Investigation of Dipeptidyl Peptidase 3 as a Heart Failure Inhibitor Target Using Molecular Docking, Molecular Dynamics, and ADMET Predictions
Abstract  

Heart failure (HF) remains a leading cause of global mortality, driving the search for novel therapeutic targets. Dipeptidyl Peptidase 3 (DPP3), a zinc dependent aminopeptidase, disrupts cardiovascular homeostasis by degrading angiotensin peptides and has emerged as a promising candidate. This study employed an integrated computational approach to investigate DPP3 inhibition. High-throughput virtual screening and molecular docking identified two compounds, Cmpd 1 and Cmpd 2, with high predicted binding affinity (-9.5 kcal/mol and -8.7 kcal/mol, respectively). Subsequent 100 ns molecular dynamics simulations demonstrated stable complex formation, with protein backbone RMSD values below 2.1 Å. Pharmacokinetic and toxicity profiling indicated favorable drug-like properties for both compounds. Our findings suggest these ligands are promising starting points for developing DPP3 inhibitors for heart failure treatment.
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1. Introduction

Heart failure (HF) constitutes a critical global health challenge, characterized by the heart’s inability to pump sufficient blood to meet physiological demands [1, 2]. Despite therapeutic advances, HF morbidity and mortality rates remain high, underscoring the urgent need for novel biomarkers and targeted treatments [2].
Dipeptidyl Peptidase 3 (DPP3) is a zinc dependent cytosolic aminopeptidase implicated in cardiovascular pathophysiology [3, 4]. By rapidly cleaving key angiotensin peptides such as angiotensin II, DPP3 disrupts the renin-angiotensin-aldosterone system (RAAS), leading to compromised vasoconstriction, diminished cardiac contractility, and hemodynamic instability [4]. Elevated plasma DPP3 levels correlate with worsened cardiac function and poor prognosis in HF patients, highlighting its dual role as a biomarker and a viable therapeutic target [4, 5].
In modern drug discovery, computational modeling techniques like molecular docking and molecular dynamics (MD) simulations are indispensable. Docking predicts ligand binding orientations and affinities, while MD simulations offer dynamic insights into complex stability and behavior over time [6, 7]. Complementing these, ADMET (Absorption, Distribution, Metabolism, Excretion, and Toxicity) profiling is crucial for early assessment of drug-likeness and safety [8].
This study employs a comprehensive computational strategy to explore the interaction between DPP3 and selected ligands with potential therapeutic relevance for HF. Specifically, the study aims to identify promising ligands through molecular docking, evaluate the stability and dynamics of DPP3-ligand complexes via MD simulations, analyze conformational changes in DPP3 upon ligand binding, and assess the pharmacokinetic and toxicity profiles of the ligands through ADMET analysis. The outcomes are expected to provide valuable insights into the role of DPP3 in heart failure and support the development of targeted therapeutic strategies.
2. Methodology
2.1 Dipeptidyl Peptidase 3 (DPP 3) Structure Preparation 

The crystal structure of Human DPP3 (PDB ID : 5O32, resolution 1.76 Å) was obtained from the Protein Data Bank [9]. Structure refinement was performed using the Protein Preparation Wizard in the Schrödinger Suite [10]. Steps included bond order assignment, hydrogen addition, and creation of zero-order bonds to the crystallographic zinc ion. Waters beyond 5.0 Å from heteroatoms were removed. Protonation states were assigned at pH 7.0 using Epik, followed by restrained energy minimization with the OPLS4 force field (heavy atom RMSD convergence 0.30 Å). The prepared structure is shown in Figure 1.
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Figure 1 : Prepared crystal structure of human DPP3 (PDB : 5O32). The catalytic zinc ion is shown as a sphere in the active site.
2.2 Ligands preparation

Two lead-like compounds, Cmpd 1 (C₁₄H₂₂N₃O₅) and Cmpd 2 (C₁₆H₁₂O₇), were selected from the South African Chemical Database based on structural diversity and potential zinc-binding motifs. A known DPP3 inhibitor (IC₅₀ = 1.2 µM) served as a reference for validation [11]. Ligand preparation used the LigPrep module [10], generating possible ionization states at pH 7.0 ± 2.0 and sampling low-energy ring conformations.
2.3 Molecular Docking

Molecular docking was performed using AutoDock Vina 1.1.2 [6]. The binding site was defined using a grid box centered on the crystallographic coordinates of the catalytic zinc ion in the DPP3 active site. The grid box dimensions were set to 20×20×20 Å with a spacing of 1.0 Å. An exhaustiveness value of 8 was used for the docking search. For each ligand, 10 binding poses were generated, and the pose with the most favorable binding affinity (kcal/mol) was selected for further analysis. The docking protocol was validated by re-docking the co-crystallized ligand (from PDB: 5O32), yielding an RMSD of < 1.5 Å between the predicted and crystallographic poses.
2.4 Molecular Dynamics Simulations

Molecular dynamics (MD) simulations were performed using the Desmond package from Schrödinger [10, 12]. Each protein-ligand complex was solvated in an orthorhombic box with TIP3P water molecules. The system was neutralized with Na⁺ and Cl⁻ ions and brought to a physiological concentration of 0.15 M. The zinc ion was parameterized using the non-bonded model with a +2 charge and a 1.09 Å van der Waals radius, as implemented in the OPLS4 force field. The system was energy-minimized and equilibrated using the standard Desmond protocol. A production simulation of 100 ns was carried out for each system under NPT conditions (300 K, 1 atm) using the Nosé-Hoover thermostat and Martyna-Tobias-Klein barostat. Trajectory analysis included root-mean-square deviation (RMSD), root-mean-square fluctuation (RMSF), and interaction fraction calculations. The system was neutralized and then brought to a physiological concentration of 0.15 M by adding Na+ and Cl- ions. The final ion count for one system is provided as an example in Table 1.
Table 1 : Ion composition for the solvated DPP3-Cmpd 1 system.
	Type 
	Number
	Concentration [mM]
	Total charge

	Na
	78
	76.017
	+78

	Cl
	52
	50.7
	-52


The temperature and pressure were maintained at physiological conditions (300 K and 1 atm) using the Nosé-Hoover thermostat and Martyna-Tobias-Klein barostat, respectively.
The simulation protocol included energy minimization, equilibration in NVT and NPT ensembles, followed by 100 ns production run.
The conformational stability of the DPP3-ligand complexes was evaluated over a 100 ns production simulation for each system. The stability was quantitatively assessed by calculating the Root Mean Square Deviation (RMSD). The RMSD of the protein backbone (Cα atoms) and the heavy atoms of the ligand were calculated relative to their coordinates in the initial energy-minimized structure to monitor the structural convergence and stability of the complexes over time.
2.5 ADMET Predictions

ADMET properties were predicted using ADMETlab 3.0 [8]. Evaluated parameters included Human Intestinal Absorption (HIA), Blood-Brain Barrier (BBB) penetration, plasma protein binding, cytochrome P450 inhibition (CYP2D6, CYP3A4), and Ames mutagenicity. Drug-likeness was assessed via Lipinski’s Rule of Five and Veber’s criteria [13, 14].
3. Results and  Discussion
3.1 Molecular Docking Analysis

Molecular docking predicted strong binding affinities for both compounds toward the DPP3 active site. Cmpd 1 exhibited a docking score of -9.5 kcal/mol, while Cmpd 2 scored -8.7 kcal/mol. The reference compound had a score of -7.2 kcal/mol (Table 2). Analysis of the binding poses revealed that Cmpd 1 coordinates directly with the catalytic zinc ion and forms a hydrogen bond with Glu327. Cmpd 2 engages in a salt bridge with Glu329 and π-π stacking with Phe228 (Figure 2). These interactions are consistent with known DPP3 inhibitor binding modes.
 Table 2: Docking scores and interactions of compounds with DPP3
	Compounds
	Docking SCORE (kcal/mol-1)
	Key Interacting Residues
	Interaction Types

	Compound 1
	-9,5
	Glu327, Phe280, Zn²⁺
	H-bond, Hydrophobic, Metal Coordination

	Compound 2
	-8,7
	Phe228, Glu329, His450
	Pi-Pi Stacking, Salt Bridge

	Reference
	-7,2
	Glu327, Tyr318
	H-bond, Hydrophobic


[image: image2.png]


[image: image3.png]HO

™~

OH

OH




Figure 2 : Two-dimensional structures of (A) Cmpd 1 and (B) Cmpd 2.
3.2 Molecular Dynamics Stability Analysis

The 100 ns MD simulations confirmed complex stability. The DPP3-Cmpd 1 backbone RMSD stabilized near 2.1 Å after ~20 ns, while DPP3-Cmpd 2 reached equilibrium faster (~1.5 Å average RMSD) (Figure 3A). Ligand RMSDs remained below 2.0 Å, indicating stable binding (Figure 3B). RMSF analysis revealed reduced flexibility in active-site loops (residues 250-270, 450-470) upon ligand binding (Figure 4). Key interactions persisted: zinc coordination by Cmpd 1 (>90% occupancy) and the Cmpd 2-Glu329 salt bridge (>92% occupancy) (Figure 5).
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Figure 3 : (A) Protein backbone RMSD and (B) ligand heavy-atom RMSD over 100 ns.
To investigate local flexibility, we calculated the Root Mean Square Fluctuation (RMSF) per residue (Figure 6). As expected, the N- and C-terminal ends showed the highest fluctuations. Notably, several loop regions adjacent to the active site (residues 250-270 and 450-470) showed reduced flexibility in the ligand-bound states compared to the apo-DPP3, indicating a stabilizing effect upon inhibitor binding. Crucially, key active site residues, including Glu327, Glu329, and His450, exhibited very low RMSF values (< 0.8 Å) in both complexes, demonstrating the rigidity of the catalytic core during ligand binding.
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Figure 4 : Per-residue RMSF for apo-DPP3 and ligand-bound complexes.
A detailed summary of the protein-ligand interactions over the entire trajectory is presented in Figure 5. For Cmpd 1, the coordination with the catalytic zinc ion was maintained for over 90% of the simulation time, underscoring its critical role. The hydrogen bond with Glu327 also showed high stability (>80% occupancy). For Cmpd 2, the salt bridge with Glu329 and the pi-pi stacking interaction with Phe228 were consistently present (>75% occupancy), explaining its stable binding despite the lack of zinc coordination. These persistent interactions observed in the MD simulations validate the initial binding modes predicted by molecular docking and provide a dynamic rationale for the high binding affinity of both compounds.
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Figure 5 : Timeline of protein-ligand contact over the simulation.
3.3 Analysis of Binding Dynamics and Ligand Conformation

The stability of the key protein-ligand interactions observed in docking was quantified over the 100 ns MD trajectory (Figure 6).
For the DPP3-Cmpd 1 complex, the coordination with the catalytic zinc ion was exceptionally stable, with an interaction fraction of 1.2, indicating it was maintained through multiple geometric criteria for the entire simulation. This strong, persistent interaction likely serves as the primary anchor for Cmpd 1. Furthermore, the hydrogen bond with Glu327 showed high stability, with an occupancy of 85%.
In the DPP3-Cmpd 2 complex, the salt bridge with Glu329 was the most dominant interaction, persisting 92 % of the time. The pi-pi stacking interaction with Phe228 was also highly stable, with an occupancy of 78%. These two interactions form a complementary network that effectively stabilizes Cmpd 2 in the active site without direct zinc coordination.
The ligand torsion profiles (Figure 6) provide insight into the conformational stability of the bound ligands. For Cmpd 1, all rotatable bonds remained in a single, low-energy conformation throughout the simulation, as evidenced by the sharp, single peaks in the bar plots. This indicates that Cmpd 1 does not experience significant conformational strain upon binding to DPP3.
In contrast, Cmpd 2 exhibited a different profile for its central rotatable bond (RB3), with a bimodal distribution in the dial plot. This suggests that the ligand samples two distinct conformational states while bound. However, the major conformation (represented by the taller bar) has a higher probability, occupying approximately 70% of the simulation time, indicating a preferred, stable binding mode.
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Figure 6 : Torsion profiles for (A) Cmpd 1 and (B) Cmpd 2.
3.4 ADMET prediction analysis

The ADMET properties of Cmpd 1 and Cmpd 2 were predicted to assess their drug-likeness (Table 3). Both compounds comply with all major drug-likeness rules, indicating a high potential for oral bioavailability.
Table 3 : Physicochemical and drug-likeness properties predicted using ADMETLab 3.0.
	Compounds
	MW (g/mol)
	HBA
	HBD
	NRB
	TPSA (Å²)
	LogP
	LogS (ESOL)
	Lipinski’s Violations

	Cmpd 1
	358.30
	4
	1
	2
	47.04
	2.05
	-4.73
	0

	Cmpd 1
	370.31
	4
	0
	2
	47.37
	2.69
	-5.19
	0

	DOX
	557.50
	13
	6
	5
	223.14
	-0.05
	-3.81
	3


Both compounds are predicted to have high human intestinal absorption (HIA), with low probabilities of being poorly absorbed (0.068 for Cmpd 1 and 0.152 for Cmpd 2). Cmpd 1 shows a significant potential to cross the blood-brain barrier (BBB=0.404), whereas Cmpd 2 is predicted to have lower BBB penetration (BBB=0.752). Both exhibit moderate plasma protein binding (54.4% and 67.1%, respectively). Regarding metabolism, Cmpd 1 shows a high likelihood of being a substrate for CYP2D6, indicating a potential risk for drug-drug interactions. In contrast, Cmpd 2 demonstrates a low risk of inhibiting major cytochrome P450 enzymes. The total plasma clearance values suggest both compounds would be cleared renally. Toxicity predictions indicate a low risk of organ toxicity for both molecules. Both compounds were predicted to be non-mutagenic in the Ames test.
4. Conclusion

This study employed an integrated computational approach to evaluate DPP3 as a therapeutic target for heart failure and to identify two promising small-molecule inhibitors. Molecular docking revealed high-affinity binding for Cmpd 1 and Cmpd 2, mediated by distinct interaction networks. Molecular dynamics simulations confirmed the stability of these complexes over 100 ns, with persistent key interactions. ADMET predictions further supported their drug-like potential, indicating favorable absorption and low toxicity risks.
In summary, Cmpd 1 and Cmpd 2 emerge as viable lead compounds for the development of DPP3 inhibitors. These findings provide a robust in silico foundation for subsequent experimental validation, including in vitro enzymatic assays and in vivo efficacy studies.
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