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Abstract: Inflammation is a biological process implicated in numerous chronic diseases, such as 

rheumatoid arthritis, psoriasis, and inflammatory bowel disease. Dysregulated inflammatory signaling 

is primarily mediated by Tumor Necrosis Factor-alpha (TNF-α), which is identified as a major 

contributor to the progression of these conditions. This present work aims to discover a potential anti-

inflammatory agent using structural and ligand-based in silico approaches. A set of 144 substituted 2-

aminothiazole derivatives was designed by substituting the R1 and R2 positions to optimize their anti-

inflammatory potential. Using ligand-based pharmacophore modeling followed by 3D-QSAR, 55 active 

compounds were selected based on predicted IC50 values. Subsequent ADMET analysis confirmed that 

the drug-likeness properties of 30 compounds were substantial, and they were subjected to molecular 

docking against the TNF-α protein (PDB ID: 2AZ5) alongside the standard drug meloxicam. Docking 

frrrrrrrresults exhibited a strong binding score for several derivatives, among them compound-8b (2-

((4-hydroxyphenyl)amino)-5-(7-methylbenzo[d][1,3]dioxol-5-yl)-5,6-dihydrobenzo[d]thiazol-7(4H)-

one) emerged as the lead candidate with a significant binding score compared to the standard drug. 

Additionally, molecular dynamics (MD) simulation results for compound-8b demonstrated superior 

stability and pharmacokinetic profiles compared to the standard drug, highlighting its potential to 

efficiently block TNF-α-mediated inflammatory pathways and to evaluate its efficacy as an anti-

inflammatory agent. 

Keywords: inflammation; thiazole derivatives; in silico; TNF-α; molecular docking and MD 

simulation. 
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1. Introduction 

Thiazole, a five-membered heterocyclic compound comprising nitrogen and sulfur 

atoms, serves as a pivotal scaffold in medicinal chemistry due to its extensive pharmacological 

profile [1]. It has emerged as a promising candidate in many fields, including research on 

antifungal, anti-inflammatory, antibacterial, antioxidant, anticonvulsant, antiallergic, 

herbicidal, anti-HIV, antidiabetic, anticancer, and insecticidal agents [2]. Also, thiazole 

derivatives are powerful medicines against a variety of malignancies due to their ability to alter 

multiple biological pathways (receptors) [3,4]. The various modes of action, such as altering 

gene expression and interfering with cellular signaling networks, also highlight its potential for 
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therapeutic use [5]. Additionally, new thiazole compounds with enhanced potency and 

selectivity have been synthesized using advancements in synthetic organic chemistry, paving 

the way for the development of different types of therapies [6].  

Due to numerous environmental factors, aging populations, and changes in lifestyle, 

the prevalence of diseases associated with inflammation has increased dramatically worldwide 

[7]. Chronic inflammatory illnesses are thought to be responsible for over 50% of fatalities 

globally, which highlights their significant influence on public health [8]. Inflammation is a 

complex and carefully regulated biological process that forms part of the innate immune 

response, which acts as the body's primary defense against harmful stimuli such as poisons, 

infections, and damaged cells. It is characterized by redness, swelling, heat, pain, and loss of 

function, which collectively aim to eliminate the causative agent, clear damaged tissues, and 

promote healing. This process includes the release of inflammatory mediators, the activation 

and modulation of immune cells, and the modulation of vascular responses [9]. While acute 

inflammation is protective and resolves once the threat is neutralized, chronic or dysregulated 

inflammation can lead to tissue damage and the emergence of various diseases like rheumatoid 

arthritis, cardiovascular diseases, diabetes, neurodegenerative disorders (e.g., Alzheimer's and 

Parkinson's), cancer, and autoimmune conditions such as lupus and multiple sclerosis [10]. 

Among them, inflammation is orchestrated through complex signaling pathways that regulate 

immune responses and mediate inflammatory processes. Key pathways include NF-κB and 

MAPK, which stimulate the production of pro-inflammatory cytokines such as TNF-α, IL-1, 

and IL-6, mainly in response to microbial infection or stress in humans [11]. One of them is 

Tumor Necrosis Factor-alpha (TNF-α), which plays a crucial part. TNF-α, primarily produced 

by macrophages and T-cells, binds to two receptors, TNFR1 and TNFR2, initiating distinct 

signaling pathways. TNFR1, expressed ubiquitously, mediates inflammatory responses, cell 

survival, and apoptosis by activating the NF-κB and MAPK pathways, which control the 

production of cytokines that promote inflammation, adhesion molecules, and enzymes such as 

COX-2. TNFR2, predominantly found on immune and endothelial cells, supports cell 

proliferation and tissue repair [12,13]. TNF-α promotes inflammation through mechanisms 

such as vasodilation and edema formation via nitric oxide and prostaglandins, leukocyte 

adhesion via upregulation of ICAM-1 and VCAM-1, and stress induced by reactive oxygen 

species (ROS). Additionally, TNF-α links inflammation to coagulation by enhancing tissue 

factor expression and suppressing fibrinolysis, while acting as a pyrogen to induce fever 

through prostaglandin synthesis in the hypothalamus [14]. Dysregulated TNF-α signaling 

contributes to chronic inflammation and underlies rheumatoid arthritis and other conditions, 

such as inflammatory bowel disease and psoriasis. It is also implicated in inflammation-driven 

carcinogenesis, promoting angiogenesis, tumor growth, and metastasis [15]. Anti-TNF 

therapies, such as meloxicam and adalimumab, have revolutionized the treatment of 

autoimmune and inflammatory diseases by effectively modulating TNF-α activity, highlighting 

its critical role in pathological inflammation and therapeutic interventions [16]. In contrast, the 

FDA has approved many synthetic drugs, especially for anti-inflammatory treatments, such as 

Methotrexate, Tofacitinib, Baricitinib, Apremilast, Leflunomide, Celecoxib, and Meloxicam 

(Figure 1a), and so on [17].  

Our interest is in discovering a novel substituted 2-aminothiazole, which resulted in 

anti-inflammatory activity and led us to the design of 5-(benzo[1,3]-dioxol-5-yl)-2-

(phenylamino)-5,6-dihydrobenzo-thiazol-7(4H)-one (Figure 1b) derivatives [18]. In this 

present research, we have designed and created 144 5-(benzo[1,3]-dioxol-5-yl)-2-
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(phenylamino)-5,6-dihydrobenzo-thiazol-7(4H)-one derivatives to validate them as anti-

inflammatory agents, also to evaluate their potential as anti-inflammatory agents, and to 

discover a lead compound to inhibit pro-inflammatory cytokines TNF-α. The development and 

design of 2-aminothiazole derivatives aim to enhance biological activity and maintain the 

molecules' efficacy. Halides, nitro, hydroxyl, methoxy, amino, methyl, and carboxylic acid 

groups were introduced at the R1 position, and the same substituent systems were substituted 

at the R2 position, which resulted in a possible way in the formation of 144 pharmacophore 

models (Table 1) [19]. The hydrophobic character was anticipated to grow as a result of these 

alterations. Additionally, using 3D QSAR analyses, we identified a potentially effective 

pharmacophore for the corresponding biological activity. Using computational tools such as 

ADMET analysis, Molecular docking, and MD simulation, the lead candidate was identified 

and assessed [20]. 

 

 

(a) (b) 

Figure 1. (a) Some of the FDA-approved drugs for inflammatory treatment; (b) 5-(benzo[1,3]-dioxol-5-yl)-2-

(phenylamino)-5,6-dihydrobenzo-thiazol-7(4H)-one. 

2. Materials and Methods 

2.1. Network analysis and pass online target prediction. 

The biological activity of 2-aminothiazole derivatives was forecasted using the 

Prediction of Activity Spectra for Substances (PASS) online tool 

(http://www.way2drug.com/PASSOnline/). The 2-aminothiazole derivatives were submitted in 

the form of canonical SMILES, and the probability of activity (Pa) and inactivity (Pi) for each 

compound across different biological targets was calculated. The obtained result showed that 

the highest probability of activity (Pi) is for the Anaphylatoxin receptor antagonist, with a score 

of 0.812, which is related to inflammatory conditions and immune system dysregulation [21]. 

2.2. Obtaining the target for the 2-aminothiazole compound and inflammation. 

To identify potential target proteins for the compound (i.e., 2-aminothiazole), we used 

several target prediction databases, including Swiss target prediction, SuperPred 

(http://prediction.charite.de/), and Targetnet (http://targetnet.scbdd.com/) [22]. These 

databases facilitate the prediction of proteins that are associated with the compound, in the 

form of UniProt IDs. Then, for the disease target prediction (i.e., inflammation-related 
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proteins), we utilized two comprehensive databases: Genecards (https://www.genecards.org/) 

[23] and Uniprot (https://www.uniprot.org/). These databases helped in the collection of 

inflammation-related proteins in the form of UniProt IDs [24,25]. To refine our analysis, we 

identified overlapping proteins that were both targeted by the 2-aminothiazole compound and 

associated with inflammation. This was achieved by employing Venny 2.1 

(https://bioinfogp.cnb.csic.es/tools/venny/) [26], a web-based tool for generating Venn 

diagrams, which helps to extract the common proteins from both the data sets.  

2.3. Construction of PPI network and Identification of hub proteins. 

The most common proteins were identified using Venny 2.1, which were both targeted 

by the 2-aminothiazole compound and associated with inflammation, and were imported into 

Cytoscape (version 3.10.2), where the STRING database plugin was used to construct the PPI 

Network [27]. The resulting PPI network was visualized and analyzed. The core targets within 

the PPI network were identified using the CytoHubba plugin, and the top 10 targets were 

independently selected based on the 4 scoring methods: MNC, MCC, Degree, and Closeness 

[28]. The intersection of these 4 scores was selected for further refinement and analysis. 

2.4. KEGG pathway analysis.  

To begin with, the top 10 intersecting proteins identified employing Cytohubba were 

converted into Entrez IDs to eliminate errors caused by capitalization or abbreviations in target 

names. Then the resulting Entrez IDs were examined using the DAVID tool (DAVID 

Functional Annotation Tools) [29]. Subsequently, KEGG pathway analysis was performed to 

assess the involvement of the top 10 proteins in pathways related to inflammation. Furthermore, 

the proteins involved in inflammation were examined to elucidate their specific roles within 

the inflammatory pathways, thereby clarifying their potential impact on inflammation and their 

relevance as therapeutic targets. 

2.5. Pharmacophore and 3D-QSAR (3D-quantitative structure-activity relationships) study. 

When the macromolecular target structure is unavailable, a ligand-based 

pharmacophore model serves as a vital computational tool for advancing drug discovery. 

Various techniques, such as energy- or geometry-based methods, can be used to analyze 

proteins to identify potential compounds that interact with active sites. Following 

identification, these active sites were transformed into pharmacophore features [30]. Structure-

based pharmacophore modeling involves incorporating selected features into a pharmacophore 

model by evaluating the chemical properties of the active site and their spatial relationships 

[31]. 

Pharmacophore modeling was carried out employing Schrödinger's phase 3.0 module, 

an important drug design suite [32]. This phase provided 6 inherent pharmacophore features: 

hydrogen bond donor (D), hydrogen bond acceptor(A), hydrophobic group (H), negatively 

ionizable (N), positively ionizable (p), and an aromatic ring (R). Compounds were minimized 

utilizing an optimal method that converged on the gradient to refine their conformation. 

Subsequently, flexible compound alignment was applied, which resulted in combinations that 

demonstrated optimal alignment and compatibility with each active compound [33]. These 

compounds were then screened against four different model features during the validation 

phase and filtered based on their fitness scores and compound alignment. The highest-scoring 
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pharmacophore hypothesis, designated ADHRR_1, was selected as the basis for a 3D-QSAR 

model via substituent modification. In contrast to pharmacophore models, the QSAR model 

considers the entire molecular structure of the compound to precisely analyze the correlation 

between the compound’s structure and activity, known as the structure-activity relationship 

(SAR). This relationship is demonstrated in a conventional QSAR model by representing the 

compound with van der Waals spheres. Ultimately, a grid interval of 1Å and four PLS factors, 

which were generated, were utilized to create the QSAR model [34]. 

2.6. ADMET studies. 

The compounds' pharmacokinetic and drug-likeness characteristics were evaluated 

using two standard computational web-based platforms, pkCSM and SwissADME, to obtain 

parameters for the Absorption, Distribution, Metabolism, Excretion, and Toxicity (ADMET) 

[35]. These platforms are essential and time-efficient tools in the drug research and 

development process, including major parameters in the synthesized compounds, such as 

toxicity prediction, and also provide insights into drug-likeness parameters, such as the Boiled-

Egg model and the Bioavailability Radar, which offer visual and graphical representations of 

the compound’s pharmacokinetic profiles. Also, the five rules of drug-likeness properties, such 

as Lipinski, Ghose, Veber, Egan, and Muegge, were analyzed for all the compounds. The 

SMILES (Simplified Molecular Input Line Entry System) strings were created after the 

chemical structures of the compounds were first sketched using ChemDraw Professional 16.0. 

The generated SMILES notations were subsequently entered into the pkCSM and SwissADME 

web tools to obtain pharmacokinetic properties [36]. 

2.7. Molecular docking studies. 

2.7.1. Ligand preparation. 

Molecular docking studies were performed by employing Auto-dock vina and MGL 

tools version 1.5.6 to figure out the Binding energy and favorable binding positions of the 

protein ligand complex. The compound’s structures were initially created with ChemDraw 

Professional 16.0 software, and these chemical structures were modified into 3D models 

utilizing the Chem 3D 16.0 software tool, which were then saved in PDB format. Auto-Dock 

tools version 4.2.6 was used to optimize ligand conformations, which were subsequently 

converted from PDB to PDBQT format for further analysis.  

2.7.2. Protein preparation. 

The Protein Data Bank (www.rcsb.org) provided the PDB file with respect to the crystal 

structure of TNF-α (PDB ID: 2AZ5) [37], a homo-tetramer generated from Homo sapiens. The 

Biovia Discovery Studio 2019 visualizer was then used to carefully remove solvent molecules 

and other compounds bound to the protein to generate this protein. Subsequently, nonpolar 

hydrogen atoms were added to the protein with the help of the AutoDock tool. Finally, the 

protein’s structure was saved in PDBQT format, the preferred input file format for the 

AutoDock vina application during docking [38,39].  
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2.7.3. Grid Box generation and virtual screening.  

The prepared protein and ligand were docked into the protein's active site employing 

auto dock vina to assess binding energy, with results reported in kcal/mol [40]. A grid box was 

constructed to enclose the active site with dimensions of (x=40, y=40, z=40), and its center was 

positioned at (x=-13.87, y=71.43, z=26.90) to cover the protein's active site accurately. Virtual 

molecular docking and subsequent analyses were done by using Autodock Vina 1.5.6 version. 

Each ligand was docked into the defined active site, and the interactions between the protein 

and ligand were analyzed using the Biovia Discovery Studio 2019 visualizer [41]. Compounds 

exhibiting good binding score, indicated by the most negative binding energy values, show the 

most efficient interactions, which were determined, isolated, and chosen for further 

investigation. 

2.8. MD (molecular dynamics) simulation. 

Molecular dynamic simulation was carried out at 100 ns intervals using the Schrödinger 

Desmond 2020-2 package to assess the stability, dynamic behavior, and binding free energy of 

the protein-ligand complex. The system was prepared using a cubic box containing TIP3P 

water molecules modeled by the OPLS3 force field. To ensure the system's neutrality, Na+ ions 

and salt atoms were introduced. Then the compound undergoes energy minimization through 

a threshold of kcal/mol Å and proceeds through a 2ns equilibrium phase under the NPT 

ensemble. This was followed by 20 ns of MD simulation, carried out with a Nose-Hoover 

thermostat set to 300K and a Marilyn-Tobias barostat operating at 1 bar pressure [42]. The 

results of MD simulation, including Root mean square deviation (RMSD), Root mean square 

fluctuation (RMSF), energy potential, and protein-ligand interactions. Considering all these 

results, we evaluated the complex's stability and flexibility [43]. 

2.9. MM-GBSA (molecular mechanics-generalized born surface area). 

The binding free energy (ΔG) of the protein-ligand complex was estimated using the 

MM-GBSA technique. MM-GBSA is widely used for its higher accuracy compared to other 

scoring functions, as it leverages MD simulation analysis of the protein-ligand complex to 

capture the dynamic nature of molecular interactions within the complex. This approach allows 

determination of both the energy of the protein-ligand binding complex and that of an isolated 

compound. The binding free energy calculations were carried out employing the Desmond 

package's Prime MM-GBSA module, part of the Schrödinger 2020-2 suite. The MM-GBSA 

methodology was applied in the MD simulation trajectory, which provided a detailed and 

accurate assessment of the energetic contributions governing the receptor-compound binding 

stability [44].  

3. Results and Discussion 

3.1. Network analysis. 

In the first phase of the network analysis, Way2Drug’s PASS online web-based tool 

was employed to predict the biological activities of 2-aminothiazole derivatives. This analysis 

helped in the identification of the unknown protein, which is associated with inflammation. To 

identify potential receptors inhibited by the selected ligand and linked to inflammation, 

comprehensive database searches were conducted, revealing 2,410 inflammation-related 
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proteins and 716 proteins that could be targeted by the 2-aminothiazole derivatives. Employing 

Venny software, 285 overlapping proteins were identified as both targets of the 2-

aminothiazole compound and associated with inflammation (Figure 2). These overlapping 

proteins were subsequently imported into the Cytoscape software tool for Protein-Protein 

Interaction (PPI) network analysis (Figure 3). The constructed PPI network comprised 284 

nodes, 5440 edges, and an average of 38.310 neighbors, providing a comprehensive overview 

of interactions among the identified proteins [45]. 

 
Figure 2. Venny representation of overlapping proteins of the 2-aminothiazole, which are associated with 

inflammation. 

 

Figure 3. Protein-protein interaction networks of 285 overlapped proteins. 

To identify the core components of the PPI network, the CytoHubba plugin in 

Cytoscape was employed, applying four independent scoring methods: Maximum 

Neighborhood Component (MNC), Maximal Clique Centrality (MCC), Degree, and Closeness. 

From this analysis, the top 10 proteins were identified based on their centrality and importance 

within the network (Figure 4). The intersection of the top 10 proteins derived from the four 

scoring methods was then subjected to KEGG pathway analysis to identify their involvement 

in critical biological pathways. Following the identification of 10 proteins through Cytoscape 

analysis and their subsequent evaluation via KEGG pathway analysis, five proteins, AKT1, 

PTGS2, TNF, MMP9, and BCL2, were found to be significantly involved in three key 
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inflammatory pathways: the TNF signaling pathway, IL-17 signaling pathway, and NF-κB 

signaling pathway (Figure 5).  

  

(a) (b) 

  

(c) (d) 

Figure 4. PPI interaction visuals of proteins screened by four algorithms (a) MCC; (b) MNC; (c) Degree; (d) 

Closeness. 

 

(a) 
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(b) 

(c) 

Figure 5. KEGG enrichment diagram of Inflammatory Pathways pathway (a) IL-17 signaling pathway; (b) NF-

κB signaling pathway; (c) TNF signaling pathway. 

A detailed literature review of these proteins' roles in inflammation identified Tumor 

Necrosis Factor-alpha (TNF-α) as the most promising therapeutic target. TNF-α plays a central 

role in regulating inflammatory responses by modulating critical signaling pathways, such as 

NF-κB and MAPK [46], and activating downstream effectors, including protein kinase B 
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(AKT1) and cyclooxygenase-2 (COX-2, PTGS2), both of which are pivotal in driving 

inflammation [47]. TNF-α is an excellent therapeutic target because of its upstream position in 

the inflammatory pathway; inhibiting it can simultaneously block multiple downstream 

pathways, offering broad-spectrum control over inflammation. Likewise, chronic 

inflammatory diseases such as Crohn's disease, psoriasis, and rheumatoid arthritis are directly 

linked to TNF-α, underscoring its clinical relevance and validation as a therapeutic target 

[48,49]. In comparison, other highlighted proteins, such as AKT1, PTGS2, MMP9, and BCL2, 

mainly played downstream or supporting roles in inflammatory pathways [50]. These findings 

highlight TNF-α as the most promising target for therapeutic strategies against inflammation, 

compared with other pathway-associated proteins. 

3.2. Pharmacophore modeling and 3D-QSAR. 

In this research work, pharmacophore modeling was performed using the standard 

FDA-approved drug meloxicam, along with 144 sets of 2-aminothiazole compounds that have 

the same core molecule with different substituents, along with structural optimization focused 

on modifying two distinct regions R1 and R2 of the core pharmacophore Figure 6, resulting in 

the generation of 144 pharmacophore models. Among them, ADHRR_1 was found to be the 

most promising one with a maximum survival score of 6.798. To further assess the 

pharmacophore modeling, we evaluate and record all compounds' fitness, survival, volume, 

and vector scores, which are mentioned in Table S1. The ADHRR_1 pharmacophore 

hypothesis, along with pharmacophore modeling results used to guide ligand design in this 

study, is shown in Figure 7. Figure 7a shows meloxicam, the standard drug, highlighting key 

features such as hydrogen bond acceptors, donors, and hydrophobic groups essential for TNF-

α inhibition. Based on these features, a pharmacophore hypothesis was developed (Figure 7b) 

that captures the critical interaction points required for biological activity. Figure 7c shows 

active 2-aminothiazole derivatives that align with the hypothesis, with good preservation of 

essential features. This suggests that the designed compounds mimic meloxicam's binding 

characteristics, supporting their potential efficacy as TNF-α inhibitors. 

The 3D-QSAR analysis was initiated by selecting all 95 active molecules from the 

ADHRR_1 pharmacophore hypothesis. Based on this hypothesis, a 3D-QSAR model based on 

atoms was created. The experimental data set for Anti-inflammatory drugs was randomly 

partitioned by the software’s 70 percent split method based on 4 PLS factors into a 67-

compound training set and a 28-compound test set (Table S2). According to the statistical data 

in Table 2, PLS factor 4 is the best model configuration, as it performs better than the other 3 

and shows a stronger fit between predicted and observed biological activities, with an R2 value 

of 0.8811. Similarly, the model is very important, as shown by the F-statistic of 114.9 at factor 

4, and the RMSE value of 0.01 suggests that the predictions of the models are consistent.  

Leave-one-out (LOO) cross-validation on the training set yielded a prediction 

correlation coefficient (Q2) of 0.66 for anti-inflammatory activity, the highest among the four 

factors, indicating strong predictive power and stability of the model trained on ADHRR_1. 

Moreover, a low standard deviation (SD) of 0.006 indicates that the data is suitable for future 

exploration [51]. As shown in Table 2, a higher F value of 114.9 and a lower P value of 6.06 × 

10^-28 emphasize the model's stability and significance, supporting the ADHRR_1 

pharmacophore hypothesis. Additionally, Figure 8 presents a linear graph comparing the real 

activity versus the projected activity of both the training and test sets (Figure 8a), the training 
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set (Figure 8b), and the test set (Figure 8c), providing a clear visualization of the model's 

predictive accuracy.  

Table 1. Modified substituents for the compound.  

Compound. 

No 

Substituent 

Type (R1) 

Compound group and 

substituent type (R2) 

Compound. 

No 

Substituent 

Type (R1) 

Compound group and 

substituent type (R2) 

1 
-H 

(Hydrogen) 
a (-H) 7 -NO2 (Nitro) g (-NO2) 

2 -CH3 (Methyl) b (-CH3) 8 -OH (Hydroxy) h (-OH) 

3 -Cl (Chloro) c (-Cl) 9 
-OCH3 

(Methoxy) 
i (-OCH3) 

4 -Br (Bromo) d (-Br) 10 -NH2 (Amino) j (-NH2) 

5 -I (Iodo) e (-I) 11 
-OC2H5 

(Ethoxy) 
k (-OC2H5) 

6 -F (Fluro) f (-F) 12 
-COOH 

(Carboxy) 
l (-COOH) 

 

Figure 6  General structure of 5-(benzo[1,3]-dioxol-5-yl)-2-(phenylamino)-5,6-dihydrobenzo-thiazol-

7(4H)-one, highlighting variable terminal positions for structure-activity relationship (SAR) optimizations, 

where R1 and R2 represent aromatic ring-substitutions. 

  

(a) (b) 

 

(c) 

Figure 7. Pharmacophore model (a) Standard drug (Meloxicam); (b) Hypothesis developed from standard 

drug; (c) Active ligands overlapped with hypothesis. 
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(a) (b) (c) 

Figure 8. Regression plot for predicted activity values for (a) Both training and test set; (b) Training set; 

(c) Test set. 

Table 2. Statistical values of the generated 3D-QSAR model of active compounds. 

PLS 

Factors 
SD R2 R2CV 

R2 

Scramble 
Stability F P RMSE Q2 Person-r 

1 0.0117 0.5532 0.4491 0.1570 0.978 80.5 5.56e-13 0.01 0.3017 0.5674 

2 0.0098 0.6922 0.5658 0.2229 0.974 72 4.19e-17 0.01 0.4487 0.6894 

3 0.0071 0.8428 0.7292 0.2500 0.968 112.6 2.9e-25 0.01 0.5566 0.7640 

4 0.0062 0.8811 0.7967 0.2650 0.979 114.9 6.06e-28 0.01 0.6671 0.8197 

 

  

(a) (b) 

  

(c) (d) 

 
(e) 

Figure 9. Representation of ligand-based 3D QSAR (a) Gaussian-Steric; (b) Gaussian-Hydrophobic; 

 (c) Gaussian-H-bond donor; (d) Gaussian-Electrostatic; (e) Gaussian-H-bond acceptor. 

The 3D-QSAR analysis offers valuable insights into the relationship between molecular 

structure and biological activity, serving as a robust framework for future research [52]. The 

visual representation of the constructed 3D-QSAR model is illustrated in Figure 9, five distinct 
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Gaussian field contour maps, Steric (Figure 9a), Hydrophobic (Figure 9b), H-bond donor 

(Figure 9c), Electrostatic (Figure 9d), and H-bond acceptor (Figure 9e), identify the critical 

structural features driving target interaction. The statistical validation metrics and predictive 

parameters derived from these 3D-QSAR fields are summarized in Table 1. 

3.3. ADMET analysis. 

ADMET and drug-likeness analyses were performed for 55 lead compounds with 

pIC50 values greater than 7.46, obtained from 3D QSAR data, to determine whether the 

compounds comply with the 5 drug-likeness properties (Lipinski, Ghose, Veber, Egan, and 

Muegge) and their pharmacokinetic properties. These criterions concludes whether the 

compound can administer orally, which includes; i) Lipinski [Molecular weight is ≤ 500 Da,( 

Approximately 1g/mol), Partition coefficient (log P) ≤ 5, maximum number of hydrogen bond 

donors-5, maximum number of hydrogen bond acceptors-10, ii) Ghose [Molecular weight 

between 160–480 Da, Log P (octanol-water partition coefficient) ranging from -0.4 to 5.6, The 

total number of atoms ranging from 20-70], iii) Veber [rotatable bonds ≤ 10, polar surface area 

(PSA) ≤ 140 Å²],  iv) Egan [log P ≤ 5.88 and polar surface ≤ 131 Å² (used to predict 

compound’s absorption and permeability)], and v) Muegge[Partition coefficient (log P) ≤ 5, 

maximum number of hydrogen bond donors-5, number of nitrogen and oxygen atoms between 

1 and 9]. Swiss ADME, which was employed to evaluate these 5 rules, is shown in Table S3 

in the supplementary information. These rules were accompanied by some of the compounds; 

others violated the rules, and the compounds with more than 2 violations were eliminated, 

leaving the remaining compounds.  

The pkCSM web application was used to evaluate the toxicological and 

pharmacokinetic characteristics of 55 selected compounds from 3D QSAR data, which were 

examined for their ADMET (Absorption, Distribution, Metabolism, Excretion, and Toxicity) 

parameters, as shown in Table S4 in the supplementary information. Among these 55 

compounds, 2a, 1f, 1e, 1j, 1a, 2d, 6f, 2h, 2b, 6j, 6a, 1c, 1d, 5a, 1h, 1b, 6c, 3f, 6h, 6c, 8f, 4a, 8j, 

8a, 8c, 8h, 3b, 4b, 8d, and 8b were chosen on the basis of their important intestinal absorption 

rates such as high water solubility(>90%), and ideal Caco-2 permeability (log Papp >1.3), 

which signified their effective absorption and decreased outflow potential, these compounds 

demonstrated lower skin permeability and a positive interaction with P-glycoprotein. 

Distribution parameter, which indicates their fraction unbound (Fu) and volume of distribution 

(VDss) values; indicated appropriate distribution properties (log VDss > -0.253). This also 

showed possible blood-brain barrier (BBB) permeability (> 0.027) for the compounds to act 

on the central nervous system (CNS). Furthermore, these compounds' metabolic profiles 

demonstrated interactions with key CYP enzymes (2D6, 3A4, 1A2, 2C19, 2C9) without 

exhibiting significant inhibitory activity, ensuring their compatibility with metabolic pathways. 

Additionally, the toxicity profiles, including AMES testing, hERG inhibition experiments, and 

hepatotoxicity predictions, demonstrated that these compounds had low renal OCT2 substrate 

activity. Excretion parameter exhibited appropriate overall clearance rates and non-toxic 

profiles. Furthermore, their safety was confirmed by oral acute and chronic toxicity parameters, 

which showed encouraging LD50 values and chronic exposure tolerance. Considering all of 

these findings, 30 compounds were selected as good candidates and demonstrated better 

ADMET characteristics, as shown in the supplementary paper (Table S3), and their positive 

parameters were supported by thorough pharmacokinetic and toxicological analyses. Likewise, 

drug-likeness requirements described by the 5 frameworks, Lipinski, Ghose, Veber, Egan, and 
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Muegge rules, which are demonstrated in Table S4, were also examined to choose these 

compounds, in which the compounds with few or no violations were given priority and chosen 

for further molecular docking investigations to obtain an ultimate lead compound. While in 

silico ADMET predictions offer valuable preliminary insights, they require experimental 

validation due to inherent predictive limitations. 

3.4. Molecular docking studies. 

Molecular docking studies were conducted to identify a potential lead candidate for 

TNF-α inhibition. This was performed to examine the binding scores of a set of 30 drug-like 

candidates selected from ADMET and Drug-likeness analyses with the TNF-α pathway-

associated protein (PDB ID: 2AZ5), as shown in Table 3, along with predicted activity pIC50. 

The soluble version of TNF-α protein, a homo-tetramer generated from Homo sapiens, was 

selected for these investigations based on its X-ray crystal structure. The 148 amino acids in 

each chain of this protein structure, are produced in Escherichia coli BL21(DE3). The findings 

of this research are specific to the selected class of chemicals. The incorporation of a small-

molecule compound into the 2AZ5 structure provided important insights into potential 

therapeutic mechanisms of TNF-α inhibition, underscoring its relevance to inflammatory 

disease research and therapeutic applications. Among these 30 compounds, 8b exhibited 

substantial binding energy with the TNF-α protein, with a binding score of -9.3 kcal/mol, which 

was greater than that of the FDA-approved standard inflammation drug meloxicam, with a 

binding score of --7.6 kcal/mol.  

Overall, these results showed that 8b had the highest binding energy, making it a more 

promising TNF-α inhibitor than the other compounds examined. The interaction between 8b 

and the standard drug with TNF-α protein was also examined in detail. This resulted in the 

discovery of many amino acids(residues) that are essential for their interaction with the 

compounds. The molecular interaction analysis of 8b and the standard drug meloxicam with 

the target protein (2AZ5) highlights notable differences in their binding profiles and potential 

inhibitory efficacies. This study indicates that 8b has a higher potential to inhibit TNF-α protein 

(2AZ5) than the standard drug meloxicam. 8b formed hydrogen bonds with SER B:60 and LEU 

B:120 at distances of 2.41Å and 1.80Å, respectively, and established hydrophobic interactions 

and π-π stacking with TYR A:59, TYR A:151, and HIS A:15, with interaction lengths of 3.90Å, 

4.15Å and 4.23Å respectively. These interactions collectively stabilize compound 8b inside the 

active site of the protein. Conversely, meloxicam displayed hydrogen bonding with TYR 

B:151, LEU B:120, and GLY B:121, with bond distances of 2.56Å, 3.52Å, and 2.73Å, 

respectively. And π-π stacking interactions with TYR B:59 and TYR B:119 at distances of 

4.32Å and 3.91Å respectively. Additionally, meloxicam exhibited hydrophobic interactions 

with LEU B:57, contributing to its stable anchoring within the active site. While both 

compounds showed complementary hydrogen bonding and hydrophobic interactions, 8b 

demonstrated superior binding characteristics, suggesting it as a more potent candidate for 

TNF-α inhibition. In contrast, meloxicam is a dependable reference molecule for additional 

therapeutic research. The binding mode of ligand-8b and meloxicam within the active site of 

TNF-α (PDB ID: 2AZ5) are shown in Figures 10 amd 11. The 3D (a) and 2D (b) representations 

detail the precise spatial placement and specific stabilizing interactions with key amino acid 

residues. Electronic and structural complementarity are further demonstrated by the 

interpolated charge (c) and aromatic (d) surface representations. These findings clarify the 

structural prerequisites for efficient compound-8b binding to TNF-α, as shown in Table 4. 
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Redocking of the co-crystallized ligand from the TNF-α protein structure (PDB ID: 2AZ5) 

using the same protocol employed was done, and the docking score for the co-crystalized ligand 

with protein was found to be -8.0kcal/mol. Furthermore, the RMSD between the redocked pose 

and the original crystallographic pose was found to be within the acceptable threshold of ≤2 Å, 

confirming the validity and precision of our docking methodology. RMSD profile of the co-

crystalized ligand is demonstrated in the supplementary paper Figure S1. 

Table 3. Lead Compounds selected after ADMET analysis with 3D-QSAR model’s predicted activity (pIC50) 

and their Binding Score.  

Compounds Structures 
Predicted activity (pIC50) Binding score 

(kcal/mol) PLS factor-4 

2a 

 

7.46737 -8.8 

1f 

 

7.46987 -9.3 

1e 

 

7.47539 -9.1 

1j 

 

7.47122 -9.0 

1a 

 

7.47201 -9.1 

2d 

 

7.47232 -8.5 

6f 

 

7.47282 -9.0 

2h 

 

7.47324 -8.6 

2b 

 

7.4734 -8.7 

6j 

 

7.47416 -8.7 
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Compounds Structures 
Predicted activity (pIC50) Binding score 

(kcal/mol) PLS factor-4 

6a 

 

7.47496 -8.9 

1c 

 

7.47509 -9.3 

1d 

 

7.47689 -9.2 

5a 

 

7.47757 -8.7 

1h 

 

7.47771 -9.0 

1b 

 

7.4779 -9.0 

6c 

 

7.47803 -9.0 

3f 

 

7.47992 -8.6 

6h 

 

7.48066 -8.6 

6b 

 

7.48079 -9.3 

8f 

 

7.48197 -9.3 

4a 

 

7.48261 -8.7 
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Compounds Structures 
Predicted activity (pIC50) Binding score 

(kcal/mol) PLS factor-4 

8j 

 

7.48379 -8.5 

8a 

 

7.48412 -9.2 

8c 

 

7.48717 -9.2 

8h 

 

7.49023 -8.9 

3b 

 

7.48791 -8.6 

4b 

 

7.48847 -8.6 

8d 

 

7.48899 -9.1 

8b 

 

7.49053 -9.3 

Standard drug 

(Meloxicam) 

 

7.5741 -7.6 

Table 4. Interaction of compound 8b with the active site residue of TNF-α protein PDB (ID: 2AZ5). 

Protein 

(PDB ID) 
Compound 

Protein 

(amino acids) 

Compound 

Atoms 
Interaction type Distance(Å) 

Binding score 

(kcal/mol) 

2AZ5 

8b 

LEU:120 
Oxygen 

Conventional H-

bond 

1.80 

-9.3 

SER:60 2.41 

TYR:59 π-Aromatic π-π-Stacked 3.90 

TYR:151 Hydrogen π-Alkyl 4.15 

HIS:15 Hydrogen π-Alkyl 4.23 

Standard 

drug 

(Meloxicam) 

TYR:151 Oxygen 
Conventional H-

bond 
2.56 

-7.6 

LEU:120 Nitrogen 
 Carbon 

Hydrogen Bond 
2.73 

GYL:121 Oxygen 
Conventional H-

bond 
3.52 

TYR:119 π-Aromatic π-π-Stacked 3.91 

TYR:59 π-Aromatic π-π-Stacked 4.32 

LEU:57 π-Aromatic Pi-Alkyl 5.40 
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(a) (b)

(c) (d) 

Figure 10. (a) 3D representation of TNF-α Protein(2AZ5)-ligand-8b interaction; (b) 2D representation of TNF-α 

protein 2AZ5 (amino acid residues) with ligand-8b interaction; (c) Interpolated charge representation of 

Protein(2AZ5)-ligand-8b complex; (d) Aromatic representation of Protein(2AZ5)-ligand8b complex. 

  

(a) (b) 

  

(c) (d) 

Figure 11. (a) 3D representation of TNF-α Protein(2AZ5)-standard drug (meloxicam) interaction; (b) 2D 

representation of TNF-α protein 2AZ5 (amino acid residue) with standard drug (meloxicam) interaction; (c) 

Interpolated charge representation of protein(2AZ5)- standard drug (meloxicam) complex; (d) Aromatic 

representation of protein(2AZ5)- standard drug (meloxicam). 
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3.5. MD simulation. 

After compound-8b demonstrated a high binding score in molecular docking studies 

and met all ADMET criteria, it was selected as a lead compound and subjected to molecular 

dynamics simulation to assess its interactions with the TNF-α protein (2AZ5). This 

investigation revealed significant new data on the stability and dynamic characteristics of 

compound-8b's binding to the active regions of the TNF-α protein. This made it possible for us 

to assess the complex's stability and efficacy. 

3.5.1. RMSD (root mean square deviation) analysis.  

The Root Mean Square Deviation (RMSD) plots for the 2AZ5-standard drug and 2AZ5-

8b complexes provide insight into the dynamic stability of the protein-ligand systems over a 

100ns MD simulation. The 2AZ5-standard drug complex exhibited moderate protein backbone 

(Cα) RMSD fluctuations, stabilizing around 2.5-3.0 Å after an initial equilibration phase, while 

the ligand RMSD remains consistently low (1.5-2.5 Å), indicating a well-retained binding 

conformation throughout the simulation. In contrast, the 2AZ5-8b complex showed more 

pronounced fluctuations in both the protein (~5.4 Å) and ligand (~9 Å) RMSDs, suggesting 

greater structural deviations and potential instability of the complex. Overall, the 2AZ5-

standard drug complex exhibits a more stable RMSD profile, reflecting better conformational 

stability and stronger ligand retention within the binding pocket than the 2AZ5-8b complex, 

suggesting greater therapeutic potential. 

  
(a) (b) 

Figure 12. RMSD plot during the 100ns MD-Simulation at 300 K for (a) Standard drug(meloxicam)-TNF-α 

protein (2AZ5) complex; (b) Compound-8b- TNF-α protein (2AZ5) complex. 

3.5.2. RMSF (root mean square fluctuation) analysis.  

The Root Mean Square Fluctuation (RMSF) analysis gives information on the residue-

level flexibility of the 2AZ5 protein when bound to the standard drug and the 8b compound. 

The RMSF profile of the 2AZ5-standard drug complex shows lower atomic fluctuations, with 

most residues ranging from 0.6 to 2.5 Å, indicating a more stable conformation throughout the 

simulation. In contrast, the 2AZ5-8b complex shows higher fluctuations, particularly at the C-

terminal and loop regions, reaching up to ~4.8 Å, which suggests increased structural 

flexibility, which makes it advantageous in certain functional contexts, such as ligand 

accommodation, signaling, and drug potential, as displayed in Figure 13a and b. 
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(a) (b) 

Figure 13. RMSF plot during the 100ns MDS at 300 K for (a) Standard drug(meloxicam)-TNF-α protein 

(2AZ5) complex; (b) Compound-8b- TNF-α protein (2AZ5) complex. 

3.5.3. Hydrogen-bond occupancy and protein-ligand interaction profiles.  

The interaction profiles of 8b and the standard drug meloxicam with protein 2AZ5 

revealed distinct differences in hydrogen-bond occupancy, hydrophobic interactions, and 

water-bridge formation. This demonstrates 8b's greater binding efficiency and stability. 

Hydrogen bond occupancy for 8b was significantly higher, with key protein residues such as 

B: SER_60 (40%), B: TYR_151 (35%), and A: TYR_119 (10%), which showed strong and 

stable interactions, compared to the standard drug, which showed lower occupancies of 10% 

with B: SER_60 and 8% with B: GLY_121. Hydrophobic interactions further strengthened the 

advantage of 8b, with 40% occupancy with A: TYR_59, 20% with B: VAL_123, and 20% with 

A: ILE_155, while meloxicam demonstrated less extensive interactions, including 55% 

occupancy with A: TYR_119 but weaker interactions with other residues such as B: LEU_57 

(25%) and B: ILE_155 (15%).  

  

(a) (b) 

  

(c) (d) 

Figure 14. (a,b) Interactions between TNF-α protein(2AZ5)-standard drug (P-L Contacts) and TNF-α 

protein(2AZ5)-compound-8b (P-L Contacts); (c,d) 2D representation of protein-ligand (P-L Contacts) 

Interactions of TNF-α protein(2AZ5)-standard drug (P-L Contacts) and TNF-α protein(2AZ5)-compound-8b 

(P-L Contacts). 

Furthermore, 8b formed to have more robust water bridge interactions, including 45% 

with B: TYR_151, 40% with A: GLY_121, and 25% with B: SER_60, compared to meloxicam, 

which showed fewer and weaker water bridge interactions, with a maximum of 45% with A: 
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TYR_151. Neither compound exhibited ionic interactions. Collectively, the stronger hydrogen 

bonds, broader hydrophobic interaction network, and superior water bridge formation of 8b 

signifies its potential as a more effective therapeutic candidate than standard drug meloxicam 

in stabilizing the protein-ligand complex which is demonstrated in bar graph Figure 14a and b 

Additionally, how the compounds (8b and standard drug) interact with specific protein (2AZ5) 

residues (amino acids) is also illustrated in Figure 14c and d. 

3.6. MM-GBSA (molecular mechanics-generalized born surface area). 

The MM-GBSA study is a useful method in determining the binding free energy 

between a compound and its target protein. Employing the MD simulation trajectory, we 

computed and plotted the binding free energy for 2 complexes which is demonstrated in Figure 

15 The MM-GBSA analysis for the structure of the compound 8b-TNF-α protein (2AZ5) and 

Standard drug (Meloxicam)-TNF-α protein (2AZ5) complexes were performed by calculating 

the values of the binding free energy for each frame, generated over a 100 ns Molecular 

dynamics simulation period. Frames were collected in 10 ns increments with a step size of 

100ns.  

Table 5. MM-GBSA determined binding energy values for compound 8b-2AZ5 complex and the standard drug 

(meloxicam-2AZ5 complex. 

MMGBSA 
Compound 8b-TNF-α protein 

complex in kcal/mol 

Standard drug - TNF-α protein 

complex in kcal/mol 

dG_Bind -53.6402 -36.6475 

dG_Bind_Coulomb -11.7114 -20.9585 

dG_Bind_Covalent 3.5777 0.0934 

dG_Bind_Hbond -0.9431 -0.1809 

dG_Bind_Lipo -23.3406 -13.9639 

dG_Bind_Packing -1.7906 -1.9116 

dG_Bind_SelfCont 0 0 

dG_Bind_vdW -37.5555 -35.4061 
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Figure 15. Calculation of Binding Energies via MM-GBSA for the TNF-α protein(2AZ5)-standard drug (P-L 

Contacts) and TNF-α protein(2AZ5)-compound-8b complexes. 

The evaluation of the compound-8b and 2AZ5 complex revealed a high incidence of 

consistent negative binding free energy, with an estimated ∆Go of -53.6402 kcal/mol and a 
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standard deviation of ±6.5266 kcal/mol, demonstrating a significant role of net negative 

binding free energy in stabilizing the complex. In contrast, the Standard drug (Meloxicam) and 

TNF-α protein (2AZ5) complex showed higher negative binding free energy, with an estimated 

∆Go of -36.6475 kcal/mol and a standard deviation of ±4.3649 kcal/mol. This resulted in a 

standard drug showing a less stable and less regular binding energy than compound-8b. Along 

with dG_Bind and standard deviation results, other parameters such as dG_Bind_Coloumb, 

dG_Bind_Covalent, dG_Bind_Hbond, dG_Bind_Lipo, dG_Bind_Packing, 

dG_Bind_SelfCont, and dG_Bind_vdW were also calculated, in which each component helps 

in analyzing the contribution to binding affinity. This provides information on how the protein-

ligand complexes interact and remain stable, as seen in Table 5. 

4. Conclusion 

A comprehensive in silico study, which involves pharmacophore modeling, 3D-QSAR 

analysis, ADMET analysis, molecular docking, and MD simulation, was performed to evaluate 

a lead compound as an anti-inflammatory inhibitor. Based on these results, the lead compound 

was found to be compound 8b, which demonstrated significant therapeutic potential as an 

inhibitor of the TNF-α signaling pathway (PDB ID: 2AZ5). The detailed molecular docking 

study revealed that 8b showed an exceptional binding score of -9.3 kcal/mol, whereas the 

standard anti-inflammatory drug meloxicam showed a reasonable binding score of -7.6 

kcal/mol. Likewise, molecular dynamics simulations and protein-ligand interaction analysis 

revealed that 8b exhibits superior binding stability, interaction specificity, and occupancy in 

comparison to the standard drug meloxicam. Furthermore, it established more significant water 

bridges, hydrophobic contacts, and hydrogen bonds with key protein residues, suggesting 

enhanced binding efficiency and stability. Moreover, its higher occupancy percentages across 

key protein residues also highlighted its robustness as a therapeutic candidate. All these results 

highlighted compound-8b's effectiveness as a promising anti-inflammatory agent, with 

potential applications in targeting TNF-α-mediated chronic conditions. However, the lack of 

experimental validation, such as in vitro and in vivo studies, limits the applicability of these in 

silico results.  
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