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ABSTRACT

Search inhibitors of Quorum Sensing (QS) in Pseudomonas aeruginosa are challenging to find therapies due to
the broad antibiotic resistance. Therefore, this study aimed to probe ten aromatic compounds as inhibitors of
three transcriptional regulators of QS in P. aeruginosa. The methodology consisted in determining the Binding
Gibbs Energy (BGE) with software Chimera (tool vina) and Mcule, comparing the averages by the Tukey method
(p<0.05) to find inhibitors of QS. Subsequently, the LDs, in the mice model was evaluated by three QSAR models,
and the in silico pharmacokinetic values were obtained from the ADME (the absorption distribution metabolism
excretion) and PubChem databases. Found three potential inhibitors of RhIR with the lower BGE values in the
range -6.70+0.21 to -7.43+0.35 kcal/mol. On the other side, all compounds were acceptable for Lipinski's rule
of fives and the in silico oral mice LDs; and ADME values. Concluding, the ferulic acid and eugenol showed
the best total BGE values (-75.07+0.892 and -70.3641.022 kcal/mol), proposing them as a new therapy against
the virulence of P. aeruginosa. Finally, the in silico studies have demonstrated are reproducible and valuable for
putative QS inhibitors predicting and obtaining new studies derivatives from the results obtained in the present
study.

o The key benefits of this methodology are:

Use free, licensed, flexible, and efficient software for in silico molecular docking.

¢ Validation and comparison of BGE employing two molecular docking software in three different proteins.

e Use classical molecular dynamics to define the stability and the total BGE of interaction protein-ligand and
find the best inhibitor of a protein for proposing them as a possible therapy against the virulence of specific
pathogens.
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Method details
Background

Gram-negative bacteria use Quorum Sensing (QS) systems to monitor their local environment and
population density by producing, secreting, and detecting small diffusible signals called autoinducers,
resulting in synchronous regulation of gene expression of the entire population [1].

Autoinducer molecules play crucial roles in signal transduction. When an autoinducer molecule
reaches a certain concentration threshold, it can coordinate the expression of multiple genes, leading
to changes in the behavior of the bacterial population by activating regulatory proteins in response to
this signal. Gram-negative bacteria produce a wide range of signal molecules that have been identified
and characterized [2,3]. The acyl-homoserine lactone (AHLg) has an acyl side-chain that varies from
C4 to Cqg; they are usually straight and, in some cases, may have a branched configuration [3].

On the other hand, the bacterial pathogen P. aeruginosa activates the expression of many virulence
genes in a cell density-dependent manner by using an intricate QS network. P. aeruginosa has two
acyl-homoserine-lactone canonical QS systems (Lasl/LasR and RhlI-RhIR) and a non-canonical system
known as LuxR-solo (QscR). In the case of Lasl/LasR, this QS activates many genes, including those
involved in the production of the molecule N-3-oxo-dodecanoyl-L-homoserine lactone (3-oxo-Cqy-
AHL), as well as those participating in the regulation of various virulence factors such as lasA
(staphylidosin), lasB (elastase), aprA (alkaline protease), toxA (exotoxin A), and hcnABC (hydrogen
cyanide synthase) [4-6]. By contrast, the second canonical QS system RhlI/RhIR participates in the
synthesis of n-butyryl-l-homoserine lactone (C4-AHL), in the regulation of receptor transcription RhIR
and other genes, such as lasB (elastase B), rhlAB (rhamnolipid synthesis genes), rhll (autoinducer
synthase), rpoS (the stationary phase sigma factor), lecA (type 1 lectin), lecB (type II lectin) and hcnABC.
The QS system RhlI/RhIR also modulates genes involved in pyocyanin production [4-6].

The aromatic compounds proposed for the present study are primarily microbial bioconversion
products (catechol and protocatechuate) and subproducts obtained from bacterial bioconversion. In
the specific case of the transformation of ferulic acid to obtain three principal bioproducts (vanillic
acid, vanillin, and vanillic alcohol), and for other instances, the use of essential oils, such as eugenol
and isoeugenol, has been suggested [7-10]. In addition, some aromatic compounds that participate
in the B-ketoadipate pathway, such as hydroxybenzaldehyde and p-hydroxybenzoic acid, are safe
for human consumption by the Food Drugs and Administration (FDA) [7-11]. These compounds
have protective effects, bioactive, anticancer, antioxidant, anti-inflammatory properties, antiviral and
antibacterial activities. In addition, QS inhibitory properties have been reported in some Gram-
negative microorganisms, such as P. aeruginosa [12-16].
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Furthermore, the publication of new three-dimensional structural proteins and the development
of tools for obtaining 3D protein models by modeling homology have allowed validation of the
tridimensional structures of many proteins. These results have been achieved by getting the sequence
of amino acids from the NCBI databases in FASTA format. Therefore, the in silico methods have made
it possible to discover, in various microorganisms, an endless number of QS inhibitory molecules,
such as different aromatic compounds, for instance, tyrosol halogenated furanone, coumarins, flavones,
and their derivatives [17-23]. Molecular docking software is currently used for validation by docking
and re-docking protocols, either as licensed or free software (e.g., Autodock vina, Autodock4, LeDock,
GOLD, Chimera, Mcule, and PyRx) [21,24,25].

With the resulting information, key player amino acids have been identified, involved in the
binding of inhibitory molecules with the autoinducer-1 binding domain, which allows the binding
of various transcriptional regulators in pathogenic bacteria. This information serves to create point
mutations in the QS transcriptional regulators to understand the biological role of amino acids in
the protein-ligand binding. Likewise, gene cloning is related to the synthesis of new molecules and
increases the affinity to the autoinducer-1 binding domain in the transcriptional regulator of QS
obtained, thus attenuating bacterial virulence regulated by QS [19].

Nowadays, researchers have turned their attention to obtaining the pharmacokinetic properties of
thousands of compounds to characterize them based on platforms such as Swiss-ADME (http://www.
swissadme.ch/) [26]. In addition, Lipinski’s Rule of Five has been used for early research on drug
discovery. This rule correlates physicochemical properties, such as aqueous solubility, permeability,
and oral bioavailability of many molecules. Subsequently, the FDA must approve a candidate molecule
by evaluating the results obtained from in vitro and in vivo experiments, the subsequent clinical
protocols, and the use of good manufacturing practices for drugs (GMP) [27]. In addition, GROMACS
and NAMD software help perform complementary molecular dynamics validation assays. Classical
molecular dynamics consists of several steps: (i) producing protein topologies, (ii) defining the
shape of the box to solvate a protein, (iii) adding ions to neutralize charges, thus minimizing the
energy of the system under certain study conditions, and (iv) balancing the system based on the
physicochemical properties (such as temperature, volume, density, and pressure) when the protein
interacts with its ligands [28,29]. This software helps to obtain the molecular dynamics of a protein
and observe its stability (without interacting with its ligand) and the interactions with ligands
evaluated during a 50-100 ns. Also, GROMACS and NAMD find stable interactions over the monitored
time by calculating and analyzing variables such as the Root Mean Square Deviation (RMSD) and Root-
Mean-Square Fluctuation (RMSF). Other necessary calculations in molecular dynamics experiments
are: (i) solvent accessible surface area (SASA), (ii) percentage of amino acid residues involved in
protein binding, and (iii) radius of gyration stability. All these parameters help to compare protein-
ligand interactions from a molecular docking screening showing the ligands that may or may not
favor the activity of a protein [28]. Finally, the free energy of binding of a protein-ligand system can
be known by estimating the average molecular by, “Molecular Mechanics/Generalized Born Surface
Area (MM/GBSA)” method [30].

Therefore, this work aimed to search for QS inhibitors employing a molecular docking study of
ten aromatic compounds by describing how to inhibit the three main transcriptional regulators of
QS (LasR, RhIR, and QscR) in P. aeruginosa. Comparing the binding energy of two inhibitors of QS
(furanone C30 and vanillin) reported by other authors. Also, were described the key player amino
acids from the transcriptional regulator of QS when they bind to functional groups from a specific
inhibitor to compare with the key player amino acids of each transcriptional regulator when they
bind to their natural ligands (C;5-AHL, C4-AHL, and Cyp-AHL). Finally, a classical molecular dynamics
study was proposed for validating the results of molecular docking of transcriptional regulators with
each inhibitor, which helped suggest a therapy against virulent P. aeruginosa regulated by the QS
mechanism.


http://www.swissadme.ch/
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Methodology
Inhibitors and regulator transcriptional proteins

SMILE codes and files with the SDF extension of all aromatic compounds were manually obtained
from the PubChem database. Subsequently, the three-dimensional structures of LasR (PDB ID 3IX3)
and QscR (PDB ID 6CBQ) were obtained from the PDB platform. These PDB files were used as a
template for the molecular docking test, getting the Binding Gibbs Energy (BGE) or AG expressed in -
kcal/mol for each protein-ligand interaction of the transcriptional regulator LasR with the ten aromatic
compounds. For the above, two molecular docking software was employed, Mcule and UCSF Chimera,
as explained in the corresponding section [24,25]. Finally, PyMol (version 4.60) and Discovery Studio
(version 2020) were used to know the coordinates of the binding domain of each transcriptional
regulator [31,32].

The homology modeling of the RhIR protein

Because the three-dimensional structure of transcriptional regulator RhIR was not in the Protein
Data Bank (PDB), the RhIR protein sequence was obtained from NCBI in FASTA format (ID:
WP_003119559.1). The homology method modeled these 241 amino acids sequence in SWISS-MODEL
to find a protein homologous to RhIR, whose function was related to the QS in bacteria. Moreover,
the scoring function was used from the SWISS-MODEL platform to estimate the overall quality of
the RhIR three-dimensional model [23]. Subsequently, all the water molecules and heteroatoms were
removed, and the RhIR model validation analysis was completed in the RAMPAGE Ramachandran
plot analysis server (https://zlab.umassmed.edu/bu/rama) [33]. The SdiA three-dimensional structure
from E. coli (PDB: 4y15.2.A) was the reference structure used to obtain the model for the RhIR
protein. Also, PDB formats for SdiA and RhIR regulators were uploaded to the ProSA server. Then,
each protein’s A chain was analyzed, and Z score values for both proteins were obtained (https:
||prosa.services.came.sbg.ac.at/prosa.php) [34]. The quality of the three-dimensional structure of RhIR
was compared with the three-dimensional structure of the transcriptional regulator SdiA published in
PDB. Finally, the regulatory proteins were loaded into the Chimera software to match both crystals
employing the “Matchmaker” tool, and the transcriptional regulators were very similar in structure
and folding.

Three RhIR models were generated by MODELLER software, and the best structure was chosen
based on the MODELLER DOPE score (-27092.129) in comparison with the SdiA protein DOPE score (-
29141.43) [35]. Finally, the best protein model was tested in the PROCHECK server and was found
acceptable results for all characteristics measured and validation of protein-structure coordinates
(https://saves.mbi.ucla.edu/) [36].

Molecular docking and molecular dynamics

The three-dimensional structures of the transcriptional regulators (LasR and QscR) were obtained
from the Protein Data Bank (PDB) database with a PDB code for 3IX3 and 6CBQ for the QscR
transcriptional regulator. Subsequently, the natural ligands of LasR and QscR, C{,-AHL, and Cyp-AHL
were removed from the protein regulators of QS using the Pymol program [31]. Afterward, the three
regulator proteins were prepared and saved in PDB format for the molecular docking test, employing
different software to predict the BGE of each protein, using the ten aromatic compounds proposed as
ligands. The ligand-binding domain selection box (grid-box) was generated by locating the residues
of the AHL binding domain. For each transcriptional regulator was obtained different coordinates:
LasR (X: 40.491, Y: 9.8455, and Z: 7.345 A), QscR (X: -77.418, Y: -4.841 and Z: 9.181 A) and RhIR
(X: 4.83, Y: 64.94, and Z: 40.89 A) [37]. The interaction of each transcriptional regulator with the
corresponding functional groups from the aromatic compounds was described for the bonds formed
between the ligand and each regulatory protein. Also, molecular docking was performed to simulate
biological conditions in the presence of neutralizing molecules [24]. BGE values were obtained from
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three runs in each software and plotted in Excel, and all data were categorized based on ten aromatic
compound results.

Moreover, the comparison of results was carried on with the average BGE values obtained for LasR
(AG =-7.8640.19 kcal/mol), QscR (AG=-7.5340.07 kcal/mol), and RhIR (AG=-5.51+0.02 kcal/mol). On
the other hand, the results from aromatic compounds were compared according to the binding energy
obtained from each interaction. Furthermore, the results obtained from molecular docking of the three
transcriptional regulators of P. aeruginosa with two inhibitors of QS were for furanone: -4.2 to -4.9
kcal/mol and for vanillin: -6.2 to -6.77 kcal/mol. These analyses contribute to finding the ligand that
acts as the best inhibitor by selecting the molecule with the lowest binding energy [14,38,39].

Molecular dynamics analysis was conducted to validate the optimal molecular dockings based on
the best results. The RMSD, RMSF, and SASA graphs for 50 ns were obtained to determine the protein
and ligand stability. The percentages of amino acids most frequently present in the best-performing
interactions were also determined [28,29]. Finally, the total binding energy was obtained by NAMD
software through the method called “Generalized Born Surface Area of average Molecular Mechanics
(MM/GBSA)” [30].

Ligand preparation

The aromatic compounds were obtained from the ZINC database (http://zinc.docking.org/
substances/home/) [40] and used for the molecular docking studies in Chimera (version 1.14)
by modifying the SDF extension to mol2 in each file. Also, SMILES codes were obtained
from the Pubchem database for drawing the chemical structures in Mcule software version
2022. Furthermore, all molecules were prepared on Chimera (Autodock Vina tool) and Mcule
softwares (1 click-docking) based on the molecular docking protocol [24,25]. SMILES codes
of the ten aromatic compounds obtained from the PubChem database are summarized
below: ferulic acid (COclcc(/C=C/C(=0)0)ccc10), vanillic acid (COclcc(C(=0)0)ccc10), vanillic
alcohol (COc1cc(CO)ccc10), 4-hydroxybenzoic acid (0=C(O)clccc(O)ccl), 4-hydroxy cinnamic acid
(C1=CC(=CC=C1C=CC(=0)0)0), catechol (C1=CC=C(C(=C1)0)0), eugenol (C=CCclccc(0)c(0C)c1),
isoeugenol (C/C=C\c1ccc(0)c(0C)c1), 4-Hydroxybenzaldehyde (O=Cclccc(O)ccl), protocatechuic acid
methyl ester (COC(=0)C1=CC(=C(C=C1)0)0). While the molecules C4-AHL (CCCC(=0)NC1CCOC1=0),
C10-AHL; (CCCCCCCCCC(=0)NC1CCOC1=0), Ci,-AHL (CCCCCCCCCC(=0)CC(=0)N[C@H]1CCOC1=0),
furanone C30 (C1=C(/C(=C/Br)/0C1=0)Br) and vanillin (COclcc(C=0)ccc10) were taken as the
controls of the molecular dockings. Finally, the results of the molecular dockings were obtained using
Chimera (version 14.1) and Discovery Studio (version 2020) softwares [24,32].

Pharmacokinetic and physicochemical characteristics of ligands

The best inhibitors were chosen based on the AG values obtained from the molecular docking
test. Subsequently, the pharmacokinetic and physicochemical characteristics predictions were made
considering the toxicity parameters of each compound by a parameter known as ADME (Absorption,
Distribution, Metabolism, and Excretion), which was obtained from the SwissADME online database
(http://www.swissadme.ch/) [26]. The protocol used in this study included the use of SMILES codes for
each molecule to obtain different pharmacokinetics and toxicity parameters, such as gastrointestinal
absorption (GI absorption), blood-brain barrier permeability (BBB permeability), inhibition value for
glycoprotein-P 1 (P-gp), as well as inhibitory activity values of the enzyme cytochrome oxidase
(CYP) and its variants CYP1A2, CYP2C19, CYP2C9, CYP2D6, and CYP3A4. Additionally, the PubChem
database was used for collecting specific physicochemical parameters of each of the selected
aromatic compounds [27,41,42]. Finally, the toxicity of each molecule was determined using the
database for chemical toxicity prediction (ProTox-II) https://tox-new.charite.de/protox_II/index.php?
site=scompound_input) [43].


http://zinc.docking.org/substances/home/
http://www.swissadme.ch/
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The lethal dose in mice (LDsg)

The toxicity of aromatic compounds in the mice model was predicted using the toxicity estimation
program or T.E.S.T version 4.2.1 (Toxicity Estimation Program Tool). The methodology was based on
toxicity estimates from several Quantitative Structure-Activity Relationship (Q.S.A. R) methodologies,
such as (a) the hierarchical method, where the toxicity estimate for a drug was obtained using
an average value of predictions from various mathematical models. Subsequently, an algorithm-
based technique was used to generate models for each aromatic compound to bring the toxicity
value. (b) The FDA method predicts a model that looks for chemicals like the test compound. (c)
The Nearest Neighbor method uses the expected toxicity of known chemical compound toxicity is
estimated by calculating the mean of three substances that are similar to the test substance. All
necessary molecular descriptors were calculated within the T.E.S.T. version 4.2.1 tool (https://www.
epa.gov/chemicalresearch/toxicity-estimation-programa-tooltest) [44]. Finally, the average LDsqy value
in mice was reported in mg/kg with an acceptable determination coefficient (R2), utilizing the linear
regression from the mathematical models created for each of the analyzed molecules [27,44].

Data analysis

The BGE and LDsg in mice were considered variation resources. The results were analyzed using a
model equivalent to the completely randomized balanced analysis. The comparison of means among
treatments was carried out by using the Tukey test (p < 0.05). Statistical analysis was performed with
the Minitab 2020 program [45]. All results are presented in the means of the replicates obtained by
Mcule, Chimera, T.E.S.T. 4.2.1, and NAMD softwares.

Method validation

As the three-dimensional structure model of the QS transcriptional regulator of P. aeruginosa
(RhIR) is not registered in the PDB database, the three-dimensional structure model was constructed
based on a homology model using the SWISS-MODEL server and was obtained ten three-dimensional
structure models for the transcriptional regulator. The best model was selected using the three-
dimensional structure model of the SdiA transcriptional regulator (PDB: 4y15.2.A) as a template,
with a 40.5% identity and a coverage of 0.96 (Fig. 1A), and QMEAN values of Z= -2.09. This three-
dimensional structure model was considered suitable because a "QMEAN" Z-score value below -4.0
indicates low quality [23,46]. On the other hand, the values obtained from GMQE (0.7540.05) and
global QMEANDisCo (0.78+0.05) were considered good quality values for the RhIR three-dimensional
structure model because both values describe the quality of the model, considering between 0 and 1
score values, where the highest values indicate the best quality [47].

Additionally, the three-dimensional structure model of the transcriptional regulators SdiA and RhIR
were analyzed in the ProSA server; the Z-score value for the template SdiA (PDB: AY15) was -7.75,
while for the RhIR model was -7.82. Then the RhIR three-dimensional structure model generated by
SWISS-MODEL shows a similar value to the three-dimensional structure model of SdiA, validating the
quality of the three-dimensional structure models (Fig. 1B and D) [48]. Finally, the Ramachandran plot
was obtained for each protein (Fig.1C and E).

Molecular docking for the QS transcriptional regulators

The BGE values for each LasR interaction were observed as competitive inhibition when comparing
the BGE values between the natural ligand (C1,-AHL) and the inhibitor furanone C30. The BGE values
for LasR and its natural ligand C;,-AHL were -8.02+0.49 and -7.73+0.152 kcal/mol as obtained by
Mcule and Chimera software, respectively. BGE value of LasR was close to the results obtained by
several authors [49,50]. The molecular docking values were more significant than those obtained
for the vanillin (-4.024+0.05 kcal/mol) and furanone C30 (-4.034-0.1 kcal/mol). These molecules were
considered for comparison with other aromatic compounds’ interactions because both have been
experimentally shown to be inhibitors of QS in the genus Pseudomonas [14,51].


https://www.epa.gov/chemicalresearch/toxicity-estimation-programa-tooltest
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Fig. 1. A) Three-dimensional structure model of transcriptional regulator RhIR matched with SdiA, B) ProSA Z-score of three-dimensional structure model of transcriptional regulator RhIR,
C) Ramachandran plot of three-dimensional structure model of transcriptional regulator RhIR, D) ProSA Z-score of three-dimensional structure model transcriptional regulator SdiA, and E)
Ramachandran plot of three-dimensional structure model of transcriptional regulator SdiA.
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Table 1
The BGE values obtained by molecular docking analysis of aromatic compounds with the
autoinducer-1 binding domain of the RhIR transcriptional regulator of P. aeruginosa.

Molecule Mcule (AG in -kcal/mol)  Chimera (AG in -kcal/mol)
C4-AHL -6.53+0.1 B¢ -6.50+0.80 ©
Furanone C30 -430+0.05 A -4.50+0.20 A
Vanillin -6.20+0.17 B -5.8740.21 B
Catechol -5.97+0.15 B -5.63+0.38 ABC
Eugenol -6.70+0.21 B¢ -6.87+0.46 ©
Ferulic acid -7.43+0.35 € -7.23+0.15
Hydroxycinnamic acid -7.30+0.5 € -7.13+0.51 P
Hydroxybenzaldehyde -6.20+0.26 B -5.00+0.10 AB
Isoeugenol -6.80+0.55 BC -5.03+0.38 AB
Hydroxybenzaldehyde acid ~ -6.27+0.46 B -6.60+0.75
Protocatechuate -6.80+0.12 BC -6.07+0.45 BCD
Vanillic acid -6.67+0.12 BC -6.70+0.75 @
Vanillic alcohol -6.13+£0.12 B -6.87+0.23

The values are the average standard deviations (n = 3). The bold letters indicate the
best results and the different capital letters indicate significant differences in BGE of the
methods and microorganisms (P < 0.05).

Molecular docking analysis of each aromatic compound tested with the LasR regulator from
P. aeruginosa showed that BGE values ranged from AG= -6+0.17 to -7.13+0.21 kcal/mol. Of
the ten aromatic compounds analyzed, the highest AG values were ferulic acid (-7.13+0.21
kcal/mol), hydroxycinnamic acid (-6.940.35 kcal/mol), and protocatechuate (-6.84-0.46 kcal/mol),
as calculated using the Mcule software. When the AutoDock Vina method was used with the
Chimera software, higher values of AG were obtained for the case of ferulic acid (-7.2740.21
kcal/mol) and hydroxycinnamic acid (-7.034+0.25 kcal/mol). Thus, our results suggest that ferulic
acid and hydroxycinnamic acid are the best inhibitors of QS from P. aeruginosa (Supplementary
Table 1).

Based on the highest average BGE values obtained from both software, the best results for the QscR
regulator were ferulic acid, hydroxycinnamic acid, and isoeugenol. (Supplementary Table 2). Finally,
the best results obtained for the transcriptional regulator RhIR were ferulic acid, hydroxycinnamic
acid, and eugenol were the best inhibitors of the transcriptional regulator RhIR in P. aeruginosa
(Table 1 displays the most interesting results presented in this section).

The BGE values characterize the interaction of RhIR with its natural ligand (C4-AHL) with BGE
values from aromatic compounds. This showed that the three inhibitors that join more strongly to
the autoinducer-1 binding domain are in the transcriptional regulator RhIR, just like the natural
ligand, suggesting a competitive inhibition mechanism for the autoinducer-1 binding domain from
the transcriptional regulator RhIR.

Fig. 2 shows the best molecular docking results from the interactions for the functional groups
of the aromatic compounds with the amino acids located in the autoinducer-1 domain binging
of the RhIR transcriptional regulator. These results were compared with the autoinducer-1 binding
domain of transcriptional regulator RhIR and the natural ligand (C4-AHL) (Fig. 2A). This work
elucidated the interactions among functional groups of the aromatic compounds with amino
acid residues from the autoinducer-1 binding domain of RhIR of P aeruginosa (Fig. 2B). Also,
the best aromatic compound interactions with RhIR are ferulic acid, hydroxycinnamic acid, and
eugenol (Fig. 2C, E, and G). In addition, Fig. 2D, F, and H display the main interactions of the
functional groups (aromatic ring, R-CO, RC-OH, RC=CH,, R-CH3, and R-COOH) from ferulic acid,
hydroxycinnamic acid, and eugenol with the amino acids of the autoinducer-1 binding domain of
RhIR. The interactions between functional groups and amino acid residues differed in each case,
mainly consisting of Van der Waals interactions, conventional hydrogen bond, pi-sigma, pi-pi, and
pi-alkyl.
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Fig. 2. The best results of molecular docking in RhIR transcriptional regulator of QS of P. aeruginosa. A) Molecular docking of C4-AHL and RhIR, B) C4-AHL and RhIR interactions, C)
molecular docking of ferulic acid and RhIR, D) ferulic acid and RhIR interaction, E) molecular docking of hydroxycinnamic acid and RhIR, F) hydroxycinnamic acid and RhIR interactions,
G) molecular docking of eugenol and RhIR and H) eugenol and RhIR interactions. The results were visualized in the Pymol and Discovery studio 2020 software.
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Pharmacokinetic studies

The analysis of the best ligands resulting from the molecular docking test showed that the three
aromatic compounds matched Lipinski’s Rule of Five. Moreover, physicochemical characteristics were
similar to the aromatic compounds because they are unsaturated and lipolytic molecules, according to
the radar diagrams found in the SwissADME database. Finally, the skin permeation or log Kp varied
from -5.69 to -6.41 cm/s in the three aromatic compounds (ferulic acid, hydroxycinnamic acid, and
eugenol) obtained from the molecular docking test.

On the other hand, characterization of the inhibitory compounds was essential to know if the
aromatic compounds are substrates of the permeability glycoprotein (P-gp) because the crucial role
of P-gp is to protect the central nervous system (CNS) from xenobiotics [26,27]. According to the
predictive analysis of the human intestinal absorption (HIA) and blood-brain barrier (BBB) permeation,
both consisting in the readout of the BOILED-Egg model, all the tested compounds from this study
were highly absorbed by the intestine and were skin permeable (Supplementary Table 3).

In addition, the interaction of aromatic compounds with cytochrome oxidase P450 (CYP)
was evaluated because it has considered a key player in drug elimination through metabolic
biotransformation. In the present study, it was observed that all the values for CYP were the same,
showing no inhibition, except for eugenol, which inhibited cytochrome oxidases CYP1A2 and CYP2C.
The inhibition of these isoenzymes is undoubtedly one major cause of drug-drug interactions that
leads to toxic or other unwanted adverse effects due to the lesser clearance and accumulation of
the drug or its metabolites. Numerous inhibitors of the CYP isoforms have been identified, some
affecting different CYP isoforms, while others show selectivity for specific isoenzymes. Therefore,
it is of great importance for drug discovery to predict the propensity that molecules possess to
cause significant drug interactions through inhibition of CYPs and to determine which isoforms are
affected [26,27].

LDs studies on mice

Pre-clinical studies in mice are essential to know the effect of a drug in an animal model. On
many occasions, the software is helpful to know the doses at which certain substances may be
harmful before transferring the experiments from in vitro to in vivo studies [51]. In the present
study, a prediction was made by QSAR methods using mice to obtain LDsq values (mg/kg) of
aromatic compounds administered orally. The best results were for ferulic acid, hydroxycinnamic
acid, and eugenol compared with the inhibitors of QS (vanillin and furanone C30), and the LDsq
values were close to those experimentally obtained for each compound [52-56]. Finally, regarding
the toxicity analysis, all the compounds were non-toxic, except for ferulic acid, which presented high
immunotoxicity (Supplementary Table 3).

Molecular dynamics

The results of the root mean square deviation (RMSD) were obtained while simulating the three
interactions of aromatic compounds and RhIR. The stability of the interactions of ferulic acid and
RhIR were obtained at 5 ns with a mean of 2.27447+0.256 A. At the same time, the interaction of
hydroxycinnamic acid and RhIR was stable at 10 ns with a mean of 2.293+0.2 A. Finally, the eugenol
and RhIR were stable at 7.5 ns with a mean of 2.370+£0.25 A (Fig. 3A, B, and C). In addition, when
analyzing the results of RMSF distance values, observing similarity in the high distance peaks in
certain amino acids during the interaction protein-ligand. The ferulic acid showed seven peaks of
the entire length of the RhIR protein (1, 37-41, and 43) (Supplementary Fig. 1A). In comparison, the
interaction with hydroxycinnamic acid showed eleven peaks of the entire length of the RhIR protein
(1, 37-44, 116, and 162) (Supplementary Fig. 1B). Finally, when the eugenol interaction was analyzed,
nine peaks of the entire length of the RhIR protein (1, 9, 40-44, 86, and 162) (Supplementary Fig. 1C).
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Table 2

The stability binding free energy by molecular mechanics/generalized Born surface area (MM/GBSA).

Dynamic molecular

Simulation box

Number of neutralizing

Complex protein-ligand software/force field dimensions (x, y, and z) ions Stability AGbind? (kJ/mol) AGvdW? (kJ/mol) References
RhIR and natural ligand No data No data Stable -31.078+2.794 to -115.34 (no statistical [57,58]
C4-AHL -44.52 (no statistical difference reported) to

difference reported) -138.64 +0.857
RhIR and ferulic acid NAMD 2.13/CHARMM?27 99.11, 95.18 and 114.83 6 Na* Stable -75.07+0.892 -97.34+ 0.32 This work
RhIR and eugenol NAMD 2.13/CHARMM?27 99.11, 95.18 and 114.83 6 Na* Stable -70.36+ 1.022 -110.45+ 0.52 This work
RhIR and NAMD 2.13/CHARMM?27 99.11, 95.18 and 114.83 6 Na* Stable -58.86+ 0.90 -87.77+ 0.42 This work

hydroxycinnamic acid

2 The BGE (AGbind) and ? Van der Waals energy (AGvdW). The bold letters indicate the best results.
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Frequency of use of amino acids

Some amino acids were frequently found in each interaction, as shown in Fig. 4. In addition, it was
observed that amino acids, such as Leu31, Tyr42, Lle47, Arg56, and Tyr59, were commonly used by all
three ligands when interacting with the autoinducer-1 binding domain of RhIR (Fig. 4). These results
contrasted with molecular docking results (Fig. 2D, F, and H). These amino acids were also found
during the interaction of ligand natural C4-AHL with the autoinducer-1 binding domain of RhIR, which
suggests a similar binding mechanism of aromatic compounds and C4-AHL with the transcriptional
regulator of QS in P. aeruginosa.

On the other hand, the solvent-accessible surface area (SASA) values of amino acid residues
involved in the binding to the autoinducer-1 binding domain in the transcriptional regulator RhIR
showed similarly mean SASA values: RhIR and eugenol (9488.923+182.914 A2), RhIR and ferulic
acid (9681.240+177.17 A2) and RhIR and hydroxycinnamic acid (9505.872+179.12 A2). Observe an
increase in amino acid flexibility in the autoinducer binding domain with ferulic acid compared with
hydroxycinnamic acid and eugenol (Supplementary Fig. 2A, 2B, and 2C).

On the other side, the solvent-accessible surface area (SASA) values of amino acid residues
involved in the binding to the autoinducer-1 binding domain in the transcriptional regulator RhIR
showed similarly average SASA values; RhIR and eugenol (9488.9234182.914 A2), RhIR and ferulic
acid (9681.240+177.17 A2) and RhIR and hydroxycinnamic acid (9505.872+179.12 A2). An increase in
the flexibility of amino acids in the autoinducer binding domain with ferulic acid compared with
hydroxycinnamic acid and eugenol was observed (Supplementary Fig. 2A, 2B, and 2C).

MM/GBSA test

Finally, the total BGE by molecular mechanics/generalized Born surface area (MM/GBSA) was
analyzed, and the results for each compound were observed in Table 2. Demonstrated that three
inhibitors are stable with their neutralized ions and found that the inhibitors as the ferulic acid
and eugenol produced the highest total binding energy (AG bind= -75.07+0.892 and -70.36+1.022
kJ]/mol, respectively) from three compounds tested. The compounds bound most strongly and
significantly to the autoinducer-1 binding domain in RhIR compared with the natural ligand C4-AHL
(AGbind= -31.07842.794 k]/mol), showing that both molecules exhibit a high potential to bind to QS
transcriptional regulator RhIR in P. aeruginosa.

Conclusion

Of the ten aromatic compounds tested in the present study by molecular docking, ferulic acid
and eugenol showed the best binding BGE values. Also, the in silico studies validated the molecular
docking using the molecular dynamics test using a reproducible and valuable protocol with different
software such as Mcule, Chimera, and NAMD. With the use of defined putative QS inhibitors of RhIR,
the transcriptional regulator of QS, proposing the combining ferulic acid and eugenol as a new therapy
against virulent P. aeruginosa for derived further research from the present study.
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