed up, secure and of course do not require high-
level technical expertise to use for uploading, mining or visualizing. As the technology
evolves organically, modules will be added (such as an E-laboratory notebook) in the same
way we have added inventory, visualization (Figure 5) and machine learning models (Figure
6) to core activity and registration functionality. This represents a strong foundation for
future collaborations like MMA4TB which will help TB drug discovery and beyond.
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Highlights

. There is increasing focus on collaboration and precompetitive efforts such as
public—private partnerships (PPPs)

. We describe the More Medicines For Tuberculosis project and the role of
collaborative software

. We describe how different cheminformatics tools were used to identify
compounds for testing against multiple targets

. We review the literature on how machine learning approaches have been
applied to tuberculosis

. We propose how collaborative tools will develop in future
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Box 1. CDD technical details

The servers that host CDD Vault sit behind a hardware firewall allowing in only HTTP(S)
connections from the Internet. All HTTP requests are redirected to HTTPS, providing
transport confidentiality from the user's browser to the server, and session cookies are
never transmitted over HTTP or accessible to JavaScript. Production, testing and
development environments are all physically distinct. Additional software firewalls on
every server provide ‘defense in depth’. All data in the system and application codes are
encrypted and backed up nightly onsite and to a redundant site in Europe. CDD retains
the full daily backups for 1 month, and retains monthly backups for 2 years. CDD's
secure infrastructure has passed multiple big pharma audits and received formal NIH
(Federal Information Security Management Act) FISMA compliance and accreditation.
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Figure 2.

Topol data in the MM4TB CDD Vault, demonstrating how some structures can be hidden.
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Figure 3.

[s14](@) 7947882 (5-methyl-N-(4-nitrophenyl)thiophene-2-carboxamide), (b) substructure
search of public M. tuberculosis (Mth) datasets in CDD Public based on 4-nitroacetanilide
retrieved four compounds including CDD-823953. (¢c) CDD-823953 docked in PyrG crystal
structure (LibDock score 106.7) was a weak inhibitor of PyrG (K = 88.9 uM).
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Analysis of MMATB HTS data alongside calculated properties in CDD Vision.
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Figure 6.
An example of a CDD Model created with data for ThyX using >70% inhibition as the

cutoff for activity.
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