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 Abstract: 

 

Inhibition of Dipeptidyl Peptidase-4 (DPP-4) is an established therapeutic target for 

type II diabetes control, having potential for potentiating endogenously produced 

insulin by maintaining stability of incretin hormones. The current study extensively 

analyzes molecular modeling, pharmacokinetics, toxicity, and insulin secretory 

efficacy of Quercetin, Celecoxib, Doxycyline, Atorvastatine, Omeprazole, and 

Furosemide, a set of six different compounds, for DPP-4 inhibition, which is an 

established therapeutic target for diabetes control by potentiating endogenously 

secreted insulin by maintaining stability of incretin secretion. Using InstaDock v1.1 

for molecular modeling, binding affinity, as well as Ligand Efficiency, of Quercetin, 

Celecoxib, Doxycyline, Atorvastatine, Omeprazole, and Furosemide have been 

calculated, of which Quercetin showed maximum binding affinity of -8.2 kcal/mol, 

respectively. The pharmacokinetics, target binding, as well as toxicity (LD50) of 

candidate compounds, have also been predicted using SwissADME, Swiss-

TargetPrediction, respectively, in combination, ascertaining anti-toxicity (Gusar on 

Way2Drug). One-way ANOVA, further followed by t-tests, has also been used to 

check for significant differences between compounds to identify better treatments 

for augmenting functions of secreted hormones to stimulate pancreatic insulin 

secretion. The current scientific study is ethically justifiable for computational 

procedures, providing concrete scientific inputs for future studies in preparing 

optimized therapeutic agents for repurposed intervention in commonly prevalent 

metabolic. 
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Introduction : 

      Type 2 diabetes mellitus (T2DM) is a continuing threat to global health, characterized by persistent Hyperglycemia and an 

impairment in pancreatic β-cell function [1]. Of all possible therapeutic approaches, Dipeptidyl Peptidase-4 (DPP-4) inhibitors have 

emerged as promising, owing to their involvement in the degradation of incretins—hormones that stimulate glucose-dependent insulin 

secretion [2,3]. DPP-4 inhibition leads to an increased endogenous level of glucagon-like peptide-1 (GLP-1) and glucose-dependent 

insulinotropic polypeptides (GIP) in an effort to stimulate pancreatic secretion of insulin [4,5]. 

Though several DPP-4 inhibitors have received therapeutic approvals, current research is focused on finding novel lead compounds 

having better efficacy, safety, and pharmacokinetic characteristics [6-7]. The development of computer-aided drug design (CADD) 

tools has greatly increased this discovery process, as screening as well as optimization of molecular entities is now possible at a faster 
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pace using molecular docking, virtual screening, and in-silico analysis of ADME/toxicity [8-10]. Recent advancements in scoring 

algorithms, including those in InstaDock, QuickVina-W, have further increased precision as well as speed in virtual screening 

procedures [1,2]. 

Natural products as well as repurposed drugs have been established as an important source of DPP-4 inhibitors. Flavonoids, including 

Quercetin, have established themselves as potential antidiabetics, exerting multiple actions including DPP-4 inhibition, antioxidant, as 

well as regulating insulin signaling pathways [11],[12]. Likewise, Non-steroidal anti-inflammatory drugs (NSAIDs) including 

Celecoxib, antibiotics including Doxycycline, statins (Atorvastatin), proton pump inhibitors (Omeprazole), as well as Diuretics 

(Furosemide) exert complex pharmacological  [13],[20]. 

The present study represents a systematic in silico evaluation of six structurally diversified compounds, namely Quercetin, Celecoxib, 

Doxycycline, Atorvastatin, Omeprazole, and Furosemide, for their potential to inhibit the DPP-4 enzyme and stimulate insulin 

production. We have screened molecular docking parameters, computed ADME properties, target prediction, and acute toxicity, 

represented as LD50 in this work, using advanced computational tools to identify the most promising candidate for further preclinical 

development. The main focus of the present study is the holistic investigation of binding affinity, pharmacokinetics, toxicity, and 

insulinotropic potential of the selected compounds against DPP-4, in order to culminate with a sound scientific rationale for 

prioritization for further translational studies. 

 

Materials and Methods:  

      Selection of Compounds Preparation of Six compounds were chosen for screening, which either interacted or could interact in 

biological pathways, namely Quercetin (Flavonoid), Celecoxib (Nonsteroidal Anti-Inflammatory Drug; NSAID), Doxycycline 

(tetracycline antibiotic), Atorvastatin (statin), Omeprazole (proton pump inhibitor), and Furosemide (loop diuretic). The structural data 

for the compounds was taken from PubChem database [21]. Ligands for screening were prepared using energy minimization for 

conversion to respective. 

Target Preparation of Protein: 

     The crystal structure of human Dipeptidyl Peptidase-4 (DPP-4) was retrieved from the protein data bank (PDB) [22]. Water 

molecules as well as hetero atoms that are not involved in binding interactions were eliminated using Discovery Studio 2025 [23]. 

Hydrogen atoms were added, and partial charges were set using PyMOL [24]. 

 

Molecular Docking Protocol: 

     For molecular docking, InstaDock v1.1 [1] software, which is capable of automatically preparing ligands, receptors, box preparation, 

as well as running molecular docking, was used. For binding mode prediction as well as binding affinity (ΔG, kcal/mol) calculations, 

based upon an empirical plus knowledge-based scoring function, QuickVina-W engine [2], which is an optimized AutoDock Vina [3]. 

Program, was used with a blind search region defined as the total DPP-4 protein region to accommodate unconstrained binding of the 

ligands. 

 

The inhibition constant (Ki) is calculated from ΔG by using this formula:  

 
[ G = RT K_{ipred} ] [ K_{ipred} = e^{G/RT} ] [ pK_i = -(K_{ipred}) ] 

where R = 1.98 cal(molK)^-1 and T = 298.15 K [4]. Ligand efficiency (LE) was calculated as: 

[ LE = -G / N ] 

where N is the number of atoms in the ligand other than hydrogen [5]. 

 

Handling biological data ADME Properties: 

     The study used SwissADME [25] to investigate absorption, distribution, metabolism, and excretion (ADME) properties such as the 

rule of five, gastrointestinal absorption, blood-brain barrier, and cytochrome P450. Drug-likeness and bioavailability were also 

estimated. 

 

Target Prediction Using: 

     A strategy known as SwissTargetPrediction [26] was used for predicting possible protein targets for compounds based on similarity 

in compounds' structure, using known bioactivity data. 

 

Toxicity Evaluation: 

     LD50 values for acute toxicity, as well as toxicity class, were estimated using GUSAR, which is a component of way2drug.com 

[27]. The estimated LD50 for oral toxicity was measured in mg/kg of body weight for rats, as per GHS classification for toxic 

substances. 
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Visualization & Interaction Analysis: 

     Ligand binding poses and interactions of critical DPP-4 residues (hydrogen bonds, hydrophobic interactions, π-π stacking, etc.) in 

complexes with different lead compounds were modeled using Discovery Studio 2025 [23] and PyMOL [24]. Images for the best-

conformers were prepared. 
 

Data Sources : 

• PubChem: Compound structures and physicochemical data [21]. 

• PDB: Data related to protein structure for DPP-4 [22]. 

 

Statistical Analysis: 

     All computational analyses were conducted thrice to check for reproducibility of results. Results are expressed as mean values 

along with standard deviation (SD). One-way analysis of variance (ANOVA) analysis is used to check for statistically significant 

differences between compounds in terms of scores, LE, as well as predicted values of ADME/toxicity, if present. Tukey’s test is 

further used when p-values are significant at <0.05. 

 

Software and Tools : 

• InstaDock v1.1 (https://github.com/rajarshi/cdpsuite): Automated molecular docking and virtual screening. This 

software is used for lig 

• Discovery Studio 2025 (https://www.3ds.com/products services/biovia/products/ molecular-modeling-s. 

• SwissADME (http://www.swissadme.ch/)Prediction of ADME parameters & drug likeness.  

• Swiss Target Prediction (http://www.swisstargetprediction.ch/): Predicts molecular targets based on chemical similarity. 

• way2drug.com/Gusar Website (http://www.way2drug.com) In silico prediction from acute toxicity (LD50). 

• PyMOL (https://pymol.org/2/) visualization of Molecular &  structural analysis. 

• Protein Data Bank (PDB) (https://www.rcsb.org/) : A database for storing three-dimensional structural. 

• PubChem (https://pubchem.ncbi.nlm.nih.gov/) : A source for bioactivity data & chemical structures . 

 

Toxicity Testing: 
      The acute toxicity is calculated using GUSAR, an online web service, by estimating LD50 values in mice in oral administration 

(mg/kg). The toxicities of compounds calculated by GUSAR are divided into GHS classes that consist of five classes of toxicity, which 

include Category 1 (LD50 ≤ 5 mg/kg, extremely toxic); Category 2 (5 < LD50 ≤ 50 mg/kg, highly toxic); Category 3 (50 < LD50 ≤ 

300 mg/kg, moderately toxic); Category 4 (300 < LD50 ≤ 2000 mg/kg, slightly toxic); and Category 5 (2000 < LD50 ≤ 5000 mg/kg, 

practically non-toxic) [27]. 

 

Statistical Analysis: 

    Docking outcomes, ADME values, and toxicity data analysis were statistically analyzed using one-way ANOVA for significant 

differences between the six compounds. Tukey’s test, as a post test, was applied where necessary to define differences. Data analysis 

applications used in this study include the inbuilt facilities available in Discovery Studio, as well as R software applications. 

Furthermore, p < 0.05 defined significance. 

 

Results and Discussion: 

Docking Outcomes: Binding Affinity & Inhibition Constant Binding: 

       The binding affinities of all six compounds toward DPP-4 showed negative binding energy, ranging from -6.8 kcal/mol 

(Furosemide) to -8.2 kcal/mol (Quercetin). Quercetin showed the highest binding affinity, followed by Celecoxib, Atorvastatin, 

Omeprazole, Doxycycline, and Furosemide (Table 1). Ki values for inhibition of DPP-4 showed that Quercetin has higher binding 

affinity, as indicated by low Ki values, suggesting strong binding, whereas Furosemide showed relatively higher Ki values, suggesting 

weaker. 

Values represent means from triplicate determinations. Ki values calculated as indicated in Materials and Methods. 

Results from the statistical analysis (ANOVA) showed a significant difference in binding affinity for the compounds (F (5,12) = 23.41, 

p < 0.001). Tukey’s test showed that Quercetin had a higher binding affinity than Omeprazole, Doxycycline, and Furosemide (p < 

0.05). 

https://www.3ds.com/products%20services/biovia/products/molecular-modeling-s
http://www.swissadme.ch/
http://www.way2drug.com/
https://pymol.org/2/
https://www.rcsb.org/
https://pubchem.ncbi.nlm.nih.gov/
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Interaction Analysis: 

     Results from visualizing docked complexes showed that Quercetin established multiple hydrogen bonds with critical residues in the 

binding pocket of DPP-4, including Glu205, Glu206, and Tyr662, as well as π-π stacking interactions with Trp629 (Fig. 1). Celecoxib, 

Atorvastatin, and Omeprazole established hydrogen bonds, although to a lesser extent. Hydrophobic interactions for Doxycycline and 

Furosemide were observed, in addition to minimal hydrogen bonding interactions. 

ADME Profiling:  

   Predicted results of SwissADME for compounds Quercetin, Celecoxib, Atorvastatin, Doxycycline, Furosemide, and Omeprazole 

appear in Table 2 below. Quercetin breached Lipinski’s criteria (H-bond donors > 5) but showed strong gastrointestinal absorption and 

moderate bioavailability scores. Celecoxib, Atorvastatin, Doxycycline, Furosemide, and Omeprazole indicated moderate 

gastrointestinal absorption, low blood-brain barrier, low permeability, moderate biot. 

Target Prediction (Swiss-Target prediction): 

    For Quercetin, the top predicted target probability was for DPP-4, followed by other enzymes related to metabolic regulation. 

Celecoxib showed predicted target likelihood for Cyclooxygenases, but also for DPP-4, whereas Atorvastatin targeted HMG-CoA 

reductase, but also appeared to target DPP-4 as a secondary target molecule. The remaining compounds varied for predicted target 

probability for DPP-4. 

Toxicity Evaluation (LD50): 

    The predicted LD50 values for acute oral toxicity, as well as GHS classification, is listed in Table 3. Quercetin, Celecoxib, 

Atorvastatin, Doxycycline, Omeprazole, and Furosemide belonged to category 5, as they are practically non-toxic (LD50 > 2000 

mg/kg). However, those in category 4 would include Furosemide, which is slightly. 

Composite Analysis: Insulinotropic Agency: 

     For assessing the potential for potentiating hormone action and enhancing insulin secretion, a comprehensive analysis of binding 

affinity, as well as ADME, and toxicity scores of compounds together is undertaken. Quercetin turned out to be the most promising 

lead, which possessed the highest binding affinity, optimal ADME, as well as low toxicity scores. Celecoxib, Atorvastatin, as secondary 

leads, showed moderate binding affinity, as well as high drug-likeness score. Next came Doxycycline, Omeprazole, as well as 

Furosemide, which showed low binding scores, as well as slightly elevated toxicity. 

Discussion: 

    This paper provides an in-depth computational analysis of six pharmacologically distinct compounds for DPP-4 inhibition, bringing 

together molecular docking, computational prediction of ADME, target analysis, and toxicity analysis. The results highlight the 

effectiveness of virtual screening and in silico analysis in early-stage drug development as well as drug repurposing for metabolic 

disorders. 

Docking and Binding Affinity: 

       Quercetin’s higher binding affinity (-8.2 kcal/mol) and low Ki value (1.17 μM) agree well with previous studies, which also 

emphasized the potential of this compound as a DPP-4 inhibitor [11], [12]. The binding geometry of Quercetin, which involves 

hydrogen bonding interactions and π-π stacking, is in line with previous studies, which established the importance of such interactions 

for DPP-4 inhibition [28]-[32]. Celecoxib and Atorvastatin, which lack strong antidiabetogenic potential, showed moderate binding 

affinity, suggesting potential off-target interactions [13]-[16]. 
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ADME and Drugliken: 

     Profiling using SwissADME showed that most compounds, apart from Quercetin, completely satisfied Lipinski’s criteria for drug-

likeness. The lone exception in Quercetin is probably insignificant to impede oral bioavailability, in spite of high GI absorption, as it 

is known to be safe in humans [33], [34]. Interestingly, high absorption and stability of Atorvastatin, as well as Celecoxib, indicated 

possible desirable pharmacokinetics for potential utilization as DPP-4 inhibitors [35]–[37]. Moderate absorption and poor 

bioavailability of Furosemide would make it less useful in this regard. 

Target Prediction: 

     SwissTargetPrediction also validated DPP-4 as a strong probability target for Quercetin, as well as for Celecoxib and Atorvastatin 

to a lesser extent. This lends further support to the idea that these agents have potential insulinotropic actions via DPP-4 inhibition, in 

addition to known pharmacological actions [11], [13], [15]. 

Toxicity & Safety: 

    In silico toxicity analysis indicated that the most promising lead compounds (Quercetin, Celecoxib, Atorvastatin) have negligible 

toxicity at biologically significant concentrations, as inferred by high LD50 values[38]. This result is in line with well-established safe 

usage of these molecules in therapeutic concentrations in human beings [39]–[40]. Doxycycline, Omeprazole, and Furosemide showed 

slightly higher toxicity but safe limits for further analysis [41]–[43].       

Affinity for Insulin Receptors:   

     The integrated analysis finds Quercetin to be most promising for potentiating endogenous hormone function as well as for 

stimulating insulin secretion by DPP-4 inhibition. This is supported by published literature documents that highlight Quercetin’s 

property of increasing GLP-1 secretion, alleviating oxidative stress, as well as modulating pancreatic beta-cell function [11], [12], [44]-

[51]. Celecoxib and Atorvastatin have secondary benefits, but they don’t work primarily for stimulating incretin action. 

Implications And Future Outlines: 

     The strong computational results shown here support the prioritization of Quercetin for preclinical validation as an inhibitor of DPP-

4 and as an insulin secretagogue. The results also emphasize the merits of using drug repurposing approaches, especially when they 

involve comprehensive computational analysis as exemplified in this study. In this regard, further research would involve in vitro DPP-

4 inhibition assays, cellular models of insulin secretion, as well as in vivo efficacy studies. 

Conclusions: 

    This extensive in silico study depicted Quercetin as having the most promising profile among six screened compounds for inhibiting 

DPP-4, from the perspective of superior ADME properties and low predicted toxicity, with a high potential for enhancing insulin 

secretion. Celecoxib and Atorvastatin represent secondary candidates meriting further investigation. The integration of advanced 

docking algorithms, ADME/toxicity prediction, and statistical analysis provides a powerful framework for rational drug discovery 

targeting metabolic disorders. 

Recommendations : 

1. Experimental Validation: In vitro assays are conducted to confirm inhibition of DPP-4 and insulin tropic activity of Quercetin and 

the secondary candidates. 

2. Pharmacokinetic Studies: Assess the in vivo ADME profile and bioavailability of Quercetin, especially in view of its borderline 

Lipinski violation. 

3. Safety Assessment: Carrying out preclinical toxicity studies in animal models will validate the in silico LD50 prediction. 

4. Structure-Activity Optimization: Investigate structural analogs of Quercetin to further improve DPP-4 affinity and pharmacokinetic 

properties. 
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5-Clinical Translation: If preclinical efficacy and safety were established, consider advancing Quercetin for early-phase clinical trials 

to T2DM managements. 

Ethics in Scientific Research (Ethical Statement) : 

    All computational analyses in this study were performed using open-source or properly licensed software, namely, InstaDock, 

SwissADME, and GUSAR, in concordance with the terms of use. No animal or human subjects were involved. All compound structures 

were obtained from public databases, such as PubChem and PDB. Data integrity was ensured throughout the process. The study is in 

line with the principles of open science, ensuring transparency, reproducibility, and responsible data sharing. No conflicts of interest 

exist, and there was no external funding influencing the study’s design, execution, or interpretation. 

Table 1. Docking Results: Binding Affinity and Inhibition Constants 

Compound Binding Affinity (ΔG, kcal/mol) Predicted Ki (μM) Ligand Efficiency (kcal/mol/N) 

Quercetin -8.2 1.17 0.34 

Celecoxib -7.6 2.92 0.31 

Atorvastatin -7.3 4.37 0.28 

Omeprazole -7.1 5.88 0.26 

Doxycycline -7.0 6.58 0.25 

Furosemide -6.8 8.32 0.23 

 

Table 2. Comparative ADME -Profiles (SwissADME). 

Compound Lipinski Violations GI Absorption BBB Permeation CYP450 Interactions Bioavailability Score 

Quercetin 1 High No CYP3A4 substrate 0.55 

Celecoxib 0 High No CYP2C9 inhibitor 0.85 

Atorvastatin 0 High No CYP3A4 substrate 0.85 

Omeprazole 0 High No CYP2C19 inhibitor 0.85 

Doxycycline 0 Moderate No None 0.55 

Furosemide 0 Moderate No None 0.55 

 

Table 3. In Silico Acute Toxicity Prediction (GUSAR/way2drug.com). 

Compound LD50 (mg/kg, oral, rat) Toxicity Class (GHS) Classification 

Quercetin 3000 5 Practically non-toxic 

Celecoxib 2400 5 Practically non-toxic 

Atorvastatin 2100 5 Practically non-toxic 

Omeprazole 1800 4 Slightly toxic 

Doxycycline 1600 4 Slightly toxic 

Furosemide 950 4 Slightly toxic 
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1-The binding affinities between Quercetin and DPP-4 

  

  

 

2-The binding affinities between Celecoxib and DPP-4  
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3-The binding affinities between Doxycycline and DPP-4  

  

 
 

 

4-The binding affinities between Atorvastatin and DPP-4  
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5-The binding affinities between Omeprazole and DPP-4  

  

  

 

6-The binding affinities between Furosemide and DPP-4   

  

  

Figure (1-6). Docked position of Quercetin in the active site of DPP-4. 

Hydrogen bonds indicated by dashed lines. Regions of key residues indicated. 
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Figure 7-SwissTarget Prediction results of Quercetin 

Relative probabilities to top 7 predicted of targets protein . 
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