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Abstract

The overexpression of P-glycoprotein (P-gp) is often directly related to multidrug resistance
(MDR), one of the greatest challenges in cancer treatment. This transmembrane efflux
pump decreases the intracellular concentrations of chemotherapy drugs, reducing their
effectiveness and resulting in treatment failure. This work used in silico methods to assess the
potential of bioactive chemicals produced from mushrooms as P-gp modulators. A database
comprising 211 bioactive compounds from mushrooms was investigated using molecular
docking and virtual screening techniques against the P-gp structure. The compounds
ergosta-4,6,8(14),22-tetraen-3-one, lucidumol A, (22E,24S)-ergosta-4,22-dien-3-one, antcin K,
3,11-dioxolanosta-8,24(Z)-diene-26-oic acid, and (22E)-19-norergosta-5,7,9,22-tetraen-3β-ol
were identified as the six best candidates from our database of mushroom compounds
based on their binding affinities, toxicity predictions, and pharmacological properties
assessed through ADME analyses (absorption, distributions, metabolism, and excretion).
These six compounds exhibited strong binding affinities, with binding energies ranging
from −12.31 kcal/mol to −10.93 kcal/mol, all showing higher affinities than the control,
tariquidar, which had a binding energy of −10.78 kcal/mol. Toxicity predictions indicated
favorable safety profiles for all six, while ADME analyses found that all six compounds
had high oral bioavailability and a low probability of acting as P-gp substrates. These
results position bioactive mushroom compounds, particularly these six, as promising P-gp
modulators, suggesting positive outcomes in cancer treatment.

Keywords: mushrooms; P-glycoprotein; virtual screening; multidrug resistance

1. Introduction
One of the main obstacles to the successful treatment of cancer is the control

of multidrug resistance (MDR). A protein expressed by the MDR1 gene, also called

Appl. Sci. 2025, 15, 8772 https://doi.org/10.3390/app15168772

https://doi.org/10.3390/app15168772
https://doi.org/10.3390/app15168772
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0001-8609-3575
https://orcid.org/0000-0002-7745-8015
https://orcid.org/0000-0003-4091-2226
https://orcid.org/0000-0002-6989-1169
https://doi.org/10.3390/app15168772
https://www.mdpi.com/article/10.3390/app15168772?type=check_update&version=2


Appl. Sci. 2025, 15, 8772 2 of 22

P-glycoprotein (P-gp) or ABCB1, which is a member of the B superfamily of ATP-binding
cassette transporter (ABCs), is one of the main causes of this phenomenon [1,2]. This
energy-dependent efflux pump, located in the plasma membrane, is responsible for
transporting substrates across the cell membrane [3,4]. Numerous tumor cell types have
already been found to have overexpressed P-gp, which acts by increasing the efflux of
chemotherapeutic drugs and reduces intracellular accumulation, thus decreasing the
drug’s efficacy [5]. Consequently, the failure of some chemotherapy treatments, including
doxorubicin, paclitaxel, and topotecan, which are mediated by this efflux mechanism,
is directly linked to the increased expression of P-gp [6]. P-gp is a polypeptide with
1280 residues and a mass of 170 kDa. P-gp’s structure consists of two nucleotide-binding
domains (NBDs) and two transmembrane domains (TMDs) (Figure 1) [3]. While the TMDs
are composed of six hydrophobic α-helices that allow the drug to cross the membrane
through internal and external conformations, the NBDs are necessary for the binding
and hydrolysis of ATP, which provides energy for the conformational change needed to
transport the drug out of the cells [7]. The operational process of P-gp includes switching
between inward- and outward-facing forms, in which ATP binds to the NBDs to initiate a
conformational change that allows the bound substrate’s release [3]. Given the importance
of P-gp in MDR, different methods have been investigated to increase the effectiveness of
drug administration. There are three ways to prevent P-gp activity: compounds blocking
the binding sites, interrupting ATP degradation, and altering the lipid structure of the
cell membrane [6]. There are currently three generations of P-gp inhibitors, but all of
them have some level of toxicity. The first generation (e.g., verapamil and cyclosporine A)
showed low MDR reversal activity and high toxicity; the second generation (e.g., biricodar)
showed greater efficacy but unpredictable drug interactions, limiting its use; and the third
generation (tariquidar) showed high specificity but also failed in clinical trials due to
toxicity [7,8]. Despite the efforts and advances made in developing P-gp inhibitors over
the last few decades, the first three groups of inhibitors failed in the clinical testing phase,
mainly due to the toxicity associated with the doses needed to block the action of P-gp [7].
Figure 2 shows the groups of inhibitors developed and their respective mechanisms of
action and generations. Acknowledging these compounds’ limitations, searching for
natural P-gp inhibitors has emerged as a promising strategy. Approximately 70% of current
anticancer drugs are derived from natural products [9]. Natural compounds, such as those
from plants and fungi, are considered less harmful in reversing tumor resistance due to
their relatively low toxicity to normal cells [2]. Thanks to this, and to the bioactive potential
of their secondary metabolites, mushrooms have been used for many years in traditional
Chinese medicine and have, therefore, often been considered a natural choice for cancer
treatment [10]. Numerous investigations have demonstrated that the bioactive substances
found in mushrooms can inhibit MDR [9,11–14]. Other studies have reported that these
compounds could act as effective modulators of P-gp, improving drug retention in resistant
cancer cells [15–18]. A recent systematic review published by our research group discussed
the potential of mushroom extracts in regulating P-gp expression [19]. Molecular docking
is widely used to predict the interactions between ligands and proteins, allowing potential
therapeutic targets to be analyzed [20]. Using this computational technique, this study
aimed to utilize a database of 211 bioactive mushroom compounds, which was part of a
database developed at the Polytechnic Institute of Bragança, located in the Trás-os-Montes
region of Portugal. This database was initially created in [21] and later updated and
extended in [22,23].
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Figure 1. The ABCB1 protein (P-glycoprotein) structure in complex with the Fab antibody MRK16
and the inhibitor tariquidar (PDB: 7A6E).

The relevance of bioactive compounds derived from mushrooms is especially
noteworthy in cancer research, given their therapeutic potential, as demonstrated in various
studies. These compounds, which include polysaccharides, terpenoids, and phenolic
derivatives, have shown the ability to induce apoptosis, modulate the immune response,
and inhibit tumor progression. Thus, this database constitutes a valuable tool for the
development of new treatment strategies and the advancement of cancer research. With the
aim of identifying promising modulators of P-pg protein activity, this study proposes an in
silico evaluation of the possible interactions between the compounds in this database and
the protein in a virtual environment. In addition, the toxicity predictions, pharmacokinetic
characteristics, and safety profiles of the compounds from the database were evaluated in
ADME studies. Through this approach, we identified six compounds with high predicted
efficacy against P-pg and low predicted toxicity, which could be promising candidates for
future in vitro studies.
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Figure 2. Generations of P-glycoprotein inhibitors and their respective mechanisms of action.
The table categorizes the compounds by generation and lists their respective mechanisms of
action, including competition for binding sites, the modulation of ATPase activity (stimulating
or inhibiting), and the regulation of P-gp expression (up or down). References for each
compound: Verapamil [11,12], Ciclosporin A [12,13], Vincristine [12], Reserpine [12], Quinidine [12],
Tamoxifen [12], (R)-Verapamil [12], Dexniguldipine [12], Elacridar [12,14], Biricodar [12],
Dofequidar [12], Trifluoperazine [12], Valspodar [12], Tariquidar [12,24], Zosuquidar [14,24],
Laniquidar [24,25], Ontogen [14,24], Mitotane [24,26], and Anamycin [24,27].

2. Materials and Methods
2.1. Molecular Docking
2.1.1. Database of Bioactive Mushroom Compounds

This study used the mushroom compound database initially created by CFR Ferreira
et al. (2010) [21] and later updated and extended by Borges (2018) [22] and Shiraishi
(2020) [23] (https://cshiraishi.github.io/LMW-Database/) (accessed on 29 January 2025).
The database includes 211 mushroom-derived compounds, which were the focus of this
work. The 3D structures of the compounds were generated using the DataWarrior
software (Version 06.04.02) [28] and then exported to the YASARA software [29] (Version
24.4.10), where the structures of the 211 compounds were prepared for subsequent
molecular docking.

2.1.2. Protein Structure Preparation

The structure of P-glycoprotein (PDB: 7A6E) [30] was obtained from the Protein Data
Bank. This structure was experimentally obtained by cryoelectron microscopy, with a
resolution of 3.60 Angstroms (Å). It was chosen as it is from Homo sapiens and is coupled to
tariquidar, a third-generation P-gp inhibitor. To prepare the structure of P-gp, we followed
a careful workflow. Initially, the 7A6E.pdb file was edited using the YASARA software

https://cshiraishi.github.io/LMW-Database/
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to remove binding molecules (such as the inhibitor tariquidar, cholesterol molecules, and
water) and unnecessary records (such as TER and CONNECT), resulting in a clean protein.
Next, we used a common text editor to review this process, ensuring the complete removal
of non-essential elements. After this step, the edited structure was subjected to energy
minimization using the YAMBER3 force field in YASARA, ensuring the stable and adequate
conformation of the protein for subsequent docking studies. Following these preparation
steps, a three-dimensional grid box was created in the region corresponding to the protein’s
active site based on the original location of the tariquidar inhibitor in the experimental
structure. The X, Y, and Z grid dimensions were 30 Å × 30 Å × 30 Å, and the selected center
of the grid box was positioned at coordinates X = 164, Y = 155, Z = 154 of the PDB structure
used (PDB: 7A6E). In addition, a membrane environment was built using the YASARA
script md_runmembrane.mcr, allowing a more accurate simulation of the protein’s behavior
in its native lipid bilayer context. The grid preparation steps were performed using the
YASARA software, and the scripts used are also available in YASARA [29]. In the membrane
model, we used phosphatidylethanolamine (PEA), a common lipid known for its stability.
The Z coordinates of the atoms indicated a mean plane around Z ≈ 0. PEA molecules
were evenly distributed across both leaflets, with 49.7% in the upper leaflet and 50.3% in
the lower leaflet. All lipids were assumed to be 1-palmitoyl-2-oleoyl by default. It was
recommended that the simulation be carried out at physiological pH (pH = 7.4). A 0.9%
NaCl solution, which is representative of a normal physiological configuration, was used
to define the ion concentration. A temperature of 298 K was used for the simulation.

2.1.3. Redocking and Validation

Redocking studies were performed using the AutoDock VINA algorithm [31]
integrated into the YASARA software [29]. We used the prepared 7A6E protein to validate
the active site. Tariquidar was rocked using blind site docking to confirm its interaction with
the expected binding site. The best poses were selected and compared with the tariquidar
co-crystallized in the original protein structure. The root mean square deviation (RMSD)
was calculated using the DockRMSD software [32] (https://zhanggroup.org/DockRMSD/)
(accessed on 5 February 2025). Based explicitly on all heavy atoms of the best docking
poses and the co-crystallized tariquidar conformation. The resulting RMSD value of 1.60 Å
corresponded to the structural deviation between these two conformations. Since this value
was below the commonly accepted threshold of 2 Å, it indicated that the docking method
was reliable.

2.1.4. Virtual Screening

Virtual screening was also carried out using the AutoDock VINA algorithm [31].
The database of 211 mushroom-derived bioactive compounds, represented in their 3D
structures, was processed with the previously prepared protein using the script YASARA
Dock_runscreening.mcr, an automated tool designed for large-scale docking screenings.
After running the script, the results of the simulations were visualized with the PyMOL
Molecular Graphics System, Version 3.0.5, Schrödinger, LLC [33], and the molecular
interactions were analyzed with the Protein Plus software [34] (https://proteins.plus)
(accessed on 10 February 2025). Initially, to define the active site, a three-dimensional grid
box was generated with grid dimensions of 30 Å, 30 Å, and 30 Å, adequately covering
the region of interest in the protein. The center of the box was positioned at coordinates
X = 164, Y = 155, Z = 154 of the PDB structure used (PDB: 7A6E), corresponding to the
location of the tariquidar inhibitor in the co-crystallized structure. All simulations were
performed using standard personal computer hardware, sufficient for molecular docking
and virtual screening tasks.

https://zhanggroup.org/DockRMSD/
https://proteins.plus
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2.2. Toxicity Prediction

The best-predicted toxic effect of the screened mushroom-derived database of
bioactive compounds was analyzed using the ProTox 3.0 software [35]. This software
evaluates the compounds’ toxicity by calculating several parameters, including organ
toxicity, such as hepatotoxicity, neurotoxicity, nephrotoxicity, respiratory toxicity, and
cardiotoxicity. In addition, ProTox 3.0 calculates toxicity endpoints such as carcinogenicity,
immunotoxicity, mutagenicity, cytotoxicity, blood–brain barrier (BBB) toxicity, ecotoxicity,
clinical toxicity, and nutritional toxicity. Regarding nuclear receptor signaling pathways,
the effects of each compound in different relevant proteins were also calculated, including
the aryl hydrocarbon receptor (AhR), androgen receptor (AR), ligand-binding domain
(AR-LBD), aromatase estrogen receptor alpha (ER), estrogen receptor ligand-binding
domain (ER-LBD), and peroxisome proliferator-activated receptor gamma (PPAR-Gamma).
Cellular stress response pathways were also investigated, including nuclear factor
(erythroid-derived 2)-like 2/antioxidant responsive element (nrf2/ARE), heat shock factor
response element (HSE), mitochondrial membrane potential (MMP), phosphoprotein
(tumor suppressor) p53, and ATPase family AAA domain-containing protein 5 (ATAD5).
The analysis of molecular initiating events included thyroid hormone receptor alpha
(THRα), thyroid hormone receptor beta (THRβ), transtyretrin (TTR), ryanodine receptor
(RYR), GABA receptor (GABAR), glutamate N-methyl-D-aspartate receptor (NMDAR),
alpha-amino-3-hydroxy-5-methyl-4-isoxazolepropionate receptor (AMPAR), kainate receptor
(KAR), acetylcholinesterase (AChE), constitutive androstane receptor (CAR), pregnane X
receptor (PXR), NADH-quinone oxidoreductase (NADHOX), the voltage-gated sodium
channel (VGSC), and Na+/I− symporter (NIS). Finally, the effect on the metabolism of
the compounds was analyzed, considering the cytochromes CYP1A2, CYP2C19, CYP2C9,
CYP2D6, CYP3A4, and CYP2E1. A qualitative score was created to classify the compounds,
in which the ‘inactive’ state received 1 point, indicating that the compound did not present
toxicity in the evaluated parameter, while the ‘active’ state received 0 points, indicating
toxicity. Thus, the higher the score, the less toxic the compound was, considering a
qualitative evaluation of the analyzed parameters. In this way, at the end of the evaluation,
the compounds with the highest scores exhibited less toxicity, helping to select those with
the most significant potential.

2.3. ADME Analysis

The bioactive compounds’ absorption, distribution, metabolism, and excretion
(ADME) predictions were carried out using the SwissADME software [36] (http://www.
swissadme.ch) (accessed on 5 March 2025). During this analysis, crucial parameters
were assessed, such as whether the compound was a P-gp substrate, gastrointestinal (GI)
absorption (GI), blood–brain barrier (BBB) permeability, and compliance with Lipinski’s
Rule of Five. Based on these parameters, a scoring system was created to classify the
compounds more objectively and qualitatively. In the case of P-gp, compounds that were
not substrates scored 2 points, while compounds that were substrates scored 0 points.
Regarding GI absorption, compounds with high absorption scored 1 point, while those
with low absorption scored 0 points. For BBB permeability, compounds that did not exceed
the BBB scored 1 point, while those that did exceed it scored 0. As for Lipinski’s Rule of Five,
if there was no violation of the conditions, the compounds received 2 points. If the software
signaled that a compound exhibited only one violation, the compound scored 1 point. If
the software gave a negative signal or there were one or more significant violations, the
compound scored 0 points. In this way, the compounds with the highest potency showed
the greatest potential for efficacy and safety.

http://www.swissadme.ch
http://www.swissadme.ch
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3. Results
3.1. Molecular Docking
3.1.1. Protein Structure and Redocking Validation

In this study, we adopted a layered approach where, at each stage, we selected the
most promising compounds, as diagrammed in Figure 3.

Figure 3. Bioactive mushroom compound screening pipeline.

The redocking analysis was carried out using the AutoDock VINA software [31],
and compounds were classified based on the binding energy (kcal/mol), which ranged
from −11.31 to −10.39 kcal/mol (Table S1, Supplementary Materials). After redocking the
isolated tariquidar with the 7A6E protein [30], we compared the pose obtained with the
poses (Table S2, Supplementary Materials) of the tariquidar co-crystallized in the original
protein structure, as shown in Figure 4A). The RMSD obtained was 1.60 Å. The main
interaction area included residues widely distributed in different protein domains, as shown
in Figure 4B), highlighting their relevance in molecular interactions. The results validate
the methodology and establish a solid basis for subsequent analyses of the interactions
between mushroom-derived bioactive compounds and the P-gp protein.
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Figure 4. Redocking of the isolated tariquidar with the P-gp protein (PDB: 7A6E). (A) shows the
redocking ligand in green and the co-crystallized ligand of the 7A6E protein in pink. (B) illustrates
the interaction area, highlighting residues distributed across different protein domains and their
contributions to molecular interactions.

3.1.2. Virtual Screening

An in silico analysis investigated the interaction between the database of bioactive
mushroom compounds and the P-pg (PDB: 7A6E) structure. The initial objective was to
perform a virtual screening to identify the compounds with the best-predicted affinity
for P-gp, highlighting the most promising P-gp inhibitor candidates. The mushroom
compound database, as detailed in Section 2, was used for screening [21–23]. The predicted
binding energy values, calculated using the AutoDock VINA docking software, were used
as a selection criterion, with lower values indicating greater predicted affinity between the
compounds and the P-pg protein.

The binding energies of the bioactive compounds ranged from −13.19 to 0.07 kcal/ mol
(Table S3, Supplementary Materials). With a binding energy of −10.78 kcal/ mol, the
well-known and potent P-gp inhibitor tariquidar was used as a positive control and
screening reference. The compounds with the highest binding energies compared to the
positive control were (22E,24S)-ergosta-4,22-dien-3-one (−12.31 kcal/mol), lanostanoid 4
(−13.19 kcal/mol), and lanostanoid 3 (−12.67 kcal/mol). Analyzing the complete database
of 211 compounds, 59 showed lower (more negative) predicted binding energies than
the tariquidar used as a control, indicating a better predicted binding affinity to the P-gp
protein (Table 1). Other compounds, such as ergosterols, also showed higher affinity,
with ergosterol showing a predicted binding energy of −12.31 Kcal/mol, well below
the value obtained for tariquidar of −10.78 kcal/mol. Regarding the molecular contact
surface (Con.Surf[A2]), the control tariquidar stood out with a larger area (633.75 A2)
compared to the other compounds from the database. This value is due to its large
and bulk structure (Figure 5). From the mushroom database, some compounds, such
as officimalonic acids C (554.09 A2) and officimalonic acids E (550.17 A2), also presented
large areas, albeit still lower than that of tariquidar. On the other hand, molecules such as
ergosta-4,6,8(14),22-tetraen-3-one (367.21 A2) and (22E)-19-norergosta-5,7,9,22-tetraen-3β-ol
(384.84 A2) exhibited more compact surfaces.
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Figure 5. Best mushroom-derived bioactive compounds interacting with the P-gp protein (PDB:
7A6E), evaluated in comparison with the tariquidar control. (1a,2a,3a,4a,5a,6a) illustrate the
compounds compared to the control, while (1b,2b,3b,4b,5b,6b) show only the isolated compounds.
Ergosta-4,6,8(14),22-tetraen-3-one ((1a) compared to control and (1b) isolated compound), lucidumol
A ((2a) compared to control and (2b) isolated compound), antcin K ((3a) compared to control
and (3b) isolated compound), (22E,24S)-ergosta-4,22-dien-3-one ((4a) compared to control and (4b)
isolated compound), 3,11-dioxolanosta-8,24(Z)-diene-26-oic acid ((5a) compared to control and (5b)
isolated compound), and (22E)-19-norergosta-5,7,9,22-tetraen-3β-ol ((6a) compared to control and
(6b) isolated compound).

Table 1. Compounds with better binding energies.

Compound Name Predicted Binding Energy [kcal/mol] Con.Surf [Å2]

121 Lanostanoid 4 −13.19 470.73
120 Lanostanoid 3 −12.67 495.39

4 (22E,24S)-Ergosta-4,22-dien-3-one −12.31 461.12
177 Ergosterol −12.27 462.35
68 Inoscavin A −12.22 445.33
7 (22E)-19-Norergosta-5,7,9,22-tetraen-3β-ol −12.15 384.84

111 Officimalonic acids D −12.09 565.94
1 +E4:F38(3β,5α,8α,22E,24S)-5,8-Epidioxyergosta-6,9(11),22-trien-3-ol −12.07 448.19

21 9,11-Dehydroergosterol peroxide −12.04 449.10
10 (22E)-Ergosta-5,7,22-trien-3β-ol −12.01 457.70
9 (22E)-5α,6α-Epoxyergosta-8,14,22-triene-3β,7β-diol −11.98 447.32
3 3β,5α,8α,22E)-5,8-Epidioxyergosta-6,22-dien-3-ylβ-D-glucopyranoside −11.93 506.27
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Table 1. Cont.

Compound Name Predicted Binding Energy [kcal/mol] Con.Surf [Å2]

12 (3β,5α,22E)-Ergosta-7,22,24(28)-trien-3-ol −11.92 455.67
23 Eburicoic acid −11.91 467.92
32 Ergosterol peroxide −11.87 465.10
168 3-Oxo-24-methyl-5α-lanost-8,25-dien-21-oic acid −11.86 476.27
171 22E-5α-Ergost-7,9(11),22-trien-3β-ol −11.84 466.39
154 3,11-Dioxolanosta-8,24(Z)-diene-26-oic acid −11.81 444.14
194 Ganoderic Acid T −11.74 587.44
124 Acetyl-3-oxo-sulfurenic acid (64) −11.74 512.85
17 5α,6α-Epoxy-24(R)-methylcholesta-7,22-dien-3β-ol −11.73 437.11
190 Ganoderic Acid H −11.66 503.58
112 Officimalonic acids E −11.66 550.17
48 Colossolactone H (Colo H) −11.64 469.63
178 Ergosta-4,6,8(14),22-tetraen-3-one −11.59 367.21
114 Officimalonic acids G −11.52 562.15
193 Ganoderic Acid Y −11.49 459.87
20 5α,6α-Epoxyergosta-8(14)-ene-3β,7α-diol −11.48 455.29
139 Inonotsuoxides A −11.48 438.71
181 Cerevisterol −11.46 441.80
13 24-Ethylcholesta-5,22-dien-3β-ol −11.33 390.82
28 Estelasterol −11.31 408.88
191 Ganoderic Acid W −11.30 533.11
19 5α,8α-Epidioxy-24(R)-methylcholesta-6,22-dien-β-ol −11.29 426.07
195 Polyporenic acid C −11.28 472.30
182 Lucidumol A −11.26 507.86
144 Chagabusone A −11.23 466.75
34 Polyporusterone A −11.22 466.28
45 Aurisin A −11.18 429.27
126 Inonotusol B −11.14 443.88

6 (22E)-6β-Methoxyergosta-7,22-diene-3β,5α-diol −11.11 463.33
132 Spiroinonotsuoxodiol −11.06 469.46
192 Ganoderic Acid X −11.04 492.63
27 Eringiacetal A −11.00 388.48
189 Ganoderic acid F −11.00 481.37
110 Officimalonic acids C −10.99 554.09
118 Lanostanoid 1 (58) −10.95 472.98
133 Inonotsudiol A −10.95 455.79
26 Antcin K −10.93 496.48
140 Inonotsuoxides B −10.92 426.16
102 Piptolinic acid E −10.92 487.53

8 (22E)-3β,5α,9α-Trihydroxyergosta-7,22-dien-6-one −10.91 410.35
18 5α,8α-Epidioxy-24(R)-methylcholesta-6,22-dien-3β-D-glucopyranoside −10.88 554.78
130 Inonotusol F −10.87 451.37
113 Officimalonic acids F −10.87 549.20
11 (22E)-Ergosta-7,22-dien-3β-ol −10.86 425.94
119 Lanostanoid 2 −10.85 502.87
134 Inonotsuoxodiol A −10.79 478.10
22 Dehydroeburicoic acid −10.79 480.87

Control Tariquidar −10.78 633.80

Only the compounds with the best classification are shown in this table. Complete table available in
Supplementary Materials.

3.2. Toxicity Prediction

The compounds evaluated were classified into different toxicity categories based
on the predicted LD50 values (lethal doses for 50 percent of individuals), and the scale
included six classes (Table 2). The compounds defined as class 6, which contains six
compounds, have a predicted LD50 of more than 10,000 mg/kg, which indicates low
toxicity. Class 5 includes 18 compounds with an LD50 between 5000 and 10,000 mg/kg,
considered potentially dangerous at higher concentrations. Class 4 has 21 compounds with
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a predicted LD50 between 500 and 5000 mg/kg, which are considered possibly harmful.
Nine substances in class 3 are considered dangerous and have a predicted LD50 value
between 50 mg/kg and 500 mg/kg. Class 2 includes six compounds with a predicted LD50

below 50 mg/kg, which are considered highly toxic and can be fatal if ingested. Notably,
in this screening, we did not identify any compound with LD50 ≤ 5 mg/kg, which is
considered to indicate lethality at such low doses. The organ-specific toxicity analysis
revealed that most compounds exhibited a low probability of causing liver damage, and
all compounds were classified as inactive for hepatotoxicity (Table S4, Supplementary
Materials). However, some compounds showed activity in other organs, such as ergosterol
and (22E)-ergosta-5,7,22-trien-3β-ol, both associated with neurotoxicity. For nephrotoxicity,
officimalonic acid C was identified as toxic. For respiratory toxicity, most of the compounds
were predicted to be toxic, suggesting a significant impact on the respiratory system.
At the same time, cardiotoxicity was less prevalent, with polyporusterone A presenting
a low risk. The control tariquidar, with predicted active toxicity in terms of both
nephrotoxicity and respiratory toxicity, and ergosterol, with active predicted toxicity in
multiple systems, deserve to be highlighted due to their combined toxicity profile. The
analysis of the predicted toxicity endpoints indicated that several bioactive compounds
may present carcinogenic potential (Table S4, Supplementary Materials). Although most
compounds showed low predicted immunotoxicity, some indicated immunotoxicity, such
as polyporenic acid C. These results suggest that certain compounds may impact the
immune system. The analyses revealed that most of the compounds evaluated did not
show significant mutagenicity, which is beneficial for their development as therapeutic
agents. Most compounds showed low predicted cytotoxicity, except for piptolinic acid E,
which showed more significant cytotoxic activity. These results indicate that, although
some compounds may present toxicity at specific endpoints, many have acceptable
toxicological profiles, reinforcing their potential. An analysis of the predicted activity of the
mushroom-derived database of compounds against nuclear receptors revealed significant
potential in various signaling pathways related to hormonal, metabolic, and inflammatory
processes. Compounds such as ganoderic acid (T, W, and X), officimalinic acid, and other
lanostanoid derivatives demonstrated active toxicity towards androgen receptors (ARs)
and the androgen receptor ligand-binding Domain (AR-LBD). In contrast, compounds such
as (22E)-19-norergosta-5,7,9,22-tetraen-3β-ol, inonotsudiol A, inonotsuoxodiol A, eburicoic
acid, ganoderic acid Y, and others were predicted to be inactive regarding the receptors
evaluated. Analyzing the predicted activity in cellular stress response pathways revealed
that, although most of the compounds tested did not show activity, some did show toxicity
in specific pathways, such as Nrf2/ARE, HSE, and MMP. As an example, inonotusol B and
polyporenic acid C showed predicted toxicity in multiple pathways. Notably, none of the
compounds tested were predicted to be toxic to p53, which is essential when considering
anticancer therapies. Analyses of molecular initiating events revealed that several
bioactive compounds, such as ganoderic acid T and ganoderic acid W, showed predicted
activity against GABA receptors and pregnane X receptor (PXR). Meanwhile, other
compounds, such as 5α,8α-epidioxy-24(R)-methylcholesta-6,22-dien-3β-D-glucopyranoside,
polyporusterone A, lucidumol A, and antcin K, proved to be inactive regarding various
receptors. Most of the compounds evaluated were predicted to be inactive against CYP1A2,
CYP2C19, CYP2C9, CYP2D6, CYP3A4, and CYP2E1, enzymes belonging to the cytochrome
P450 (CYP) family, which are essential for the metabolism of medications and other chemical
substances in the body [37]. However, some compounds showed specific toxicity in
certain isoforms. For example, ergosta-4,6,8(14),22-tetraen-3-one was predicted to be
toxic to CYP2C9. Other compounds, such as inonotsol F and the control tariquidar,
showed active toxicity to CYP3A4. It is worth noting that many compounds showed
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no significant metabolic toxicity in the isoenzymes analyzed, indicating a possible low
interaction profile. Based on the methodology described, where ‘inactive’ compounds
scored 1 and ‘active’ compounds scored 0, the final score offers a qualitative parameter to
assess the potential for toxicity, where higher-scoring compounds are considered less toxic
and more promising for therapeutic use. The compounds ergosta-4,6,8(14),22-tetraen-3-one
and 5α,8α-epidioxy-24(R)-methylcholesta-6,22-dien-3β-D-glucopyranoside, with scores of
309, stand out, with the highest scores, suggesting that they have lower potential for toxicity
(Table 2). The complete analysis with all scores for each compound is shown in Table S4
of the Supplementary Materials. On the other hand, compounds with lower scores, such
as 3-Oxo-24-methyl-5α-lanost-8,25-dien-21-oic acid (score 124) and officimalonic acids C
(score 125), show greater potential for adverse effects and are predicted to be more toxic.
Tariquidar, used as a control, obtained a score of 217, a relatively low value. From this
comparison, 31 compounds presented a higher score than tariquidar and were predicted to
be less toxic and, therefore, were selected for the next screening phase. The final score thus
helps to prioritize compounds with the lowest risks of toxicity and the most significant
potential for therapeutic application.

Table 2. Toxicity predictions.

Compound Name Predicted Toxicity Class Predicted LD50 Final Score

178 Ergosta-4,6,8(14),22-tetraen-3-one 6 10,000 mg/kg 309

18 5α,8α-Epidioxy-24(R)-methylcholesta-6,22-
dien-3β-D-glucopyranoside 6 39,800 mg/kg 309

34 Polyporusterone A 6 9000 mg/kg 307
182 Lucidumol A 6 5010 mg/kg 306
26 Antcin K 6 9000 mg/kg 305
126 Inonotusol B 6 9000 mg/kg 303

3 3β,5α,8α,22E)-5,8-Epidioxyergosta-6,22-dien-3-ylβ-
D-glucopyranoside 5 4000 mg/kg 264

4 (22E,24S)-Ergosta-4,22-dien-3-one 5 2300 mg/kg 263
130 Inonotusol F 5 5000 mg/kg 263
154 3,11-Dioxolanosta-8,24(Z)-diene-26-oic acid 5 3389 mg/kg 262
139 Inonotsuoxides A 5 3520 mg/kg 262
45 Aurisin A 5 2500 mg/kg 262
140 Inonotsuoxides B 5 3520 mg/kg 262
124 Acetyl-3-oxo-sulfurenic acid (64) 5 5000 mg/kg 261
17 5α,6α-Epoxy-24(R)-methylcholesta-7,22-dien-3β-ol 5 5000 mg/kg 261
181 Cerevisterol 5 2340 mg/kg 261
19 5α,8α-Epidioxy-24(R)-methylcholesta-6,22-dien-β-ol 5 5000 mg/kg 261
6 (22E)-6β-Methoxyergosta-7,22-diene-3β,5α-diol 5 2340 mg/kg 260

194 Ganoderic Acid T 5 3000 mg/kg 259
111 Officimalonic acids D 5 3267 mg/kg 258
191 Ganoderic Acid W 5 3000 mg/kg 258
192 Ganoderic Acid X 5 5000 mg/kg 258
113 Officimalonic acids F 5 3267 mg/kg 258
195 Polyporenic acid C 5 5000 mg/kg 257
121 Lanostanoid 4 4 1000 mg/kg 218

7 (22E)-19-Norergosta-5,7,9,22-tetraen-3β-ol 4 590 mg/kg 218
133 Inonotsudiol A 4 2000 mg/kg 218
134 Inonotsuoxodiol A 4 1000 mg/kg 218
23 Eburicoic acid 4 1000 mg/kg 217
193 Ganoderic Acid Y 4 1000 mg/kg 217
13 24-Ethylcholesta-5,22-dien-3β-ol 4 890 mg/kg 217

Control Tariquidar 4 1570 mg/kg 217

Only the compounds with the best classification are shown in this table. Complete table available in
Supplementary Materials.
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3.3. ADME Analysis

Based on the analyses of the ADME parameters and the scoring system described
above, it was possible to identify bioactive compounds with different pharmacokinetic
profiles (Table 3). An ADME score was calculated based on the predicted pharmacokinetic
properties of the compounds, and a scale from 1 to 4 was calculated as described before. Of
the 31 compounds selected in the toxicity prediction analysis, six compounds presented
the highest ADME scores (ADME score = 4): ergosta-4,6,8(14),22-tetraen-3-one, antcin
K, 3,11-dioxolanosta-8,24(Z)-diene-26-oic acid, lucidumol A, (22E)-19-norergosta-5,7,9,22-
tetraen-3β-ol, and (22E,24S)-ergosta-4,22-dien-3-one. In general, these six compounds
presented good oral bioavailability, as suggested by their high predicted GI absorption
values. In the analysis, only four compounds did not prove to be P-gp substrates,
three of which were classified among the six most promising in this screening, as well
as the positive control tariquidar. Among the six most promising compounds, three
showed a violation of Lipinski’s Rule. The compounds (22E,24S)-ergosta-4,22-dien-3-one
and (22E)-19-norergosta-5,7,9,22-tetraen-3β-ol showed Moriguchi octanol–water partition
coefficient (MLOGP) values > 4.15, indicating high lipophilicity. In addition, the compound
(22E)-19-norergosta-5,7,9,22-tetraen-3β-ol had a molecular weight (MW) > 500 g/mol,
indicating a relatively high mass. Potential to cross the BBB was demonstrated
by the compounds ergosta-4,6,8(14),22-tetraen-3-one, (22E,24S)-ergosta-4,22-dien-3-one,
and (22E)-19-norergosta-5,7,9,22-tetraen-3β-ol. Polyporusterone A, inonothoxides A/B,
acetyl-3-oxo-sulfurenic acid (64), cerevisterol, (22E)-6β-methoxy-ergosta-7,22-diene-3β,5α-diol,
ganoderic acid X, officimalonic acids F, polyporenic acid C, and inonothoxodiol A
were among the compounds with an ADME classification score of 3. Except for
polyporusterone A, which showed minimal absorption, they all showed high GI absorption
and were considered P-gp substrates. In the evaluation of Lipinski’s Rule, there was
one violation, generally related to MLOGP > 4.15, and, in the case of officimalonic
acids F, the molecular weight (MW) > 500 daltons. Among the compounds analyzed
through the virtual screening pipeline implemented, six compounds stood out as
exhibiting superior P-gp predicted binding energies, favorable toxicological profiles,
and promising ADME characteristics: ergosta-4,6,8(14),22-tetraen-3-one (Figure 5(1a,1b)),
lucidumol A (Figure 5(2a,2b)), antcin K (Figure 5(3a,3b)), (22E,24S)-ergosta-4,22-dien-3-one
(Figure 5(4a,4b)), 3,11-dioxolanosta-8,24(Z)-diene-26-oic acid (Figure 5(5a,5b)), and
(22E)-19-norergosta-5,7,9,22-tetraen-3β-ol (Figure 5(6a,6b)). These six compounds consistently
demonstrated high values across various favorable parameters, suggesting their viability
for therapeutic applications. They are strong candidates for further investigation.

Table 3. ADME analysis results.

Compound Name P-gp Substrate GI Absorption50 BBB Permeant Lipinski’s
Rule of Five ADME Score

178
Ergosta-4,
6,8(14),22-
tetraen-3-one

No High Yes
Yes; 1
violation:
MLOGP > 4.15

4

182 Lucidumol A Yes High No Yes; 0
violations 4
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Table 3. Cont.

Compound Name P-gp Substrate GI Absorption50 BBB Permeant Lipinski’s
Rule of Five ADME Score

26 Antcin K Yes High No Yes; 0
violations 4

4
(22E,24S)-
Ergosta-4,22-
dien-3-one

No High Yes
Yes; 1
violation:
MLOGP > 4.15

4

154

3,11-
Dioxolanosta-8,
24(Z)-diene-26-
oic acid

Yes High No Yes; 0
violations 4

7

(22E)-19-
Norergosta-
5,7,9,22-tetraen-
3β-ol

No High Yes
Yes; 1
violation:
MLOGP > 4.15

4

Control Tariquidar No Low No
Yes; 1
violation:
MW > 500

4

Only the compounds with the best classification are shown in this table. Complete table available in
Supplementary Materials.

4. Discussion
Cancer is one of the greatest causes of death worldwide, with estimates pointing to a

significant increase in the number of new cases, which is expected to reach 35 million
by 2050 [38]. Chemotherapy remains the primary therapeutic strategy in the fight
against cancer, but multidrug resistance (MDR) compromises its effectiveness in around
90% of cases. The reason for this is that tumor cells develop resistance to antitumor
compounds, leading to tumor cell invasion and metastasizing [39,40]. The overexpression
of P-glycoprotein (P-gp) promotes the efflux of chemotherapeutic drugs from tumor
cells, reducing their intracellular concentrations and efficacy. This MDR mechanism,
which has already been identified in various types of cancer, impairs the efficacy of
routinely used drugs such as doxorubicin, 5-fluorouracil, paclitaxel, and cisplatin [40,41].
Searching for natural compounds, such as those derived from mushrooms, is promising
because they exhibit an MDR inhibition capacity while maintaining low toxicity, indicating
potential to enhance the efficacy of cancer treatments. Molecular docking is a valuable tool
for predicting interactions between bioactive substances and molecular targets, offering
insights into their mechanisms of action. This method efficiently predicts ligand–receptor
affinities by evaluating the binding energy. Lower binding energies indicate stronger and
more stable interactions, which are crucial in identifying promising compounds [42–44].
This method was first validated by redocking tariquidar against P-gp (PDB: 7A6E), which
produced an RMSD value of 1.60 ÅṪhis result confirms the docking predictions’ accuracy
and the methodology’s robustness. RMSD values less than 2 Å are typically ideal in
verifying the conformance and guaranteeing the reliability of the used model [45].

After validation, the first screening stage of this work was to apply the molecular
docking technique to predict the P-gp inhibition of the 211 compounds present in the
mushroom database [21–23]. The analysis results are summarized in Figure 6, which
presents an integrated heat map showcasing the predicted binding energy, toxicity
prediction, and ADME performance for the top-ranking tested compounds. The
results showed a wide range of potential interactions with P-gp, with binding energies
ranging from −13.19 to 0.07 kcal/mol. The compounds with the strongest among those
analyzed were lanostanoid 4 (−13.19 kcal/mol), lanostanoid 3 (−12.673 kcal/mol), and
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(22E,24S)-ergosta-4,22-dien-3-one (−12.31 kcal/mol). Notably, of the 211 compounds
present in the database, 59 compounds showed lower binding energies compared to
the positive control, tariquidar (−10.78 kcal/mol), a strong and well-known P-gp
inhibitor [44], indicating greater potential for these compounds. Figure 6 presents the
results of 31 compounds that presented lower predicted binding energies and better
predicted toxicity profiles. The analysis of the molecular contact surface (Con.Surf[A2])
provides information about the degree of physical interaction between the ligand
and the receptor. Greater contact surface areas indicate more extensive interactions,
which may favor the stability of the complex. Tariquidar exhibited the largest contact
surface (633.75 A2) and is defined as a molecule with a large molecular surface area.
However, other compounds, such as officimalonic acids G (562.15 A2), officimalonic
acids D (565.94 A2), and ganoderic acid T (587.44 A2) also showed significative areas,
demonstrating their strong interaction capacity. On the other hand, compounds such as
ergosta-4,6,8(14),22-tetraen-3-one (367.21 A2), (22E)-19-norergosta-5,7,9,22-tetraen-3β-ol
(384.84 A2), and eringiacetal A (388.48 A2) showed lower values, indicating less extensive
interactions. To choose the least harmful compounds, toxicity prediction was performed
in the second step, considering the 59 compounds with the lowest binding energies in
the previous phase. Of these 59 compounds, 31 were predicted to be less toxic when
compared to the control. In our toxicity predictions, most compounds showed a low
probability of causing liver damage. On the other hand, it was found that many may
be potentially neurotoxic and toxic to the respiratory system. In a previous study, an
ergosterol derivative, ergosta-7,9(11),22-trien-3β-ol, isolated from the mycelium of Antrodia
camphorate, was administered to male rats in three groups for six weeks to assess its
effects on ergogenic function and fatigue. According to the data, supplementation with
ergosta-7,9(11),22-trien-3β-ol did not cause histological changes in the primary organs
evaluated (i.e., liver, muscle, heart, kidney, lung, and epididymal fat pad) [46]. These results
corroborate our findings, since compounds such as ergosterol and (22E)-ergosta-5,7,22-trien-
3β-ol did not show hepatotoxicity, cardiotoxicity, or nephrotoxicity. On the other hand, the
results are contradictory with regard to respiratory toxicity. With regard to nephrotoxicity,
some compounds stood out as having high predicted toxicity, associated with low LD50

values. However, several other compounds also showed significant toxicity. The most
concerning compounds are colossolactone H (LD50 = 9 mg/kg) and officimalonic acids C
(LD50 = 10 mg/kg), followed by officimalonic acids G (LD50 = 79 mg/kg) and ganoderic
acid H (LD50 = 200 mg/kg). However, one study showed that a triterpenoid, ganoderic acid
A, has the ability to relieve kidney inflammation in mice, improving kidney function by
regulating antioxidant activity (Trx/TrxR, GSH, SOD, GPx) and inhibiting the JAK2/STAT3,
RhoA/ROCK, NF-kB, and TGF-β/Smad3 pathways [47]. In another study, ganoderic
acid was able to protect against renal lesions caused by ischemia–reperfusion, reducing
inflammation by inhibiting TLR4/MyD88/NF-kB and reducing apoptosis, as evidenced by
the reduction of caspases-3 and -8 and inhibition of apoptosis in the mice [48]. Regarding
colossolactone H, no studies were found evaluating the nephrotoxicity of this compound.
However, a study showed that this triterpenoid isolated from Ganoderma colossum exhibited
high cytotoxicity, interfering with the cell cycle, causing apoptosis, and increasing ROS,
thus resulting in DNA damage and the activation of the p53 protein, as well as exhibiting
synergistic action with gefitinib, reducing tumors in resistant cells and in mouse models [49].
Most of the compounds analyzed were classified as active, which suggests a considerable
impact on the respiratory system. All compounds except ergosta-4,6,8(14),22-tetraen-3-one
showed inactive toxicity. This general trend indicates potential respiratory risks that require
further research within a safety analysis. The compounds vary in their toxicity endpoints.
With regard to carcinogenicity, 35 compounds showed toxic activity and 25 showed no
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toxicity. With regard to toxicity to the immune system, most compounds showed active
toxicity, while only 10 compounds demonstrated inactive toxicity. On the other hand,
mutagenic activity was non-existent for most of the compounds, with the exception of
piptolinic acid E, which showed active cytotoxicity. Regarding the BBB barrier, most of
the compounds showed potential toxicity, but only four showed inactive toxicity. Many
compounds were innocuous in terms of ecotoxicity, but 15 may have some effect on the
environment. Regarding clinical and nutritional toxicity, most of them pose some danger
to human health. The results of the evaluation of toxicity in the nuclear receptor signaling
pathways showed that all compounds analyzed did not show toxicity towards receptors
such as AhR, ER-LBD, aromatase, and PPAR-Gamma, indicating reduced potential for
interference in the endocrine and metabolic systems. With regard to the ER receptor, only
officimalonic C and ganoderic T acids showed toxic activity. As for the AR and AR-LBD
receptors, there was a more marked variation in the results, suggesting variations in the
interactions of the compounds with these targets. The results showed that most of the
compounds analyzed regarding the stress response pathways exhibited inactive toxicity
in the markers evaluated, indicating low potential to cause stress in cells. Notably, no
compounds exhibited active toxicity in the p53 and ATAD5 markers, which is significant
as it suggests a lack of interference in critical pathways for tumor suppression and the
maintenance of DNA integrity, which are essential factors in preventing carcinogenesis.
The tumor suppressor p53 is often called the ’guardian of the genome’ because of its crucial
role in preserving genomic stability [50]. ATAD5 also plays a vital in preserving genomic
stability [51]. The toxic inactivity profile indicates a rescued risk of causing or promoting
cancer, corroborating the genomic safety of the compounds. In the prediction of toxicity in
molecular initiating events, all compounds showed inactive toxicity regarding the THRβ,
RYR, NMDAR, AMPAR, KAR, CAR, VGSC, and NIS receptors. However, regarding the
THRα receptor, the compounds ganoderic acid W, H, X, and F, aurisin A, inoscavin A,
lanostanoid 3, and officimalonic acids F, E, and G showed active toxicity. In the TTR, only
aurisin A, inoscavin A, and lanostanoid 3 showed active toxicity. For the GABA receptor,
most of the compounds showed inactive toxicity, but 47 of the compounds were active.
With regard to AChE, only the compounds tariquidar and colossolactone H showed active
toxicity. In NADHOX, the compounds (3β,5α,8α,22E)-5,8-epidioxyergosta-6,22-dien-3-yl
β-D-glucopyranoside, eringiacetal A, officimalonic acids C, and colossolactone H showed
active toxicity. For the PXR receptor, there was greater variability. In the toxicity assessment
in terms of metabolism, all compounds were considered non-toxic to the cytochromes
CYP1A2, CYP2C19, CYP2D6, and CYP2E1—enzymes that perform essential functions in the
metabolism of medicines and substances [37]. However, 12 compounds showed toxicity to
cytochrome CYP2C9. The control tariquidar and compound inonotusol F showed toxicity to
cytochrome CYP3A4. Finally, the pharmacokinetic characteristics were evaluated to identify
promising modulators of P-gp activity. Based on the analyses of the ADME parameters
and the scoring system developed, it was possible to identify that six compounds
showed better pharmacokinetic potential than our control. The compounds with the
highest scores (ADME = 4) and selected as the most promising from this screening were
ergosta-4,6,8(14),22-tetraen-3-one, lucidumol A, antcin K, (22E,24S)-ergosta-4,22-dien-3-one,
3,11-dioxolanosta-8,24(Z)-diene-26-oic acid, and (22E)-19-norergosta-5,7,9,22-tetraen-3β-ol,
which obtained the same scores as the control, tariquidar. These compounds stood
out for their excellent oral bioavailability, proven by their predicted high absorption
in the GI system. Furthermore, as they are not P-gp substrates, their efficacy in
therapies against resistance mediated by this protein is likely to be increased. Only the
sterol derivatives (ergosta-4,6,8(14),22-tetraen-3-one; (22E,24S)-ergosta-4,22-dien-3-one, and
(22E)-19-norergosta-5,7,9,22-tetraen-3β-ol) could cross the BBB. Some P-gp modulators
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are competitive inhibitors of the ability of anticancer drugs to bind to P-gp. However,
they are also P-gp substrates and are expelled from cells [52]. Only the compounds
(22E,24S)-ergosta-4,22-dien-3-one and (22E)-19-norergosta-5,7,9,22-tetraen-3β-ol violated
Lipinski’s Rule of Five—specifically, the criterion MLOGP > 4.15—indicating high
lipophilicity. Additionally, the control compound tariquidar violated the rule regarding
the molecular weight (MW > 500 Da). Although they pose a challenge, these violations
are common in natural products, which often have high biological potential. Optimization
strategies can overcome these limitations. Tariquidar is an example of this; despite its
violations and toxicity, it has progressed to clinical trials. Therefore, such cases should
be evaluated flexibly in the early stages of development. This research’s findings align
with previous studies that have shown that cancer cells with microRNA-378 are more
aggressive and resistant to drugs, requiring higher doses of chemotherapy to be eradicated.
However, therapy with ergosterol peroxide, obtained from Ganoderma lucidum, overcomes
this resistance, inducing the cell’s death more efficiently, even at lower doses [53]. In a
more recent study, an ethanolic extract of Ganoderma lucidum showed an ability to reverse
MDR in cells and mice with resistant hepatocellular carcinoma, inhibiting the activity of
P-gp without modifying its expression levels [54]. Although no studies have been found on
the modulation of P-gp by the compound ergosta-4,6,8(14),22-tetraen-3-one, some studies
have highlighted the antitumor potential of this compound and its derivatives. One study
demonstrated antiproliferative activity in hepatocellular carcinoma cells (HepG2), induced
by caspase-mediated apoptosis, with the interruption of the cell cycle in G2/M and changes
in the regulation of Bax and Bcl-2 [55]. In another study, the same compound extracted
from Antrodia cinnamomea reduced cancer-initiating cells in head and neck carcinoma,
inhibiting STAT3 and Src, promoting cell differentiation, and restoring chemosensitivity in
combination with chemotherapy [56]. We found no specific studies evaluating lucidumol A
in the modulation of P-gp. However, research has shown that lucidumol D, extracted from
Ganoderma lingzhi, exhibits selective cytotoxicity towards the MCF-7, HepG2, HeLa, Caco-2,
and HCT-116 cancer cell lines [57]. Additionally, in another study, lucidumol A extracted
from Ganoderma lucidum was shown to have an effective anticancer and anti-inflammatory
effects against colorectal cancer and RAW264.7 cells. In in vitro studies, this compound
reduced the metastatic potential at low concentrations and reduced inflammatory markers
and cytokine levels in RAW264.7 cells subjected to treatment [20]. It is important to note
that these cell lines were not described by the authors as cells with the overexpression of
P-gp. The results of this study and previous research show that certain compounds from
mushrooms may overcome MDR. These compounds are predicted to have a high affinity
for P-gp, exhibit low toxicity, and have interesting pharmacokinetic properties, suggesting
that they may render cancer cells more sensitive to chemotherapy treatments, according to
molecular docking studies. These findings imply that these substances could be used as
possible aids in cancer therapy, increasing the effectiveness of medication and decreasing
the resistance to traditional treatments. This in silico work provides a predictive model,
but more research is needed to elucidate and validate the therapeutic safety of these drugs.
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Figure 6. Integrated heat map showing the results regarding the binding energies, toxicity predictions,
and ADME properties of mushroom compounds studied for interactions with the P-gp protein. Each
row represents a compound identified by its name and code, while the columns indicate their
performance in each parameter evaluated. The coloring varies from darker shades, which represent
better performance (lower binding energy and greater safety/reduced toxicity), to lighter shades,
which indicate lower efficiency. The compounds are ranked in order of overall performance, with
an emphasis on those with the greatest potential for interacting with P-gp. The positive control
(tariquidar) is included for comparison.
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5. Conclusions
Based on the results obtained, this study identified six mushroom compounds as potential

modulators of P-glycoprotein (P-gp), an important target in overcoming multidrug resistance
(MDR) in tumor cells. The compounds ergosta-4,6,8(14),22-tetraen-3-one, lucidumol A,
antcin K, (22E,24S)-ergosta-4,22-dien-3-one, 3,11-dioxolanosta-8,24(Z)-diene-26-oic acid, and
(22E)-19-norergosta-5,7,9,22-tetraen-3β-ol showed the best binding affinities, low predicted
toxicity, and favorable pharmacokinetic properties. These findings provide a solid basis
for further experimental investigations to contribute to advancements in the efficacy of
oncological treatments.
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