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Introduction: Gout is the most common inflammatory arthritis, characterized by hyperuricemia, tophus formation, joint disease, and kidney stones. Uric acid, the final byproduct of purine catabolism, is eliminated via the kidneys and digestive system. Xanthine oxidase (XO) catalyzes the conversion of hypoxanthine and xanthine into uric acid, making XO inhibitors crucial for treating hyperuricemia and gout. Currently, three XO inhibitors are clinically used, showing significant efficacy. A molecular modeling study on triazole derivatives aims to identify novel XO inhibitors using 3D-QSAR, molecular docking, MD simulations, ADMET analysis, and DFT calculations. These computational approaches facilitate drug discovery while reducing research costs.Methods: Our work focuses on a series of synthesized anti-xanthine oxidase inhibitors, aiming to develop new inhibitors. A computational study was carried out to identify the xanthine oxidase inhibitory structural features of a series of triazole inhibitors using computational method.Results: A model based on CoMFA and CoMSIA/SEA has been built to predict new triazole derivatives.Discussion: The optimal model established from CoMFA and CoMSIA/SEA was successfully evaluated for its predictive capability. Visualization of the contour maps of both models showed that modifying the substituents plays a key role in enhancing the biological activity of anti-gout inhibitors. Molecular docking results for complexes N°8-3NVY and N°22-3NVY showed scores of −7.22 kcal/mol and −8.36 kcal/mol, respectively, indicating substantial affinity for the enzyme. Complex N°8-3NVY forms two hydrogen bonds with SER 69 and ASN 71, three alkyl bonds with ALA 70, LEU 74, and ALA 75, and one Pi-Pi T-shaped bond with PHE 68. Complex N°22-3NVY forms three hydrogen bonds with HIS 99, ARG 29, and ILE 91, and one halogen bond with LEU 128 at 3.60 Å. A MD study revealed that the N°22-3NVY complex remained highly stable throughout the simulation. Therefore, we proposed six new molecules, their anti-gout inhibitory activities were predicted using two models, and they were evaluated for Lipinski's rule, and ADMET properties. The results show that both Pred 4 and Pred 5 have better pharmacokinetic properties than the height potent molecule in the studied series, making these two compounds valuable candidates for new anti-gout drugs. Subsequently, using DFT study to evaluate the chemical reactivity properties of these two proposed compounds, the energy gap results revealed that both molecules exhibit moderate chemical stability and reactivity.Keywords: 3D-QSAR, anti-gout drugs, molecular docking, molecular dynamic, conception of novel derivatives, ADMET proprieties, DFT study
1 INTRODUCTION
Globally, gout is the most frequent cause of inflammatory arthritis (Dalbeth et al., 2021). It is a chronic condition marked by high serum uric acid levels and is characterized by hyperuricemia, tophus formation, joint disease, and kidney stones (Ragab et al., 2017). The last byproduct of purine catabolism in humans is uric acid, which is eliminated via the kidneys and digestive system. In the purine metabolism pathway, xanthine oxidase (XO) is an essential and rate-limiting enzyme that catalyzes the conversion of xanthine and hypoxanthine into uric acid (Furuhashi, 2020). Thus, in the therapy of hyperuricemia and gout, XO inhibitors can help individuals who either overproduce or under excrete uric acid. In fact, XO inhibitors—like allopurinol—are frequently prescribed to gout patients as the initial course of urate-lowering treatment (Linani et al., 2022).
According to the worldwide epidemiology of gout, the disease’s prevalence ranges from 0·3%–3% in Europe (0·9% in metropolitan France), 7 3.9% in the United States of America (with US Asian people reaching 6.6%), 8, 9 and 4·9% in Taiwan (Pascart et al., 2024).
Currently, three xanthine oxidase inhibitors (allopurinol, febuxostat, and topiroxostat) are clinically used to treat hyperuricemia and gout, demonstrating significant therapeutic effects in clinical practice (Tang et al., 2018). Allopurinol, a purine analog approved in 1966, has served as an anti-gout medication for more than 50 years. To this day, it remains the most widely prescribed treatment for hyperuricemia and gout around the globe (Sato et al., 2018). This highlights the urgent need for the development of novel drug compounds with enhanced efficacy and specificity to combat the disease and address emerging challenges in treatment. However, the synthesis of a series of 4-(phenoxymethyl)-1H-1,2,3-triazole is based on marketed drugs such as allopurinol, febuxostat and topiroxostat, which have been applied clinically for the treatment of gout and have achieved clear curative effects in clinical practice (Cicero et al., 2021).
A series of synthesized 4-(phenoxymethyl)-1H-1,2,3-triazole compounds were evaluated biologically by Zhang et al. (2022). This series is the subject of a molecular modeling study aimed at proposing other candidate XO enzyme inhibitors. The quantitative structure-activity relationship (3D-QSAR) studies, molecular docking, Molecular dynamic (MD) simulation and the absorption, distribution, metabolism, excretion, and toxicity (ADMET) properties studies are crucial modeling methods that generate predictive and robust models for identifying new drug candidates, thereby reducing economic investment costs (Er-rajy et al., 2022a; Jitonnom et al., 2024; Zarougui et al., 2024).
The 3D-QSAR methodology allows for the establishment of a quantitative correlation between dependent variations, such as pIC50 (µM) biological activity, and molecular structures or properties to create a valid mathematical model. The Comparative Molecular Field Analysis (CoMFA) and Comparative Molecular Similarity Indices Analysis (CoMSIA) is the most commonly used method to build 3D-QSAR models. To assess the predictive capability and robustness of the models, such as CoMFA and CoMSIA/SEA, external and internal validation were conducted to ensure the absence of outliers in the data set (Tsai et al., 2010; Er-rajy et al., 2023b; Er-Rajy et al., 2024a). In addition, molecular docking studies were carried out to predict the ligands’ optimized binding conformation and to understand the differences in structural interactions between the most active ligands and their target protein, followed by a molecular dynamics study of docked compounds to assess their stability during 100 ns of simulation (Bouammali et al., 2023; Faris et al., 2023).
Based on the results of our work, we proposed new compounds as potential inhibitors of the OX enzyme. Finally, we evaluated the drug-like properties of these new compounds by testing their pharmacokinetic parameters (Ferreira and Andricopulo, 2019). Afterwards, we carried out a reactivity study of the molecules we proposed, using density functional theory (DFT) with the 6-311G (d, p) basis set and the Becke, 3-parameter, Lee-Yang-Parr (B3LYP) functional (Ziegler, 1991; Zarougui et al., 2023). Next, we constructed Non-Covalent Interaction analysis (NCI) diagrams, which provide valuable insights into the interactions between atoms in doping, often referred to as weak forces. Subsequently, a Reduced Density Gradient (RDG) study was conducted to analyze and visualize molecular interactions within a chemical system (Amraoui et al., 2024; Bouayad et al., 2024). This tool highlights regions of non-covalent interactions, such as hydrogen bonds, van der Waals forces, and repulsive interactions, providing a clear and intuitive visual representation of their nature and strength.
2 MATERIEL AND METHODS
2.1 The study database
We based for the construction of the different models CoMFA, and CoMSIA, on an experimental data set (26 derivatives) synthesized by Zhang et al. (2022); Table 1), and evaluated by their XO inhibitory activities [IC50 (µM)]. The training set and the test set are the two sets into which we separated the experimental data set (Er-rajy et al., 2023c).
TABLE 1 | The 4-(phenoxymethyl)-1H-1,2,3-triazole derivatives as novel XO inhibitors: biological capacities and structures.
[image: Table 1]2.2 Model construction and performance analysis
SYBYL-X 2.1 was used to minimization, alignment derivatives and to constructed CoMFA and CoMSIA fields (Bringmann and Rummey, 2003). For every network, CoMFA descriptors were constructed with a grid spacing of 1 unit, ranging up to 4 units in all three dimensions within the specified region (Böhm et al., 1999). We determined the energies of the steric and electrostatic fields with Van der Waals potential, Coulombic terms, and a sp3 hybridized carbon atom with a +1e charge as the probe atom using the standard Tripos force field, values have been truncated at 30 kcal/mol (Er-rajy et al., 2023a), For CoMSIA, a distance-dependent Gaussian type of physicochemical characteristic was chosen to avoid singularities at atomic positions. We used similar standard parameters for steric (S), electrostatic (E), acceptor hydrogen (A), donor hydrogen (D) and hydrophobic (H) effects in the CoMSIA field calculation, without arbitrary constraints specific to the CoMFA field calculation (Guo et al., 2005; Baidya et al., 2023).
The characteristics of the anti-gout inhibitors, which are connected to their activity, were evaluated using the Partial Least Squares (PLS) approach. We assessed the models’ relevance using the cross-validation correlation coefficient (Q2), the coefficient of determination (R2), the optimal number of principal components (NOC) and the standard error of estimate (SEE). Subsequently, various CoMFA and CoMSIA models were developed through non-validated PLS analysis (Aloui et al., 2024; Er-Rajy et al., 2024b).
The robustness of the 3D-QSAR model increases as Q2 > 0.5 and 1 < NOC <6. After selecting the optimal values for NOC and Q2 for the 3D-QSAR modeling, we assess the overall significance of the developed model by calculating statistical parameters such as the coefficient R2, SEE error. A 3D-QSAR model is considered reliable if R2 > 0.6, and SEE is low, as it will then provide an accurate description of pIC50 values based on the structural properties of the investigated molecules (Roy and Pratim Roy, 2009; Nour et al., 2022a; Er-rajy et al., 2023d).
2.3 Molecular docking study
Before the docking study, the two most active molecule drawn in ChemDraw 16.0, and then the geometry was MM2 optimized (Allinger, 1977). This step ensured the proper equilibrium of the system and allowed for the verification of the protonation states and polar hydrogen atoms of the ligands in an aqueous environment. On the other hand, the first step involved preparing the backbone structure of the protein and the ligands (Er-rajy et al., 2025). The protein preparation included removing water molecules and non-protein elements, adding polar hydrogen atoms, and assigning Gasteiger charges (Nour et al., 2022b).
Both compounds were tested for their anti-gout activity. For the antigout study, we utilized the xanthine oxidase receptor extracted from the Protein Data Bank (PDB ID: 3NVY with a resolution of 2.00 Å) (Cao et al., 2014). A grid was created with parameters X = 39.948, Y = −17.942 and Z = 24.367 Å.
We used AutoDockTools software to carry out the molecular docking (Holt et al., 2008). Following Lamarck’s genetic algorithm (LGA), docking studies of the protein-ligand complex were conducted to obtain the lowest binding free energy (∆G). For molecular docking studies, we used a grid of 40*40*40 points in the X, Y and Z directions. In the molecular docking studies, we used a total number of 100 solutions calculated in each case, using a population size of 350.
After preparing the molecules under study and the complexes, including the removal of water molecules, we carry out the molecular docking protocol (Hjouji et al., 2025). Finally, to observe the ligand-protein interaction and eliminate water molecules, curation of missing side-chain residues, and merge non-polar hydrogens, we used Discovery 2021 software (Pinzi and Rastelli, 2019).
2.4 Molecular dynamics
The two ligands docked were chosen for MD simulations based on the molecular docking results in order to ascertain the stability of the molecular bonds with the target protein (Parihar et al., 2022). Using the Desmond program and Maestro of the Schrödinger Suite, the OPLS3e force field, MD was run for 100 ns (Miao et al., 2019). By solving it in a 10-size aqueous simulation box, the OPLS3e force field was utilized for the MD simulation of two complexes and ligands bound (the most active) to the base receptor. For a 10 Å region, explicit water molecules were modeled using the TIP3P water model under orthorhombic periodic boundary conditions (Bizzarri and Cannistraro, 2002). Counterions such as Na⁺ and Cl⁻ were added to the system to neutralize it, and their positions were energy-minimized. Using the Particle Mesh Ewald (PME) approach, long-range electrostatic connections between the protein and the complexed ligands were calculated for Coulombic interactions, after the MD simulation of the NPT ensemble of Nose-Hoover thermostat was run (Petersen, 1995; Jang et al., 2002).
In our MD simulations, a cutoff radius of 9.0 Å was used for Coulombic interactions, with a grid spacing of 0.8 Å for the PME method. Simulations were carried out under NPT ensemble conditions, using the Nose-Hoover thermostat and barostat to maintain constant temperature (300 K) and pressure (1 bar). The equations of motion were integrated using Velocity Verlet with a time step of 2 fs? The interaction diagram module of the Desmond simulation package was utilized to determine the precise binding interactions between the ligand and the viral protein.
2.5 ADMET proprieties
A comprehensive grasp of ADMET properties is indispensable in evaluating the feasibility of potential therapeutics within the swiftly evolving realm of drug discovery (Sinha and Vohora, 2018). Just as vital is a compound’s “drug-likeness,” indicating its potential for successful development as an orally administered medication. To this end, our study used the web servers SwissADME and pkCSM to carry out in-depth in silico analysis of the molecules N°22 and N°8, as well as for the proposed new compounds (Pires et al., 2015; Daina et al., 2017).
We have taken into account factors such as lipophilicity, water solubility, saturation, flexibility, and various pharmacokinetic properties, all of which are crucial to a drug’s bioavailability. Furthermore, drug similarity assessment was conducted based on established pharmaceutical guidelines, including Lipinski’s five Rules (Lipinski, 2004; Kowalska et al., 2018).
2.6 DFT study
In quantum mechanics, DFT study has established itself as the leading method for exploring the electronic and chemical spectroscopic characteristics of molecules in the field of quantum mechanics (Orio et al., 2009). This report, focusing on quantum mechanical principles, showcases molecular structures visualized using Gauss View 6.0.16. Theoretical evaluations of all computational models were conducted utilizing Gaussian 09 software (Tomberg, 2013).
Initial DFT calculations were performed on the two newly predicted molecules. Geometrical parameters for all configurations were determined using the DFT method with the 6-311G (d, p) basis set and B3LYP functional. This choice was based on its established reliability in previous literature concerning these molecules (Ayub et al., 2024; Edder et al., 2024). This configuration seemed optimal for assessing the reactive properties of the molecules. To better understand the relationships between the various components of the compound, topological analyses were conducted using VMD and the Multiwfn program, this approach relies on non-covalent interaction density calculations to enhance the detection of interactions within the studied structures (Salah et al., 2023; Spivak et al., 2023).
3 RESULTS AND DISCUSSION
3.1 Alignments and analysis of 3D-QSAR models
To construct a robust and dependable model, all the compounds must be superimposed with great precision. All derivatives of the molecules were added to a database and aligned to the common core using the Sybyl X-2.1 rigid docking method, with compound N°22 (the most active) serving as the template (Figure 1.).
[image: Figure 1]FIGURE 1 | Structure superposition of database.
After several attempts, we constructed two QSAR models. Then, we calculated the predicted activities for each model as well as the residuals for each molecule. Table 2 summarizes the residuals from the various models (CoMFA and CoMSIA/SEA), as well as the observed and predicted activity of each molecule.
TABLE 2 | The examined compounds’ residuals and predicted pIC50.
[image: Table 2]QSAR models have been proposed to explain and quantitatively predict the anti-gout inhibitory activities of a series of 4-(phenoxymethyl)-1H-1,2,3-triazoles. The residual values presented in Table 2 are close to zero for most molecules and reach a maximum of about 0.3 for some, which means that the two models we have proposed are very robust.
3.2 Validation of the model built
The independent variables gathered from the training set were subjected to PLS cross-validation analysis in order to ascertain the proper statistical parameters. The outcomes for the various statistical models and the corresponding statistical parameters are presented in Table 3.
TABLE 3 | Model statistics based on the PLS approach for the two models CoMFA and CoMSIA.
[image: Table 3]As illustrated in Table 3, for the CoMFA model accounts for 68.4% and 31.6% of the variance in the steric and electrostatic fields, respectively. The training set’s coefficient [image: image] and R2 have values of 0.652 and 0.859, respectively, and the ideal NOC to use is two, and also a lower value of SEE is equal to 0.195.
In the CoMSIA study, Table 3 indicates that CoMSIA/SEA with the best combination of fields—steric (S), electrostatic (E), and hydrogen bond acceptor (A)—achieved the highest [image: image] value of 0.676. It also achieved an [image: image] value of 0.805 with two principal components, and a lower SEE of 0.229.
To ensure the robustness of the proposed model, external validation was conducted. As shown in Table 3, the two models, CoMFA and CoMSIA/SEA, have [image: image] values of 0.683 and 0.767, respectively, indicating that both models are robust.
3.3 Studies of CoMFA and CoMSIA/SEA contour diagram
In order to gain a deeper comprehension of the investigated molecules’ shape and the different impacts (Steric, electrostatic, etc.) on their biological activity, we employed data visualization techniques to combine elements from the CoMFA and CoMSIA/SEA models. We selected compound N°22, the most active compound, as a reference. The steric, electrostatic, and hydrogen bond acceptor fields of the CoMSIA and CoMFA contour diagrams are shown in Figures 2, 3.
[image: Figure 2]FIGURE 2 | Representation of CoMFA contour maps.
[image: Figure 3]FIGURE 3 | Representation of CoMSIA/SEA contour maps.
3.3.1 CoMFA contour diagram
So, in the steric contour diagram, the largest contour (green), representing around 80%, indicates regions where bulky groups enhance biological activity. Conversely, the smallest contour (yellow), representing around 20%, marks areas where bulky groups decrease biological activity. For the electrostatic fields, blue contours highlight regions where electron-donating groups boost biological activity, while red contours indicate areas where electron-attracting groups enhance biological activity.
Figure 2 from the CoMFA study display the electrostatic and steric contour diagrams, providing insights into regions that may enhance or diminish the biological activity of derivatives studied. The steric field graph shows a small green area next to the most active molecule, indicating that the steric effect is not favorable to the inhibitory activity. On the other hand, there are three small yellow areas close to the O-CH3 radical, suggesting that this group is not large enough to enhance the inhibitory activity of this compound. Therefore, to enhance the XO inhibitory activity of these compounds, alkyl groups should not be added to the proposed new molecules.
3.3.2 CoMSIA/SEA contour map study
Three distinct fields—stereoscopic, electrostatic, and hydrogen bond acceptor fields—were examined in the context of the CoMSIA model. In Figure 3., the three-contour diagram is displayed.
In Figure 3., the CoMSIA/SEA stereoscopic contour diagram displays a small green contour next to the O-CH3 group and a large yellow contour covering most of the studied molecule, indicating that the molecule is unfavorable to bulky groups. Conversely, the electrostatic contour diagram of the CoMSIA/SEA model shows small blue contours within the studied molecule and an absence of red contours, suggesting that adding electron-withdrawing groups or atoms does not affect the biological activity of the molecule. Instead, introducing electron-donating groups can enhance the inhibitory activity. In the hydrogen bond acceptor domain, magenta and red colors mark favorable and unfavorable positions for hydrogen bond acceptors, respectively. However, in Figure 3., the small magenta and red contours suggest that hydrogen bond acceptors do not significantly influence the biological activity of these derivatives. Therefore, to enhance the OX inhibitory activity of these compounds, it is not necessary to add electron-withdrawing groups in the proposed new molecules.
3.4 Molecular interaction analyses
Promising results from molecular anchoring study gave promising results for the molecule synthesis of the two molecules being studied (Molecules N°22 and N°8) for their novel xanthine oxidase inhibitors.
Molecular docking results for complex N°8-3NVY showed a docking score of −7.22 kcal/mol, suggesting substantial affinity for the targeted enzyme (PDB ID: 3NVY). The results of molecular docking of complex N°8-3NVY are shown in Figure 4.
[image: Figure 4]FIGURE 4 | The 2/3D interactions between molecule N°8 with receptor 3NVY.
After viewing the results (Figure 4.), for complex N°8-3NVY, we observe two hydrogen bonds with residues SER 69, and with residues ASN 71, with distances equal to 3.31, and 1.85 Å respectively. There are also three alkyl bonds with residues ALA 70, LEU 74, and ALA 75, with distances equal to 1.49, 5.49, and 4.26 Å respectively. Also, one Pi-Pi T-shaped bond with residue PHE 68, with distances equal to 5.25 Å.
Molecular docking results for complex N°22 -3NVY showed a docking score of −8.36 kcal/mol, suggesting substantial affinity for the targeted enzyme. The results of molecular docking of complex N°22 -3NVY are shown in Figure 5.
[image: Figure 5]FIGURE 5 | The 2/3D interactions between molecule N°22 with receptor 3NVY.
After viewing the results (Figure 5), for complex N°22-3NVY, we observe three hydrogen bonds with residues HIS 99, ARG 29, and with residues ILE 91, with distances equal to 1.90, 2.12 and 5.46 Å respectively. There are also one halogen bonds with residues LEU 128, with distance equal to 3.60 Å. These results suggest that the two components identified can be used as good inhibitors against the receptors studied. These results suggest that synthetic molecules (N°22 and N°8) can be used as inhibitors against the receptors XO.
3.5 Molecular dynamics results
An understanding of the stability of the ligand in the protein’s active site and the role important amino acids play in the ligand-protein interaction can be gained through the use of MD modeling (Wang et al., 2018). For molecular dynamics studies up to 100 ns, the two most active molecules (N°8 and N°22) containing the target protein were chosen. The protein interactions with the ligand and the root mean square deviation (RMSD) parameter were used to analyze the MD trajectories.
For researching the stability of ligand docking posture and the role of important amino acids in proteins, MD modeling has shown to be an effective method. In order to evaluate the stability of the complex and observe potential ligand binding modes, we ran 100 ns MD simulations of compounds N°8 and N°22.
For the first complex N°8-3NVY, as shown in Figure 6, the protein backbone’s RMSD value increased from 1.20 to 4.0 Å during the course of the simulations. The protein configuration’s RMSD value stabilized at about 2.8 Å after 90 ns of simulation. In the same figure, the RMSD of molecule N°8 varies from 4 to 16 Å during the 100 ns. Around 80 ns, there’s a fluctuation down to 8 Å; then there’s another fluctuation around 90 ns down to 4 Å. Thus, the average RMSD between the crystal structure complex and molecule N°8 was wider, indicating that the designed molecule retains no degree of stability within the protein-ligand complex.
[image: Figure 6]FIGURE 6 | RMSD of two complex N°22-3NVY and N°8-3NVY.
For the second complex N°22-3NVY, as shown in Figure 6, the RMSD value of the protein backbone showed a change in RMSD from 2.40 to 5.40 Å throughout the simulation process. Throughout the simulation, the RMSD for the molecule N°22 in Figure 6 fluctuated from 6.50 to 10.50 Å. For the average RMSD of two complex constituents, the average value of the macromolecular structure was around 4.0 Å, while that of molecule N°22 was around 9 Å. Thus, the average RMSD between the crystal structure complex and molecule N°22 was less wide than that of the first complex, indicating that molecule N°22 retains some degree of stability within the protein-ligand complex. Thus, on the basis of the analysis of the two RMSD figures, we conclude that molecule N°22 maintains a certain stability within the protein-ligand complex compared to molecule N°8, which demonstrates lower stability throughout the simulation.
The analysis of the contacts observed between the macromolecular complexes bound to the two most active compounds during a 100 ns MD simulation, as shown in Figure 7, revealed the following: the macromolecular structure N°8-3NVY exhibited hydrogen bonding interactions at the amino acid THR 79 (40%) and water bridge bonding 5%). Additionally, the amino acids Phe-68 and LEU 55 showed 60%, 40% hydrophobic interactions respectively, while LYS 57 exhibited 48% hydrophobic interactions and 4% water bridge bonding.
[image: Figure 7]FIGURE 7 | Extensive contacts were found between the macromolecular complexes during the simulation.
For the second complex N°22-3NVY, the macromolecular structure had the amino acid VAL101 exhibited 65% hydrogen bond interaction, and 5% hydrophobic bond. Also, the amino acid PHE 163 exhibited 50% hydrophobic bonding interaction. Also, the amino acid TYR 125 exhibited 30% hydrophobic bonding interaction and 5% ionic interaction 10% water bridges bonding.
These results indicate that both complexes exhibit strong interactions with various residues of different types, including hydrophobic and hydrogen bond interactions.
The analysis of the solvent-accessible surface area (SASA) for the two most active compounds during a 100 ns MD simulation, as shown in Figure 8, reveals that the SASA for complex N°8-3NVY remains stable, ranging from 200 to 400 Å2. In contrast, for complex N°22-3NVY, the SASA varies between 160 and 320 Å2. These results suggest good structural complementarity and strong binding between the protein and the ligand in both cases. The stability of the SASA indicates that the ligand is well-positioned within the binding site, with a significant portion of its surface shielded from the aqueous environment. This is generally favorable for efficient and specific interactions with the target protein, as well as for maintaining the stability of the formed complex.
[image: Figure 8]FIGURE 8 | SASA results during the simulation.
3.6 Designing new molecules
In order to further our investigation, we employ molecular docking results and CoMFA and CoMSIA contribution diagram analysis to suggest novel compounds that have resemblance to the synthesized ones. Resistance to anti-gout drugs is reaching dangerously high levels worldwide, necessitating the urgent development of new drugs to address this health threat. In response, we have developed new anti-gout drug candidates using guidelines from 3D-QSAR and molecular docking analyses based on the structural properties of the most active molecules. Based on the insights from various methods, including 3D-QSAR analyses contour mapping and molecular docking, we have summarized the structural requirements in Figure 9.
[image: Figure 9]FIGURE 9 | Summary of the structural requirements derived from the 3D-QSAR study analysis.
We are proposing new compounds (Table 4), based on the results obtained using a different method and on our own discussions. CoMFA and CoMSIA/SEA were used to predict the activity of the newly added compounds, which were then added to the test set.
TABLE 4 | Discovery of novel compounds and activity predicted.
[image: Table 4]Using the formulas derived from CoMFA and CoMSIA/SEA, we can determine the expected activity of four proposed compounds after changing the groups that affect the inhibitory activity of the suggested molecules. The results for the predicted activities of these 6 new compounds are presented in Table 4. According to Table 4, all 6 new molecules have a predicted activity (pIC50) greater than 5.6 for the two proposed QSAR models, and very close to the value of the most active molecule, meaning that the 6 proposed molecules have greater inhibitory activity. Based on the prediction of activities for the new molecules, we are now conducting an analysis of the ADMET properties for the most active new molecules (Pred 4 and Pred 5) and comparing them with the two most active molecules in the studied series (N°22 and N°8).
3.7 ADMET proprieties
The primary aim of this study is to predict the medicinal properties of proposed new molecules and then assess their toxicity when used in pharmaceutical applications. The project aims to identify molecules with potential medicinal advantages, while ensuring their safety for therapeutic use.
To enhance the readability of Table 5, we provide brief explanations for the terms LIPO, SIZE, POLAR, INSOLU, INSATU, and FLEX as follows: LIPO denotes lipophilic properties (with a range between −0.7 and 5), SIZE represents molecular weight (ranging from 150 to 500 g/mol), POLAR indicates polarity (measured by topological polar surface area (TPSA) between 20 Å2 and 130 Å2), INSOLU signifies solubility (with a maximum log S value of 6), INSATU refers to saturation (requiring a fraction of sp3 hybridized carbons not less than 0.25), and FLEX denotes flexibility (with no more than 9 rotatable bonds permitted) (Er-Rajy et al., 2024a).
TABLE 5 | Lipinski’s rule and the oral bioavailability properties of the proposed new molecules and of the most active molecule in the series of molecules studied.
[image: Table 5]Based on oral bioavailability figures, the colored area represents the optimum range for each property. According to the oral bioavailability results for the most active molecules presented in Table 5, such as molecules N°22 and N°8, the oral bioavailability properties are not saturated. However, for our proposed molecule, Pred 5, there is some unsaturation and it falls outside the optimum range in terms of flexibility. Pred 4, on the other hand, is almost within the optimum range for every property.
In order to prevent compounds from entering clinical trials due to toxicity or inadequate pharmacokinetics, they were assessed for similarity to existing drugs and then subjected to ADMET prediction. ADMET prediction results for the proposed new molecules and of the most active molecule in the series of molecules studied are listed in Table 6.
TABLE 6 | ADMET prediction results of the proposed new molecules and of the most active molecule in the series of molecules studied.
[image: Table 6]Table 6 shows that the water solubility values are negative, indicating that the proposed new molecules and of the most active molecule in the series of molecules studied is highly soluble in water. Notably, the new molecules we predicted are very soluble in water, with values reaching as low as −7 (Yalkowsky and Valvani, 1980). Also, in terms of intestinal absorption, as shown in Table 6, they showed high intestinal absorption rates in humans, in excess of 98%, suggesting a promising potential for bioavailability.
In terms of distribution, quantified by steady-state volume of distribution (VDss), a log(VDss) value less than −0.15 indicates a relatively low volume of distribution, while a value greater than 0.45 suggests a relatively high volume of distribution (GREENBLATT et al., 1983). Table 6 shows, the VDss values for both molecules N°22 and N°8 are below −0.15, indicating that these two compounds have a relatively low volume of distribution. In contrast, the new molecule Pred 5 has a VDss value greater than 0.45, implying a relatively high volume of distribution for this compound. Similarly, the molecule Pred 4 has a VDss value almost equal to 0.45, indicating that the new molecule Pred 4 also has a relatively high volume of distribution.
The permeation of the blood-brain barrier (BBB) is a crucial property in the pharmaceutical realm as it dictates whether a compound can traverse the BBB, enabling it to exert its therapeutic effects on the brain. The reference standard for BBB permeability classifies it as good if its value is above 0.3, while it is considered poor if it is below −1 (Abraham, 2004). Based on the results obtained, we can conclude that all the studied molecules have average properties for crossing the BBB.
According to the criteria outlined for the central nervous system (CNS) permeability index, compounds with LogPS values above −2 are classified as capable of penetrating the CNS, while those with LogPS values below −3 are considered incapable of penetrating the CNS (Ghose et al., 2012). According to the information provided in Table 6, compound N°22 has a LogPS value below −3, indicating that this compound is unable to penetrate the CNS. However, the new compounds we have proposed have LogPS values between −2 and −3, suggesting that both have the potential to penetrate the CNS.
Cytochrome P450 isoenzymes play a crucial role in drug metabolism within the liver (Zanger and Schwab, 2013). Among these, CYP2D6 and CYP3A4 are particularly notable, as they are responsible for vital detoxification processes in the human body and for modulating drug pharmacokinetics. According to the results obtained, almost all compounds function as inhibitors and substrates of CYP2D6, CYP2C9, CYP3A4 and CYP2C19, and CYP1A2.
The total clearance of a drug provides insights into its half-life, with a low clearance value indicating a longer half-life (Varma et al., 2009). According to the results obtained in Table 6, the four compounds studied have low clearance values, indicating that these compounds have prolonged half-lives for their pharmacological properties.
The Ames toxicity test is a widely used method for assessing toxicity (Xu et al., 2012). From the results obtained, it is evident that the most active molecule (N°22) in the series studied exhibits toxic properties. In contrast, the molecules we have proposed demonstrate non-toxic properties, indicating that they can be used safely.
In conclusion, based on drug similarity studies and ADMET property evaluations, we propose the two molecules we have put forward, Pred 4 and Pred 5, as promising candidates for XO inhibitors. These compounds exhibit favorable absorption, distribution, and metabolism properties, along with low total clearance rates and demonstrated non-toxicity.
3.8 DFT analyses
3.8.1 Geometry optimization
Molecular geometry was used to implement a reflected effect on optoelectronic capabilities. A calculation was performed at the DFT method with the 6-311G (d, p) basis set and B3LYP functional to optimize the ground-state configuration of the two new predicted molecules (Pred 4, and Pred 5). Figure 10 shows the optimized geometry of the two new predict molecules with their atom numbers.
[image: Figure 10]FIGURE 10 | Representation optimal geometries of two predicted molecules (Pred 4, and Pred 5).
3.8.2 Frontier molecular orbitals analysis (FMOs)
FMO analysis is performed to determine the reactivity and nature of the excess electrons in the designed systems (Ahsin et al., 2021). The Occupied Molecular Orbital (HOMO) energy dictates the molecule’s capacity to donate an electron, on the other hand, the Lowest Unoccupied Molecular Orbital (LUMO) energy dictates its ability to accept one (Er-Rajy et al., 2022b). The disparity in energy between the HOMO and LUMO is pivotal in shaping the molecule’s chemical reactivity. A narrow energy differential (HOMO-LUMO) suggests a diminished in kinetic stability, as it is energetically more favorable to add electrons to a low LUMO and receive electrons from a high HOMO. Furthermore, calculated energy values and global descriptors are presented in Table 7.
TABLE 7 | Global reactivity descriptors were computed for the two predicted molecules (Pred 4, and Pred 5).
[image: Table 7]According to Table 7, for the new molecules predicts, the HOMO and LUMO values of Pred 4 compound have been calculated to be −5.145 eV and −2.033 eV respectively. This means that the energy difference between HOMO and LUMO has been calculated to be 3.112 eV, indicating a difference that is not significant. This energy difference suggests a charge transfer interaction within the compounds studied. Based on these results, Pred 4 exhibits an average energy gap ([image: image] = 3.112 eV), indicating a moderate level of polarizability and reactivity.
For the Pred 5 compound, the HOMO and LUMO values have been calculated to be −5.151 eV and −2.035 eV respectively. This means that the energy difference between HOMO and LUMO has been calculated to be 3.115 eV. This energy difference suggests an average charge transfer interaction within the compounds studied. Based on these results, Pred 4 has a medium energy gap, making it more polarizable and therefore more reactive than molecule Pred 5.
To better understand where the electron density is located for LUMO and HOMO, we display the electron density of each level in Figure 11. Figure 11 displays 3D plots or distributions of the HOMO and LUMO for two predicted molecules (Pred 4, and Pred 5).
[image: Figure 11]FIGURE 11 | The FMOs of two predicted molecules (Pred 4, and Pred 5).
According Figure 11, the new Pred 4 molecule, the HOMO orbital is located on the triazole fragment. But the LUMO orbital is located on the 2-methoxybenzaldehyde group. In other words, the two groups triazole and 2-methoxybenzaldehyde are electron donor and acceptor regions respectively. The other new molecule, Pred 5, gives the same results as Pred 4, so the interpretation will be the same. So, the two new predicted molecules are therefore reactive.
3.8.3 Molecular electrostatic potential analysis (MEP)
By examining the charge distribution and photophysical properties, an electrostatic potential map can be utilized to deduce the reactivity of chemical substances. It helps to pinpoint regions vulnerable to nucleophilic and electrophilic attacks (Asif et al., 2023). The system under investigation was simulated using DFT method with the 6-311G (d, p) basis set and B3LYP functional, to analyze its electrophilic and nucleophilic regions. Figure 12 depicts the MEP charts for two predicted molecules (Pred 4, and Pred 5), along with their respective indicators.
[image: Figure 12]FIGURE 12 | The MEP maps for two predicted molecules (Pred 4, and Pred 5).
Graphically, the electron density and charge distribution of each molecule are illustrated by distinctive colored bands. In the MEP map, blue indicates electron-rich sites with surplus electrons available for electrophilic attack, while red represents electron-poor sites sensitive to nucleophilic attack (Costa et al., 2017). Additionally, green is utilized to denote neutral sites within the molecules.
According to the results obtained, the color scale for the two new Pred 4 and Pred 5 molecules ranges from −0.74 e-2 to 0.74 e-2, as shown in Figure 12. In the figures of the two predicted new molecules, we notice that there is only one region colored in red in the same position for both molecules, next to the 2-methoxybenzaldehyde, particularly next to the oxygen atom. This indicates that the 2-methoxybenzaldehyde group is electron-poor and thus accessible for an attack by a nucleophilic.
3.8.4 The non-covalent interaction analysis (NCI)
Using NCI diagrams generated by the Multiwfn program, we probed the degree of engagement between dopant and surface in intermolecular interactions (Lu and Chen, 2012). These diagrams offer valuable insights into the interactions between atoms in doped (For two predicted molecules (Pred 4, and Pred 5)), often referred to as weak forces. Also, by RDG approach is employed to identify both intermolecular and intramolecular non-covalent. It is a visualization index based on electron density and its derivatives, utilizing RDG results at low density regions (Amraoui et al., 2024). These interactions encompass steric hindrance, van der Waals forces, hydrogen bonding and various others.
Therefore, the study conducted by the NCI predicted the consistency of the system. The NCI scatter plot shows two functions, namely the electron density sign λ2(ρ) for the x-axis and the RDG for the y-axis. This plot shows the cross-section and the type of physical forces involved in the interactions. A colored three-dimensional iso-surface of two Pred 4, and Pred 5 molecules highlights the attraction of intramolecular interaction, as shown in Figure 13(left). Strong attractive forces are indicated by the sign λ2(ρ) less than zero, and the area of the graph where λ2(ρ) is greater than zero represents areas of repulsive interactions. In addition, points with sign λ2(ρ) equal to zero that describe interactions due to van der Waals forces are placed here (Ali et al., 2024).
[image: Figure 13]FIGURE 13 | RDG-NCI pictures for two predicted molecules (Pred 4, and Pred 5).
As a result, the electron density and RDG functions give an accurate NCI mapping of the two molecules predicted (Pred 4 and Pred 5). The NCI graphs of two molecules predicted depicted in Figure 13 (right) illustrate various interactions:
✓ Weak contacts, identified as van der Waals forces, are shown in green and identified between the oxygen atoms of the 2-methoxybenzaldehyde group for the two predicted molecules (Pred 4 and Pred 5).
✓ Attractive forces, known as hydrogen bonds, are indicated by the red ring, which exists at the center of both benzene rings, as well as at the center of the triazole group for the two predicted molecules (Pred 4 and Pred 5).
So, the two molecules we have proposed possess significant properties such as stability and reactivity levels; they also exhibit weak intramolecular interactions.
4 CONCLUSION
A xanthine oxidase inhibitor reduces uric acid production by inhibiting the enzyme xanthine oxidase, making it useful for treating hyperuricemia and related conditions such as gout. A series of 4-(phenoxymethyl)-1H-1,2,3-triazole with anti-gout activity have been studied computationally. By computational study of this series, we built two QSAR models. The two CoMFA, CoMSIA/SE models showed good reliability and predictability. Both models were successfully evaluated using external and internal validation methods. Analysis of the contour maps of the different models provides structural information for optimizing the inhibitory activity of the inhibitors studied. In addition, the molecular docking study shows that the two selected compounds (N°8 and N°22) and the target protein (PDB ID: 3NVY) have established significant interactions with very important amino acids. A molecular dynamics study revealed that the N°22-3NVY complex remained highly stable throughout the simulation. These results were used to develop new compounds and predict their inhibitory activities. Next, physicochemical and ADMET analyses showed that the two predicted molecules (Pred 4 and Pred 5) have drug-like properties. Next, we used DFT study to evaluate the chemical reactivity properties of the two most active proposed compounds (Pred 4 and Pred 5). The results of the DFT study revealed that both molecules exhibit moderate chemical stability and reactivity. Therefore, these two proposed compounds can be used as inhibitors of xanthine oxidase, thereby reducing the production of uric acid by inhibiting this enzyme. This makes them candidates for treating hyperuricemia and related conditions, such as gout.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding authors.
AUTHOR CONTRIBUTIONS
ME-r: Conceptualization, Data curation, Formal Analysis, Investigation, Methodology, Resources, Software, Supervision, Validation, Visualization, Writing–original draft, Writing–review and editing. MoE: Conceptualization, Formal Analysis, Software, Visualization, Writing–review and editing. SZ: Supervision, Validation, Visualization, Writing–review and editing, Conceptualization, Data curation, Formal Analysis, Investigation, Software. SM: Conceptualization, Investigation, Software, Writing–review and editing. MuA: Investigation, Resources, Software, Supervision, Validation, Writing–review and editing. MZ: Conceptualization, Software, Visualization, Writing–review and editing. BH: Software, Supervision, Validation, Visualization, Writing–review and editing. LR: Writing–review and editing. RSb: Conceptualization, Investigation, Software, Supervision, Validation, Visualization, Writing–review and editing. MhA: Writing–review and editing. KA: Conceptualization, Data curation, Formal Analysis, Investigation, Software, Writing–review and editing, Supervision, Validation. RSl: Conceptualization, Investigation, Software, Writing–review and editing, Data curation, Formal Analysis. MeE: Conceptualization, Investigation, Project administration, Software, Writing–review and editing.
FUNDING
The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. This research was supported by the Researchers Supporting Project number (RSPD2025R628), King Saud University, Riyadh, Saudi Arabia.
ACKNOWLEDGMENTS
The authors extend their appreciation to the Researchers Supporting Project number (RSPD2025R628), King Saud University, Riyadh, Saudi Arabia for supporting this research.
GENERATIVE AI STATEMENT
The author(s) declare that no Generative AI was used in the creation of this manuscript.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
REFERENCES
 Abraham, M. H. (2004). The factors that influence permeation across the blood–brain barrier. Eur. J. Med. Chem. 39, 235–240. doi:10.1016/J.EJMECH.2003.12.004
 Ahsin, A., Shah, A. B., and Ayub, K. (2021). Germanium-based superatom clusters as excess electron compounds with significant static and dynamic NLO response; a DFT study. RSC Adv. 12, 365–377. doi:10.1039/D1RA08192F
 Ali, Q., Javed, H., Ismaeel, M., Raza Ayub, A., Asif Javed, H. M., Iqbal, J., et al. (2024). Self-assembled crown ether (15CR5) with alkaline earth metals to stimulate nonlinear optical properties: the comprehensive study by silico technique. Comput. Theor. Chem. 1236, 114611. doi:10.1016/J.COMPTC.2024.114611
 Allinger, N. L. (1977). Conformational analysis. 130. MM2. A hydrocarbon force field utilizing V1 and V2 torsional terms. J. Am. Chem. Soc. 99, 8127–8134. doi:10.1021/JA00467A001/
 Aloui, M., Er-rajy, M., Imtara, H., Goudzal, A., Zarougui, S., El fadili, M., et al. (2024). QSAR modelling, molecular docking, molecular dynamic and ADMET prediction of pyrrolopyrimidine derivatives as novel Bruton’s tyrosine kinase (BTK) inhibitors. Saudi Pharm. J. 32, 101911. doi:10.1016/J.JSPS.2023.101911
 Amraoui, N. E., Hammoutè, D., Amraoui, N. E., and Hammoutè, D. (2024). DNA base pairs sensors: DFT, QTAIM and NCI-RDG study. Comput. Chem. 12, 75–90. doi:10.4236/CC.2024.124004
 Asif, A., Maqsood, N., Akram, S. J., Nouman, M., Elmushyakhi, A., Shawky, A. M., et al. (2023). Efficient side-chain engineering of thieno-imidazole salt-based molecule to boost the optoelectronic attributes of organic solar cells: a DFT approach. J. Mol. Graph Model 121, 108428. doi:10.1016/J.JMGM.2023.108428
 Ayub, A. R., Tahir, S., Hamid, H., Maqsood, N., Arshed, S. M., et al. (2024). An in-depth investigation of nonlinear optical properties of self-assembled borophene doped with P7Ba2NO3: a computational simulating study. Phys. Scr 99, 055949. doi:10.1088/1402-4896/AD398A
 Baidya, S. K., Banerjee, S., Ghosh, B., Jha, T., and Adhikari, N. (2023). Assessing structural insights into in-house arylsulfonyl L-(+) glutamine MMP-2 inhibitors as promising anticancer agents through structure-based computational modelling approaches. Sar. QSAR Environ. Res. 34, 805–830. doi:10.1080/1062936X.2023.2261842
 Bizzarri, A. R., and Cannistraro, S. (2002). Molecular dynamics of water at the protein-solvent interface. J. Phys. Chem. B 106, 6617–6633. doi:10.1021/JP020100M
 Böhm, M., Stürzebecher, J., and Klebe, G. (1999). Three-dimensional quantitative Structure−Activity relationship analyses using comparative molecular field analysis and comparative molecular similarity Indices analysis to elucidate selectivity differences of inhibitors binding to trypsin, thrombin, and factor xa. J. Med. Chem. 42, 458–477. doi:10.1021/JM981062R
 Bouammali, H., Zraibi, L., Ziani, I., Merzouki, M., Bourassi, L., Fraj, E., et al. (2023). Rosemary as a potential source of natural antioxidants and anticancer agents: a molecular docking study. Plants 13, 89–13. doi:10.3390/PLANTS13010089
 Bouayad, A., Zerrouk, M., Salim, R., Er-rajy, M., Raza, A., Azzaoui, K., et al. (2024). Ba(H2PO3)2.0.5H2O: synthesis, crystal structure optimization, vibrational study, DFT computation and application as a corrosion inhibitor. Moroc. J. Chem. 12, 1575–1595. doi:10.48317/IMIST.PRSM/MORJCHEM-V12I4.50321
 Bringmann, G., and Rummey, C. (2003). 3D QSAR investigations on antimalarial naphthylisoquinoline alkaloids by comparative molecular similarity Indices analysis (CoMSIA), based on different alignment approaches. J. Chem. Inf. Comput. Sci. 43, 304–316. doi:10.1021/CI025570S
 Cao, H., Pauff, J. M., and Hille, R. (2014). X-ray crystal structure of a xanthine oxidase complex with the flavonoid inhibitor quercetin. J. Nat. Prod. 77, 1693–1699. doi:10.1021/NP500320G
 Cicero, A. F. G., Fogacci, F., Cincione, R. I., Tocci, G., and Borghi, C. (2021). Clinical effects of xanthine oxidase inhibitors in hyperuricemic patients. Med. Princ. Pract. 30, 122–130. doi:10.1159/000512178
 Costa, R. A., Pitt, P. O., Pinheiro, M. L. B., Oliveira, K. M. T., Salomé, K. S., Barison, A., et al. (2017). Spectroscopic investigation, vibrational assignments, HOMO-LUMO, NBO, MEP analysis and molecular docking studies of oxoaporphine alkaloid liriodenine. Spectrochim. Acta A Mol. Biomol. Spectrosc. 174, 94–104. doi:10.1016/J.SAA.2016.11.018
 Daina, A., Michielin, O., and Zoete, V. (2017). SwissADME: a free web tool to evaluate pharmacokinetics, drug-likeness and medicinal chemistry friendliness of small molecules. Sci. Rep. 7 (1), 42717–42813. doi:10.1038/srep42717
 Dalbeth, N., Gosling, A. L., Gaffo, A., and Abhishek, A. (2021). Gout. Lancet 397, 1843–1855. doi:10.1016/S0140-6736(21)00569-9
 Edder, Y., Louchachha, I., Faris, A., Maatallah, M., Azzaoui, K., Zerrouk, M., et al. (2024). Synthesis of novel nitro-halogenated aryl-himachalene sesquiterpenes from atlas cedar oil components: characterization, DFT studies, and molecular docking analysis against various isolated smooth muscles. Molecules 29, 2894. doi:10.3390/MOLECULES29122894
 Er-rajy, M., El fadili, M., Alnajjar, R., Zarougui, S., Mujwar, S., Azzaoui, K., et al. (2025). An in-depth study of indolone derivatives as potential lung cancer treatment. Sci. Rep. 15 (1), 2199–2212. doi:10.1038/s41598-025-85707-7
 Er-Rajy, M., El Fadili, M., Faris, A., Zarougui, S., and Elhallaoui, M. (2024a). Design of potential anti-cancer agents as COX-2 inhibitors, using 3D-QSAR modeling, molecular docking, oral bioavailability proprieties, and molecular dynamics simulation. Anticancer Drugs 35, 117–128. doi:10.1097/CAD.0000000000001492
 Er-Rajy, M., El Fadili, M., Faris, A., Zarougui, S., and Elhallaoui, M. (2024b). Design of potential anti-cancer agents as COX-2 inhibitors, using 3D-QSAR modeling, molecular docking, oral bioavailability proprieties, and molecular dynamics simulation. Anticancer Drugs 35, 117–128. doi:10.1097/CAD.0000000000001492
 Er-rajy, M., El Fadili, M., Hadni, H., Mrabti, N. N., Zarougui, S., and Elhallaoui, M. (2022a). 2D-QSAR modeling, drug-likeness studies, ADMET prediction, and molecular docking for anti-lung cancer activity of 3-substituted-5-(phenylamino) indolone derivatives. Struct. Chem. 33, 973–986. doi:10.1007/s11224-022-01913-3
 Er-rajy, M., El fadili, M., Imtara, H., Saeed, A., Ur Rehman, A., Zarougui, S., et al. (2023a). 3D-QSAR studies, molecular docking, molecular dynamic simulation, and ADMET proprieties of novel pteridinone derivatives as PLK1 inhibitors for the treatment of prostate cancer. Life 13, 127. doi:10.3390/LIFE13010127
 Er-rajy, M., El fadili, M., Mrabti, N. N., Zarougui, S., and Elhallaoui, M. (2022b). QSAR, molecular docking, ADMET properties in silico studies for a series of 7-propanamide benzoxaboroles as potent anti-cancer agents. Chin. J. Anal. Chem. 50, 100163. doi:10.1016/J.CJAC.2022.100163
 Er-rajy, M., El fadili, M., Mujwar, S., Imtara, H., Al kamaly, O., Zuhair Alshawwa, S., et al. (2023b). Design of novel anti-cancer agents targeting COX-2 inhibitors based on computational studies. Arabian J. Chem. 16, 105193. doi:10.1016/J.ARABJC.2023.105193
 Er-rajy, M., El fadili, M., Mujwar, S., Zarougui, S., and Elhallaoui, M. (2023c). Design of novel anti-cancer drugs targeting TRKs inhibitors based 3D QSAR, molecular docking and molecular dynamics simulation. J. Biomol. Struct. Dyn. 41, 11657–11670. doi:10.1080/07391102.2023.2170471
 Er-rajy, M., Fadili, M. E., Mujwar, S., Lenda, F. Z., Zarougui, S., and Elhallaoui, M. (2023d). QSAR, molecular docking, and molecular dynamics simulation–based design of novel anti-cancer drugs targeting thioredoxin reductase enzyme. Struct. Chem. 34, 1527–1543. doi:10.1007/s11224-022-02111-x
 Faris, A., Edder, Y., Louchachha, I., Lahcen, I. A., Azzaoui, K., Hammouti, B., et al. (2023). From himachalenes to trans-himachalol: unveiling bioactivity through hemisynthesis and molecular docking analysis. Sci. Rep. 13 (1), 17653–17720. doi:10.1038/s41598-023-44652-z
 Ferreira, L. L. G., and Andricopulo, A. D. (2019). ADMET modeling approaches in drug discovery. Drug Discov. Today 24, 1157–1165. doi:10.1016/J.DRUDIS.2019.03.015
 Furuhashi, M. (2020). New insights into purine metabolism in metabolic diseases: role of xanthine oxidoreductase activity. Am. J. Physiol. Endocrinol. Metab. 319, E827–E834. doi:10.1152/AJPENDO.00378.2020
 Ghose, A. K., Herbertz, T., Hudkins, R. L., Dorsey, B. D., and Mallamo, J. P. (2012). Knowledge-based, central nervous system (CNS) lead selection and lead optimization for CNS drug discovery. ACS Chem. Neurosci. 3, 50–68. doi:10.1021/CN200100H
 Greenblatt, D. J., Abernethy, D. R., and Divoll, M. (1983). Is volume of distribution at steady state a meaningful kinetic variable?J. Clin. Pharmacol. 23, 391–400. doi:10.1002/J.1552-4604.1983.TB02753.X
 Guo, Y., Xiao, J., Guo, Z., Chu, F., Cheng, Y., and Wu, S. (2005). Exploration of a binding mode of indole amide analogues as potent histone deacetylase inhibitors and 3D-QSAR analyses. Bioorg Med. Chem. 13, 5424–5434. doi:10.1016/J.BMC.2005.05.016
 Hjouji, K., Barnossi, A.E., Er-rajy, M., Atemni, I., Grenha, A., Yagoubi, M., et al. (2025). Inhibitory potency of active metabolites from different polarities of Datura Stramonium seed extracts: GC-MS analysis, biological evaluations, and molecular docking studies. J. Med. Mycol. 35, 101521. doi:10.1016/J.MYCMED.2024.101521
 Holt, P. A., Chaires, J. B., and Trent, J. O. (2008). Molecular docking of intercalators and groove-binders to nucleic acids using autodock and surflex. J. Chem. Inf. Model 48, 1602–1615. doi:10.1021/CI800063V
 Jang, S., Pak, Y., and Shin, S. (2002). Multicanonical ensemble with Nosé–Hoover molecular dynamics simulation. J. Chem. Phys. 116, 4782–4786. doi:10.1063/1.1453398
 Jitonnom, J., Meelua, W., Tue-nguen, P., Saparpakorn, P., Hannongbua, S., and Chotpatiwetchkul, W. (2024). 3D-QSAR and molecular docking studies of peptide-hybrids as dengue virus NS2B/NS3 protease inhibitors. Chem. Biol. Interact. 396, 111040. doi:10.1016/J.CBI.2024.111040
 Kowalska, M., Fijałkowski, Ł., and Nowaczyk, A. (2018). The biological activity assessment of potential drugs acting on cardiovascular system using Lipinski and Veber Rules. J. Educ. Health Sport 8, 184–191. doi:10.5281/zenodo.2066519
 Linani, A., Benarous, K., Bou-Salah, L., and Yousfi, M. (2022). The inhibitory kinetics of vitamins B9, C, E, and D3 on bovine xanthine oxidase: gout treatment. Chem. Biol. Interact. 359, 109922. doi:10.1016/J.CBI.2022.109922
 Lipinski, C. A. (2004). Lead- and drug-like compounds: the rule-of-five revolution. Drug Discov. Today Technol. 1, 337–341. doi:10.1016/J.DDTEC.2004.11.007
 Lu, T., and Chen, F. (2012). Multiwfn: a multifunctional wavefunction analyzer. J. Comput. Chem. 33, 580–592. doi:10.1002/JCC.22885
 Miao, Q., Ma, K., Chen, D., Wu, X., and Jiang, S. (2019). Targeting tropomyosin receptor kinase for cancer therapy. Eur. J. Med. Chem. 175, 129–148. doi:10.1016/J.EJMECH.2019.04.053
 Nour, H., Abchir, O., Belaidi, S., and Chtita, S. (2022a). Research of new acetylcholinesterase inhibitors based on QSAR and molecular docking studies of benzene-based carbamate derivatives. Struct. Chem. 33, 1935–1946. doi:10.1007/s11224-022-01966-4
 Nour, H., Abchir, O., Belaidi, S., and Chtita, S. (2022b). Research of new acetylcholinesterase inhibitors based on QSAR and molecular docking studies of benzene-based carbamate derivatives. Struct. Chem. 33, 1935–1946. doi:10.1007/s11224-022-01966-4
 Orio, M., Pantazis, D. A., and Neese, F. (2009). Density functional theory. Photosynth Res. 102, 443–453. doi:10.1007/S11120-009-9404-8
 Parihar, A., Sonia, Z. F., Akter, F., Ali, M. A., Hakim, F. T., and Hossain, M. S. (2022). Phytochemicals-based targeting RdRp and main protease of SARS-CoV-2 using docking and steered molecular dynamic simulation: a promising therapeutic approach for Tackling COVID-19. Comput. Biol. Med. 145, 105468. doi:10.1016/J.COMPBIOMED.2022.105468
 Pascart, T., Wasik, K. A., Preda, C., Chune, V., Torterat, J., Prud’homme, N., et al. (2024). The gout epidemic in French Polynesia: a modelling study of data from the Ma’i u’u epidemiological survey. Lancet Glob. Health 12, e685–e696. doi:10.1016/S2214-109X(24)00012-3
 Petersen, H. G. (1995). Accuracy and efficiency of the particle mesh Ewald method. J. Chem. Phys. 103, 3668–3679. doi:10.1063/1.470043
 Pinzi, L., and Rastelli, G. (2019). Molecular docking: shifting paradigms in drug discovery. Int. J. Mol. Sci. 20, 4331. doi:10.3390/IJMS20184331
 Pires, D. E. V., Blundell, T. L., and Ascher, D. B. (2015). pkCSM: predicting small-molecule pharmacokinetic and toxicity properties using graph-based signatures. J. Med. Chem. 58, 4066–4072. doi:10.1021/ACS.JMEDCHEM.5B00104
 Ragab, G., Elshahaly, M., and Bardin, T. (2017). Gout: an old disease in new perspective – a review. J. Adv. Res. 8, 495–511. doi:10.1016/J.JARE.2017.04.008
 Roy, K., and Pratim Roy, P. (2009). Comparative chemometric modeling of cytochrome 3A4 inhibitory activity of structurally diverse compounds using stepwise MLR, FA-MLR, PLS, GFA, G/PLS and ANN techniques. Eur. J. Med. Chem. 44, 2913–2922. doi:10.1016/J.EJMECH.2008.12.004
 Salah, T., Mhadhbi, N., Ben Ahmed, A., Hamdi, B., Krayem, N., Loukil, M., et al. (2023). Physico-chemical characterization, DFT modeling and biological activities of a new Zn (II) complex containing melamine as a template. Cryst. (Basel) 13, 746. doi:10.3390/cryst13050746
 Sato, D., Kisen, T., Kumagai, M., and Ohta, K. (2018). Synthesis, structure-activity relationships, and mechanistic studies of 5-arylazo-tropolone derivatives as novel xanthine oxidase (XO) inhibitors. Bioorg Med. Chem. 26, 536–542. doi:10.1016/J.BMC.2017.12.017
 Sinha, S., and Vohora, D. (2018). Drug discovery and development: an overview. Pharm. Med. Transl. Clin. Res. , 19–32. doi:10.1016/B978-0-12-802103-3.00002-X
 Spivak, M., Stone, J. E., Ribeiro, J., Saam, J., Freddolino, P. L., Bernardi, R. C., et al. (2023). VMD as a platform for interactive small molecule preparation and visualization in quantum and classical simulations. J. Chem. Inf. Model 63, 4664–4678. doi:10.1021/ACS.JCIM.3C00658
 Tang, H. J., Li, W., Zhou, M., Peng, L. Y., Wang, J. X., Li, J. H., et al. (2018). Design, synthesis and biological evaluation of novel xanthine oxidase inhibitors bearing a 2-arylbenzo[b]furan scaffold. Eur. J. Med. Chem. 151, 849–860. doi:10.1016/J.EJMECH.2018.01.096
 Tomberg, A. (2013). Gaussian 09w tutorial an introduction to computational chemistry using g09w and avogadro software. 
 Tsai, K. C., Chen, Y. C., Hsiao, N. W., Wang, C. L., Lin, C. L., Lee, Y. C., et al. (2010). A comparison of different electrostatic potentials on prediction accuracy in CoMFA and CoMSIA studies. Eur. J. Med. Chem. 45, 1544–1551. doi:10.1016/J.EJMECH.2009.12.063
 Varma, M. V. S., Feng, B., Obach, R. S., Troutman, M. D., Chupka, J., Miller, H. R., et al. (2009). Physicochemical determinants of human renal clearance. J. Med. Chem. 52, 4844–4852. doi:10.1021/JM900403J
 Wang, M., Wang, Y., Kong, D., Jiang, H., Wang, J., and Cheng, M. (2018). In silico exploration of aryl sulfonamide analogs as voltage-gated sodium channel 1.7 inhibitors by using 3D-QSAR, molecular docking study, and molecular dynamics simulations. Comput. Biol. Chem. 77, 214–225. doi:10.1016/J.COMPBIOLCHEM.2018.10.009
 Xu, C., Cheng, F., Chen, L., Du, Z., Li, W., Liu, G., et al. (2012). In silico prediction of chemical ames mutagenicity. J. Chem. Inf. Model 52, 2840–2847. doi:10.1021/CI300400A
 Yalkowsky, S. H., and Valvani, S. C. (1980). Solubility and partitioning I: solubility of nonelectrolytes in water. J. Pharm. Sci. 69, 912–922. doi:10.1002/JPS.2600690814
 Zanger, U. M., and Schwab, M. (2013). Cytochrome P450 enzymes in drug metabolism: regulation of gene expression, enzyme activities, and impact of genetic variation. Pharmacol. Ther. 138, 103–141. doi:10.1016/J.PHARMTHERA.2012.12.007
 Zarougui, S., Er-rajy, M., Faris, A., Imtara, H., El fadili, M., Al kamaly, O., et al. (2023). QSAR, DFT studies, docking molecular and simulation dynamic molecular of 2-styrylquinoline derivatives through their anticancer activity. J. Saudi Chem. Soc. 27, 101728. doi:10.1016/J.JSCS.2023.101728
 Zarougui, S., Er-Rajy, M., Faris, A., Imtara, H., El fadili, M., Qurtam, A. A., et al. (2024). 3D computer modeling of inhibitors targeting the MCF-7 breast cancer cell line. Front. Chem. 12, 1384832. doi:10.3389/fchem.2024.1384832
 Zhang, T. J., Zhang, Y., Zhang, Z. H., Wang, Z. R., Zhang, X., Hu, S. S., et al. (2022). Discovery of 4-(phenoxymethyl)-1H-1,2,3-triazole derivatives as novel xanthine oxidase inhibitors. Bioorg Med. Chem. Lett. 60, 128582. doi:10.1016/J.BMCL.2022.128582
 Ziegler, T. (1991). Approximate density functional theory as a practical tool in molecular energetics and dynamics. Chem. Rev. 91, 651–667. doi:10.1021/CR00005A001
Conflict of interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2025 Er-rajy, El fadili, Zarougui, Mujwar, Aloui, Zerrouk, Hammouti, Rhazi, Sabbahi, Alanazi, Azzaoui, Salghi and Elhallaoui. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/fchem-13-1518777-g013.gif
Gt

o eis






OPS/xhtml/nav.xhtml
Contents

		Cover

		Design and evaluation of novel triazole derivatives as potential anti-gout inhibitors: a comprehensive molecular modeling study		Introduction

		Methods

		Results

		Discussion

		1 Introduction

		2 Materiel and methods		2.1 The study database

		2.2 Model construction and performance analysis

		2.3 Molecular docking study

		2.4 Molecular dynamics

		2.5 ADMET proprieties

		2.6 DFT study





		3 Results and discussion		3.1 Alignments and analysis of 3D-QSAR models

		3.2 Validation of the model built

		3.3 Studies of CoMFA and CoMSIA/SEA contour diagram

		3.4 Molecular interaction analyses

		3.5 Molecular dynamics results

		3.6 Designing new molecules

		3.7 ADMET proprieties

		3.8 DFT analyses





		4 Conclusion

		Data availability statement

		Author contributions

		Funding

		Acknowledgments

		Generative AI statement

		Publisher’s note

		References









OPS/images/fchem-13-1518777-g012.gif





OPS/images/fchem-13-1518777-t002.jpg
N° of molecules pICso observed pICso predict

Residues CoMSIA/SEA Residues
1 4870 48071 48071 47569 01131
2 4675 4628 46280 46728 00022
3 4662 [ 45712 | 45712 | 46046 00574
4 4741 49405 49405 48744 01334
5 [ 4795 5.1809 | 5.1809 51255 03305
6 5654 5139 51390 52981 03559
7 5839 | 57491 | 57491 5709 0.1294
8 | 5991 59800 | 5.980 5958 0033
9 5788 [ 56251 | 56251 | 5.6454 0.1426
7 10 5955 57694 57694 57595 0.1955
1 5461 52957 52957 53384 0.1226
12 5281 5293 52930 53157 ~00347
13 5592 52434 | 52434 52645 03275
14 | 5.604 54921 | 5.4921 I 5.4656 0.1384
15 4844 5002 | 50020 52289 -0.3849
16 | 5029 53404 | 53404 5.3591 ~0.3301
17 5524 5492 | 5.4920 5.4631 0.0609
18 5674 54877 54877 54744 0.1996
19 4667 58019 | 58019 45997 0.0673
2 5382 54336 | 54336 54516 00696
21 6027 60574 60574 6.0602 00332
2 6155 63037 | 63037 63166 01616
2 5397 59297 | 59297 5.6606 02636
2 5928 60546 | 60546 57235 02045
25 [ 5445 52501 | 52501 I 52263 02187
7 2 | 5684 58185 | 58185 58024 ~0.1384

*Test sot





OPS/images/fchem-13-1518777-t001.jpg
1 H CHO }{\/\ 135 4870
L
2 H CHO /\( 2114 4675
3 H CHO ;J\/ 2178 4662
-
4 H CHO M 18.14 4741
5 H CHO }{\)\ 1603 4795
6 H CHO E 222 5654
1
7 H CHO E 145 5839
8 H CHO /\O/ 102 5991
9 H CHO 163 5788
10 H CHO j{\O/ 111 5955
: T
n H 5F ‘%\ 346 5461
12 H 5F N 524 5281
13 H 5F }LJ\ 256 5592
14 H 5F }L/\/\ 249 5.604
‘ e
15 5-F CHO /W/ 1432 4844
16 SF | CHO jg\/ 9.36 5029
T
17 5F | CHO M 299 5524
T
18 5F | CHO }{\)\ 212 5674
|
19° 5F | CHO ;{\O/ 2151 4.667
\
20 5F | CHO i 415 5382
T
2 5F | CHO o 094 6027
2 5F | CHO /\©/°\ 07 6155
23 SF | CHO 401 5397
240 5F | CHO }{\O/ 118 5928
: i
2 H CHO SN 359 5445
2 4F | CHO 5 207 5684

*Test set. R: radical. N>





OPS/images/fchem-13-1518777-g011.gif
R e~ sweanisey | Comp P
| |
| |
Howo- 5165 v Hovo-sisiey |
jae® 9 e g = 'é ﬁ-'
Pl e -

A

L@ gt






OPS/images/fchem-13-1518777-g010.gif









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Chemistry





OPS/images/fchem-13-1518777-g005.gif





OPS/images/fchem-13-1518777-g006.gif
- Higand RUSD

(¥) OSHY uRI0lg

§ Ligaad JMEDYA):






OPS/images/fchem-13-1518777-g003.gif





OPS/images/fchem-13-1518777-g004.gif





OPS/images/fchem-13-1518777-g009.gif
Ui ammmic regien Gie mnsRy) gy, Region unfuvorabic to
i srouping






OPS/images/fchem-13-1518777-g007.gif
Interactions Fraction

teractions Fraction

n

o[ 1

o I |

«f

wl B -
s

o i |

“; |m I ;

“wo:-ic.c 9 EEEEEEY
et SIS IS

8 H-bonds # Hydrophobic Wlonic M Water bridges|





OPS/images/fchem-13-1518777-g008.gif





OPS/images/inline_7.gif





OPS/images/cover.jpg
’ frontiers | Frontiers in Chemistry

Design and evaluation of novel
triazole derivatives as potential
anti-gout inhibitors: a
comprehensive molecular
modeling study





OPS/images/inline_6.gif





OPS/images/inline_8.gif
gap





OPS/images/fchem-13-1518777-g001.gif





OPS/images/fchem-13-1518777-t007.jpg
Paramete Pred 4 Pred 5
ErumoleV 2033 -2.035
EnomoleV -5.146 -5.151
EgpleV 3113 3115
Tonization energy [I = -Exomol/eV 5.146 2035
Electron Affinity [A = -Erumol/eV’ 2.033 5.151
Chemical Hardness n=(I-A)/2]/eV 1556 1557
Chemical Potential [u = -(I + A)/2]/eV -3590 -3.593
Softness of Molecule (s = 1/2 n}/eV-1 1653 0653
Electronegativity [x = I + A)/2]/eV 3.590 3593
Electrophilicity Index (w = u*/2q]/eV 4139 4143






OPS/images/fchem-13-1518777-g002.gif





OPS/images/inline_5.gif





OPS/images/inline_4.gif





OPS/images/fchem-13-1518777-t004.jpg
ID Molecules CoMFA CoMsI

1 =N, 57653 5.6494
N
o. =~
o
/Eji/
2 N 4N\ 5767 5.6577
N
o. S
o
/E;[/
3 N 4N\ 57788 5.6622
N
o. S
o
/@i/
4 N 4N\ 57899 5674
N
0. =
o)
\/(:[/
5 N 57998 5.6846
N=— \
N
0. S
0
\/(:E/
6 57851 5.664

QL™





OPS/images/fchem-13-1518777-t003.jpg
@2 R? Error NOC R? Fraction

Steric Electrostatic Acceptor

CoMFA 0.652 0.859

CoMSIA SEA 0.676 0.805 0767 . 0.082

The Cross-validated correlation coefficient, R*: The non-validated correlation coefficient, NOC: the op incipal components, SEE: Standard estimation of error.





OPS/images/fchem-13-1518777-t006.jpg
Compounds Absorptions Distributions Metabolisms Excretion Toxicity
Water Intestinal VDss BBB CNs Substrate Inhibitor Total Clearance  AMES toxicity
solubility absorption
CYP450

2D6 3A4 1A2 2C19 2C9

Numeric (log  Numeric (% Numeric Numeric Numeric Categorical (Yes/No) Numeric (Log  Categorical
mol/L) absorbed) (Log L/kg) (Log BB) (Log PS) mL/min/kg) (Yes/No)






OPS/images/fchem-13-1518777-t005.jpg
Structure names Oral bioavailability

Rule of lipinski

LogP N-RB  TPSA N° H-Ac N° H-Don
N8 e 32335 2.726 7 66.24 6 0
ruex s7e
!
msar PoLAR
oLy
N'22 upo 34134 286 7 66.24 6 0
REex size
ATy PoLAR
soLy
Pred 5 upo 44560 | 6.183 n 57.01 5 0
FLex size
sATY PoLAR
wsowu
Pred 4 uro. 37748 | 4622 10 5701 0
FLex size
sATY PoLAR
wsoty

MW: molecular weights, N-RB: number of rotation bonds, N* H-Ac and N H-Don: number of hydrogens bond acceptors and donors, TPSA: topological polar surface area, Log P: partition

Baabikatacs






