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Abstract: Cannabinoid receptor ligands are renowned as being therapeutically crucial for treating
diverse health disorders. Phenylspirodrimanes are meroterpenoids with unique and varied structural
scaffolds, which are mainly reported from the Stachybotrys genus and display an array of bioactivities.
In this work, 114 phenylspirodrimanes reported from Stachybotrys chartarum were screened for their
CB2 agonistic potential using docking and molecular dynamic simulation studies. Compound 56
revealed the highest docking score (−11.222 kcal/mol) compared to E3R_6KPF (native agonist,
gscore value −12.12 kcal/mol). The molecular docking and molecular simulation results suggest that
compound 56 binds to the putative binding site in the CB2 receptor with good affinity involving key
interacting amino acid residues similar to that of the native ligands, E3R. The molecular interactions
displayed π–π stacking with Phe183 and hydrogen bond interactions with Thr114, Leu182, and
Ser285. These findings identified the structural features of these metabolites that might lead to the
design of selective novel ligands for CB2 receptors. Additionally, phenylspirodrimanes should be
further investigated for their potential as a CB2 ligand.

Keywords: fungi; phenylspirodrimanes; Stachybotrys; cannabinoid receptors; industrial development;
molecular docking; life on land

1. Introduction

The endocannabinoid system (ECS) is a complex cell-signaling system involved in
many functional activities in the body. The ECS consists of cannabinoid receptor 1 (CB1)
and cannabinoid receptor 2 (CB2), which are both G-coupled receptors. CB1 is primarily
expressed in the central nervous system (CNS). CB2 is expressed in the peripheral im-
mune system. [1,2] ECS has attracted attention as a pharmacological target for several
pathological conditions, such as pain, neurodegenerative, and autoimmune disorders [3].
Selective targeting of CB2 is crucial for the development of peripheral system-acting
analgesics as it lacks the psychotropic adverse effects typically observed with CB1 ago-
nists. [4] Additionally, the CB2 receptor is a substantial target for discovering therapeutic
agents for various disorders such as atherosclerosis, cardiometabolic disorder, osteoporosis,
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neuro-inflammation, renal ischemia-reperfusion injury, and cardiac ischemia. [5] However,
difficulties in achieving target selectivity due to the high sequence identity between CB1
and CB2 have hindered the development of CB2-selective agonists [2,6]. Therefore, the
development of novel selective cannabimimetic agents represents a beneficial therapeutic
strategy for treating various pathological conditions.

In silico study is a computational tool that enables the assessment of the therapeutic
capacity of various metabolites using bioinformatic techniques. This can be utilized to
discover new drug candidates and the possible mechanisms of their therapeutic efficacy
through predicting drug and protein interactions [7].

Recently, interesting insights have been directed at the naturally biosynthesized chem-
ical scaffolds as leads have been identified in the discovery of new ligands for cannabinoid
receptors. Many researchers address ‘Life on Land’ as one of the sustainable development
goals by focusing on fungal metabolites, including their regulation, biosynthesis, and bioac-
tivities aiming to find solutions for many health- and environment-related issues. Fungi
represent a huge gold mine for structurally diversified and bio-active metabolites that have
marked contributions in the fields of pharmaceutics, environmental protection, cosmetics,
biotechnology, food, and agriculture [8–15]. Studies about the isolation and bio-evaluation
of metabolites from fungal sources are occurring at a faster rate, with hundreds of them
reported yearly.

Currently, fungi-derived drug discovery has acquired new focus because of the im-
mense progress that has been observed in genomics, particularly bioinformatics and high-
throughput sequencing, in addition to the growing integration of synthetic biology in
natural products research [16–20]. Fungi-derived metabolites represent untapped and
unexplored domains for cannabinoid receptor-based drug discovery, as well as a pool of
leads for the pharmaceutical industry. Therefore, significant interest has been directed
to identifying new metabolites from fungi that act on cannabinoid receptors. Several re-
searchers have reported the investigation of the cannabinoid receptors’ modulation capacity
of different fungal metabolites (Figure 1).

Molecules 2023, 28, 44  3  of  17 
 

 

 

Figure 1. Examples of reported fungal metabolites with cannabinoid receptor modulating potential. 

2. Results and Discussion 

2.1. AI (Artificial Intelligence)‐Based Target Prediction for Phenylspirodrimanes Derivatives 

The in silico target prediction web server, SuperPred, was utilized to predict the mo‐

lecular target for the phenylspirodrimane derivatives (Figures 2–4) [27]. SuperPred uti‐

lizes the machine learning algorithm for the anatomical therapeutic chemical (ATC) code 

and target prediction based on a molecular similarity search. [27] In brief, SuperPred sug‐

gests the target by translating the query compounds into structural fingerprints and com‐

pares it to the compound data set with known bioactivities toward these targets. The drug 

dataset includes WHO‐approved drugs that are classified by a drug classification system, 

in which each drug’s chemical property is linked to its therapeutic properties and indica‐

tions, and each classification has an anatomical  therapeutic chemical  (ATC) code. As a 

result, if a drug has more than one therapeutic indication, it is assigned an ATC code for 

each. The WHO has 6300 approved drugs that are linked to over 600,000 targets. Super‐

Pred compares the compound’s fingerprint to that of the WHO‐approved drugs based on 

the notion that compounds with similar physiochemical properties would have similar 

biological effects. Therefore, if a structural similarity is detected, the ATC code, the possi‐

ble molecular target(s), and the putative therapeutic indication(s) for that compound are 

predicted. The target of the most similar compounds in the data set is most likely the target 

of the query compound. Therefore, for each compound query, a list of targets was pre‐

dicted. Each target was given a probability and model accuracy score, which represented 

the likelihood of the compound structure binding with that target. Based on the results, 

CB2 was selected as the target of choice for the phenylspirodrimane derivatives due to its 

high probability and model accuracy (Table 1). A crystal structure of the human CB2 re‐

ceptor in complex with an agonist (PDB ID: 6KPF) [2] was chosen for the subsequent dock‐

ing and molecular dynamic (MD) simulation studies. 

Figure 1. Examples of reported fungal metabolites with cannabinoid receptor modulating potential.



Molecules 2023, 28, 44 3 of 17

From the marine-derived Dichotomomyces cejpii, emindole SB β-mannoside, and
emindole, SB were found to be CB2 antagonist and non-selective CB2/CB1 antagonist,
respectively [21]. A study with annullatins A, B, and D from Cordyceps annullata revealed
the potent agonistic potential of annullatin A on CB2 and CB1, in addition to the CB1
agonistic and CB2 antagonistic effectiveness of annullatins B and D [22]. The radioligand
binding investigation showed the high selectivity and affinity of amauromine separated
from Ircinia variabilis-associated Auxarthron reticulatum on the CB1 receptor as a CB1 an-
tagonist [23]. Fintiamin, a lipophilic dipeptide-terpenoid hybrid separated from Ircinia
variabilis-accompanied Eurotium sp, demonstrated marked affinity on the CB1 receptor at
low micro-molar concentrations [24].

Phenylspirodrimanes are one of the most dominant Stachybotrys genus metabolites
that possess various structural scaffolds [25]. They are unusual meroterpenoids (terpenyl-
phenol) that are distinguished by incorporation through a spiro-furan ring among spiro-
cyclic drimane and phenyl moiety. They are biosynthesized via PKs (polyketide synthases)
and terpenoid pathways, as they originate from orsellinic acid and farnesyl diphosphate,
respectively. In addition, their dimers are produced from two monomers through C-N or
C-C linkage [26]. These metabolites demonstrate various biological potentials, including
antiviral, cytotoxic, anti-inflammatory, tyrosine kinase modulatory, and neuroprotective
capacities [25]. In our continual goal to explore bioactivities and shed light on these inter-
esting fungal metabolites, 114 phenylspirodrimane derivatives reported from Stachybotrys
chartarum have been investigated for their effects on ECS. The molecular modeling assess-
ment of these metabolites within the active sites of the CB receptors was performed to
study their mode of binding to the target receptor and gain insight into their mechanism
of action.

2. Results and Discussion
2.1. AI (Artificial Intelligence)-Based Target Prediction for Phenylspirodrimanes Derivatives

The in silico target prediction web server, SuperPred, was utilized to predict the
molecular target for the phenylspirodrimane derivatives (Figures 2–4) [27]. SuperPred
utilizes the machine learning algorithm for the anatomical therapeutic chemical (ATC)
code and target prediction based on a molecular similarity search. [27] In brief, SuperPred
suggests the target by translating the query compounds into structural fingerprints and
compares it to the compound data set with known bioactivities toward these targets. The
drug dataset includes WHO-approved drugs that are classified by a drug classification
system, in which each drug’s chemical property is linked to its therapeutic properties and
indications, and each classification has an anatomical therapeutic chemical (ATC) code.
As a result, if a drug has more than one therapeutic indication, it is assigned an ATC
code for each. The WHO has 6300 approved drugs that are linked to over 600,000 targets.
SuperPred compares the compound’s fingerprint to that of the WHO-approved drugs
based on the notion that compounds with similar physiochemical properties would have
similar biological effects. Therefore, if a structural similarity is detected, the ATC code, the
possible molecular target(s), and the putative therapeutic indication(s) for that compound
are predicted. The target of the most similar compounds in the data set is most likely the
target of the query compound. Therefore, for each compound query, a list of targets was
predicted. Each target was given a probability and model accuracy score, which represented
the likelihood of the compound structure binding with that target. Based on the results,
CB2 was selected as the target of choice for the phenylspirodrimane derivatives due to
its high probability and model accuracy (Table 1). A crystal structure of the human CB2
receptor in complex with an agonist (PDB ID: 6KPF) [2] was chosen for the subsequent
docking and molecular dynamic (MD) simulation studies.
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Table 1. Prediction of target probability and model accuracy for phenylspirodrimane derivatives
against CB2 using SuperPred target prediction web server.

Compound Probability * Model Accuracy **

27 58% 97%
56 68% 97%
79 84% 97%
80 87% 97%
81 84% 97%
82 87% 97%
87 83% 97%
89 85% 97%
96 81% 97%

102 80% 97%
107 85% 97%
108 79% 97%
109 87% 97%
110 85% 97%
111 85% 97%
112 85% 97%
113 91% 97%
114 83% 97%

* The probability of the test compound binding to a specific target, as determined by the respective target machine
learning model. ** The accuracy of the performance of the prediction model displaying the 10-fold cross-validation
score of the respective logistic regression model, as the model performance varied between different targets.

2.2. Molecular Docking Studies

A total of 114 phenylspirodrimane derivatives in addition to the native agonist, 7-
[(6aR,9R,10aR)-1-hydroxy-9-(hydroxymethyl)-6,6-dimethyl-6a,7,8,9,10,10a-hexahydro-6H-
benzo[c]chromen-3-yl]- 7-methyloctanenitrile (AM12033; PDB ID: E3R), bound to human
CB2 (PDB ID: 6KPF) were prepared before the molecular docking experiment. The prepa-
ration included converting the 2D structures of the compounds to energy-minimized 3D
structures and generating all possible ionization and tautomeric states using Schrodinger’s
LigPrep tools [28]. The CB2 receptor was retrieved from the protein data bank (PDB) [29],
which was then prepared and energy minimized using Schrodinger’s Protein Prepara-
tion wizard [28,30]. For the docking experiment, a grid box around the binding site of
the co-crystallized native agonist was generated via a Receptor Grid Generation tool in
Maestro [31,32]. The defined grid box at the binding site located the pocket where the dock-
ing was taking place. The docking method was validated by redocking the co-crystalized
native agonist and calculating the root-mean-square deviation (RMSD) (Figure 5). The
result showed minimal deviation with an RMSD of 1.1789 Å, indicating that the dock-
ing method was valid. After that, the docking of the prepared 3D molecular structures of
phenylspirodrimane derivatives was carried out using a standard precision scoring function
(SP) followed by the extra-precision (XP) scoring function for maximum accuracy [33].

The docking results included a list of compounds (Table 2), which were ranked based
on their docking scores and approximated free energy of the binding. Different docking
scores were generated for each ligand, including emodel, gscore, and XP gscore. The
emodel scoring was used to select the best pose for the docked compounds. The best poses
were then ranked based on their gscore, while the XP gscore ranked the poses generated
by the Glide XP mode. Generally, Glide ranks the docked compounds using the gscore
scoring function. Based on the result listed in Table 2, compound 56 exhibited the highest
docking score of −11.222 kcal/mol, which was close to the native agonist gscore value of
−12.12 kcal/mol.



Molecules 2023, 28, 44 8 of 17
Molecules 2023, 28, 44  8  of  17 
 

 

 

Figure 5. The 3D structure of the redocked E3R superimposed on the co‐crystallized E3R. 

The docking results included a list of compounds (Table 2), which were ranked based 

on their docking scores and approximated free energy of the binding. Different docking 

scores were generated  for  each  ligand,  including  emodel,  gscore,  and XP  gscore. The 

emodel scoring was used to select the best pose for the docked compounds. The best poses 

were then ranked based on their gscore, while the XP gscore ranked the poses generated 

by the Glide XP mode. Generally, Glide ranks the docked compounds using the gscore 

scoring function. Based on the result listed in Table 2, compound 56 exhibited the highest 

docking score of −11.222 kcal/mol, which was close to the native agonist gscore value of 

−12.12 kcal/mol. 

The binding interactions were observed with the native agonist E3R (Figure 6) as it 

interacted through hydrophobic interactions with Phe91, Phe94, and Phe183. In addition, 

it interacted through hydrogen bond interactions with Ser90, His95, Ser285, and Thr114 

and the backbone of Leu182. Similarly, Figure 7 represents the 3D and 2D view of the final 

preferred docked pose of 56 and the native agonist, respectively. Compound 56 interacted 

through hydrophobic  interactions with Phe91, Phe94, and Phe183. Additionally,  it was 

involved in several hydrogen interactions with His95, Ser285, and Thr114 and the back‐

bone of Leu182 (Figure 7). 

Table 2. Docking results of phenylspirodrimane derivatives with human CB2 receptor (PDB: 6KPF). 

Compound  Docking Score  Glide Gscore  Glide Emodel  XP GScore 

E3R_6KPF  −12.12  −12.12  −64.537  −12.12 

56  −11.22  −11.222  31.932  −11.222 

27  −11.106  −11.108  25.961  −11.108 

23  −10.506  −10.507  37.205  −10.507 

15  −10.193  −10.193  −1.513  −10.193 

55  −10.17  −10.171  36.385  −10.171 

22  −9.957  −9.958  25.109  −9.958 

Figure 5. The 3D structure of the redocked E3R superimposed on the co-crystallized E3R.

Table 2. Docking results of phenylspirodrimane derivatives with human CB2 receptor (PDB: 6KPF).

Compound Docking Score Glide Gscore Glide Emodel XP GScore

E3R_6KPF −12.12 −12.12 −64.537 −12.12
56 −11.22 −11.222 31.932 −11.222
27 −11.106 −11.108 25.961 −11.108
23 −10.506 −10.507 37.205 −10.507
15 −10.193 −10.193 −1.513 −10.193
55 −10.17 −10.171 36.385 −10.171
22 −9.957 −9.958 25.109 −9.958

The binding interactions were observed with the native agonist E3R (Figure 6) as it
interacted through hydrophobic interactions with Phe91, Phe94, and Phe183. In addition,
it interacted through hydrogen bond interactions with Ser90, His95, Ser285, and Thr114
and the backbone of Leu182. Similarly, Figure 7 represents the 3D and 2D view of the final
preferred docked pose of 56 and the native agonist, respectively. Compound 56 interacted
through hydrophobic interactions with Phe91, Phe94, and Phe183. Additionally, it was
involved in several hydrogen interactions with His95, Ser285, and Thr114 and the backbone
of Leu182 (Figure 7).
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Figure 6. Re-docking of the co-crystallized ligand to validate the docking method. (A) The 2D view
of the binding interactions of the reference ligand E3R complexed with CB2 after re-docking of ligand
E3R into the CB2 crystal structure. (B) The 3D representation for CB2 complexed with ligand E3R
(green color) after re-docking and interacting with side-chain residues (gray color).
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56 complexed with the CB2 crystal structure. (B) The 3D representation for CB2 complexed with
compound 56 (green color) after re-docking and interacting with side-chain residues (gray color).

2.3. Molecular Dynamic (MD) Simulation

Once the molecular docking was performed, compound 56 and the native agonist were
subjected to MD simulation using Desmond software [34,35]. MD simulation simulates
the dynamic behavior of the molecular system under computer-generated physiological
conditions to assess the protein–ligand complex stability and binding affinity [36]. The
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protein–ligand complex stability is assessed by the RMSD plot, which measures the devia-
tion of the protein and ligand atoms inside the binding pocket at the end of the simulation
period (100 ns) compared to their initial positions before the simulation at 0 ns [37]. The
RMSD plot of the native agonist E3R and compound 56 in Figures 8 and 9, respectively,
show the RMSD of CB2 on the left Y-axis and the ligand RMSD profile aligned on a protein
backbone on the right X-axis. Compound 56’s RMSD (Figure 8) showed an observed
insignificant fluctuation with the value of 2.5 Å similar to the one observed with the native
ligand (2.5 Å) (Figure 8), which is within the acceptable range of 1–3 Å, indicating a stable
binding at the binding pocket throughout the simulation period (Supplementary Materials).
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27 (black color)_ and compound 23 (green color) during the simulation time (100 ns). (B) The
comparison of E3R (red color), compound 56 (blue color), compound 27 (black color), and compound
23 (green color) RMSD when complexed with CB2 protein (PDB- ID: 6KPF) during the simulation
time (100 ns).
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Figure 9. (A) CB2 interactions with reference E3R throughout the simulation. The interactions
between the ligand and protein were classified into ionic, water bonds, hydrophobic, and hydrogen
bonds, and each was classified into subtypes. The stacked bar charts were normalized over the course
of the trajectory; for example, a value of 0.8 suggested that the specific interaction was maintained
during 80% of the simulation time. Values over 1.0 indicated that some protein residue might
make multiple interactions of the same subtype with the ligand. (B) Schematic diagram exhibiting
the detailed 2D atomic interactions of E3R with CB2 that occurred > 30% of the simulation time
in the selected trajectory (0 through 100 ns). Interactions with >100% occurrence meant that the
residues could have multiple interactions of a single type with the same ligand atom. (C) A timeline
representation of CB2–E3R interactions is presented in (A). The top panel depicts the total number
of specific interactions of the protein with the ligand during its trajectory course. The bottom panel
shows the residues’ interactions with the ligand in each trajectory frame. The dark orange color
indicates the presence of more than one interaction between some residues and the ligand.

The residue contacts of the native agonist E3R with CB2 (Figure 9A) demonstrated
hydrophobic interactions with Phe87 and Phe183 that were maintained for over 90% and
80%, respectively. Other key interactions, including hydrogen bond interactions with
Ser285 and Leu182, were noticed, which lasted for over 90% of the simulation time. The
detailed interaction with the protein residues (Figure 9B) revealed π–π stacking interactions
with Phe87 (84%) and Phe183 (68%). Hydrogen bond interactions with Leu182 (93%) and
Ser285 (98%) were also observed. The top panel of Figure 10C demonstrates the total
specific interactions between the native ligand and the protein. The bottom panel shows
the protein residues that interacted with the ligand at each time point. The dark orange
color in the bottom panel was observed with several residues throughout the trajectory,
including Phe87, Leu182, Phe183, and Ser 285.
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Figure 10. (A) TK interactions with compound 56 throughout the simulation. The interactions
between the ligand and protein were classified into ionic, water bonds, hydrophobic, and hydrogen
bonds, and each was classified into subtypes. The stacked bar charts were normalized over the course
of the trajectory; for example, a value of 0.8 suggested that the specific interaction was maintained
during 80% of the simulation time. Values over 1.0 indicated that some protein residue might make
multiple interactions of the same subtype with the ligand. (B) Schematic diagram showing the
detailed 2D atomic interactions of 56 with CB2 that occurred for > 30% of the simulation time in the
selected trajectory (0 through 100 ns). Interactions with >100% occurrence meant that residues might
have multiple interactions of a single type with the same ligand atom. (C) A timeline representation
of CB2–E3R interactions is presented in (A). The top panel depicts the total number of specific
interactions of the protein with the ligand during its trajectory course. The bottom panel showed
the residue interactions with the ligand in each trajectory frame. The dark orange color indicates the
presence of more than one interaction between some residues and the ligand.

The residue contacts of the CB2 receptor with 56 (Figure 10A) is presented in the form
of stacked bar charts that are color-coded based on the interaction types, including hydrogen
bonds, hydrophobic, ionic, and water bridges. The stacked bar chart was normalized over
the course of a 100 ns trajectory; a value of 0.8 suggested that the specific interaction was
maintained during 80% of the simulation time, while values of over 1.0 indicated that the
specific interactions were maintained throughout the simulation time with the possibility
of some residues having multiple contacts of the same subtype with the ligand. Phe183 had
a π–π stacking interaction with compound 56 that occurred for over 80% of the simulation
time (Figure 10A,B). Additionally, other hydrophobic interactions were observed with
Phe87, Phe91, and Phe94 that were maintained between 50 and 60% of the simulation
period. Furthermore, hydrogen bond interactions with Thr114, Leu182, and Ser285 were
also noticed and lasted for 60–80% of the simulation time. The 2D schematic representation
of 56 interactions with the protein residue was only considered. The interactions occurred
for over 30% of the simulation time. The analysis of the binding interactions showed that
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compound 56 interacted through π–π stacking with Phe183 (87%) and hydrogen bond
interactions with Thr114 (56%), Leu182 (73%), and Ser285 (81%). Figure 10C (top plot)
displays the total specific interactions between the ligand and the protein, whereas the
bottom panel demonstrates the protein residues that interacted with the ligand at each time
point. As mentioned earlier, Leu182, Phe183, and Ser285 made over 70% of the interactions
with 56, which is indicated by the dark orange color in the plot throughout the trajectory
(Figure 10C).

The comparative analysis of binding interactions with compounds 56 and the na-
tive ligand showed that 56 had more total contacts (Figure 10C) than the native agonist
(Figure 10C) and this might be due to the structural differences and 3D conformation of the
compound 56 inside the binding pocket.

2.4. In Silico ADME Properties of Selected Ligand

Compounds with the highest docking score and lowest free binding energy were
further analyzed for their drug-likeness and ADME (absorption, distribution, metabolism,
and excretion) properties via Maestro’s QikProp Schrodinger module [38]. This module
provides the quick and reliable prediction of many physiochemical properties along with
other descriptors, such as the number of possible metabolites and the number of reactive
functional groups, to evaluate the usefulness of the investigated compounds by describing
and determining their drug-likeness, physiochemical properties, and expected toxicity
profiles. Additionally, QikProp provides a range for comparing each property to 95% of
the known drugs’ properties. The ADMET prediction aids in filtering out the compounds
that might pose a problem during the clinical stage of drug discovery and development.
As a result, it minimizes the failure in the drug discovery process. The predicted ADMET
properties and descriptors for the compounds are presented in Table 3. The results show
that all the compounds’ descriptors were within the recommended range.

Table 3. Selected compounds were analyzed for their ADME (absorption, distribution, metabolism,
and excretion) properties using via QikProp.

Molecule Recommended
Range

Stachybochartin
G (15)

Stachybotrane
A (22)

Stachybotrane
B (23)

Stachybotrane
C (27)

Chartarlactam
M (55)

Chartarlactam
P (56) Reference

#stars 0–5 0 0 0 0 0 0 0

#rtvFG 0–2 0 0 1 0 0 0 0

CNS −2 (inactive)
+2 (active) −2 −1 −1 −2 −2 −2 −1

mol_MW 130.0–725.0 388.503 386.487 428.524 402.486 385.502 401.502 421.581

SASA 300.0–1000.0 677.156 595.43 641.055 605.78 613.265 622.968 738.361

volume 500.0–2000.0 1269.411 1144.614 1260.485 1165.663 1166.122 1185.684 1374.214

donorHB 0.0–6.0 3 2 1 3 3 4 2

accptHB 2.0–20.0 6.35 6.2 6.5 7.9 5.7 7.4 5.2

QPlogPw 4.0–45.0 11.089 11.101 10.117 14.344 12.255 15.497 9.386

QPlogPo/w −2.0–6.5 3.415 2.834 3.449 1.887 2.831 1.866 5.171

QPlogS −6.5–0.5 −4.352 −4.597 −5.248 −4.125 −4.933 −4.428 −6.376

QPlogHERG concern below
−5 −4.551 −3.577 −3.704 −3.65 −3.817 −3.882 −5.34

QPPCaco <25 poor, >500
great 442.716 393.449 296.585 150.047 247.784 94.544 1603.15

QPlogBB −3.0–1.2 −1.453 −0.804 −0.939 −1.254 −1.032 −1.495 −0.767

#metab 1–8 8 4 3 5 4 5 2

QPlogKhsa −1.5–1.5 0.287 0.467 0.709 0.187 0.537 0.244 0.939

Human Oral
Absorption

1, 2, or 3 for low,
medium, or high 3 3 3 3 3 3 1

Percent Human
Oral Absorption

>80% is high
<25% is poor 94.3 89.983 91.385 76.944 86.374 73.229 100



Molecules 2023, 28, 44 14 of 17

3. Materials and Methods
3.1. Target Prediction

The Superped web server was used to determine the molecular targets for the phenyl-
spirodrimane derivatives [27]. SuperPred is a knowledge-based tool that employs machine
learning models that use logistic regression and Morgan fingerprints of length 2048 for the
ATC code and target prediction of query compounds. Following the target’s prediction, a
probability score and a model accuracy score are reported for each target. The probability
represents the likelihood that the query compound will bind to a specific predicted target.
On the other hand, the model accurately represents the performance accuracy of the used
machine-learning model when predicting the specific target for the compound since the
model performance differs between targets [27,39].

3.2. Ligand and Protein Preparation

Phenylspirodrimane derivatives were prepared for docking studies using Schrödinger’s
LigPrep tool [28]. The 2D structures of all the compounds were converted to energy-
minimized 3D structures using the OPLS3 force field. Hydrogens were added, and all
possible ionization states and tautomeric forms were created at a pH of 7.0 ± 0.2 by Epik; a
desalt option was also chosen. H–bonds were optimized by predicting the pKa of ionizable
groups using PROPKA. In addition, the X-ray crystal structure of the CB2 receptor (PDB:
6KPF) was retrieved from the protein data bank and prepared using the protein preparation
Wizard in Maestro Schrödinger. The missing hydrogens were added to the residues, the
metal ionization state was corrected, and the water molecules >5 Å from protein residues
were deleted. Only the subunit bound to the ligand was kept from the multi-subunit pro-
teins. Then, the protein was refined by predicting the pKa of the ionizable residues using
PROPKA, and water molecules >3 Å (not involved in the water bridge) were removed.
Finally, the restrained minimization of the protein was applied using the OPLS4 force field.

3.3. Grid Generation and Molecular Docking

A grid box was defined around the co-crystallized ligand binding site and using
Glide’s Receptor-Grid-Generation tool [31]. The phenylspirodrimanes’ docking was car-
ried out inside the assigned grid box using the Ligand Docking tool in the Schrödinger
suite [28,32]. The non-polar atoms were set for the VdW radii scaling factor by 1.0, and
the partial charge cut-off was 0.25. All docking settings were set to default except for the
docking protocol that was first selected as a standard precision (SP) before it was then
changed to an extra precession (XP) mode with flexible ligand sampling. The re-docking
of the co-crystallized ligand was performed to validate the docking method alongside the
investigated phenylspirodrimanes.

3.4. MD Simulation

MD simulations were performed using Desmond in the Schrödinger package [34,35].
First, the protein–ligand complexes were retrieved from the docking results. The selected
ligand–protein complexes were tuned through the “System-Builder“ tool to generate the
solvated system for simulation. The solvent model was set as TIP3P, the selected box shape
was orthorhombic, and the box dimensions were 10 Å. In addition, Na ions were added to
neutralize the system. The simulation parameters were set up in the Molecular Dynamic
tool, where the protein–ligand complexes were evaluated at pH 7.0 ± 0.2 over the 100 ns
simulation time, and the ensemble class was set as NPT to maintain the temperature and
pressure constant during the run at 300 K and 1.01325 bar, respectively. Simulations were
run with the OPLS4 force field. After running the MD simulation, the generated results
were analyzed.

3.5. ADMET Properties Prediction

The selected compounds were subjected to ADMET prediction using the QikProp-
module of the Schrodinger suite [38]. For each compound, a list of descriptors was
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predicted, including molecular weight (mol_MW), drug-likeness (#Stars), dipole mo-
ment (dipole), total solvent accessible surface area (SASA), number of hydrogen bond
donors and acceptors (donorHB and acceptHB), predicted octanol-water partitioning
(QPlogPo/w), predicted aqueous solubility (QPlogS), estimated binding to human serum
albumin (QPlogKhsa), number of the possible metabolites (# metab), predicted blood-brain
partitioning (QPlogBB), percentage of human oral absorption, predicted IC50 for inhibiting
HERG-K+ channels (QPogHERG), central nervous system activity (CNS), and the number
of reactive functional groups present (#rtvFG). The predicted values were then compared
to the recommended range derived from values determined/observed for 95% of the
known drugs.

4. Conclusions

Cannabinoid receptors are G-protein-coupled receptors that comprise CB1 and CB2
receptors. CB receptors are implicated in many physiological and pathophysiological
processes in the body. Several drug discovery efforts have been directed towards selec-
tively targeting CB2 receptors with agonists, primarily due to their promising therapeutic
potential for treating pain and inflammation without the psychological side effects that
are present with the targeting CB1 receptor. In this paper, the in silico approach, including
molecular docking and MD simulation combined with the ADME prediction study, was
utilized to explore the binding interaction and affinity of phenylspirodrimanes compounds
to the CB2 receptor. The results showed compound 56 to be a potential candidate as it was
shown to have a high affinity to the receptor with binding interactions similar to that of
the native agonist. Additionally, compound 56 was found to be stable at the binding site
in the simulated aqueous physiological environment. The obtained results could have a
great contribution to the development, design, and discovery of potent and selective CB2
ligands. However, further in vitro, in vivo, and mechanistical investigations are warranted.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/molecules28010044/s1, Details of molecular dynamics simulation
for E3R, compound 56, compound 27, and compound 23.

Author Contributions: Conceptualization, A.M.O., S.R.M.I. and G.A.M.; methodology, A.M.O.,
S.R.M.I. and A.S.A.; software, A.M.O. and A.S.A.; validation, A.M.O., S.R.M.I., G.A.M. and M.K.S.;
investigation, A.M.O., S.R.M.I., G.A.M. and A.S.A.; resources, A.M.O., S.R.M.I. and G.A.M.; data
curation, A.M.O., S.R.M.I., G.A.M. and A.S.A.; writing—original draft preparation, A.M.O., S.R.M.I.,
G.A.M. and A.S.A.; writing—review and editing, A.M.O., S.R.M.I., G.A.M., M.K.S. and A.S.A.;
project administration, A.M.O.; funding acquisition, A.M.O. All authors have read and agreed to the
published version of the manuscript.

Funding: The Deanship of Scientific Research (DSR) at King Abdulaziz University (KAU), Jeddah,
Saudi Arabia has funded this project, under grant no. (RG-37-166-43).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Not applicable.

Acknowledgments: Jeddah, at Scientific Research (DSR) at King Abdulaziz University (KAU), Saudi
Arabia, has funded this project, under grant no. (RG-37-166-43). The authors acknowledge with
thanks DSR for technical and financial support.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Guzmán, M. Cannabinoids: Potential Anticancer Agents. Nat. Rev. Cancer 2003, 3, 745–755. [CrossRef]
2. Hua, T.; Li, X.; Wu, L.; Iliopoulos-Tsoutsouvas, C.; Wang, Y.; Wu, M.; Shen, L.; Brust, C.A.; Nikas, S.P.; Song, F.; et al. Activation

and Signaling Mechanism Revealed by Cannabinoid Receptor-Gi Complex Structures. Cell 2020, 180, 655–665.e18. [CrossRef]

https://www.mdpi.com/article/10.3390/molecules28010044/s1
https://www.mdpi.com/article/10.3390/molecules28010044/s1
http://doi.org/10.1038/nrc1188
http://doi.org/10.1016/j.cell.2020.01.008


Molecules 2023, 28, 44 16 of 17

3. Bie, B.; Wu, J.; Foss, J.F.; Naguib, M. An Overview of the Cannabinoid Type 2 Receptor System and Its Therapeutic Potential. Curr.
Opin. Anaesthesiol. 2018, 31, 407–414. [CrossRef] [PubMed]

4. Lunn, C.A.; Reich, E.P.; Fine, J.S.; Lavey, B.; Kozlowski, J.A.; Hipkin, R.W.; Lundell, D.J.; Bober, L. Biology and Therapeutic
Potential of Cannabinoid CB2 Receptor Inverse Agonists. Br. J. Pharmacol. 2008, 153, 226–239. [CrossRef] [PubMed]

5. Pandey, P.; Roy, K.K.; Liu, H.; Ma, G.; Pettaway, S.; Alsharif, W.F.; Gadepalli, R.S.; Rimoldi, J.M.; McCurdy, C.R.; Cutler, S.J.; et al.
Structure-Based Identification of Potent Natural Product Chemotypes as Cannabinoid Receptor 1 Inverse Agonists. Molecules
2018, 23, 2630. [CrossRef] [PubMed]

6. Munro, S.; Thomas, K.L.; Abu-Shaar, M. Molecular Characterization of a Peripheral Receptor for Cannabinoids. Nature 1993, 365,
61–65. [CrossRef] [PubMed]

7. Romano, J.D.; Tatonetti, N.P. Informatics and Computational Methods in Natural Product Drug Discovery: A Review and
Perspectives. Front. Genet. 2019, 10, 368. [CrossRef] [PubMed]

8. Shankar, A.; Sharma, K.K. Fungal Secondary Metabolites in Food and Pharmaceuticals in the Era of Multi-Omics. Appl. Microbiol.
Biotechnol. 2022, 106, 3465–3488. [CrossRef]

9. Ibrahim, S.R.M.; Altyar, A.E.; Mohamed, S.G.A.; Mohamed, G.A. Genus Thielavia: Phytochemicals, Industrial Importance and
Biological Relevance. Nat. Prod. Res. 2022, 36, 5108–5123. [CrossRef]

10. Ibrahim, S.R.M.; Sirwi, A.; Eid, B.G.; Mohamed, S.G.A.; Mohamed, G.A. Bright Side of Fusarium Oxysporum: Secondary
Metabolites Bioactivities and Industrial Relevance in Biotechnology and Nanotechnology. J. Fungi 2021, 7, 943. [CrossRef]

11. Ibrahim, S.R.M.; Sirwi, A.; Eid, B.G.; Mohamed, S.G.A.; Mohamed, G.A. Fungal Depsides-Naturally Inspiring Molecules:
Biosynthesis, Structural Characterization, and Biological Activities. Metabolites 2021, 11, 683. [CrossRef] [PubMed]

12. Mohamed, G.A.; Ibrahim, S.R.M. Untapped Potential of Marine-Associated Cladosporium Species: An Overview on Secondary
Metabolites, Biotechnological Relevance, and Biological Activities. Mar. Drugs 2021, 19, 645. [CrossRef] [PubMed]

13. Mohamed, G.A.; Ibrahim, S.R.M.; El-Agamy, D.S.; Elsaed, W.M.; Sirwi, A.; Asfour, H.Z.; Koshak, A.E.; Elhady, S.S. Terretonin as a
New Protective Agent against Sepsis-Induced Acute Lung Injury: Impact on SIRT1/Nrf2/NF-KBp65/NLRP3 Signaling. Biology
2021, 10, 1219. [CrossRef] [PubMed]

14. El-Agamy, D.S.; Ibrahim, S.R.M.; Ahmed, N.; Khoshhal, S.; Abo-Haded, H.M.; Elkablawy, M.A.; Aljuhani, N.; Mohamed, G.A.
Aspernolide F, as a New Cardioprotective Butyrolactone against Doxorubicin-Induced Cardiotoxicity. Int. Immunopharmacol.
2019, 72, 429–436. [CrossRef] [PubMed]

15. Ibrahim, S.R.M.; Mohamed, G.A.; Khedr, A.I.M. γ-Butyrolactones from Aspergillus Species: Structures, Biosynthesis, and
Biological Activities. Nat. Prod. Commun. 2017, 12, 1934578X1701200526. [CrossRef]

16. Ibrahim, S.R.M.; Fadil, S.A.; Fadil, H.A.; Eshmawi, B.A.; Mohamed, S.G.A.; Mohamed, G.A. Fungal Naphthalenones; Promising
Metabolites for Drug Discovery: Structures, Biosynthesis, Sources, and Pharmacological Potential. Toxins 2022, 14, 154. [CrossRef]

17. Ibrahim, S.R.M.; Bagalagel, A.A.; Diri, R.M.; Noor, A.O.; Bakhsh, H.T.; Muhammad, Y.A.; Mohamed, G.A.; Omar, A.M. Exploring
the Activity of Fungal Phenalenone Derivatives as Potential CK2 Inhibitors Using Computational Methods. J. Fungi 2022, 8, 443.
[CrossRef]

18. Omar, A.M.; Mohamed, G.A.; Ibrahim, S.R.M. Chaetomugilins and Chaetoviridins-Promising Natural Metabolites: Structures,
Separation, Characterization, Biosynthesis, Bioactivities, Molecular Docking, and Molecular Dynamics. J. Fungi 2022, 8, 127.
[CrossRef]

19. Atanasov, A.G.; Zotchev, S.B.; Dirsch, V.M.; Orhan, I.E.; Banach, M.; Rollinger, J.M.; Barreca, D.; Weckwerth, W.; Bauer, R.;
Bayer, E.A.; et al. Natural Products in Drug Discovery: Advances and Opportunities. Nat. Rev. Drug Discov. 2021, 20, 200–216.
[CrossRef]

20. Wang, J.B.; St. Leger, R.J.; Wang, C. Advances in Genomics of Entomopathogenic Fungi. Adv. Genet. 2016, 94, 67–105. [CrossRef]
21. Harms, H.; Rempel, V.; Kehraus, S.; Kaiser, M.; Hufendiek, P.; Müller, C.E.; König, G.M. Indoloditerpenes from a Marine-Derived

Fungal Strain of Dichotomomyces Cejpii with Antagonistic Activity at GPR18 and Cannabinoid Receptors. J. Nat. Prod. 2014, 77,
673–677. [CrossRef] [PubMed]

22. Asai, T.; Luo, D.; Obara, Y.; Taniguchi, T.; Monde, K.; Yamashita, K.; Oshima, Y. Dihydrobenzofurans as Cannabinoid Receptor
Ligands from Cordyceps Annullata, an Entomopathogenic Fungus Cultivated in the Presence of an HDAC Inhibitor. Tetrahedron
Lett. 2012, 53, 2239–2243. [CrossRef]

23. Elsebai, M.F.; Rempel, V.; Schnakenburg, G.; Kehraus, S.; Müller, C.E.; König, G.M. Identification of a Potent and Selective
Cannabinoid CB1 Receptor Antagonist from Auxarthron Reticulatum. ACS Med. Chem. Lett. 2011, 2, 866–869. [CrossRef]
[PubMed]

24. Elsebai, M.F.; Schoeder, C.T.; Müller, C.E. Fintiamin: A Diketopiperazine from the Marine Sponge-Derived Fungus Eurotium Sp.
Arch. Pharm. 2021, 354, 2100206. [CrossRef] [PubMed]

25. Ibrahim, S.R.M.; Choudhry, H.; Asseri, A.H.; Elfaky, M.A.; Mohamed, S.G.A.; Mohamed, G.A. Stachybotrys chartarum—A Hidden
Treasure: Secondary Metabolites, Bioactivities, and Biotechnological Relevance. J. Fungi 2022, 8, 504. [CrossRef]

26. Lindemann, V.; Jagels, A.; Behrens, M.; Hübner, F.; Humpf, H.U. In Vitro Metabolism of Phenylspirodrimanes Derived from the
Indoor Fungus Stachybotrys. Toxins 2022, 14, 395. [CrossRef]

27. Nickel, J.; Gohlke, B.O.; Erehman, J.; Banerjee, P.; Rong, W.W.; Goede, A.; Dunkel, M.; Preissner, R. SuperPred: Update on Drug
Classification and Target Prediction. Nucleic Acids Res. 2014, 42, W26–W31. [CrossRef]

28. Schrödinger, LLC. Schrödinger Release 2022-3: LigPrep; Schrödinger, LLC: New York, NY, USA, 2021.

http://doi.org/10.1097/ACO.0000000000000616
http://www.ncbi.nlm.nih.gov/pubmed/29794855
http://doi.org/10.1038/sj.bjp.0707480
http://www.ncbi.nlm.nih.gov/pubmed/17906679
http://doi.org/10.3390/molecules23102630
http://www.ncbi.nlm.nih.gov/pubmed/30322136
http://doi.org/10.1038/365061a0
http://www.ncbi.nlm.nih.gov/pubmed/7689702
http://doi.org/10.3389/fgene.2019.00368
http://www.ncbi.nlm.nih.gov/pubmed/31114606
http://doi.org/10.1007/s00253-022-11945-8
http://doi.org/10.1080/14786419.2021.1919105
http://doi.org/10.3390/jof7110943
http://doi.org/10.3390/metabo11100683
http://www.ncbi.nlm.nih.gov/pubmed/34677398
http://doi.org/10.3390/md19110645
http://www.ncbi.nlm.nih.gov/pubmed/34822516
http://doi.org/10.3390/biology10111219
http://www.ncbi.nlm.nih.gov/pubmed/34827212
http://doi.org/10.1016/j.intimp.2019.04.045
http://www.ncbi.nlm.nih.gov/pubmed/31030099
http://doi.org/10.1177/1934578X1701200526
http://doi.org/10.3390/toxins14020154
http://doi.org/10.3390/jof8050443
http://doi.org/10.3390/jof8020127
http://doi.org/10.1038/s41573-020-00114-z
http://doi.org/10.1016/BS.ADGEN.2016.01.002
http://doi.org/10.1021/np400850g
http://www.ncbi.nlm.nih.gov/pubmed/24471526
http://doi.org/10.1016/j.tetlet.2012.02.088
http://doi.org/10.1021/ml200183z
http://www.ncbi.nlm.nih.gov/pubmed/24900275
http://doi.org/10.1002/ardp.202100206
http://www.ncbi.nlm.nih.gov/pubmed/34368995
http://doi.org/10.3390/JOF8050504
http://doi.org/10.3390/toxins14060395
http://doi.org/10.1093/nar/gku477


Molecules 2023, 28, 44 17 of 17

29. RCSB PDB: Homepage. Available online: https://www.rcsb.org/ (accessed on 5 September 2022).
30. Madhavi Sastry, G.; Adzhigirey, M.; Day, T.; Annabhimoju, R.; Sherman, W. Protein and Ligand Preparation: Parameters,

Protocols, and Influence on Virtual Screening Enrichments. J. Comput. Aided. Mol. Des. 2013, 27, 221–234. [CrossRef]
31. Schrödinger, LLC. Schrödinger Release 2022-3: Glide; Schrödinger, LLC: New York, NY, USA, 2021.
32. Friesner, R.A.; Banks, J.L.; Murphy, R.B.; Halgren, T.A.; Klicic, J.J.; Mainz, D.T.; Repasky, M.P.; Knoll, E.H.; Shelley, M.;

Perry, J.K.; et al. Glide: A New Approach for Rapid, Accurate Docking and Scoring. 1. Method and Assessment of Docking
Accuracy. J. Med. Chem. 2004, 47, 1739–1749. [CrossRef]

33. Friesner, R.A.; Murphy, R.B.; Repasky, M.P.; Frye, L.L.; Greenwood, J.R.; Halgren, T.A.; Sanschagrin, P.C.; Mainz, D.T. Extra
Precision Glide: Docking and Scoring Incorporating a Model of Hydrophobic Enclosure for Protein-Ligand Complexes. J. Med.
Chem. 2006, 49, 6177–6196. [CrossRef]

34. Schrödinger, LLC. Schrödinger Release 2022-3: Maestro-Desmond Interoperability Tools; Schrödinger, LLC: New York, NY, USA, 2021.
35. Schrödinger, LLC. D.E. Shaw Research. In Schrödinger Release 2022-3: Desmond Molecular Dynamics System; Schrödinger, LLC:

New York, NY, USA, 2021.
36. Hollingsworth, S.A.; Dror, R.O. Molecular Dynamics Simulation for All. Neuron 2018, 99, 1129–1143. [CrossRef] [PubMed]
37. Leelananda, S.P.; Lindert, S. Computational Methods in Drug Discovery. Beilstein J. Org. Chem. 2016, 12, 2694–2718. [CrossRef]

[PubMed]
38. Schrödinger, LLC. Schrödinger Release 2021-4: QikProp; Schrödinger, LLC: New York, NY, USA, 2021.
39. Dunkel, M.; Günther, S.; Ahmed, J.; Wittig, B.; Preissner, R. SuperPred: Drug Classification and Target Prediction. Nucleic Acids

Res. 2008, 36, W55–W59. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://www.rcsb.org/
http://doi.org/10.1007/s10822-013-9644-8
http://doi.org/10.1021/jm0306430
http://doi.org/10.1021/jm051256o
http://doi.org/10.1016/j.neuron.2018.08.011
http://www.ncbi.nlm.nih.gov/pubmed/30236283
http://doi.org/10.3762/bjoc.12.267
http://www.ncbi.nlm.nih.gov/pubmed/28144341
http://doi.org/10.1093/nar/gkn307
http://www.ncbi.nlm.nih.gov/pubmed/18499712

	Introduction 
	Results and Discussion 
	AI (Artificial Intelligence)-Based Target Prediction for Phenylspirodrimanes Derivatives 
	Molecular Docking Studies 
	Molecular Dynamic (MD) Simulation 
	In Silico ADME Properties of Selected Ligand 

	Materials and Methods 
	Target Prediction 
	Ligand and Protein Preparation 
	Grid Generation and Molecular Docking 
	MD Simulation 
	ADMET Properties Prediction 

	Conclusions 
	References

