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Abstract 
 

Thrombosis is a major cause of cardiovascular diseases, contributing significantly to global mortality rates. It has 

become necessary to develop more cost-effective and safer treatments for thrombosis, such as those derived from 

plants, due to prohibitively high costs and severe side effects of existing medications. Ginger (Zingiber officinale) 

has been reported to have thrombolytic abilities via fibrinolysis in vitro. Subsequently, the in silico studies 

described herein aimed to further understand the fibrinolytic mechanisms of zingibain-2 at the molecular level 

through molecular docking and dynamics simulations. AlphaFold3 accurately predicted the zingibain-2 structure 

and stably predicted the fibrin peptide-zingibain interactions. A preference for proline at the P2 position, typical 

of cysteine proteases, was found in 18, 8-residue peptides screened from human fibrin chains (PDB: 2HLO). 

Protein superimposition between the AlphaFold3 prediction and X-ray crystallography structures showed a 

minimum root mean square deviation value of 0.33 Å and 97.72% favorable residue orientation on a 

Ramachandran plot. Initial docking identified 13 out of 18, 8-residue human fibrin peptides with short catalytic 

distances. However, GROMACS molecular dynamics simulations of these AlphaFold3-docked complexes over 

100 ns further narrowed this down to 11 out of 18, 8-residue human fibrin peptides with stable interactions, as 

demonstrated by their reliably short catalytic distances and negative binding energy. These stable models showed 

close, stable interactions with zingibain-2, and thus, support its potential as a plant-based thrombolytic agent. 

However, this must be experimentally validated. 
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Introduction 
 

In 2021, approximately 18.9 million deaths or 31% of 

global deaths were attributed to cardiovascular disease 

(CVD) (World Health Organization, 2025). A 

significant proportion of these CVDs are associated 

with thrombosis, which involves the formation of 

blood clots that obstruct blood vessels and impair 

tissue oxygenation. If left untreated, thrombosis can 

result in severe complications, such as stroke, 

coronary artery disease, deep vein thrombosis, and 

pulmonary embolism (World Health Organization, 

2025; Ashorobi et al., 2024). There are at least three 

known classes of thrombolytic medications used for 

rapidly treating thrombosis: antiplatelets, which slow 

down platelet and thrombin activities; anticoagulants, 

which enhance endogenous thrombolytic processes; 

and fibrinolytics, which degrade fibrin fibers that hold 

the thrombi together (Mackman et al., 2020). 

However, these treatments are often prohibitively 

costly and are associated with allergic reactions and 

other side effects, prompting the search for safer, more 

affordable alternatives derived from natural sources 

(Baig and Bodle, 2023). 

Plant-derived proteolytic enzymes have attracted 

attention as potential thrombolytic agents becasue of 

their ability to degrade fibrin. Various studies have 

been carried out to demonstrate the fibrinolytic 

activities of plant-based cysteine proteases, which 

include Actinidia deliciosa actinidin, Carica papaya 

papain, and Ananas comosus bromelain (Pinontoan et 

al., 2024; Purnomo et al., 2025; Ramli et al., 2018). 

Ginger (Zingiber officinale) has long been used in 

traditional medicine to support circulatory health. Its 

rhizomes contain two cysteine protease isoforms 

known as zingibain-1 and zingibain-2, which exhibit 

strong protein hydrolyzing activity. Previous studies 

have reported that crude extracts of ginger rhizomes 

possess fibrinolytic activity in vitro (Pinontoan et al., 

2024).  

Despite these findings, the molecular mechanisms 

underlying the interaction between zingibain-2 and 

fibrin substrates is yet to be better understood. Its 

catalytic mechanisms are extrapolated from its sibling 

cysteine protease enzymes, such as actinidin, papain, 

and bromelain. Their conserved histidine-cysteine-

asparagine triads or histidine-cysteine dyads have 

been reported to play important roles in proteolytic 

activity. Histidine deprotonates cysteine to allow 

nucleophilic attack on the scissile bond. In certain 

cysteine protease clans, however, the asparagine 

residue may be necessary to orient and stabilize the 

histidine’s imidazolium ring for successful catalysis 

(Ramli et al., 2018; Choi et al., 1999; Choi and 

Laursen, 2000; Oanca et al., 2020; Pinontoan et al., 

2024; Purnomo et al., 2025). Understanding how 

zingibain-2 recognizes and interacts with fibrin 

peptides is essential for elucidating its fibrinolytic 

mechanism at the molecular level. Fibrin, derived 

from fibrinogen during blood clot formation, contains 

peptide segments that serve as targets for proteolytic 

enzymes. Proteases typically recognize their 

substrates through amino acid residues surrounding 

the cleavage site, commonly described using the 

Schechter and Berger nomenclature (P4–P1 / P1′–P4′). 

Investigating fibrin-derived peptide segments, 

therefore, provides a useful framework for 

understanding the substrate recognition mechanism of 

zingibain-2. Recent advances in computational 

biology have enabled the investigation of enzyme–

substrate interactions at atomic resolution through in 

silico approaches. Techniques such as molecular 

docking and molecular dynamics (MD) simulations 

allow the exploration of catalytic interactions, 

structural stability, and binding behavior of enzyme–

substrate complexes under simulated physiological 

conditions. These computational methods have 

become powerful tools for studying enzyme 

mechanisms and predicting protein–substrate 

interactions prior to experimental validation (Śledź 

and Caflisch, 2018; Markovic et al., 2020). 

In silico analysis offers an important step in addressing 

the underlying zingibain-2–fibrin interaction at the 

molecular level, to better understand its fibrinolytic 

mechanism of action. In silico experiments harness 

computational power, computer software, and publicly 

available biological databases. A recent example is the 

selection, retrieval, and comprehensive in silico 

analyses of Bacillus fibrinolytic enzyme sequences 

and respective studies of their structures, amino acid 

compositions, and physicochemical properties, with 

the aim of attaining a better picture of the sequence–

property relationships of Bacillus fibrinolytic enzymes 

and the creation of mutant enzymes better-suited for 

specific applications (Boro et al., 2024). Within the 

context of this study, in silico experiments simulate 

molecular behavior and interactions between 

biological macromolecules, i.e., enzyme-peptide 

catalytic reactions, within a specified space and 

specified chemical and physical conditions and time. 

These in silico experiments involve molecular docking 

and MD simulations to provide insights for initial in 
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vitro experiments and to validate prior in vitro 

experiments. Conversely, in silico experiments can 

and should be validated with subsequent in vitro 

experiments. By combining the strengths of both 

approaches, in silico experiments can validate and 

focus in vitro experiments, and therefore, reduce 

laboratory resource and time usage (Purnomo et al., 

2025). As such, this study aimed to elucidate the 

molecular interactions between Z. officinale zingibain-

2 and fibrin-derived peptides through in silico 

molecular docking and MD simulation approaches 

already established in prior studies of actinidin and 

papain enzymes and to evaluate the effectiveness of Z. 

officinale zingibain-2 as a potential plant-based 

thrombolytic agent. 

 

Material and Methods 
 

Fibrin peptide scissile bond prediction 
Scissile bonds within fibrin were predicted based on 

the human fibrin structure available in the Protein Data 

Bank (PDB ID: 2HLO) (Doolittle et al., 2006), which 

represents a fragment of the fibrin D-dimer relevant to 

physiological clot formation. Chains A (α), B (β), and 

C (γ) of one asymmetric unit were analyzed, with 

residue numbering following the PDB 2HLO 

coordinate numbering system (Doolittle et al., 2006). 

Only residues with resolved atomic coordinates were 

included, while regions lacking electron density or 

peptide ligands were excluded to ensure structural 

consistency for downstream simulations. Potential 

cleavage sites were identified by scanning for peptide 

segments in which proline was present at the P2 

position, in accordance with the substrate specificity 

of zingibain-2, which cleaves the peptide bond 

between P1 and P1′ residues (Choi et al., 1999). 

Residue positions around the scissile bond were 

annotated following the nomenclature described by 

Schechter and Berger, in which substrate residues 

interacting with protease subsites may extend beyond 

the immediate scissile bond (P1–P1′) and include 

positions up to P4–P4′ (Schechter and Berger, 1967; 

Waldner et al., 2018). Each candidate scissile bond 

was extended to include residues P4–P4′, resulting in 

octameric peptide segments (P4–P3–P2–P1–P1′–P2′–

P3′–P4′), which were used as substrates in subsequent 

molecular docking and MD simulations with 

zingibain-2.  

 

 

AlphaFold3 prediction of zingibain structure 
Zingibain isoform 2 (zingibain-2) was selected 

because of the availability of its crystallographic 

structure (PDB ID: 1CQD), which enabled direct 

structural validation because of its 100% sequence 

identity with the experimental template (Choi et al., 

1999). The amino acid sequence (UniProt accession 

P82474) comprises 221 residues, corresponding 

exactly to the crystallographic structure determined by 

X-ray diffraction at 2.10 Å resolution, with reported 

R-work and R-free values of 0.213 and 0.249, 

respectively. Three-dimensional structure prediction 

was performed using the AlphaFold3 server, with the 

full-length 221-residue sequence as the input, under 

default parameters (Abramson et al., 2024). Prior to 

complex modeling with fibrin peptides, the reliability 

of the predicted structure was evaluated by 

superimposition onto the crystallographic reference 

structure (PDB ID: 1CQD) using PyMOL v3.1.6.1 

(Schrödinger and DeLano, 2020). Structural similarity 

between the predicted and experimental models was 

quantified by calculating the root mean square 

deviation (RMSD) of the backbone atoms following 

structural alignment. Stereochemical quality was 

assessed using Ramachandran plot analysis generated 

via the SWISS-MODEL server (Sobolev et al., 2020). 

Additional structural validation was performed using 

ERRAT (Colovos and Yeates, 1993) and VERIFY3D 

(Bowie et al., 1991; Lüthy et al., 1992) through the 

SAVES v6.0 server to evaluate the overall reliability 

of the AlphaFold3 model against the experimentally 

resolved model.  

 

Zingibain-fibrin peptide molecular docking 

simulation 
Molecular docking interactions between zingibain-2 

and the 8-residue fibrin peptides (P4–P4′) were 

modeled using the AlphaFold3 server (Abramson et 

al., 2024). The full-length amino acid sequences of 

zingibain-2 (UniProt P82474) and each peptide were 

submitted to the AlphaFold3 server under default 

parameters to generate enzyme–peptide complex 

structures. AlphaFold3 predicts protein–protein 

interactions using a neural network architecture 

capable of modeling inter- and intra-molecular residue 

relationships and refining atomic coordinates through 

a diffusion-based structural prediction framework 

(Abramson et al., 2024). For each enzyme–peptide 

pair, five structural models were generated (Abramson 

et al., 2024). Structural visualization and analysis were 
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performed using PyMOL (Schrödinger and DeLano, 

2020). The catalytic triad of zingibain-2 (Cys27, 

His161, and Asn181) was defined based on the 

crystallographic structure (PDB ID: 1CQD) (Choi et 

al., 1999). This catalytic arrangement corresponds to 

the conserved Cys–His–Asn catalytic motif 

characteristic of papain-like cysteine proteases 

belonging to the C1 family (clan CA), according to the 

MEROPS peptidase database (Rawlings et al., 2017), 

whereas the histidine residue activates the catalytic 

cysteine nucleophile and the asparagine residue 

stabilizes the histidine during catalysis (Ramli et al., 

2018). For each enzyme-peptide pair, five models 

were generated. The representative docking model for 

each complex was selected based on catalytic 

feasibility. Specifically, the distance between the 

sulfur atom (SG) of Cys27 and the carbonyl carbon of 

the P1 residue of the peptide was measured. The model 

exhibiting the shortest distance was selected as the 

most plausible cleavage orientation. AlphaFold3 

docking confidence metrics, including the predicted 

template modeling (pTM), interface pTM (ipTM) 

scores, combined confidence score, and predicted 

local distance difference test (pLDDT) value were also 

evaluated. The pLDDT values were extracted directly 

from the AlphaFold3 output. The combined 

confidence score however, was calculated from the 

pTM and ipTM scores, weighted to favor the latter, as 

described by Evans et al. (2022) and Jumper et al. 

(2021) using Equation (1): 

 

𝐂𝐨𝐧𝐟𝐢𝐝𝐞𝐧𝐜𝐞 =  (𝟎. 𝟖 ×  𝐢𝐩𝐓𝐌) +  (𝟎. 𝟐 ×  𝐩𝐓𝐌)
                                            (1) 

 

The solvent-accessible surface area (SASA) of the 

peptide within each enzyme–peptide complex was 

calculated using PyMOL to estimate substrate 

exposure within the catalytic pocket. The selected 

complexes were subsequently subjected to MD 

simulations to allow structural relaxation and 

conformational refinement prior to trajectory analysis 

through further MD simulations.  

 

MD simulation 
MD simulations were performed using GROMACS 

version 2023.4 with the CHARMM36-jul2022 force 

field (Abraham et al., 2015), with parameters adapted 

from our previous study, to analyze the interactions 

between zingibain-2 and the docked fibrin peptides 

(Pinontoan et al., 2024). The system selected for the 

simulation comprised the best docking model as 

determined based on the SG–C distance in the 

zingibain-2–fibrin peptide complex solvated in a cubic 

water box using the SPC/E water model (Berendsen et 

al., 1987). To ensure system stability, a minimum 

distance of approximately 3.0 nm was maintained 

between any protein atom and the box boundary. The 

simulation began with energy minimization to 

stabilize the initial configuration, NVT equilibration 

(constant volume and temperature) at 298 K for 100 

ps, and NPT equilibration (constant particle count, 

pressure, and temperature) for 300 ps. The temperature 

gradually increased to 310 K. The bond lengths were 

constrained using the LINCS algorithm, and long-

range electrostatic interactions used the particle mesh 

Ewald method with a 160 pm grid (Essmann et al., 

1995; Hess et al., 1998). The production simulation 

was conducted for 100 ns with a 2-fs timestep. 

Throughout the simulation, the RMSD and Z-score 

normalized root mean square fluctuation (RMSFN) of 

the enzyme and peptide were monitored and calculated 

to evaluate conformational changes (Essmann et al., 

1995). Additionally, the distance between Cys27-SG 

of zingibain-2 and P1-C of the fibrin peptide was 

tracked to observe the catalytic interaction.  

The binding affinities of the zingibain-2–fibrin peptide 

complexes were calculated as the Gibbs binding free 

energy (ΔG) in kcal/mol using gmx_mmpbsa software 

(Valdés-Tresanco et al., 2021) with the molecular 

mechanics/generalized born surface area 

(MM/GBSA) method, as used in prior in silico MD 

analyses of papain enzymes (Valdés-Tresanco et al., 

2021; Purnomo et al., 2025). The equations for this 

calculation are expressed as Equations (2) and (3): 

 

𝚫𝐆𝐌𝐌/𝐆𝐁𝐒𝐀
𝐨 = [𝐆𝐜𝐨𝐦𝐩𝐥𝐞𝐱] − [𝐆𝐞𝐧𝐳𝐲𝐦𝐞] − [𝐆𝐩𝐞𝐩𝐭𝐢𝐝𝐞]

                                                                   (2) 

with  

 

𝐆𝐱 = [𝐄𝐌𝐌] + [𝐆𝐬𝐨𝐥𝐯𝐚𝐭𝐢𝐨𝐧] − [𝐓𝐒]  (3) 

 

The MM/GBSA Gibbs binding free energy is a delta 

between an enzyme–peptide complex system and the 

sum of the enzyme and peptide systems, represented 

by Gx terms, with each term being the sum of the 

molecular mechanical energy of the system 

represented by EMM and the solvation energy 

represented by Gsolvation, from which the product of the 

system’s temperature and entropy, represented by T 

and S, respectively, is subtracted. Binding free energy 
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calculations were performed using snapshots extracted 

from the last 20 ns of the simulation at 100 ps intervals. 

 

Results  
 

Fibrin peptide scissile bond prediction  
Potential cleavage sites targeted by zingibain-2 were 

identified based on its reported preference for proline 

residues at the P2 position (Choi et al., 1999). Using a 

fragment of the human fibrin D-dimer crystal structure 

(PDB ID: 2HLO) as a reference, fibrin chains were 

screened for residues satisfying these motifs. Eighteen 

potential scissile bonds were identified across the 

fibrin chains. Of these, 10 peptide segments originated 

from the fibrin Bβ chain, while eight were derived 

from the fibrin Cγ chain (Table 1). No candidate 

peptides were detected in the fibrin Aα chain because 

of the absence of proline residues at the P2 position. 

Eighteen potential scissile bonds were identified and 

subsequently expanded into 8-residue peptide 

sequences encompassing the P4–P4′ positions. Of 

these, 10 peptides originated from the fibrin Bβ chain 

and eight from the fibrin Cγ chain, as summarized in 

Table 1. No scissile bonds were identified in the fibrin 

Aα chain, because no proline residues were present at 

the P2 position. Therefore, no 8-residue peptides from 

the Aα chain were generated for further analysis. Each 

candidate cleavage site was extended to include 

residues spanning the P4–P4′ positions, resulting in 8-

residue peptide segments used for subsequent 

molecular docking and MD simulations.  

 

 

Table-1. Predicted cleavable 8-residue peptide sequences. 

 

Fibrin chain Fibrin peptide Peptide sequences Predicted cleavage sites  

(P1–P1′) 

FibAα FibAα - - 

FibBβ FibBβ-1 NIPTNLRV Thr163–Asn164 

 FibBβ-2 RTPCTVSC Cys197–Thr198 

 FibBβ-3 NIPVVSGK Val205–Val206 

 FibBβ-4 IQPDSSVK Asp230–Ser231 

 FibBβ-5 VKPYRVYC Tyr236–Arg237 

 FibBβ-6 WDPYKQGF Tyr269–Lys270 

 FibBβ-7 GLPGEYWL Gly290–Glu291 

 FibBβ-8 MGPTELLI Thr308–Glu309 

 FibBβ-9 SDPRKQCS Arg391–Lys392 

 FibBβ-10 ANPNGRYY Asn413–Gly414 

FibCγ FibCγ-1 QEPCKDTV Cys139–Lys140 

 FibCγ-2 IKPLKANQ Leu172–Lys173 

 FibCγ-3 LSPTGTTE Thr221–Gly222 

 FibCγ-4 AIPYALRV Tyr244–Ala245 

 FibCγ-5 VGPEADKY Glu270–Ala271 

 FibCγ-6 DDPSDKFF Ser300–Asp301 

 FibCγ-7 STPNGYDN Asn361–Gly362 

 FibCγ-8 IIPFNRLT Phe389–Asn390 

 

Structural validation of the zingibain-2 model  
The three-dimensional structure of zingibain-2 (PDB: 

1CQD) was predicted using AlphaFold3 (Choi et al., 

1999; Abramson et al., 2024). The structure was 

evaluated for its suitability for subsequent docking 

simulations using two approaches: 1) structural 

superimposition with the experimentally resolved X-

ray crystallography structure to calculate the RMSD, 

which assesses the overall similarity and ensures the 

predicted model does not deviate significantly from 

the native conformation, and 2) Ramachandran plot 

analysis to evaluate the stereochemical quality and 

backbone conformations of the protein residues 

(Sobolev et al., 2020; Pan et al., 2025). In the 

Ramachandran plots (Figure 1B, C), each dot 

represents an individual residue, and the contour lines 

(first, second, and third) indicate favored and allowed 

backbone conformations based on confidence levels, 
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namely, the most favored regions (99.7%), 

additionally allowed regions (95.0%), and generously 

allowed regions (80.0%) (Ramachandran et al., 1963). 

Structural superimposition of the predicted model with 

the experimentally resolved X-ray crystallography 

structure showed a low RMSD value of 0.33 Å (Figure 

1A). Furthermore, the AlphaFold3-predicted structure 

showed favorable conformations, as indicated by the 

Ramachandran plot showing 97.72% of residues with 

favorable torsional angles, without any outliers 

(Figure 1B), which was in agreement with the 

experimentally resolved structure shown in the 

Ramachandran plot in Figure 1C. Further validation 

using ERRAT resulted in an overall quality factor of 

98.58%, which exceeded the commonly accepted 

threshold for high-resolution structures (> 95%). 

VERIFY3D analysis demonstrated that 81.90% of 

residues achieved a 3D–1D score ≥ 0.1, surpassing the 

80% acceptance criterion for structural compatibility. 

These results demonstrated high structural agreement 

between the predicted and experimentally resolved 

structures, supporting the reliability of the AlphaFold3 

model for subsequent molecular docking and MD 

simulations (Terefe and Ghosh, 2022). 

 

 
 

Figure-1. Structural validation of the AlphaFold3-predicted zingibain-2 model. (A) Structural superimposition of 

the predicted model (green) with the experimentally resolved X-ray crystal structure (PDB: 1CQD, orange). (B) 

Ramachandran plot of the predicted structure. (C) Ramachandran plot of the crystallographic reference structure. 
 

AlphaFold3-predicted docking of zingibain–2 

with fibrin peptides  
Docking simulations were performed by predicting 

complexes between zingibain-2 and each of the 18 

candidate fibrin peptides using AlphaFold3. The 

selected docking poses are shown in Figure 2. In all 

complexes, the fibrin peptides were positioned within 

the catalytic cleft of zingibain-2, near the catalytic 

triad residues Cys27, His161, and Asn181. The 

orientation of the peptide backbone relative to the 

catalytic residues suggested plausible geometries for 

nucleophilic attack at the P1–P1′ peptide bond (Choi 

and Laursen, 2000). The protein–peptide complex 

models were further validated using the benchmarking 

metrics of AlphaFold3, as predicted pTM and ipTM 

scores, as outlined by Jumper et al. (2021). Both 

metrics were combined into ipTM-weighted 

confidence values (Evans et al., 2022). 

Table 2 shows the AlphaFold3-predicted protein–

peptide docking interactions between zingibain-2 and 

8-residue human fibrin peptides benchmarked for their 

accuracy based on pLDDT, pTM, ipTM, and ipTM-

weighted confidence scores. The predicted complexes 

exhibited high pLDDT values (91.62–94.92), 

indicating reliable local structural accuracy of the 

modeled residues (Guo et al., 2022). The overall fold 

confidence, as reflected by the pTM values, remained 

consistently high across all complexes (0.93–0.95), 

supporting the structural integrity of the predicted 

enzyme–peptide models. The interface confidence 

(ipTM) scores ranged from 0.45 to 0.86. Although 

ipTM values above 0.8 are generally associated with 

highly reliable protein–protein interfaces, lower scores 

are frequently observed in protein–peptide systems 

because of the smaller interaction surface area (Varga 

et al., 2025). To further rank the docking models, an 

ipTM-weighted confidence score was calculated, 

yielding values between 0.56 and 0.93. For initial 

catalytic assessment, the distance between Cys27 SG 

and the P1 carbonyl atoms was measured, with 

distances ≤ 5 Å considered permissive for potential 
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cleavage. All complexes were subsequently subjected 

to MD simulations to allow structural relaxation and 

refinement, enabling even moderate-confidence 

models to adopt catalytically favorable geometries.  

 

Table-2. AlphaFold3 confidence scores of the predicted zingibain-2–peptide complexes.  

 

Fibrin peptide pLDDT ipTM pTM Confidence 

FibAα - - - - 

FibBβ-1 93.18 0.53 0.94 0.63 

FibBβ-2 94.27 0.52 0.94 0.62 

FibBβ-3 94.27 0.54 0.93 0.63 

FibBβ-4 93.20 0.45 0.93 0.56 

FibBβ-5 94.75 0.79 0.94 0.84 

FibBβ-6 92.73 0.63 0.94  0.71 

FibBβ-7 92.55 0.69  0.94  0.76 

FibBβ-8 94.92 0.90 0.95 0.93 

FibBβ-9 93.77 0.56 0.94  0.65 

FibBβ-10 93.23 0.61 0.94 0.69 

Fibγ-1 93.46 0.56 0.94  0.65 

Fibγ-2 94.00 0.60 0.94  0.68 

Fibγ-3 93.57 0.60 0.94  0.69 

Fibγ-4 91.62 0.62 0.93  0.70 

Fibγ-5 93.43 0.63 0.94 0.71 

Fibγ-6 91.92 0.53 0.93 0.63 

Fibγ-7 93.59 0.50 0.94  0.61 

Fibγ-8 93.36 0.52 0.94 0.62 
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Figure-2. Molecular docking results between zingibain-2 (gray) and fibrin β-chain peptides (green). The catalytic 

triad residues of zingibain-2 (Cys27, His161, and Asn181) are highlighted in magenta. Yellow dashed lines 

indicate the distance (Å) between the sulfur atom (SG) of Cys27 and the carbon atom (C) of the P1 residue at the 

target peptide bond. (A–J) Binding conformations of fibrin β peptides (FibBβ-1 to FibBβ-10). (A1–J1) 

Corresponding zoomed interaction views showing key residues and interaction distances. (K–R) Binding 

conformations of fibrin γ peptides (FibCγ-1 to FibCγ-8). (K1–R1) Corresponding zoomed interaction views 

showing key residues and interaction distances. 

 

To determine whether the predicted complexes 

adopted catalytically favorable orientations, the 

distance between the sulfur atom (SG) of Cys27 and 

the carbonyl carbon (C) of the peptide P1 residue was 

measured. The catalytic distances between the Cys27-

SG and P1-C atoms of zingibain-2 ranged from 3.1 to 

11.8 Å (Figure 2). The closest onpeptideses were Fibγ-

7 (3.1 Å) and Fibγ-3 (3.2 Å), followed by Fibγ-4, Fibγ-

1, and Fibγ-5 at approximately 3.5 Å; FibBβ-7 (3.6 Å); 

Fibγ-2 (3.7 Å); and FibBβ-10 (3.8 Å). Peptides FibBβ-

1, FibBβ-4, FibBβ-3, FibBβ-2, and Fibγ-8 were further 

away (4.2–4.9 Å), and the furthest peptides were 

FibBβ-6, Fibγ-6, FibBβ-9, FibBβ-5, and FibBβ-8 

(6.8–11.8 Å). Thirteen of the peptides were also found 

to be within the reported ≤ 5 Å threshold for catalytic 

competence, with six from the Bβ chain and seven 

from the γ chain, and thus, they were considered 

catalytically favored for cleavage (Pinontoan et al., 

2024). The zingibain-2-peptide interaction SASA was 

measured to evaluate the peptides’ accessibility within 

the zingibain-2 catalytic pocket (Table 3). FibBβ-5 

exhibited the highest SASA value (941.203 Å²), while 

Fibγ-3 showed the lowest SASA value (716.703 Å²). 

Thus, these peptides, respectively, have better and 

worse solvent accessibility (Mukherjee and Bahadur, 

2018). The remaining peptides displayed intermediate 

SASA values within this range, reflecting varying 

degrees of exposure of the scissile bond to the enzyme 

(Venkatraman et al., 2009). 
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Table-3. Predicted SASA values of the fibrin peptides. 

 

Fibrin peptide SASA (Å2) 

FibAα - 

FibBβ-1 855.640 

FibBβ-2 750.853 

FibBβ-3 751.487 

FibBβ-4 770.653 

FibBβ-5 941.203 

FibBβ-6 763.416 

FibBβ-8 816.430 

FibBβ-9 813.699 

FibBβ-10 758.144 

FibCγ-1 818.466 

FibCγ-2 847.795 

FibCγ-3 716.703 

FibCγ-4 829.281 

FibCγ-5 778.401 

FibCγ-6 834.777 

FibCγ-7 755.874 

FibCγ-8 909.921 

 

MD stability of zingibain-2–peptide complexes 
MD simulations were performed to evaluate the 

stability of zingibain-2–fibrin peptide interactions 

under dynamic conditions over time following the 

initial docking predictions. The MD simulation results 

were analyzed using several parameters, namely 

RMSD, RMSFN, the catalytic distances between the 

active residues of zingibain-2 and fibrin peptides, and 

the binding free energy calculated using the 

MM/GBSA method.  
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Figure-3. Molecular dynamics (MD) analysis of zingibain-2–peptide interactions. (A) Root mean square 

deviation (RMSD) violin plots showing the distribution of structural deviations of zingibain-2 (blue) and 

individual fibrin peptides (red) over a 100 ns simulation, where the x-axis represents each peptide–enzyme 

complex and the y-axis indicates the RMSD values (nm). (B) Normalized root mean square fluctuation (RMSFN) 

of Cα atoms for each amino acid residue in the fibrin peptides according to substrate positions relative to the 

scissile bond (P4–P4′). The x-axis denotes residue positions within the peptide, whereas the y-axis represents 

normalized RMSFN values.  

 

The structural behavior of zingibain-2 and the fibrin 

peptides was monitored throughout the 100-ns MD 

simulation and displayed as RMSD violin plots to 

assess their molecular stability, based on how far they 

deviated from their initial conformation. Lower values 

indicated a more rigid structure (Bhattacharya et al., 

2024). While the zingibain-2 RMSD value reflects its 

overall structural integrity, the peptide RMSD reflects 

its own integrity within the zingibain-2 binding site 

throughout the simulation. As shown in Figure 3A, 

zingibain-2 (blue) consistently exhibited low RMSD 

values across all simulations, indicating that the 

enzyme structure remained stable throughout the 

simulation, indicating a stable catalytic geometry 

integrity. In contrast, the peptides (red) were found to 

be much more flexible, as reflected by higher and 

broader RMSD distributions. Despite this variability, 

most peptides exhibited RMSD values concentrated in 

a single dominant population, indicating that they 

remained associated with the enzyme throughout most 

of the simulation. Fibγ-1 and Fibγ-8 peptides however, 

demonstrated bimodal RMSD distributions, which 

likely suggested an intermittent loss of a stable binding 

pose, because of temporary displacement from the 

catalytic site. 

RMSFN analysis of Cα atoms was performed for every 

amino acid in the fibrin peptides to evaluate residue-

level flexibility. This analysis quantifies the deviations 

of atom positions from their average during MD 

simulations (Figure 3B). Increased flexibility is 

indicated by higher RMSFN values (Bagewadi et al., 

2023; Song et al., 2024). The residue positions were 

numbered before and after the cleavage point, in 

accordance with the method described by Schechter 

and Berger (1967). In this nomenclature, the peptide 

bond targeted for cleavage is located between the P1 

and P1′ positions, with numbers P4–P1 from the N-

terminal side and P1'–P4' to the C-terminal side. The 
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residues closest to the cleavage site (P3–P3′) are 

regarded as belonging to the central binding region, 

whereas P4 and P4′ represent the peptide’s terminal 

ends. The terminal residues, P4 and P4', showed much 

higher RMSFN values, whereas the inner residues 

showed lower values. This indicates that the substrate-

binding pocket preferentially recognizes the inner 

residues, forming multiple interactions that stabilize 

them. Such stabilization increases the likelihood that 

these residues adopt the correct orientation for 

proteolysis. Therefore, consistently low RMSFN 

values are indicative of the enzyme effectively 

recognizing and securing the peptide within the 

pocket, enabling proper orientation and enhancing the 

probability of cleavage. However, not all peptides 

follow this phenomenon. Certain peptides, including 

FibBβ-1, FibBβ‑2, FibBβ‑4, FibBβ‑6, FibBβ‑7, 

FibBβ‑9, FibBβ‑10, FibCγ‑3, FibCγ‑4, FibCγ‑5, 

FibCγ‑6, and FibCγ‑7, had one or more of their inner 

residues exhibiting higher RMSFN values, suggesting 

potential flexibility that may affect the scissile bond 

orientation. 

 

 
Figure-4. Violin plot of the catalytic distance between Cys27-SG of zingibain-2 and P1-C of the fibrin peptides 

over 100 ns of MD simulations. 

 

Catalytic distance analysis was performed to evaluate 

whether the catalytic interaction between zingibain-2 

and the fibrin peptides could be maintained 

consistently under dynamic conditions during the MD 

simulation. The distribution of the catalytic distance 

between the SG atom of the catalytic Cys27 residue of 

zingibain-2 and the carbonyl carbon at the P1 position 

of each fibrin peptide over the 100-ns simulation was 

visualized using violin plots (Figure 4). Eleven of the 

18 peptides maintained a catalytic distance less than 

~2 Å, maintaining stable interactions within the 

catalytic pocket, which suggests a favorable 

orientation for nucleophilic attack and thus, a higher 

likelihood of being cleavable substrates (Cuesta et al., 

2020; Ochoa et al., 2020). In contrast, seven peptides 

displayed broader distributions and/or frequent 

sampling distances greater than 4 Å. These peptides, 

including Fibβ-1, Fibβ-4, Fibβ-5, Fibβ-6, and Fibγ-1, 

showed wider bimodal distributions and larger 

interquartile ranges, which suggested their temporary 

binding within the catalytic site before dissociation 

occurred at some point throughout the simulation 

trajectory. Peptides Fibβ-9 and Fibγ-6 were even 

outright dissociated from the enzyme shortly after the 

simulation started, becasue of their much narrower 

distribution and a median at 5 Å.  
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Figure-5. Violin plot of molecular mechanics/generalized born surface area binding free energy analysis from 

MD simulations of 18 zingibain-2–peptide interactions. Colored dots represent binding free energy values 

sampled at 20 ns intervals throughout the simulation. 

 

In addition to the RMSD, RMSF, and catalytic 

distance, the MM/GBSA free binding energies of 

these zingibain-2–peptide interactions were estimated 

by combining molecular mechanics energies with 

solvation terms (Kollman et al., 2000). Energetically 

favorable interactions, indicated by negative binding 

free energy values, are much more favored for stable 

and successful catalytic reactions. In contrast, near-

zero or positive energy values indicate much weaker 

binding and therefore, may risk dissociation (Bello et 

al., 2025). As shown in Figure 5, 11 of the 18 peptides 

indicated favorable interactions through their 

consistently negative energies throughout the MD 

simulation, while the remainder indicated much 

weaker interactions, or even dissociation, given that 

their energies fluctuated towards zero. 

 

Discussion 
 

In silico analyses provide valuable insights into 

enzyme–substrate recognition mechanisms that are 

often difficult to capture experimentally. In the present 

study, a combination of AlphaFold3-based docking 

and MD simulations was used to investigate how 

zingibain-2 interacts with fibrin-derived peptides at 

the molecular level. These analyses extend previous in 

vitro observations of fibrinolytic activity performed by 

Pinontoan et al. (2024) by providing structural and 

dynamic evidence supporting the catalytic capability 

of zingibain-2 toward fibrin substrates. Before 

analyzing enzyme–substrate interactions, the 

structural reliability of the predicted zingibain-2 

model was evaluated. The AlphaFold3-predicted 

zingibain-2 structure displayed excellent structural 

similarities with the crystallographic reference model 

(PDB: 1CQD), as indicated by the low RMSD value, 

favorable Ramachandran-plotted torsional angles, and 

high ERRAT and VERIFY3D benchmarking scores 

(Pan et al., 2025; Sobolev et al., 2020; Colovos and 

Yeates, 1993; Bowie et al., 1991; Lüthy et al., 1992). 

These findings confirmed that the predicted structure 

accurately reproduces the experimentally resolved 

fold of zingibain-2 and therefore, provides a reliable 

framework for analyzing substrate-binding 

interactions. Moreover, the findings are in line with 

earlier studies showing the robustness of AlphaFold-

based protein predictions (Jumper et al., 2021). 

Following structural validation, docking simulations 

revealed that 13 of the 18 peptides could adopt binding 

orientations that place the scissile bond at a distance 

compatible with the catalytic triad of zingibain-2 

(Cys27–His161–Asn181). In cysteine proteases such 

as zingibain-2, actinidin, bromelain and papain, 

His161 activates the thiol group of Cys27, enabling 

nucleophilic attack on the peptide bond, while Asn181 

orients and stabilizes the imidazolium ring of the 
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catalytic histidine during the catalytic reaction (Choi 

et al., 1999; Oanca et al., 2020; Purnomo et al., 2025; 

Ramli et al., 2018). The observed positioning of fibrin 

peptides near this catalytic triad suggested that 

zingibain-2 can accommodate multiple fibrin-derived 

substrates within its active site. The veracity of these 

AlphaFold3-predicted enzyme–peptide complexes 

were further benchmarked using AlphaFold’s internal 

metrics, including pLDDT, pTM, and ipTM scores. 

The models exhibited consistently high pLDDT values 

(> 91), indicating reliable local structural accuracy 

across both enzyme and peptide regions (Guo et al., 

2022). This was supported by high pTM scores (0.93 

to 0.95), indicating high global structural model 

reliability. iPTM values ranged from 0.45 to 0.90, 

which, although lower than those typically observed in 

protein–protein complexes, are consistent with the 

smaller interaction surface area of protein–peptide 

complexes (Evans et al., 2022; Jumper et al., 2021).  

Substrate accessibility also appears to contribute to 

cleavage potential. The scissile bond must be 

sufficiently exposed on the peptide surface to permit 

enzymatic access, in addition to having a catalytic 

distance compatible with cleavage (Venkatraman et 

al., 2009). Thus, SASA measurements were performed 

on these 8-residue peptides to ascertain whether their 

cleavage sites were solvent-accessible or buried 

(Mukherjee and Bahadur, 2018). The peptides that 

showed both wide SASA values and short catalytic 

distances were Fibγ-4, Fibγ-1, and FibBβ-7. This 

implies that the scissile bonds are both close to Cys27 

and sufficiently exposed to be catalyzed by the 

enzyme. The other peptides, however, displayed less 

ideal configurations by either staying highly exposed, 

but further away from Cys27, or being correctly 

oriented, but buried further within the active site. 

Although molecular docking provides initial binding 

poses, it represents enzyme–substrate interactions 

only at a single time point and, therefore, does not 

reflect the inherent flexibility of proteins (Śledź and 

Caflisch, 2018). MD simulations, therefore, play a 

critical role in assessing whether these complexes 

remain catalytically competent under dynamic 

conditions, because proteases frequently experience 

conformational changes during catalysis 

(Hollingsworth and Dror, 2018). The low RMSD 

values observed during the simulation indicated that 

zingibain-2 maintained structural stability throughout 

the simulations. While the peptides themselves 

displayed more varied RMSD profiles, the complexes 

achieved catalytically stable states. These profiles 

indicated conformational adaptation within the 

catalytic pocket (Bello et al., 2025). Furthermore, 

these dynamic modifications were supported by the 

temporal fluctuations observed in the catalytic 

distance and binding free energy. Residue-level RMSF 

analysis revealed that residues located near the central 

cleavage region (P3–P3′) tended to display lower 

fluctuations compared to those observed for the 

terminal residues (P4 and P4′). This pattern suggested 

that the catalytic pocket stabilizes residues 

surrounding the scissile bond, while allowing greater 

flexibility at peptide termini, a behavior consistent 

with previously reported substrate recognition patterns 

in papain-like proteases. Liu et al. (2009) suggested 

that stabilization may help to maintain a peptide 

orientation favorable for the nucleophilic attack of 

Cys27. However, the peptides’ end residues remained 

flexible. This suggested induced-fit adaptations that 

allow the enzyme to accept a range of peptide 

sequences without changing the catalytic geometry 

(Yang et al., 2017).  

Throughout the course of 100 ns MD simulations, 11 

out of the 18 peptides consistently maintained short 

catalytic distances and favorably negative binding free 

energies, suggesting geometries compatible with 

catalytic interactions. The remaining seven peptides, 

however, displayed less-stable interactions, with near-

zero binding free energies and pronounced distance 

fluctuations that may have ended with sheer 

dissociation. Most of these peptides showed high 

RMSFN values at the central residues (P3–P3'), 

indicating that their flexibility might reduce their 

ability to bind to the enzyme. These results suggested 

that increased flexibility near the cleavage region may 

reduce the stability of enzyme–peptide interactions. 

Therefore, their decreased flexibility may be 

correlated with more stable enzyme–peptide 

interactions (Yang et al., 2017). More importantly, the 

distinct stability observed in peptides that satisfy the 

P2 proline requirement suggested that additional 

residues surrounding the scissile bond may facilitate 

more effective binding and, consequently, catalysis 

(Choe et al., 2006). This suggested that zingibain-2 

substrate recognition likely involves contributions 

from flanking positions by adjacent residues, in 

addition to the canonical P2 proline motif, likely 

related to zingibain-2 positioning in cysteine protease 

clans. 

The MD simulations suggested that zingibain-2 is 

capable of forming stable interactions with several 

fibrin-derived peptides in catalytically favorable 
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geometries. While 11 of the 18 peptides exhibited < 2 

Å Cys27-SG to P1-C catalytic distances, the 

remainder exhibited distances > 4 Å. These distance 

ranges are respectable compared to other papain-like 

cysteine proteases that have been reported to be 

fibrinolytic, such as papain, which exhibits catalytic 

distances > 3.3 Å, and actinidin, which exhibits 

catalytic distances of 3.6 and 4.4 Å throughout their 

respective MD simulations (Pinontoan et al., 2024; 

Purnomo et al., 2025). Papain and zingibain-2 both 

allow greater flexibility at P4 and P4' positions, while 

stabilizing residues around P3–P3' (Purnomo et al., 

2025). These comparisons suggest that zingibain-2 

shares molecular interaction behaviors with other 

plant cysteine proteases previously reported to possess 

fibrinolytic activity.  

Despite these computational findings indicating the 

fibrinolytic activity of zingibain-2 against certain parts 

of the fibrin chain, it must be considered that this in 

silico study relied purely on computational 

simulations of the molecular-scale interaction between 

the enzyme and the fibrin peptides and as such, is 

predictive in nature. As such, the findings must be 

validated via in vitro experimentation to confirm the 

enzymatic activity of zingibain-2 and its mechanisms 

of action with human fibrin as the substrate. 

Furthermore, the therapeutic development of 

zingibain-2 as a fibrinolytic agent must also take 

pharmacological considerations into account, which 

are normally explored through in vitro and in vivo 

experiments beyond the scope of this in silico study 

(Sliwoski et al., 2014). Zingibain-2 may exhibit off-

target proteolytic activity against non-fibrin targets, 

leading to undesirable systemic effects (Huber et al., 

2025). Excessive fibrinolytic activity may exacerbate 

the risk of bleeding which is a common complication 

associated with thrombolytic therapy (Stewart and 

Kline, 2020). Immunogenicity and stability in 

physiological conditions also remain to be evaluated 

(Hazare et al., 2024). Therefore, safety evaluations are 

essential before considering therapeutic development. 

 

Conclusion 
 

Overall, these in silico analyses highlighted human 

fibrin peptides as potential catalytic targets of 

zingibain-2. Throughout the 100-ns MD simulations, 

11 of the 18 peptides maintained favorably negative 

binding energies and short catalytic distances, with the 

P3–P3' central residues mostly stabilized to facilitate 

the nucleophilic attack of Cys27. These in silico 

results support the hypothesis that zingibain-2 has 

potential as a natural thrombolytic enzyme by 

demonstrating substrate recognition beyond the P2 

proline motif and showing similar behavior to other 

plant-based cysteine proteases with fibrinolytic 

activity. However, these findings must be validated via 

in vitro experiments. 
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