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ABSTRACT: Drug discovery is usually focused on a single protein target; in this process, existing compounds that bind to
related proteins are often ignored. We describe ProBiS plugin, extension of our earlier ProBiS-ligands approach, which for a given
protein structure allows prediction of its binding sites and, for each binding site, the ligands from similar binding sites in the
Protein Data Bank. We developed a new database of precalculated binding site comparisons of about 290000 proteins to allow
fast prediction of binding sites in existing proteins. The plugin enables advanced viewing of predicted binding sites, ligands’ poses,
and their interactions in three-dimensional graphics. Using the InhA query protein, an enoyl reductase enzyme in the
Mycobacterium tuberculosis fatty acid biosynthesis pathway, we predicted its possible ligands and assessed their inhibitory activity
experimentally. This resulted in three previously unrecognized inhibitors with novel scaffolds, demonstrating the plugin’s utility

in the early drug discovery process.

B INTRODUCTION

The number of structures in the Protein Data Bank (PDB)'
continuously increases, and these structures are invaluable in
the structure-based drug discovery process.” " Identification of
protein binding sites is a prerequisite in many applications
including molecular docking” and de novo drug design.”’
Structural identification and comparison of functional sites is a
. . L8

necessary part of protein function prediction” and drug
repositioning.g_14

Virtual screening is a widely used method in computer-aided
drug discovery"> which predicts molecules with high binding
affinity to a target protein.'® It supports the early stage
identification of lead compounds, and inverse virtual screen-
17 . .
ing ’ evaluates a single compound (e.g, a potential drug)
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against many proteins, searching for receptors that bind the
given ligand with high affinity and predicting its secondary, or
off-targets. Both virtual screening and its inverse counterpart
have important roles in the drug discovery process.

Drug repositioning and ligand homology modeling meth-
ods,572? developed as alternative means of virtual screening,
have been successfully used in drug discovery.”> These methods
explicitly use information about existing ligands to construct
and optimize new ligands for a given binding site. Ligands that
bind to similar binding sites contain a set of functional groups
and regions that are responsible for their binding and, in
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A M. tuberculosis InhA (4BQP)

F. tularensis Fabl (3UIC)

C Superimposed binding sites

ProBiS z-score = 2.82
LigandRMSD = 4.01
Seq. identity =33 %

D

Figure 1. Prediction of ligands by binding site alignment using ProBiS plugin. The binding sites of the query M. tuberculosis InhA protein (A, blue)
and of F. tularensis Fabl protein (B, green) were aligned (C). On the basis of this alignment, the ligand of Fabl was repositioned to InhA: predicted

pose of the repositioned inhibitor (compound 4; ligand ID: 09T)*

in the InhA binding site (D, magenta sticks model); predicted binding site

surface (blue transparent surface) is a union of volumes of all predicted ligands for InhA (only one ligand is shown). Interactions between the ligands
and proteins: hydrogen bonds (blue solid lines), hydrophobic (dashed lines), 7z-stacking interactions (sphere in aromatic ring and dashed lines).

particular, for their specificity. Ligands that bind to a given
binding site can sometimes be effective in one or more similar
binding sites.

The ProBiS plugin described in this paper provides template
ligands from different but similar crystal structures. Prediction
of binding sites is accomplished by the ProBiS algorithm,”*
which compares a query protein to a database of existing small-
ligand binding sites and detects structurally similar sites by
matching physicochemical properties on protein surfaces.
Functional groups of the protein surface residues, such as
aromatic rings, hydroxyl groups, or amide groups, are identified,
and each is assigned a specific physicochemical property. The
set of physicochemical properties as points in space are
represented as a graph, from which subgraphs are created. Two
compared subgraphs can be transformed into a product graph,
in which the algorithm then finds a maximum clique™ that
corresponds to the maximum agreement between the three-
dimensional patterns of the compared sets of physicochemical
properties. Alignment scores are assigned and subsequently
normalized into the z-scores. Similar structure sites with the
highest z-scores are collected and their ligands transposed to
the query protein. Ligands are clustered, and the space
occupied by the ligands in each cluster is defined as the
protein binding sites.
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We have developed the ProBiS plugin, which, given a protein
structure as input, allows prediction of its binding sites and
potential ligands. It is available as a plugin for the widely used
PyMOL Molecular Graphics*® and UCSF Chimera®” molecular
visualization programs. It enables viewing of predicted binding
sites and, for each site, its associated family of predicted ligands
in three-dimensional graphics. This facilitates their analysis and
further use in various applications such as drug repositioning or
ligand homology modeling. Binding site prediction computa-
tions for proteins in the PDB can be lengthy, and so we have
prepared a database of precalculated binding sites. This
database resides on our server and is connected to the plugin
through the Representational State Transfer (RESTful) API
protocol. The plugin allows live computation of binding sites
using the ProBiS algorithm®* on a specially prepared database
of all known binding sites and their corresponding ligands from
PDB, which is performed on the client computer from the
plugin itself.

ProBiS plugin, freely available on our server at http://insilab.
org/probis-plugin, is an extension of our earlier ProBiS-ligands
approach”™ available at http://probis.cmmkisi that predicts
protein ligands by searching for structurally similar binding sites
and transposition of ligands between these sites. Major
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improvements in the ProBiS plugin over the earlier approach
include:

e ProBiS plugin enables prediction of small molecule
ligands and binding sites for all ~290000 protein chains
in the PDB, while the ProBiS-ligands approach only
enabled prediction of ligands for the 42000 protein
chains in the 95% nonredundant PDB.

The plugin calculates three-dimensional grid models of
binding sites that define the size and the shape of the
predicted binding sites.

The new database of binding site comparisons is focused
on small ligand binding sites only, while the database
used in ProBiS-ligands considered whole protein
surfaces. By small ligand we mean synthetic or naturally
occurring chemical compound, not peptides, proteins, or
other biological macromolecules. Consequently, a data-
base search for similar binding sites is much faster.

The focused search on the small ligands binding sites
enables feasible prediction of ligands’ poses in the
binding site on the target protein directly applicable in
drug repositioning.

Interactions of the predicted ligands with the binding site
residues, including hydrogen bonds and z-stacking
interactions, are calculated and visualized.

Results from ProBiS plugin have been assessed experimen-
tally. We applied the plugin to predict ligands for the InhA
protein, an enoyl reductase enzyme in the Mycobacterium
tuberculosis fatty acid biosynthesis pathway and a validated drug
discovery target.”” Our subsequent experimental testing of the
predicted ligands revealed micromolar inhibitors of this enzyme
with novel scaffolds, highlighting the power of this approach in
both target and scaffold hopping. The ProBiS plugin facilitates
drug repositioning by helping researchers find novel enzyme
inhibitors that, although used in different therapeutic areas,
were previously not known to be enoyl reductase inhibitors.

B RESULTS AND DISCUSSION

The mycobacterial fatty acid biosynthesis pathway II has been a
familiar target for drug discovery and offers an attractive means
of achieving selective action with novel antibacterial agents.’”*"
A key enzyme in this pathway is InhA, a NADH-dependent
enoyl-acyl carrier protein reductase, currently targeted by the
first-line antimycobacterial drug isoniazid. Because of increasing
resistance to isoniazid,”* >* new compounds that target InhA
are being sought to assist in treatment of infections caused by
resistant strains of M. tuberculosis. With the ProBiS plugin, we
applied a drug repositioning strategy to identify novel InhA
inhibitors. By transposition of ligands found in binding sites of
other proteins, which are similar to that of the InhA enzyme but
whose protein structures shared approximately 30% sequence
identity, we identified three modestly potent InhA inhibitors
with novel scaffolds compared to the previously reported InhA
inhibitors®> (see also Literature Review in Experimental
Section).

Binding Sites and Ligands Prediction. For the query
InhA protein structure (PDB/Chain ID: 4BQP.A), its
binding sites and ligands were predicted by the ProBiS plugin
(Figure 1). The binding site with the largest volume and the
deepest cavity corresponds to the known location of the crystal
ligand; almost 600 ligands were predicted to bind to this site.
The three remaining binding sites were found to be located on
the surface of the protein with only one ligand predicted for

11071

each and were discarded. In a search for novel compounds that
have not been tested against InhA, we have reviewed the list of
predicted ligands in the largest binding site and selected ligands
that stem from proteins related, if distantly, to our query
protein InhA (Table 1; Supporting Information, Table S1).

Table 1. Structures of the Best Original (PDB) or Analogue
(ZINC) Inhibitors, Their Inhibitory Potencies, and Binding
Efficiency Indices”

Cpd Original PDB structure Analogue ZINC structure ICso (M) BEI"
(Ligand ID) (ZINC ID)
a
0.
@\ 0.46 +
0 a Ho' a no analogue 22
0.06
Triclosan
a
Qa
4 ”I@( no analogue 10£2 16
®
09T
T Q.
ol 1 @ Q
7 / . 4 Q 3 626 1
™I ZINC12515832
Z N,
8 ° QL L. 145 11
AE6 ZINC12890021

“Binding-efficiency index is defined as BEI = pICs,/MWT. ICyj is in
the units of mol/L; MWT is in kDa. PTriclosan was used as a positive
control.

These represent novel scaffolds and thus opportunities which
presumably have not been considered by biochemists. We
purchased the PDB compounds whose scaffolds have not been
tested against M. tuberculosis InhA according to our literature
search (see Literature Review in Experimental Section); for
PDB compounds that could not be purchased, we performed a
similarity search in the ZINC database (http:/ /zinc.docking.
org) and purchased the most similar available analogue of the
compound. To assess the binding of ZINC analogues to InhA
before in vitro tests, we performed comparative docking study
of the original PDB compounds and their corresponding ZINC
analogues. All the docked ZINC analogues scores were found
to be within the AutoDock Vina’s standard error (2.8 kcal/
mol)*” of the scores of the original PDB compounds
(Supporting Information, Table S2), suggesting that the PDB
compounds and the ZINC analogues bind to InhA with about
the same affinity and that ZINC analogues are suitable
substitutions for the PDB compounds.

Biological Activity. Eight purchased compounds were
tested for their inhibitory activity against InhA using a
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continuous spectrophotometric assay. The original PDB
compound could be obtained only for the compound 4; all
others were ZINC analogues. The results are presented as
residual activities (RAs) of InhA in the presence of 100 uM of
each compound (Supporting Information, Table S1), and for
the compounds with RAs > 50%, the ICg, values were
determined (Table 1). Triclosan was used as a positive control
to confirm the suitability of the InhA inhibition assay and was a
known inhibitor with which the test compounds could be
compared.”® The inhibitory potency of triclosan in our assay
was twice that of previously published values (ICs, = 460 + 60
nM versus IC, = 1000 + 100 nM).”” This can be attributed to
the different assay conditions.

The most potent inhibitor was found to be 1-(3,4-
dichlorobenzyl)-S,6-dimethyl-1H-benzo[d]imidazole, com-
pound 4 (ligand ID: 09T),***" whose inhibitory IC, is 10 +
2 yM (Table 1 and Figure 1). For 4, a mixed inhibition type
was observed (Supporting Information, Figure S1) and K; of 4
+ 1 uM was determined (K,, (DD-CoA) = 31 + 13 uM; K,
(NADH) = 51 + 11 yM). These results suggest that 4 inhibits
InhA regardless of whether the substrate is present in the
binding site or not. Compounds 7 and 8 were ZINC analogues,
and notably (E)-3-(2-ethylbenzofuran-3-yl)-N-(2-methoxyeth-
yl)-N-((4-o0x0-3,4-dihydroquinazolin-2-yl)methyl)acrylamide
(8) showed good inhibition of InhA with IC, of 14 + S uM.
None of the hits (compounds 4, 7, and 8) were found to be in
PAINS or among aggregators.Ar2 Admittedly, 8 has a Michael
acceptor, which could make it reactive in a nonspecific fashion.
This is a potential concern, although the presence of the N
adjacent to the carbonyl could mitigate the reactivity. Despite
having a potency and binding efficiency index (BEI) lower that
of than triclosan, compounds 4, 7, and 8 have novel scaffolds
compared to previously tested InhA inhibitors.”® In particular,
4, whose toxicity is not significant against mammalian cells even
at a concentration of 10 yuM* and whose BEI is higher than
that of some recently developed rhodanine derivative* InhA
inhibitors, e.g, the compound 33 with BEI of 11,% is a
promising candidate for further optimization.

Novel Scaffolds by Enzyme Hopping. The tested
compounds are active against distantly related proteins from
the same class of enzymes and were repositioned for the InhA
enzyme. The most potent inhibitor, compound 4, is originally
an inhibitor of Fabl (K of 360 nM), an enoyl reductase enzyme
from Francisella tularensis (PDB ID: 3UIC; 33% sequence
identity to InhA, protein structure 4BQP); compound 7 (IMJ])
is a Fabl inhibitor from Bacillus subtilis (301G; 30% sequence
identity to 4BQP), and 8 (AE6) is a Fabl inhibitor from
Escherichia coli (4]X8; 33% sequence identity to 4BQP). The
benzimidazole scaffold of 4,*' the indole naphthyridinone
scaffold of 7,"*” and the benzofuran naphthyridinone scaffold
of 8" are known to be Fabl inhibitors but have not been tested
as InhA inhibitors; none of the 69 crystal InhA structures in the
PDB (>90% seq id to 4BQP) have a cocrystallized ligand
similar to 4, 7, and 8 and no similar compound is in the set of
potential inhibitors of InhA in the DUD-E database.”” Also,
none of these compounds are described as InhA inhibitors.
This indicates that the inhibitor sets developed for binding
InhA and Fabl enzymes fail to overlap. Some inhibitors, such as
triclosan, are common to both, but the enzymes, which have
about a 30% sequence identity, seem to be too distant for the
inhibitors of Fabl enzyme to be considered as inhibitors of
InhA. This situation will become even more common as the
PDB continues to grow: there are currently 763 protein

structures in the PDB having about 30% sequence identity to
4BQP, and consequently, it is difficult to manually inspect all
these structures and their ligands. The ProBiS plugin is useful in
this respect because it lists every ligand that has to date been
cocrystallized in similar structures in the PDB, making it easy to
find such cross-protein compounds.

LigandRMSD and Experimentally Validated Predic-
tions. Independently from the experimental validation, we
investigated how well the predicted ligands can be super-
imposed on the known crystal ligand (1S)-1-(5-{[1-(2,6-
difluorobenzyl)-1H-pyrazol-3-yl]Jamino}-1,3,4-thiadiazo-2-yl)-
1-(4-methyl-1,3-thiazol-2-ylJethanol (ligand ID: VMY)*® of
InhA (4BQP.A) using LigandRMSD.”” We expected ligands
with low LigandRMSDs to be more likely to bind to InhA.
Therefore, after selecting VMY as reference ligand, a
LigandRMSD score was automatically assigned to all the 600
ligands associated with the same binding site. Remarkably,
excluding ligands associated with proteins having 100%
sequence similarity to the query, LigandRMSD prioritized five
of the tested compounds (1, 4, S, 6, and 8 in Supporting
Information, Table S1) within the first 10 unique candidates.
Moreover, considering all redundant ligands that are suggested
by LigandRMSD, the best experimental candidate (4 in Table
1) was at position 8 (or 3 considering only unique ligands); §
and 6 (twice the same PDB compound) was ranked first. Out
of the first 10 unique ligands recommended by LigandRMSD,
five compounds were tested, two of which had confirmed
experimentally validated activity (4 and ZINC analogue of 8);
the others were only available as ZINC analogues and were
inactive (1, 5, and 6). These results suggest that LigandRMSD
provides a useful scoring with which to select ligands that
feasibly bind to the query protein.

B CONCLUSIONS

We present a novel ProBiS plugin for PYMOL and UCSF
Chimera molecular graphics programs which predicts binding
sites and ligands embedded in an advanced visualization. The
developed plugin was applied to the prediction of modestly
potent inhibitors with novel scaffolds for a key protein
associated with tuberculosis and found three experimentally
validated inhibitors, demonstrating the plugin’s value in drug
discovery research. ProBiS plugin is the first tool that, in an
intuitive way and in one place, for a given protein structure, lists
every ligand that has to date been cocrystallized in similar
proteins deposited in the PDB. Exploration of these ligands
before starting the drug development project provides a means
to review earlier work and to generate ideas for new
compounds from the existing structural data.

B EXPERIMENTAL SECTION

Plugin Implementation. The plugin is written in Python,
supports the prediction of binding sites and ligands, and allows their
visualization. The installation instructions are in the Supporting
Information. Each predicted binding site or its ligands become
separate objects in PyMOL or Chimera and can be individually styled
or colored. A binding site can be viewed as a hexagonal close-packed
(HCP) grid of points with 1 A resolution that spans the volume of the
entire family of the corresponding ligands. Predicted ligands are shown
in stick representation, and their interactions with the protein,
including hydrogen bonds and 7z-stacking interactions, are visualized
using the Protein—Ligand Interaction Profiler (PLIP).”*

The plugin itself is divided into multiple parts represented as tabs
(Figure 2). The “Input tab” contains two subtabs: the first, “PDB
Protein” allows fast binding site prediction by consulting a
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Query Protein

PDB file
OR

PDB ID and
Chain ID

Database query (seconds)  Custom calculation (minutes)

T "

List of predicted binding sites
and ligands

Figure 2. ProBiS plugin input and output. Top left: entering the PDB
and Chain identifier retrieves the predicted binding sites and ligands
from the “predb”. Top right: loading a protein PDB file for live
computations using “livedb” with the ProBiS algorithm on client’s
computer. Middle: list of predicted binding sites (one binding site
selected) (left); list of predicted ligands for the chosen binding site
(three ligands selected) (middle); the structural alignment to the
similar template binding site (right). Bottom: predicted binding site
(blue surface) and its predicted ligands (CPK colored sticks) or
alignments (not shown) can be visualized as three-dimensional models
in the PyMOL viewer.

precalculated database of approximately 290000 existing PDB/Chain
identifiers. The second subtab, “Custom Proteins” allows computation
with the ProBi$ algorithm for any protein structure (including protein
models) on the client computer. In the first subtab, the user enters the
PDB ID and chain. Subsequently, the selected protein structure is
retrieved from the PDB at http://www.rcsb.org, and the correspond-
ing data files that include binding site and ligand predictions (grid and
ligand files) can be obtained by querying the RESTful web service on
the ProBiS server. The RESTful service is implemented in PHP on an
Apache2 web server and enables connection between the database and
many plugins worldwide through the HTTP protocol, providing access
to the precalculated database of binding site comparisons. In the
“Custom Proteins” subtab for custom protein computation, the user is
first asked to download and install the binding sites database in a
“livedb” directory, together with the ProBiS algorithm specific for the
client operating system. Then another interface allows prediction of
binding sites and ligands for any PDB file on the client’s computer.

The “Output tab” consists of subtabs named “BSite View” and
“Alignment View”, which allow for alternative views of the results. The
“BSite View” presents the list of identified binding sites. Here the user
can select one or more binding sites. A list of predicted ligands
corresponding to the selected binding sites is shown. By selecting
ligand(s), one gets alignments between the query protein and the
similar template binding site(s) from which the ligand(s) were
transposed. Meanwhile, the “Alignment View” allows the user to
explore the data in the opposite direction. The user first sees the list of
similar PDB binding sites that were detected using ProBiS; selection of
binding site(s) from this list shows ligand(s) that were transposed
from this particular template binding site to the query protein. Finally,
clicking on a ligand shows its associated predicted binding site on the
query protein.

Construction of Binding Sites Databases. For the purposes of
this plugin, we constructed two new databases (Figure 3). The “livedb”
is a collection of existing binding sites structures and their bound
small-molecule ligands extracted from the PDB and can be
downloaded to the client computer to enable live computations.
The “predb” contains precalculated binding sites for each PDB/Chain
identifier pair, enabling fast retrieval of binding sites for existing PDB
proteins; it resides on the ProBiS web server. These databases are
updated monthly synchronously with the PDB updates. In the
following sections, it is explained how they were initially generated.

Step 1. For each protein chain (PDB/Chain identifier) in the April
2016 PDB release," the biological assembly, the presumed biological
functional form that contains this chain, was constructed using the
rules in the header of the corresponding PDB file. Next, the
cocrystallized ligands of the protein chain identified by HETATM
records from each biological assembly file was extracted (A-form
coordinates), considering only ligands with >7 heavy atoms, where at
least one atom is <3 A from the particular protein chain; nonspecific
binders (http://www.russelllab.org/wiki/index.php/Non-specific_
ligand-protein_binding) and modified residues denoted by a
MODRES code were discarded. From each extracted ligand its
binding residues, i.e., protein atoms <5 A from any ligand atoms, and
generated binding site surface files (stf files) were then obtained using
the “extract” command of the ProBiS program.

Step 2. The ~290000 protein chains in the PDB were clustered
using a sequence identify cutoff at 100%, resulting in 65924 protein
chain clusters. The binding sites obtained in step 1 were then assigned
to their associate sequence clusters. Each binding site was assigned to a
cluster that contains the protein (identified by PDB/Chain identifier)
from which this binding site was extracted.

Step 3. Within each sequence identity cluster, each pair of binding
sites was compared in an all-against-all fashion and their pairwise
similarity expressed with z-scores was calculated using the ProBiS
algorithm.

Step 4. The binding sites within each sequence cluster were then
clustered. This second clustering was done solely based on the local
structural similarity of binding sites so that similar binding site pairs
(with z-score > 2.0) are assigned to the same cluster. Such clustering
of binding sites within existing sequence identity clusters ensures that
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Figure 3. Flow diagram for the generation of the structural databases. The “livedb” template binding sites library and “predb” precalculated binding

sites and ligands database.

if a protein has two or more different binding sites, then each one can
be assigned to a separate binding site cluster. For each binding site
cluster, we then superimposed all of its member sites, their protein
coordinates, along with their ligands, which had no influence on the
superimposition, onto the representative binding site; representative is
arbitrarily chosen as the binding site bound to a ligand with most
heavy atoms.

Step 5. The representative binding site surfaces generated in this
way (about 35000 surfaces) together with the member ligands
transposed to the representative binding site constitute the “livedb”
binding site library that can be downloaded through plugins from the
“Custom Protein” tab.

Step 6. The precalculated database of binding sites and ligands
“predb” was then prepared for each existing protein structural chain in
the PDB by comparing that particular chain with the binding site
surfaces in the livedb using the ProBiS algorithm. There are >290000
protein chains in the PDB, so to facilitate this task, the approximately
44000 representatives of 90% sequence identity clusters were
compared each against the livedb. The remaining nonrepresentative
protein chains were compared only to the best scored (z-score >0)
binding sites found for their corresponding cluster representatives.
This allowed feasible predictions for each (even nonrepresentative)
protein chain in the PDB at a fraction of time needed if all the protein
chains are compared to all binding sites of livedb. Finally, only similar
binding sites with z-score >2.5 are considered further. From the
obtained alignments for each protein chain, the binding site grids,
ligands, and binding sites residues are calculated and saved as the
predb library that resides on our server at http://insilab.org/probis-
plugin and can be queried using the PDB/Chain identifier from the
plugin.

Ligand Clusters and Binding Site Surface Models. An accurate
model of a binding site usually follows the contours of the protein
surface and covers the volume of all the ligands that bind to this
binding site. We first transposed all ligands from the similar binding
sites that were found onto the query protein and then clustered them
using a fast density-based OPTICS algorithm.>” Ligands with any two
atoms <3 A apart are clustered together. This results in one or more
ligand clusters. We then constructed a 1 A HCP grid in the space of
each ligand cluster so that grid points cover the volume of all the
ligands but do not overlap with the protein atoms. Atoms of all ligands
reduced to points in space are clustered using a greedy clustering
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algorithm, and a point representative of each cluster is selected. The
resulting representative points are approximately uniformly distributed
in space so that the distance between any two points is ~3 A. Each
point from this reduced set of atoms is then considered a center of a
centroid with radius of 4 A, thus each binding site can have multiple
centroids. Finally, a grid is generated by sampling HCP points spaced
1 A apart that fall within the radius of any of the binding site centroids
but do not overlap with any of the protein atoms. The resulting grid
point coordinates of the binding sites are saved into a file. By default, a
maximum of five binding sites per protein chain are generated and can
be displayed in PyMOL or Chimera as point or surface models.

ProBiS Binding Site Comparison. The ProBi$ algorithm is used
to compare the query protein surface structure with the database of
extracted binding sites (livedb). This comparison is done twice: (1) in
the process of precalculated database (predb) construction and (2)
when the user initiates custom protein comparisons from the PyMOL/
Chimera plugin itself.

The livedb database consists of “.srf” files (in SRF format native for
ProBiS), each containing a binding site surface patch represented as a
graph consisting of a set of vertices and edges connecting them. To
define surface residues, a solvent accessible surface is defined by rolling
a spherical probe of a radius of 1.4 A on the van der Waals surface of
protein atoms. Residues located within <4 A of this surface are
considered to be surface residues. Vertices in a binding site graph
represent the functional groups of surface amino acid residues. A
functional group is characterized with five different labels based on its
physicochemical properties:*® hydrogen bond acceptor, donor,
aromatic, mixed acceptor/donor, and aliphatic. The query protein
graph is constructed similarly; however, to facilitate the computation-
ally intensive maximum clique calculation, we separate this graph into
subgraphs of 15 A in diameter. Each subgraph is centered on one
functional group, and all pairs of its vertices are connected by an edge.

In each pairwise comparison, the query protein (broken down into
multiple subgraphs) and one binding site graph are compared using
the ProBiS algorithm.”* For a given pair of query protein graph and
binding site graph, their product graph is constructed. For two graphs,
G, and G,, the vertex set of the Cartesian product graph is defined as
H = V(G) X V(G) = {(uv)lu € V(G)) A v € V(G)}. If the
physicochemical properties of two vertices of the initial graphs, u and
v, are different, the corresponding pair is not considered when
generating the product graph. Two vertices of a product graph, (u,v;)
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and (u,v,), are connected by an edge if and only if the distances
between u; and v, and between u, and u, differ by <2 A. The generated
product graph is an approximate representation of all possible
superpositions of two protein structures. From the generated product
graph, we detect its maximum clique,® the largest complete subgraph
of a graph where all vertices are connected to each other. This
represents the largest similar spatial arrangement of functional groups
between the two compared proteins (the query protein and the
binding site). More than one such similarity can be found for the query
protein if the query protein contains two similar binding sites (e.g.,
two ATP binding sites).

Binding Site Similarity Scores. For an alignment of the query
protein surface patch with a binding site from the livedb, we calculated
its similarity score using structural similarity and evolutionary
similarity.”* For each alignment, the following four criteria are used
to calculate the local alignment score: (1) the difference between the
surface angles of the two superimposed patches, (2) the surface patch
Root Mean Squared Deviation (RMSD), (3) the corresponding
surface patch size, and 4) the E-value calculated with the Karlin—
Altschul equation.”® For each surface patch, a surface vector
originating from the geometric center of the patch and directed to
the perpendicular direction of the surface is generated. If the angle
between a pair of surface vectors is larger than 90° or the number of
aligned vertices is smaller than 10, the pair is discarded. For the
remaining pairs, the alignment score, al,.,., is calculated as follows:

Nyere X 10g<1 + )

Cvalue

a'ISCOl’E = log RMSD

where RMSD is the surface patch RMSD between pairs of
superimposed vertices, 1., is the number of aligned vertices, and
eyatue 15 the alignment expectation value.** If RMSD is zero, which
happens if two identical binding sites are compared, the al,. is set to
100 in order to avoid division by zero. The raw alignment scores are
then normalized to the z-scores as follows:

alscore —H
z-score = ——

o

where y and o are the average and the standard deviation of the
alignment scores of all pairs, and the values of 4 and o are 2.0 and 2.2,
respectively.

Visualization of Noncovalent Interactions between Ligands
and Protein using PLIP. The characterization and display of
potential intermolecular contacts provides an important visual control
on potential binding of ligands to the query protein. PLIP is a generic
rule-based tool for detection and visualization of noncovalent
interactions between proteins and their ligands.>' The calculation of
protein—ligand interactions with PLIP is performed remotely on a web
server at TU Dresden. Noncovalent contacts from the query protein to
one selected ligand are visualized by default and can be toggled using a
keyboard shortcut (Ctrl+P). Detected contacts are listed and grouped
by type in both PyMOL (in the selection groups) and Chimera (in the
PseudoBond panel).

Ligand Similarity Scores. In addition to the z-score assigned to a
superimposition of two binding sites, the structures of their
corresponding cocrystallized ligands may be used as a measure of
the similarity of the compared binding sites. The LigandRMSD
approach® measures how well two bound ligands are aligned by the
independent superposition of their binding sites. LigandRMSD is
calculated as the difference between the RMSD of an optimal
alignment of two ligands, ie., the optimization of the alignment
between two ligands such that RMSD is minimal (RMSD’) and the
RMSD of the superposition of the two ligands (RMSD”) according to
the alignment of the binding sites: LigandRMSD = RMSD” — RMSD'.
If the two ligands are optimally superimposed, this will translate to
LigandRMSD = 0, otherwise LigandRMSD increases as a standard
RMSD. The mapping between the atoms of the two ligands is
computed as a subgraph isomorphism with OpenBabel.>® To handle

the more common case of nonidentical ligand pairs, the maximum
common subgraph between two ligand molecules is computed with
SMSD.”” The ProBiS plugin retrieves LigandRMSDs over a web
service hosted at TU Dresden. When the user selects a reference
ligand in the plugin, the LigandRMSDs against all other predicted
ligands are computed. The reference ligand is marked with asterisk (*)
in the list and by default is set to the first ligand in the list of predicted
ligands. It can be changed to any other ligand by right-clicking on the
mouse or by pressing a keyboard shortcut (Ctrl+R) on the currently
selected ligand (see Help tab in the plugin).

Compound Characterization. Compounds used in the sub-
sequent verification experiments were purchased from several vendors
and were evaluated without further purification. Additionally, NADH,
PIPES, and solvents were obtained from Sigma-Aldrich, Apollo
Scientific Ltd., or Merck Millipore and were used without further
purification. The substrate 2-trans-dodecenoyl-coenzyme A was
synthesized and purified according to a previously reported
procedure.*®

'"HNMR spectra were recorded in DMSO-dy;, CDCl;, and acetone-
dg on a Bruker Avance 400 DPX 400 MHz spectrophotometer at 298
K. Chemical shifts are reported in ppm downfield from tetramethylsi-
lane. The coupling constants (J) are in Hz, and the splitting patterns
are designated as s, singlet; br s, broad singlet; d, doublet; dd, double
doublet; ddd, triple doublet; t, triplet; dt, double triplet; and m,
multiplet. ESI-MS mass spectra were recorded on the Advion
expression compact mass spectrometer (CMS) at the Faculty of
Pharmacy of the University of Ljubljana. The purity of purchased
compounds was determined on an Agilent 1100 HPLC system using
an Agilent Eclipse Plus C18, S ym column (4.6 mm X 150 mm), with
a flow rate of 1.0 mL/min, injection volume S uL, and detection at
254. The following gradient was applied: S—70% CH;CN/H,O (20
mM phosphate buffer, pH = 7.15) in 15 min, then S min at 70%
CH;CN/H,0 (20 mM phosphate buffer, pH = 7.15). The purities of
the test compounds used for the biological evaluations were >95%, as
determined by HPLC.

InhA Enzymatic Assay. InhA was overexpressed and purified as
described previously.”” The InhA enzymatic activity was measured
spectrophotometrically by following NADH oxidation at 340 nm.
Kinetic assays were performed at 25 °C for 10 min. Stock solutions
(10 mM) of all compounds were prepared in DMSO. The final
concentration of DMSO in the assay mixture was 1% v/v. Reactions
were initiated by addition of InhA (50 nM) to solutions containing the
inhibitor (100 M), 2-trans-dodecenoyl-coenzyme A (DD-CoA, S0
uM), and NADH (100 zM) in 30 mM PIPES, pH 6.8. All compounds
were soluble in the conditions of the assay. Control reactions were
carried out under the same conditions but without the inhibitor and
with 1% v/v DMSO. To exclude possible nonspecific (promiscuous)
inhibitors, all compounds were also tested in the presence of Triton X-
114 (0.005%).”° All compounds had comparable activities in the
presence and absence of Triton X-114 (Supporting Information, Table
S1). The inhibitory activity of each compound was expressed as the
percentage of InhA activity inhibition (initial velocity of the reaction)
with respect to the control reaction without the inhibitor. All
inhibition assays were performed in triplicate with standard deviations
within +10%. ICs, values were determined by varying the
concentration of inhibitor in the same conditions as described
above. Compound 4 was the best inhibitor among those tested. Its
inhibition constant (K;) was determined at different concentrations of
one substrate and fixed concentrations of the other under similar
conditions as described above. First, the concentration of NADH (100,
300, S00 #M) was varied with a fixed concentration of DD-CoA (50
uM), then the concentration of DD-CoA (100, 300, S00 uM) was
varied at fixed concentration of NADH (100 zM). The concentrations
used of 4 were 0, 2.5, 5, 10, 17, and 25 pM. Reactions were initiated by
addition of InhA (60 nM) to solutions containing the inhibitor, DD-
CoA, and NADH in 30 mM PIPES, pH 6.8. All experiments were
performed in triplicate. The resulting data were analyzed using the
SigmaPlot 12 software®' and were fitted to software-provided models
for competitive, noncompetitive, uncompetitive, and mixed type
enzyme inhibition. The mode of inhibition and K] values were chosen
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from the best ranking model, as determined by the software. A
representative graph depicting the data fit for the best ranking model
of inhibition for compound 4 is shown in the Supporting Information
(Figure S1).

Literature Review of Existing InhA Scaffolds. A 2012 review of
InhA inhibitors®® mentions the following scaffolds (potency of the best
inhibitor [ICs, where not stated otherwise], and NAD oxidation state
are in parentheses): isoniazid—NAD adducts bisubstrate inhibitors (S
uM), diaryl ethers, most often diphenyl ethers (1 M, NAD*),*>**%*
pyrrolidine carboxamides (low #M, NAD*),* piperazine indoleforma-
mides (100 nM, NAD*),**®” pyrazoles (2.4 uM, NAD*),° arylamides
(90 nM, NADH),”® fatty acids (MIC of 4 #M),*” and imidazopiper-
idines (0.24 uM).”° Except for bisubstrate inhibitors, all form ternary
complexes with InhA and the NAD* or NADH cofactor; diazaborine
(NAD*)”" covalently modify the cofactor. Recent inhibitors of InhA
not reviewed in ref 35 include: 2-(4-oxoquinazolin-3(4H)-yl)-
acetamide derivatives (3 uM, NAD*),”” methyl-thiazoles (4 nM,
prefer NADH-bound form),* thienopyrimidines (MIC of 1 uM),”
tetrahydropyran derivatives (20 nM),*® thiadiazoles (43 nM,
NADH),*" 4-hydroxy-2-pyridones (0.59 uM, NADH),”* pyridomycin
(K; of 5 uM, competitive for NADH-binding site),”> and rhodanine
derivatives (2.7 uM, NAD*).*®
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