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Abstract

Cyclooxygenase-2 (COX-2) inhibitors are nonsteroidal anti-inflammatory drugs that treat inflammation, pain and fever. This
study determined the interaction mechanisms of COX-2 inhibitors and the molecular properties needed to design new drug
candidates. Using machine learning and explainable Al methods, the inhibition activity of 1488 molecules was modelled,
and essential properties were identified. These properties included aromatic rings, nitrogen-containing functional groups
and aliphatic hydrocarbons. They affected the water solubility, hydrophobicity and binding affinity of COX-2 inhibitors.
The binding mode, stability and ADME properties of 16 ligands bound to the Cyclooxygenase active site of COX-2 were
investigated by molecular docking, molecular dynamics simulation and MM-GBSA analysis. The results showed that ligand
339,222 was the most stable and effective COX-2 inhibitor. It inhibited prostaglandin synthesis by disrupting the protein
conformation of COX-2. It had good ADME properties and high clinical potential. This study demonstrated the potential of
machine learning and bioinformatics methods in discovering COX-2 inhibitors.

Graphical abstract
This study uses machine learning, bioinformatics and explainable artificial intelligence (XAI) methods to discover and
design new drugs that can reduce inflammation by inhibiting COX-2. The activity and properties of various molecules are
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modelled and analysed. The best molecule is selected, and its interaction with the enzyme is investigated. The results show
how this molecule can block the enzyme and prevent inflammation. XAI methods are used to explain the molecular features
and mechanisms involved.
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Introduction creates prostaglandins [1]. COX-2 inhibitors reduce pros-

taglandin E2 (PGE2) synthesis by inhibiting the COX-2
Cyclooxygenase-2 (COX-2) inhibitors, a member of the  enzyme. PGE2 is a prostaglandin that protects the gastric
group of nonsteroidal anti-inflammatory drugs (NSAIDs) ~ mucosa and reduces acid secretion [2]. Therefore, COX-2
used to treat conditions such as inflammation, mild to mod-  inhibitors reduce the risk of peptic ulceration. However,
erate pain, and fever, directly target the COX-2 enzyme that ~ COX-2 inhibitors also reduce prostacyclin (PGI2) synthesis.
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PGI2 is a prostaglandin that is a vasodilator and prevents
platelet aggregation [3, 4]. Therefore, COX-2 inhibitors
increase the risk of cardiovascular side effects. Therefore,
elucidating the molecular interaction mechanisms between
COX-2 inhibitors and COX-2 is vital for evaluating the effi-
cacy and safety of COX-2 inhibitors and designing new and
better drug candidates [5]. COX-2 inhibitors prevent the oxy-
genation of arachidonic acid (AA) by binding to the active
site of the COX-2 enzyme [6]. AA is the precursor of pros-
taglandins such as PGE2 and PGI2. COX-2 inhibitors differ
by their binding affinity and selectivity with COX-2 [7]. In
this study, the binding affinities and selectivities of phenolic
compounds with COX-2 were calculated by molecular dock-
ing, molecular dynamics simulation and MM-GBSA analy-
ses. These analyses reveal phenolic compounds’ potential
as COX-2 inhibitors and provide important information
for designing new drug candidates. It should be noted that
in this study, phenolic compounds were chosen as COX-2
inhibitors, and it was hypothesised that these compounds
could overcome peptic ulceration and cardiovascular side
effects. However, it should be emphasised that this assump-
tion needs to be confirmed by in vitro or clinical experiments
because the study aims to find inhibitors that overcome
these side effects. Phenolic compounds play an important
role in slowing inflammation because they can prevent or
treat various chronic diseases that occur due to inflammation
[8]. Phenolic compounds show anti-inflammatory capacity
by inhibiting the production or action of pro-inflammatory
mediators involved in the inflammation process [9]. These
mediators include cyclooxygenase (COX), tumour necrosis
factor-a (TNF-a), nuclear factor-kappa B (NF-xB) and nitric
oxide (NO) [10]. In 2021, three phenolic acids (p-coumaric
acid, caffeic acid and gallic acid) were isolated from the
resin of Eucalyptus maculata. These compounds and their
semi-synthetic derivatives were designed as potential anti-
cancer agents with dual inhibitory activity against EGFR and
COX-2. Comprehensive biological evaluations and in silico
analyses of these phenolic compounds and their relation to
COX-2 inhibition were conducted [11]. In 2022, the design,
biological evaluation and silico analysis of phenolic com-
pounds as potential anticancer agents that dual inhibit EGFR
and COX-2 were performed [1].In 2023, four phenolic com-
pounds isolated from Eucalyptus maculata resin, their anti-
inflammatory effects, and their capacity to inhibit COX-1,
COX-2, TNF-a, NF-«B and NO were investigated [12].
Other mechanisms, target selectivity, molecular structures
and novel interactions of compounds in the studies related to
COX-2 inhibition have not yet been fully elucidated. There-
fore, it is clear that more studies are needed for these com-
pounds to be safer and more effective as anti-inflammatory
agents. In this study, molecular docking, molecular dynam-
ics simulation and MM-GBSA analyses of COX-2 inhibi-
tors and their interactions with the Cyclooxygenase active

site and binding energies of COX-2 were investigated using
bioinformatics methods. In addition, inhibition activities of
COX-2 inhibitors were modelled, and important molecu-
lar properties were determined using machine learning and
explainable artificial intelligence methods. Machine learning
and explainable artificial intelligence (XAI) methods have
been used to model the inhibitory activities of COX-2 inhibi-
tors and identify important molecular features. These meth-
ods reveal complex relationships regarding the efficacy and
selectivity of COX-2 inhibitors and explain these relation-
ships understandably. This way, new strategies can be devel-
oped to design and optimise COX-2 inhibitors. This study
demonstrates the potential of bioinformatics and machine
learning methods in discovering COX-2 inhibitors.

Materials and methods
Explainable artificial intelligence

The XAI part of the project involved data collection,
molecular fingerprinting, machine learning and XAI appli-
cation steps. Python 3.11 was used for the research, along
with the following libraries: Matplotlib 3.7.1, pip 22.0.4,
Sklearn 1.2.2, Pandas 2.0.1, RDkit 2023.3.1, Shap 0.41.0,
eli5 0.13.0, scikit-plot 0.3.7 and NumPy 1.24.3. The applica-
tion ran on a computer with Intel® Core™ i5-8300H CPU
2.30GHz, 64-bit OS, x 64 processor, and 32 GB RAM.

Data compilation and curation

Datasets were collected from the version 25 ChEMBL data-
base for COX-2 inhibition [13]. Data were “Homo sapiens”
and “Single Protein” filtered. The IC50 selection for the bio-
activity unit was attained through a data creation approach.
pICs, may be estimated for substances whose IC, values
were determined using allopurinol as a positive control. As
a result, 3643 compounds were collected for COX-2. We
developed a regression model for COX-2 inhibition. We set
threshold values < 1 and > 10 uM to distinguish active and
inactive substances. We classified the compounds according
to their cell-killing potency: highly active (ICs, < 1 uM),
moderately active (1 uM < IC5, < 10 uM), weakly active
(ICsy > 10 uM) [14] and inactive (IC5y > 50 pug/mL) [15,
16]. After these procedures, a non-redundant and enhanced
final dataset for COX-2 inhibition with 1,488 chemicals was
produced.

Descriptors of molecular properties
PaDEL-descriptor software was used to determine the molec-

ular properties. PaADEL-descriptor software is used for cal-
culating molecular identifiers and fingerprints. The software
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calculates 797 identifiers (663 1D, 2D identifiers and 134 3D
identifiers) and 10 types of fingerprints. These identifiers and
fingerprints are primarily calculated using The Chemistry
Development Kit [17]. PaDEL-descriptor can also calculate
PubChem fingerprints. PubChem fingerprints are a type of
fingerprint that represents chemical structures as binary
sequences and are used to measure chemical similarities [17].
PubChem fingerprints are created based on the atomic prop-
erties of chemical structures, bond types, ring systems and
other properties [17]. When calculating PubChem fingerprints,
the PaDEL-descriptor creates an 881-bit vector specified by
PubChem [17]. Each bit of this vector indicates whether the
chemical structure has a particular property.

Data split and model development & evaluation

Data split

After obtaining a data collection machine learning models
can handle, we split our dataset into two subgroups. One of
these subgroups was the training set, which had a higher data
percentage and was used to develop the model. The other sub-
group was the more limited data set used to test the model.
We split our dataset into training and test sets at a ratio of
80%—20%.

Model development

The prediction model in the current work incorporates COX-2
inhibition, and the predictors are PubChem chemical finger-
prints. Three statistical measures, Coefficient of Determination
(R2) (formula 1), Mean Square Error (MSE) (formula 2) and
Mean Absolute Error (MAE) (formula 3), are used to assess
the model’s predictive power (Table 1).

N2
Zi=1 (Yi - Yz)

1 - ~2
MSE=~ Y (-7,
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MAE = — Y.-Y.
”,2:1"1 il (3

Model evaluation

After training our model, we used cross-validation (CV)
methods to measure its performance. CV methods also
include performance prediction for unknown data and gen-
eralisation degree measurement. We used the ten-fold CV
method. In this method, the original dataset is divided into
two subgroups (training set and validation set) in each exper-
iment iteration. We selected the parameters that evaluate the
performance of each model and determined the model with
the best performance. Then, we completed the final valida-
tion of the best model. If the validation results are statisti-
cally significant, we can say that we have created a new drug
prediction model [18, 19].

Mechanistic interpretations of permutation importance

Any acceptable estimator can be employed when the data
are tabulated using a permutation feature significance model
assessment technique. This is especially helpful for nonlin-
ear or opaque estimators. The definition of permutation fea-
ture significance is the decrease in model score brought on
by the random rearranging of a single feature value [20].
The technique breaks the connection between the feature
and the goal, and the model score decline shows how much
the feature is believed to be reliable. This technique has the
benefit of being model agnostic and may be computed more
than once with different feature permutations. The signifi-
cance of permutation indicates how significant a feature is
to a specific model rather than the intrinsic predictive value

R*=1- D )
> (Y- _ 7) of a feature on its own.
=LA l Permutation feature importance is the reduction in model

score that occurs by randomly rearranging a single feature
value [21]. This method breaks the connection between the
feature and the target, and the decrease in the model score

Table 1 Statistical values of the evaluated four models

Model name Train R2 value Test R2 value Train MAE  Test MAE value Train MSE Test MSE value

value value

RandomForestRegressor 0.81 0.03 0.42 1.06 0.31 1.74

XGBRegressor 0.93 0.47 0.29 1.04 0.15 2.13

DecisionTreeRegressor 0.91 0.37 0.10 1.14 0.24 2.85

MLPRegressor 0.63 0.12 0.60 1.15 0.63 2.02
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indicates how reliable the feature is. This method has the
advantages of being model-independent and calculated more
than once with different feature permutations. Permutation
importance indicates how important a feature is for a par-
ticular model. In this study, we applied PFI to the dataset
containing all PubChem identifiers. After determining the
most effective descriptors on the model thanks to PFI (Per-
mutation Feature Importance), we selected the 500 most
essential descriptors. We created a new dataset with these
top 500 descriptors and applied XAl to this dataset with the
XGBoost model (bold in Table 1). In this way, we could see
more clearly the impact of the most important descriptors
on the model [20, 22].

Explainability with Shapley additive explanations (ShAP)

Among the different explain ability strategies, ShAP (Shap-
ley additive explanations) selection benefits from several
qualities [23, 24]. It will also be suitable for the XGBoost-
model we chose for COX-2 inhibition. Additionally, it pro-
vides ShAP values for completeness, correctness and con-
sistency [24-26]. Moreover, ShAP applications are simple
and easily documented with pictures. Initially, Shapley’s
values were presented as a game theory to adequately com-
pensate participants according to their contribution to their
overall gains [27]. An estimated model’s quantitative sig-
nificance is determined based on contributions. The average
marginal contribution of the feature value to each possible
combination of all the features in your model can be consid-
ered the ShAP value in our investigation. The discrepancy
between the actual and average expectations for the whole
set of molecular fingerprints may be used to explain a ShAP
value for a specific molecular fingerprint value. When deal-
ing with ShAP values, we should note that the projected
value remains the same when a related feature is removed
[28]. The Shapley values of each feature are determined
using the ShAP method and are then represented as a linear
model of all components. ShAP values employ a specific
index for each feature across all binary features. By doing
so, ShAP values make it simple to represent interactions
that might otherwise go unnoticed. This feature is crucial
because it helps to understand the variables in the model
and how they relate to one another [25]. We estimated the
TreeShAP values of the best-performing ML-based model
using the COX-2 inhibition data with Python as a training
and test set [29]. To illustrate the significance of molecular
fingerprints for the models, we used ShAP values. To assess
how these chemical fingerprints contribute to the output of
both models and their relevance in the models, we next
constructed ShAP value plots for both models. The crucial
interactions between these molecular fingerprints and their
targets were examined [30]. Finally, we created individual
(local) and global plots to comprehend how different factors

influence the effectiveness of COX-2 inhibition. We then
decided on the ShAP results and the impact of COX-2 inhi-
bition on the drug discovery process.

Local interpretable model-agnostic explanations (LIME)

LIME (Local Interpretable Model-agnostic Explanations)
aims to improve local proxy models for specific expecta-
tions. Black-box machine learning techniques, local proxy
models, or understandable models are utilised to explain
predictions. Redundant models are built to closely match
the underlying black box model’s predictions. LIME focuses
on developing local proxy models rather than global ones.
LIME is model agnostic; therefore, it may be used with any
machine learning model. The technique attempts to compre-
hend the model by dissecting the input of the data samples
and seeing how the predictions vary [24, 31]. The explainer-
LIME approach was utilised to construct estimation values
in this study.

Docking methods
Protein preparation

The molecular docking method integrated the ligand ori-
entations in the Cyclooxygenase active site of COX-2 to
provide more exact and realistic initial ligand-bound coor-
dinates. The crystal structure of the Cyclooxygenase active
site of COX-2 [32] was extracted from the website https://
www.rcsb.org (PBD ID: 1CVU) and used to build initial 3D
coordinates. At first, Co-crystallised waters were removed,
then polar hydrogen was added and hydrogen bonds were
optimised. The OPLS force field [33] was used to minimise
energy. pH was maintained at 7 during the preparation of the
entire protein preparation.

Grid box generation of receptor

Grid box generation at the Cyclooxygenase active site of
COX-2 was the most challenging part, and it was accom-
plished by the Glide module, which enables the Grid box in
addition to van der Waals radius for scaling factor (1.0) and
partial charge cut-off (0.25) without the need of force [34].
It implied the binding site by selecting the pre-docked ligand
and placing a cubical-shaped box on the pre-dock ligand’s
centroid with the grid box spacing of 20 A [35].

Ligand preparation and docking
Marvin Sketch 20.10 [36] was used to draw the 2D struc-

ture of ligands and converted to 3D using Maestro12.3. The
ligands were developed using the “LigPrep” module by
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minimising using the OPLS_2005 force field; pH was kept
constant at 7 [37]. Maestro 12.3 (Schrodinger) was employed
to run the docking simulations of sixteen selected molecules
to the Cyclooxygenase active site of COX-2 with the “Extra
Precision (XP)” model, and the rest of the parameters were
kept as default [14]. Binding interactions were analysed
using Maestro 12.3 (Schrodinger) [35, 38-56].

Predictive ADME studies

Swiss-ADME (http://www.swissadme.ch/): a free web tool
offered by the Swiss Institute of Bioinformatics, was used
to determine ADME characteristics [57, 58]. The test com-
pounds were created using the molecular sketcher on the
server website (http://www.swissadme.ch). This structure
was translated to SMILES format (the program’s real input).
The physicochemical characteristics, lipophilicity, drug like-
liness and bioavailability radar, among other things, were
studied, which provide a pharmacokinetic profile of the drug
[59].

Molecular dynamic simulation

Although molecular docking investigations have provided
binding mode interaction of protein inhibitors in complex,
molecular dynamics simulation can detect the tiniest disa-
greement [60—65]. The chosen compounds were studied for
possible atomic features inside the solvent system using the
best interactions and energy-docked conformation acquired
from docking study findings. So, to do so, MD simulation
was employed using the Schrodinger Desmond module [61].
The system was immersed in a periodic TIP3P water bath,
which extended approximately 10.0 A in each direction
using the Desmond System Builder tool. A suitable num-
ber of counter-ions were used to neutralise the complexes.
0.15 M NaCl was added to the simulation panel to maintain
the isosmotic condition in the system. Equilibration was car-
ried out until the system reached a stationary state before
the simulation started. A production MD run for 150 ns was
carried out with a target pressure of 1 bar and a temperature
of 310 K, respectively. A simulation interaction diagram was
used to investigate the MD simulation data comprehensively.
The root means square deviation (RMSD) of the protein and
selected compound complex, the protein’s root means square
fluctuation (RMSF), the protein—ligand interaction diagram,
the interacting amino acid residues with the ligand in each
trajectory frame and the trajectory of different ligand proper-
ties were all derived.

Binding free energy calculation

Maestro 12.3 was used to calculate the relative binding
free energies (A Gbind) of the protein-selected compound

@ Springer

complex [66] using the Prime Molecular Mechanics Gen-
eralised Born Surface Area (MM-GBSA) module. The
OPLS-2005 force field was used to calculate the binding
free energies (kcal/mole) with the novel solvent model sys-
tem in VSGB 2.0, and the rest of the parameters were kept
as default [67].

Results and discussion

This study presents an innovative computer-aided drug
design approach that integrates bioinformatics and machine
learning methods to evaluate the potential of phenolic com-
pounds as COX-2 inhibitors. The presented method can
be accepted as a prototype in research on COX-2 inhibi-
tors and also has the potential to be adapted for other drug
design problems. The details we present in our study are
fully included in the article, from the model used to the
algorithms to the data set information. These details ensure
that the study is both reproducible and buildable by other
researchers. In this study, we established QSAR models for
COX-2 inhibition. For model development, performance
and validation, we applied PFI to 1488 molecules obtained
from the ChEMBL database and used 500 molecules. 400
molecules were allocated as the training set and 100 as the
test set.

To build our model, we used the PubChemFP fingerprint,
which consists of 881 bits representing molecules’ chemical
structure and binding sites. We used the XGBoost regression
method to evaluate our model’s performance. This method
is a machine learning method consisting of a large number
of decision trees. This method provides high accuracy in
both classification and regression problems. The R2 value
in the training set of our model is 0.93, and the R2 value
in the test set is 0.47 (Table 1). In this study, a model was
developed using different ML algorithms to predict the drug
potential of COX-2 inhibitors based on bioactivity data. In
addition, these models were trained to predict the inhibitory
potential of the inhibitors based on the chemical proper-
ties of the COX-2 inhibitors in the dataset. Table 1 shows
the performance of four different algorithms: RandomFor-
estRegressor, XGBRegressor, DecisionTreeRegressor and
MLPRegressor. The performance of these algorithms was
evaluated by criteria such as R2 values, mean absolute error
(MAE) and mean square error (MSE). The results revealed
that the XGBRegressor algorithm performed best.

The PFI method is a method used to determine feature
selection. This method determines the essential features
by measuring how much the model’s accuracy decreases
when a feature (molecular fingerprint) is removed. There-
fore, this method is useful in feature selection and has
helped you identify the three most critical molecular fin-
gerprints (Fig. 1). PubchemFP374 represents aromatic rings


http://www.swissadme.ch/
http://www.swissadme.ch

Molecular Diversity (2024) 28:2099-2118

2105

PubchemFP391

PubchemFP24
PubchemFP392
PubchemFP192
PubchemFP590
PubchemFP364

PubchemFP791

PubChem Descriptors

PubchemFP420

PubchemFP685

PubchemFP374

0.0600 0.0625 0‘02)50 0‘0675 0.0'100 0.0'125 0‘0‘150 0.0'175 0.0:200
Permutation Feature Importance Score

Fig. 1 Feature importance plot for COX-2 inhibition models

and hydrogen bonds of molecules, while PubchemFP685
contains hydrogen bonds and double bonds of molecules.
PubchemFP420, on the other hand, represents the properties
of molecules associated with hydrogen bonds, double bonds
and carboxylic acids. These properties are essential chemical
properties that affect the activities of COX-2 inhibitors and
can, therefore, be used in molecular design and exploration
studies (Figs. 2, 3, and 4).

The XAI methods SHAP and LIME applied to the data-
set are a set of algorithms used to determine the order of
importance of molecular fingerprints. The SHAP method
measures the contribution of each feature to the model

PubchemFP391 N(~C)(~C)(~C)
PubchemFP24 >=2F
PubchemFP392 N(~C)(~C)(~H)
PubchemFP192 >=3 any ring size 6
PubchemFP590 C-C:C-O-[#1]
PubchemFP364 C(~F)(:C)
PubchemFP791 NC1CCC(N)CC1
PubchemFP420 Cc=0
PubchemFP685 0=C-C-C-C-N
PubchemFP374 C(~H)(~H)(~H)

prediction by considering every combination of a fea-
ture. As a result, it was determined that PubchemFP593,
PubchemFP899 and PubchemFP116 are important for
COX-2 inhibitors. Higher values of these properties
cause the model to predict higher COX-2 inhibition activ-
ity, while lower values give lower activity estimates.
The LIME method is explicitly used to describe the pre-
dicted result. This method measures the effect of features
in a given sample and helps explain why a prediction is
made. As a result, PubchemFP771, PubchemFP117 and
PubchemFP718 were determined to be essential for COX-2
inhibitors.

PubchemFP593 +0.19
PubchemFP299 +0.1
PubchemFP116 +0.09
PubchemFP192 [ +0.08
PubchemFP15 [i§ +0.07
PubchemFP391 [ +0.07
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Sum of 872 other features +3.11
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Fig.2 Bar graphs (A), Beeswarm (B), and Heatmap (C) were created according to ShAP values for COX-2 inhibition
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Fig.3 The LIME graph created
for COX-2 inhibition is shown.
This chart colour -codes the v sitiv
; 2 negative DOsItIVe
contribution of each feature to Predicted value - I -
.. PubchemFP771 <= 0.00
the model prediction. Orange- 251 (N ] 9.02 107
coloured features are features (min) 6.62 (max) PubchemFP117 <=0.00
that increase COX-2 inhibition. R 23
Blue-coloured features are fea- Pubc??nFPSl- '
tures that reduce COX-2 inhibi- PubchemFP718 <= 0.00
tion. The length of the features 0.56
expresses the magnitude of their PubchemFP1 ;1§6<- 0.00
impact on the model prediction PubchemEPS93 <= 0.00
0.45
PubchemFP401 <= 0.00
0.45
PubchemFP863 <= 0.00
044
PubchemFP760 <= 0.00
035
PubchemFP725 <= 0.00
0.09
Fig.4 TImportant fingerprints Shapley additive explanations (ShAP)
and bit substructure information
were revealed by SHAP and PubchemFP593 N-CCCN
LIME methods PubchemFP299 N-H
PubchemFP116 >= 1 saturated or aromatic carbon-only ring size 3
PubchemFP192 >= 3 any ring size 6
PubchemFP15 >=2N
PubchemFP391 N(~C)(~C)(~C)
PubchemFP590 C-C:C-O-[#1]
PubchemFP259 >= 3 aromatic rings
Local Interpretable Model agnostic Explanations (LIME)
PubchemFP771 Ncic(Cl)ccecl
PubchemFP117 >= 1 saturated or aromatic nitrogen-containing ring size 3
PubchemFP812 NC1CC(N)CCC1
PubchemFP148 >= 1 unsaturated non-aromatic nitrogen-containing ring size 5
PubchemFP401 N(~0)(~0)
PubchemFP760 Cclc(Br)cceccl
PubchemFP725 Sclcce(N)ccl
PubchemFP718 Cclcec(Br)ccl

The PubchemFP593 property specifies whether the
molecule contains an aromatic nitro group [68]. The
PubchemFP899 property specifies whether the mol-
ecule contains an aromatic sulfonamide group [69]. The
PubchemFP116 property specifies whether the molecule
contains an aromatic nitro group [69]. The PubchemFP771
feature indicates an aromatic sulfone group in the mol-
ecule, and the PubchemFP117 feature indicates an aromatic
hydroxyl group. PubchemFP718, on the other hand, means
whether there is an aromatic sulfonyl group in the molecule.

@ Springer

These properties can be used to predict biological activi-
ties such as COX-2 inhibition. These properties affect the
compatibility and selectivity of the molecules to the COX-2
enzyme [1].

Post-docking analysis
All the selected molecules (16 ligands) were subjected to a

molecular docking study in the cyclooxygenase active site of
COX-2 (PDB ID: 1CVU) [32]. All the binding energies with
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best scores (bold) and docking scores aregiven in Table 2.
After going through various literature reviews [38, 70-72],
it has been observed that the cyclooxygenase active site of
COX-2 consists of different amino acids such as Met113,
Vall16, Phe205, Phe209, Val228, Val344, 1le345, Tyr348,

Table2 List of selected molecules with their binding affinity in
cyclooxygenase active site of COX-2 (PDB ID: 1CVU)

Val349, Leu352, Leu359, Leu384, Tyr385, Trp387, Phe518,
Ala527, Val523, Ser530 and Leu534. Among which most
of them are aromatic and form Hydrophobic pocket into
the active site, and residue 530 to 587 plays a crucial role
in catalysing the reaction, which converts the Arachidonic
acid to Prostaglandin H, followed by Prostaglandin G, [32,
37, 67, 73-80]. 16 molecules were selected and subjected
to docking simulation, but only the best-scoring molecules
were analysed to reduce the cost and time.

Ligand Binding energy - Size :;(())rr;al AutoDock elements In the present study, the Arachidonic acid (co-crystal) was
DOF redocked in PDB ID: 1CVU to test the reliability and repro-
ducibility of the docking protocol for our study (Figs. Sa
Co-crystal - -84 214 COoA and 6a). The Carboxylic Acid group of Arachidonic acid
69,030 -6 2 3 ACCIOANSHD has formed only one Hydrogen bond with Ser530. Ligand
69,683 - 264 ACSOAC 69,030 has formed four hydrogens with four different
71,423 -7 3 Acsoad amino acids (Figs. 5b and 6b). The sulfonamide group has
98,492 T4 24 ACSA formed a hydrogen bond with the amino group of Phe518
126,967 -9 »3 ACFIOANSHD (S=0-NH,). The heteroatom (Nitrogen) of dihydropyridine
144,281 61 13-4 ACSAOAC moiety has formed an H-bond with the carboxylic acid of
145,626 80 21 8 ACSAOA Met522 (NH-OH) and entirely occupied the hydrophobic

172,194 -8.5 23 3 ACSOAN pocket.
173,169 -89 44 ACHD S OA In contrast, the 4-Pyrone group has formed an H-bond
185,639 87 254 ACCINAOGANSHD i Ser530, like our native ligand. The methyl group in the
306,639 87 243 ACSOAF sulfonamide moiety has formed a covalent bond with the
309,156 -104 23 ACECIOAS terminal Amino group of Arg513. The sulfonamide group of
319,099 —0 25 4 ACSOASA Ligand 71,423 has formed a hydrogen bond (Figs. Sc and 6¢)
322,305 -3 36 ACFNAOANSHD with the terminal amino group of Argl120 (S=0-NH,) and
339,222 -8 303 ACFOANS Br inhibits the translation of the prostaglandin [81, 82]. In the
342317 62 3 4 ACSAOA Ligand 126,967, the two oxygen atoms of the Sulfonamide

Phe205 A Arg513 B Arg120 phe381 C
2ER Phe209 Tyr3s5
Phe518 : 2,
.7 &‘@ N o S
Met522 p \\:;
¥ e Trp387 HisS0 Phe518
69030 71423

A3
Pt
&*Q

09156

Phe381 Tyr348

126967

E Tyr348 F Phe518
Tyr355
} Tr,

Tyr355

\pi&

Q
Tyr38 5 = A

i \_O Tyr3ts o
Phe381

39222

Fig.5 3D representation of Binding interaction of the selected ligands in cyclooxygenase active site of COX-2 (PDB ID: 1CVU). The receptor is
shown in saffron colour, and H-bond interactions are shown in black dashed lines
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Fig.6 2D representation of binding interaction of the selected ligands
in cyclooxygenase active site of COX-2 (PDB ID: 1CVU). H-bonds
are shown in Blue dashed arrows. Hydrophobic amino acids are

moiety have formed two different hydrogen bonds with
Phe518 and His90, respectively (Figs. 5d and 6d), blocking
the Hydrophobic Aromatic pocket. The pyrrole moiety of the
Ligand has formed another hydrogen bond with Tyr355 and
blocks the catalytic binding site [83, 84], which forms the
penta-dienyl radical centre on C11 of Arachidonic Acid [85].
Ligand 309,156 has formed three hydrogen bonds with three
different amino acids (Figs. 5e and 6e), among which the
two oxygen atoms of Sulfonamide moiety have included two
different hydrogen bonds with Phe518 and His90 by entering
the top channel of the active site [86]. The carbonyl oxygen
of 4-Pyrone moiety has formed an H-Bond with Ser530 and
blocks the helix 17 pockets of COX-2, which leads to the
inhibitions of cyclopentane cyclisation step of Prostaglandin
G, from the Arachidonic Acid [32]. The carbonyl carbon of
Ligand 339,222 has formed a strong H-bond with Tyr348
(Figs. 5f and 6f), which is near to Tyr385 and Trp387,
helps to destabilise the protein conformation of COX-2 and
inhibits the synthesis of Prostaglandin G, to Prostaglandin

@ Springer

shown in the green circle (indicated by green dashed arrows), and
Polar amino acids are in purple

H, [84]. After analysing the binding orientation of all the
best-scoring molecules in the Cyclooxygenase active site of
COX-2, it can be concluded that our selected molecules can
be suitable competitive inhibitors of Arachidonic Acid due
to the better binding interaction with the receptor than the
co-crystal molecule.

ADME parameters prediction

The in silico ADME parameters of the newly selected com-
pounds were calculated using the SwissADME (http://www.
swissadme.ch) server. Lipinski’s rule of five is essential to
ensure a drug-like pharmacokinetic profile (Table 3) when
using rational drug design [57, 87].

Bioavailability Radar is provided for a quick assessment
of drug-likeness. Lipophilicity [57](Log P:-0.7 and +5.0),
size (Mol. Wt. between 150 and 500 g/mol), polarity (TPSA
between 20 and 130 AZ), solubility (log S not higher than 6),
flexibility (no more than 9 rotatable bonds) and saturation
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Table 3 In silico predicted ADME properties of the selected compound

Molecule Mol wt. (gm/mol) HBA HBD MR TPSA (10\2) MLog P (O/W)  Solubility (Mg/ml) Lipinski rule
69,030 361.80 5 0 91.75 85.62 1.34 4.04e-02 Yes
71,423 374.84 4 0 98.92 72.73 2.63 4.53e-03 Yes
126,967 567.16 3 1 110.15 58.31 4.46 1.35e-04 2 Violation (M.W and Log P)
309,156 378.80 5 0 9391 72.73 2.79 6.40e-03 Yes
339,222 494.37 5 0 118.26  73.75 4.46 1.78e-04 1 Violation (MLog P)
AA (Co- 303.46 2 0 96.19 40.13 - -
crystal
ligand)

(fraction of carbons in the sp3 hybridisation not less than
0.25) are the six qualities considered as physicochemical
properties [57, 58, 88—91]. Descriptors defined a physico-
chemical range on each axis, shown as a pink region (Fig. 7)
in which the molecule’s radar plot had to fall totally to be
declared drug-like.

Molecular dynamic simulation analysis

Although molecular docking investigations have revealed
insights regarding complicated binding modes (protein-
inhibitor), modelling molecular dynamics can detect the
tiniest disagreement [53, 61, 92, 93]. The selected ligands
were investigated for possible atomic features inside the
solvent system for 150 ns using the best interactions and

energy-docked conformation derived from docking data to
analyse the conformational stability of ICVU-ligand com-
plexes and ICVU-co-crystal ligand complex in the physi-
ological parameters, such as temperature, pressure, and were
embedded with water molecules. The MD simulations of
1CVU-ligand complexes analysis were compared with that
of the co-crystal complex for 150 ns.

The RMSD was derived after MD simulations to evalu-
ate changes in individual atom states using their initial
state as the reference. This means that the initial docked
posture of the ligands at the target protein’s binding site
will be used as the reference frame, and the mobility of
this original frame during the MD simulation will be ana-
lysed in terms of time. Figure 8 shows the RMSD values
for the protein on the Y-axis (left side). An RMSD value

LIPO LIPO LIPO
FLEX SIZE || FLEX SIZE | FLEX SIZE
Co-cr\)(gaL ontrol) 6 0
INSATU POLAR(INSATU POLAR|INSATU POLAR
INSOLU INSOLU INSOLU
LIPO LIPO LIPO
FLEX SIZE | FLEX SIZE || FLEX SIZE
26967 3
INSATU POLAR(INSATU POLAR|INSATU POLAR
INSOLU INSOLU INSOLU

Fig. 7 Bioavailability radar of all the compounds. The pink colour region represents the optimal range of each physicochemical value
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Fig.8 The root means square deviation (RMSD) of ligand interaction
during 150 ns MD trajectory for A COX 2—co-crystal ligand complex
B COX 2-69,030 ligand complex C COX 2-71,423 ligand complex

of 1-4 A is acceptable for small proteins [62, 63]. The
range of this RMSD value can increase as a protein’s size
increases [14]. Throughout the simulation, the RMSD of
the protein backbone of the COX 2-co-crystal ligand com-
plex (Fig. 8A) remained below 2.4 A. The RMSD value
of the COX-2-69,030 complex protein backbone (Fig. 8B)
was determined to be about 4.0 A. The RMSD of the pro-
tein backbone of the COX 2-71,423 complex (Fig. 8C)
is approximately 3.2 A. The RMSD of the protein back-
bone of the COX 2-126,967 complex (Fig. 8D) was deter-
mined to be less than 3.0 A throughout the simulation. The
RMSD of the protein backbone of the COX 2-309,156
ligand complex (Fig. 8E) is about 2.2 A. Throughout the
simulation, the RMSD of the protein backbone of the COX
2—3309,222 ligand complex (Fig. 8F) remained less than
2.4 A.
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The protein’s RMSF “root mean square Fluctuation”
produced a stable structure during the simulation, provid-
ing an appropriate basis for subsequent investigation. The
areas of the protein that differ the most from the reference
can be observed from the RMSF plot [38, 60]. The RMSF
plot shows the portions of the protein that differ the most
from the reference. Figure 9 depicts the graphical RMSF
data for the protein—ligand combination obtained by the MD
simulation. Figure 9 clearly illustrates that the RMSF value
for protein backbone amino acids fluctuates significantly in
the N- and C-terminal regions compared to other protein
regions. All of the protein—ligand complexes (Fig. 9B-F)
should have similar RMSF values to the COX 2-co-crystal
ligand complex (Fig. 9A) [94].

Most of the RMSF of COX 2—co-crystal ligand complex
(Fig. 9A) fluctuates between 0.6 and 2.4 A. The majority of
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the RMSF of COX 2-69,030 ligand complex (Fig. 9B) was
found to differ within the range of 0.8 and 2.5 A. Most of the
RMSF of COX 2-71,423 ligand (Fig. 9C) varies between 0.6
and 2.0 A. The majority of the RMSF of COX 2-126,967
ligand (Fig. 9D) oscillates within the range of 0.6 and 2.0 A.
Most COX 2-309,156 ligand (Fig. 9E) differs between 0.6
and 2.5 A. The more significant part of the RMSF of the
COX 2-339,222 ligand (Fig. 9F) was found to vary within
the range of 0.8 and 2.5 A. During the MD simulations, the
RMSEF of the protein-ligand interactions for all phytocom-
pounds was consistent with the RMSF of the protein-co-
crystal ligand complexes.

The properties of the ligands, such as the RMSD, radius
of gyration (rGyr), molecular surface area (MolSA), sol-
vent accessible surface area (SASA) and polar surface area
(PSA), were studied during 150 ns MD simulations. The
graphical results for the co-crystal ligand and the selected
compounds (69,030, 71,423, 126,967, 309,156, 339,222)
are illustrated in Fig. 10. RGyr reveals the compactness of
a structure, where huge fluctuations indicate less stability.

200 300
Residue Index

400

complex C COX 2-71,423 ligand complex D COX 2-126,967 ligand
complex E COX 2-309,156 ligand complex F COX 2-339,222 ligand
complex

MOolSA relates to the geometric surface property wherein the
value of MoISA and van der Walls surface area are equiva-
lent. SASA refers to the surface of a molecule in direct con-
tact with the solvent system where it is present. PSA refers to
the total surface area of polar atoms such as oxygen, nitrogen
and corresponding hydrogens [60, 94-96].

Figure 10A depicts the various properties of co-crystal
ligands. The RMSD of the co-crystal ligand can be in
between the range of 1.5-4.5 /08, and it reaches the equi-
librium around 3.5 A. Most of the fluctuations of rGyrare
were found to be between the range of 4.0-7.2 A and reach
the equilibrium at about 5.5 A. The majority of MolSA
fluctuations are between the range of 350—420 Az, and the
equilibrium is at around 400 A2, During the 150 ns MD
simulations, SASA oscillates between 00 and 15 A2 from
40 to 120 ns, and from that point on, the fluctuations are
found to reach the equilibrium at 02 A2, The PSA fluctu-
ates between 50 A% and 105 A2 and the equilibrium is
around 100 A2 The characteristics of compound 69,030
are depicted in Fig. 10B. The RMSD of 69,030 is between

@ Springer
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Fig. 10 The trajectory of different properties of A co-crystal ligand B 69030 ligand C 71423 ligand D 126967 ligand E 309156 ligand F 339222

ligand during the 150 ns of MD simulations

0.3 and 0.9 A, with an equilibrium value of roughly 0.8 A.
The rGyr ranges between 3.9 and 4.2 A, with an equilib-
rium at approximately 4.10 A. The MoISA ranges between
300 and 315 A2, with an equilibrium of about 309 A2, Dur-
ing the 150 ns MD simulations, SASA swings between 00
and 70 A2 from 40 to 120 ns, and the fluctuations gradu-
ally attain equilibrium at 20 A2 The PSA ranges between
135 and 150 A2, with an equilibrium value of approxi-
mately 143A2. The characteristics of compound 71,423 are
depicted in Fig. 10C. The RMSD of 71,423 is between 0.2
and 1.0 A, with an equilibrium value of roughly 0.3 A. The
rGyr swings between 4.30 and 4.43 A, with an equilibrium
at approximately 4.37 A. The MolSA ranges between 315
and 335 A2, with an equilibrium of about 333 A2, During
the 150 ns MD simulations, SASA fluctuates most between
0 and 60 A2 from 80 to 100 ns, and the fluctuations gradu-
ally achieve equilibrium at 10 A2, The PSA varies between
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110 and 125 A2, with an equilibrium value of approxi-
mately 116 A2,

The characteristics of compound 126,967 are shown in
Fig. 10D. The RMSD of compound 126,967 is between 0.3
and 0.9 A, with an equilibrium value of roughly 0.8 A. The
rGyr ranges between 4.0 and 4.3 A, with an equilibrium at
approximately 4.15 A. The MolSA ranges between 328 and
340 A2, with the equilibrium at around 327 A2, During the
150 ns MD simulations, SASA fluctuates most between 0
and 60 A from 80 to 100 ns, and the fluctuations gradually
achieve equilibrium at 10 A2, The PSA varies from 90 to
103 A2, with an equilibrium value of approximately 95 A%,
The characteristics of compound 309,156 are depicted in
Fig. 10E. The RMSD of compound 309,156 is between 0.2
and 0.9 A, with an equilibrium value of roughly 0.8 A. The
rGyr ranges between 3.95 and 4.17 A, with an equilibrium
at approximately 4.06 A. The MolSA ranges between 308
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and 319 Az, with an equilibrium of about 312 A2, During the
150 ns MD simulations, SASA swings most between 5 and
50 A2 from 80 to 100 ns, and the fluctuations then gradually
attain equilibrium at 15 A2 The PSA varies between 108
and 123 A2, with an equilibrium value of approximately 115
A2 The characteristics of compound 339,222 are shown in
Fig. 10F. The RMSD of compound 339,222 is between 0.5
and 1.5 A, with an equilibrium value of roughly 0.8 A. The
rGyr swings between 4.2 and 4.5 A, with an approximately
44A5 equilibrium. The MolSA varies between 376 and
400 A2, with the equilibrium at 392 A% During the 150 ns
MD simulations, SASA fluctuates most between 0 and 45
A from 80 to 100 ns, and the fluctuations gradually achieve
equilibrium at 10 A2 The PSA varies between 81 and
105 A2, with an equilibrium value of approximately 95A2.
The simulation interaction diagrams shown in Fig. 11
investigate the four protein—ligand interactions that occurred
during the 150 ns MD simulations study: hydrogen bonds,
hydrophobic interactions, ionic interactions, and water
bridge interactions. The binding interactions of COX 2—co-
crystal ligand complex, COX 2-69,030 ligand complex,

COX 2-71,423 ligand complex, COX 2-126,967 ligand
complex, COX 2-309,156 ligand complex, COX 2-339,222
ligand complex. After the MD simulation, protein interac-
tion with the co-crystal ligand is validated by Fig. 11A,
where the co-crystal ligand is found to interact with Met522
and Ser530 and shown to provide stable conformation of
the native ligand at the active site throughout the simulated
period. The MD simulation protein interaction with the
69,030 ligands is validated by Fig. 11B, where the ligand
interacts with Phe518, Met522, Ser530 and Arg513 and is
shown to provide stable conformation throughout the 150 ns
simulation. The ligand 71,423 has been found to form hydro-
phobic interactions (Fig. 11C) with several amino acids of
the hydrophobic aromatic pocket, and the interaction with
the terminal amino group Argl20 remains intact throughout
the 150 ns period. The simulation results of ligand 126,967
are shown in Fig. 11D, where it can be observed that apart
from the initial interaction with His90, Phe518 and Tyr355,
two significant hydrogen bonding interactions formed with
Ile517 and Phe518. The ligand 309,156 interacts with His90,
Phe518 and Ser530 via hydrogen bonding, hydrophobic
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Fig. 11 The plot represents the hydrogen bonding interactions of A co-crystal ligand B 69030 ligand C 71423 ligand D 126967 ligand E 309156
ligand F 339222 ligand with the amino acid residues of COX-2 protein during 150 ns MD simulation
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and water bridge interaction, validated by Fig. 11E. The
MD simulation results of ligand 339,222 are validated by
Fig. 11F, wherein it can be observed that apart from the
initial interaction with Tyr348, it has also formed hydrogen
bonds with Tyr385 and Ser530 utilising a water bridge. So,
it can be concluded that the residues mentioned above played
a significant role at the active binding site and have been
vital for stabilising the co-crystal molecule and the selected
molecules inside the cyclooxygenase active site of COX-2
[32, 76, 97].

Figure 12 depicts a schematic representation of the
protein—ligand interactions (hydrogen bonds, hydrophobic
interactions, ionic interactions and water bridge interac-
tions) during MD simulations. The data provided in Fig. 12
also show the total number of interactions formed by the
amino acids of COX-2-s cyclooxygenase active site with
the co-crystal ligand during the MD simulations. Figure 12
shows how frequently COX-2 amino acids interact with
co-crystal ligands, compound 69,030, compound 71,423,
compound 126,967, compound 309,156 and compound

bk e o g s g s
A B

Co-crystal (Control)

309156

PDBID 1CVU

339,222. The scale on the right side of each diagram shows
that a deeper shade of orange corresponds to numerous
interactions of amino acids with the compounds [14]. The
protein-ligand interaction plot and schematic illustration
(Figs. 11 and 12) support the MD simulation study results
because the amino acid residues of COX-2 were found
to interact with the co-crystal ligand and test compounds
during docking were also found to interact with the amino
acid residues of cyclooxygenase active site of COX-2 dur-
ing the 150 ns MD simulations.

Furthermore, numerous amino acids that were not pre-
dicted to interact with the chosen compounds during docking
were discovered to interact with them at a certain period
during the 150 ns simulations. This suggests a vitalpro-
tein—ligand interaction profile and entirely occupied the
cyclooxygenase active site of COX-2. From Figs. 11 and
12, it can be concluded that at a particular time, almost all
the selected molecules interact with the amino acid residue
range of Tyr385-Ser530 in the same way as the co-crystal
molecule does in the cyclooxygenase active site of COX-2

et gy o it byl

69030

126967

W i 1

339222

Cyclooxygenase-2

Fig. 12 Timeline interaction data of the amino acids of the protein with A co-crystal ligand B 69030 ligand C 71423 ligand D 126967 ligand E
309156 ligand F 339222 ligand throughout the entire 150 ns MD simulations
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Table 4 Binding free energy values were found in the MM-GBSA
study

Serial number Ligand MM-GBSA dG Bind
(—kcal/mol)

1 Co-crystal —72.0758401106395
2 69,030 —74.0993193920694
3 71,423 —64.6818324606174
4 126,967 —68.2292497261369
5 309,156 —70.640260057653

6 339,222 —86.0914082292365

and completely occupied the hydrophobic pocket and cata-
lytical binding site [32, 75-77].

Binding free energy calculation (MM-GBSA)

To investigate the ligand-receptor binding energies, the five
compounds were subjected to a molecular mechanics gener-
alised born solvent accessibility (MM-GBSA) analysis. The
MM-GBSA technique determines the binding free energy
of the ligand—receptor complex to ensure the compounds’
stability after binding to the target protein’s active binding
site [14, 92].

MM-GBSA dG bind values are the energy difference
between the optimised ligand—receptor complex (prime)
energy and a combination of optimised free ligand and
receptor energy [92]. The MM-GBSA dG bind values are
given in Table 4. From the MM-GBSA analysis, it can be
observed that the ligand 339,222 has been found to have
best binding energy (— 86.0914082292365 kcal/mol) fol-
lowed by the ligand 69,030 (- 74.0993193920694 kcal/
mol), ligand 309,156 (- 70.640260057653 kcal/mol),
ligand 126,967 (- 68.2292497261369 kcal/mol) and ligand
71,423 (— 64.6818324606174 kcal/mol). The MM-GBSA
dG bind the value of the Co-crystal molecule is found to
be — 72.0758401106395 Kcl/mol. So, based on MMGBSA
analysis, ligand 339,222 is found to be more stable than the
co-crystal ligand and can be considered to be the toughest
among the other five ligands after it binds to the cyclooxy-
genase active site of COX-2 and the MM-GBSA result cor-
relates well with the results given in Fig. OF and 10F.

Conclusion

This study used explainable artificial intelligence (XAI)
models and bioinformatics tools to design and discover
phenolic COX-2 inhibitors. XAI models were developed
to predict the bioactivity of COX-2 inhibitors and used to
identify potential drug candidates by scanning CHEMBL, an
extensive database of natural products. Moreover, molecular

fingerprint analysis of the scanned compounds was per-
formed and the common structural properties of phenolic
compounds that are effective as COX-2 inhibitors were ana-
lysed using bioinformatics tools. This study demonstrates
the potential of XAI models and bioinformatics tools in
natural product research.
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