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Abstract 
 

Background and Objective: Identifying a milk-clotting enzyme (MCE) with high κ-

casein specificity and heat sensitivity remains a challenge in cheese production. 

Current microbial, plant, and recombinant MCEs often exhibit low clotting activity, 

poor κ-casein specificity, and high thermostability, compromising cheese quality and 

increasing production costs. In this study, to address this, we developed a 

computational pipeline combining structural analysis, machine learning, and 

molecular dynamics simulation to design approximately 160,000 peptides from the 

Rhizomucor miehei protease–Pepstatin A complex (PDB ID: 2RMP). 

Material and Methods: Single-site mutagenesis, ML-driven affinity re-prediction, 

and physicochemical filtering yielded 84 peptides. Their specificity as aspartic 

proteases were validated via predicted Pepstatin A binding and further screened for 

cross-reactivity with αs1-, αs2-, and β-caseins.  

Results and Conclusion: Two candidates, Pep1 and Pep2, demonstrated superior κ-

casein binding affinities (ΔG = -50.20 and -39.07 kcal/mol at 40 °C, respectively), 

lower melting indices (-4.05 and -3.09), and significantly enhanced specificity scores 

(-10.85) compared to Rhizomucor miehei protease (ΔG = -33.9 kcal/mol at 45 °C; 

melting index = 0.17; specificity score = 0.85). These peptides represent promising 

vegan- and halal-friendly alternatives to chymosins, pending experimental validation. 

Keywords: Milk-clotting enzymes, Computational peptide design, κ-casein 

specificity, Thermolabile peptides, Sustainable cheese production, Molecular 

dynamics simulations, Machine learning, Vegan cheese production, Halal cheese 

production, Aspartic protease. 
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➢ Chymosin, sourced from calf stomachs, is the gold standard for cheese production 

due to its high κ-casein specificity and optimal heat sensitivity. 

➢ Alternative milk-clotting enzymes (MCEs) from animal, plant, or microbial sources 

often exhibit lower specificity or excessive thermostability, compromising cheese 

quality. 

➢ Mucorpepsin from *Rhizomucor miehei* causes bitterness and texture issues in 

cheese due to unwanted proteolytic activity. 

➢ Efforts to enhance MCEs through genetic, chemical, or physical modifications face 

regulatory and technical barriers. 

➢ Advances in bioinformatics and molecular dynamics are improving enzyme design 

for better specificity and controlled stability. 

What is “already known” on this 

topic: 
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➢ A computational pipeline will generate ~160,000 peptides from the Rhizomucor 

miehei protease–Pepstatin A complex (PDB: 2RMP) for milk clotting. 

➢ Pep1 and Pep2 will demonstrate superior κ-casein binding affinities (ΔG = -50.20 

and -39.07 kcal/mol) and high specificity (-10.85). 

➢ Both peptides will have low melting indices (-4.05 for Pep1, -3.09 for Pep2), making 

them ideal for vegan and halal cheese production. 

➢ Molecular dynamics simulations will be used to assess the stability of Pep1 and Pep2 

at 40 °C, with destabilisation observed above 50 °C and melting temperatures (Tₘ) 

below 55 °C. 

➢ The scalable computational framework will offer a robust model for designing next-

generation enzymes for dairy applications. 

What this article adds: 

1. Introduction 

Identifying chymosin substitutes with comparable 

enzymatic characteristics particularly high specificity for κ-

casein (reflected in a high milk-clotting activity to 

proteolytic activity ratio, MCA/PA) and optimal heat 

sensitivity remains a significant challenge in cheesemaking 

[1-3]. Chymosin, traditionally derived from the stomachs of 

calves, has long been the gold standard for milk clotting due 

to its high specificity for κ-casein and its ability to produce 

high-quality cheese [4]. However, economic, ethical, 

dietary, and religious concerns, coupled with the rising 

demand for cheese production and consumption, have 

spurred the search for viable alternatives [1, 5]. Various 

sources of milk-clotting enzymes (MCEs) have been 

explored, including other animal-derived rennet (from lamb, 

buffalo, and camel), plant-based coagulants, and microbial 

and recombinant enzymes. Lamb and buffalo chymosin 

have lower MCA/PA ratios than calf chymosin, 

compromising cheese quality, though buffalo rennet’s 

stability suits mozzarella production [6, 7]. In contrast, 

camel rennet, while showing desirable clotting properties, is 

difficult to obtain in large quantities, limiting its widespread 

use [8]. Rennet from other animals, such as pigs and rabbits, 

often shows poor specificity and thermal stability, 

restricting their utility in cheesemaking [1]. Recently, 

marine organisms such as the shrimp Pleoticus muelleri 

have also been investigated as novel sources of coagulants 

[9-11]. Nevertheless, animal-based MCEs continue to face 

ethical and religious constraints. Plant-based coagulants, 

such as chymopapain from papaya, offer promising vegan- 

and halal-friendly alternatives [12]. However, their lower 

specificity toward κ-casein and tendency to generate 

bitterness limit their use, especially in aged cheeses [1, 13]. 

Microbial coagulants, particularly from bacterial and fungal 

sources, are increasingly favoured due to their cost-

effectiveness and suitability for vegetarian and organic 

cheese production [14]. Although bacterial coagulants offer 

functional diversity [5, 15-18], they often exhibit high 

proteolytic activity, necessitating the development of 

improved strains through mutation [1]. Fungal coagulants 

are generally more compatible with cheesemaking 

conditions, particularly in terms of pH and temperature [1, 

19]. Still, their high thermostability can cause undesired 

proteolysis during cheese ripening, adversely affecting 

texture and flavour [20]. Among fungal coagulants, 

mucorpepsin (EC 3.4.23.23) from Rhizomucor miehei is 

widely used due to its relative specificity. However, it still 

acts on α- and β-caseins and possesses high thermal 

stability, which can result in residual enzymatic activity 

after curd formation. This residual activity often leads to 

bitterness, altered texture, and reduced yield during cheese 

production [21-25]. Several studies have attempted to 

address these limitations using physical, chemical, 

enzymatic, and genetic modifications to enhance specificity, 

reduce thermostability, and minimise off-target proteolysis 

while maintaining milk-clotting efficiency. For example, 

some efforts have successfully reduced thermostability by 

removing N-linked carbohydrates, one of the primary 

factors contributing to R. miehei protease’s thermal 

resistance without significantly diminishing clotting activity 

[1, 25-29]. Other studies have enhanced milk coagulation 

without altering thermostability [30-35]. Genetic 

engineering, mutagenesis [36-39], substrate 

modification[40-43], and enzyme immobilisation [44, 45], 

have all been explored to develop efficient coagulants 

suitable for industrial cheese production. Nevertheless, 

regulatory restrictions on genetically modified organisms 

and technical and economic challenges have limited the 

commercial adoption of many of these approaches [46].  A 

novel strategy for identifying milk-clotting enzymes 

involves targeting conserved motifs—namely FDTSSD or 

FDTGSSE, found in all currently known commercial 

coagulants. Using this approach, several in silico BLAST 

searches have identified new candidate proteases for cheese 

manufacturing. Moreover, degenerate primers based on 

these motifs can identify relevant genes even when full gene 

sequences are unknown [26]. Computational enzyme design 
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and molecular modelling have shown great potential in 

optimizing enzyme activities [47-49]. Advances in 

bioinformatics, molecular dynamics, and machine learning 

now enable the prediction and engineering of enzymes with 

enhanced specificity, catalytic efficiency, and 

thermostability. Structural insights into active sites support 

rational design through targeted mutations[50-52]. These in 

silico methods reduce experimental cost and time by 

predicting enzyme performance before validation. Notably, 

ancestral sequence reconstruction has been used to design a 

novel aspartic protease with improved κ-casein affinity and 

thermolability for cheesemaking [53]. Although milk-

clotting enzymes (MCEs) have been widely studied, the 

application of advanced computational tools for their 

rational design remains underexplored [54]. Moreover, 

current MCEs often exhibit limitations such as low substrate 

specificity and excessive thermostability, which can 

negatively affect cheese quality and increase commercial 

costs. This study introduces a computational pipeline to 

design thermolabile, κ-casein-specific milk-clotting 

peptides as sustainable, vegan-, and halal-friendly 

alternatives for cheese production. An integrated 

computational pipeline was developed, incorporating 

machine learning, rational design, and structure-based 

screening. A combinatorial library of 160,000 peptide 

variants was generated based on conserved catalytic motifs 

from the Rhizomucor miehei protease–Pepstatin A complex, 

linked through a rationally designed sequence. The library 

was screened using predictive models trained on binding 

affinity data, followed by structure-based refinement, 

physicochemical profiling, and validation through 

molecular docking and molecular dynamics simulations. 

This in silico framework provides a foundation for the 

experimental development of next-generation coagulants 

for dairy applications. 

2. Materials and Methods 

2.1. Aspartic peptide design strategy  

We present a computational pipeline for the de novo 

design of short peptide-based milk-clotting enzymes 

(MCEs) with enhanced affinity for κ-casein and improved 

chemosensitivity. The design strategy involves identifying 

interface residues containing catalytic motifs from 

Rhizomucor miehei protease (RMP), linking them via an 

optimised linker, and screening the resulting peptide 

candidates for specific binding and functional activity. To 

benchmark the design process, RMP was used as a positive 

control and also served as the structural template, while a 

peptide with low affinity for Pepstatin A was employed as a 

negative control. The results for both controls are provided 

in the supplementary file on GitHub. 

 

2.2. Interface residue identification 

Interface residues from the crystal structure of 2RMP 

(RMP–Pepstatin A complex) were identified using the 

PDBePISA tool (https://www.ebi.ac.uk/pdbe/pisa/) [55] 

and served as the starting point for aspartic peptidase design. 

Two continuous interface segments containing the catalytic 

aspartic acid residues were selected: LFDTGSS (residues 

36–42, harbouring the DTGS motif) and TIDTGTNFFI 

(residues 235–244, containing the DTGT motif). Although 

the ITYGT segment was identified among the interface 

residues, it was excluded from the design due to its lack of 

direct involvement in the conserved DTGS/DTGT catalytic 

motifs. Furthermore, incorporating non-catalytic segments 

would unnecessarily increase peptide length without 

functional contribution, potentially reducing the structural 

stability and target specificity of the designed peptides. 

2.3. Continuous interface residues segment  

 

1. LFDTGSS      = 36-42 (7 residues) 

2. TIDTGTNFFI = 235-244 (10 residues) 

3. ITYGT             = 80-84 

 

2.4. Linker design and variant library construction 

The designed peptide sequence comprises two 

continuous interface segments, LFDTGSS (residues 36–42) 

and TIDTGTNFFI (residues 235–244), totalling 17 

residues. The spatial distance between the terminal residues 

of these segments (Ser42 and Thr235) was measured to be 

13.8 Å using chimaera v1.17.3. The average distance 

between consecutive Cα atoms in a polypeptide chain is 

approximately 3.8Å [56-58].This distance corresponds to 

approximately four amino acids, indicating the optimal 

linker length required to bridge the two segments. 

Incorporating a four-residue linker (XXXX), the final 

peptide construct contains 21 amino acids. A saturated 

mutagenesis approach was applied to the linker, yielding 

160,000 variants (20⁴ combinations) of the parent sequence, 

LFDTGSS-XXXX-TIDTGTNFFI.  

2.5.Machine learning models for protein -protein 

interaction prediction: PDBbind+ and SKEMPI 2.0 

Datasets  

In this study, datasets were sourced from three major 

repositories: (1) 160,000 peptide variants generated through 

combinatorial substitution, (2) 7,086 mutants curated from 

the SKEMPI 2.0 database, which focuses on mutations in 

protein–protein interactions[59], and (3) 3,176 protein–

protein complexes obtained from the PDBbind+ 

dataset[60]. For SKEMPI 2.0, duplicates, ambiguous entries 

(e.g., conflicting binding affinities or incomplete mutation 

annotations), and incomplete records (e.g., missing 

sequences or ΔΔG values) were removed. Similarly, the 

Catalytic motif of 

2RMP (38-41, 237-

240) 

http://creativecommons.org/licenses/by/4.0/
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PDBbind+ dataset was filtered by excluding duplicate 

complexes, sequences with non-canonical residues or 

extreme lengths, entries lacking binding affinity or 

structural data, and those with physiologically irrelevant 

binding values. After filtering, the cleaned data were 

divided into training (70%), testing (20%), and validation 

(10%) sets. Two independent machine learning models 

XGBoost and a Convolutional Neural Network (CNN) were 

then employed to predict protein–protein interactions. 

2.6. SKEMPI 2.0 dataset and CNN-based machine 

learning model 

The SKEMPI 2.0 dataset, comprising 7,086 mutations 

from 295 studies, was used to train a deep learning model 

for predicting changes in protein–protein binding 

affinity[61]. After removing duplicates, ambiguous entries, 

and incomplete data, 343 high-quality entries were selected, 

each containing PDB IDs, chain identifiers, affinity values, 

and protein sequences. Sequences were normalised by 

peptide length for consistency. Model training was 

performed using the DeepPurpose framework (v0.1.5)[62], 

which employs convolutional neural networks (CNNs) for 

protein sequence encoding. Protein sequences were 

processed using DeepPurpose’s data_process function, 

which internally encodes sequences and applies padding to 

handle variable lengths without manual preprocessing. The 

dataset was divided into training (70%), testing (20%), and 

validation (10%) sets. The model was trained over 100 

epochs with a learning rate of 0.001 and a batch size of 32. 

Performance was evaluated using mean squared error 

(MSE), R², and Pearson correlation coefficient. The trained 

model was then used to predict the binding affinity between 

κ-casein and 160,000 designed peptide variants. Based on 

predicted scores, the top 21 peptides were selected for 

further analysis. 

2.7. PDBbind+ dataset and XGBoost-based machine 

learning model 

The PDBbind+ dataset, consisting of 3,176 protein–

protein complexes [60], was curated by eliminating 

duplicates, invalid sequences, and missing data, resulting in 

1,049 remaining complexes. Affinity values were 

standardised, log-transformed, and negative values were 

excluded. A sequence-based predictive model was 

developed using Conjoint Triad encoding (via 

DeepPurpose) and logarithmic normalisation to estimate 

protein–protein and protein–peptide binding affinities. 

Several machine learning models were tested using Scikit-

learn, including Random Forest (R² = 0.67), Ridge (R² = –

1.482), Gradient Boosting (R² = 0.647), and XGBoost (R² = 

0.696). XGBoost was selected for its superior 

performance[63]. The model was optimised using the 

Optuna framework with 100 trials and 5-fold cross-

validation, tuning hyperparameters such as estimators (100–

1000), learning rate (0.01–0.3), max depth (3–10), 

subsample (0.6–1.0), and colsample_bytree (0.6–1.0). 

Outlier detection was performed using an Isolation Forest 

with a contamination rate of 0.15. The final model, 

evaluated using mean squared error (MSE), R², and Pearson 

correlation, was used to predict binding affinities for 

160,000 κ-casein peptide variants, identifying the top 48 

candidates for further investigation. 

2.8. Single-site mutation and machine learning 

prediction  

The top 69 sequences (48 from the model trained on 

PDBbind+ and 21 from the model trained on SKEMPI 2.0) 

were further refined through single-site mutations at 

positions Phe2 (PHE), Ile13 (ILE), and Phe19 (PHE). To 

preserve peptide structural integrity and avoid disrupting 

potential hydrogen bonding networks, mutations were 

excluded from adjacent serine (S) and threonine (T) residues 

surrounding the linker. Instead, three hydrophobic residues 

Phe2 (F2), Ile13 (I13), and Phe19 (F19) were carefully 

chosen as mutation sites due to their roles in local packing 

and potential linker interactions. Each position was 

systematically substituted with all 20 canonical amino acids, 

generating 4,140 unique sequences (20×3×69). The two 

trained models were used again to predict interactions 

between these sequences and κ-casein, resulting in 101 

selected peptide sequences (96 from the model trained on 

PDBbind+ and 5 from the model trained on SKEMPI 2.0) 

with optimal binding affinity. 

2.9. Physicochemical property assessment 

The top 101 peptide sequences underwent 

comprehensive screening based on thermal stability, pH, 

solubility, and toxicity. DeepSTABp (https://csb-

deepstabp.bio.rptu.de/) was used to predict melting 

temperature [64]. 

ToxinPred 

(https://webs.iiitd.edu.in/raghava/toxinpred/multi_submit.p

hp) evaluated pH and solubility based on isoelectric point, 

hydrophobicity, hydrophilicity, amphipathicity, steric 

hindrance, charge, and molecular weight[65]. ToxinPred2  

(https://webs.iiitd.edu.in/raghava/toxinpred2/) [66] and 

ToxinPred3 

(https://webs.iiitd.edu.in/raghava/toxinpred3/index.html) 

[67] assessed toxicity profiles. This screening identified 84 

peptide sequences with favourable physicochemical 

properties. 

2.10. Pepstatin A binding affinity as a proxy for aspartic 

protease activity  

Pepstatin A binding was used as a proxy to assess aspartic 

protease activity. A pre-trained model, 

Morgan_CNN_BindingDB_IC50, from the DeepPurpose 

framework[68], was employed to predict interactions 

between Pepstatin A and the 84 selected peptides. The 

model utilised a multi-layer perceptron for drug 

http://creativecommons.org/licenses/by/4.0/
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representation (hidden layers: [1024, 256, 64]) and a 

convolutional neural network for peptide representation 

(convolutional layers: filters [32, 64, 96]; kernel sizes [4, 8, 

12]). Based on predicted binding affinity, 17 peptides with 

strong interaction to Pepstatin A were identified for further 

analysis. 

2.11. Cross-reactivity profiling with non-target casein 

subunits 

The 17 selected peptide sequences were further evaluated 

for binding specificity by assessing their predicted 

interactions with αs1-casein, αs2-casein, and β-casein, using 

the same trained models and datasets. Two peptides 

exhibited low binding affinities to these casein subunits, 

suggesting a high degree of specificity toward κ-casein. 

These sequences hold particular promise for targeted 

applications in unique cheese production processes. 

2.12. Predicting and evaluating the 3D structures of the 

peptidase 

The two peptides with the highest binding affinities to 

Pepstatin A were predicted using PEP-FOLD4 

(https://bioserv.rpbs.univ-paris-diderot.fr/services/PEP-

FOLD4/) [69], a free tool for predicting linear, cyclic, and 

chemically modified peptide structures. It uses the improved 

sOPEP force field and Monte Carlo simulation with Debye-

Hückel-free parameters for refinement. The Best Model is 

based on the lowest SOPEP score. PEP-FOLD4 also 

provides an SA probability map showing residue 

conformations: red (helices), green (β-strands), and blue 

(coils/loops), aiding in stability and secondary structure 

prediction. MD simulations were run for each peptide, and 

final stable structures were extracted. Structural quality was 

then assessed using ERRAT[70], Procheck[71], and verified 

for further processing. 

2.13. Molecular docking of peptidase with κ-casein 

Since the X-ray structure of κ-casein remains 

undetermined, our analysis focused on the local structure 

surrounding the Phe105–Met106 bond, which is susceptible 

to aspartic enzyme cleavage in bovine κ-casein. We aimed 

to explore how this local fragment interacts with RMP and 

the designed peptides to investigate the underlying 

mechanism, as highlighted in earlier studies [53, 72, 73]. 

The same methodology was followed for ligand preparation, 

with some modifications. The RMP binding site in κ-casein 

spans residues 102 to 108 [74], while the chymosin binding 

site covers residues 97 to 112 [75, 76]. The shorter segment 

(residues 102–108, HLSFMAI) was used as the ligand for 

docking with RMP, as it corresponds to the P4–P4′ binding 

region of Pepstatin A in the Co-Crystallised complex with 

RMP [74], ensuring structural relevance. In contrast, the 

longer fragment (residues 97–112, 

RHPHPHLSFMAIPPKK) was used for docking with the 

designed peptides (Pep 1 and Pep 2) and was also utilised 

throughout the machine learning pipeline to capture a 

broader binding context, consistent with its known role in 

chymosin recognition. This region was predicted using 

AlphaFold2[77]. Molecular docking was performed using 

the HADDOCK v2.4-2022.08 web server[78, 79], with the 

peptides as receptors and κ-casein as the ligand. Asp3 and 

Asp14 were defined as active residues for the peptides (first 

molecule), and residues 102 to 108 were set as active for κ-

casein (second molecule). The top docking poses were 

selected based on a combination of criteria, including the 

size of the largest cluster, the most negative Z-score, the 

number of hydrogen bonds, and the lowest binding energy. 

Interaction analyses were carried out using LigPlot+ v1.4.5 

software[80]. 

2.14. Molecular dynamics simulation (MD) 

The well-recognised and freely licensed software used in 

this study was GROMACS version 2024[81]. Topology 

parameters for the anticipated models were produced using 

the AMBER force field (ff99SB) in GROMACS [82] .The 

constructed peptides (pep 1and Pep 2)  and RMP models 

were placed in a cubic box with 10 Å spacing, solvated with 

the TIP3P water model[83]. Energy minimisation was 

performed using the steepest descent technique[84], and 

long-range electrostatics were calculated using the Particle-

Mesh Ewald (PME) method[85], with a 1.0 nm cut-off for 

van der Waals and electrostatic interactions. The maximum 

number of minimisation steps was 50,000. Equilibration 

was carried out using 5000 ps of NVT and NPT runs. The 

V-rescale thermostat (0.1 ps coupling) maintained 

temperature at 318.15 K, which is the optimal temperature 

for RMP, during NVT. The Berendsen barostat was 

employed during the NPT equilibration phase with a 

coupling time of 2.0 ps to allow fast and stable pressure 

convergence. Although the Berendsen method does not 

sample a true NPT ensemble, it is widely used for initial 

stabilisation [86]. For the subsequent 100 ns production run, 

the Parrinello–Rahman barostat was used to ensure 

thermodynamically rigorous sampling of pressure 

fluctuations and system behaviour [87]. Simulations were 

also conducted at different temperatures for comparative 

analysis. Analytical tools including gmx rms, gmx rmsf, 

gmx gyrate, gmx hbond, and gmx sasa were used to 

calculate RMSD, RMSF, radius of gyration, hydrogen 

bonds, and SASA, respectively[88]. All data were extracted 

from trajectories and visualised using Origin. 

2.15. MM-PBSA binding energy, principal component, 

and free energy landscape analyses of protease 

complexes 

MM-PBSA binding free energy and PCA analyses were 

conducted using snapshots from the equilibrated MD 

trajectory at 100 ps intervals. The g_mmpbsa tool was used 

to calculate the binding free energy (ΔG_bind) based on the 

equation: Eq1 

ΔGbind = ΔE_MM + ΔG_solvation – TΔS    Eq1 

http://creativecommons.org/licenses/by/4.0/
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Where ΔE_MM includes electrostatic and van der Waals 

interactions, and ΔG_solvation comprises both polar and 

non-polar solvation energies. The entropy term (TΔS) was 

approximated or omitted due to computational limitations; 

therefore, the results mainly represent the enthalpic 

contribution (ΔH) and reflect approximate binding affinity 

values. PCA was performed using GROMACS tools 

(g_covar and g_anaeig) to analyse major motions in the 

complex based on a mass-weighted covariance matrix of 

backbone atoms, yielding eigenvectors and eigenvalues that 

represent motion direction and magnitude[89-91]. 

Additionally, Free Energy Landscape (FEL) analysis was 

conducted using RMSD and Radius of Gyration (Rg) as 

collective variables (CVs), extracted via gmx rms and gmx 

gyrate. The FEL was calculated using the Boltzmann 

relation, ΔG = −k_BT ln P(CV1, CV2), and visualised as a 

2D contour map using gmx sham,    highlighting stable (low-

energy) and unstable (high-energy) conformational states 

[92]. 

2.16. Statistical analysis 

Quantitative data analysis was performed using 

GraphPad Prism 9, with results presented as mean ± 

standard deviation. A one-way analysis of variance 

(ANOVA) was used to evaluate differences across groups, 

followed by Tukey's multiple comparisons test to identify 

specific pairwise differences. Statistical significance was set 

at p < 0.05. 

3. Results and Discussion 

3.1. First prediction: ML-based affinity screening of 

peptides targeting κ-casein 

We configured DeepPurpose to process our peptide 

dataset (160,000) using two tailored machine learning 

models trained on the SKEMPI 2.0 and PDBbind+ 

databases, with both datasets split into 70% training, 20% 

testing, and 10% validation sets. For the PDBbind+ model, 

we applied an XGBoost-based algorithm utilizing Conjoint 

Triad encoding and logarithmic normalisation. Outliers 

were removed using Isolation Forest (contamination = 

0.15). This model achieved a Pearson correlation coefficient 

of 0.8360, an R² value of 0.6907, and a mean squared error 

(MSE) of 116. 4807. In contrast, the SKEMPI 2.0 model 

was constructed using a convolutional neural network 

(CNN) within the DeepPurpose framework, with input 

sequences normalised by length. The model architecture 

included hidden layers of 64 and 32 units, a learning rate of 

0.001, a batch size of 32, and training over 100 epochs. It 

yielded stronger predictive performance, with a Pearson 

correlation of 0.964, R² of 0.92, and MSE of 0.0022. 

Following the prediction, 69 top peptide sequences were 

selected 48 from the PDBbind+ model and 21 from the 

SKEMPI 2.0 model for further evaluation against κ-casein. 

The SKEMPI-derived sequences showed variable predicted 

binding scores, ranging from 0.124221 to 0.1120, reflecting 

nuanced differences in predicted affinities captured by the 

CNN (Fig. 1). In contrast, all PDBbind+-derived sequences 

received an identical predicted score of –8.08991, 

potentially due to structural similarity among candidates or 

model limitations in resolving fine-grained differences. The 

dual-model approach enabled complementary evaluation of 

peptide binding predictions. The CNN-based model trained 

on SKEMPI 2.0 exhibited superior predictive accuracy, 

likely due to its ability to learn fine-grained local patterns 

relevant to short peptide interactions. This aligns with prior 

studies showing that convolutional architectures are well-

suited for capturing local dependencies in biological 

sequences and outperform tree-based methods in small, 

mutation-sensitive datasets such as SKEMPI2.0 [93, 94]. 

The performance metrics suggest that this model captured 

subtle sequence-affinity relationships better than the 

XGBoost model trained on PDBbind+, which may be less 

sensitive to small mutations and optimised for larger, 

structurally diverse protein–protein interfaces[95]. These 

findings underscore the critical influence of dataset 

composition, sequence representation, and algorithmic 

architecture in machine learning–guided protein design. By 

integrating two complementary models, the current 

investigation enhances confidence in candidate selection 

and provides a framework for future predictive workflows 

in rational peptide engineering. 

3.2. Second prediction: Single-site mutagenesis and ML-

based optimisation of peptide affinity for κ-casein  

To improve κ-casein binding, 4,140 single-site variants 

were generated from 69 lead peptides, each following the 

structure LFDTGSSXXXXTIDTGTNFFI. To maintain 

peptide structure and hydrogen bonding, mutations near 

serine (S) and threonine (T) residues flanking the linker 

were avoided. Instead, three hydrophobic residues, Phe2 

(F2), Ile13 (I13), and Phe19 (F19) involved in local packing 

and linker interactions were selected for mutation. Each was 

independently substituted with all 20 canonical amino acids. 

The variants were evaluated using machine learning models 

trained on PDBbind+ and SKEMPI 2.0 datasets. From this 

second prediction, 101 top candidates were selected: 96 

from the PDBbind+ model (all with a predicted score of 

1.3525908) and 5 from SKEMPI 2.0 (scores ranging from 

0.062 to 0.088) (Fig. 2). The identical scores from 

PDBbind+ are likely due to the XGBoost algorithm 

combined with a descriptor set that captures general 

physicochemical properties. This descriptor likely assigned 

similar feature values to many peptides, resulting in minimal 

differentiation in predicted affinity. This highlights both the 

utility and the limitations of such models, particularly when 

applied to datasets with structurally and chemically similar 

variants. 
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Figure 1. Predicted binding affinities for the top 21 SKEMPI-derived peptides, ranging from 0.1242 to 0.1120, with a steep 

initial decline followed by a more gradual decrease. 

 

 

 

Figure 2. Predicted binding affinities of the top 5 peptide variants selected using the SKEMPI 2.0-based model, with scores 

ranging from 0.065 to 0.085. Where higher scores indicate stronger predicted binding to κ-casein.  

 

3.3. Assessment of physicochemical properties 

Comprehensive evaluation of physicochemical 

properties is critical in the selection of functional peptides 

for industrial and biomedical applications, particularly in 

processes such as milk coagulation. Where solubility, 

thermal sensitivity, and non-toxicity are essential traits. In 

this study, 101 computationally selected peptides were 

screened using in silico tools to predict their toxicity, charge 

distribution, solubility, molecular weight, and thermal 

stability. ToxinPred analysis confirmed that all peptides 

were non-toxic, with negative SVM scores between -1.03 

and -0.24, which is consistent with safety requirements for 

food-grade peptide additives[65]. These findings minimise 

concerns about cytotoxic or allergenic effects, thereby 

supporting their potential use in dairy fermentation systems. 

The net charge of most peptides was -3, and their isoelectric 
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points (pI) ranged from 3.57 to 4.21, indicating strong 

acidity and that they remain negatively charged under 

physiological conditions. This negative charge may promote 

electrostatic repulsion between peptide molecules, reducing 

aggregation and enhancing aqueous solubility—an 

important attribute for homogeneous distribution in milk 

matrices[96]. The peptides’ hydrophilic nature, inferred 

from their sequence composition, and moderate molecular 

weights (2225–2590 Da), also suggest favourable 

pharmacokinetic behaviour and low aggregation potential, 

features typically associated with improved stability and 

bioavailability [97]. Thermal stability, as predicted by 

DeepSTABp, showed melting temperatures ranging from 

55.27°C to 59.59°C. These moderate thermal profiles are 

advantageous for milk-clotting enzymes, as excessive 

thermal stability may hinder enzyme deactivation post-

clotting, while overly heat-labile peptides might degrade 

during processing [46]. Thus, the predicted melting 

temperatures reflect an optimal balance for heat-sensitive 

processes, potentially allowing efficient clotting at typical 

curdling temperatures (around 40–45°C) while avoiding 

residual activity that could affect cheese texture during 

ageing. Integrating these diverse parameters—non-toxicity, 

net negative charge, solubility, appropriate molecular 

weight, and moderate thermostability—allowed the rational 

narrowing of the peptide pool to 84 candidates. These 

peptides represent promising leads for development as 

aspartic protease-like milk coagulants, offering a non-

animal alternative with tunable biochemical properties 

tailored for dairy industry needs. 

3.4. Binding selectivity analysis 

3.4.1. Aspartic Activity Analysis: Binding Affinity of 

Peptides Toward Pepstatin A 

As part of our strategy to design peptides that 

functionally mimic natural aspartic proteases, we used 

predicted binding affinity to Pepstatin A, a specific inhibitor 

of aspartic proteases, as a proxy for enzymatic activity. 

Peptides with high predicted affinity are likely to exhibit 

aspartic protease-like functionality, justifying their use in 

functional screening. To assess this, 84 peptides were 

evaluated for their binding affinity to Pepstatin A using the 

Morgan_CNN_BindingDB_IC50 model (Fig. 3A). This 

model was selected due to its strong methodological and 

biological relevance: it is trained on BindingDB, which 

contains extensive IC₅₀ data for enzyme–inhibitor 

interactions, including those involving aspartic proteases. 

The incorporation of Morgan fingerprints enables effective 

representation of small molecules such as Pepstatin A, while 

the convolutional neural network (CNN) architecture 

facilitates the extraction of features pertinent to molecular 

binding. Among the models tested, this one demonstrated 

superior performance in predicting small-molecule–protein 

interactions. Given Pepstatin A’s role as a potent and 

structurally well-defined inhibitor of aspartic proteases, the 

model is particularly suitable for estimating binding 

affinities in this context. The model, trained over 800 

iterations, demonstrated rapid convergence, with loss values 

decreasing from 0.24 to near zero. Validation metrics 

indicated high predictive performance (R² = 0.8277, MSE = 

0.0025, Pearson r = 0.98) (Fig. 3B). Predicted binding 

affinities ranged from 5.325 to 5.240 (log IC₅₀), suggesting 

consistently strong interactions. These findings support the 

functional aspartic activity of the peptides and their 

potential utility in cheese-making applications. The top 17 

peptides were selected for further analysis (Fig. 3C). The 

use of the Morgan_CNN_BindingDB_IC50 model, a deep 

learning-based approach trained on the SKEMPI 2.0 dataset, 

allowed for high-fidelity prediction of molecular 

interactions, as evidenced by robust performance metrics 

(R² = 0.8277, MSE = 0.0025, Pearson r = 0.98) [98, 99]. The 

model’s rapid convergence and low final loss further 

highlight its reliability in capturing relevant biochemical 

features governing binding behaviour. The narrow range of 

predicted binding affinities (log IC₅₀ values between 5.325 

and 5.240) suggests a high degree of consistency among the 

peptides in terms of their interaction strength with Pepstatin 

A. This indicates that many of the evaluated peptides may 

possess conserved structural or functional motifs typical of 

aspartic proteases, aligning with the hypothesis of their 

functional relevance. Such strong predicted interactions 

imply not only potential inhibitory characteristics but also 

functional mimicry of natural aspartic proteases, which are 

integral to milk clotting and protein breakdown in cheese 

production. 

3.4.2. Cross-reactivity evaluation with non-target casein 

subunits 

To further evaluate the specificity of the designed 

peptides, the top 17 sequences with strong predicted binding 

affinity to Pepstatin A were analysed for cross-reactivity 

against non-target casein subunits (αs1-, αs2-, and β-casein) 

using the same machine learning model (Fig. 4). The 

average cross-reactivity score among these peptides was 

calculated to be 0.431529 (Table 1). Based on this threshold, 

six peptides with cross-reactivity values below the average 

were selected as more selective candidates. Among them, 

Pep1 (LFDTGSSVDEMTRDTGTNFFI; log IC₅₀ = 5.325; 

Cross-Reactivity = 0.3636) and Pep2 

(LFDTGSSADESTRDTGTNFFI; log IC₅₀ = 5.309; Cross-

Reactivity = 0.2706) showed both the lowest cross-

reactivity scores and high predicted binding affinity to 

Pepstatin A. To assess structural reliability, all 17 peptides 

were subjected to molecular dynamics (MD) simulations. 

The root-mean-square deviation (RMSD) of backbone 

atoms was used as an indicator of conformational stability. 
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Pep1 exhibited the lowest RMSD value (0.407 nm), 

followed closely by Pep2 (0.513 nm), indicating that both 

peptides maintain stable conformations during simulation 

and are structurally reliable (Fig. 5). These combined 

criteria, low cross-reactivity, high binding affinity, and 

strong conformational stability were used to identify Pep1 

and Pep2 as the top candidates for κ-casein-specific 

targeting in cheese-making applications.  Pep1 showed a 

slightly stronger interaction with Pepstatin A (5.325). Pep2 

exhibited the lowest cross-reactivity with all non-target 

caseins, particularly αs2-casein (0.0717), indicating higher 

substrate specificity. These results suggest that Pep1 is 

better suited for applications requiring high catalytic 

efficiency. Whereas Pep2 is ideal for precise selectivity in 

cheese-making processes. These findings underscore the 

importance of balancing catalytic potency with substrate 

specificity when designing casein-targeting peptides for 

dairy applications[100]. Although Pep1 demonstrates 

superior binding affinity to Pepstatin A, its slightly higher 

predicted interactions with αs-caseins could pose a risk of 

off-target proteolysis during cheese processing [101]. In 

contrast, Pep2’s exceptionally low cross-reactivity enhances 

its utility for applications where minimal disruption of non-

κ-casein proteins is critical, such as in the production of 

speciality cheeses with defined texture and flavour profiles 

[102]. Future in vitro and in situ validations will be essential 

to confirm these in silico predictions and to optimise the 

application of these peptides in industrial cheese-making 

protocols. Overall, this approach highlights the potential of 

machine learning-guided screening for rational peptide 

design in food biotechnology [103] . 

 

 

 

 
 

 

 

 
Figure 3 A. Predicted binding affinities of peptide–Pepstatin A 

complexes. Binding scores for 84 candidate peptides, ranked in 

descending order, range from ~5.325 to ~5.24, indicating 

varying interaction strengths with the aspartic protease 

inhibitor Pepstatin A. (B). Model performance evaluation on 

the SKEMPI 2.0 dataset. The 

Morgan_CNN_BindingDB_IC50 model demonstrates robust 

prediction of protein–ligand binding affinities (C) Predicted 

binding affinities of peptide–Pepstatin A complexes. Binding 

scores for the top 17 candidate peptides, ranked in descending 

order, range from ~5.3250 to ~5.3075, indicating varying 

interaction strengths with the aspartic protease inhibitor 

Pepstatin A. 
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Figure 4. Cross-reactivity of 17 peptide variants with non-target caseins. 

Predicted binding scores are shown for αs1- (A), αs2- (B), and β-casein (C). 

Lower scores indicate reduced off-target binding and greater κ-casein 

specificity. Peptides below the Total Cross-Reactivity = 0.431529 are considered 

the most promising candidates for selective milk-clotting applications. 
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Table 1: Cross-reactivity analysis of 17 high-affinity peptides against non-target caseins identified six peptides with low cross-reactivity and strong Pepstatin A binding, which are boled. 

No Peptide Sequences Pepstatin A αs1-casein αs2-casein β-casein Total Cross Reactivity 

(TCA) 

1 LFDTGSSVDEMTRDTGTNFFI 5.325473 0.1252 0.0995 0.1389 0.3636 

2 LFDTGSSVDESTRDTGTNFFI 5.318731 0.1069 0.0829 0.1179 0.3077 

3 LFDTGSSADEMTRDTGTNFFI 5.315047 0.1052 0.0812 0.1162 0.3026 

4 LFDTGSSVDESTKDTGTNFFI 5.313759 0.1627 0.1322 0.1784 0.4733 

5 LFDTGSSGDEYTKDTGTNFFI 5.312084 0.1933 0.1598 0.2092 0.5623 

6 LFDTGSSVDEYTKDTGTNFFI 5.311746 0.2428 0.2008 0.2607 0.7043 

7 LFDTGSSGDETTKDTGTNFFI 5.311209 0.1487 0.1184 0.1631 0.4302 

8 LFDTGSSVDETTKDTGTNFFI 5.311182 0.2000 0.1661 0.2162 0.5823 

9 LFDTGSSGDESTRDTGTNFFI 5.311155 0.0913 0.0696 0.023 0.1839 

10 LFDTGSSGDEMTRDTGTNFFI 5.31098 0.1046 0.0806 0.1156 0.3008 

11 LFDTGSSADESTRDTGTNFFI 5.309219 0.0940 0.0717 0.1049 0.2706 

12 LFDTGSSADESTKDTGTNFFI 5.309185 0.1423 0.1121 0.1560 0.4104 

13 LFDTGSSVDEYTRDTGTNFFI 5.309083 0.1816 0.1493 0.1973 0.5282 

14 LFDTGSSVDETTRDTGTNFFI 5.308874 0.1446 0.1143 0.1585 0.4174 

15 LFDTGSSADEYTKDTGTNFFI 5.308703 0.2015 0.1673 0.2176 0.5864 

16 LFDTGSSADETTKDTGTNFFI 5.308214 0.1581 0.1278 0.1736 0.4595 

17 LFDTGSSGDEYTRDTGTNFFI 5.30717 0.1559 0.1256 0.1710 0.4525 

      0.431529 
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3.5. Structure prediction and validation  

The structural validation of the designed peptides was 

carried out using PEP-FOLD 4 modelling, Ramachandran 

plot analysis, and ERRAT evaluation to ensure their 

stereochemical quality and overall stability. For the first 

designed peptide (Pep1), the predicted 3D structure 

generated by PEP-FOLD demonstrated a well-folded and 

compact conformation, indicating a plausible structural 

model (Fig. 6A). The use of PEP-FOLD 4, a well-

established de novo modelling tool, facilitates the 

generation of compact and reliable peptide conformations. 

It enables the identification of energetically favourable 

structures that mimic biologically relevant folds, which is 

critical during early-stage peptide design [69]. The 

Ramachandran plot showed that 94.1% of the residues were 

located in the most favoured regions, with the remaining 

5.9% distributed in the additional allowed regions (Fig 6B). 

This distribution suggests that nearly all backbone dihedral 

angles fall within sterically permissible regions, reflecting a 

highly acceptable stereochemical quality. Such a high 

percentage of residues in the most favoured regions is a 

hallmark of high-resolution protein structures and indicates 

minimal strain in backbone geometry [71]. Moreover, the 

ERRAT quality factor for this peptide was 100%, indicating 

an excellent profile for non-bonded atomic interactions and 

confirming the high reliability of the predicted structure 

(Fig. 6C). The ERRAT score of 100% indicates that the 

model has non-bonded atomic interactions comparable to 

those found in well-refined experimental structures, further 

reinforcing its structural reliability [70]. Similarly, for the 

second designed peptide (Pep2), the structure predicted by 

PEP-FOLD also revealed a stable conformation consistent 

with a biologically plausible fold (Fig. 6D). The recurrence 

of a compact and stable fold across multiple models 

supports the reproducibility and robustness of the peptide 

design strategy. The Ramachandran plot analysis mirrored 

the results observed for the first peptide, with 94.1% of 

residues positioned in the most favoured regions and 5.9% 

in additional allowed regions (Fig. 6E). This consistency 

reinforces the structural integrity of the designed peptide 

and highlights the effectiveness of the design strategy. It 

also suggests that the second peptide maintains favourable 

backbone torsion angles and avoids sterically hindered 

conformations, indicating a structurally sound model [104] 

The ERRAT analysis for the second peptide also yielded a 

perfect score of 100%, demonstrating the presence of highly 

favourable atomic interactions comparable to those found in 

high-resolution crystal structures (Fig. 6F). This high 

ERRAT value underscores the accuracy of atomic-level 

geometry and supports the overall reliability of the 

structural prediction for Pep2. The data exhibited that both 

designed peptides Pep1 and Pep2 successfully met 

important structural quality standards. The large number of 

amino acids in preferred areas of the Ramachandran plot, 

along with excellent ERRAT scores, strongly suggests that 

the predicted structures are sound and of high quality. The 

agreement between both stereochemical and atomic-level 

validation methods strongly supports the robustness of the 

design and predictive workflow. Such consistency not only 

strengthens confidence in the structural integrity of the 

peptides but also indicates their suitability for further studies 

involving interaction modelling, stability profiling, or 

therapeutic evaluation. This indicates that the peptides have 

correct stereochemistry and form stable, dependable three-

dimensional shapes, which suggests they could be useful for 

more research into their structure, function, or potential as 

therapies. 

Figure 5. RMSD profiles of the six 

top candidate peptides generated 

and evaluated through molecular 

dynamics (MD) simulations. The 

analysis was performed to 

investigate their structural stability 

and dynamic behaviour over time, 

providing insight into their 

conformational flexibility relevant 

to κ-casein binding. 
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Fig 6.  Structural validation of the designed peptides Pep1 and Pep2.  (A) Predicted 3D structure of Pep1 generated using PEP-FOLD, showing a well-folded and compact conformation indicative of a 

plausible and stable model. (B) Ramachandran plot of Pep1 showing that 94.1% of residues are located in the most favoured regions and 5.9% in additionally allowed regions, confirming high 

stereochemical quality. (C) ERRAT quality analysis of Pep1 with a score of 100%, demonstrating highly favourable non-bonded atomic interactions and strong structural reliability. (D) Predicted 3D 

structure of Pep2 generated using PEP-FOLD, exhibiting a stable and biologically relevant conformation. (E) Ramachandran plot of Pep2 indicating that 94.1% of residues fall within the most favoured 

regions and 5.9% in additional allowed regions, reflecting excellent stereochemical properties consistent with Pep1. (F) ERRAT quality analysis of Pep2 showing a perfect score of 100%, supporting the 

presence of highly reliable atomic interactions and an overall high-quality structure. 
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3.6. Molecular docking analyses for Pep1 and Pep2  

Docking analysis was conducted to assess the binding 

affinity and interaction profiles of the two designed peptides 

(Pep 1 and Pep 2) in comparison with the reference molecule 

RMP (2ASI). Several key parameters were evaluated, 

including Z-score, docking score, number of hydrogen 

bonds, salt bridges, hydrophobic interactions, and cleavage 

sites. In the HADDOCK docking results, Pep 1 exhibited 

the lowest Z-score of -1.7, indicating the most energetically 

favourable and structurally reliable model among the three 

ligands. Pep 2 followed with a Z-score of -1.5, while the 

reference RMP had the highest Z-score of -1.1, suggesting 

comparatively less stable binding. These findings imply that 

both designed peptides adopt favourable conformations 

within the receptor's binding site, with Pep 1 demonstrating 

the most promising structural quality. In terms of 

HADDOCK scoring, where more negative values suggest 

more favourable predicted interactions, Pep 1 achieved the 

best score among the peptides (-78.9 ± 0.1), followed by Pep 

2 (-69.5 ± 1.2). The reference full-length enzyme RMP 

exhibited a more negative score (-126 ± 7.5), likely due to 

its larger size (360 amino acids) and broader interaction 

surface, which allows for more extensive electrostatic and 

van der Waals interactions. Therefore, direct comparison 

between short peptides (21 amino acids) and the full-length 

enzyme should be interpreted with caution, as HADDOCK 

scores are influenced by molecular size and interaction 

complexity rather than binding strength alone. Nonetheless, 

the favourable scores of Pep 1 and Pep 2 indicate that these 

peptides can form stable and biologically relevant 

interactions with the target receptor. Their interaction 

energies fall within the range typically observed for 

biologically active peptides in similar docking studies, 

supporting their potential as viable aspartic protease 

candidates [105]. Interaction profiling further revealed that 

Pep 1 formed 9 hydrogen bonds and 15 hydrophobic 

contacts (Fig. 7A), Pep 2 established 13 hydrogen bonds and 

11 hydrophobic contacts (Fig. 7B). The formation of 

multiple hydrogen bonds, especially in Pep 2, implies strong 

polar interactions that can enhance specificity and complex 

stability [106]. In contrast, the higher hydrophobic 

interaction count in Pep 1 may promote tighter binding 

through van der Waals forces and nonpolar surface 

compatibility [107] . The absence of salt bridges suggests 

that electrostatic interactions are not the primary mode of 

binding in this system, a feature shared by many short 

bioactive peptides. 

 

 

 
Figure 7. 2-D interaction profiles of peptide–κ-casein complexes. (A) Molecular docking visualization of Pep 1 bound to κ-casein, showing 

9 hydrogen bonds and 15 hydrophobic interactions. The interaction profile reflects a predominance of nonpolar contacts, potentially 

contributing to overall binding affinity. (B) Molecular docking visualization of Pep 2 bound to κ-casein, revealing 13 hydrogen bonds and 11 

hydrophobic interactions.  
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The higher number of hydrogen bonds in Pep 2 suggests 

stronger polar interactions, potentially contributing to its 

specific binding orientation and stability. The hydrophobic 

interaction count was higher in Pep 1, which might enhance 

the overall binding affinity through nonpolar surface 

contacts. Regarding cleavage specificity, Pep 1 was cleaved 

at a phenylalanine-methionine (F-M) site, whereas both Pep 

2 and RMP shared cleavage at a histidine (H) site, which 

might reflect a similarity in their interaction pattern with the 

proteolytic target. This similarity in cleavage site between 

Pep 2 and RMP might suggest a conserved interaction motif 

or susceptibility pattern, which could be explored further in 

functional assays [108]. The unique cleavage site in Pep 1, 

however, could imply a distinct mechanism of interaction or 

processing. Both designed peptides displayed favourable 

binding characteristics, with Pep 1 showing stronger 

hydrophobic interactions and Pep 2 demonstrating more 

hydrogen bonding. Although the docking score of the 

reference molecule was considerably higher, the designed 

peptides showed stable interactions and energetically 

favourable profiles, indicating their potential suitability as 

functional analogs or inhibitors with acceptable structural 

and binding quality.  Generally speaking, the docking 

results suggest that both Pep 1 and Pep 2 exhibit promising 

interaction profiles, with complementary binding features 

Pep 1 emphasising hydrophobic engagement and Pep 2 

leveraging polar contacts. Such dual characteristics offer 

flexibility for future optimisation strategies, either for 

enhancing potency or tailoring specificity toward target 

modulation. These findings support further investigation of 

both peptides in experimental settings for potential 

therapeutic or diagnostic applications. 

3.7. Structural and thermostability of the designed Pep1 

To evaluate the structural stability of the designed 

peptide Pep1 under varying thermal conditions, molecular 

dynamics (MD) simulations were conducted at five different 

temperatures (30 °C, 40 °C, 45 °C, 50 °C, and 60 °C) over a 

100 ns period. Analyses included root-mean-square 

deviation (RMSD), solvent accessible surface area (SASA), 

radius of gyration (Rg), intramolecular hydrogen bonding, 

and root-mean-square fluctuation (RMSF) to 

comprehensively assess the peptide's conformational 

behaviour. RMSD analysis showed Pep1’s highest stability 

at 40°C (0.3–0.4 nm), with minimal structural deviation, 

while higher temperatures increased instability. At 30 °C 

and 45 °C, the RMSD values remained below 0.6 nm, 

suggesting overall stability with some minor structural 

adjustments. However, at 50 °C, RMSD values rose to 

approximately 0.7 nm, signifying partial destabilisation. 

The most pronounced structural deviations were observed at 

60 °C, where RMSD frequently exceeded 1.0 nm and 

approached 1.5 nm, indicative of significant conformational 

changes and potential unfolding (Fig. 8A). This pattern 

reflects how increasing temperature leads to progressive 

structural disruption, as RMSD serves as a sensitive global 

indicator of backbone deviation from the native fold [109]. 

Stable RMSD at 40 °C suggests a thermodynamically 

favourable conformation, while higher RMSD at 50–60 °C 

may result from weakened non-covalent interactions and 

increased backbone flexibility, typical of thermally induced 

unfolding. SASA analysis supported these observations by 

providing insight into solvent exposure across temperatures. 

Throughout the 100 ns simulations, SASA values generally 

ranged from 20 to 27 nm². At 40 °C and 45 °C, the peptide 

maintained relatively consistent and moderate SASA 

values, reflecting a compact and well-folded structure. At 

30 °C, the SASA profile remained fairly stable, though 

transient spikes suggested brief conformational openings. In 

contrast, simulations at 50 °C and 60 °C showed elevated 

and fluctuating SASA values, signifying increased solvent 

exposure likely due to structural expansion or partial 

unfolding (Fig. 8B). Since SASA quantifies the surface area 

of the peptide accessible to solvent molecules, lower SASA 

is typically associated with buried hydrophobic cores and 

tighter packing [110]. The moderate values at 40 °C confirm 

an optimal fold, whereas increasing SASA at higher 

temperatures implies exposure of internal residues, 

suggesting disruption of hydrophobic interactions and 

unfolding behaviour under thermal stress. The radius of 

gyration (Rg) further illustrated temperature-induced 

changes in compactness. At 40 °C, Pep1 exhibited the most 

stable and lowest Rg values, reinforcing the inference of a 

tightly packed conformation. Rg values at 45 °C remained 

close to those at 40 °C with minor fluctuations, suggesting 

sustained compactness. At 30 °C, intermittent increases in 

Rg were observed, reflecting occasional conformational 

relaxation. Conversely, at 50 °C and 60 °C, pronounced 

increases and fluctuations in Rg indicated a loss of 

compactness and a tendency toward structural loosening and 

partial unfolding (Fig. 8C). The radius of gyration is a 

geometric measure reflecting the peptide’s mass distribution 

around its center. Stable and low Rg values at 40 °C are 

characteristic of folded states [111], while rising Rg at 50–

60 °C implies a structural transition toward more extended, 

unfolded forms. These findings align with literature reports 

where thermally induced unfolding is marked by increased 

Rg due to chain expansion. 
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Figure 8. Molecular dynamics (MD) analyses of Pep1 structural stability at varying temperatures. Pep1 was simulated at 30 °C, 40 °C, 45 °C, 50 °C, and 60 °C over a 100 ns timescale. (A) Root-mean-

square deviation (RMSD) profiles show minimal structural deviation at 40 °C, with increasing instability at higher temperatures, particularly at 60 °C. (B) Solvent accessible surface area (SASA) indicates 

low and stable solvent exposure at 40 °C and 45 °C, while higher exposure and fluctuations occur at 50 °C and 60 °C. (C) Radius of gyration (Rg) demonstrates that Pep1 remains most compact at 40 °C, 

with expanded conformations evident at elevated temperatures. (D) Intramolecular hydrogen bond count peaks at 30 °C and 40 °C, with significant loss of internal bonding above 50 °C. (E) Root-mean-

square fluctuation (RMSF) reveals low residue-level flexibility at 40 °C, while flexibility increases markedly at 60 °C, especially at terminal regions. Collectively, the data highlight 40 °C as the optimal 

temperature for Pep1 structural stability, while higher temperatures induce progressive destabilisation and conformational disruption. 
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Hydrogen bond analysis revealed a direct relationship 

between temperature and the internal cohesion of the 

peptide. The highest and most consistent number of 

hydrogen bonds—ranging between 15 and 22—was 

observed at 30 °C and 40 °C, indicating strong intra-peptide 

interactions and a stable secondary structure. At 45 °C, the 

hydrogen bond count remained stable but showed increased 

fluctuations. Significantly reduced and highly variable 

hydrogen bonding was seen at 50 °C, while at 60 °C, the 

number of hydrogen bonds frequently dropped below 10 

and occasionally below 5, reflecting substantial 

destabilisation and disruption of the peptide’s internal 

architecture (Fig. 8D). Intramolecular hydrogen bonds are 

crucial for maintaining the secondary structure of peptides, 

particularly α-helices and β-turns. Their reduction at high 

temperatures supports the unfolding hypothesis, as these 

bonds are sensitive to thermal fluctuations [112]. The drop 

below 10 hydrogen bonds at 60 °C suggests substantial loss 

of secondary structural elements, consistent with peptide 

denaturation phenomena observed in other MD-based 

peptide studies. RMSF analysis provided residue-level 

insights into flexibility across the peptide sequence. At 

40 °C, Pep1 demonstrated the lowest RMSF values across 

nearly all residues, particularly in the central core (residues 

6–15), indicating localised rigidity and structural 

conservation. RMSF values increased gradually at 45 °C 

and 50 °C, while the most pronounced fluctuations were 

observed at 60 °C, especially at the N- and C-terminal 

regions. These heightened fluctuations at elevated 

temperatures suggest increased dynamic motion and 

structural instability under thermal stress (Fig. 8E). RMSF 

reveals the flexibility of individual residues. Low RMSF in 

the core region of Pep1 at 40 °C implies a well-constrained, 

rigid fold—critical for maintaining functional 

conformation. The rising RMSF at termini under heat stress 

is typical, as unstructured terminal regions tend to 

destabilise first, acting as 'thermal sensors' during unfolding 

[113]. 

Together, these comprehensive analyses underscore that 

40 °C is the most favourable temperature for maintaining 

the structural stability and compactness of Pep1. At this 

temperature, Pep1 exhibits minimal deviation, low solvent 

exposure, strong hydrogen bonding, compact geometry, and 

limited flexibility hallmarks of a stable, functional 

conformation, further supported by a favourable binding 

free energy (MM/PBSA: -50.2 kcal/mol). In contrast, higher 

temperatures, particularly 50 °C and 60 °C, induce 

progressive structural destabilisation, likely compromising 

the peptide's structural integrity and potential biological 

activity. To further evaluate thermostability, the TM 

Predictor web server (http://tm.life.nthu.edu.tw) was used, 

yielding a predicted thermostability index (TI) of -4.05 for 

Pep1, indicating reduced thermal stability compared to the 

reference RMP, which exhibited a higher TI of 0.1688. The 

enzyme with the lower TI value is expected to melt first, as 

a lower TI reflects reduced thermostability. The average 

structural and energetic properties of Pep 1 under various 

temperature conditions, derived from MD simulations, are 

summarised in Table 2. 

 

 

Table 2. Average values of MD simulation parameters for Pep 1 at different temperatures (30–60 °C), including RMSD, RMSF, SASA, H-

bond, Rg, and MM-PBSA binding free energy.  

Pep 1 

Temperature RMSD (nm) RMSF (nm) SASA (nm²) H-bond Rg (nm) MM-PBSA (kcal/mol) 

30 °C 0.523 ± 0.045 0.331 ± 0.030 22.76 ± 1.25 16.10 ± 1.85 0.869 ± 0.050 - 32.31 

40 °C 0.407 ± 0.038 0.223 ± 0.020 22.74 ± 1.10 16.59 ± 1.70 0.848 ± 0.045 -50.20 

45 °C 0.576 ± 0.050 0.338 ± 0.032 23.07 ± 1.40 14.64 ± 1.70 0.895 ± 0.055 -30.94 

50 °C 0.611 ± 0.055 0.352 ± 0.034 23.25 ± 1.50 13.71 ± 1.90 0.907 ± 0.060 -26.73 

60 °C 0.742 ± 0.065 0.412 ± 0.040 23.35 ± 1.60 3.14 ± 0.95 0.961 ± 0.070 -19.39 

 

Structural and thermostability of the designed Pep2 

To comprehensively assess the temperature-dependent 

stability and structural dynamics of the designed peptide 

Pep2, all-atom molecular dynamics (MD) simulations were 

performed at 30 °C, 40 °C, 45 °C, 50 °C, and 60 °C for 100 

ns. A suite of structural metrics—including root mean 

square deviation (RMSD), solvent-accessible surface area 

(SASA), radius of gyration (Rg), intramolecular hydrogen 

bonding, and root mean square fluctuation (RMSF)—was 

evaluated. The results are presented below in a structured 

order, integrating both quantitative findings and mechanistic 

interpretations. Pep2 displayed the lowest and most stable 

RMSD values (0.2–0.6 nm) at 40 °C, indicating minimal 

conformational deviation and a highly stable backbone over 

the simulation period. At 30 °C and 45 °C, RMSD values 

increased modestly (0.4–0.8 nm), suggesting partial 

flexibility or incipient destabilisation. More pronounced 

fluctuations were observed at 50 °C (~0.9 nm), and at 60 °C, 

RMSD peaked at ~1.4 nm, signifying substantial structural 

deviation and partial unfolding. RMSD data indicate that 

40 °C is the optimal thermal condition for structural 

integrity. The relatively low deviations at this temperature 

reflect a well-preserved conformation with sufficient 

thermal energy to promote natural flexibility without 

destabilisation. At 30 °C, limited thermal motion likely 

reduces conformational sampling, slightly increasing 
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rigidity. Higher temperatures disrupt stabilizing interactions 

and increase molecular motion, explaining the substantial 

deviation at 60 °C. These findings align with typical protein 

folding behaviour, where a narrow thermal window 

supports optimal native-like stability (Fig. 9A). 

At 40 °C, Pep2 showed the lowest SASA values (15–25 

nm²), indicative of a compact, well-folded conformation 

with limited solvent interaction. At 30 °C and 45 °C, SASA 

values were moderately higher, suggesting less optimal 

folding. At elevated temperatures (50 °C and 60 °C), SASA 

increased markedly (~27–28 nm²), consistent with partial 

unfolding and exposure of internal residues to the solvent. 

The minimised SASA at 40 °C is consistent with effective 

hydrophobic core packing and maintenance of tertiary 

structure. As temperature rises, increased kinetic energy 

leads to expansion and loosening of the structure, exposing 

previously buried hydrophilic and hydrophobic residues. 

The increase in SASA at 60 °C particularly reflects 

unfolding events. Conversely, the moderate SASA at 30 °C 

suggests compactness but possibly over-constrained 

structural rigidity. 

These results reinforce 40 °C as the most favourable 

temperature for maintaining folding efficiency and native-

like solvation characteristics (Fig. 9B). Rg analysis 

confirmed a tightly packed structure at 40 °C, with values 

ranging between 0.75 and 0.9 nm and minimal fluctuation. 

At 30 °C, similar compactness was observed but with 

slightly increased variation. At 45 °C, Rg variability 

increased and exhibited a noticeable spike (~1.4 nm) near 

80 ns, indicating transient expansion. At 50 °C and 60 °C, 

Rg values rose steadily (up to ~1.2 nm), signaling loss of 

compactness. Rg trends corroborate the conclusions drawn 

from RMSD and SASA. The tight distribution at 40 °C 

reflects optimal intramolecular packing, possibly due to a 

well-preserved hydrophobic core and favourable enthalpic 

interactions. The Rg increase at higher temperatures is 

indicative of thermal-induced expansion, likely driven by 

disruption of non-covalent stabilizing forces. The transient 

Rg spike at 45 °C suggests an intermediate destabilisation 

point, while sustained Rg elevation at 60 °C reflects a 

transition toward a partially denatured state (Fig. 9C).  

Pep2 maintained the highest number of hydrogen bonds 

at 40 °C (17–22), indicating strong internal cohesion. At 

30 °C, values remained relatively high (15–18) but were 

more variable. The number of hydrogen bonds declined with 

increasing temperature: 10–15 at 45–50 °C and dramatically 

reduced to 0–12 at 60 °C (Fig. 9D). Hydrogen bonding plays 

a critical role in stabilizing both secondary and tertiary 

structural elements. The high number of stable hydrogen 

bonds at 40 °C strongly supports the peptide's compact, 

folded state, as seen in RMSD and Rg data. The variability 

at 30 °C may result from reduced structural dynamics, 

limiting optimal hydrogen bond formation. Elevated 

temperatures likely disrupt hydrogen bonds through 

increased molecular motion and thermal agitation, leading 

to unfolding and instability, particularly at 60 °C. These 

results validate hydrogen bonding as a key contributor to 

Pep2’s thermal resilience. 

RMSF values were lowest at 40 °C across nearly all 

residues, especially within the central core, indicating 

reduced flexibility and a stable fold. At 30 °C and 50 °C, 

moderate fluctuations (0.3–0.6 nm) were observed. At 45 °C 

and 60 °C, RMSF values increased notably, particularly at 

the N- and C-termini, with fluctuations reaching ~0.8 nm at 

60 °C (Fig. 9E). Residue-level flexibility is a crucial 

indicator of structural adaptability and stability. The low 

RMSF at 40 °C reflects an optimally stabilized structure 

with minimal disorder, especially in regions typically prone 

to fluctuation. Elevated RMSF at higher temperatures points 

to local unfolding and increased mobility, beginning at the 

termini and potentially propagating inward. At 30 °C, 

limited thermal energy may suppress flexibility, potentially 

compromising functional dynamics. These observations 

underscore the role of dynamic balance in protein stability 

where both excessive rigidity and excessive motion can be 

detrimental. 

The comprehensive MD analysis of Pep2 at varying 

temperatures identifies 40 °C as the optimal thermal 

condition for structural stability, compactness, and internal 

cohesion. At this temperature, the peptide maintains low 

RMSD and SASA, minimal Rg, a robust hydrogen bond 

network, and reduced local flexibility indicators of a well-

folded, functionally favourable conformation, further 

supported by a binding free energy of -39.07 kcal/mol 

(MM/PBSA). Both suboptimal (30 °C) and elevated (45–

60 °C) temperatures compromise one or more structural 

features, culminating in significant destabilisation at 60 °C. 

These insights are critical for the rational design and 

application of Pep2 in biotechnological settings where 

thermal resilience and functional integrity are required. 

Supporting this observation, the TM Predictor estimated a 

thermostability index (TI) of -3.09 for Pep2. The average 

structural and energetic properties of Pep 2 under various 

temperature conditions, derived from MD simulations, are 

summarised in Table 3. 
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Figure 9. MD analyses of designed peptide Pep2. (A) Root Mean Square Deviation (RMSD): Pep2 exhibits the lowest and most stable RMSD at 40 °C, indicating optimal backbone stability. RMSD 

increases progressively with temperature, peaking at ~1.4 nm at 60 °C, suggesting significant structural deviation and partial unfolding. (B) Solvent Accessible Surface Area (SASA): SASA is minimised 

at 40 °C, consistent with a compact, folded conformation. At higher temperatures, SASA increases, particularly at 60 °C, indicating structural expansion and exposure of hydrophobic cores. (C) Radius 

of Gyration (Rg): Rg remains low and stable at 40 °C, reflecting compact packing. At 50 °C and 60 °C, Rg increases, suggesting unfolding and loss of tertiary structure. (D) Intramolecular Hydrogen 

Bonds: The number of hydrogen bonds is highest and most stable at 40 °C, supporting strong internal cohesion. Elevated temperatures lead to a decline in hydrogen bonding, especially at 60 °C, correlating 

with structural instability. (E) Root Mean Square Fluctuation (RMSF): RMSF analysis shows minimal residue-level fluctuations at 40 °C, especially within the core region. Higher fluctuations are 

observed at elevated temperatures, especially at termini, reflecting increased flexibility and partial disorder. 
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Table 3. Average values of MD simulation parameters for Pep 2 at different temperatures (30–60 °C), including RMSD, RMSF, SASA, H-

bond, Rg, and MM-PBSA binding free energy.  

Pep 2 

Temperature RMSD (nm) RMSF (nm) SASA (nm²) H-bond Rg (nm) MM-PBSA (kcal/mol) 

30 °C 0.513 ± 0.041 0.362 ± 0.033 21.280 ± 1.277 13.903 ± 1.668 0.846 ± 0.051 -30.10 

40 °C 0.432 ± 0.035 0.321 ± 0.029 20.890 ± 1.253 15.110 ± 1.813 0.797 ± 0.048 -39.07 

45 °C 0.546 ± 0.044 0.375 ± 0.034 21.440 ± 1.286 11.903 ± 1.428 0.869 ± 0.052 -33.57 

50 °C 0.559 ± 0.045 0.382 ± 0.034 21.920 ± 1.315 11.970 ± 1.436 0.888 ± 0.053 -25.76 

60 °C 0.610 ± 0.049 0.397 ± 0.036 23.190 ± 1.391 4.970 ± 0.596 0.984 ± 0.059 -23.18 

 

3.8. Free energy landscape for designed Pep1 and Pep2 

3.8.1. FEL analyses of Pep1 

Based on the free energy landscape (FEL) plots provided 

for the Pep1–κ-casein complex at temperatures 30°C (Fig. 

10A), 40°C (Fig. 10B), 45°C (Fig. 10C), 50°C (Fig. 10D), 

and 60°C (Fig. 10E), the conformational dynamics and 

binding stabilities vary significantly across temperatures. At 

30°C, the basin is located at CV1 = –10, CV2 = 5, indicating 

a relatively deep and well-defined minimum in terms of free 

energy (in kJ/mol), suggesting a stable conformational state 

for the complex. At 40°C, the basin shifts to CV1 = 20, CV2 

= 10, representing a higher energy state (kJ/mol) and 

broader basin, implying increased molecular fluctuations 

and possibly a less stable binding. At 45°C, the basin center 

is at CV1 = 10, CV2 = 0, with a more moderate energy well 

(kJ/mol), indicating a transiently stable interaction. At 50°C 

(CV1 = –10, CV2 = –10) and 60°C (CV1 = 0, CV2 = –10), 

the landscapes display multiple shallow basins or broader 

minima, again in kJ/mol, suggesting conformational 

heterogeneity and possible unfolding or weakened binding 

interactions. Comparing all FELs, 30°C shows the most 

localised and lowest energy basin (in kJ/mol), indicating 

that it offers the most favourable condition for stable Pep1–

κ-casein interaction. Thus, 30°C appears to be the optimal 

temperature for strong and stable binding between the 

protein and ligand, as higher temperatures lead to increased 

conformational entropy and destabilisation of the complex. 

In ligand–peptide systems, FELs provide insight into the 

dynamic ensemble of bound states and the thermodynamic 

landscape that governs molecular recognition. The single 

deep basin observed at 30°C suggests a dominant, 

energetically favourable binding conformation with limited 

flexibility, implying a strong and specific interaction. In 

contrast, the emergence of multiple basins at elevated 

temperatures indicates increased conformational sampling 

and reduced energy barriers between alternative states, 

which often corresponds to transient or weak binding modes 

and reduced specificity [114]. Such behaviour is 

characteristic of thermally induced disruptions in ligand 

anchoring, possibly due to peptide backbone fluctuations or 

loss of key interaction contacts. These results highlight the 

temperature sensitivity of the Pep1–κ-casein interface and 

underscore the utility of FELs in visualising binding 

plasticity and thermodynamic preferences in peptide-ligand 

complexes. 

3.8.2. FEL analyses of Pep2 

The Free Energy Landscape (FEL) plots of the Pep2–κ-

casein complex across five temperatures (30°C to 60°C) 

reveal distinct thermodynamic behaviours and 

conformational shifts, as represented by the collective 

variables (CV1 and CV2) and their corresponding energy 

minima in kJ/mol. At 30°C (Fig. 11A), three basins are 

evident. The global minimum is located at CV1 = –10 and 

CV2 = 0 with the lowest free energy (~0 kJ/mol), indicating 

a highly stable conformation of the Pep2–κ-casein complex. 

Additionally, two lighter blue basins at slightly higher CV 

coordinates (~CV1 = 0 to 5 and CV2 = 5–10) represent 

metastable conformations within 3–5 kJ/mol of the global 

minimum. The presence of multiple low-energy basins 

suggests that at 30°C, the complex not only adopts its most 

stable structure but also maintains conformational 

flexibility, which is often beneficial for functional protein–

ligand interactions (e.g., induced fit or dynamic binding 

modes). At 40°C (Fig. 11B), the global minimum shifts 

slightly upward to CV1 = –10 and CV2 = 5, still maintaining 

a deep and compact energy basin (~1–2 kJ/mol), indicative 

of a still-stable complex. However, the landscape becomes 

marginally less diverse, suggesting slightly reduced 

conformational flexibility compared to 30°C. At 45°C (Fig. 

11C), a dramatic conformational shift is observed with the 

basin center at CV1 = 10 and CV2 = 10. The basin is 

shallower, with energy increasing to ~5–6 kJ/mol, and the 

landscape appears more diffuse. This suggests that the 

complex is adopting a different, less favourable binding 

mode, likely due to thermal destabilisation. The reduced 

depth and increased spread of the basin imply both lower 

thermodynamic stability and higher structural fluctuations, 

which may compromise binding affinity or functional 

specificity. At 50°C (Fig .11D), the basin moves to CV1 = 

10 and CV2 = 0, with slightly better stability than at 45°C 

but still higher free energy than at 30–40°C (~4–5 kJ/mol).  
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Figure 10. Free energy landscape (FEL) plots of the Pep1–κ-casein complex at different temperatures: (A) 30°C, (B) 40°C, (C) 45°C, (D) 

50°C, and (E) 60°C. 

 

 

Figure 11. Free Energy Landscape (FEL) plots of the Pep2–κ-casein complex at different temperatures: (A) 30°C, (B) 40°C, (C) 45°C, (D) 

50°C, (E) 60°C. 

The loss of distinct, multiple basins indicates reduced 

structural adaptability, pointing toward the beginning of a 

denaturation trend or significant conformational 

compromise. Finally, at 60°C (Fig. 11E), the basin shifts to 

CV1 = –10 and CV2 = 15, but the energy is notably higher 

(~7–8 kJ/mol), and the landscape is broad and poorly 

defined. This suggests the complex is significantly 

destabilised, with increased conformational entropy, 

weakened interactions, and probable unfolding or loss of 

functional binding. In summary, 30°C provides the most 
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favourable thermodynamic conditions for Pep2–κ-casein 

interaction, with the lowest free energy basin (~0 kJ/mol) 

and the presence of additional shallow basins (~3–5 kJ/mol) 

indicating conformational flexibility and stability. 40°C 

remains acceptable, albeit with slightly less flexibility. 

Temperatures above 45°C led to altered binding modes and 

increased free energies, reducing stability and functional 

interaction potential. Therefore, based on FEL analysis, 

30°C is the optimal temperature for the stable and flexible 

binding of Pep2 to κ-casein. Molecular mechanics Poisson–

Boltzmann surface area (MM/PBSA) calculations indicated 

that the lowest average binding free energy (ΔG_binding) 

for the Pep2–κ-casein complex occurred at 40 °C. As 

MM/PBSA directly estimates the binding affinity by 

evaluating the enthalpic contributions (electrostatic, van der 

Waals, and solvation energies) from molecular dynamics 

snapshots, this result suggests that 40 °C provides the most 

energetically favourable condition for static peptide–protein 

interactions. In contrast, free energy landscape (FEL) 

analysis, which evaluates the thermodynamic distribution of 

conformational states over time using collective variables 

(e.g., RMSD, radius of gyration), revealed that 30 °C is 

associated with the deepest global free energy minimum. 

This indicates that at 30 °C, the complex adopts a more 

thermodynamically stable and dynamically accessible 

conformation. Unlike MM/PBSA, FEL does not directly 

quantify binding affinity but instead captures the stability 

and accessibility of the conformational ensemble sampled 

during the simulation. The discrepancy between the two 

analyses highlights the complementary nature of these 

methods: MM/PBSA reflects the strength of the final bound 

interaction (affinity), while FEL provides insight into the 

conformational thermodynamics and stability of the binding 

process. Taken together, these results suggest that while 

40 °C may yield the strongest static binding affinity, 30 °C 

may represent a more favourable temperature for achieving 

a stable and functionally relevant protein–ligand complex 

due to enhanced conformational sampling and 

thermodynamic stability. 

3.9. Principal component analyses of Pep1 and Pep2 

3.9.1. PCA analyses of Pep1 

Principal component analysis (PCA) was conducted to 

evaluate the conformational behaviour of the Pep1–κ-casein 

complex under increasing thermal conditions (30–60°C). At 

30°C (Fig. 12A), the trajectory shows multiple well-defined 

and tightly packed clusters, suggesting the presence of 

distinct and stable conformational states with limited 

structural deviation — indicative of strong and specific 

interactions between Pep1 and κ-casein at physiological 

temperature. As the temperature increases to 40°C (Fig. 

12B) and 45°C (Fig. 12C), the clustering pattern becomes 

more dispersed and less compact, indicating enhanced 

molecular flexibility and the beginning of a shift toward less 

stable binding conformations. By 50°C (Fig. 12D), the PCA 

projection reveals fewer and more diffuse clusters with 

longer inter-cluster transitions, reflecting a pronounced 

increase in structural variability and possible weakening of 

the peptide–protein interaction. At 60°C (Fig. 12E), the 

trajectory exhibits highly scattered points with minimal 

recurrent clustering, suggesting the breakdown of stable 

conformations and potentially partial or full dissociation of 

the complex. This temperature-dependent trajectory 

dispersion reflects thermal destabilisation, where higher 

kinetic energy leads to disruption of specific contacts and 

structural rearrangement within the complex. These findings 

demonstrate that the Pep1–κ-casein interaction is 

thermosensitive, with optimal stability occurring at or below 

30–40°C, while elevated temperatures progressively disrupt 

the conformational landscape, reducing the likelihood of 

functional binding interactions. This PCA-based analysis 

indicated the crucial role of temperature in modulating 

ligand–protein interactions. The increasing conformational 

heterogeneity at higher temperatures indicates a reduction in 

binding affinity and stability, as the thermal motion 

overcomes non-covalent interactions, such as hydrogen 

bonds and hydrophobic contacts that stabilize the complex 

[115]. Similar trends have been observed in other peptide–

protein systems, where elevated temperatures lead to the 

loss of native binding conformations and functional 

disruption [116]. Therefore, the progressive dispersion of 

the PCA clusters can be interpreted as a signature of thermal 

denaturation and interaction loss, reinforcing the necessity 

to consider physiological temperature constraints in the 

design and application of bioactive peptide therapeutics. 

3.9.2. PCA analyses of Pep2 

Principal Component Analysis (PCA) was conducted to 

investigate the temperature-dependent conformational 

dynamics of the interaction between the designed Pep2 and 

κ-casein, providing insights into the stability and flexibility 

of the complex across five different temperatures. At 30 °C 

(Fig. 13A), the PCA plot displayed a compact and highly 

clustered trajectory distribution, indicating limited atomic 

fluctuations and a rigid conformational space, reflective of 

a highly stable and well-structured Pep2–κ-casein complex. 

This suggests that at lower temperatures, the complex 

maintains structural integrity with minimal conformational 

shifts. At 40 °C (Fig. 13B), the trajectory began to show a 

slightly broader dispersion, though still relatively cohesive, 

suggesting moderate flexibility that may facilitate 

conformational accommodation without compromising 

binding stability. 
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Figure 12. PCA of the Pep1–κ-casein complex at different temperatures: (A) 30°C, (B) 40°C, (C) 45°C, (D) 50°C, (E) 60°C. 

 

 

 
Figure 13. PCA of the Pep2–κ-casein complex at different temperatures: (A) 30°C, (B) 40°C, (C) 45°C, (D) 50°C, (E) 60°C. 

 

This moderate adaptability could enhance interaction 

specificity and affinity by enabling Pep2 to better conform 

to κ-casein’s surface. At 45 °C (Fig. 13C), the PCA plot 

revealed multiple loosely defined clusters, indicating 

increased conformational sampling and transitions among 

distinct substates. Such dynamic behaviour suggests a 

threshold temperature where the complex begins to lose 

rigidity, potentially leading to reduced binding affinity or 

altered interaction profiles. A pronounced shift was 

observed at 50 °C (Fig. 13D), where the distribution became 
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highly scattered and lacked a dominant conformational 

basin, signifying significant conformational fluctuations 

and loss of structural coherence. This degree of flexibility 

points to a destabilised interaction, with the possibility of 

partial unfolding or loss of binding contacts. At 60 °C (Fig. 

13E), the trajectory remained widely dispersed, though with 

a slightly directional pattern, indicating large-scale 

conformational motions likely associated with denaturation 

or dissociation events. Collectively, these findings suggest 

that Pep2 maintains a stable and functionally relevant 

interaction with κ-casein up to 40 °C. However, as the 

temperature increases beyond 45 °C, the complex exhibits 

increasing conformational plasticity and instability, which 

may impair functional binding and structural integrity. The 

PCA analysis underscores the critical influence of 

temperature on the dynamic behaviour of protein–peptide 

complexes and highlights 30–40 °C as the optimal thermal 

window for Pep2–κ-casein interaction stabilityTaken 

together, both Pep1 and Pep2 demonstrated strong clotting 

activity at 40 °C and maintained structural stability within 

this moderate temperature range, whereas the control 

enzyme RMP showed optimal activity at 45 °C. This lower 

optimal temperature, combined with their high specificity, 

makes Pep1 and Pep2 better suited for industrial 

cheesemaking processes that favour moderate thermal 

conditions, potentially enhancing energy efficiency and 

process control. These features offer significant advantages 

for a variety of soft and hard cheeses that coagulate 

optimally under these conditions. Moreover, as animal 

rennet alternatives, Pep1 and Pep2 provide precise 

coagulation control essential for all cheese formulations, 

including vegan and halal varieties. Additionally, they are 

well-suited for cost-effective, large-scale production using 

microbial expression systems such as E. coli or Pichia 

pastoris, enabling scalable and food-grade manufacturing. 

Table 4 summarises the comparative features specifically, 

specificity, binding affinity, and thermolability highlighting 

the advantages of Pep1 and Pep2 over the control enzyme 

RMP for commercial cheese production. 

3.10. Validation approach and future directions 

To support the computational findings and address the 

inherent limitations of in silico approaches, future work will 

involve synthesising the top candidate peptides, Pep1 and 

Pep2, and experimentally evaluating their milk-clotting 

activity under controlled laboratory conditions. While 

computational modelling provides valuable insights into 

peptide performance, it has several limitations: it relies on 

theoretical force fields, may not fully account for post-

translational modifications or folding dynamics, and cannot 

replicate the full complexity of biological systems such as 

enzyme–substrate interactions in milk matrices. These 

factors highlight the necessity of empirical validation. Pep1 

and Pep2 will be produced recombinantly in Escherichia 

coli or Pichia pastoris and then purified. The peptides will 

subsequently undergo in vitro assays to assess milk-clotting 

activity, specificity toward κ-casein, and thermal sensitivity, 

with tests conducted at 30–40 °C to mimic industrial 

cheesemaking conditions. Additionally, thermostability and 

pH profiles will be evaluated to benchmark performance 

against commercial microbial coagulants. These 

experimental validations will be essential to confirm our 

computational predictions and advance the peptides’ 

potential for industrial application. 

 

 

 

Table 4. Comparative analysis of Pep1 and Pep2 with RMP properties for cheese production 

Enzymes  

(MCEs) 

Length (number of   amino acid) Optimal Temperature Melting index  Binding Affinity 

kcal/mol 

Specificity to 

κ-casein 

RMP 361 45 0.17 -33.9 0.85 

Pep 1 21 40 -4.05 -39.07 -10.85 

Pep 2 21 40 -3.09 -50.20 -10.85 

 

4. Conclusion 

This study presents the rational design of peptide-based 

biocatalysts and addresses longstanding challenges in 

cheese biotechnology particularly the demand for ethical, 

specific, and thermolabile milk-clotting enzymes. By 

integrating interface residue engineering, machine learning-

based prediction, and molecular dynamics (MD) 

simulations, we established a scalable and reproducible 

framework for designing milk-clotting peptides. Among the 

designed candidates, Pep1 and Pep2 outperformed existing 

milk-clotting enzymes (MCEs), with optimal activity 

predicted at 30–40 °C. These characteristics align well with 

the operational conditions of industrial cheesemaking. 

While the results are promising, experimental validation 

remains necessary. Overall, this computational pipeline 

represents a meaningful advancement in enzyme design for 

dairy applications. 
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 پنیر  تولید برای پایدار شیر کننده لخته پپتیدهای جدید محاسباتی طراحی

  ابوبکر  ،۵و۴نور  محد  دینا  نور  ،۴و۳و۱لیو  چور  تین  آدام  ،۲عبدالرحمن  بسیارالدین  محد  ،۴و۳ آکینولا  مایکل  اولواسولا  ،۶و۴و۱سلیم  اس  شیلان

 ۵و۴و۱اوسلان نوربایا  سیتی ،۴صالح

 مالزی  ،Serdang، Selangor 43400  مالزی، پوترا دانشگاه  زیستی، علوم  موسسه ،VacBio 5 ایکس، اشعه کریستالوگرافی آزمایشگاه  و آنزیم فناوری .1

 مالزی  ،Serdang، Selangor 43400 مالزی، پوترا  دانشگاه  علوم، دانشکده  شیمی،  گروه  .2

 مالزی سلانگور، سردانگ، 43400 مالزی، پوترا دانشگاه  مولکولی،  زیست علوم و بیوتکنولوژی دانشکده  مولکولی، و  سلولی شناسی زیست  گروه  .3

 مالزی سلانگور، سردانگ، 43400 مالزی، پوترا دانشگاه  مولکولی، زیست  علوم و بیوتکنولوژی دانشکده  مرکز، میکروبی فناوری و آنزیمی تحقیقات .4

 مالزی  ،Serdang، Selangor 43400  مالزی، پوترا دانشگاه  مولکولی،  زیست علوم  و بیوتکنولوژی دانشکده بیوشیمی،  گروه  .5

 عراق  دهوک، دهوک، دانشگاه  بهداشت، علوم دانشکده  پزشکی، آزمایشگاهی علوم گروه  .6

 ریخچه مقاله تا

   2025 مه 28دریافت 

 2025 ژوئیه 30داوری 

 2025 اوت 6پذیرش 

 2025 اوت 20 چاپ

  چکیده 

  به   حساسیت و  کازئین-کاپا  بالای  اختصاصیت با(  MCE)   شیر  کنندهلخته آنزیم  یک  شناسایی سابقه و هدف:

  فعالیت  اغلب  فعلی   نوترکیب   و  گیاهی  میکروبی،  های  MCE.  است  پنیر  تولید  در  چالش  یک   همچنان  حرارت،

  به را پنیر کیفیت که دهندمی نشان را بالا حرارتی پایداری و کازئین-کاپا ضعیف اختصاصیت پایین، سازیلخته

  خط   یک  ما  موضوع،  این  به  پرداختن  در این تحقیق برای  .دهدمی  افزایش  را  تولید  هایهزینه  و  اندازدمی  خطر

  تقریبا    تا  کردیم  ایجاد  مولکولی  دینامیک  سازیشبیه   و  ماشین  یادگیری  ترکیبآنالیز ساختاری،  با  محاسباتی  لوله

 . شود  طراحی(  PDB: 2RMP  شناسه)  A پپستاتین آ  -رایزوموکور میهیاز    پروتئاز  کمپلکس  از  پپتید  160000

  فیزیکوشیمیایی   فیلترینگ  و  ML  بر  مبتنی  ترکیبی  میل  مجدد  بینیپیش   محلی،تک  زاییجهش   ا:ه مواد و روش

  پپستاتین  شدهبینیپیش   اتصال  طریق  از  آسپارتیک  پروتئازهای  عنوان  به  آنها  اختصاصیت.  شد  پپتید  84  به  منجر

A  با   متقاطع  واکنش  برای  و  شد  تأیید  αs1-،  αs2-  و  β-شد  انجام  بیشتری  غربالگری  هاکازئین . 

نتیجهها  یافته میهیپروتئاز    با  مقایسه  در  ،Pep2  و  Pep1  کاندید،   دو  گیری:و   ΔG = -33.9)  رایزوموکور 

kcal/mol)  اتصال  قرابت  ،(0.85=    اختصاصیت  امتیاز  ؛0.17=    ذوب  شاخص  سانتیگراد؛  درجه  45  دمای  در  κ -

  هایشاخص  ،( سانتیگراد درجه 40 دمای در مول بر کیلوکالری 39.07- و ΔG = -50.20 ترتیب به) برتر ازئینک

  ΔG = -33.9)  دادند  نشان  را(  10.85-)  یافتهافزایش   توجهیقابل   طوربه  اختصاصیت  امتیاز  و   ترپایین   ذوب

  پپتیدها   این(.  0.85=    اختصاصیت  امتیاز  ؛0.17=    ذوب  شاخص  سانتیگراد؛  درجه   45  دمای  در  مول  بر  کیلوکالری

  تجربی  اعتبارسنجی  انتظار  در  که   هستند  کیموزین  برای  هاحلال   و  هاوگان  برای  ایامیدوارکننده   هایجایگزین 
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