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ABSTRACT
Candida albicans (C. albicans) is an opportunistic yeast that forms biofilms, which confer increased resistance to antifungal 
agents, making infections very difficult to treat. One of the mechanisms regulating this virulence is quorum sensing (QS), which 
can be defined as a cellular communication mechanism based on the production of autoinducer, namely, farnesol. We previ-
ously reported that the essential oils of Cistus ladanifer, Matricaria chamomilla, and Pistacia lentiscus inhibit C. albicans. In 
this context, a virtual screening of 48 molecules derived from these plants, as well as their ADMET property predictions, was 
undertaken to identify the most promising ligands for inhibiting QS receptors (CYC and RAS1) compared to farnesol. The latter 
exhibited a binding affinity of −7.0 kcal/mol for both CYC and RAS1. Two phytomolecules, namely, chamazulene and γ-muuro-
lene, exhibited stronger binding affinities of −7.6 and −8.1 kcal/mol, respectively, for CYC, while toward the RAS1 receptor, they 
showed identical binding affinities of −7.1 kcal/mol. According to the binding free energy calculations performed using Prime 
MM-GBSA, the complexes formed by γ-muurolene exhibited high stability, maintained by coulombic, lipophilic, and Van der 
Waals interactions, demonstrating that γ-muurolene is a promising inhibitor of QS. Molecular dynamic simulations confirmed 
the conformational stability of the CYC-γ-muurolene and RAS1-γ-muurolene complexes, characterized by low RMSD values, 
suggesting favorable dynamic behavior. The results as a whole provide a solid foundation for further experimental validation.

1 | Introduction

Fungal infections cause a number of deaths similar to those 
caused by HIV or tuberculosis and a very high global mortality 
rate compared to deaths from breast cancer or malaria [1]. One 
of the main causative agents of fungal disorders in humans is 

Candida albicans (C. albicans). The latter is defined as a com-
mensal fungus that naturally colonizes the surfaces of mucous 
membranes and skin. However, due to variations in environ-
mental conditions, C. albicans becomes opportunistic (patho-
genic) and can cause millions of skin and mucosal infections 
each year in the vagina, intestines, and mouth, and even serious 
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systemic infections that can be potentially fatal [1, 2]. Besides, 
C. albicans is the fungal species most frequently isolated in clin-
ical infections [3]. It has been found that the transition from the 
commensal state to the opportunistic state is due to the polymor-
phism (dimorphism) of this fungus. Otherwise, the ability of C. 
albicans to transform from the yeast form in blastospores to the 
filamentous, invasive form in hyphae, or pseudohyphae, is an 
important factor of virulence. This hyphal virulence is ascribed 
to its resistance to phagocytosis by immune cells. The hyphae 
adhere to surfaces and can easily invade the host and dam-
age its tissues; they also contribute to the formation of biofilm 
[2–4]. Fungal biofilms rank fourth in terms of the frequency of 
bloodstream infections, while they have received significantly 
less attention [3]. C. albicans biofilms can be defined as com-
plex three-dimensional structures formed by cells encased in 
an extracellular polymeric matrix, providing resistance to an-
tifungal treatments; in other words, the biofilm's sensitivity to 
antifungals is low, as well as its resistance to immune responses 
[5, 6]. It has been demonstrated that C. albicans controls its mor-
phological change, essential for biofilm formation, according to 
cell density, which is regulated through quorum sensing (QS) 
[2]. The latter refers to a process by which microorganisms ad-
just their behavior according to their population density using 
molecules called “autoinducers” (AIs), namely, farnesol, in C. 
albicans. At high cell density, farnesol inhibits yeast–hyphae 
transformation by blocking the RAS1-cAMP-PKA signaling 
pathway [7]. By binding to RAS1 (signaling GTPase) and CYC 
receptors, a catalytic domain of adenylate cyclase (CYR1), farne-
sol inhibits intracellular cAMP production, which subsequently 
prevents the activation of protein kinase (PKA) responsible for 
the activation of the CPH1 and HST7 genes essential for hyphae 
formation and the activation of hyphae suppressor gene expres-
sion, namely, HOG1 and TUP1 [8–12]. The inhibition of both QS 
regulators, a process called quorum quenching (QQ), is consid-
ered a promising therapeutic alternative to current ineffective 
antifungals [7, 13]. Spaggiari et al. deeply analyzed the patents 
and patent applications deposited between 2019 and 2023 re-
lated to QS inhibitors that could serve as antimicrobials in the 
future [14]. Collectively, ongoing researches and valuable out-
comes support the therapeutic potential of QS as an alternative 
option for managing antimicrobial resistance without promot-
ing it [15–23]. However, although there is much advancement 
in bacterial systems, this remains an underexplored area of 
research for antifungal pathogens such as C. albicans. Hence, 
QQ can be achieved by considering several strategies, including 
enzymatic QQ, which is based on the enzymatic degradation of 
bacterial signals while inactivating AIs before their detection by 
bacterial receptors, by using enzymes like lactonasea and acy-
lases [24]. Other strategies focus on free AIs in the environment, 
by sequestering them either with synthetic antibodies such as 
AP4-24H11 [25, 26] or with cyclodextrins [25, 27]. Other prom-
ising approaches involve the use of molecules that mimic the 
structure of AIs and generate inactive analogs and natural QS-
inhibiting molecules [25, 28, 29].

In our previous study, the essential oils (EOs) extracted from 
three medicinal plants, namely, Cistus ladanifer, Matricaria 
chamomilla, and Pistacia lentiscus, were found to inhibit the 
growth of C. albicans [30]. As the use of these pure molecules is 
the new paradigm of modern medicine and current drug discov-
ery that tends to abandon the use of complex mixtures, we aimed 

to screen phytocompounds found in those EOs to select the best 
candidate that targets QS receptors in C. albicans, namely, CYC 
and RAS1 receptors, to address the problem of antifungal resis-
tance in candidiasis.

2 | Materials and Methods

2.1 | Data Collection and Ligand Preparation

A database containing 48 molecules was constructed from three 
medicinal plants, namely, C. ladanifer, M. chamomilla, and P. 
lentiscus, which have already proven their antifungal activity 
against C. albicans. They were examined in order to select the 
most promising ligand molecules that inhibit the QS recep-
tors CYC and RAS1 [7]. The 3D structures of the ligands were 
obtained from the PubChem database [31,  32] in SDF format, 
which will be converted to PDB format using Open Babel 3.1.1. 
The structures were then prepared using AutoDockTools (ADT 
Version 1.5.7) by adding Gasteiger charges and polar hydrogens 
and then saved in PDBQT format [33, 34].

2.2 | Receptor Retrieval, Homology Modeling, 
and Validation

The 3D structure of the RAS1 protein (ID: 7NZZ) was obtained 
from the Protein Data Bank (PDB ID: 7NZZ), while the 3D struc-
ture of the CYC protein is not available in the PDB database. 
However, a homology modeling process was used to generate it 
using SWISS-MODEL (https://swissmodel.expasy.org/interactive) 
[7]. The amino acid sequence of the CYC target was extracted from 
the UniProt Knowledgebase (UniProtKB) database in FASTA 
format (UniProt ID: Q9P977_CANAX) [7]. This sequence was in-
serted into SWISS-MODEL, which modeled the 3D structure of 
the protein based on the 3D structure of a homologous protein. 
Among the proposed 3D structures, we chose the one predicted by 
AlphaFold due to its high accuracy, as it predicts structures close 
to experimental methods [35]. It has a high predicted local distance 
difference test (pLDDT) score of 75.12, confirming good modeling 
and structural reliability [36, 37]. The predicted structure is distin-
guished by a Global Model Quality Estimate (GMQE = 0.76 ) close 
to 1 and a sequence identity of 99.70%, exceeding 50%, which con-
firms the reliability of the structure [38, 39]. Additional informa-
tion regarding the amino acid sequence of the CYC target, pLDDT 
parameters, GMQE, and identity is available in the supporting in-
formation. In order to ensure structural fidelity, a model validation 
was performed. Hence, the 3D structure of the CYC protein was 
validated by the PROCHECK server (https://saves.mbi.ucla.edu/) 
[40, 41]. The Ramachandran plot reveals that 92.6% of the residues 
are located in the most favorable regions, 7.4% in the allowed re-
gions, 0.0% in the generously disallowed regions, and 0.0% in the 
disallowed regions [40, 41] (Figure 1).

2.3 | Molecular Docking

Molecular docking is an approach that involves selecting lead 
compounds based on their affinity to targeted receptors [42]. 
The preparation of the two targets, CYC and RAS1, for molecu-
lar docking was done using ADT V. 1.5.7 by eliminating water 
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and heteroatoms and adding Kollman charges as well as polar 
hydrogens, and finally, the structures were saved in PDBQT 
format [33,  34]. Then, a blind docking was carried out by 
AutoDock Vina Version 1.2.5. First, a configuration file was 
created for the CYC (center_x = −1.426 Å, center_y = 12.486 Å, 
center_z = 2.103 Å; size_x = size_y = size_z = 90) and RAS1 
(center_x=−20.842 Å, center_y=33.067 Å, center_z=−19.399 Å; 
size_x = 58, size_y = 90, size_z = 84). The exhaustiveness pa-
rameter is set to 8, the number of binding modes to 10, and the 
energy range to a value of 4 kcal/mol. During the molecular dock-
ing process, the protein remains rigid and does not change confor-
mation, whereas the ligand is flexible and adapts its conformation 
to optimize the binding with the protein [43]. The ligand–protein 
interactions were expressed in kilocalories per mole, with the 
complexes exhibiting the lowest binding energies being the stron-
gest ones. Then, Lipinski's rules of the best compounds were as-
sessed to predict their pharmacokinetic properties [44].

2.4 | Prediction of ADME-Tox Properties

The analysis of ADMET properties was carried out using a 
protocol of the ADMET descriptor algorithm pkCSM (https://
biosig.lab.uq.edu.au/pkcsm/prediction). This web server helps 
us predict the parameters of absorption, distribution, metabo-
lism, elimination, and toxicity [45]. The absorption of a drug 
requires the presence of several factors, namely, intestinal 

absorption, membrane permeability measured using Caco-2 
(colon cancer cells), and skin permeability. The distribution of 
the drug candidate relies on factors such as the blood–brain 
barrier (BBB) (logBBB); then, metabolism is evaluated based 
on CYP2D6 and CYP3A4 models for the substrate as well as 
inhibition. Excretion is estimated based on the total clearance 
model, and finally, toxicity is focused on AMES toxicity, hERG 
I and II channel inhibition, and the maximum tolerated dose 
[45]. After verifying the ADME-toxicity properties, the ligands 
that met these criteria and exhibited the lowest binding energies 
were visualized using Discovery Studio Version 24.1.0.23298 
and selected for molecular dynamic (MD) simulations.

2.5 | MM-GBSA Analysis

To validate the molecular docking protocol, the complexes were 
subjected to a generalized Born surface molecular mechanics 
(MM-GBSA) analysis to predict the binding free energy be-
tween a protein target and the ligand [46,  47]. This energy is 
calculated using the Prime MM-GBSA method integrated into 
Maestro of the Schrödinger suite by applying an OPLS3 force 
field [12, 48, 49]. The bond energy ΔG (bind) is calculated using 
the following formula: 

 ΔG bind = ΔG coulomb + ΔG covalent + ΔGHbond + ΔG Lipo

+ ΔG packing + ΔG SolvGB + ΔGVdW.
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2.6 | MD Simulations

MD simulations are of particular interest in modern in silico 
screening and are used to assess the stability of protein–ligand 
complexes over time [50–53]. These simulations consist of a rep-
resentation of atomic movements over time, which provides in-
formation on the ligand's affinity for its target in a physiological 
environment by integrating Newton's equation [54, 55]. The MD 
simulations, lasting 100 ns, were performed using the Desmond 
software integrated into Schrödinger Maestro Version 2019-4. 
The protein–ligand complexes were solvated in a Transferable 
Intermolecular Potential 3-Point (TIP3P) water model within 
an orthorhombic simulation box [56]. The simulations were 
performed under physiological conditions, in an NPT ensem-
ble (temperature = 300K; pressure = 1 atm ). An OPLS_2005 
(Optimized Potentials for Liquid Simulations) force field was 
used to model the atoms in the system, and sodium chloride 
ions at a concentration of 0.15 M were added to maintain the 
neutrality of the system and simulate physiological conditions. 
Trajectory recordings were made every 100 ps [7, 50, 57].

2.7 | Three-Dimensional Superimposition of Protein 
Complexes and Structures

UCSF Chimera Version 1.19 is a molecular analysis and visu-
alization software program used to overlay 3D structures of 
proteins and complexes [58, 59]. After extracting representative 
structures (proteins alone and complexes) in PDB format at (0 ns: 
initial image) and (100 ns: final image) based on the MD simu-
lations trajectories, they were imported into Chimera to align 
the final structure (100 ns) with the reference structure (0 ns) 
using the Matchmaker tool. The proteins were distinguished by 
different colors, and the ligands were represented by molecular 
surfaces to highlight conformational changes.

3 | Results

C. albicans is the most commonly identified infectious yeast in 
humans. In the United States, this fungus is ranked among the 
Top 3 causes of bloodstream infections and the primary source 
of catheter-related infections, leading to a significant rate of col-
onization and death [60]. Today, QQ is considered a promising 
alternative following the failure or ineffectiveness of antifungals 
[61]. In the current study, a database of 48 phytochemicals was 
in silico screened by combining molecular docking and MD sim-
ulations to select the best ligands targeting QS receptors (CYC 
and RAS1) of C. albicans.

3.1 | Molecular Docking Screening

The QS mechanism in C. albicans is characterized by the con-
tinuous secretion of the natural ligand, farnesol, which binds to 
both CYC and RAS1 with a binding affinity of −7.0 kcal/mol. 
Furthermore, the most promising ligands, exhibiting binding 
affinities for the protein targets that are higher than those of 
the natural ligand, were selected. For the CYC receptor, chama-
zulene and γ-muurolene exhibited binding energies of −7.6 and 
−8.1 kcal/mol, respectively, with the CYC receptor. For the 

RAS1 receptor, chamazulene and γ-muurolene exhibited values 
of −7.1 kcal/mol.

3.2 | Molecular Interaction Studies

Analysis of interactions shows that, by binding to the CYC tar-
get, farnesol forms π-alkyl bonds with TYR 1292, ILE (1321 
and 1325), and PRO (1324 and 1384) and a π-sigma bond only 
with TYR 1295 (Figure 2a,b). Chamazulene forms π-alkyl 
bonds with TYR (1292 and 1295), ILE 1321, and PRO 1384 
(Figure 2c,d), while γ-muurolene forms π-alkyl bonds with 
VAL 286 and HIS 291 and π-sigma bonds with TYR (526 and 
547) (Figure 2e,f). By binding to the RAS1 target, farnesol 
forms π-alkyl bonds with ARG 1207, LEU 1210, LYS 1211, VAL 
1224, TYR 1225, and ILE 1258 and a conventional hydrogen 
bond with ARG 1264 (Figure 3a,b). Chamazulene forms a Van 
der Waals bond only with GLN 1246, a π-anion bond with GLU 
1216, a π-sigma bond with ARG 1245, and π-alkyl bonds with 
PRO (1044 and 1217) (Figure 3c,d). Meanwhile, γ-muurolene 
forms mainly π-alkyl bonds with TYR (1206 and 1225), ARG 
1207, LEU 1210, and VAL 1224 (Figure 3e,f). Based on the re-
sults of molecular docking and interaction analysis, we find 
that chamazulene and γ-muurolene bind effectively to protein 
targets by establishing mainly hydrophobic and electrostatic 
interactions.

3.3 | Free Energy Calculations

The total binding free energy ΔG binding (total) resulting 
from the interaction of ligands with CYC and RAS1 is shown 
in Table 1. γ-Muurolene forms the most stable complex, exhib-
iting binding free energies ΔG binding (total) of −74.87 and 
−58.61 kcal/mol, respectively, with the protein targets CYC 
and RAS1. This stability is due to strong lipophilic, Van der 
Waals, and coulombic interactions. In contrast, farnesol and 
chamazulene exhibit relatively low binding energies when 
binding to CYC and RAS1, respectively, with generally weak 
coulombic and Van der Waals contributions, indicating fewer 
stable interactions. Taken together, the results highlight the 
importance of coulombic and Van der Waals forces in the sta-
bility of the complexes.

3.4 | Prediction of ADME-Tox Properties

The results of the in silico prediction of the ADME-toxicity 
properties of the most promising ligands are shown in Table 2. 
The evaluation of physicochemical properties indicates that 
the compounds studied comply with Lipinski's rules, confirm-
ing their high oral bioavailability [62]. They have favorable 
skin permeability, with logKp  values exceeding −2.5 and an 
excellent intestinal absorption, greater than 30%, facilitating 
their absorption [37, 63]. The molecules studied have Caco-2 
values below 8 × 10−6 , indicating their low permeability to 
Caco-2, while their logBBB values are greater than 0.3, in-
dicating their ability to cross the BBB. It is essential to opti-
mize their physicochemical properties in order to limit their 
penetration by increasing their molecular weight, provided 
that the molecular mass range is respected to ensure good 
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oral absorption [64]. In contrast, molecules with a logBBB of 
less than −1 are expected to be poorly distributed in the brain 
[65, 66]. CYP3A4 and CYP2D6 are enzymes belonging to the 
cytochrome family, which play crucial roles in drug metabo-
lism. However, none of the molecules is substrates or inhibi-
tors of CYPs (3A4 and 2D6), indicating limited interaction with 

other drugs. The molecules are also not mutagenic (AMES), 
hepatotoxic, or inhibitors of hERG channels (I and II), mean-
ing there is no risk of cardiac arrhythmias [67], except that 
chamazulene is relatively better tolerated than γ-muurolene 
due to its slightly higher dose compared to γ-muurolene. To 
sum up, chamazulene and γ-muurolene appear to be the most 
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A:ILE:1321 A:PRO:1384
A:TYR:1292

A:ILE:1321

A:PRO:1384

A:TYR:1292

A:TYR:1295

A:VAL:286

Interactions
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π-Alkyl
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A:HIS:291

(a) (b)

(c) (d)

(e) (f)

A:TYR:526
A:TYR:547

FIGURE 2   |   Representation of protein–ligand interactions. (a) 2D visualization of interactions in the CYC-farnesol complex, (b) 3D visualization of 
interactions in the CYC-farnesol complex, (c) 2D visualization of interactions in the CYC-chamazulene complex, (d) 3D visualization of interactions 
in the CYC-chamazulene complex, (e) 2D visualization of interactions in the CYC-γ-muurolene complex, and (f) 3D visualization of interactions in 
the CYC-γ-muurolene complex.
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FIGURE 3   |   Representation of protein–ligand interactions. (a) 2D visualization of interactions in the RAS1-farnesol complex, (b) 3D visualization 
of interactions in the RAS1-farnesol complex, (c) 2D visualization of interactions in the RAS1-chamazulene complex, (d) 3D visualization of inter-
actions in the RAS1-chamazulene complex, (e) 2D visualization of interactions in the RAS1-γ-muurolene complex, and (f) 3D visualization of inter-
actions in the RAS1-γ-muurolene complex.
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promising ligands due to their excellent ADMET properties, 
as well as their compliance with Lipinski's rules and, above 
all, their strong binding affinity with CYC and RAS1 proteins.

3.5 | MD Simulations

MD simulations allow the analysis of atomic movement within 
biomedical systems. It is used to predict the movement as well 
as the interaction of each atom over time (nanoseconds), with 
the longer the simulation time, the better. MD simulation 
helps us visualize ligand–protein interactions while explain-
ing molecular interactions and their functional consequences 
[68]. In our study, we conducted a 100 ns MD simulation of 
chamazulene and γ-muurolene in complex with the CYC and 
RAS1 proteins. The entire set was then compared with the 
natural ligand, farnesol, based on parameters such as the root 
mean square deviation (RMSD), the root mean square fluctu-
ation (RMSF), the secondary structure of the proteins, and the 

ligand–receptor interactions. From this comparison, we can 
understand the interactions and structural effects induced 
by the ligands on their targets. The RMSD plot measures the 
average conformational change in atomic positions and in-
dicates whether the simulation is stable. While RMSF maps 
characterize the local changes of the entire protein chain 
throughout the MD simulation, indeed, if RMSF indicates a 
low value, it means that the region is rigid and characterized 
by stability, whereas if RMSF presents high values, it indicates 
that the regions are in motion [69].

3.5.1 | MD Simulations Analysis of CYC Receptor

3.5.1.1 | RMSD Analysis. For the CYC-farnesol complex, 
the protein backbone (Cα) shows an initial increase at the start 
of the simulation, indicating structural changes, and stabilizes 
around 13 Å (Figure 4a). After the ligand adjusts to the protein, 
RMSD reaches 4 Å in the first 20 ns, then stabilizes around 6 Å 

TABLE 1   |   MM-GBSA binding energy of the complex formed by farnesol, chamazulene, and γ-muurolene with the CYC and RAS1 receptors.

Complex

�  G 
binding 
(total)

�  Gbind 
coulomb

�  Gbind 
Hbond

�  Gbind 
covalent

�  
GbindLipo

�  Gbind 
Solv GB

�  Gbind 
VdW

�  Gbind 
packing

CYC-farnesol −66.00 −0.40 −0.06 −2.98 −43.68 15.58 −42.04 0.0

CYC-
chamazulene

−61.73 −0.02 0 0.85 −44.75 10.41 −29.28 0.0

CYC-γ-
muurolene

−74.87 −0.55 0 1.39 −52.93 13.51 −38.32 0.0

RAS1-farnesol −49.47 −6.59 −0.23 3.02 −32.50 9.63 −24.52 0.0

RAS1-
chamazulene

−44.09 −0.14 0 0.39 −29.11 3.54 −23.53 0.0

RAS1-γ-
muurolene

−58.61 −0.67 0 1.35 −41.13 3.07 −28.99 0.0

Abbreviations: Hbond, hydrogen-bonding energy; Lipo, lipophilic energy; Solv GB, Born's generalized electrostatic solvation energy; VdW, Van der Waals energy.

TABLE 2   |   In silico prediction of the ADME-Tox properties of chamazulene and γ-muurolene.

Chamazulene γ-Muurolene

Absorption and distribution Skin permeability (logKp) −1.41 −1.561

Intestinal absorption (human) (%) 94.503 96.475

Caco-2 permeability (log Papp in 10–6 cm/s) 1.402 1.427

LogBBB 0.792 0.809

Metabolism CYP2D6/CYP3A4 substrate No No

CYP2D6/CYP3A4 inhibitor No No

Excretion and toxicity Total clearance (log ml/min/kg) 0.257 1.188

AMES toxicity No No

Max. tolerated dose (log mg/kg/day) 0.051 0.048

hERG I/II inhibitor No No

Hepatotoxicity No No
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during the rest of the simulation. For the CYC-chamazulene 
complex, at the start of the simulation, the RMSD of the protein 
increases to 2.6 Å, suggesting structural changes, then stabi-
lizes between 2.8 and 3 Å during the rest of the simulation, with 
slight variations considered to be stable (Figure 4b). In contrast, 
the ligand undergoes pronounced fluctuations reaching 17.5 Å 
during the 100 ns of the simulation, suggesting a dynamic mode 
of interaction within the active site. For the CYC-γ-muurolene 
complex, in the first 10 ns, the RMSD of the protein gradually 
increases to around 2.8 Å and stabilizes at around 3 Å during 
the rest of the simulation, with small fluctuations suggesting a 
stable conformation (Figure 4c). In contrast, in the first 20 ns, 

the ligand exhibits moderate fluctuations, indicative of its con-
formational adaptation in the protein environment, from which 
point it exhibits fluctuations between 6.5 and 7.5 Å. Compared 
to farnesol, chamazulene and γ-muurolene are distinguished 
by their stability and conformational dynamics as the CYC-γ-
muurolene complex stabilizes at a low RMSD (3 Å), while 
the CYC-farnesol complex varies around 13 Å. In addition, 
the RMSD of γ-muurolene reveals moderate conformational 
changes in the first 20 ns, with relative stabilization around 
6.5 Å. Chamazulene, on the other hand, shows pronounced fluc-
tuations reaching 17.5 Å, indicating significant conformational 
changes in the protein pocket. The results confirm the stability 
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of the γ-muurolene complex compared to farnesol and chama-
zulene complexes.

3.5.1.2 | RMSF Analysis. RMSF analysis is an important tool 
used to characterize the changes or local fluctuations of pro-
tein residues during the MD simulation trajectory and to dis-
tinguish the flexible parts from the stable parts of the protein 
[70]. In order to examine if the binding of potential drugs could 
be moved to another active site and if this is due to fluctuations 
[65], the CYC-farnesol complex exhibits high flexibility around 
residues located in the range of 2–200 and with an index of 750 
(RMSF between 7 and 9 Å) (Figure 4d). Residues located in 
the regions 225–700 and 800–1200 are relatively stable, charac-
terized by RMSF values below 4 Å. The CYC-chamazulene pro-
file reveals that residues with indices of 75, 197, 500, 560, 850, 
870, 1050, and 1200 exhibit significant fluctuations (2.4–5.4 Å) 
with the exception of residues in the range of 200–500, 600–800, 
and 900–1000, which show fluctuations of less than 2 Å (Figure 
4e). In contrast, the RMSF profile of the CYC-γ-muurolene com-
plex shows that most of the residues exhibit small fluctuations 
of less than 1.8 Å, indicating structural stability except for res-
idues with indices 200, 550, 750, 950, 1050, and 1200, showing 
values between 2.4 and 5.4 Å (Figure 4f). RMSF analysis reveals 
that the CYC-γ-muurolene complex exhibits the greatest struc-
tural stability, with fluctuations of less than 1.8 Å for the major-
ity of residues; chamazulene exhibits moderate stability (RMSF 
value less than 2 Å), while farnesol shows a less stable interac-
tion (RMSF value less than 4 Å).

3.5.1.3 | Interaction Analysis and Contact Timeline. 
Regarding the CYC-farnesol complex (Figure 5a), ASN 517 rep-
resents the highest interaction percentage (0.6), mainly due to 
a hydrogen bond and a water bridge. TYR 634 (fraction 0.15) 
forms only a hydrophobic interaction, while ARG 77 (0.12) 
establishes a hydrogen bond, an ionic bond topped by a water 
bridge. The chronology of contacts in the CYC-farnesol com-
plex is illustrated in Figure 5b which revealed that in the upper 
panel, the number of contacts varies between 1 and 2 and stabi-
lizes after 20 ns, with ASN 517 and TYR 634 maintaining fre-
quent contacts as shown in orange. For the CYC-chamazulene 
complex, ILE 1515 represents the highest fraction (over 0.25) by 
establishing only a hydrophobic interaction, while TRP 1438 
(0.16), LEU 1487 (0.15), VAL 1483 (0.12), and PRO 1386 (0.10) 
establish the same type of interaction (Figure 5c). According to 
Figure 5d, the total number of contacts varies between 1 and 4 
and stabilizes after 40 ns with ILE 1515, TRP 1438, LEU 1487, 
and VAL 1483 maintaining constant contacts (1–2) with strong 
interaction intensities represented in orange. For the CYC-γ-
muurolene complex, TYR 547 represents the highest fraction 
(over 0.5) through a hydrophobic interaction in addition to both 
VAL 286 (fraction 0.25) and TYR 526 (0.17) (Figure 5e). Accord-
ing to Figure 5f, the total number of contacts varies between 
2 and 4 and stabilizes after 25 ns, with TYR 547 and VAL 286 
establishing regular contacts (1–3) with a high interaction inten-
sity represented in orange throughout the simulation. Among 
the three ligands, γ-muurolene exhibits the most stable bond 
throughout the simulation due to high hydrophobic interactions 
that maintain the stability of the complex, compared to chama-
zulene and farnesol.

3.5.1.4 | Analysis of SSE. The percentage of secondary struc-
ture elements (SSEs) formed by farnesol with the CYC target is 
24% (Figure 6a), whereas those of the two CYC-chamazulene 
complexes (Figure 6b) and CYC-γ-muurolene (Figure 6c) were 
considered at 30% and remained constant throughout the simu-
lation. Indeed, the entire CYC structure remains stable when it 
binds to chamazulene and γ-muurolene, indicating the stability 
of both complexes.

3.5.2 | MD Simulation Analysis of RAS1 Receptor

3.5.2.1 | RMSD Analysis. For the RAS1-farnesol complex 
and during the first 60 ns, the RMSD values of both the protein 
and ligand show significant fluctuations, suggesting their con-
formational adaptation (Figure 7a). From this point onwards, 
the RMSD of RAS1 stabilizes relatively between 3.5 and 5.2 Å, 
while the RMSD of the ligand fluctuates between 6 and 7 Å. 
For the RAS1-chamazulene complex, the first 20 ns are charac-
terized by a gradual increase in the RMSD profile to reach 12 Å, 
indicating a conformational adaptation, which then stabilizes 
relatively around 10.5 Å (Figure 7b). Similarly, in the first 20 ns, 
the ligand undergoes a rearrangement at the active site and then 
fluctuates between 4.5 and 9 Å during the rest of the simulation. 
For RAS1-γ-muurolene (Figure 7c), at the beginning, the RMSD 
of the protein and ligand increases with protein RMSD sta-
bilizing between 1.75 and 2.5 Å in the first 40 ns, while that 
of the ligand stabilizes between 2.4 and 3.2 Å. Altogether, RMSD 
analysis reveals that the RAS1-γ-muurolene complex stabilizes 
at a low RMSD (1.75–2.5 Å), indicating that this complex is 
characterized by superior structural adaptation when bound to 
RAS1 compared to farnesol and chamazulene.

3.5.2.2 | RMSF Analysis. The RAS1-farnesol complex is char-
acterized by significant flexibility, particularly around residues 
located in the ranges 125–175 and 400–425 and indices 200, 
250, 300, 500, 600, 675, 700, and 775 (RMSF 3.2–5.6 Å) (Figure 
7d). Residues located in the range 25–100 and indices 200, 225, 
475, 625, and 800 show relative stability (RMSF less than 2.4 Å). 
For the RAS1-chamazulene complex, most residues are character-
ized by increased flexibility (3–8 Å), except for residues with indi-
ces 200, 275, 350, 375, 455, 550, and 600, showing RMSF values less 
than 2 Å (Figure 7e). In contrast, the RAS1-γ-muurolene complex 
is characterized by high structural stability as most fluctuations 
do not exceed 1.8 Å, except for residues 12, 75, 150, 175, and 338, 
which exceed 2.4 Å (Figure 7f). Hence, RMSF analysis reveals 
that the RAS1-γ-muurolene complex exhibits high overall stabil-
ity, with the majority of residues fluctuating below 1.8 Å; however, 
chamazulene and farnesol exhibited fewer stable interactions.

3.5.2.3 | Interaction Analysis and Contact Timeline. 
For the RAS1-farnesol complex, GLU 895 represents the highest 
fraction percentage (0.33) that maintains the stability of the com-
plex through hydrogen bonds, ionic bonds, and water bridges, 
while ASN 1271 (fraction 0.30) establishes a hydrogen bond topped 
by a water bridge (Figure 8a). PHE 1272 (0.18) forms a hydrophobic 
interaction, and GLY 1269 (0.17) forms a hydrogen bond and water 
bridge. Besides, THR 1268 (0.15) establishes a hydrogen bond 
and an ionic bond topped by a water bridge, while GLU 910 (0.175) 
forms a hydrogen bond, an ionic bond, and a water bridge. Accord-
ing to Figure 8b, the total number of contacts varies between 
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1 and 3, with stabilization after 40 ns, with GLU 895 and PHE 
1272 maintaining contacts over time. For the RAS1-chamazu-
lene complex, PRO 1217 has the highest interaction percentage 
(0.40), forming a hydrophobic interaction in addition to PRO 1044 
(with a fraction of 0.06) which forms the same type of interaction 
(Figure 8c). According to Figure 8d, the total number of contacts 
varies between 1 and 2, with PRO 1217 maintaining frequent con-
tacts over time, as illustrated by a dark orange color. Regarding 

the RAS1-γ-muurolene complex, TYR 1225 has the highest frac-
tion (over 0.30), mainly due to hydrophobic interactions in addi-
tion to LEU 1210 (0.26), VAL 1224 (0.16), and PHE 1265 (0.11) that 
established the same type of interaction (Figure 8e). According 
to Figure 8f, the total number of contacts varies between 2 and 4 
and stabilizes during 60 ns, with TYR 1225 and PHE 1265 main-
taining persistent contacts with a high interaction intensity rep-
resented in orange. Analysis of protein–ligand contacts reveals 
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that γ-muurolene establishes stable bonds through high-frac-
tion hydrophobic interactions, which make the interaction per-
sistent and strong throughout the simulation, whereas farnesol 
and chamazulene are distinguished by moderate contacts.

3.5.2.4 | Analysis of SSE. The evaluation of changes in the SSE 
of RAS1 when it binds to each ligand over time revealed that 
the % SSE formed by farnesol with the RAS1 target was 58% 
(Figure 9a) and remained constant throughout the simulation. 
The same value and stability were observed in RAS1-chamazu-
lene (Figure 9b) and RAS1-γ-muurolene (Figure 9c) complexes. 
Indeed, the entire RAS1 structure is stable when it binds to 
chamazulene and γ-muurolene, indicating a marked stability.

3.5.2.5 | Superimposition of Protein Complexes and Struc-
tures. To validate the MD simulation protocol, we assessed 
the structural stability of the proteins and complexes over 
the 100 ns simulation period by performing a 3D superimposi-
tion of the structures obtained at 0 and 100 ns. The conforma-
tions of the CYC proteins, shown in blue (0 ns) and red (100 ns) 
(Figure 10a), as well as the conformations of the RAS1 target 
shown in cyan (0 ns) and green (100 ns) (Figure 10d), demon-
strated overall stability with minor variations in the flexible 
regions, suggesting slight conformational changes. By binding 
to CYC, chamazulene (Figure 10b) and γ-muurolene (Figure 
10c) are firmly anchored at the active site, with limited displace-
ments indicating slight conformational adjustments, exhibiting 
RMSD values of 1.191 and 1.252 Å, respectively. Similarly, upon 
binding to RAS1, chamazulene (Figure 10e) and γ-muurolene 
(Figure 10f) are anchored in the binding site with low RMSD 
values of 1.169 and 1.278 Å, respectively. Hence, the 0 and 100 ns 
superimposition analyses confirm the high structural stability 
of the CYC and RAS1 receptors in their free state and after com-
plexation with both ligands. All RMSD values are less than 1.5 Å, 
indicating excellent structural stability of these complexes.

4 | Discussion

In our in silico investigation, we combined virtual screening with 
MD simulations to assess the potential of phytomolecules as in-
hibitors of QS receptors (CYC and RAS1) expressed in C. albicans. 
These molecules are derived from EOs extracted from three me-
dicinal plants, C. ladanifer, M. chamomilla, and P. lentiscus, which 

have demonstrated marked anticandidal activity [30, 71]. QS inhi-
bition is a highly effective therapeutic strategy for regulating the 
pathogenicity of C. albicans [7, 72], compared to the reference li-
gand, farnesol, which has been shown to be effective in inhibiting 
biofilm formation [60]. Virtual screening revealed that chamazu-
lene (PubChem CDI: 10719) and γ-muurolene (PubChem CDI: 
12313020) were among the most promising ligands, exhibiting the 
lowest binding energies, which are considered the best binding 
energies with the CYC protein target. While these differences in 
binding energy compared to the RAS1 target are relatively small 
(difference ~1 kcal/mol), this is due to the uncertainty inherent in 
the docking process. Regarding their interaction mechanisms, 
chamazulene and γ-muurolene exhibited a variety of hydropho-
bic, electrostatic, and Van der Waals interactions, in contrast to 
the reference ligand, which interacts primarily with proteins 
through hydrophobic contacts. These interactions maintain a 
strong and persistent bond and enhance the inhibitory activity of 
the ligands. To validate the molecular docking protocol and re-
duce docking uncertainty, MM-GBSA calculations revealed that 
γ-muurolene forms a stable complex with binding free energies of 
−74.87 and −58.61 kcal/mol with CYC and RAS1, respectively. 
This high stability is due to coulombic, lipophilic, and Van der 
Waals interactions, demonstrating that γ-muurolene is a promis-
ing QS inhibitor. Chamazulene establishes significant interac-
tions but slightly weaker compared to γ-muurolene. Studies, such 
as those conducted by Jothi et al. [7], Shafiei et al. [73], and Simon 
et al. [74], have successfully combined in silico, in vitro, and in 
vivo approaches to identify QQMs with potential antifungal activ-
ity against C. albicans by targeting the same QS receptors. In fact, 
the experimental results corroborated the potential of the main 
compounds in silico. Indeed, virtual screening enables the effec-
tive identification of promising QQ molecules, and favorable in 
vitro results significantly increase the likelihood that these com-
pounds will yield beneficial outcomes in subsequent experimental 
settings, thereby establishing a solid foundation for the continued 
development of drugs against C. albicans. The pkCSM server pre-
dicts that chamazulene and γ-muurolene have a favorable ADME-
Tox profile and comply with Lipinski's rules, which confirms their 
oral bioavailability. They are characterized by excellent intestinal 
absorption, which facilitates their absorption following oral ad-
ministration [37,  63]. These molecules can cross the BBB, and 
therefore, they can cause undesirable neurological effects and in-
duce neurotoxicity [64]. To avoid these neurological complica-
tions, it is recommended to modify the physicochemical properties 
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of these molecules by setting a molecular weight between 450 and 
500 kDa and a polar surface area between 70 and 140 Å2 to pre-
serve their excellent oral bioavailability and prevent their passage 
through the BBB [64]. On the contrary, in the case of cerebral fun-
gal infections, the passage of these molecules through the BBB 
may be beneficial in treating them [75]. A recent study examined 
the antifungal effect of sulforaphane, a compound derived from 
cruciferous vegetables, against C. albicans and revealed that its 
ability to cross the BBB opens up new possibilities for the treat-
ment of fungal infections affecting the central nervous system 
[55]. These two molecules do not interact with other drugs (neither 

substrates nor CYP enzyme inhibitors), and their toxicity profile is 
favorable as they exhibit no hepatic toxicity, no genetic mutations, 
and no impact on heart rate. Generally, both molecules are less 
well tolerated (dose below 0.477 log mg/kg/day), except that 
chamazulene is relatively better tolerated than γ-muurolene due 
to its slightly higher dose compared to γ-muurolene [76]. For MD 
simulations, analysis of the RMSD and RMSF allows for tracking 
the overall stability of the complexes and evaluating the flexibility 
of the residues, respectively [77, 78]. The number and type of inter-
actions were tracked over the 100 ns of the simulation. The visual-
ization of each protein residue's contacts with the ligand is 
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determined by analyzing the timeline of interactions. Secondary 
structure element (SSE), a parameter that reveals the stability of 
protein secondary structures throughout the simulation [79]. The 
results confirm that γ-muurolene is the most promising ligand, 
exhibiting low RMSD values of 3 and 2.4 Å, respectively, with 
CYC and RAS1. This demonstrates its superior stability with these 
protein targets. RMSF analysis reveals that the complexes formed 
by γ-muurolene are distinguished by greater structural stability, 

as demonstrated by low fluctuations (generally less than 1.8 Å) for 
the majority of protein residues. This stability is maintained pri-
marily through significant hydrophobic interactions throughout 
the simulation, particularly with the amino acids TYR (547 and 
526) and VAL 286 at the CYC site and TYR 1225, LEU 1210, VAL 
1224, and PHE 1265 at the RAS1 active site. This stability was 
confirmed by analysis of the SSE, which shows that the binding of 
γ-muurolene does not affect protein stability. This is consistent 
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FIGURE 8   |   Analysis of molecular dynamic simulation: (a) histogram of RAS1-farnesol interactions, (b) RAS1-farnesol contact timeline, (c) histo-
gram of RAS1-chamazulene interactions, (d) RAS1-chamazulene contact timeline, (e) histogram of RAS1-γ-muurolene interactions, and (f) RAS1-
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with the screening results showing that γ-muurolene exhibits a 
notable and significant affinity compared to chamazulene and 
farnesol, which showed high RMSD values, suggesting conforma-
tional adaptations by binding to protein active sites. They exhibit 
fewer stable interactions with most protein residues. Furthermore, 
their RMSF profiles reveal that farnesol and chamazulene are 
characterized by moderate contacts during the simulation. To val-
idate the reliability of the MD simulation, a 3D superimposition of 
the proteins and their complexes over a 100 ns confirmed the con-
formational stability of the CYC and RAS1 proteins, showing 
near-perfect alignment (RMSD < 1.19 Å). By binding to CYC, 
chamazulene and γ-muurolene remain attached to the active 
binding site and retain their initial conformations obtained by 
docking, with slight conformational adjustments, for which the 
RMSD values are 1.191 and 1.252 Å, respectively. Similarly, by 
binding to RAS1, chamazulene and γ-muurolene are fixed in the 
binding site with low RMSD values of 1.169 and 1.278 Å, respec-
tively, confirming excellent structural stability of the CYC and 
RAS1 protein targets in the free state and after complexation with 

the ligands. To contextualize our results, in vitro studies show that 
γ-muurolene accounts for 16.6% of the EO of Schinus terebinthifo-
lius Raddi and that its combination with conventional antibiotics 
enhances its antibiotic and antibacterial activity against 
Escherichia coli, Pseudomonas aeruginosa, and Staphylococcus 
aureus [80]. Another study highlighted the anticancer, anti-in-
flammatory, and antioxidant properties of Garcinia intermedia 
leaf extracts, one of whose sesquiterpene compounds is γ-muuro-
lene [81]. Other studies have shown that γ-muurolene is one of the 
bioactive compounds present in the n-hexane fraction of the 
Indonesian medicinal plant Typhonium flagelliforme and is re-
sponsible for its strong antioxidant and anticancer potential [82]. 
A computational study suggests that γ-muurolene is one of the ses-
quiterpenes in the plant Chrysopogon zizanioides, known as 
Ramacham, that is responsible for several biological activities, in-
cluding antibacterial activity [83]. Meanwhile, other studies have 
demonstrated the antifungal effect of chamazulene based on in 
vitro tests. Chamazulene was among the main compounds in 
Artemisia EOs and is responsible for the antifungal activity 
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FIGURE 10   |   Superimposition of the 3D structures of proteins and protein–ligand complexes at the initial (0 ns) and final (100 ns) time points of 
the MD simulation. (a) 3D superimposition of the CYC protein, (b) 3D superimposition of CYC and chamazulene, (c) 3D superimposition of CYC and 
γ-muurolene, (d) 3D superimposition of the RAS1 protein, (e) 3D superimposition of RAS1 and chamazulene, and (f) 3D superimposition of RAS1 
and γ-muurolene.
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against Fusarium culmorum [84]. Another study shows that the 
presence of high levels of chamazulene in yarrow EOs confers 
bactericidal, anti-inflammatory, wound-healing, and antiallergic 
effects. The study also highlights the sensitivity of chamazulene 
to strains of C. albicans, particularly S. aureus (MRSA) [85]. 
Antimicrobial activity tests on the EO of Achillea asplenifolia 
Vent. revealed significant bactericidal and fungicidal effects 
against C. albicans, respectively. This is due to the chemical com-
position of the oil, in which chamazulene serves as the major 
component, accounting for 25.6% [66]. In addition to its antibio-
film role, chamazulene confers a high antioxidant effect on 
chamomile EOs, as demonstrated following its extraction by col-
umn chromatography, since this bioactive molecule exhibited 
high antioxidant activity (IC50 = 6.4�gmL−1 ) compared to other 
constituents of chamomile oils [86]. Furthermore, in addition to 
its inhibitory effect on biofilm formation by C. albicans, a study 
by Mathlouthi and his team shows that chamazulene is one of the 
most abundant compounds in the plants Artemisia herba-alba, 
Artemisia campestris, and Artemisia absinthium and that it in-
hibits biofilm formation in E. coli without affecting cell growth 
[87]. Our results reveal that γ-muurolene is a potential inhibitor 
of QS in C. albicans and can be used to inhibit biofilm formation. 
However, our in silico studies necessarily require experimental 
studies to confirm the predicted results, and future research 
must include cytotoxicity, biochemical assays, animal models, 
and an in-depth investigation of the signaling pathways modu-
lated by γ-muurolene.

5 | Conclusion

The present study has enabled us to tackle a major challenge, 
namely, the formation of biofilms by C. albicans. The problem 
lies in the fact that this yeast develops increased resistance to 
antifungal agents. Virtual screening of 48 molecules followed by 
MD simulations led to the selection of γ-muurolene as a poten-
tial inhibitor of two QS receptors expressed by C. albicans. The 
ability of this molecule to inhibit QS in C. albicans needs to be 
complemented by extensive experimental studies.
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