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Abstract

Background:

Xanthine oxidase (X0), a key enzyme in purine metabolism, catalyzes the oxidation of hypoxanthine to xanthine and
subsequently, xanthine to uric acid, the final product of purine catabolism in humans. XO enzyme plays a critical role in
controlling uric acid levels thus, targeting it, is essential in managing conditions like gout.

Objectives:This study is aimed at exploring the bioactive compounds in Brassica oleracea var. italica (broccoli) and Brassica
oleracea var. acephala (kale) for their potential anti-gout properties and ability to inhibit XO through an in-silico approach.

Methodology: Broccoli and kale leaves were subjected to solvent extraction. Phytochemicals from the extracts were identified
using GC-MS analysis and subsequently docked against the XO receptor. ADMET and medicinal chemistry analyses were
conducted on selected compounds to assess their pharmacological and safety profiles, and molecular interactions with XO
were evaluated.

Results: Out of the 28 compounds docked, seven showed favorable binding affinities, with binding energies below =7.0
kcal/mol. Among these, butylated hydroxytoluene and benzyl benzoate emerged as lead compounds, exhibiting favorable
pharmacodynamic properties and minimal predicted toxicity. They interacted hydrophobically with key residues of the target
protein and-showed a markedly inhibitory potential against XO.

Conclusion: Butylated hydroxytoluene and benzyl benzoate emerged as lead compounds and exhibited inhibitory effects
against X0, suggestive of a therapeutic source for gout therapy.

INTRODUCTION

Gout has emerged as a notable public health issue worldwide, with a marked increase in both its prevalence and incidence in
recent decades [1, 2]. It is classified as an inflammatory arthritis condition linked to elevated uric acid levels in the blood, a
state known as hyperuricemia. The hyperuricemic condition leads to the deposition of urate crystals in the joints of various
body parts such as the wrist, fingers, ankle, toe, and knee [3, 4], resulting in symptoms such as redness, tenderness, warmth,
and swelling during acute inflammatory episodes [5].

The synthesis of uric acid occurs through the oxidation of purine metabolites, specifically hypoxanthine and xanthine,
facilitated by the enzyme xanthine oxidase (X0) [6]. This molybdenum-dependent enzyme plays a crucial role in the
degradation of purine nucleotides, catalyzing two key rate-limiting steps in this metabolic pathway [7, 8]. The enzymatic
process involves several intricate steps, including the activation of the hydroxyl group of the molybdenum cofactor,
nucleophilic attack on xanthine, and the formation of uric acid, all while managing electron flow through associated cofactors.

The conversion of xanthine to uric acid involves a series of four reaction steps facilitated by specific cofactors and amino
acids. Initially, the proton from the hydroxyl group of the molybdenum cofactor (Moco) is transferred to Glu1261, which
activates the hydroxyl group for a nucleophilic attack on xanthine. In this step, GIlu802 plays a crucial role in stabilizing the
negative charge of the intermediate formed. The second step involves the transfer of a hydride ion from the tetrahedral
intermediate to the sulfur atom of Moco, resulting in the reduction of molybdenum from Mo (VI) to Mo (IV). Subsequently, in
the third step, uric acid is produced through protonation by Arg880, with the assistance of a water molecule. The final step
involves the reduction of FAD to FADH,, which re-oxidizes Mo (IV) back to its original oxidation state, Mo (VI).

This enzymatic process is supported by two [2Fe-2S] clusters that connect the Moco and FAD cofactors, facilitating electron
transfer. After the reaction cycle, the enzyme is reset by the interaction of a water molecule with Moco [9, 10]. Notably, the
enzyme exhibits a decreased affinity for NAD + at the FAD site while showing an increased affinity for oxygen. This change
promotes the transfer of one or two electrons to O,, resulting in the formation of superoxide (0,-) and hydrogen peroxide
(H.0,) [11].
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It is clear that XO's activity is characterized by a reduced affinity for NAD* at the FAD site and an increased affinity for oxygen,
which leads to the production of reactive oxygen species such as superoxide and hydrogen peroxide. This complex
biochemical process underscores the importance of XO in the pathophysiology of gout and highlights it as a potential
therapeutic target for managing this condition. Several studies have identified XO as a potential therapeutic target for
controlling uric acid accumulation. Inhibitors of XO could be utilized as drugs to prevent the excessive production of uric acid
by hindering the enzyme's over activity [12]. Management options for gout include the use of analgesics, non-steroidal anti-
inflammatory drugs (NSAIDs), and XO inhibitors like allopurinol and febuxostat [13] used to lower serum uric acid levels [14].
However, none of the existing management options is without adverse effects, as they may cause gastrointestinal side
effects such as diarrhea, nausea, and vomiting, especially at high doses, and have been associated with renal, cardiovascular,
and hypersensitivity reactions [15].

Given the challenges associated with conventional drug discovery approaches, which are often slow and costly, there is a
pressing need for alternative sources with minimal or no adverse effects for inflammatory disorders like gout. In silico
investigations present a viable alternative for identifying potential small molecules that may be more effective in managing
gout. Additionally, exploring medicinal plants with ethnopharmacological relevance could enhance the likelihood of
discovering potential drug candidates.

Cruciferous vegetables, including broccoli, cabbage, cauliflower, kale, and brussels sprouts, are highly nutritious and contain
various bioactive compounds [16]. Their regular consumption is linked to a reduced risk of several chronic diseases, such as
diabetes mellitus, asthma, and Alzheimer’s disease. The health benefits attributed to these vegetables primarily stem from
their rich content of phytonutrients, which include glucosinolates, polyphenols, carotenoids, and terpenoids (17). Notably,
broccoli and kale are both part of the Brassicaceae family, which is one of the most extensively cultivated plant families
globally [18].

Broccoli, scientifically known as Brassica oleracea var. italica, is a globally consumed vegetable known for its nutritional
richness, particularly in vitamins such as C, E, and K, as well as several B vitamins. It also provides essential minerals and
bioactive compounds, including various glucosinolates [19, 20], which are linked to health benefits such as antibacterial,
cardioprotective, antioxidant activities and antifungal properties, as well as potential cancer growth inhibition [19-22].

Kale, also called Brassica oleracea var. acephala, is another important member of the Brassica family, recognized for its
resilience and low production costs [23]. It is valued for its nutritional profile, which includes calcium, vitamin C, and various
phytochemicals that contribute to its antioxidant and anti-cancer properties. Kale is often referred to as a superfood due to its
high antioxidant capacity and the extensive research supporting its health benefits. The leaves and stems are valued for their
medicinal and nutritional qualities [24]. Kale is recognized for its numerous health advantages, including antioxidant,
anticancer, and protective effects on the cardiovascular and gastrointestinal systems [23, 25]. Its nutritional profile is rich,
containing essential nutrients such as calcium, vitamin C, folate, riboflavin, anthocyanins, phenolic acid, flavonoids, and
vitamin A [23, 25, 26]. Additionally, kale is noted for its high levels of glucosinolates, carotenoids, and phenolic compounds,
which contribute to its pharmacological effects and antioxidant properties [23]. Ethnopharmacologically, Brassica oleracea var.
acephala DC has been widely utilized for the treatment of gastric ulcers [27], and its phytoconstituents have proven to impede
the activity of the spike glycoprotein trimer associated with SARS-CoV-2, suggesting their possible role in antiviral strategies
against this virus [28]. Furthermore, it has been reported that secondary metabolites present in Brassica oleracea var. italica
reduce the risk of several serious health conditions, including diabetes, cancer, and neurological disorder [29].

In silico pharmacological screening of the isolated compounds from Brassica oleracea var. italica and Brassica oleracea var.
acephala could contribute to identifying new XO inhibitors derived from natural sources [30]. Therefore, this study employed
an in silico approach, including molecular docking, to screen the bioactive compounds in Brassica oleracea var. italica and
Brassica oleracea var. acephala against the protein receptor X0, assessing their potential anti-gout properties and ability to
inhibit XO.

MATERIALS AND METHODS
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Preparation of Plant Material

Fresh kale leaves and broccoli were purchased from the Abura market in Cape Coast, Ghana, on February 29, 2024. Both
samples were washed under running tap water, air-dried at 50°C for fourteen (14) days, and pulverized using an electric
blender. Each powdered sample was macerated with acetonitrile and diethyl ether in a 1:10 w/v ratio for seven (7) days. The
macerate was filtered and concentrated using a rotary evaporator at 65°C for acetonitrile and 35°C for diethyl ether. The
extraction of kale yielded 0.131g (0.873%) of extract and 0.466g (3.107%) of diethyl ether extract. In contrast, the extraction of
broccoli resulted in 0.499g (3.327%) of acetonitrile extract and 0.854g (5.693%) of diethyl ether extract.

GC-MS identification of phytochemicals in Extracts

The bioactive compounds present in Brassica oleracea extracts were assessed using gas chromatography-mass spectrometry
(GC-MS). The GC-MS analysis was conducted using a 7000C GC-MS triple quadrupole system equipped with a PAL
autosampler for precise sample injection. An aliquot of 1.5 pL from each extract was dissolved in acetonitrile and diethyl
ether before being injected into the GC-MS/MS system (Agilent Technologies, CA, USA). The GC oven temperature program
began at 60°C, where it was held for 2 minutes. It then ramped up to 180°C at a rate of 20°C/min, with a 1-minute hold, before
increasing further to 280°C at 5°C/min, eventually reaching a peak temperature of 325°C. The system utilized a splitless front
inlet with helium as the carrier gas at a pressure of 17.729 psi and a total flow rate of 35 mL/min. An Agilent CP8944 VF-5ms
column (30 m x 250 um x 0.25 ym) was employed, starting with an initial flow rate of 2 mL/min, which decreased to 1.5
mL/min after the run. The mass spectrometer operated in electron ionization mode at 230°C, scanning from m/z 60 to 700,
while the collision cell pressure was set to 3 psi, reducing to zero post-analysis. Helium and nitrogen were used as quench
and collision gases, respectively, with flow rates of 2.25 mL/min and 1.5 mL/min. The bioactive compounds were identified by
comparing their retention times and mass fragmentation patterns with those of known standards and a mass spectral library
(MassHunter software). Quantification of the compounds was performed by measuring the peak areas.

In silico analysis

Retrieval and Preparation of the 3D Structure of Protein Receptor

The 3D crystal structure of X0, with a resolution of 2.5 A, was obtained from the Protein Data Bank (www.rcsb.org, PDB ID:
1FIQ) in pdb format. The water molecules, heteroatoms, and co-crystallized ligands attached to the XO structure were
removed using BIOVIA Discovery Studio 2024. Subsequently, polar hydrogen atoms were incorporated into the PDB file using
the same software [31]. The missing residues were replaced on the protein structure, which was then subjected to energy
minimization using SwissPDB viewer 4.1.0 (http://spdbv.unil.ch) [32].

Retrieval of Identified Ligands

The 2D conformer of the identified compounds in the extracts from the GC-MS/MS, as well as the reference drug allopurinol
(PubChem ID 135401907), was downloaded from the PubChem Database (http://pubchem.ncbi.nlm.nih.gov) in the SDF
(Structured Data Files) format [30].

Molecular Docking

PyRx 0.8.0.0 (https://pyrx.sourceforge.io), which integrates various open-source software tools like AutoDock, AutoDock Vina,
and Open Babel, was utilized for the docking process. Prior to their conversion into AutoDock-compatible pdbgt format, the
ligands were subjected to energy minimization using the universal force field through Open Babel [33]. The docking procedure
was conducted with AutoDock Vina [31] to assess the binding affinity between X0 and the compounds identified in Brassica
oleracea extracts, utilizing the XYZ coordinates of the grid box that corresponds to the active site of the target protein,
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centered at X: 21.1884 A, Y: 16.3671 A, and Z: 103.7037 A, and with dimensions of 29.8485 x 24.8610 x 30.8403 A [32]. The
ligands were then ranked based on their binding affinity relative to the reference drugs.

Characterization of Binding Mechanism

Ligplot+ version 2.2.9 (www.ebi.ac.uk) was used to analyze the binding mechanisms between the target protein structure and
the selected compounds. This program generates 2D schematic representations of protein-ligand complexes using structural
data from the Protein Data Bank. It offers a clear and informative depiction of intermolecular interactions, including hydrogen
bonds, hydrophobic interactions, and atom accessibility, along with an indication of interaction strength [34].

Validation of Docking Protocol

Validation of Docking Protocol

Validating the docking protocol is essential to ensure the accuracy and reliability of the docking results [35]. DockRMSD was
utilized for this purpose (DockRMSD: Docking Pose Distance Calculation [zhanggroup.org]). The co-crystallized ligand was
extracted from the protein receptor and re-docked into the energy-minimized protein. Both the co-crystallized and re-docked
ligands were then converted to MOL2 file formats and input into DockRMSD to calculate the root mean square deviation
(RMSD) between the two poses [36]. Using Ligplot+ version 2.2.9 (www.ebi.ac.uk), the co-crystallized and re-docked ligands
were superimposed to identify the shared residues involved in ligand interactions [33].

Prediction of ADMET properties

The ADMET properties of the compounds with the top scores from the molecular docking studies were evaluated using
SwissADME (www.swissadme.ch) and ADMETIab 3.0 (http://admetlab3.scbdd.com). Both SwissADME and ADMETIlab 3.0 are
valuable tools for drug discovery, providing comprehensive ADMET predictions and supporting the evaluation of potential
drug candidates [37, 38]. They enable the computation of physicochemical properties and the prediction of pharmacokinetics,
drug-likeness, and other therapeutic attributes [28]. The compounds were filtered using parameters such as Lipinski's rule of
5, bioavailability score, human intestinal absorption, nephrotoxicity, blood-brain barrier (BBB), drug-induced liver toxicity, Caco-
2 permeability, pan-assay interference compounds (PAINS), half-life, and plasma clearance.

Biological Activity Prediction

PASS Online predicts over 3500 types of biological activities, such as pharmacological effects, toxic effects, interactions with
enzymes, and changes in gene expression (https://www.way2drug.com/passonline/info.php#). It was employed to predict the
biological activity of the selected compounds using the SMILES of the compounds as input. The software assesses
compound activity by generating two probability values: probable activity (Pa) and probable inactivity (Pi). These values help
predict the compound's activity profile, showing its potential to be either active or inactive [39].

Molecular Dynamic Simulations and MM-PBSA Calculations of the
Protein-ligand complexes

Two of the hit compounds with the least binding energies with PubChem IDs, 31404 and 2345, as well as the known drug,
allopurinol (PubChem ID: 135401907), serving as the control, were subjected to 100ns molecular dynamic simulations using
GROMACS 2018 [40, 41]. The OPLS/AIl Atom force field [42] was first used to generate the topology and position restraint files
for the target protein. Similarly, the topology and position restraint files of the three ligands were obtained using LigParGen
[43]. To ensure that the surface atoms are not affected, which is normally caused by random particle movements, the protein-
ligand complexes were restricted within a cubic simulation box, allowing a 1 nm gap from the edges. A single point charge
was used to solvate the system, after which Na* or Cl- ions were added for neutralization. Employing the steepest descent
method with 50,000 steps, each system was energy minimized, followed by a 100ps equilibration. Ensembles of the number
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of substances, volume, and temperature, as well as the number of substances, pressure, and temperature, were applied to
ensure a well-equilibrated system was reached at 300 K and 1 bar of pressure. The output files obtained after the simulation,
including root mean square deviation (RMSD), root mean square fluctuation (RMSF), and radius of gyration (Rg) trajectories,
were plotted using Qtgrace [44]. MM-PBSA computations of the free binding energy and the per-residue energy contribution
were calculated using MM/PBSA [45].

RESULTS

GC-MS Profiling of Phytochemicals in Brassica Extracts

A total of 16 compounds were detected in the acetonitrile and diethyl ether extracts of broccoli, while 12 compounds were
identified in both extracts of kale. The analysis revealed 9 compounds in the diethyl ether extract (Table 1) and 7 compounds
in the acetonitrile extract (Table 2) of broccoli, whereas 6 compounds were identified in each extract of kale (Tables 3 and 4).
Arachidonic acid was present in both the acetonitrile and diethyl ether extracts of broccoli, while 1,4-benzenedicarboxylic acid,
bis(2-ethylhexyl) ester, rhodopin, butylated hydroxytoluene, and fumaric acid, 1-cyclopentylethyl nonyl ester, were detected in
both broccoli and kale extracts.

Table 1

Bioactive compounds identified in diethyl ether extract of broccoli.

Compound RT Compound name Area Molecular Molecular

% formula weight(g/mol)
(minutes)

1 8.43 Butylated Hydroxytoluene 2.51 Cq5H240 220.35

2 10.813 Benzyl Benzoate 0.91 C14H420, 212.24

3 15.806 Arachidonic acid 3.04 CyoH320, 304.5

4 20.132 Hexadecamethyl-heptasiloxane, 0.74 C16Hag06Siy 533.1

5 22.267 Tetracosamethyl-cyclododecasiloxane 0.85 C24H7501,Si5 889.8

6 24.877 1,4- Benzenedicarboxylic acid, bis(2- 100 Cy4H350,4 390.6
ethylhexyl) ester

7 26.8 Pentyl octadecyl ether 6.93 Cy3Hag0 340.6

8 29.157 Fumaric acid, 1- cyclopentylethyl nonyl 3.37 CyoH3404 338.5
ester

9 29.772 Eicosamethyl-cyclodecasiloxane, 1.15 Co0He0010Sitg 741.5

Retention times (RT), peak areas, molecular formulas, and molecular weights are included.
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Table 2

Bioactive compounds identified in acetonitrile extract of broccoli.

Compound RT Compound name Area Molecular Molecular
% formula weight(g/mol)
(minutes)
1 4181 Hematoporphyrin 36.09  CgyHzgN,4Og 598.7
2 12.818 Lycoxanthin 18.6 CyoH560 552.9
3 13.118 Rhodopin 5249  CyoHsg0 554.9
4 15.749 Arachidonic acid 100 CyoH300, 304.5
5 16.049 4-Androsten-9.alpha.- fluoro-17.alpha.-methyl- 18.5 C3oHg3FO,4Siy 643.2
3.alpha.,6.beta., 11.beta.,17.b eta.-tetra-ol,
tetra-trimethylsily
6 24.681 1,4- Benzenedicarboxylic acid, bis(2- 9413  CyyH350, 390.6
ethylhexyl) ester
7 29.792 Vitamin E 31.24  CygH50, 430.7
Retention times (RT), peak areas, molecular formulas, and molecular weights are included.
Table 3
Bioactive compounds identified in diethyl ether extract of kale leaves.
Compound RT Compound name Area Molecular Molecular
% formula weight(g/mol)
(minutes)
1 8.43 Butylated Hydroxytoluene 6.23 Cq5H240 220.35
2 24.815 1,4-Benzenedicarboxylic acid, bis(2- 100 Cy4H350, 390.6
ethylhexyl) ester
3 26.805 1-Decanol, 2-hexyl- 19 Cq6H340 242.44
4 29.162 Fumaric acid, 1-cyclopentylethyl nonyl 10.39 CyoH3404 338.5
ester
5 29.42 Dasycarpidan-1-methanol, acetate 4.38 CyoHo6N,0, 326.4
(ester)
6 15.739 Rhodopin 2.67 CaoHsg0 554.9

Retention times (RT), peak areas, molecular formulas, and molecular weights are included.
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Table 4
Bioactive compounds identified in acetonitrile extract of kale leaves.

Compound RT Compound name Area Molecular Molecular
% formula weight(g/mol)
(minutes)

1 5.194 Malic Acid 100 C4HeO5 134.09

2 5.272 Butanoic acid, 2,3-dihydroxy propyl ester ~ 13.78 CsH4.40,4 162.18

3 11.304 Paraquat dichloride 8.83 C12H14C N5 257.16

4 13.154 Palmitic anhydride 12.03  CgzyHg003 4948

5 15.837 Gorlic acid 16.12  CqgH300, 278.4

6 24.706 1,4-Benzenedicarboxylic acid, bis(2- 32.32  CyyH3g04 390.6

ethylhexyl) ester

Retention times (RT), peak areas, molecular formulas, and molecular weights are included.

Molecular Docking Analysis

To identify potential candidates for gout management, molecular docking studies were performed on 28 phytochemicals
isolated from two Brassica species, with XO (PDB ID: 1FIQ) as the target. These compounds, along with the reference X0
inhibitor allopurinol, were docked against the enzyme. Based on a binding energy threshold of - 7.0 kcal/mol [32, 46], seven
(7) compounds demonstrated favorable binding affinities and were selected for further analysis. The binding energies of
these ligands, in comparison with the reference drug, are summarized in Table 5. These top-performing compounds were
subsequently subjected to downstream evaluations.
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Table 5
Molecular docking results of the 28 phytochemicals

Broccoli Kale
Compound name PubChem Binding Compound name PubChem  Binding
Energy(kcal/mol) ID Energy(kcal/mol)
ID

Hematoporphyrin 11103 -9.7 Butylated 31404 -10.4
Hydroxytoluene

Butylated Hydroxytoluene 31404 -10.4 1,4- 22932 -7.9
Benzenedicarboxylic
acid, bis(2-
ethylhexyl) ester

Benzyl Benzoate 2345 -7.7 1-Decanol, 2-hexyl- 95337 -5.9

Arachidonic acid 444899 -6.6 Fumaric acid, 1- 91736023 -6.9
cyclopentylethyl
nonyl ester

Hexadecamethyl- 10912 Fk Dasycarpidan-1- 550072 -7.9
methanol, acetate

heptasiloxane (ester)

Tetracosamethyl- 167767 ok Rhodopin 5365880 -6.0

cyclododecasiloxane

1,4- Benzenedicarboxylic 22932 -7.9 Malic Acid 525 -5.2

acid, bis(2-ethylhexyl) ester

Pentyl octadecyl ether 87077485 -6.3 Butanoic acid, 2,3- 11188 -5.6
dihydroxy propyl
ester

Fumaric acid, 1- 91736023 -6.9 Paraquat dichloride 15938 -7.2

cyclopentylethyl nonyl ester

Eicosamethyl 519601 ok Palmitic anhydride 69339 -5.1
cyclodecasiloxane

Lycoxanthin 5281245 -5.7 Gorlic acid 5282855 -5.7
Rhodopin 5365880 -6.0

4-Androsten-9.alpha.- fluoro- 91696616 Fk
17.alpha.-methyl-

3.alpha.,6.beta.,11.beta., 17.b

eta.-tetra-ol, tetra-

trimethylsily

Vitamin E 2116 -10
Reference drug

Allopurinol 135401907 -6.4

Reference drug (used as a control), along with their binding energies. *** represents the silicon- containing phytochemicals.

Validation of Docking Protocol

The structures of the re-docked and co-crystallized ligands were superimposed, and a root mean square deviation (RMSD) of
2.085 A was computed. Docking poses with RMSD values ranging from 2.0 to 3.0 A exhibit positional deviations from the
reference structure; however, they retain the correct binding orientation [47]. This shows the accuracy and reliability of the
docking results. When the co-crystallized and re-docked ligands were superimposed in Ligplot+, the 2D interaction analysis
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revealed that 7 residues were common to both complexes. There was an overlap of two hydrogen bonds (with Phe798 and
Met1038) and five hydrophobic interactions (with Arg912, Ser1080, GIn1040, Gly1039, and Gly1260). The observed overlaps
demonstrate AutoDock Vina’s effectiveness in reproducing the experimental binding conformation [33].

Drug Likeness.

Lipinski's rule assesses whether a biologically active compound possesses suitable chemical and physical properties for oral
bioavailability [33]. The criteria include molecular weight < 500 Da, LogP =< 5, hydrogen bond donors = 5, hydrogen bond
acceptors =< 10, and 40 < molar refractivity < 140 [32]. Among the seven compounds exhibiting high binding affinity, six
(PubChem IDs: 2116, 2345, 22932, 550072, 31404, 15938) satisfied Lipinski’s rule (Table 6). All six compounds demonstrated
a bioavailability score of 0.55, further confirming their compliance with the rule. Additionally, none of the compounds triggered
alerts for Pan-Assay Interference Compounds (PAINS), indicating the absence of substructures known to cause false-positive
results in biological assays [48]. These six compounds were subsequently selected for downstream ADMET analyses. The
reference drug also satisfied Lipinski’s rule and showed no PAINS alerts.

Table 6

Medicinal chemistry properties of the 7 selected compounds in Brassica
oleracea extracts and reference drug using Lipinski rule, bioavailability score

and PAINS.
PubChem ID Lipinski rule Bioavailability score  PAINS
(Number of violations)

2116 1 0.55 0 alerts
2345 0 0.55 0 alerts
22932 1 0.55 0 alerts
550072 0 0.55 0 alerts
31404 1 0.55 0 alerts
15938 0 0.55 0 alerts
11103 2 0.11 0 alerts
135401907 0 0.55 0 alerts

ADMET profiling

The ADMET evaluation of the investigated compounds provides valuable insights into their pharmacokinetic characteristics
and safety profiles. The predicted ADMET parameters for the selected compounds are summarized in Table 7. Among the
compounds assessed, Caco-2 permeability values indicated excellent absorption for PubChem IDs 2116, 2345, 22932,
550072, and 31404, with values of - 5.011, - 4.670, - 4.916, - 5.053, and - 4.987, respectively. PubChem ID 15938 exhibited
poor Caco-2 permeability and was therefore excluded from further analysis. The reference drug also showed excellent
permeability. Assessment of human intestinal absorption (HIA) corroborated these findings, with PubChem IDs 2116, 2345,
22932, 550072, and the reference drug all displaying excellent absorption profiles, while PubChem IDs 15938 and 31404
showed intermediate absorption levels. Evaluation of blood-brain barrier (BBB) permeability showed that PubChem IDs 22932,
2116, and 550072 were BBB-permeant, whereas PubChem IDs 31404, 2345, and the reference drug were BBB-impermeant.
Due to the significance of BBB selectivity in drug design [49], the BBB-permeant compounds were excluded from further
development. Pharmacokinetic profiling indicated moderate plasma clearance for PubChem IDs 31404, 2345, and the
reference drug, with a medium half-life for PubChem IDs 31404 and 2345, and a poor half-life for the reference drug. For the
toxicity parameters, which included nephrotoxicity and drug-induced liver injury (DILI), both PubChem ID 31404 and 2345 were
non-nephrotoxic and exhibited no signs of hepatotoxicity. In contrast, the reference drug demonstrated a poor safety profile in
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both toxicity parameters. Following completion of the ADMET evaluation, PubChem IDs 31404 and 2345 emerged as the most
promising lead candidates, demonstrating favorable pharmacokinetic and toxicity profiles.

Table 7
ADMET Prediction of selected compounds and the reference drug.

ADMET properties PubChem PubChemID PubChemID PubChem PubChem PubChem PubChem
2345 22932 ID ID
ID 2116 ID ID 15938
550072 31404 135401907
Caco-2 Excellent Excellent Excellent Excellent Excellent Poor Excellent
permeability
Human Intestinal High High High High Moderate Moderate  High
Absorption
BBB Poor Medium Poor poor Excellent Excellent Excellent
Plasma clearance Moderate = Moderate Moderate Moderate = Moderate Moderate = Moderate
Half-life Excellent Medium Medium Poor Medium Poor Poor
Nephrotoxicity Excellent Excellent Excellent Excellent Excellent Poor Poor
Drug induced liver Excellent Excellent Excellent Excellent Excellent Poor Poor
toxicity

Molecular Interaction of Selected Ligand

The protein, together with the selected ligands, formed a complex and was run in Ligplot+ version 2.2.8 to assess the
molecular interaction. The binding interactions between the ligands and protein were studied to determine the significant
intermolecular bonds within the complexes. PubChem ID 31404 exhibited hydrophobic interactions with Lys1045, Ser1082,
Thr1083, GIn1040, GIn767, Thr1077, Met1038, Arg912, Phe798, GIn1261, Gly1260, and Ser1080. It also formed a hydrogen
bond with GIn1194 (2.85 A) PubChem ID 2345 also displayed hydrophobic interactions with Glu802, Phe798, Gly799, Glu1261,
Arg912, Gly1260, GIn1040, Gly1039, Ala1079, Ser1080, GIn1194, and Met1038. The reference drug formed two hydrogen
bonds with GIn767 (bond length: 2.90 A and 3.00 A), one hydrogen bond with Glu802 (2.94 A), and one with Thr1077 (3.06 A).
Additionally, it engaged in hydrophobic interactions with Phe914, Glu1261, Gly1260, Phe798, Gly799, Ser1080, Ala1078, and
Met1038. These interactions collectively suggest a stable and favorable binding conformation within the protein’s active site.
A comparison of the molecular interactions revealed that the residues Phe798, Met1038, Gly1260, Ser1080, and Glu1261 were
commonly involved in the binding of both lead compounds and the reference drug. These shared amino acids suggest
conserved interaction sites within the protein's active pocket.

XO Inhibitory and Anti-Gout Predictions Using PASS

Using PASS (Prediction of Activity Spectra for Substances), the potential biological activities of the compounds were
assessed, along with their respective probabilities of activity (Pa) and inactivity (Pi). For PubChem ID 31404, notable predicted
activities included oxidoreductase inhibition, antioxidant effects, anti-inflammatory properties, kidney function stimulation,
oxidizing action, anti-uremic activity, free radical scavenging, antiarthritic potential, xanthine dehydrogenase inhibition, gout
treatment, uric acid excretion stimulation, and non-steroidal anti-inflammatory effects, with Pa scores spanning 0.118 to
0.806. Similarly, PubChem ID 2345 was associated with oxidoreductase inhibition, antioxidant behavior, anti-inflammatory
action, kidney function stimulation, oxidizing effects, anti-uremic properties, free radical scavenging, antiarthritic activity,
xanthine dehydrogenase inhibition, gout treatment, non-steroidal anti-inflammatory action, hypoxanthine phosphoribosyl
transferase inhibition, renal failure treatment, and xanthine oxidase inhibition, displaying Pa values from 0.15 to 0.655.
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Table 8
PASS-predicted biological activities of lead compounds, with probable activity (Pa) and inactivity (Pi) scores.

Compound Biological activity Probable Probable inactivity
activity (Pi)
(Pa)

Butylated Hydroxytoluene Anti-Inflammatory 0.806 0.006
Kidney Function Stimulant 0.727 0.006
Oxygen Scavenger 0.669 0.01
Antioxidant 0.58 0.005
Oxidoreductase Inhibitor 0.576 0.046
Anti-uremic 0.502 0.005
Free Radical Scavenger 0.484 0.011
Non-Steroidal Anti-inflammatory Agent 0.444 0.017
Oxidizing Agent 0.363 0.028
Antiarthritic 0.324 0.118
Uric Acid Excretion Stimulant 0.224 0.053
Gout Treatment 0.195 0.062
Xanthine Dehydrogenase Inhibitor 0.118 0.038

Benzyl Benzoate Kidney Function Stimulant 0.655 0.020
Oxidoreductase Inhibitor 0.618 0.031
Oxygen Scavenger 0.548 0.036
Oxidizing Agent 0.49 0.009
Anti-uremic 0.457 0.008
Anti-Inflammatory 0.459 0.07
Non-Steroidal Anti-inflammatory Agent 0.311 0.04
Hypoxanthine Phosphoribosyl transferase 0.215 0.018
Inhibitor
Xanthine Oxidase Inhibitor 0.217 0.023
Free Radical Scavenger 0.224 0.059
Antioxidant 0.175 0.074
Renal Failure Treatment 0.135 0.043
Xanthine Dehydrogenase Inhibitor 0.174 0.014
Gout Treatment 0.15 0.11

MD Simulations

Molecular docking studies have mostly allowed high ligand flexibility, while the protein is maintained with limited or no
flexibility to amino acids within the active site or residues close to the binding site pockets [50]. In addition, cryptic pockets of
target proteins which can only be revealed by conformational changes, are difficult to explore during molecular docking [51].
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Molecular dynamic (MD) simulations are therefore employed to complement results from molecular docking studies by
mitigating these challenges. MD simulations provide, at the atomic level, the dynamic interactions of proteins in a complex
with ligands, offering insights into binding energy, stability, and conformational changes [52]. Integration of this concept has
become critical, as understanding of how proteins interact with drugs offers an opportunity in designing new and effective
therapeutic agents. Based on the aforementioned, a 100ns MD simulation was executed, and the outcomes, the RMSD, RMSF,
Rg, and hydrogen bond graphs, were plotted.

The RMSD, which measures the deviations of the protein backbone from the initial pose over time, was computed to examine
the stability of the various complexes [53]. Complexes with RMSD lower than 3 A are said to be stable [54], while those greater
with high fluctuations are said to be unstable. The ligands, 31404, 2345, and the reference drug, 135401907, recorded an
initial surge in RMSD (to a maximum of 0.24 A) in the first 40s (Fig. 10a) before levelling off. A careful look at the RMSD graph
shows that both 2345 and 135401907 showed an average RMSD of 0.2 A, while 31404 had the highest 0.21 A (Fig. 10a).
Overall, all the selected hit compounds and the reference drug recorded an average RMSD lower than the threshold and
therefore suggested that the hit compounds possess the potential of forming stable complexes with the target protein.

Rg was computed to evaluate the compactness of the protein-ligand complexes [55]. Notably, a high Rg connotes a decrease
in compactness upon ligand binding, possibly resulting in protein unfolding, while a low Rg is an indication of an increased
folding of the target protein [54, 55]. Both identified hit compounds, 31404 and 2345, recorded an average Rg of 2.8 nm,
comparable to the reference, 315401907 [0.2785 nm] (Fig. 10b), suggesting the potential of the ligands enhancing protein
folding upon binding. RMSF, a metric used to quantify the flexibility of amino acids within a protein, was computed to identify
which residues are critical for ligand binding [55]. Amino acid residues within the binding pockets of the target protein are
mostly flexible, which, upon interacting with ligands, show minimum fluctuations, recording low RMSF (54). From the RMSF
graph, residues within the ranges 610-990, 1100-1200, and 1150-1220 (Fig. 10c) recorded low RMSF, indicating their
involvement in ligand binding and hence suggested to contribute to complex stability. The number of hydrogen bonding
interactions formed during the entire simulation period shows the reference compound, 315401907, formed four hydrogen
bonds with the target protein, while 31404 formed one hydrogen bond with 2345, not recording any hydrogen bond formation
(Fig. 10d). Overall, results from the RMSD, RMSF, Rg, and number of hydrogen bond formations suggest the selected hit
compounds and reference drug formed stable complexes with the target protein.

Molecular Mechanics Poisson-Boltzmann Surface Area Computations
of Free Binding Energy

MM-PBSA has become essential in computational drug development for predicting and ranking hit compounds, as it
computes an accurate free binding energy (AGy,;,g) Using van der Waals interactions energy (AG,qy), €lectrostatic energy
(AGgye), polar solvation energy (AG 501), and non-polar solvation energy (AGgasp) [56]. Complementing molecular docking
results with MM-PBSA calculations ensures that the identified hit compounds possess the potential of inhibiting the target
protein in the absence of the experimental evaluation [57]. The hit compound, 31404, recorded the least AG,;4 of - 12.183
kJ/mol (Table 9), lower than the reference compound, 135401907 (- 4.384 kJ/mol), suggesting that it forms a feasible and
stable complex with the target protein. While AG,, s, is the worst contributor, the AG, gy, AGgje, and AGgaga contributed
favorable energies to the observed AGy,;,q values. Interestingly, the hit compound, 2345, recorded a AGy,;,q of + 3.323 kJ/mol

(Table 9), suggesting it does not possess the potential of inhibiting XO. Results from the molecular docking and MM-PBSA
computations suggest the potential of 135401907 for modulating XO worthy of further experimental evaluation.
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Table 9
Computed free binding energies of the complexes of selected hit compounds and the reference drug

Complex AG 4y (kd/mol)  AG (kd/mol)  AGq ¢of (kd/mol)  AGgpgp (kJ/mol)  AGy,,g (kJ/mol)

31404 -21.240+2.631 -0.700+1.001 13.407+3.814 -3.650+5.030 -12.183 +£4.997
2345 -0.005+0.014 -0.017+0.332 3.242+5.279 0.103+2.894 +3.323+5.312
135401907 -12.827+4.923 -0.772+2.013 9.490+5.604 -0.275+1.126 -4.384+2.702

The energy contribution of each amino acid to the AGy,;,4 Was evaluated using per-residue decomposition analysis. The per-

residue decomposition studies identify which amino acid is critical for ligand binding, as those involved contribute the most to
the AGy;,q- Amino acid residues that contribute energies greater than + 5 kJ/mol or lower than - 5 kJ/mol are considered

necessary for complex stability [58]. Interestingly, while all the amino acids present in the target protein contributed useful
energies (Fig. 11) to AGy;,q, NONe was able to meet the threshold. This notwithstanding, exploring the residues in the binding
pocket still provides a means of developing anti-gout chemotypes targeting XO.

DISCUSSION

The present study was conducted to screen for XO inhibitors from Brassica oleracea extracts for the possible treatment of
gout. Plants generate diverse secondary metabolites as defense compounds, serving as a rich source of bioactive small
molecules with potential therapeutic applications [59]. Among the members of the family Brassiceae, the genus Brassica
stands out as the most important, comprising several globally significant crop species such as Brassica oleracea L., Brassica
napus L., and Brassica rapa L. Notably, B. oleracea is the primary vegetable species and includes widely consumed vegetables
like kale, broccoli, cauliflower, Brussels sprouts, and both red and white cabbage [60]. They are recognized for their wide-
ranging health-promoting effects [61].

The in silico analysis performed in this study offers important insights into the potential inhibitory effects of bioactive
compounds found in Brassica oleracea extracts on XO. Molecular docking is a widely used approach in drug discovery that
facilitates the identification of optimal ligand orientations within a protein's binding site and enables the prediction of their
binding affinities [59]. Seven (7) compounds, hematoporphyrin, butylated hydroxytoluene, 1,4-benzenedicarboxylic acid bis(2-
ethylhexyl) ester, benzyl benzoate, dasycarpidan-1-methanol acetate (ester), paraquat dichloride, and vitamin E, exhibited
binding affinities surpassing the - 7.0 kcal/mol threshold, indicating stronger molecular interactions with the target enzyme
compared to the reference drug, allopurinol, which displayed a binding affinity of - 6.4 kcal/mol. In docking studies, if a
compound exhibits lower binding energy compared to the standard, it indicates that the compound has the potential to exhibit
greater activity [62]. A lower binding energy value suggests a more favorable and stable interaction between the ligand and
the protein receptor. The inability of silicon-containing compounds to dock successfully in AutoDock Vina may stem from
several factors inherent to the software’s limitations in handling such molecules. Our docking experiments revealed an
important limitation when working with silicon-containing compounds. This technical constraint reflects the underlying force
field design of AutoDock Vina, which was specifically parameterized for common biological atoms, including carbon, nitrogen,
oxygen, sulfur, and hydrogen [63, 64]. Since AutoDock’s atom typing is also case-sensitive, the recognition of unsupported
elements such as “Si” fails entirely. While this design choice enables efficient docking of typical drug-like molecules, it
necessarily excludes certain organometallic and organosilicon compounds from analysis. Such limitations are not unique to
AutoDock Vina, as many widely used docking tools exhibit similar constraints when confronted with non-standard atomic
types [65].

Data on the physicochemical properties of the selected ligands were gathered through pharmacological analysis, along with
safety profiling to assess their potential risks and benefits. Lipinski's rule determines and defines the drug-likeness and
druggability of a compound. The Rule of 5 (Ro5) guidelines help predict whether a compound is likely to be effective as an oral
drug [66]. Due to the widespread acceptance of these guidelines in drug development, there is a reduced pursuit of
compounds that violate two or more of the Ro5 criteria [67]. Hematoporphyrin (PubChem ID: 11103) presents two violations
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of Lipinski's Rule of Five: its molecular weight exceeds the 500 Da threshold, and it possesses more than five hydrogen bond
donors (NH or OH); therefore, it was excluded from downstream analysis due to poor drug-likeness. With only one violation of
Lipinski's Rule observed in 1,4-benzenedicarboxylic acid bis(2-ethylhexyl) ester (PubChem ID: 22932), vitamin E (PubChem ID:
2116), and butylated hydroxytoluene (PubChem ID: 31404), and full compliance seen in dasycarpidan-1-methanol acetate
(PubChem ID: 550072), benzyl benzoate (PubChem ID: 2345), and paraquat dichloride (PubChem ID: 15938), these
compounds demonstrated favorable drug-like properties and warrant further biological investigation.

The bioavailability score (ABS) is assessed based on a compound's compliance with or deviation from Lipinski's Rule of Five.
At biological pH, a compound is expected to achieve more than 10% bioavailability (F) in rats if it adheres to Lipinski's criteria,
resulting in an ABS of 0.55, meaning there's a 55% probability that F will exceed 10% in rats. On the other hand, if the
compound does not meet these criteria, the ABS decreases to 0.17, indicating only a 17% chance of the compound having
bioavailability greater than 10% in rats [68]. The selected compounds had an ABS of 0.55, making them effective via the oral
route. PAINS are groups of chemical compounds with similar structural features, which increases the likelihood of these
compounds exhibiting activity (or being identified as "hits") in various tests [69]. PAINS compounds can lead to misleading
results in drug discovery assays due to their tendency to exhibit nonspecific interactions or cause other undesirable effects
unrelated to the intended target [70]. This can lead to the inefficient use of time and resources by focusing on compounds that
are unlikely to develop into viable drug candidates. Hence, compounds with 0 PAINS alerts are reliable for further
development into therapeutic agents.

The properties of absorption, distribution, metabolism, excretion, and toxicity (ADMET) are crucial to pharmaceutical drug
design. It is frequently reported that the inability of drug candidates to meet the necessary ADMET standards is a common
reason for their high failure rates during the development process [71]. In silico ADMET studies are expected to reduce the risk
of late-stage attrition of drug development and to optimize screening and testing by looking at only the promising compounds
[72]. First, the Caco-2 (Colon Adenocarcinoma 2) monolayer cell culture model, which is regarded as the "gold standard" for
evaluating drug permeability, is widely used in drug discovery to predict human intestinal absorption [73]. Five out of six
selected compounds exhibited Caco-2 permeability values greater than - 5.15 log cm/s, suggesting favorable absorption
profiles in the human body and eventually could possess better ADMET profiles.

The blood-brain barrier (BBB) is a highly selective semipermeable barrier that tightly regulates the movement of ions,
molecules, and cells between the blood and the central nervous system (CNS). It protects the neural tissues from toxins and
pathogens [74]. One of the key challenges in drug design is determining whether a compound can cross the BBB. Drugs that
act on the nervous system must be able to pass through the BBB to work effectively. In contrast, medications aimed at other
body parts should ideally not cross the BBB to avoid potential psychotropic side effects [49]. Butylated hydroxytoluene and
benzyl benzoate were predicted to be impermeable to the BBB, indicating limited central nervous system penetration and a
potentially favorable safety profile.

Clearance is a key pharmacokinetic (PK) parameter, as it influences both the half-life of a drug (in conjunction with the volume
of distribution) and its bioavailability (alongside oral absorption). It therefore plays a critical role in determining the dosing
regimen, both the frequency of administration and the appropriate dose required for effective treatment [75]. The reference
drug, allopurinol (PubChem ID: 134018), exhibited lower plasma clearance compared to butylated hydroxytoluene and benzyl
benzoate. Efficient plasma clearance is essential for drug elimination and helps prevent drug accumulation in the body. The
half-life of a drug impacts its duration of effect, the time it takes to achieve stable concentrations, and the period necessary
for the drug to be eliminated from the body [76]. In this regard, allopurinol also demonstrated a shorter and less favorable half-
life compared to butylated hydroxytoluene and benzyl benzoate, potentially reducing its therapeutic efficacy.

Nephrotoxicity arises when the kidneys fail to perform their detoxification and excretion functions effectively, resulting from
damage or impairment caused by external or internal toxic substances [77]. Drug-induced liver Injury (DILI) is a harmful liver
response triggered by exposure to pharmaceutical agents or other xenobiotics. It may occur as a predictable reaction to high
doses of toxic substances or as an unpredictable, idiosyncratic event even at therapeutic doses. DILI poses a significant
challenge in drug development and clinical therapy, as genetic and environmental factors can alter drug metabolism and
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excretion, leading to cellular stress, immune activation, and potentially severe liver damage. Its occurrence highlights the
importance of evaluating liver toxicity during early stages of drug screening to ensure patient safety and regulatory
compliance [78]. Butylated hydroxytoluene and benzyl benzoate were found to be neither hepatotoxic nor nephrotoxic,
suggesting a favorable safety profile in contrast to the reference drug. Following ADMET profiling, butylated hydroxytoluene
and benzyl benzoate emerged as promising lead candidates, underscoring their promise for further development, although
experimental validation through in vitro and in vivo studies remains essential.

The biological activity spectrum was introduced to define the characteristics of substances that exhibit biological activity [79].
The predictive accuracy of the software, PASS, differs across various biological activities. Biological activities with Pa > Pi are
considered worthy of pharmacological evaluation [32]. If the value of Pa exceeds 0.7, the substance is likely to demonstrate
activity in experiments and has a high probability of being similar to an existing pharmaceutical agent. When Pa is between
0.5 and 0.7, the substance may still show activity, but with a lower likelihood, and it is less likely to resemble known
pharmaceutical agents. If Pa falls below 0.5, the substance is unlikely to exhibit activity in experiments; however, if an activity
is observed, it could indicate the discovery of a new chemical entity [79]. Butylated hydroxytoluene exhibited anti-inflammatory
activity with a Pa value of 0.806, indicating its potential relevance for treating gout, an inflammatory form of arthritis [3].
Additionally, it showed kidney function stimulant activity with a Pa value of 0.727, suggesting a high likelihood of experimental
validation, as values above 0.7 are generally considered predictive of true biological activity. A kidney function stimulant
enhances the activity of the kidneys so it can effectively filter the blood and excrete waste substances like uric acid, which is
primarily excreted through urine [80]. Benzyl benzoate exhibited oxidoreductase inhibitor activity with a Pa value of 0.618,
suggesting a likelihood of inhibiting xanthine oxidoreductase in an experimental setting, though with a lower probability.
Research has demonstrated a close association between the development of hyperuricemia or gouty arthritis and the
production of reactive oxygen species (ROS) [81]. Antioxidants help reduce reactive oxygen species (ROS) levels and decrease
oxidative stress [82]. Providing antioxidant support to patients with active gout may be a viable treatment strategy [83]. It is
therefore not surprising that butylated hydroxytoluene and benzyl benzoate could prevent redox imbalance, suggesting
potential antioxidant activity crucial for gout therapy.

Several activities, including XO inhibition, gout treatment, anti-uremic, antiarthritic, and others, showed Pa values below 0.5,
suggesting a low probability of being confirmed in experimental settings. However, if these activities are validated in future
studies, butylated hydroxytoluene and benzyl benzoate could represent novel therapeutic candidates. XO inhibitors are not
solely restricted to the treatment of hyperuricemia and gout; evidence suggests that they can also be effective in addressing
cardiovascular diseases [84].

The interaction between the protein and the lead compounds (i.e., butylated hydroxytoluene and benzyl benzoate) was
predominantly governed by hydrophobic forces. Hydrophobic interactions are crucial contributors to the binding strength
between drug candidates and their molecular targets. Studies indicate that prioritizing these interactions, even over traditional
hydrogen bonding, can markedly influence the biological performance of lead compounds [85]. They are widely recognized as
the principal thermodynamic driving force governing the association of small molecules with their protein receptors [86].
Moreover, increasing the number of hydrophobic atoms within the binding region of the drug-target complex has been
associated with enhanced biological activity and therapeutic potential [85]. It was shown that butylated hydroxytoluene and
benzyl benzoate portrayed higher hydrophobic interactions with their target molecules, indicating stronger biological activity
with marked therapeutic effects.

Glu802 and Glu1261 are recognized as key catalytic residues within the active site of X0, playing central roles in substrate
binding and the enzymatic conversion of xanthine to uric acid [9]. In this study, butylated hydroxytoluene and benzyl benzoate
were found to interact with these critical residues, indicating their potential to modulate enzyme activity. Given the beneficial
properties of butylated hydroxytoluene and benzyl benzoate, it is essential and worthwhile to explore their potential
therapeutic effects, as they could be highly significant for the treatment of gout.

CONCLUSION
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Overall, butylated hydroxytoluene and benzyl benzoate emerged as promising lead candidates to inhibit XO and serve as
potential anti-gout agents. Following molecular docking, medicinal chemistry evaluation, and ADMET analyses, these
compounds, identified as the most potent inhibitors from Brassica oleracea var. italica and Brassica oleracea var. acephala,
demonstrated good binding affinities, high hydrophobic interactions, X0 inhibitory activities, as well as a relative safety profile,
and could possess a better ADMET profile. Inhibitors like butylated hydroxytoluene and benzyl benzoate present promising
potential as alternatives or complementary agents to synthetic drugs such as allopurinol, offering the added benefit of
potentially reduced side effects. These findings underscore the therapeutic potential of Brassica oleracea as a valuable source
of natural xanthine oxidase inhibitors and highlight the need for further in vitro and in vivo studies to validate their clinical

efficacy.
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Figure 1

An illustration of the chemical structure of Moco and Xanthine molecules.
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Figure 2

3D crystal structure of XO retrieved from Protein Data Bank https://cdn.rcsb.org/images/structures/1fig_assembly-1.jpeg
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Figure 3

A chromatogram of the retention times of the compounds present in the diethyl ether extract of broccoli.
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Figure 4

A chromatogram of the retention times of the compounds present in the acetonitrile extract of broccoli.
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Figure 5

A chromatogram of the retention times of the compounds present in the diethyl ether extract of kale.
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Figure 6

A chromatogram of the retention times of the compounds present in the acetonitrile extract of kale.
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Figure 7

Superimposition of the Ligands of the co-crystallized structure (yellow) and the redocked structure (green) to determine the
RMSD.
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Figure 8

PyMol representation of 1FIQ depicting the co-crystallized ligand (yellow) and the re-docked ligand (green) within the binding
pocket (A) and 2D superimposed LigPlot+ diagram (B) showing the overlapping interactions between the co-crystallized and
re-docked ligands. Residues involved in both binding modes are highlighted with red circles.
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Figure 9

Protein-ligand interaction of (A) TFIQ- PubChem ID 31404, (B) 1FIQ- PubChem ID 2345, and (C) 1FIQ- reference drug
complexes.

Page 30/32



RMSD

(a) Backbone after Isq it to Backbone
| —— 31404
133301907

0.25 —
= B 1 I \ \’inw.
g | I, Ah it -I| W i AT,
5 o2 b ol |4 { In,A«‘F“M A f h ! "i i |F|', H W i FI f
= l 4 N# n d Miid A i
=] ) j Il ". | ” AN l |

015 i ' HII | o

0.1k | | . | 1

2 e Time (ns) o0 =

RMS fluctuation

0.8 —

06—

RMSF (nm)

o4

— 31404
— 2345
135401907

MM”MWMMMW ki

600

Figure 10

8()()

1 ()(l()
Residue

(®)

Radius of gyration (total and around axes)

2.85

Ry (nm)
N
o

Results from the molecular dynamics simulations studies compute (a) RMSD, (b) Rg, (c) RMSF and (d) HB for the protein-
ligand complexes

L
L
=

Contribution Energy (kJ/mol)

Figure 11

1000
Residue Position

1200

Contribution Energy (kJ/mol)

Page 31/32

2.7 20 40 60 80 0o
Time (ns)
Hydrogen Bonds
(d)
4 T T T T
31404
I 2345 1
135401907
. 3 =
z
g
N 7]
¥
E L o
Z
- A ]
o ) 1 . 1 1 .
40 60 80 100
Time (ns)
(b) — 135401907
e eI |
Sk 2
10— -
15 -
.Zw 1 I 1 | l 1 =
600 800 1000 1200 1400
Residue Position



Results from the per-residue decomposition studies for the complexes of (a) 31404 and (b) 135401907
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