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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 major cause of global mortality, necessitating novel therapeutic targets. Dipeptidyl Peptidase 3 (DPP3), a zinc-dependent aminopeptidase that disrupts cardiovascular homeostasis by degrading angiotensin peptides, has emerged as a promising candidate. This study employed an integrated computational approach to investigate DPP3 inhibition. Molecular docking identified two compounds, Cmpd 1 and Cmpd 2, with high binding affinity. Molecular docking revealed strong binding affinities (-9.5 kcal/mol for Cmpd 1 and -8.7 kcal/mol for Cmpd 2), while 100 ns MD simulations showed stable complex formation with RMSD < 2.1 Å. Molecular dynamics simulations confirmed the stability of these DPP3-ligand complexes over 100 ns. Furthermore, ADMET predictions indicated favorable drug-like properties. Our findings suggest these ligands are promising starting points for developing DPP3 inhibitors for heart failure treatment.
Keywords : Heart Failure, Dipeptidyl Peptidase 3 (DPP3), Molecular Docking, Molecular Dynamics, ADMET, Therapeutic Target.
1. Introduction

Heart failure (HF) is a prevalent and life-threatening cardiovascular condition characterized by the heart’s inability to pump sufficient blood to meet the body’s physiological demands. Despite therapeutic advances, HF remains a major cause of morbidity and mortality worldwide, largely due to challenges in early diagnosis and the limited availability of targeted treatment strategies. In this context, the identification of reliable molecular biomarkers and novel therapeutic targets is of considerable clinical interest.
DPP3 is a zinc-dependent cytosolic aminopeptidase that has gained attention as a pathogenic mediator in cardiovascular dysregulation [1-3]. It rapidly cleaves key angiotensin peptides, including angiotensin II and angiotensin, disrupting the balance of the renin-angiotensin system. This disruption leads to a loss of vasoconstrictor tone, reduced cardiac contractility, and hemodynamic instability. Elevated plasma levels of DPP3 are strongly associated with impaired cardiac function and poor prognosis in HF patients, solidifying its role as a biomarker and therapeutic target [3].
Computational modeling approaches, particularly molecular docking and molecular dynamics (MD) simulations, have become essential tools in drug discovery. Molecular docking allows the prediction of ligand binding orientations and affinities to target proteins, while MD simulations provide insights into the structural stability and dynamic behavior of protein-ligand complexes over time [4]. These techniques have been successfully applied in numerous studies to elucidate mechanisms of molecular recognition and assess the therapeutic potential of novel compounds [6].
In addition, ADMET (Absorption, Distribution, Metabolism, Excretion, and Toxicity) profiling is crucial in evaluating the drug-likeness and safety of candidate molecules. Integrating ADMET analysis with molecular docking and MD simulations enhances the predictive power of in silico drug screening workflows [4].
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 Dipeptidyl Peptidase III (DPP3) was retrieved from the Protein Data Bank (PDB ID: 5O32, resolution 1.76 Å) [1]. The structure was prepared using the Protein Preparation Wizard within the Schrodinger Suite (Schrödinger, 2015). The preparation process included assigning bond orders, adding missing hydrogen atoms, and creating zero-order bonds to the crystallographic zinc ion. All water molecules beyond 5.0 Å from the heteroatoms were removed. Protonation states were assigned at pH 7.0 using Epik, and a final restrained energy minimization was conducted with the OPLS4 force field to converge the heavy atoms to an RMSD of 0.30 Å. The prepared structure is shown in Figure 1.
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Figure 1 : Crystal structure of human DPP3 (PDB: 5O32) showing the catalytic zinc ion (sphere) in the active site.
2.2 Ligands preparation

In this study, the selected ligands are chosen from the ‘’South African chemical library’’. This library contains a vast collection of chemical compounds, some of which have been studied for their potential as enzyme inhibitors or therapeutic agents, making them particularly relevant for our study of Dipeptidyl Peptidase 3 (DPP 3).
Once the inhibitors are selected, they are then prepared for molecular docking and molecular dynamics simulations.
2.3 Molecular Docking
2.3.1 Screening

Molecular docking was performed to predict the binding modes and affinities of the prepared ligands against DPP3. Docking simulations were carried out using AutoDock Vina 1.1.2 [4]. The binding site was defined using a grid box centered on the crystallographic coordinates of the catalytic zinc ion in the DPP3 active site (PDB: 5O32). The grid box dimensions were set to 20×20×20 Å with a spacing of 1.0 Å to encompass the entire active site cavity. 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 (lowest) binding affinity (in kcal/mol) was selected for further analysis. The resulting protein-ligand complexes were visualized and analyzed for specific interactions (e.g., hydrogen bonds, hydrophobic contacts, zinc coordination) using PyMOL (Schrödinger, LLC, 2015).
3. Molecular dynamics simulations

Molecular dynamics (MD) simulations were performed using the Desmond package from Schrödinger [6] to assess the stability and conformational dynamics of the DPP3-ligand complexes. The system was prepared using the System Builder tool. Each protein-ligand complex was solvated in an orthorhombic box with TIP3P water molecules. 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 : Counter Ion/Salt Information
	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.
4. ADMET Predictions

The pharmacokinetic and toxicity profiles of the selected ligands were predicted using the ADMETlab 3.0 online platform [5, 6]. This tool employs validated machine-learning models based on molecular descriptors to estimate key drug-likeness parameters. The following specific properties were evaluated Absorption, Distribution, Metabolism, Excretion and Toxicity.
Additionally, the platform’s integrated drug-likeness rules were applied to assess the overall potential of the compounds as oral drugs. The following properties were evaluated: Human Intestinal Absorption (HIA), Blood-Brain Barrier penetration (BBB), Cytochrome P450 inhibition (CYP2D6, CYP3A4), and Ames mutagenicity.
5. Results and discussions
5.1 Molecular Docking Analysis

The two-dimensional structures of the investigated ligands, Cmpd 1 (C₁₄H₂₂N₃O₅) and Cmpd 2 (C₁₆H₁₂O₇), are shown in Figure 2.
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Figure 2 : Ligands structures : compound 1 left, compound 2 right.
Molecular docking was performed to predict the binding modes and affinities of Cmpd 1 and Cmpd 2 to the active site of DPP3. As shown in Table 2, both compounds exhibited strong binding affinity, with Cmpd 1 showing a superior docking score of -9.5 kcal/mol compared to Cmpd 2 (-8.7 kcal/mol) and the reference compound.
 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


Analysis of the binding poses revealed that both ligands occupied the catalytic cavity of DPP3. Cmpd 1 was observed to coordinate with the catalytic zinc ion, a key interaction for effective inhibition (Figure 3A). It also formed a hydrogen bond with residue Glu327 and hydrophobic contacts with Phe280.
In contrast, Cmpd 2 demonstrated a distinct binding mode, forming a crucial pi-pi stacking interaction with Phe228 and a salt bridge with Glu329 (Figure 3B). These residues are known to be critical for substrate binding in DPP3, suggesting that Cmpd 2 acts as a competitive inhibitor. The reference ligand formed stabilizing interactions with core active site residues, including a hydrogen bond with Glu327. The stronger predicted affinity of Cmpd 1 and Cmpd 2 suggests they are promising candidates for further investigation.
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Figure 3 : Protein-Ligands contacts structures.
Table 3 : Compounds Formulas
	Compound 1 
	C14H22N3O5

	Compound 2
	C16H12O7


A schematic of detailed ligand atom interactions with the protein residues. Interactions that occur more than 30.0% of the simulation time in the selected trajectory (0.00 through 100.00 nsec), are shown.
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Figure 4 : Protein-Ligands structures.
5.2 Molecular Dynamics Analysis

To evaluate the stability and dynamic behavior of the DPP3-ligand complexes, we analyzed 100 ns molecular dynamics simulations.
The Root Mean Square Deviation (RMSD) of the protein backbone was calculated to assess the overall structural stability. As shown in Figure 5, the DPP3-Cmpd 1 complex reached equilibrium after approximately 20 ns, maintaining a stable average RMSD of ~2.1 Å for the remainder of the simulation. In contrast, the DPP3-Cmpd 2 complex stabilized more rapidly, within 10 ns, and exhibited a lower average RMSD of ~1.5 Å, suggesting it induces a more rigid and stable protein conformation. The RMSD of the ligand heavy atoms (Figure 5, right axis) remained low for both complexes (< 2.0 Å), confirming that neither ligand dissociated from the binding pocket and both maintained their initial binding pose throughout the simulation.
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Figure 5 : Rmsd a) Protein-Ligand 1 and b) Protein-Ligand 2.
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 (e.g., 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 6 : Proteins RMSF.

A detailed summary of the protein-ligand interactions over the entire trajectory is presented in Figure 7. 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 7 : Protein-Ligand Contacts.
5.3 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 7).
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 8) 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.
     
Figure 8 : Ligand Torsion Profile.
5.4 ADMET prediction analysis

The ADMET properties of Cmpd 1 and Cmpd 2 were predicted to assess their drug-likeness (Table 4). Both compounds comply with all major drug-likeness rules, indicating a high potential for oral bioavailability.
Table 4: 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.
6. Conclusion
This study utilized an integrated computational approach to investigate Dipeptidyl Peptidase 3 (DPP3) as a therapeutic target for heart failure and to identify two promising small-molecule inhibitors. Molecular docking revealed that both Cmpd 1 and Cmpd 2 bind to the DPP3 active site with high affinity, utilizing distinct but critical interaction networks most notably, zinc coordination by Cmpd 1 and a stable salt bridge with Glu329 by Cmpd 2.
Molecular dynamics simulations confirmed the stability of these complexes over 100 ns, demonstrating that the ligands remain firmly bound within the catalytic pocket while inducing minimal structural perturbation to the protein backbone. This dynamic stability reinforces the inhibitory potential suggested by docking. Furthermore, comprehensive ADMET predictions indicated that both compounds possess favorable drug-like properties, including high intestinal absorption and low toxicity risks, making them viable candidates for further development as oral therapeutics.
In summary, this work provides strong in silico evidence that DPP3 is a pharmacologically viable target and identifies Cmpd 1 and Cmpd 2 as lead compounds for the development of a new class of heart failure therapeutics. The findings establish a robust foundation for subsequent experimental studies, including in vitro enzymatic assays and in vivo efficacy models, to validate the therapeutic potential of these DPP3 inhibitors.
Conflict of Interest  
The authors declare that they have no known competing financial interests or personal relationships that could have appeared to influence the work reported in this paper.
Data Availability Statement  
The molecular dynamics simulation data, including trajectory files, input parameters, and analysis scripts generated during this study, are available from the corresponding author upon reasonable request. Due to the size of the datasets, they are not publicly archived but can be provided to facilitate verification and further research.
Ethics Statement  
This study did not involve any research on human participants, human data, or animals. Therefore, ethical approval was not required.
COMPETING INTERESTS DISCLAIMER:
Authors have declared that they have no known competing financial interests OR non-financial interests OR personal relationships that could have appeared to influence the work reported in this paper.

References
1. Deniau, B., Rehfeld, L., Santos, K., Dienelt, A., Azibani, F., Sadoune, M., Kounde, P. R., Samuel, J. L., Tolppanen, H., Lassus, J., Harjola, V.-P., Vodovar, N., Bergmann, A., Hartmann, O., Mebazaa, A., & Blet, A. (2020). Circulating dipeptidyl peptidase 3 is a myocardial depressant factor: dipeptidyl peptidase 3 inhibition rapidly and sustainably improves haemodynamics. European Journal of Heart Failure, 22(2), 290-299. https://doi.org/10.1002/ejhf.1601
2. Blet, A., Deniau, B., Santos, K., van Lier, D. P. T., Azibani, F., Wittebole, X., Chousterman, B. G., Gayat, E., Hartmann, O., Struck, J., Bergmann, A., Antonelli, M., Beishuizen, A., Constantin, J.-M., Damoisel, C., Deye, N., Di Somma, S., Dugernier, T., François, B., Gaudry, S., et al. (2021). Monitoring circulating dipeptidyl peptidase 3 (DPP3) predicts improvement of organ failure and survival in sepsis: a prospective observational multinational study. *Critical Care*, *25*(1), 61. https://doi.org/10.1186/s13054-021-03471-2 
3. Pavo, N., Boorsma, E., Deniau, B., Blet, A., Levy, B., Azibani, F., Feliot, E., Mebazaa, A., & Gayat, E. (2020). Circulating dipeptidyl peptidase 3 and alteration in haemodynamics in cardiogenic shock: Results from the OptimaCC trial. *European Journal of Heart Failure*, *22*(2), 279–286. https://doi.org/10.1002/ejhf.1600
4. Trott, O., & Olson, A. J. (2010). AutoDock Vina: improving the speed and accuracy of docking with a new scoring function, efficient optimization, and multithreading. Journal of Computational Chemistry, 31(2), 455-461. https://doi.org/10.1002/jcc.21334
5. Fu, L., Shi, S., Yi, J., Wang, N., He, Y., Wu, Z., Peng, J., Deng, Y., Wang, W., Wu, C., Lyu, A., Zeng, X., Zhao, W., Hou, T., & Cao, D. (2024). ADMETlab 3.0: an updated comprehensive online ADMET prediction platform enhanced with broader coverage, improved performance, API functionality and decision support. Nucleic Acids Research, 52(W1), W422-W431. https://doi.org/10.1093/nar/gkae236
6. Bowers, K. J., Chow, E., Xu, H., Dror, R. O., Eastwood, M. P., Gregersen, B. A., Klepeis, J. L., Kolossváry, I., Moraes, M. A., Sacerdoti, F. D., Salmon, J. K., Shan, Y., & Shaw, D. E. (2006). Scalable algorithms for molecular dynamics simulations on commodity clusters. Proceedings of the ACM/IEEE Conference on Supercomputing. https://doi.org/10.1145/1188455.1188544 
7. Schrödinger, LLC. (2023). Schrödinger Release 2023-1: Protein Preparation Wizard; Epik; LigPrep; Desmond Molecular Dynamics System. New York, NY. https://www.schrodinger.com/citations
8. Schrödinger, LLC. (2025). The PyMOL Molecular Graphics System, Version 3.0. https://pymol.org/ 
9. Lipinski, C. A., Lombardo, F., Dominy, B. W., & Feeney, P. J. (1997). Experimental and computational approaches to estimate solubility and permeability in drug discovery and development settings. Advanced Drug Delivery Reviews, 23(1-3), 3-25. https://doi.org/10.1016/S0169-409X(96)00423-1
10. Veber, D. F., Johnson, S. R., Cheng, H.-Y., Smith, B. R., Ward, K. W., & Kopple, K. D. (2002). Molecular properties that influence the oral bioavailability of drug candidates. Journal of Medicinal Chemistry, 45(12), 2615–2623. https://doi.org/10.1021/jm020017n 


