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ABSTRACT

This dissertation presents an in-silico molecular-dynamic-simulation-based drug
discovery tool and its utility to find inhibitors for pathogenic microorganisms. Specifically, the
applicability of the tool has been demonstrated using two pathogenic bacteria, enterohemorrhagic
E. coli subtype 0104:H4 and Candidatus Liberibacter spp.

First, a pharmacophore modeling and refinement tool ELIXIR-A (Enhanced Ligand
Exploration and Interaction Recognition Algorithm) was developed using Python programming
language. The tool helps refine pharmacophores generated from multiple ligand-receptor
interaction points using the Iterative Closest Point (ICP) variant algorithm.

ELIXIR-A identified six potential inhibitory compounds for the E. coli 0104: H4 -
lactamase receptor protein. One non-f-lactam compound showed good inhibitory activity of E.
coli 0104: H4 on Kirby Bauer disk diffusion susceptibility testing. These results suggested that
this novel non-B-lactam compound could be used as a lead compound to develop potent drugs
targeting p-lactam-resistant Gram-negative bacterial strains.

Then the tool was applied to screen inhibitors targetting serine tyrosine phosphatase, a
putative virulence protein of Candidatus Liberibacter spp. The in silico analysis followed by in
vitro binding Kinetic studies resulted in two small molecules (G6P3510 and G6P6373) that were
further verified by in planta studies (performed elsewhere).

Finally, a computational modeling strategy was employed to identify antimicrobial
peptides (AMPs) that could be used as potential bacterial inhibitors via blocking TolC, an
essential protein in the efflux pump of the Type 1 Secretion System (T1SS) of Candidatus
Liberibacter asiaticus (CLas). Multiple in silico approaches such as homology modeling,

molecular docking, molecular dynamics simulations, Molecular Mechanics/Generalized Born



Surface Area (MM-GBSA) calculations, and Principal Component Analysis (PCA) were used to
identify potential AMPs against the outer membrane protein TolC. The results (including in vitro
studies with surrogate bacteria conducted elsewhere) suggested that the screened AMPs can be

used as inhibitors targeting the TolC receptor.
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CHAPTER I
GENERAL INTRODUCTION

This dissertation includes four distinct studies with the shared objective of
developing computational tools to predict and screen active lead compounds for specific
bacterial receptors and applying in vitro models to validate the results. This first chapter
introduces the objectives of each study in the dissertation. The computer-aided drug
design methods relevant to this dissertation, including pharmacophore modeling,
molecular docking, molecular dynamics (MD) simulations, and validation results, are
given in chapters 2 through 5.

Chapter 2 presents a novel method of pharmacophore refinement resulting from
ligand-receptor binding from multiple targets based on the ICP variant algorithm. Chapter
3 and 4 present the application of the above approach for two bacterial enzyme systems,
including B-lactamase and serine/tyrosine phosphatase, respectively. In Chapters 4 and 5,
the computational methods are further applied to screen small molecule and antimicrobial

peptide inhibitors targetting CLas.



CHAPTER II
ELIXIR-A: AN INTERACTIVE VISUALIZATION TOOL FOR MULTI-TARGET
PHARMACOPHORE REFINEMENT
(This Chapter is under review by the Journal of Computer-Aided Molecular Design)
Introduction

Drug discovery and development is a complex, time-consuming and expensive process.
Computer-aided drug design approaches have the potential to accelerate this process in a cost-
effective manner when compared to the laborious traditional compound screening methods. The
existing computational techniques include quantitative structure-activity relationship (QSAR),
molecular docking-based high-throughput, and pharmacophore-based virtual compound
screening. In the usual virtual drug discovery process, molecular docking, pharmacophore
models, and 3D QSAR models are often used in combination [3-5]. The existing QSAR or
docking approaches do not have the capability of pharmacophore refinement, and there is a need
for a technique for refining pharmacophores to identify the best set of pharmacophores for the
inhibitor screening step.

The pharmacophore concept was introduced by Ehrlich in early 1909 [6]. A
pharmacophore is an ensemble of steric and electronic features that is necessary to ensure the
optimal supramolecular interactions with a specific biological target structure and to trigger (or
to block) its biological response [7]. Pharmacophores can describe specific ligand-receptor
interactions as a generalized pattern. The first 3D pharmacophore screening software was
developed by Gund in 1977 [8]. Pharmacophore modeling approaches can be broadly classified
as ligand-based or receptor-based [9]. Software such as DISCO [10], GASP [11], GALAHAD

[12], HipHop [13], HypoGen [14], MOE (Chemical Computing Group,



https://www.chemcomp.com) , PharmaGist [15], MolAlign [16], and PHASE [17] have been

developed to construct ligand-based pharmacophore models. Their performance differs based on
the efficiency of the algorithm to handle ligand flexibility and alignment and requires a set of
pharmacologically active ligands [9]. On the contrary, receptor-based methods, such as GBPM
[18], LigandScout [19], Pharmit [20-22], PyRod [23] and ZINCPharmer [24] analyze the
receptor-ligand complex structures to isolate essential pharmacophoric features [25]. In
situations where ligands are not known for the target receptor, methods such as CavityPlus [26],
GRID [27], HS-Pharm [28], Pocket version 4.0 [21, 22], Shaper2 [29], and SuperStar [30] have
been developed to identify hotspots (highly probable ligand binding sites) on the receptor.
Druggability simulations (molecular dynamics simulations conducted in the presence of drug-
like organic molecules) assess ligand hotspots while maintaining receptor flexibility. Tools like
SILCS-Pharm from the Mackerell lab [31, 32] and Pharmmaker from the Bahar lab [33] have
been developed to extract pharmacophore features from druggability simulations. However, there
is a need for a systematic tool that analyzes and compares multiple pharmacophore models
irrespective of their method of construction.

Here, we present ELIXIR-A, an open-source, user-friendly application that serves the
purpose of both pharmacophore modeling as well as pharmacophore mapping. ELIXIR-A is a
Python-based application that can import pharmacophore models created in visual molecular
dynamics (VMD) [34], as well as manual coordinate input from any other platform. In addition,
the output files from ELIXIR-A can be easily visualized in VMD [35] and can be exported to the

pharmacophore-based virtual screening platforms like Pharmit [20].
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Figure 1 Representation of an example of (A) computer-aided drug design (CAAD) flowchart
and (B) ELIXIR-A.

ELIXIR-A is developed to unify and simplify the interaction data from multiple
pharmacophore models (Figure 1. left). This tool can accept two sets of pharmacophore models
created directly by a pharmacophore generating platform. For example, the platform can accept
ligand-base pharmacophore models created directly by Pharmit as the input. ELIXIR-A is
developed on a modern 3D data processing library Open3D [36] to include the algorithms of fast
global registration [37] and colored point cloud registration (colored ICP) [38, 39] (Figure 1.
Right). ELIXIR-A initially prepares each pharmacophore point represented as a point cloud with
its radius, and the pharmacophores are color-coded into different types. Then, ELIXIR-A aligns
two structures and calculates the initial transformation matrix based on their geometric properties

only. Finally, the two pharmacophore clouds are superpositioned with their geometric and



pharmacophore type information, and the overlaid pharmacophore point is refined with matched
points.
Pharmacophore point clouds

As a shape similarity approach, ELIXIR-A takes pharmacophore points and applies each
of them to a three-dimensional volume with a point cloud. Each pharmacophore type consists of
1000 uniformly distributed points in a sphere. The radius of the pharmacophore cloud is defined
in the occupancy category of the Protein Data Bank (PDB) [40] file. The pharmacophore type is
marked with three characters in the residue name category (S. Table 1). Throughout the complete
analysis, the Biopandas framework is used to handle the point cloud data [41].
Global registration with RANSAC iteration

The first alignment is global alignment with features. Two pharmacophore point clouds
would be treated with the same prepress to calculate a vector of descriptors called the Fast Point
Feature Histogram (FPFH) [42]. FPFH is a 33-dimensional vector that describes the geometric
characteristics and principles for a point. The FPFH vector can search the points with similar
features [42]. As ELIXIR-A attempts to align pharmacophore sites from multiple ligands or
receptors, there could be distinct differences between some areas of the clouds considered as
“noise”. It is known from experience that substantial noise levels can affect the alignment of
point clouds with FPFH matching. To enhance the search of the FPFH matching algorithm, the
random sample consensus (RANSAC) algorithm, proposed by Fischler and Bolles [43] is
included in the registration process. RANSAC can estimate parameters of a mathematical model
from a set of observed data with “noise”. The global registration process calculates a preliminary
rigid rotation and transformation matrix with their geometric characteristics. A fitness score will

be given to evaluate this initial transformation.



Colored ICP

The second alignment is local ICP alignment with pharmacophore features. The
pharmacophore alignment utilizing colored features is inspired by the alignment of the red,
green, blue model (RGB) image and its corresponding depth image by Park. In general, the
colored ICP algorithm extends the color vector as the extra dimension of the point coordinate
data. The standard ICP algorithm will repeat the transformation of matrices to find the minimum
square distance between two clouds. In comparison, the colored ICP algorithm will find the best
fit of the extended paired matrices with pharmacophore “color” information for each point.
ELIXIR-A uses a slightly different number of iterations, fitness values, and root means square
deviation (RMSD) values from the default to optimize pharmacophore alignment. ELIXIR-A
also supports the user adjusting these critical parameters to obtain a more appropriate fit for the
transformation.
Pharmacophore Refinement

After applying preliminary global transformation and local colored ICP transformation
from the point cloud superposition to the first pharmacophore input, two pharmacophore points
are partially overlapped. It is necessary to remove the non-overlapped pharmacophore using the
refinement algorithm. The algorithm first creates two 3 x N matrices A and B for two groups of
pharmacophore datasets. A is defined as the transforming source group, and B is defined as the
fixed target. The Euclidean distance for each point in group A to find the corresponding point in
group B is calculated. Then, the Euclidean distance for each point in group B to find the
corresponding point in group A is evaluated. In each group, if there is no corresponding point
within the threshold distance, this point will be considered irrelevant and removed from the

group. According to the definition of the pharmacophore, it is possible for different types of



pharmacophores to exist in superposition; therefore, this refinement only calculates the
geometric properties and does not consider the color parameters of the pharmacophore. The
alignment of the two refined pharmacophore points will be visualized as VVan der Waals surface
(VdW) in VMD. And these files will be saved in the same path as the two input pharmacophore

files.

Euclidean distance = \/(xA —x5)?+ (Y4 —yp)? + (24 — z5)?
Evaluation function
The ELIXIR-A uses the fitness value to evaluate the effectiveness of the transformation
for both alignment algorithms. Fitness is calculated using the formula below to find the volume
ratio of overlap. The higher the fitness value, the better the alignment performance.

pairs of corresponded points

Fit =
reness # of points in the second pharmacophore point clouds

Fitness Score function
The ELIXIR-A uses the fitness value to evaluate the effectiveness of the transformation for both
alignment algorithms. Fitness is calculated using the formula below to find the volume ratio of

overlap. The higher the fitness value, the better the alignment performance.

pairs of corresponded points

Fitness =
Heness # of points in the second pharmacophore point clouds

Benchmark compound validation

To validate the efficiency of the pharmacophore refinement algorithm, a molecular dataset
consisting of active inhibitors and inactive decoys targeting specific protein receptors was
designed to reduce testing bias. The pharmacophore models were screened on the Pharmit

platform and the Directory of Useful Decoys (DUD-e) dataset was used as the small molecule



library [44]. The benchmark receptor was human immunodeficiency virus type 1 protease
(HIVPR), including 536 active inhibitors and 35750 inactive decoys. The feature “Shared
pharmacophores” in LigandScout 4.4 demo was used as the comparison pharmacophore

refinement algorithm in this study.

Results

Configuration

ELIXIR-A is designed as a graphical user interface (GUI) plugin based on VMD (Figure
2). Default parameter values are displayed in the GUI. These parameter values can be optimized
according to the actual pharmacophores for better fit. The first step is to install the VMD and
then edit the startup files in the VMD folder. The physical system requirements for ELXIR-A
will not exceed the requirements of the VMD software itself. Once the setup files have been
updated, the ELXIR-A folder must be placed in the VMD TCL plugin directory. The ELIXIR-A
option can be found under the top menu. Python environment is required to run the script of
ELIXIR-A. The package has been tested in cPython 3.8.8 with the following packages.

(Numpy==1.20.1; open3d==0.13.0; biopandas==0.2.9.dev0; matplotlib==3.3.4) [36, 41, 45, 46].



The first pharmacophore cluster (source point cloud)
Input pdb file: ELIXIR-A_01.pdb Browse

The second pharmacophore cluster (target point cloud)
Input pdb file: ELIXIR-A_02.pdb Browse

Target receptor. Please load the receptor after submission of pharmacopeial refinement. (Optional)

Input pdb file: Browse Load
rInput parameter

Global registration with RANSAC iteration

Voxel size: 0.5

Colored point cloud registration

Maximum iterations: 100

Relative_fitness: 0.1

Relative_RMSE (A): 0.1

Correspondence distance threshold (A): 2

Python3 launcher command: python

Figure 2 ELIXIR-A user interface. Computations can be performed by providing default values
for the fields and then allowing the user to modify the default information if necessary.
Execution of pharmacophores alignment jobs

ELIXIR-A provides two ways to introduce the pharmacophore information to the GUI
(Figure 3). The user can choose to pre-edit the text file with ".pdb" extension via "Import pdb
file:", or directly use the pharmit saved session file “.json” as same as the pre-edited pdb file.

The guideline for the text files are described in S. Table 2.
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Figure 3 Pharmacological description of two HIVPR complexes (A and B) with inhibitors in
crystal structures. These models were prepared in Pharmit and visualized in maestro [45].

{ Pharmacophore superpositions
) .
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Figure 4 A. Structure-based pharmacophore refinement between HIVPR-inhibitor complexes
utilizing ELIXIR-A. B. The transformed pharmacophores are presented with solid spheres. The

fixed pharmacophores are presented using transparent spheres.

10



Visualization of results

The first pharmacophore cluster is recommended as the first primary site. And the second
cluster would be interactively rotated and transformed to retrieve the conformation that fitted
best with the primary site. Once all the data are prepared in the GUI, click the “submit” button to
analyze the pharmacophore points' alignment. This demonstration used ELIXIR-A to find
refined structure-based pharmacophores from the HIVPR (Figure 3). The receptor HIVPR is an
essential enzyme of HIV replication. The active site of HIVPR was at the core of the
dimerization interface (Figure 4). The pharmacophores of the ligand(s) were extracted from
Pharmit Engine (Figure 3) [47]. In the VMD OpenGL Display window, two groups of VdW
spheres are represented as pharmacophores after the ELXIR-A alignment. The transformed
pharmacophores were presented with solid spheres. And the fixed pharmacophores were
presented as transparent spheres. The ligand regarding the fixed pharmacophores was also shown
in Figure 4 left. The initial transformation has 15.39% of point cloud overlap and the colored ICP
has improved the overlay up to 65.66%. After refinement, two separate pharmacophore spheres
in each group did not overlap and were therefore removed. A total of eight pharmacophores
shared the superposition space, and this result can be used for further drug discovery. In addition
to the HIVVPR, the use of similarity refinement for the analysis of two other types of proteins was
also applied in Table 1. The overlaid structures and fitness scores suggested the good similarity

of pharmacophores between the active site of these proteins (S. Figure 2).
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Table 1 Selection of ELIXIR-A aligned pharmacophore clusters.

PDB ID?

1YT9
2FDE
SI13P

513Q

3GFW

6N60O

3PKJ

6QCN

Protein
Description

HIV-1
Protease

Dengue
Virus NS5
Polymerase

Dual
specificity
protein
kinase
TTK
NAD-
dependent
deacetylase
sirtuin-6
NAD-
dependent
protein
deacetylase
sirtuin-2

Ligand
IDP

OIS
385
68T

68E

S22

KE7

A2N

ARG

Initial  Refined RMSD
points  points (A)
11 8
0.267
9 8
9 7
0.219
9 7
5 4
0.255
4 3
22 21
0.271
22 22

Best fitness Score

Global
Registration

15.39%

57.40%

38.10%

25.0%

a. The protein complexes are downloaded from https://www.rcsb.org.

Colored
ICP

65.66%

84.60%

80.50%

74.4%

b. These ligands are the local substrates corresponding to the protein complexes. Detailed

information on the ligands is available at https://www.rcsb.org/ligand/(ligand ID).
Benchmark compound validation

Ref

[48]

[49]

[50]

[51]

[52]

[53]

[54]

The benchmark compound study was used to validate the effectiveness of the module in

generating enriched screened molecules using refined pharmacophores. As a comparison, the

same analysis of benchmark compound was done using LigandScout.

The ELIXIR-A refined pharmacophores were extracted from the overlaid points (Figure

4 right). Five features with three different types were built from twenty initial features. The

HIVPR pharmacophore model prepared directly by Pharmit could not generate any screened

results because the initial model contained too many pharmacophores — confirming the need for a
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tool to refine pharmacophores leading to effective virtual screening. The original ELIXIR-A
model screened 19 molecules with 3 active molecules (Table 2). The ELIXIR-A enrichment was
higher than LigandScout, because of the extra hydrogen acceptor feature (Figure 5). If the
hydrogen acceptor feature was removed, ELIXIR-A would have similar performance to that of
LigandScout model with around 4 EF. This benchmark compound validation indicated that
ELIXIR-A could be a valuable tool to refine pharmacophores for better enrichment during

virtual screening.

Table 2 The enrichment analysis for two refined pharmacophore models.

Refined (shared) pharmacophores Virtual Screening results
Hydrogen  Hydrogen Hydrophobic  Active Decoy EF
Donor Acceptor
ELIXIR-A 1 1 3 3 16 10.7
ELIXIR-A 1 0 3 238 3491 4.3
(reduced)?
LigandScout 1 0 3 253 3236 4.9

& In the reduced ELIXIR-A model, the hydrogen acceptor feature was removed to have the same
number of features comparing to the LigandScout model.
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Hydrogen

Hydrogen
Acceptor

ELIXIR-A “pharmacophore refinement” feature LigandScout “Shared pharmacophore” feature

Figure 5 Refined pharmacophore models of HIVPR generated by ELIXIR-A (A) and
LigandScout (B). The ELIXIR-A model had one hydrogen acceptor. The two models each used
one hydrophobic group at a different position.

Discussion

Pharmacophores are a set of steric and electronic features that recognize the optimal
supramolecular interactions. Structure-based manner with protein-ligand interactions and ligand-
based manner with common chemical features from a set of active/inactive ligands are the two
common approaches for building 3D pharmacophore models [55, 56]. ELIXIR-A is not a typical
pharmacophore modeling software; however, it is a pharmacophore refinement algorithm that
uses sets of pharmacophores as input and aligns these pharmacophores in 3D space to identify
any overlap. ELIXIR-A uses a computer vision-inspired ICP variant algorithm to align multiple
pharmacophore models with similar geometric and physicochemical properties as point clouds
into a refined point cloud. Although researchers have applied this ICP algorithm for drug
discovery to match three-dimensional protein structures [57] as well as the alignment of protein
binding cavities [58, 59], it has not been used for pharmacophore refinement. ELIXIR-A fills this

need.
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ELIXIR-A uses a geometry-based approach to find the pharmacophore similarity
between two protein-ligand binding pockets before calculating the binding energy between the
receptor and small ligand molecules using colored ICP. ICP requires a good initial
transformation to ensure that the point cloud converges to a minimum acceptable value [60].
Also, the presence of outliers (non-uniform points) can affect the alignment in ICP. ELIXIR-A
utilized FPFH matching and RANSAC iterations to solve the global fitting and outlier problems.
Another algorithm that can perform similar calculations is the Kabsch algorithm. Kabsch
algorithm is widely used in bioinformatics and can calculate the RMSD between two 3D protein
or pharmacophore structures via rotation and translation [61, 62]. When the point
correspondences are known, Kabsch can be applied. Since point correspondences are not known,
the Kabsch algorithm cannot be applied here and thus ICP was used. When using colored ICP,
the whole cloud will be paired to figure out the corresponding point, and the points in one group
can be mapped with multiple corresponding points in the other group. It is also possible to find
some unpaired important pharmacophore points when comparing the output results. Another
algorithm that is commonly used for ligand-based pharmacophore generation is LAMDA (linear
assignment for molecular dataset alignment) that finds globally optimal pairing between objects
[56]. LAMDA was not considered for ELIXIR-A due to its limitation for ligand-based
pharmacophore generation. Genetic algorithms (GA) used to calculate the initial transformation
position before ICP transformation [63-66]. For example, GA is used for pharmacophore
generation via molecular docking-based data set such as Autodock vina [67]. While ELIXIR-A
used FPFH matching with RANSAC iteration for global alignment. Compared with GA,

RANSAC iteration requires less parameters for the initial model. And the RANSAC iterations
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are included in the same library as the colored ICP. Therefore, in this case, the RANSAC
iteration is more applicable to ELIXIR-A than GA.

For the initial pharmacophore analysis, ELIXIR-A and LigandScout used the same
method to find the rigid superposition of two pharmacophore clusters, while ELIXIR-A used the
ICP variant algorithm and LigandScout used the Hungarian algorithm. In general, the time
complexity of the ICP algorithm in ELIXIR-A was O(N?) and the time complexity of the
Hungarian algorithm ranged from O(N*) to O(N3). ELIXIR-A provided better time complexity
with the potential to efficiently solve large pharmacophore alignment problems.

Conclusion

ELIXIR-A is a python-based VMD plugin to help refine pharmacophore models in
situations where many pharmacophores are present from multiple models due to various ligand-
receptor interactions and many conformations a ligand may pose on a receptor binding site.
ELIXIR-A GUI can help refine the pharmacophores generated from multiple ligands from
multiple receptors using the ICP variant algorithm. The output from ELIXIR-A can be used in
the virtual pharmacophore-based platforms for compound screening.

Requirements and availability

The ELIXIR-A package was developed in python3 for the data operations and tcl/tk for
the user interface. The package has been tested on the Ubuntu 20.04, macOS Big Sur, and
Windows 10 systems. The python versions can be 3.7.4 or later. The latest version of ELXIR-A

is available for download on GitHub. (https://github.com/sfernando-BAEN/ELIXIR-A/releases).

VMD could be downloaded from their official websites. A 64-hit version of VMD is
recommended for this package. ELIXIR-A follows the Apache-2.0 license and is open-source on

GitHub.
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Availability of data
The datasets generated during and/or analysed during the current study are available in

the GitHub repository, https://github.com/sfernando-BAEN/ELIXIR-A
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CHAPTER I
A NON-BETA-LACTAM ANTIBIOTIC INHIBITOR FOR ENTEROHEMORRHAGIC
ESCHERICHIA COLI O104:H4
This chapter is published in the Journal of Molecular Medicine
Introduction

B-lactam antibiotics are a class of broad-spectrum antibiotics for treating bacterial
infections [68]. B-lactam antibiotics have been successfully used to treat staphylococcal and non-
enterococcal streptococcal infections [69, 70]; however, overuse of antibiotics has resulted in an
increasing prevalence of drug-resistant bacteria. The most widely used broad-spectrum class of
antibiotics that contain a B-lactam ring in their molecular structures includes
penicillin derivatives such as methicillin, cephalosporins, monobactams, and carbapenems [71]
and bacteria often develop resistance to -lactam antibiotics by synthesizing -lactamases,
enzymes that attack the B-lactam ring. B-lactam antibiotics work by inhibiting cell
wall biosynthesis in the organism [72].

E. coli O104: H4 has multi-drug resistance to most known B-lactam antibiotics and other
antibiotics [73, 74]. B-lactamases from E. coli O104: H4 plays an essential role in the hydrolysis
of antibiotics. Antibiotics like benzylpenicillin inhibit bacterial growth by binding on to
penicillin-binding protein (PBP), DD-transpeptidase, thus inhibiting its cross-linking activity and
preventing it from forming a cell wall for the new cells [75]. B-lactamases destroy the B-lactam
ring of penicillin and make the antibiotic ineffective. From Shiga-toxin-producing E. coli O104:
H4, a B-lactam antibiotic, penicillin G first gets trapped with extended-spectrum B-lactamase
protein followed by the B-lactam ring on penicillin G getting tightly bound to the enzyme. Then

hydrolysis of the enzyme opens the B-lactam ring on penicillin G (Figure 6) [75]. To retain the
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efficacy of penicillin, B-lactamases need to be blocked from binding on to the antibiotic. This can
be achieved by introducing another molecule in addition to penicillin that can bind to -
lactamases with greater affinity as compared to penicillin and thus making [3-lactamases

ineffective at destroying penicillin.

B-lactam ring
B-lactam ring (hydrolyzed)
o]
0
B-lactamase
N1
H OH

Figure 6 B-lactam antibiotic penicillin G is hydrolyzed by p-lactamase.

Numerous techniques have been used for drug discovery for p-lactamase inhibitors,
including in silico and high throughput experimental screening[76]. Although experimentation is
a critical element in discovering inhibitor drugs, experimental techniques alone do not provide
any direct information on the nature and quantitative details of binding phenomena like the
computational techniques. It has been established in recent studies [77, 78] that MD is an
effective method to explore the relationship between equilibrium dynamics and structural
changes of proteins involved in the function. This is because MD can handle multiple ligands in
a simulated natural environment while protein strands are dynamically moving [79, 80]. MD
simulations enable real-time visualization of ligand-receptor interactions [81] that is critical in
deciphering interaction phenomena for drug development. In this work, we present an in vitro
experimental methodology based on the computational design for identifying inhibitors targeting

B-lactamases of a highly drug-resistant E. coli 0104: H4 strain.
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Materials and methods

Screening studies were conducted by first identifying the primary and any allosteric
active sites of B-lactamase TEM-1 using a combination of docking studies via AutoDock Vina
[82] and Nanoscale Molecular Dynamics (NAMD). Once the binding region of penicillin on f3-
lactamases was identified, pharmacophores were deciphered via the DruGUI plugin[34] in
combination with Enhanced Ligand Exploration and Interaction Recognition Algorithm
(ELIXIR-A). Potential inhibitors were screened using ZincPharmer[20, 24] and Pharmit online
platforms, which were verified in silico via Autodock Vina and NAMD before experimental
verification.

The homology models of the two B-lactamase (TEM-1 and CTX-M-15) used in this study
were built using gene sequences from GenBank (CP003289.1 and CP003297.1) [83]. The 3D
homology model templates of 3-lactamase were searched via the SWISS-MODEL server [84].
The template from PDB [40] (PDB id:1zg4 [85]) served as the model for B-lactamase TEM-1,
and PDB id: 5t66 chain A was the model for -lactamase CTX-M-15 [86]. The final homology
models were isolated based on the scoring functions available in the SWISS-MODEL server.
PDB ID: 1hvb [87] was used as the Penicillin-Binding protein (PBP).

Identification of primary and allosteric active sites:

The first step in screening novel inhibitory ligands is identifying the primary penicillin-
binding pocket(s) of B-lactamase. Initial approximations were made via docking analysis
(Autodock Vina) followed by in-depth analyses via NAMD simulations using penicillin G and
clavulanic acid as the probes.

For identification of sites initially, the crystal structures of proteins were obtained from

the Protein Data Bank [40], and any ligands and ions were removed/balanced using VMD. The
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receptor proteins, i.e., PBP and p-lactamases, were uploaded to Autodock Tools (ADT), and
hydrogen atoms were added. The 3D-optimize, penicillin, or clavulanic acid were uploaded to
Autodock as the ligand. The root detection, identification, and selection of the active number of
torsions were made to the ligand as appropriate. The search space grid for the macromolecule
was set initially to the entire molecule (and, during subsequent iterations, were confined to
identified pockets to obtain the cluster of docking confirmations that are most stable). Then,
docking simulations were done via AutoDock Vina. Subsequent to running Autodock, the ligand
conformations, ranked by energy (largest negative values having the highest binding affinity),
were stored as PDB files. The locations of the predicted binding pockets were verified using
NAMD simulations using penicillin G and clavulanic acid as ligands and by overlaying ligand-
bound crystal structures with the docking output(s).

The location where a significant number of ligand conformations overlapped in the
Autodock Vina output and where many binding hotspots aggregated in the NAMD output was
selected as the primary site. This information was further verified by comparing it with ligand-
bound crystal structured deposited in PDB. Any of the other sites that had a high affinity to
penicillin G and clavulanic acid were assumed as allosteric sites.

Identification of binding features (i.e., pharmacophores)

To accurately identify binding features in an environment that closely resembles what the
enzyme would encounter in the real world, a simulation system that allows the capability of
sending multiple types and quantities of ligands to the dynamically changing receptor was used.
To emulate cytosol, the protein was immersed in a water sphere in the presence of different
concentrations of select ligand(s). Each system was minimized and simulated to discern the

hotspots where ligand(s) preferentially bound while the protein was still undergoing structural
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motions (i.e., the "jiggling and wiggling™ motions). Once the hotspots were identified, the
features of the binding site(s) and locations (in 3D space) were recorded as pharmacophore
points. This information was used during the inhibitor screening step. The steps involved in the
NAMD simulations are presented below:

Creation of Protein Structure Files and force-field parameter files for proteins

To perform MD simulations using NAMD, four distinct files are needed: A Protein Data
Bank (PDB or. PDB) file that stores atomic coordinates and/or velocities for the system; a
Protein Structure File (PSF or .psf) that stores structural information of the protein, such as
various types of bonding interactions; a force field parameter file that contains the mathematical
expressions of the potentials experienced by the atoms in the system that defines bond strengths,
equilibrium lengths, and other variables; and a configuration file in which the user specifies all
the options that NAMD should use in running a simulation. The configuration file tells NAMD
how the simulation is to be run.

Select concentrations of isopropanol, isobutene, acetamide, acetate, isopropylamine,
penicillin G, and clavulanic acid were used as the ligand(s). The original PDB files of proteins
were used to build the PSF files. The procedure used to build the PSF files is given elsewhere
[88]. The PSF file is developed based on the information in the PDB file while taking into
consideration any chains that are missing from the original crystal structure. The final PSF file is
built after patches are applied. The force field files of the ligands must be developed to populate
the ligands in the vicinity of the receptor protein and simulate their interactions. Chemistry at
HARvard Macromolecular Mechanics (CHARMM) force fields for larger proteins and the
CHARMM General Force Fields (CGenFF) for smaller ligands were used for the simulations.

The procedure used to develop force field files is given elsewhere [89, 90].
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Initial system setup: Once the structure (.psf) and coordinate (.pdb) files are available,
the protein was solvated by building a water box over a water box. The solvate plugin available
in VMD was used for this purpose. Note that a Tcl script also could be written for this. Any
counter ions will be added using the autoionize plugin. Ligands will be added using the DruGUI
plugin. Next, the configuration (.conf) files required to run the NAMD simulation will be

prepared. Figure 7 shows the output solvation box after the system has been set up to run the

NAMD simulations for a model protein.

Figure 7 (A) Probes penicillin G (green), (B) screened ligand (green), and solvation box (C) after
preparing for NAMD simulations. The solvation box includes probe molecules (like penicillin G
in A. and screened ligands in B), water molecules (red “dots”) and beta-lactamase (yellow). The

system was neutralized with counter sodium chloride ions.

NAMD simulations: NAMD simulations were performed in the High-Performance
Computing Center (HPCC) at Texas A&M University. The simulations were run in the Ada
cluster, an Intel x86-64 Linux cluster with 852 compute nodes (17,340 total cores) and eight
login nodes.

Site Analyses
Probe grid calculation: The coordinate file, structure file, and coordinate trajectory file

were used to calculate the probe grid. The DruGUI plugin in VMD allows setting up grid
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resolution (A); contact distance (A); hotspot free energy, dG, (kcal/mol); the number of hotspots
to the cluster; lowest affinity (um); and charge (e)[34]. Grids were calculated for different types
of probes using their central carbon atoms. These grids were merged in the hotspot analysis
described below. Custom probes were added to the simulation by modifying appropriate files in
DruGUI. The output files subsequent to the probe grid calculation were .dx files that store
occupancy grids of each probe/ligand.

Protein surface analysis for binding hotspots and hotspot clusters: The binding
hotspots based on occupancy grids were calculated using the DruGUI plugin in VMD. This step
involved selecting high-affinity probe binding spots, clustering them, and then merging them to
assess high-affinity sites.

Pharmacophore screening

For the identification of proper pharmacophores of the -lactamase enzyme, it is critical
to identify those hotspots that partake in binding phenomena at the primary site. This is because
a simulation outputs many hotspots scattered around the protein that do not participate in the
binding of the primary substrate at the active site. The selection of active pharmacophores is
made by overlapping the hotspots identified from MD simulations with docking results and
crystallographic data and isolating hotspots that belong to primary and allosteric sites. The
coordinates of interaction points in 3D space and the nature of the interaction(s) (i.e., hydrogen
accepting, hydrogen-donating, aromatic, and hydrophobic) were recorded for each of the binding
sites.

For MD and docking simulations, whenever unsupported metal atoms were involved,

respective atoms were replaced with those with close structural similarity.
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In silico screening and verification of ligand druggability

Pharmacophore screening was done via ELIXIR-A, which is under development in our
laboratory. The algorithm consists of a computer-guided routine that recognizes pharmacophore
points, i.e., the ensemble of steric, electrostatic, and hydrophobic properties, which is essential
for optimal supramolecular interactions with the receptor to inhibit its biological effect. Then
potential ligands were screened via Zincpharmer using: a combination of the location of the
functional groups (e.g., proton donor/acceptor, hydrophobic groups, positive/negative ion, and
exclusion spheres); stabilization of the most effective conformation; Lipinski's rule of five that
defines properties necessary for good permeation (i.e., the molecule having less than five proton
donors, the molecular weight is less than 500 Da, log P smaller than 5, the molecule having <10
acceptors, and the molecule using biological transporters so that the ligand does not attach too
strong); and having at least three minimum pharmacophore points [91].

To further improve the accuracy of the hits, enzyme inhibitor scoring criteria was
employed via Molinspiration's Fragment-based Virtual Screening Engine
(http://www.molinspiration.com). The enzyme inhibitor score of an unknown drug-like ligand
was given by the comparison of the known active drug ligands to the unknown ligand with
sophisticated Bayesian statistics. The peak of the score with the best activity is 0.5. Octanol-
water partition coefficient (LogP), number of hydrogen bond acceptors/donors, number of rotate
bonds were predicted with Molinspiration as well.

In silico verification of the potential ligands was done via AutoDock Vina, NAMD, and
ZDOCK by comparing the binding affinities, binding interactions, and binding specificity to the

primary site of the ligands with penicillin and clavulanic acid controls.
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Antimicrobial susceptibility testing

Escherichia coli serotype 0104: H4 (ATCC® BAA-2326™) from VWR was used for
validating molecular dynamics predictions. Amoxicillin and clavulanic acid were used as a 3-
lactam antibiotic and B-lactamase inhibitor controls, respectively, and kanamycin was used as a
positive non-B-lactam antibiotic control. All the screened compounds and antibiotics were
purchased from Molport and Sigma-Aldrich.

Antimicrobial susceptibility testing was performed via the minimum inhibitory
concentration (MIC) method. Disk diffusion methodology and broth dilution method were
performed to determine the MIC. Kirby Bauer disk diffusion susceptibility testing methodology
as defined by the standard protocol from The European Committee on Antimicrobial
Susceptibility Testing (EUCAST) was used[92]. The MIC was determined by broth
microdilution assay with LB broth [93]. The plate was incubated at 37°C with a 180 rpm
reciprocating shaker for 16 hours. The MIC was defined as the lowest concentration of the wells
where the broth was not turbid, and there were no sediments at the bottom of the wells. The

ligand compounds were solved in either sterile DI water or DMSO.
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Results and discussion
Identification of active site and pharmacophores.
Using the combination of docking and MD simulations with model probes and known drug
molecules a clear primary site was revealed with multiple binding hot spots (Figure 8) along with
some allosteric sites. It should be noted that aforementioned methods alone may not be sufficient
to identify all allosteric sites. For example, newly developed methods such as Hamiltonian
replica-exchange-based method[94] and site-directed mutagenesis & enhanced sampling
computational methods[95] had to be used to reveal hidden allosteric sites of multi type -
lactamases. However, in this case, since the primary site was found to be druggable, allosteric
phenomena was not pursued.

The binding hotspot distribution for small molecular probes is given in (Figure 8A) while
those for penicillin G and the clavulanic acid mixture is presented in Figure 8B. The images
below the hotspot distribution give the affinity map of distribution of each of the probes ranging
from red, white to blue depicting, high, medium and low affinities respectively.

The binding free energies coupled with the occupancy grid distribution will help identify:
1) the existence of any hotspots where these probes tend to linger for longer times, i.e., specific
pharmacophore points (i.e., hydrogen accepting, hydrogen-donating, aromatic, and
hydrophobic); 2) if any hotspot clusters where several of the hotspots tend to conglomerate,
suggesting the existence of an active (ligandable) site; and 3) the location of the pharmacophores

in 3D space that assists in inhibitor screening .
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Figure 8 A1) High binding energy hotspots distribution with the molecular probes; A2) pharmacophore cluster at
the active site; A3) Probe occupancy grid and binding free energy distribution; B1) High binding energy hotspots
distribution with penicillin G and clavulanic acid along with the binding free energy distribution. B2)
Pharmacophore occupancy grid distribution of penicillin G and clavulanic acid ligands on j3-lactamase protein's
active domain.
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The drug-like probe distribution around the active site and the pharmacophore occupancy
grid distribution is presented in Figure 8A1 and Figure 8A3 respectively. Hotspots 19, 35 and
119 situated at the active site. Hotspot 19 (binding free energy: -1.81 kcal/mol) had probabilities
of 65.5% IBUT, 28.8% IPRO and 5.7% ACAM binding onto the hotspot respectively. On
hotspot 35 (binding energy: -1.60 kcal/mol), 99.7% IPAM and 0.3% ACET were bound. On
hotspot 119 (binding energy: -1.04 kcal/mol), 74.5% IPRO, 25.2% IBUT and 0.4% ACET were
bound. These probe compositions were used to determine the properties of the functional
group(s) at the active residue(s) on the receptor.

It was interesting that when penicillin G and clavulanic acid were used, individual
hotspots occupied only one type of the molecules at 100% probability. It is likely that the size of
these two probes restricted another molecule finding the active site once bound. Hotspots 1, 2
and 3 were all located on the active site with binding free energies of -3.01 kcal/mol Penicillin G,
-2.96 kcal/mol Penicillin G and -2.94 kcal/mol Clavulanic acid respectively.

Isolation of Pharmacophores

Isolation of pharmacophores for compound screening was done based on hotspot analysis
via model probes, penicillin, and clavulanic acid along with properties of the residues that
interacted with these ligands. Pharmacophores include the location coordinates of potential
functional groups (e.g., proton donor/acceptor, hydrophobic groups, positive/negative ion, and
exclusion spheres) of the target compound(s). Hydrogen bonding information between ligands
and specific residues are a key part of pharmacophore analysis. Figure 9 and Table 3 depict
hydrogen bonding information deciphered from docking analysis between penicillin G and
clavulanic acid. Penicillin G and clavulanic acid were bound to active sites with binding

affinities of -7.5 and -6.3 kcal/mol, respectively via hydrogen bonding. The region with the
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highest binding energy from these simulations was found to be in close proximity to that

identified via laboratory experiments [86].

The analysis with most stable conformations suggests that residues SER 70 and ARG244

form hydrogen bonds with -lactamase TEM-1 with penicillin while SER 70, SER 130, ASN

132, SER 235 forms hydrogen bonds with clavulanic acid. Crystal structure showed that

nucleophilic Ser 70 and Ser 130 bound to the B-lactam rings [1]. Experimental verification by

others confirm these findings [96]. However, it should also be noted that in other -lactamases

SER130 can be shifted to SER132 based on mutations. Residues SER 130 and TYR105 on B-

lactamase TEM-1 were attracted to penicillin while LYS234, GLY236, and ALA237 were

attracted to clavulanic acid via van der Waal's forces. It has been reported that the surrounding

residues Glu166 and LY S73 may catalyze the B-lactam ring hydrolysis process[1]. These

interactions were used to screen pharmacophores for ligand screening.

Table 3 Interactions between Clavulanic Acid or Penicillin G to the residues on the active site of

-lactamase TEM-1

RECEPTOR TYPE OF E"lﬁ)émg M
LIGAND NAME | AMINO ACID INTERACTIONS | AFFINITY (KCAL/
NUMBER
MOL)
SER 70, ARG244 Hydrogen bond
PENICILLIN G -6.73 £0.23
SER130, TYR105 Van der Waals force
SER 70, SER 130,
Hydrogen bond
ACID -5.97 £ 0.06
LYS234, GLY236,
Van der Waals force
ALA237
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Figure 9 A) Interaction diagram of penicillin on 1ZG4; B) Interaction diagram of clavulanic acid on 12G4; C)
Crystal structure of -lactamase TEM-1 bound with an active ligand (pdb 1M40) showing that the simulations were
able to accurately predict the active site [1]. Note: Active site interaction plots were made with Maestro
(Schrodinger, 2018-2). The plot of interaction was made with NGL[2] and the protein was made with Jmol

(http://www.jmol.org).
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Table 4 Structural and functional information on potential inhibitor ligands.

Ligand Id

Id

Ligand
skeletal
formula

IUPAC
Name

Octanol-
water
partition
coefficient
logP
molecular
weight
number of
hydrogen
bond
acceptors
number of
hydrogen
bond
donors
"Rule of
five"
violations
Number of
Rotatable
Bonds
Enzyme
inhibitor
score?

1

ZINC13777

605

y\‘/_\‘;‘/ 1

2-[4-[[4-
(carboxyme
thyl)-1,2,5-
oxadiazol-
o
yl]diazenyl]
-1,2,5-
oxadiazol-
3-yl]acetic
acid

-1.94

280.16

12

-0.22

2

ZINC7528
0048

11-(2-
nitrophenyl
)benzo[b]
[1,6]benzo
xazocin-
12-imine

3.52

343.34

-0.16

3

ZINC3372
70

=
NN

7,8-
dihydroxy-
2,2-
dimethyl-
3,4-
dihydrochr
omene-6-
carboxylat
e

2.70

238.24

0.21

32

4

ZINC3978
503

-

g

5
BAPE

L

oy T

[(3R)-2-
(3,4-
dihydroxyp
henyl)-5,7-
dihydroxy-
3,4-
dihydro-
2H-
chromen-3-
yll 3,4,5-
trihydroxy
benzoate

2.54

442.38

10

0.25

5-(1,3,2-
dioxaborin
an-2-yl)-3-
methylthio
phene-2-
carbaldehy
de
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Average
docking
affinity
kcal/mol
Highest
free
binding
energy AG
in MD,
kcal/mol

a. The enzyme inhibitor score >0.25 is good and >0.50 is excellent.

-5.31+0.54  -7.32+0.07 -6.41+0.10 -7.52+0.06 -5.20+0.08 -5.42+0.03

-3.07 -2.80 -2.84 -2.59 -2.18 -2.45

Ligand screening and in silico verification

Then potential ligands were screened via Zincpharmer [24] using: a combination of the
location of the functional groups; stabilization of the most effective conformation; Lipinski's rule
of five that defines properties necessary for good permeation [91] (i.e., the molecule having less
than five proton donors , the molecular weight is less than 500 Da, log P smaller than 5, the
molecule having <10 acceptors, and the molecule using biological transporters so that the ligand
does not attach too strong); and having at least three minimum pharmacophoric points.

Initial screening resulted in several dozen potential compounds. However, based on
above criteria, six potential inhibitor molecules were isolated. The criteria used and information
on the ligands are shown in Table 4. The two boronic containing compounds have good inhibitor
scores on enzymes.

In silico verification

Before moving to experimental verification, the potential efficacy of the molecules was
verified in silico via NAMD/DruGUI, Autodock Vina, and ZDock. Figure 10 depicts simulation
results when B-lactamase TEM-1 was impinged with the six isolated ligands mixed with 50%
(molar concentrations) of penicillin. Results indicate that the free binding energy AG varied from
-2.18 to -3.07 kcal/mol under simulated conditions. The value for penicillin was varied from -
2.76 to -3.14 kcal/mol indicating that there is a high possibility for competitive inhibition. In all
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instances, the potential candidates bound at the vicinity of the active site. Nevertheless, it was
clear that penicillin preferentially bound to the active site. The binding domain coincided with
experimental results using other inhibitors [97]. It should also be noted that no allosteric sites
were evident. In order to further confirm how the compounds interacted with the beta-lactamase,
docking simulations were performed with penicillin once each of the inhibitors was bound to the
active site. Figure 11 depicts binding maps using Autodock Vina. It is noted that when BACM or
clavulanic acid is bound on the active site of f-lactamase TEM-1, the penicillin molecules
docked around the active site with much lower incidence (Figure 11). This suggested that BACM
or clavulanic acid were the potent inhibitors of B-lactamase.

Figure 10 A-F: Pharmacophore point distribution of B-lactamase TEM-1 (PDB id: 1zg4) with the

probes ZINC13777605, ZINC75280048, ZINC337270, ZINC3978503, BAPE, and BACM

together with Penicillin G, respectively. The free binding energy AG (kcal/mol) is illustrated with
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the red or blue colored van der Waals force-represented balls. The active site is highlighted on
each of the complexes with a black rectangle.
Antimicrobial susceptibility testing via experimental verification

In vitro tests were performed to investigate the antimicrobial susceptibility of screened
ligands with B-lactam antibiotics. The inhibition of E. coli 0104: H4 was measured using disk
diffusion methodology on the particular B-lactamase inhibitor - B-lactam combination (Table
5A). From the EUCAST clinical zone diameter breakpoint tables, the susceptibility breakpoint
for amoxicillin (20 pg) and clavulanic acid (10 pg) is 19 mm [92]. In our studies, the strain was
susceptible to the same amoxicillin and clavulanic acid combination with a diameter of 22.3 +
4.7 (mean +/- std. dev. n=4) mm which was in line with EUCAST protocol. The negative control
amoxicillin (20 pg) did not inhibit E. coli O104:H4 indicating its resistance to the antibiotic. For
the combination of BACM (10 ug) and amoxicillin (20 pg), the diameter was 18.8 + 0.5 mm
(mean +/- std. dev. n=3) indicating that the strain was susceptible to the non-p-lactam compound.
None of the other compounds tested when mixed with amoxicillin showed any potency. The
non-B-lactam antibiotic kanamycin (10 and 30 pg) inhibited the strain with 16.0 £ 1.0 (mean +/-

std. dev. n=3) and 26.3 = 1.2 (mean +/- std. dev. n=3) mm respectively.
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MIC testing also showed good antimicrobial activity of BACM on E. coli 0104:H4
(Table 5B). Amoxicillin and BACM showed MIC of 4 mg/L and 2 mg/L respectively while
BACM alone showed a MIC of 2 mg/L. This is an interesting finding since the experiments
proved that BACM alone can inhibit the bacterial strain. The amoxicillin control did not show
any inhibitory action as observed earlier. Amoxicillin and clavulanic acid resulted in a MIC
similar to that of BACM. It was also observed that clavulanic acid alone was able to inhibit the
strain at the same concentration as BACM likely because both molecules have an affinity toward

PBP which was confirmed via docking analysis.
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Table 5 A. Disk diffusion values of select B-lactamase inhibitor - B-lactam combination

Disk content Zone
B-lactam/ o (Antibiotic or ?rmemr Resisted (R) /
non B-lactam Inhibitor ,IAnt_ib_iotic a (mean Susceptible (S)

nhibitor) +/- std.

(ug) dev.)
Amoxicillin - 20 0.0+00 R
Kanamycin® -- 30 26.3t1.2 'S
Kanamycin - 10 16.0+1.0 S
Amoxicillin Clavulanic acid  20-10 22.3x47 S
Amoxicillin ZINC13777605 20-10 0.0£0.0 R
Amoxicillin ZINC75280048 20-10 0.0£0.0 R
Amoxicillin ZINC337270 20-10 0.0£0.0 R
Amoxicillin ZINC3978503  20-10 0.0£0.0 R
Amoxicillin BAPE 20-10 0.0+0.0
Amoxicillin BACM 20-10 18.840.5 S

a. kanamycin is not a B-lactam antibiotic. It was used as the non p-lactam positive control in this
testing.

Table 5 B. Disk diffusion values of select B-lactamase inhibitor and -lactam combination

Strain MIC (mg/L)
Amoxicillin -
o and Amoxicillin Clavulanic
E. coli Amoxicillin . and BACM . BACM
o0l Clavulanic 2:1) acid
0104:H4 acid (2:1) :
RP (128) S (2) S4) S (2 S(2)

b. R means resistant, and S means susceptible.
c. The minimum inhibitory concentration of this compound was 1 mg/L of Amoxicillin and 0.5
mg/L of Clavulanic acid. The ratio of antibiotic to inhibitor was 2:1.

In order to get some insights on what occurs at the active site when these compound
combinations were introduced to the active site, docking simulations were performed on -
lactamases and penicillin-binding protein (PBP). The simulation revealed that BACM showed

similar binding interactions to amoxicillin and clavulanic acid on PBP as well as two types of -
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lactamases, TEM-1 and CTX-M-15, which were found in the strain. Experimental studies
suggested that amoxicillin-clavulanic acid combination was as potent as the amoxicillin-BACM
combination. This observation is verified by docking simulations which suggests clavulanic acid
binding to the p-lactamases TEM-1 and CTX-M-15 with affinities of 5.8 and 6.0 kcal/mol as
compared to 5.9 and 5.8 kcal/mol with BACM to the active site as depicted in Figure 11 A and
B. Also clavulanic acid formed hydrogen bonding with SER 235 on TEM-1, SER73 and
THR238 on CTX-M-15 and ASN161 on PBP while BACM form hydrogen bonding with
ASN170 on TEM-1, ASN135 on CTX-M-15 and ASN161 and THR310 on PBP. It was
interesting that amoxicillin, Clavulanic acid, and BACM bound to the PBP of this strain with
affinities of 8.7 kcal/mol, 7.2 kcal/mol and 6.2 kcal/mol respectively. This explains why
clavulanic acid and BACM alone were able to inhibit this strain. However, it should be noted
that BACM is a non-B-lactam compound which thwarts any attempts of the B-lactamase to
hydrolyze the B-lactam ring (i.e., clavulanic acid being a suicidal inhibitor allowing its own [-
lactam ring to hydrolyze instead of that of the antibiotic) and thus is a superior candidate to
clavulanic acid (by not depending on ring hydrolysis that could potentially lead to resistance).
It should be noted that the transporter of antibiotics and screened molecules from the
outer membrane into the bacteria plays a key role in the potency of the drugs. In previous
studies, the E. coli was found to transport ions, acids and small molecules via the diffusion of
outer membrane porins [98-100]. Several OMC/OMF porins such as OmpC20, OmpC26,
OmpC28, and OmpC33 in multi-p-lactam —resistant E. coli strain were found to influence the
permeability of polar antibiotics [101]. Since the size of the molecules were low, porins could
affect the potency of these inhibitors. Of the two cyclic boronates that progressed based on in

silico screening, only BACM was able to inhibit this particular strain. In the previous study, it
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showed that the molecules with amine, amphiphilic, rigidity, and low globularity properties were
likely to accumulate in the Gram-negative bacteria[102]. Accordingly, the rigidity and low
globularity of BACM may have improved the accumulation of the molecules in the cell

contributing to its potency.

Penicillin

Possible Penicillin G sites (white) and p-lactamase

TEM-1 complex (gray)

Attaching BACM Attaching clavulanic acid

(gray) onto the active (white) onto the active site

‘ Clavulanic Acid at the active site. ‘

Figure 11 A) BACM (Al.) and Clavulanic Acid (A2.)- B-lactamase TEM-1 complex with
penicillin G molecules docking around. BACM and Clavulanic acid molecule were in the red
box. Penicillin G molecules were represented in colorful sticks. All the penicillin G molecules
were not able to bind to the active site because of the inhibitor. B) The ZDOCK simulation of
penicillin G- B-lactamase TEM-1 complex with and without inhibitors in 500 hundred attempts.
The binding confirmations of penicillin G reduced when inhibitors were bound on the active site.

Cyclic boronates have been successfully tested as antibiotics for several bacterial strains
[86, 103-105]. The first cyclic boronate drug, KERYDIN (tavaborole)[106] was approved by
FDA to treat fungal infection onychomycosis. Vaborbactam [107] was found to have an
inhibitory effect on multi-B-lactam-resistant strains. The potency of vaborbactam was found to

be impacted by the outer membrane porins OmpK35 and OmpK36, which controlled the influx
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and efflux of small molecules into the starin. VNRX-5133[108] was an injectable cylic boronate
beta-lactamase inhibitor on the phase 1 clinical stage developed by VenatoRx Pharmaceuticals,
Inc. Cefepime/VNRX-5133 combination had high activity on serine-active site p-lactamases
(Ser-BL) and emerging VIM/NDM metallo-B-lactamases (MBL). These works show the high
efficacy of cyclic boronates on inhibiting the B-lactam-resistant strains. Nevertheless, this class

of antibiotics has not been successfully tested on the antibiotic-resistant strain 0104: H4.

40



Amoxicillin (red)

n
(A) Clavulanic acid (green) & |
évs
2}1
\\ !
sen AA
130 237 HO
- €)
-y
) ]
T SER /
s
Amoxicillin (red) 3’\
W) 7 \ s
2)
(B) Clavulanic acid (green) g,/ @
iy
(ﬁa'} HO
| \
a0
5 e
i o
=
J | = =
7 B T
ot J
LYs
65 THR TR
301
AR\
. _enpe VAL
Amoxicillin (red) 2 3 302 e
(C) Clavulanic acid (green) HO

\ <«

Y
. L ,11 =y

Figure 12 A) The conformations of ligands in complex with B-lactamase TEM-1 (pdb: 1zg4),
amoxicillin, clavulanic acid, and BACM - ligands bound with affinities of 7.7 kcal/mol, 5.8
kcal/mol and 5.9 kcal/mol respectively on the active site; B) The conformations of ligands in
complex with B-lactamase CTX-15 (pdb: 5t66, chain A) -amoxicillin, clavulanic acid and BACM
bound with affinities of 7.1 kcal/mol, 6.0 kcal/mol and 5.8 kcal/mol respectively on the active
site; C) The conformations of ligands in complex with PBP (pdb: 1hvb) - amoxicillin, clavulanic
acid and BACM have binding affinities of 8.7 kcal/mol, 7.2 kcal/mol and 6.2 kcal/mol on the
active site, respectively. Hydrogen bonding interactions were found between the compounds and
ASN residues.
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Conclusion

The primary active site of E. coli 0104: H4 B-lactamase was able to be accurately
identified using computational techniques. NAMD combined docking simulations with probes
IPRO, IPAM, IBUT, ACAM and ACET, penicillin (substrate), and clavulanic acid (positive
control) were able to identify interaction points on the receptor as well as on the ligands which in
turn helped isolate pharmacophores. Using these pharmacophores, six potential inhibitory
compounds, ZINC13777605, ZINC75280048, ZINC337270, ZINC3978503, BAPE, and BACM,
were initially screened and verified in silico via MD simulations combined docking simulations,
Lipinski's rule of five, and bioactivity scores. Experimental verification studies based on Kirby
Bauer disk diffusion susceptibility testing indicated that E. coli 0104: H4 was susceptible to
amoxicillin and clavulanic acid (control) combination while the negative control of amoxicillin
was not indicating any resistance to the antibiotic. The non--lactam compound BACM and
amoxicillin combination was able to inhibit the strain. None of the other compounds tested when
combined with amoxicillin showed any potency. Non-B-Lactam antibiotic kanamycin that was
used as a positive control was also able to inhibit the E. coli strain. The amoxicillin and BACM
combination showed a MIC of 2 mg/L to and 1 mg/L while BACM alone showed MIC of 1
mg/L indicating that BACM alone can inhibit the bacterial strain (without a -lactam antibiotic).
The amoxicillin control did not show any inhibitory action. Amoxicillin and clavulanic acid
resulted in a MIC similar to that of BACM. It was also observed that clavulanic acid alone was
able to inhibit the strain at the same concentration as BACM. BACM and clavulanic acid may be
inhibiting the strain not only via B-lactamase inhibition but also via direct inhibition of PBP

which plays an integral role in cell wall biosynthesis.
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Data analysis and statistics
All in-vitro experiments were conducted as a completely randomized design (CRD) with
three replicates. Data analysis was done using Microsoft Excel software and R-studio. The
standard deviation was calculated by the STDEV() function in Microsoft Excel. Data between
different ligands were tested by two-sample unpaired Student's t-test. T test was given by the

t.test() function in R-studio. The significance level was o = 0.05.
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CHAPTER IV
TARGET-BASED MOLECULAR MODELING AND LIGAND SCREENING TO IDENTIFY
INHIBITORS FOR CANDIDATUS LIBERIBACTER SPP.
Introduction

Several devastating plant diseases are caused by fastidious (unculturable) ‘Candidatus
Liberibacter spp.' For instance, potato zebra chip disease, caused by ‘Candidatus Liberibacter
solanacearum' (CLso0), is causing millions of dollars in losses to the potato industry[109].
Similarly, citrus greening or Huanglongbing (HLB) disease, caused by 'Candidatus Liberibacter
asiaticus' (CLas) is the most devastating disease of citrus today and threatens citrus production
worldwide. HLB is transmitted by an insect vector, the Asian citrus psyllid (Diaphorina citri).
Since its inception in 2006, in Florida alone, HLB caused >50% reduction in citrus acreage and
economic losses upwards of US $8 billion [110, 111].

Multiple antibiotic-based therapies are currently being evaluated by the industry to
control 'Candidatus Liberibacter spp.' Between the 1970's and 1980's, tetracycline, penicillin and
other antibiotics were continuously tested for HLB suppression in citrus [112-114]. Trunk
applications of penicillin in symptomatic sweet orange trees provided some tolerance and tree
recovery [112]. Recently, in a drastic measure to control HLB, the Florida citrus industry has
obtained a section 18 emergency exemption from the Environmental Protection Agency (EPA) to
test the efficacy of commercial antibiotic/bactericide products. Some products (e.g., FirewallTM
and FireLineTM) have already been tested in Florida over the last two years and approval has
been granted for a third year [115]. California is following suit with an emergency registration of
its own for streptomycin and oxytetracycline. Although promising, the antibiotics/bactericide

therapies have variable results in the studies, are also being used in animal and human
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medicine[116], and their extensive deployment in agriculture can pose threats for the emergence
of antibiotic-resistance[117]. Thus, there is a need to explore alternative therapies for disease
management.

Target-based molecular modeling and ligand screening are widely employed in
biomedical and pharmaceutical research to discover new drugs and inhibitors[118]. Few studies
have employed this approach in plant-microbial interactions and limited to studies of plant
proteins[119, 120]. Here, we employed target-based molecular modeling and in silico ligand
screening approach to identify two competitive inhibitors of a conserved ‘Candidatus
Liberibacter spp.' virulence protein, serine/tyrosine phosphatase (STP)[121].

Materials and methods
Homology modeling, pharmacophore identification and ligand screening

The inhibitor screening was performed in several steps beginning with the development
of the STP homology model, identification of active sites and pharmacophores, followed by
ligand/inhibitor screening. Simulation platforms including Autodock Vina[122], VMD[123],
Drugui[124], Enhanced Ligand Exploration and Interaction Recognition Algorithm (ELIXIR-
A)[125, 126], NAMD [127] were used during in silico analysis. ELIXIR-A, the algorithm
described in Chapter 11 for pharmacophore refinement, is also deposited in GitHub
[https://github.com/sfernando-BAEN/ELIXIR-A]. NAMD simulations were performed in the
Texas A&M High Performance Research Computing. To perform MD simulations using
NAMD, four distinct files were used: A Protein Data Bank (PDB or.pdb) file that stores atomic
coordinates and/or velocities for the system; A Protein Structure File (PSF or .psf) that stores
structural information of the protein, such as various types of bonding interactions; A force field

parameter file that contains the mathematical expressions of the potentials experienced by the
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atoms in the system; and a configuration file in which the user specifies all the options that
NAMD should use in running a simulation. These files were created by substrate ligands as well
as any probe molecules (small molecule alcohols, amines, amides, and esters) that were used to
interrogate the enzymes' active sites. Small probes were selected so they can diffuse rapidly and
explore small and even transient pockets in the simulations. This property also helps to sample
many binding events while enabling reaching equilibrium in reasonable timeframes. The
binding hotspots (pharmacophores) were isolated by initially selecting high-affinity probe
binding spots, clustering them, and then merging them to assess high-affinity sites [124]. All the
interaction diagrams were developed using Schrodinger Maestro software. ELIXIR-A [125, 126]
and the zincpharmer algorithm was used to screen and match the identified pharmacophores with
potential inhibitors[128]. The top hits were selected based on the following criteria: i) a
combination of location of the functional groups (e.g., proton donor/acceptor, hydrophobic
groups, positive/negative ion, and exclusion spheres); ii) stabilization of the most effective
conformation; iii) Lipinski's rule of five that defines properties necessary for good
permeation[129] (i.e., the molecule having less than five proton-donators, the molecular weight
is less than 500 Daltons, log P smaller than 5, the molecule having < 10 acceptors, and the
molecule using biological transporters so that the ligand does not attach too strong); iv)
Molinspiration drug-likeness & bioactivity score (www.molinspiration.com), and v) having at
least three pharmacophoric points.
Molecular dynamics simulations

A 100 ns MD simulation was performed using the Schrédinger-Desmond platform in
order to analyze the conformational and interaction stability of STP proteins in complex with

screened ligands[130]. The CLas STP protein was prepared by Maestro's Protein Preparation
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Wizard[131, 132]. Both C and N termini were capped to reduce the flexibility of the termini. For
the screened ligands, Schrodinger's Glide extra-precision mode was used to reproduce the
docking poses from the previous Vina docking studies [47]. The ligand-protein complexes were
minimized under the OPLS3e force field [133]. The system was solvated using a simple point-
charge (SPC) solvent model with orthogonal boundary conditions maintaining a buffer distance
of 5 A. The system charge was neutralized using chloride or sodium ions. Each system was
minimized under the OPLS3e force field using Desmond's default relaxation protocol. The
system was then simulated under isothermal—isobaric conditions at 300 K and 1.01325 bar
pressure. A thousand frames were recorded at every 100 ps following the initial frame. The
Simulation Interaction Diagram (SID) module was used to assess the quality of the entire
simulation over time, including protein-ligand interactions, complex RMSD, and complex root
mean square fluctuations (RMSF).
Bio-layer interferometry (BLI) and binding kinetics assays

Bio-layer interferometry (BLI) experiments were conducted using the BLItz system with
Anti-Penta-HIS (HIS1K) Biosensors (ForteBio Corp., Menlo Park, CA). BLI is an optical
detection technique that can determine the affinities of protein-ligand interactions on the sensor
by the reflection of a light beam[134]. STP protein with the hexahistidine (His6) tags was
attached to the fiber optic sensor tip with a selective tag immobilization method. The sensor tip
was dipped into the small-molecule solution medium with a known concentration to load the
small molecule ligands onto the sensor. The association of small molecules to the sensor
represented by the association constant, ka, causes the white light to shift in the interference
pattern. The unbinding phenomenon, which is represented by the dissociation constant, kd, will

cause the white light to shift in the opposite direction on the sensor. The dissociation/association
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ratio defines the affinity constant for the binding interactions (KD), and is represented by the

equation as follows:

Where KD represents the affinity constants (M, or mol-L-1), kd represents the
dissociation rate (s-1), ka represents the association rate (M-s-1). Here, [A], [B] and [AB]
represent the concentrations (M) of the unbound STP protein, small molecule ligands, and
protein-ligand complex, respectively. The affinity constants will reveal the overall binding
kinetics of the protein-ligand complex, which helps to evaluate the performance of the screened
molecules.

The binding Kinetics of two STP proteins, from 'Candidatus Liberibacter asiaticus’
(CLas) and 'Candidatus Liberibacter solanacearum' (CLso0), were validated with screened
molecules G6P6373 and G6P3510. Proteins were stored in a storage buffer 50 mM Tris-HClI,
500 mM NacCl, 10% Glycerol, two mM DTT, pH 8.0. The HIS1K sensors were hydrated in a 250
uL assay buffer for 30 minutes. The assay buffer was prepared with 9.95% 10X Pall Forte Bio
kinetics buffer (ForteBio Corp., Menlo Park, CA) and 89.55% PBS (Thermo Fisher Scientific,
Waltham, MA) and 0.5% Dimethyl sulfoxide (DMSO) (Sigma-Aldrich, St. Louis, MO). The BLI
test used a cycle of 30s assay buffer baseline, 300s STP protein loading, 120s baseline, 120s
analyte association, and 120s analyte dissociation. The assay buffer was used in the two baseline
phases and the last dissociation phase. The concentration of protein and analytes were optimized
for significant and measurable binding signals. For the CLas STP protein assay, 4 uLL of CLas
STP protein with 0.34 mg/ml concentration was loaded, and the testing analyte 1 uM glucose-6-
phosphate (G6P), 50 uM G6P6373 or 50 uM G6P3510 was associated in a 250 pL assay buffer,

respectively. For the CLso STP protein assay, 4 pL of CLas STP protein with 0.30 mg/ml
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concentration was loaded, and the testing analyte G6P, G6P6373 or G6P3510 was associated
with 1 uM in a 250 pL assay buffer, respectively. All the BLItz experiments were conducted at
room temperature. The Kinetics energies were analyzed in BLItz Pro 1.3.0.5 software
(Fortiebio), and the interaction curves were exported from BLItz Pro and replotted with R studio.
Statistical Analysis:
All in silico experiments were conducted as a CRD with three replicates.
Results and discussion

Molecular dynamic simulation revealed key binding hotspots (pharmacophores) of CLso
and CLas STPs

To identify binding hotspots (pharmacophores), we first generated homology models of
CLso and CLas STPs, using experimentally determined structures of a protein template in PDB
[40]. The homology model was built based on the template protein (PDB: 4RKK][135]) using
SWISS-MODEL via the HHblits protein sequence search package while enabling the highest
sequence coverage and identity [136]. This selected template was a phosphatase with a
carbohydrate-binding domain and a dual-specificity phosphatase domain. Small molecules of
G6P were used as substrates to represent the phosphate ions and a-D-glucose native substrates.
Both CLso and CLas STP structures overlapped on residue 40 to 191 with 0.72 coverage rate and
0.29 sequence identity rate (Figure 13a). VMD [123] was used to depict the structural differences
between the homology model CLso STP and CLas STP (Figure 13). Sequence alignment showed
a homology value (QH) of 0.9563, RMSD of 0.6389 A, and percent identity of 62.5 which
suggested that the two proteins had a high degree of structural similarity, in line with the
multiple sequence alignment results. The two homology models had good overlap on various

substrate-binding domains with the template. Next, we identified hotspots using the CLso STP

49



protein model. Identification of primary and allosteric (if present) substrate-binding site(s) of
STP were initially approximated via Autodock Vina [122] followed by in-depth analyses via
NAMD [127] simulations and Drugui[124]. The goal was to accurately identify binding features
in an environment that closely resembles what the enzyme would encounter in vivo. NAMD
combined DruGUI were used to identify the binding features by sending multiple types and
quantities of select ligands to the dynamically changing receptor. To emulate the cytosol, the
protein was immersed in a water sphere in the presence of different concentrations of the
ligand(s). Each system was minimized and simulated to discern the hotspots where ligand(s)
preferentially bound while the protein was still undergoing structural motions. Once the hotspots
were identified, the binding features and locations (in 3D space) were recorded as
pharmacophore points. From this, we identified at least sixty-seven potential binding hotspots
(Figure 13Db), with binding energies varying between -1.01 to -2.62 kcal/mol. The acetate drug-
like probe had the highest binding affinity of -2.62 kcal/mol, and the site where acetate was
bound was considered as an active site. The interaction points that participate in substrate
binding were further isolated by identifying clusters where a number of high-affinity hotspots lie
closer to each other suggesting an active site (Figure 13c) (S. Table 6). To determine if the
pharmacophores generated stituated with in the active site, the CLas STP pharmacophore
clusters, the original subtrate, and the template/homology model (PDB: 4RKK[137]) were
overlapped. The protein-ligand structures after alignment showed that the selected CLas STP

active site overlapped with the dual specific phosphatase (DSP) domain on laforin (Figure 13d).
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Figure 13 Homology modeling of CLso and CLas STP and identification of binding hotspots. (a)
The homology model of CLso STP (gray) and CLas STP (cyan) overlaid with the template (PDB
ID: 4RKK in blue). (b) Hotspot distribution when NAMD simulations were performed with
select probes on the CLso STP enzyme. The red spot depicts a binding hotspot with highest
affinity. The area demarcated by the red box depicts pharmacophore distribution at the primary
site. (c) Multiple pharmacophores were clustered around the CLso STP enzyme implying
potential binding site(s). (d) The selected pharmacophores (green) occupied a binding pocket in
the CLas STP (gray mesh), consistent with the experimental substrate analog alpha-
maltohexaose (red).
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Figure 14 Identification of competitive inhibitors (G6P3510 and G6P6373) that bind to CLas
STP. (a) structural information of the screened compounds; 1) Known STP enzyme substrate
G6P; 2) Screened inhibitor G6P6373; 3) Screened inhibitor G6P3510. (b) The interactions of
STP with G6P, G6P6373 and G6P3510, respectively. (c) G6P (red) occupying the active site and
an isolated ligand (blue) occupying the same site as G6P on CLas STP (cyan).
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Table 6 Structural and functional information of potential inhibitor ligands with G6P control.

Compound name

InChl Key

Octanol-water
partition coefficient
logP

molecular weight
(Daltons)
number of
hydrogen bond
acceptors
number of
hydrogen bond
donors

“Rule of five”
violations
Number of
Rotatable Bonds
Enzyme inhibitor
score?

Average docking
affinity on CLso
STP, kcal/mol

+ std (n=10)
Average docking
affinity on CLas
STP, kcal/mol

+ std (n=10)

G6P

NBSCHQHZLSJFNQ-
DVKNGEFBSA-N

-3.31

260.13

9

1.23

-4.74 +0.196

-4.38 £ 0.379

G6P3510

FNDOMYALHUM
MDS-
SSDVNMTOSA-N
3.90

420.85

8

0

8

-0.19

-5.38 £ 0.379

-5.30 £ 0.283

G6P6373

GKLIPLBJOGUXHG-
RIEVCORGSA-N

-0.87

373.321

10

0

5

-0.54

-5.41+ 0.438

-5.27+ 0.320

¥The enzyme inhibitor score is one of the drug-likeness & bioactivity score provided by

Molinspiration.
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In silico ligand screening identified two competitive inhibitors (G6P3510 and G6P6373) of
CLso and CLas STPs

Ligand screening was performed by pooling the features of both the ligand (via
Autodock) and the receptor pocket (NAMD/Drugui) using ELIXIR-A[125, 126]. This hybrid
approach allowed screening a pool of pharmacophore features orders of magnitude larger than
those that would have been possible when using either the ligand or pocket alone. Above
approach in turn, would allow deciphering more effective and site-specific inhibitors. The
zincpharmer algorithm was used to sift through >250 million compounds for possible hits that
match the identified pharmacophore with potential inhibitors [128]. Lipinski's rule of five along
with high pharmacophore scores in Zincpharmer was used to narrow down the hits [138]. The
screening efforts isolated two potential candidates with higher affinities (G6P3510, -5.38 + 0.379
kcal/mol and G6P6373, -5.41+ 0.438 kcal/mol) to the active binding site on CLso STP than a
native substrate, Glucose-6-Phopsphate (G6P, -4.74 £+ 0.196 kcal/mol) (Figure 14a. 1-3, S.
Figure 5a. 1-3). G6P is a primary metabolite in the cell fundamental to numerous biochemical
processes and is a substrate for the phosphatases. Importantly, both the inhibitors conformed
with the Lipinski's rule of five that defines properties necessary for good permeation[129] (Table
6). Based on the analysis of octanol-water partition coefficient (logP), G6P was likely to be
hydrophilic, while G6P3510 and G6P6373 were hydrophobic due to the presence of aromatic
groups. Furthermore, the G6P substrate appeared to have a higher bioactivity score (1.23), when
compared to the two screened compounds (-0.19 and -0.54) (Table 6). Interestingly, the two
novel compounds had distinct structures and functional groups, although they were predicted
based on similar pharmacophores compared to the original substrate G6P. This underscores the
value of large-scale screening of in silco chemical databases to identify potentially novel and

unique chemistries or interactions.
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For any ligand to be an effective drug (i.e., an inhibitor), it is essential that, after binding,
the ligand blocks any possibilities for the enzyme substrate to bind to the enzyme. This could
happen only if the ligand binds more strongly to the pocket than the substrate, and if the ligand
occupies a vast majority of possible binding sites that would otherwise be available for the
substrate to bind. Thus, it is critically important that the substrate-binding site(s) and inhibitor-
binding site(s) overlap. Accordingly, the nature of interactions were deciphered via Autodock
Vina docking simulation, this time, in the presence of substrate(s) and potential inhibitor(s) on
respective enzymes. Autodock Vina binding confirmations showed that the substrate and
inhibitors had similar contact residue groups on CLso STP (S. Figure 5. 2b). G6P formed Van
der Waals interactions with residues Asn 43 while forming hydrogen bonding with Tyr 160 and
Thr 41 (with a distance of 1 A). G6P3510 formed Van der Waals interactions with residues Tyr
40, Asn 43, GIn 57 while forming hydrogen bonding with Thr 41 (with a distance of 1 A).
G6P6373 formed Van der Waals interactions with residue Thr 59 while forming hydrogen
bonding with Tyr 40 and Thr 41 (with a distance of 1 A). In a manner similar to the CLso STP
interactions, the two inhibitors, G6P3510 and G6P6373 also displayed high binding affinities of -
5.30 £ 0.283 kcal/mol and -5.27+ 0.320 kcal/mol respectively vs. -4.38 + 0.379 kcal/mol for G6P
to the active binding site on CLas STP (Figure 14b. 1-3). On CLas STP (Figure 14c), the
substrate and inhibitors showed similar contact residue groups as well. G6P formed Van der
Waals interactions with residues Tyr 169 and Phe 40 while forming hydrogen bonding with Thr
41, Asn 43 and Asn 59 (with a distance of 1 A). G6P3510 formed Van der Waals interactions
with residues Lys136, Asn 43, Glu 84 and Ser 85 while forming hydrogen bonding with Asn 59
(with a distance of 1 A). G6P6373 formed Van der Waals interactions with residue Phe 40, GIn

57, Asn 59 Pro 83, Ser 85, Lys 136 while forming hydrogen bonding with Asn 43 and Thr 41
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(with a distance of 1 A). In summary, the in silico simulations identified multiple potential
interactions between inhibitors and the STP proteins.
Structure stability and intermolecular interaction analysis

MD simulations were performed to validate the performance and stability of molecules in
the binding pocket. The G6P/CLas STP, G6P3510/CLas STP and G6P6373/CLas STP
complexes were simulated for 100 ns to find the conformational changes within the active site.
RMSD and RMSF values were used to determine whether the system had reached equilibrium
during the simulation.

The RMSD changes of G6P/CLas STP, G6P3510/CLas STP and G6P6373/CLas STP
complexes were analyzed to evaluate the stability of each complex during 100 ns MD
simulations (S. Figure 6a). All three complexes plateaued after 20 ns of simulation and remained
in the range of 2.5 A to 4 A. The final RMSDs were 3.082 A, 3.683 A, and 2.972 A for
G6P/CLas STP, G6P3510/CLas STP and G6P6373/CLas STP, respectively, which reached
equilibrium.

The RMSF variances of the a-carbon residue of each residue in three complexes were
calculated to find the flexibility of the protein structures. A higher RMSF value represents a
much more flexible protein structure. Overall, the RMSF values of the three complexes ranged
from 0.46 A to 7.7 A (S. Figure 6b). The outliers were from the tails. Although the tails were
covered by the N-terminal peptide, they were still more flexible than the rest of the structure. No
protein-ligand interactions were found at the last two amino acid positions, so the last two amino
acids were excluded in subsequent RMSF analyses. After excluding these outliers, the RMSF
ranged from 0.46 A to 4.1 A. Then, the average RMSF values were 1.33 A, 1.32 A and 1.22 A

for G6P/CLas STP, G6P3510/CLas STP and G6P6373/CLas STP, respectively. The two
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molecules screened, G6P3510 and G6P6373, caused lower RMSF values than G6P, indicating
interactions between compounds and the protein (e.g., hydrogen bonding, hydrophobic
interactions, ionic and water bridge) had some impact on stabilizing the protein structure.

Intermolecular interaction analysis helps to reveal the binding properties of the ligands at
the active site. In the G6P/CLas STP complex, the protein-ligand interaction diagram indicated
the formation of three strong hydrogen bonds during a 100ns simulation (S. Figure 7a). The
residues Lys 73, Lys 129, and Lys 67 formed hydrogen bonds with G6P, which lasted 110.5%,
62.1%, and 61.9% of the simulation time, respectively. A ratio greater than 100% indicates that a
single residue forms multiple hydrogen bonds with the ligand at the same time. Meanwhile,
water bridge interactions were also detected on these three residues. In the last 1ns frame of the
simulation, G6P also formed three salt bridges with the residue Lys 67 and Lys 73 at the active
site, which increased the affinity for binding (S. Figure 8a).

In the complex of G6P3510/CLas STP, multiple strong hydrogen bonds on residue
Phe40, Thr4l, GIn57, Asn 59, Lys 136 and Ser 137 were detected during the simulation,
accounting for 71.9%, 124.8%, 15.1%, 2%, 72.2% and 20.6% of binding contribution during the
MD simulation, respectively. (S. Figure 7b). Due to the presence of an aromatic ring, strong
hydrophobic interactions were detected at residues Phe 40, Ala 56, Tyr 169, Phe 172 and Pro
173, accounting for 8.1%, 7.6%, 14.9%, 46% and 14.0%, respectively. Even though the small
molecule remained in a fixed active site, more strong bonds were formed during the MD
simulation. Also, the constant presence of hydrogen bonds indicated that the molecule bound
stably at the active target site.

In G6P6373/CLas STP complex, five main hydrogen bonds were detected at residue GIn

57 (32.6%), Gly 60 (28%), Lys 136 (70.4%), Thr 188 (21.2%) and GIn 189 (25.2%).
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Additionally, all these hydrogen bonds could switch to water-mediated hydrogen bonds during
the simulation. Similar to the G6P3510 complex, this complex also detected more non-covalent
bond formation during the simulation.

Throughout the simulations, all three molecules formed at least one or more stable non-
covalent contacts with the protein. The two screened compounds had better binding properties
compared to G6P due to the observation of more protein-ligand contacts. The simulation results
confirmed the stability of the protein-ligand complexes.

In vitro binding kinetic analysis on CLso and CLas STPs

To validate the binding and determine kinetics of the potential inhibitors of STPs , we
performed ligand-binding assays using Bio-layer Interferometry (BLI1)[139]. Briefly,
recombinant CLso and CLas STPs were produced in Escherichia coli with C-terminus 6xHis
tags, and purified by one-step purification using Ni column. Based on BLI binding kinetics data,
the two test molecules, G6P3510 and G6P6373 along with the positive control G6P interacted on
both STPs of CLso and CLas generating association and dissociation signals (Figure 15a-b,). For
CLso STP, the affinity constants, Kp, for G6P3510 and G6P6373 were 1.381x10° M and
1.42x10°2 M respectively. The Kp for the native substrate G6P was 6.688x10° M. The Kp values
indicated that G6P3510 had an affinity closer to that of G6P. Neither of the ligands showed
significant Kp value comparing to the G6P native substrate (o < 0.05). A molecule having an
affinity closer to but higher than that of the native substrate suggests competitive inhibition. In
comparison to G6P, G6P6373 dissociated faster on CLso STP, leading to comparatively higher
Kb values leading to lower affinity. In comparison to G6P, G6P3510 associated and dissociated

faster; however, the affinity of the compound was slightly lower than that of G6P.
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Figure 15 Biolayer interferometry data for CLso and CLas STPs interacting with G6P, G6P3510
and G6P6373. (a) The BLI sensorgram shows the binding data of CLso with 1 uM G6P, 50 uM
G6P6373 and 50 uM G6P3510, respectively. (b) The BLI sensorgram shows the binding data of
CLas with 1 uM G6P, G6P6373 and G6P3510, respectively. A known substrate GOP was used as

the positive control in this assay. All experiments were conducted in three replicates; each of the
curves were globally fitted using three replicates.
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For CLas STP, the Kp for G6P3510 and G6P6373 was 8.144 x 10° M and 2.401 x 107

M, respectively, while it was 2.361 x 10 M for the native substrate G6P indicating both

compounds had a comparable affinity to that of G6P (Table 7). It was evident that both the

compounds had a comparable association rate to that of G6P; however, G6P3510 dissociated

faster as compared to the other two. Neither of the ligands showed significant Kp value

comparing to the G6P native substrate (o < 0.05). Overall, the BLI kinetics data indicate that

G6P6373 and G6P3510 had similar affinity comparing to G6P native substrate, suggesting

competitive inhibition.

Table 7 The Kkinetic energy analysis of the protein-ligand interactions. A known substrate G6P
was used as the positive control in this assay.

Ligand

G6P

G6P3510

G6P6373

G6P

G6P3510

G6P6373

Targeted
protein
CLso STP
CLso STP
CLso STP
CLas STP

CLas STP

CLas STP

K, (M) K (I/Ms) K, (/s)

6

6.688x10°  1.758x10"  1.176x10"

1.381x10°  1.064x10°  1.469x10"
1425107 2.691x10"  3.82x10"

-5 3 -2
2361107 2.166x10°  5.114x10

8.144x10°  1.285x10°  1.047x10"

2.401x10°  1.924x10°  4.618x10"

2

R

0.4832

0.8156

0.8876

0.7641

0.5428

0.6449

Kyp

p-value?®

0.3739

0.05259

0.3778

0.5864

a. The null hypothesis of two sample unpaired student t-test was picontrol = Lliigands and the
alternative hypothesis was picontrol_cep # Hiigands-
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Conclusion

In conclusion, this study used an in silico targeted pharmacophore screening strategy to
screen and identify two small molecules (G6P3510 and G6P6373) with high binding affinity to a
putative virulence protein of ‘Candidatus Liberibacter spp.’. The docking and molecular
dynamics simulations confirmed the stability of the protein-ligand complexes. BLI assays
suggested that the mechanism of inhibition may be competitive inhibition between the screened
active compounds and the native substrates. Further in vitro and in planta experiments are
needed to reveal the efficacy of the screened molecules. We suggest the two inhibitors, either
singly or in combination, could be further deployed for citrus greening and zebra chip disease
management.

Data availability

The datasets generated and analyzed during the current study are available from the

corresponding author upon request.

Data analysis and statistics
All in-vitro experiments were conducted as a CRD with three replicates. Data analysis
was done using Microsoft Excel software and R-studio. The standard deviation was calculated by
the STDEV() function in Microsoft Excel. Data between different ligands were tested by two-
sample unpaired Student's t-test. T test was given by the t.test() function in R-studio. The

significance level was o = 0.05.
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CHAPTER V
IN SILICO SIMULATION OF CANDIDATUS LIBERIBACTER ASIATICUS EFFLUX PUMP
AND INHIBITION BY ANTIMICROBIAL PEPTIDES.
Introduction

Citrus greening or HLB disease is the deadliest disease threatening citrus production
worldwide. The disease is associated with the unculturable bacterium Candidatus Liberibacter
asiaticus (CLas), which is transmitted between trees by the Asian citrus psyllid Diaphorina citri
[140]. There is no treatment for the disease, and citrus trees become unproductive and die within
a few years. After its emergence in the 1920s in China, HLB widely spread to other countries in
Africa and Asia. In 2005, the disease was first reported in the U.S. in South Florida, and within a
year, it led to an approximate 50 percent reduction in Florida's citrus production, resulting in
economic losses of more than $8 billion [141]. HLB has now spread to many citrus-producing
areas in the US, including California, Florida, Georgia, Louisiana, Puerto Rico, South Carolina,
Texas, and the U.S. Virgin Islands [142]. Current management regimes are focused on early
detection and removal of infected trees and insect control. Few treatment strategies include a
combination of broad-spectrum antibiotics, insecticides, nutritional supplements, and
thermotherapy [143, 144]. The U.S. Environmental Protection Agency recently approved the use
of oxytetracycline [145] and the emergency use of streptomycin [146] on citrus. However, health
experts have expressed concerns about the use of medically important antibiotics in agriculture
due to the increased risk of antibiotic resistance in humans[147-150].

As with most Gram-negative bacteria, CLas utilizes secretion systems to transport
proteins and nutrients across the membrane to manipulate host cells [151]. Some studies have

shown that CLas secreted proteins can regulate CLas multiplication and colonization of the citrus
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phloem cells by altering host cellular functions [152]. Blocking bacterial secretory pathways can
be a promising approach for novel antimicrobial discovery [153]. Whole-genome sequencing
analyses revealed that CLas lacks the type 111 and type IV secretory systems as well as the type Il
plant cell-wall degrading enzymes, which are known to play a key role in the pathogenicity of
gram-negative bacteria [140]. CLas expresses all genes of type | secretory system (T1SS). The
primary functions of T1SS are multidrug efflux and effector protein secretion. The T1SS is a
tripartite machinery composed of an inner-membrane protein (IMP) ABC transporter, a
periplasmic membrane fusion protein (MFP), and TolC, an outer membrane protein (OMP)
[154]. The substrates (proteins or drugs) bind to the IMP and are transported across the inner
membrane from the bacterial cytoplasm into the periplasm of the MFP, using the energy
produced from ATP hydrolysis. Upon substrate binding, the IMP-MFP complex associates with
TolC, which induces the opening of TolC and the subsequent release of the substrate outside the
bacterial cell [153]. Inhibiting the activity of the tripartite multidrug efflux pump [155] can
terminate the secretion of virulent effector proteins and can prevent drug efflux, providing some
protection against the pathogen (Figure 16).

The mechanism of how HLB CLas secreted effector proteins damage the host phloem
cells remains elusive [156]. However, one CLas effector CSACD2 has been reported to interact
with citrus papain-like cysteine proteases that break down the citrus defense system, and hence
enhances the virulence of the pathogen [157, 158], and the sec-dependent system can be targeted
for the control of CLas virulence and pathogenicity. AMPs are short sequences of amino acids.
Some AMPs are known to activate the innate immune response in the host [159]. Several studies
have shown that AMPs have good activity against pathogenic bacteria in plant systems [160,

161]. While studies exist on the use of AMPs and antimicrobial small molecules against CLas,
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currently, there are no studies regarding the use of AMPs for the treatment of CLas through
inhibition of the bacterial secretion system [162-164]. In this study, we screened AMPs that
interact with the efflux pump TolC of the T1SS system to suppress the pathogenicity of CLas. A
combination of in silico techniques was used to virtually screen AMPs targeting channel-tunnel
protein. In addition, molecular dynamics simulations and binding free energy calculations of the
interactions of the complexes were performed to evaluate the effectiveness of the screened
AMPs. Using this approach, we aimed to identify novel AMPs that have the potential to be used

for HLB management.
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Figure 16. Left: Schematic representation of an efflux pump in Candidatus Liberibacter asiaticus.
Right: Inhibition of the CLas TolC outer membrane protein (OMP) by AMPs. MFP: membrane
fusion protein; IMP: inner membrane protein.
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Materials and methods

Sequence analysis and homology modeling

Computational predictions of the three-dimensional structure of proteins were
constructed using comparative homology modeling techniques. The CLas efflux pump protein is
identified by the NCBI unique identifier CLIBASIA_04145 in CLas [165]. Using the SWISS-
MODEL server [84], the crystal structure of the efflux pump component OprN from
Pseudomonas aeruginosa (PDB: 5iuy) [166] was used as a template to construct a structural
model of the CLas TolC efflux protein. The Ramachandran plots were visualized by the
PROCHECK [167] server as energetically allowed regions of skeletal dihedral angles y to amino
acid residues ¢ in the protein structure.
The virtual screening of AMPs

The initial set of AMPs were screened from the Antimicrobial Peptide Database (APD3)
[168]. Several criteria were considered for screening AMPs targeting the membrane protein
tripartite efflux pump in CLas. First, AMPs should be active against Gram-negative bacteria.
Second, the availability of crystal structures in the PDB. Third, the sequence length of the AMPs
was around 15 amino acids to allow stability and bioavailability. Additionally, the AMPs with
known membrane protein activities were also included.
Molecular docking

The binding mode prediction of AMPs with the CLas efflux pump receptor complex was
performed on the Schrodinger Glide platform [47]. Both the protein and AMPs were prepared by
Schrédinger's Protein Preparation Wizard [131]. The AMPs were docked on the rigid protein
receptor to find potential binding poses with the highest docking scores. The docking mode was

peptide standard precision with top 50 possible docking poses. The ligand-receptor interactions

65



were visualized using Schrodinger Maestro [132], and those AMPs with multiple and stable non-
covalent interactions were selected for MD simulations.
Molecular Dynamics simulations

Some promising AMPs were selected to study the possible mode of action (MOA) on the
receptor after the docking simulation [130]. The MD simulation was performed on Schrédinger
Desmond platform [130]. The system charge was neutralized with Na or Cl ions and a 0.1M
concentration of NaCl. The system was built with the Simple Point-Charge (SPC) solvent model.
The boundary conditions were set as orthorhombic box with a buffer distance of 10 A. The
model membrane of the system was the bilayer 1-palmitoyl-2-oleoyl-sn-glycero-3-
phosphocholine (POPC) membrane. The protein-ligand complex was prepared by Schrddinger's
Protein Preparation Wizard [131]. The docked AMPs were exported from Glide. The C and N
termini of the protein were capped for stabilizing the protein structure. All the missing hydrogens
were added and hydrogen bonds were optimized. The strained minimization was performed with
the OPLS3e force field [133].

Each simulation was performed with Desmond's default relax protocol. The force field
for the simulation was also OPLS3e. The system heavy atoms were first minimized with
restrains under 10K, then increasing the temperature to 300K with restrains and the final
relaxation step under 300K Normal Pressure and Temperature (NPT) ensemble to get the
equilibrium status for the system. After relaxation, the simulations were performed under a 300K
NPT ensemble at 1.01325 bar pressure for 100 ns. The recording interval was 200ps and 500
frames were saved. Post simulation trajectory analyses including complex RMSD, and
ligand/protein RMSF, complex interactions were performed by Schrdodinger Simulation

Interactions Diagram.
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Calculation of the binding free energy

Binding interactions of peptide-protein complexes can be calculated using the MM-
GBSA binding energy method [169]. The primary MM-GBSA uses the VSGB 2.0 dissolution
model with the OPLS3e force field.

Docking poses of the AMPs on receptor were evaluated by the calculation of the total
binding free energy using Schroédinger Prime. Prime MM-GBSA calculations gave the complex
binding energies which validated the performance of the current binding conformation. The
Schrodinger Prime calculates the energy of the AMP-protein system via MM-GBSA using
Desmond simulation trajectory. From the entire 100 ns simulation, the last 50 ns trajectory was
chosen for energy calculation. The free binding energy AG is calculated as the energy of the
receptor-ligand complex minus the energy of the receptor alone and the ligand alone, as follows:
AG(bind) = E_complex(minimized) — (E_ligand(minimized) + E_receptor(minimized) )
Principal component analysis (PCA)

To study the overall motion of the protein system throughout the entire simulation
trajectory, principal component analysis (PCA) for pairwise distance of alpha carbon atoms (Ca)
was performed. VMD [170] software was used to prepare the topology and trajectory files. The
python package MDTraj [171] was utilized for analysis and visualization. Ca were extracted
from 500 snapshots of 50 ns MD trajectories to construct the structure matrix. Every snapshot
was aligned to the starting frame before constructing the eigenvectors. The first two principal
components (PC1 and PC2) were projected to represent the protein dynamics in the MD

trajectories of the AMP-protein and the apo-protein systems.

67



Results and disscussion

Protein structure modeling and validation

Structure-based design of inhibitors relies on the knowledge of three-dimensional
molecular structure of the target proteins. Since, no experimental structures were available for
the CLas TolC protein, this was done using the homology modeling approach based on the
amino acid sequence of CLas TolC protein and 3D structure of a related protein. Multiple efflux
pump templates were found by BLAST and the selected template had 30.16% sequence identity
and 0.35 sequence similarity in Table 8. The trimer homology model was built by the multidrug
efflux outer membrane protein (OMP) OprN (PDB: 5iuy) [40, 166]. The predicted homology
models were first preprocessed and prepared using Schrodinger's Protein Preparation Wizard.
Then the Ramachandran plot model was generated by PROCHECK [167]. According to the
PROCHECK report, 89.3% of the residues were located in the most favored regions, 10.6% in
the additional allowed regions, 0.1% in the generously allowed regions, and 0% in the
disallowed regions in Figure 17. The residue level in the Ramachandran favored score was
99.9% (1091/1092), which met ideal conditions (>98%) [172]. This indicated that the protein
backbones were possible, and this conformation was stable. The Z score was predicted by
comparison with the non-redundant PDB structure set of the proposed model (S. Figure 9). The
Z score showed that the model was less than 1 standard deviation from the mean models. Based
on overall structural assessment, the predicted model was considered reliable for further in silico
studies.

Table 8 Homology models generated using SWISS-MODEL

Template | Chain | GMQE | QSQE | Seq Seq Membrane Ref
Identity Similarity protein

5iuy A 0.71 0.51 |30.16 0.35 OprN [166]

4mt0 A 0.71 0.47 |26.05 0.33 MtrE [173]

3pik A 0.71 0.43 | 23.65 0.32 CusC [174]

68



Psi (degrees)

80 1350 90 45 0 0 45 o0 135 180
Phi (degrees)

Figure 17 Ramachandran plot of the homology model. The residues are shown as blue dots. The
¢ values were on the x-axis and the y values were on the y-axis. ¢ was the N(i-1),C(i),Ca(i),N(i)
torsion angle and y was the C(1),Ca(1),N(i),C(i+1) torsion angle. The red, brown and yellow
areas represent the favored, permitted and permissive areas as determined by ProCheck.

Virtual screening of AMPs
Potential AMPs were screened from the APD3 database, including 2619 AMPs which

were mostly natural antimicrobial peptides. The AMPs were selected based on previous evidence
of inhibitory activity against bacterial efflux pumps. Preliminary screening of 15 antimicrobial
peptides associated with bacterial membranes was carried out from the filter search. Eight AMPs
with membrane activity against Gram-negative bacteria were further selected based on
experimental data listed in Table 9.

The AMPs were screened based on their affinities to the B-barrel structure of the TolC
protein. The B-barrel structure consists of residues Ala 94 to Leu 128 and Tyr 300 to Gly338. Al
the homology models of the peptide candidates had a-helical conformations and positive net
charges. These screened peptides came from a diverse range of sources, such as animals, insects,
plants, and cultured bacteria. These included temporins, urechistachykinins, colistins, plantaricin,
and darobactin. Temporins are a family of antimicrobial peptides from the European red frog
Rana temporaria [175]. These peptides were originally extracted from frog skin secretion.
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Tachykinin-related peptides Urechistachykinin I and 11 were found from the echiuroid worm,
Urechis unicinctus [176]. They have known effects on neurons and G protein-coupled receptors
in animals. Colistin (polymyxin E) has been used for more than 50 years as an antibiotic to treat
infections caused by Gram-positive bacteria such as Bacillus subtilis [177, 178]. The bacteriocin
plantaricin JLA-9 was found from Suan-Tsali, a traditional Chinese fermented cabbage [179].
JLA-9 has a broad-spectrum antibacterial activity against Gram-positive and Gram-negative
bacteria under acidic conditions. Trp-rich peptide TetraF2W-RK is a synthetic peptide [180]. The
peptide exhibited good activity in targeting bacterial membranes and was able to inhibit the
antibiotic-resistant bacteria Staphylococcus aureus [181]. Darobactin is a newly found antibiotic
that was isolated from Photorhabdus spp. in 2019 [182]. Darobactin is effective against
antibiotic-resistant Gram-negative pathogens, has low toxicity, and good pharmacokinetics in
Vivo.

Table 9 The information of the screened AMPs. All peptides have been shown to be effective
against Gram-negative bacteria.

No Peptide Definition? APD3ID Length Hydrophobic Net
residue%o Charge
1 LSPNLLKSLL  Temporin H AP00859 10 50 2
2  LRQSQFVGSR  Urechistachykinin AP01480 10 30 3
I
3  AAGMGFFGA  Urechistachykinin AP01481 10 60 2
R ]
4  KTKKKLLKKT ' Colistin A AP02204 10 20 6
5  FLPLIGRVLSG Temporin A AP00094 13 61 2
IL
6 FWQKMSFA Plantaricin JLA-9 AP02677 8 62 1
7 WWWLRKIW  TetraF2W-RK AP02856 8 75 3
8  WNWSKSF Darobactin AP03168 7 42 1

a. The peptides modeled in this study were generated using linear amino acid sequences. The
structures of the peptides tested may not be identical to the known AMPs.
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Molecular docking analysis (GLIDE)

The conformations with the seven AMP-protein complex docking scores were analyzed
for the intermolecular interactions with SP peptide docking. Table 10 shows that the binding
affinity of AMPs ranged from -2.787 to -9.605 kcal/mol and -7.678 kcal/mol for the efflux pump
inhibitor MRL-494 as the positive control [183]. All the molecules showed multiple hydrogen
bonds with the protein complex. Darobactin with the highest binding affinity -9.605 kcal/mol
simultaneously formed five hydrogen bonds with residues ASP314, ASN315 on chain G,
ASN315, SER316 residues on chain H, and ASN312 residue on chain I. Also, eleven polar
residues and four hydrophobic residues were proximal to darobactin at a cut-off distance of 3 A.
Only two negative charged residues ASP314 on chain G and ASP314 on chain H and no positive
residues were involved in the interaction. Urechistachykinin Il had a binding score of -9.332
kcal/mol and formed six hydrogen bonds. One n-n stack interaction, 13 polar residues, seven
hydrophobic bonds, two negatively charged residues, and two positively charged residues were
involved in the interaction of urechistachykinin Il with the protein. Plantaricin JLA-9 had a
binding affinity of -9.002 kcal/mol and formed six hydrogen bonds. One 7-7 stack interaction,
one m-cation interaction, nine polar residues, four hydrophobic bonds, two negatively charged
residues were involved in the interaction of plantaricin JLA-9 with the protein. All of the
screened AMPs and MRL-494 interacted well with all three sub-chains of TolC, simultaneously.
Similar to MRL-494, darabatin, urechistachykin, and planataricin JLA-9 all formed H bonds
with one or more of the residues among ASP314 on chain G and ASP314 and ASP315 on chain

H, suggesting that these three peptides bind to the same domain as MRL-494.
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MRL-494 Plantaricin JLA-9 Darobactin Urechistachykinin Il

Top view

Side view

F_igure 18 The structural snapshots of the selected AMPs interacting with TolC at the B-barrel
SHes Since the three AMPs darobactin, urechistachykinin Il and plantaricin JLA-9 have a good
binding affinity and tight interaction with TolC, these three AMPs were selected for further
kinetic simulation analysis. In Figure 18 and S. Figure 10, S. Figure 11, and S. Figure 12, the
interaction diagram of the three AMPs mentioned above showed that the docking position was at
the outlet of the efflux pump. This interaction reduced the surface area at the outlet of the efflux
pump to inhibit the efflux function of the protein.
Molecular Dynamics Simulation

To understand the structural and conformational changes during peptide binding,
molecular dynamics simulations of 100 ns were performed for five complex systems (apo-
protein, known inhibitor, and three selected AMPs). The RMSD of atomic positions and RMSF
were monitored to evaluate the stability of the protein and peptide complexes using the
simulation trajectory. In Figure 19, the protein Ca RMSDs were compared, and the peptide

bound complexes showed lower deviation. All simulations stabilized in the RMSD range of 4 to

6 A after 50 ns. The mean RMSD of the apoprotein was 4.99 + 0.487 A. The average RMSD of
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MRL-494 was 4.38 + 0.338 A. The mean RMSD of darobactin, plantaricin JLA-9, and
urechistachykinin 11 were 4.83 + 0.510 A, 4.72 £ 0.407 A, and 4.11 + 0.258 A, respectively. The
simulations of urechistachykinin Il showed the lowest fluctuation and deviation compared to the

other groups.
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Figure 19 Co RMSD for the 100ns MD of TolC efflux pump complex. The main data for each
graph are marked in blue, and the other four sets of data used as comparisons are marked in gray.
The RMSD of all simulated complexes of Ca was stable within the interval of 4 to 6 A.

In Figure 20, Ca RMSF measured the flexibility and stability of protein residues. To
clearly view the contribution of the ligand to the residues, RMSF maps were prepared for each of
the three sub-chains of the trimeric efflux pump protein. The residues with high RMSF values
were always considered as highly flexible regions. The average RMSF at the active binding
region of the apo-protein was 10.4 + 1.53 A. And the RMSF of MRL-494 was 3.56 + 0.513 A,
the mean RMSF of darobactin, plantaricin JLA-9 and urechistachykinin Il were 5.64 + 0.810A,
5.51 + 0.860A, and 4.62 + 0.775A, respectively. All AMP-protein complexes had lower RMSF
values compared to the apo-protein, suggesting that binding could reduce the flexibility of the

efflux protein.
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Prime MM-GBSA Analysis

MM-GBSA was performed to quantitatively calculate the binding energies between the
AMPs and the TolC protein. In Table 11, the overall average binding free energy (AG) and the
specific binding free energy components are presented. All listed energies were obtained and
calculated from the last 50ns of coordinate sampling of the simulated trajectory. The AG of
MRL-494 was -63.55 + 8.51 kcal/mol. The AG of darobactin, plantaricin JLA-9, and
urechistachykinin 11 were -42.09 + 11.20 kcal/mol, -51.84 + 10.90 kcal/mol, and -46.15 + 12.09
kcal/mol, respectively. The energies were expressed as their mean and standard deviation. The
ligand strain energy represents the energy cost of getting the compound into the active pocket.
This is the energy difference between the optimized drug-protein complex and the drug outside
the binding pocket. The ligand strain energies for the screened peptides were in increasing order,
plantaricin JLA-9, darobactin, and urechistachykinin Il. Lower ligand strain energies are

associated with a ligand more easily accommodating and fitting to its associated active site.
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Table 10 AMPs screened by APD3 and the Standard Precision (SP)-peptide mode docking score and interactions with receptor. The
selection of residue groups located within 3A of the AMP ligand.

No

Definition

Docking
Score

glide emodel

H-bond

n-nt stack

n-cation

Temporin H

-8.971

-120.362

G: ASP314,
H: ASN315, SER316;
I: ASN315, SER316

Urechistachykinin |

-8.610

-88.383

G: ASP314, ASN315;
H: ASP314, ASN315,
SER316;

I: SER316

Urechistachykinin Il

-9.332

-146.077

G: LYS113, HIE313;
H: ASN315, SER316,
PHE317;

I: SER316;

I: PHE317

Colistin A

-7.325

-45.045

G: ASP314, SER316,
PHE317, TYR320;
H: ARG107, ASP314;
I: SER316

G: TYR320
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Temporin A

-2.787

2.406

G: ASP314, ASN315

Plantaricin JLA-9

-9.002

-109.183

G: HIE313, ASP314;
H: ASP314, ASN315,
SER316;

I: SER316

I: TYR320

H: ASP314

TetraF2W-RK

-8.700

-122.832

G: ASP314, ASN315,
ASN321;
I: SER316

G: PHE317

Darobactin

-9.605

-144.059

G: ASP314, ASN315;
H: ASN315, SER316;
I: ASN312

H: ASP314,
PHE317

MRL-494

-7.678

-66.449

G: ASP314;
H: ASP314, ASN315;
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Figure 20 The RMSF for the 100ns MD of TolC efflux pump complex. Backbone RMSFs are plotted separately (green) and compared
with all RMSF, including apo-protein (gray) in the other plots. Interested active B-barrel sites are highlighted in red. There are four j3-
sheets per chain, and each highlighted column represents two -sheets.
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Table 11 AMPs screened by APD3 and the SP-peptide mode docking score and interactions with

receptor.
AG
AG Generalized
AG .
AG Coulomb | Covalent . s AG Van der Born AG ligand
Compound AG overall . Lipophilic. ) .
energy binding Waals energy | electrostatic strain
Name (kcal/mol) energy .
(kcal/mol) energy (kcal/mol) solvation (kcal/mol)
(kcal/mol)
(kcal/mol) energy
(kcal/mol)
Darobactin | -42.09+11.20 | -7.78+40.00 | 1.49+4.29 | -8.10+4.60 | -48.49+7.58 | 23.70+35.44 | 17.69+9.98
P'aﬂt:_';c'" -51.84+10.90 | -8.24+ 14.95 | 1.34+3.48 | -13.09£3.39 | -46.83£10.72 | 18.40+ 12.91 | 10.3046.76
Urechi-
. . -46.15+12.09 | -19.16+24.41 | -1.27+4.50 | -13.88+2.79 | -48.25+#8.78 | 39.78+20.54 | 29.48+5.98
stachykininll
MRL-494 -63.55+8.51 | -39.08+26.15 | 5.64+2.20 | -12.55+1.97 | -43.9614.64 | 34.24+25.02 | 7.35%+2.88

Principal component analysis (PCA)

To understand the motion of the simulation, PCA was performed using the pairwise

distance method. Five hundred frames were sampled to represent the changes across the

simulation (Figure 21A-E). The first two eigenvectors PC1 and PC2 in all five PCA tests

contributed approximately 50% of the variance to the motion. During the MD simulation, the

conformational changes of the docked peptide ligands and protein receptors are represented by a
color gradient from purple to yellow. In Figure 21F, it showed that the first few eigenvectors
explained most of the variance, and when the number of eigenvectors reached 100 it explained
practically 90% of the total variance. The PC1 vs PC2 scatter plots could explain the structural
changes by the AMP interactions. The graphs showed consecutive point changes and no outliers
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were found, indicating a smooth simulation. The PC1 of apoprotein exhibits a higher range
(~300) than that of the interacting complexes (~200). This phenomenon also occurred on the
apoprotein's PC2. Based on PCA, clustering of data points suggests structural stabilization while
scattering suggests structural changes. The interacting complexes had low structural variation
according to the first and second principal components. According to the last 50 ns of the
simulation, all AMP groups underwent a point of cluster distribution, which was thought to be a
reduction in protein flexibility due to binding, thus limiting the variability of protein

conformation.
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Figure 21 PCA on Ca atoms from MD simulation constructed by first two eigenvectors PC1 and
PC2. A) Apoprotein (Negative control) B) MRL-494 C) darobactin D) plantaricin JLA-9 E)
urechistachykinin 1l F) explained variance curves of the first 100 principal components for these
five simulations.

79



Discussion

Multidrug efflux proteins are resistant to many small molecules, including antibiotics.
T1SS is the only secretion system currently found in the CLas bacteria. Finding an effective
AMP to bind and inhibit the outer membrane component may be an effective way to reduce the
efflux function of the entire transmembrane protein. Several biological informatic technologies
were applied to analyze the potential inhibitors for the CLas efflux pump protein.

The number of AMPs in the library of APD3 were narrowed down by adding conditions
that were compatible with the membrane-active peptide. Short peptide macromolecules of less
than fifteen amino acids in length were selected as one of the screening criteria due to their good
bioavailability and stability [184, 185]. As a result, eight AMPs were initially screened for
further molecular docking and MD experiments. Molecular docking showed that the binding
affinities of six AMPs were higher than that of the positive control. All these peptides bound to
the outer membrane position of the efflux pump. Therefore, the three lowest energy
macromolecules darobactin, plantaricin JLA-9, and urechistachykinin Il were selected for further
analyses. To verify the inhibitory binding of the three AMPs, molecular dynamics simulations of
the protein-membrane complex in a water box were performed. AMP-interacting systems
showed lower fluctuations than that of the apoprotein from the RMSD and RMSF plots. This
suggested that the interaction of AMP and receptors limited the flexibility of the outer membrane
assembly and thus may provide a partial inhibition of protein activity. The PCA plot also
confirmed that simulations with the involvement of AMP had lower fluctuation. These AMP-
protein structures also hindered the cylindrical outlet, which can reduce or even block the

enforced excretion of intracellular drugs. From the calculations of the various categories of
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Gibbs binding free energy, plantaricin JLA-9 exhibited good binding scores and low strain
energy suggesting its potential as an efflux pump blocker.
Conclusion

In this study, we screened AMPs as potential inhibitors for CLas via blocking TolC, a
key protein in the efflux pump of the T1SS system. Multiple in silico approaches such as
homology modeling, molecular docking, MD simulations, MM-GBSA calculations, and PCA
were used to uncover potential AMPs against the outer membrane protein TolC. Three AMPs
were found to have good binding affinities from the initial docking study. MD simulations of 100
ns showed the ability of AMPs to reduce protein flexibility and hinder tunneling effects of
protein receptors. Based on further PCA and Gibbs free energy calculations, darobactin,
plantaricin JLA-9, urechistachykinin 11, showed promising ability to block the B barrel entrance
of the TolC protein. Further in vitro studies (conducted elsewhere) showed that plantaricin JLA-9
has the potential to inhibit CLas bacteria by the combined action of antimicrobial activity and
blocking effector efflux.
Data statistics and analysis, and software availability

The protein-ligand interaction data and whole Desmond simulation reports were available

in the Github repository. (https://github.com/sfernando-BAEN/AMP_project)

The Schrédinger drug discovery platform version 2018-4 was used in this study. On this
platform, Desmond used an academic license. The Protein Preparation Kit, Glide, and Prime
used a commercial license. MDTraj package version 1.9.4 was performed in the python 3
environment. The studies were conducted as a CRD with three replicates. The RMSD and RMSF
plots were prepared by ploty packakge version 4.9.2.1 in R Studio. The statistics of the

simulation data were analyzed using R Studio. Data between different ligands were tested by
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two-sample unpaired Student's t-test. T test was given by the t.test() function in R-studio. The

significance level was a = 0.05.
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APPENDIX

Supplementary tables

S. Table 1 Definitions of pharmacophores in ELIXIR-A

Pharmacophore types Abbreviation | Presented colors Default radius (A)
Hydrogen Donor HDR Silver 0.5

Hydrogen Acceptor HAC Orange 0.5

Hydrophobic HPB Green 1.0

Aromatic ARO Purple 1.1

Positive lon P1O Blue 0.75

Negative lon NIO Red 0.75

S. Table 2 Record of the ELIXIR-A input and output pdb files. Most parts of this table used the
standard ATOM record type from PDB database. (http://www.wwpdb.org/documentation/file-
format-content/format33/sect9.htmI#ATOM)

COLUMNS DATA TYPE FIELD DEFINITION

1-6 Record name "ATOM "

7-11 Integer Serial Atom serial number

13-16 Atom Name Atom name

17 Character altLoc

18 - 20 Pharmacophore name | resName Pharmacophore name

22 Character chainlD

23 - 26 Integer resSeq

27 Achar iCode
Orthogonal

31-38 Real (8. 3) X coordinates for x in
Angstroms.
Orthogonal

39 - 46 Real (8. 3) y coordinates for y in
Angstroms.
Orthogonal

47 —54 Real (8. 3) z coordinates for z in
Angstroms.

55 60 Real (6. 2) radius Pharmacophore
sphere radius

61 — 66 Real (6. 2) Tempfactor

77178 LString (2) Element

79 -80 LString (2) charge
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S. Table 3 Minimum Inhibitory Concentration of antibiotics and inhibitors

Rownum |1 |2 |3 |4 |5]6]7]8]9 |10 J11 |12
C(mg/L) 128 64 32 16 8 4 2 1 0 NC? Comments
A - + [+ |+ + ]+ ++ + -
B - + [+ [+ +‘+ + | + + - o

Amoxicillin
C - + + 4+ + + + o+ + -
D - + o+ + o+ 4+ + -
Rownum|[1 |2 |3 |4 |5]6]7][8]9 |10 |11 |12
C(mg/L) 128 64 32 16 8 4 2 1 0 NC? Comments
A - - - - - -+t + -
B - - - - - -+ o+ + -

Amoxicillin-Boronic acid (2:1)
C - - - - - -+ o+ + -
D - - - - - -+ o+ + -
Rownum|[1 [2 |3 |4 |5]6]7]8]o [10 |11 |12
C(mg/L) 128 64 32 16 8 4 2 1 0 NC? Comments
A - - - . + -
B - I + - Amoxicillin-Clavulanic  acid
C - - - - -] + - (21)
D = = |l=a s |=s|=|=]= + =

a. NC: negative control with sterile LB media. PC: positive control with bacteria and LB media

only.

S. Table 4 Minimum Inhibitory Concentration of screened ligands

Rownum|[1 |2 |3 |4 |5]6]7]8]o |10 |11 |12
C(mg/L) 128 64 32 16 8 4 2 1 0 NC? Comments
A - - - - - - -+ + -
B = - = = - - -+ + =
BACM
C - - - - - - -+ + -
D = - = = - - - |+ + =
A - - - - - - -+ + -
B - = |= = = = =% + - .
Clavulanic acid
C - - - - - - -+ + -
D S - = S - - |-+ + S
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S. Table 5 Disk diffusion values of selected -lactamase inhibitor - f-lactam combination with
plate images. The disks with mark N were negative control.

Image

The disks with mark 3 were 30
pg dose.

The blank disks were 10 ug
dose.

Four replicates were the blank

disks.

Three replicates were the blank
disks.

B-lactam/ | Disk Zone :
_ . Resisted/
Inhibitor non B- | content | Diameter .
susceptible
lactam (Mg) | (mm)
- Amoxicillin | 20 0.0£0.0 |R
-- Kanamycin? | 30 26.3£t1.2 | S
-- Kanamycin | 10 16.0+1.0 | S
Clavulanic acid | Amoxicillin | 20-10 | 22.3+4.7 | S
ZINC13777605 | Amoxicillin | 20-10 | 0.0£0.0 |R
ZINC75280048 | Amoxicillin | 20-10 | 0.0+0.0 |R
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Three replicats were the disks
with B marks.

ZINC337270 Amoxicillin | 20-10 | 0.0+0.0
ZINC3978503 | Amoxicillin | 20-10 | 0.0+0.0
BAPE Amoxicillin | 20-10 | 0.0+0.0
BACM Amoxicillin | 20-10 | 18.8+0.5
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S. Table 6 High-affinity probe binding spots from MD simulation. The probes at active binding
sites were bolded. Specific information about the probe molecule is described on the plugin

website. (http://prody.csb.pitt.edu/tutorials/drugui_tutorial/probes.html)

Pharm hor . Binding free ener
ho?spo?s?op ore Drug-like probes | x y VA (kce?l /n?ol)ee energy
1 ACETA -1.5 -75 |-14 | -2.62
2 IPAMA 3.5 0 10 -2.34
3 ACETA -6.5 -35 | -13 | -2.29
4 ACAMA -135 |-10 |2 -2.28
5 ACETA -35 -15 |14 | -221
6 IPROA 14 -15 |-55 |-221
7 IBUTA -14 -35 |10 -1.99
8 IPROA -14 -5 -2 -1.98
9 IBUTA -8.5 -115(75 |-1.85
10 IPAMA 9 -15 |-11 | -1.8
11 IPROA -4.5 115 |5 -1.71
12 ACETA -4 -8 -13 | -1.68
13 IPROA 0 -13 | -125]| -1.67
14 IPROA -4 75 | -4 -1.6
15 IBUTA -8.5 -65 |11 -1.58
16 IPROA -4.5 105 |75 |-158
17 IBUTA 6 -8 55 |-157
18 IPROA 55 135 |25 |-156
19 IPROA -55 -11 | -10 | -1.55
20 IPROA 2 -14 | -11 | -1.47
21 IPAMA 10 -35 | -14 | -1.47
22 IPROA 115 |-15 |-65 |[-1.45
23 IPAMA 22 0 -4 -1.44
24 IPAMA -26 35 |2 -1.43
25 IBUTA 15 -12 | -185|-1.41
26 IPROA 11 14 -2 -1.38
27 IPROA 9.5 -16 | -125|-1.37
28 IPROA -13 -55 | 115 |-1.35
29 IPROA -15 -05 |10 -1.34
30 IPROA 0 -14 |25 |-1.32
31 IPROA 11 -6 8 -1.31
32 ACETA -0.5 55 |-15 |-131
33 IPROA -4.5 -11 | 105 | -1.29
34 ACETA -6 -55 |-145|-1.29
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35 IPROA 225 |-10.5|-10.5|-1.27
36 ACETA -85 |-6.5 |-185|-1.27
37 ACETA 165 |05 |8 -1.25
38 IBUTA -10 -85 |10 -1.25
39 IPAMA -10 5 -13.5 | -1.24
40 IPROA 2.5 -13 | -1 -1.24
41 IPROA 165 |-1 -6 -1.23
42 IPROA 16 -9 3.5 |-1.22
43 IPROA 0 -13 | -16.5|-1.19
44 IPROA -16.5 | -5 -7.5 | -1.19
45 IPROA 8 -17.5 | -11 | -1.19
46 IPROA -1.5 135 |4 -1.19
47 IPROA 175 |-15 |-105]-1.18
48 IPROA -4 95 |05 |-1.18
49 IPROA 55 |-14 | -9 -1.17
50 IPAMA 12 -45 | -15.5|-1.17
51 IPROA -12.5 | 17 1 -1.17
52 IPROA 18 115 | -5 -1.17
53 IPROA 9.5 -14 1 -19 | -1.17
54 IPROA 7 -11 | -195|-1.14
55 ACAMA 4 -14 | -7 -1.14
56 ACETA -85 |-10 |-18 |-1.13
57 IPROA 4 -12 |4 -1.1

58 ACAMA -12.5 | -9 4 -1.1

59 IPROA 145 |-05 |-95 |-11

60 IPROA 1.5 14 1.5 |-1.08
61 IPROA 22 9 -1 -1.06
62 ACAMA 7.5 -45 |75 |-1.05
63 IPROA 185 |-135]|-5 -1.05
64 IPROA 105 |-16 |-17.5]|-1.04
65 IPROA -8 -11.5|-12.5 | -1.02
66 IBUTA -105 |-95 |75 |-1.01
67 ACETA 5.5 14 55 |-1.01
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Supplementary figures

O @ 5I13P.json_source_out.pdb

ATOM 1 CA HDRA 1 20.843 64.257 11.837 0.50 0.00
ATOM 2 CA HRA 2 20.434 57.245 2.717 0.50 0.00
ATOM 3 CA HACA 3 18.799 64.712 12.745 0.50 0,00
ATOM 5 CA HACA 5 18.116 58.963 9.883 0.50 0.00
ATOM 6 CA HACA 6 20.434 57.245 2,717 0.50 0.00
ATOM 7 CA HPBA 7 18.684 61.044 6.924 1.00 0.00
ATOM 8 CA HPBA 8 17.841 57.824 10.699 1.00 0.00
ATOM 9 CA HPBA 9 19.041 58.772 3.728 1.00 0.00

S. Figure 1 Example ELIXIR-A output file.

File Molecule Graphics Display Mouse Extensions Help File Molecule Graphi Display Mouse Extensions Help
ID T A D F Molecule Atoms Frames Vol ID T A D F Molecule Atoms Frames Vol
34 A DF 3GFW_S22json_source 4 1 0 38 A D F 3PKJ_A2Njson_source_ 21 1 0
35 T A D F 6N60_ke7 json_target_o 3 1 0 39 T A D F 6QCN_AR2 json_target_ 22 1 0

e ik 1] »
EL/ zoom”  [loop =] S'BPJ__'I speed[ jﬁk‘ zoom  [Loop =] stepj_lzl speed| I !E

l ® VMD 1.9.4a51 OpenGL Display E [ ] VMD 1.9.4a51 OpenGL Display

Global registration with RANSAG iteration Global registration with RANSAC iteration
Voxel size: 05 Voxel size: 05
(Colored point cloud registration Colored point cloud registration

[Maximum iterations: 100 Maximum iterations: 100
Relative_fitness: 1 Relative_fitness: 1
Relative RMSE (A): 1 Relative_RMSE (A): 1
(Comespondence distance threshold (A): 2 Comespondence distance threshold (A): 2

S. Figure 2 The pharmacophore alignment parameters and results for Dual specificity protein
kinase TTK (left) and NAD-dependent deacetylase sirtuins (right).
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a)

Number 1 2 3 4 6 74 8 9 10 1 12
mg/| 128 64 32 16 4 2 1 blank 0 blank nc
al————————— = m— =

Amoxicillin

Amoxicillin : BACM
(1:0.5)

Amoxicillin:Clavulanic acid
(1:0.5)

S. Figure 3 MIC results of screened ligands and antibiotics. Noted that the concentration in the
figure was related to antibiotic Amoxicillin.
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BACM
(row: A-D)

Clavulanic acid
(row: E-H)

S. Figure 4 MIC results of screened ligands. Noted that the concentration in the figure was related
to antibiotic Amoxicillin.
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S. Figure 5 Identification of competitive inhibitors (G6P3510 and G6P6373) that bind to CLso
STP. (a) The interactions of STP with G6P, G6P6373 and G6P3510, respectively. (b) G6P (red)
occupying the active site and an isolated ligand (blue) occupying the same site as G6P on CLso
STP (gray).
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q —GO6P/CLas STP —G6P3510/CLas STP —G6P6373/CLas STP
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S. Figure 6 a) RMSD of protein a-carbon throughout the 100 ns MD simulations. b) RMSF of
protein a-carbon residues from the average of 100 ns MD simulations of the complexes.
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S. Figure 7 Protein-ligand interaction diagram extracted from the complex throughout the 100 ns
simulation. a) G6P- CLas STP b) G6P3510- CLas STP c) G6P6373- CLas STP
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HIS 171

S. Figure 8 Snapshot of the protein-ligand interaction extracted from the complex at the 100ns of
the 100 ns simulation. a) G6P- CLas STP b) G6P3510- CLas STP ¢) G6P6373- CLas STP. CLas
STP protein is represented in green ribbons and the interacted residues are presented in green
based stick representation. Small molecules are presented in yellow based stick representation.
Important non-covalent bonding interactions such as hydrogen bonding (yellow), pi-pi stacking
(blue), salt bridges (pink) and halogen bonding (purple) are indicated by dashed lines.
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Comparison with Non-redundant Set of PDB Structures
15 . . . . .

1.0-

0.5~

Normalized QMEAN4 Score

|Z-score|>2 »1<|Z-score|<2 e |Z-score|<l Yk model

00 100 200 300 400 500

Protein Size (Residues)

S. Figure 9 Z scores were predicted by comparison with the non-redundant PDB structure set of
the proposed model.
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S. Figure 10 Interactions between MRL-494 (positive control) and receptors under SP-peptide
docking mode.
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Darobactin
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S. Figure 11 Interactions between darobactin and receptors under SP-peptide docking mode.
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Plantaricin JLA-9
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S. Figure 12 Interactions between plantaricin JLA-9 and receptors under SP-peptide docking
mode.
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