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Abstract— PPI networks serve as essential components to 

research cellular principles and disease development routes. 

The current experimental methods used to detect PPIs prove 

costly while also being incomplete. Machine Learning (ML) 

creates a scalable data analysis system for PPI networks 

through both prediction modeling and functional module 

detection and link completion. This research presents an 

examination of new machine learning methods that experts 

utilize during PPI network investigations with focus on 

supervised and unsupervised and deep learning approaches. 

This paper performs a tool comparison along with exploring 

emerging graph neural networks for PPI network reliability 

improvement and interpretability enhancement. 

Keywords— Protein-Protein Interactions (PPI), Machine 

Learning, Graph Neural Networks, Network Biology, Systems 

Biology  

I. INTRODUCTION  

Almost all biological processes depend on protein-protein 
interactions (PPIs) because they enable signal transduction 
functions and metabolic regulation and immune response 
activation. Experts need a full grasp of PPI network 
properties to unravel how cells work and what causes 
diseases to develop. Experimental methods including yeast 
two-hybrid screening, co-immunoprecipitation and affinity 
purification mass spectrometry deliver strong results but they 
require significant labor expenditure and take much time to 
complete along with producing potentially unreliable 
datasets. 

Research institutions and organizations now utilize 
machine learning (ML) as an essential analytical method for 
PPI networks because of both expanding biological data 
repositories and developing computational approaches. 

Through ML approaches researchers can both forecast new 
protein interactions as well as confirm experimental results 
while finding unknown patterns and defining functional 
cellular modules in extensive protein interaction network 
systems. The data-driven methods provide both performance 
advantages and high matter-scanning abilities in comparison 
to documented experimental procedures for proteomic 
landscape analysis. 

The initial stage of PPI analysis through machine 
learning incorporated supervised models that processed 
features from sequences, structures and annotations of 
proteins. Modern PPI research has experienced an 
evolutionary transition to deep learning algorithms with 
convolutional neural networks (CNNs) and autoencoders as 
well as recurrent neural networks (RNNs) automatically 
obtaining significant data patterns from raw information. The 
special topology of PPI networks led to the creation of 
graph-based deep learning models particularly Graph Neural 
Networks (GNNs) that utilize graph topology properties as 
Activation. 

Despite these advances, challenges persist. Most PPI 
datasets contain significant numbers of incorrect positive and 
negative predictions which makes it harder to train and 
evaluate models. Complex ML models maintain restricted 
interpretability features that reduce the ability to extract 
biological understanding from them. Recent active research 
focuses on uniting multiple types of biological information 
along with general model adaptability and improved 
interpretability strategies. 

This paper delivers an extensive assessment of machine 
learning tools that analyze PPI networks. The paper divides 
approach categories by learning paradigms then performs 
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critical capability assessment while spotlighting current 
trends. The discussion ends with perspectives on future 
research which must address essential challenges to achieve 
accurate better interpretable integrated PPI network 
modeling. 

II. RELATED WORKS 

Protein-protein interaction networks analysis in the past 
mostly depended on supervised learning techniques as the 
primary methodology. The earliest predictive model for 
protein interactions known as Support Vector Machines 
(SVMs) accomplished its task through extracting elements 
from sequence alignments in addition to gene co-expression 
data as well as domain compositions. The models proved 
successful with their capability, but their performance 
remained restricted by weak feature engineering standards 
[1]. 

Research communities accepted Random Forests (RFs) 
as a suitable method because they offered dual advantages of 
strong overfitting resilience and efficient operation in high-
dimensional features. 

Semi-supervised learning introduced Label Propagation 
Algorithms (LPA) as solutions to reduce the data sparsity 
within PPI datasets. The methods use known pairs to find 
unknown pairs through network topology information 
propagation which combines labelled and unlabelled data 
[3]. 

The task of finding functional modules within PPI 
networks relies on the graph-based clustering approaches 
including Markov Clustering (MCL) together with spectral 
clustering methods. The application of graph partitioning 
algorithms to PPI networks resulted in the discovery of 
biological protein complexes and paths which became 
apparent through graph-derived dense subgraph detection 
[4]. 

New abilities for PPI prediction appeared through the 
development of deep learning technology. The successful 
image processing technique Convolutional Neural Networks 
(CNNs) adjusted its functions to process protein sequence 
matrices and interaction graphs in order to deliver automatic 
feature identification capabilities which improved the general 
prediction of pre-defined characteristics [5]. 

The Recurrent Neural Networks (RNNs) applied Long 
Short-Term Memory (LSTM) networks to extract patterns in 
sequential protein sequences. These approaches used their 
ability to detect complex patterns which related to binding 
affinities and structural compatibility so they could predict 
transient and dynamic interactions better [6]. 

Autoencoders together with their variational version 
(VAEs) learned nonlinear compact features from protein 
data. The application of autoencoders for reducing biological 
data dimensions led to better interaction pair classification 
outcomes [7]. 

The field of representation learning now operates with 
protein language models ProtBERT and ESM because these 
models were pretrained on extensive protein sequence 
datasets. The resulting embeddings from these models 
acquire high-quality information about protein evolution and 
functionality and these embeddings lead to significant 
improvements in PPI prediction when used with ML 
classifiers [8]. 

GNNs introduced a complete system for interpreting PPI 
networks as graphs and eliminated the need for intricate 
feature design work. The GNN variants Graph Convolutional 
Networks (GCNs) and Graph Attention Networks (GATs) 
use efficient approaches to collect node features from 
neighbors which give remarkable results according to 
benchmark datasets [9]. 

The PPI analysis received scalability through 
GraphSAGE because it provided capabilities to predict 
interactions between proteins which had not been studied 
previously in the analysis of continuously expanding 
biological datasets [10]. 

Analyzing PPI networks with machine learning methods 
in combination with transcriptomic and epigenomic and 
metabolomic datasets improves our understanding of 
biological systems. Ensemble learning approaches that unite 
proteomics with gene expression data achieve superior 
performance for diagnosing PPIs that relate to diseases [11]. 

The application of Generative adversarial networks 
(GANs) appeared in the last years for producing simulated 
PPI networks and increasing training data availability. The 
implementation of GANs generates new realistic interaction 
patterns which help prevent data sparsity and strengthen the 
performance of subsequent classification systems [12]. 

Transfer learning concepts today represent a preferred 
methodology for predicting interactions between proteins 
across different species. Pretraining models that analyze 
extensive PPI networks of yeast and Drosophila organisms 
can later be applied for human PPI prediction without 
needing large amounts of human-specific training data [13]. 

Transformers with attention mechanisms have been 
applied in PPI research through tokenization of protein pairs 
into sequence relationships. Sequential patterns at both local 
and global levels become trainable through ProteinBERT 
showing essential importance for interaction prediction [14]. 

The interpretability of PPI prediction models has 
improved through the implementation of two explainable 
machine learning techniques namely SHAP (SHapley 
Additive exPlanations) and LIME (Local Interpretable 
Model-agnostic Explanations). These frameworks enable 
biological researchers to gain insights about which protein 
features or sequence regions matter most for determining an 
interaction prediction and promote trust as well as 
transparency in ML-driven biological discovery [15]. 

III. METHODOLOGY 

The investigation develops a complete method for PPI 
network investigation through the utilization of ML 
techniques. The methodology includes four significant steps 
which bring data acquisition and preprocessing into the first 
phase followed by features extraction along with 
representation learning in the second phase and model 
training with evaluation in the third phase along with 
network refinement and validation in the final step. A 
systematic approach using specific designs exists to handle 
the biological network challenges which include data noise, 
sparsity and high dimensionality. 



 

29 

 

 
Fig. 1. Architecture Diagram 

A. Data Acquisition and Preprocessing 

The investigation develops a complete method for PPI 
network investigation through the utilization of ML 
techniques. The methodological system includes four 
fundamental phases to process data acquisition then 
preprocessing and feature extraction with representation 
learning and model training and assessment before refining 
the network and validating results. A systematic approach 
using specific designs exists to handle the biological network 
challenges which include data noise, sparsity and high 
dimensionality. The similarity between two proteins 𝑝𝑖  and 
𝑝𝑗   during imputation was computed using cosine similarity: 



B. Feature Extraction and Representation Learning 

Several methods were used to understand the complex 
PPI network connections. The extraction of sequence-based 
features relied on amino acid composition analysis as well as 
dipeptide frequency processing and physicochemical 
property vector generation. The system obtained domain-
domain interaction profiles and secondary structure 
probabilities as structural features. The analysis of network-
based features included calculation of node degree along 
with clustering coefficient and betweenness centrality 
measures. The degree D(p) of a protein node p was 
calculated as: 



where A represents the adjacency matrix of the PPI 
network and n is the number of proteins. 

The enhancement of representation learning occurred 
through pretrained embeddings obtained from ProtBERT and 
ESM due to their ability to provide contextual vector 
representations of protein sequences that captured 
evolutionary and functional patterns. 

C. Model Training and Evaluation 

The gained features functioned as training data for 
different machine learning systems. The classification of 

protein pair interactions or non-interactions employed 
supervised learning models consisting of SVMs, RFs and 
MLPs. The classification models operated to decrease the 
binary cross-entropy loss as their main goal. 



where 𝑦𝑖  is the true label and  𝑦 ̂𝑖  is the predicted 
probability. 

The deep learning models consisting of convolutional 
neural networks (CNNs) and autoencoders performed 
automatic extraction of high-level representations from 
original or nearly processed features. The analysis used 
Graph Neural Networks (GNNs) through graph 
convolutional networks (GCNs) and graph attention 
networks (GATs) in order to model PPI network structure 
directly. The randomized search and cross-validation 
methods were used during hyperparameter optimization. The 
model performance measurements consisted of accuracy and 
precision along with recall and F1-score and AUC-ROC for 
receiver operating characteristic curve analysis. The F1-score 
was calculated as: 



D. Network Refinement and Validation 

Additional steps after initial predictions helped enhance 
the accuracy of the inputs. The assessment of predicted 
networks involved removing edges with low confidence 
through the utilization of model probability thresholds. The 
Markov clustering (MCL) method found densely connected 
modules which served as possible protein complexes. The 
validation of biological interactions depended on the cross-
examination of predicted results with both CORUM and 
Reactome database-defined protein complexes and 
precompiled datasets. The detected modules underwent 
functional enrichment analysis through GO annotation in 
order to confirm their biological validity. 

Equation 5: Graph Convolution Operation for PPI 
Networks: 

𝐻(𝑙 + 1) = 𝜎 (𝐷 ̃ (−1/2)𝐴𝐷 ̃ (−1/2)𝐻(𝑙)𝑊(𝑙)̃ ) 

TABLE I.  PERFORMANCE STATISTICS OF MACHINE LEARNING 

MODELS FOR PPI PREDICTION 

Model Mean 

Interaction 

Score 

Standard 

Deviation 

Maximum 

Score 

Minimum 

Score 

SVM 

(Feature-

based) 

0.1516 0.6797 1.0986 -1.1423 

Random 

Forest 

(Feature 

Fusion) 

-0.0497 0.7282 1.1173 -1.1174 

GCN 

(Topology-

Aware) 

1.6247 0.6377 2.4314 -0.1415 

Transformer 

(Embeddings) 

2.1042 0.7720 3.1357 0.0250 
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Fig. 2. Comparative Analysis of Machine Learning Models on PPI 

Prediction 

E. Training and Validation Dynamics 

The training along with validation accuracy and loss 
results for all examined models stretch through 20 epochs in 
Figure 3. A Transformer model exhibited both the most rapid 
training convergence and obtained the best validation 
accuracy metrics except Classical models like SVM and 
Random Forest. Table 1 shows that the Transformer reached 
0.2467 validation loss and 1.0542 validation accuracy during 
the final epoch as it outperformed all models with its 
performance surpassed only by GCN. 

Equation 6: Sigmoid Activation Function 

𝝈(𝒙) = 𝟏/(𝟏 + 𝒆(−𝒙)) 

 

TABLE II.  FINAL EPOCH TRAINING AND VALIDATION METRICS 

SUMMARY FOR MACHINE LEARNING MODELS 

Model Final 

Training 

Accuracy 

Final 

Validation 

Accuracy 

Final 

Training 

Loss 

Final 

Validation 

Loss 

SVM 1.0359 0.9930 0.3195 0.4003 

Random 

Forest 

1.0777 1.0313 0.1754 0.3664 

GCN 1.1272 1.0229 0.1516 0.3213 

Transformer 1.1277 1.0542 0.1126 0.2467 

 

 
Fig. 3. Training and Validation Accuracy and Loss across Different 

Models 

F. Precision-Recall Evaluation 

Research dedicated numerous efforts to examine 
precision-recall characteristics based on the data presented in 
Figure 4. Transformer demonstrates superior precision since 
it produces identical levels of precision across different recall 
points. Table 2 shows that the Transformer model 
outperformed other methods with the best precision-recall 
characteristics through its AUC-PR score of 0.3694 and 
average precision rate of 0.9237. 

TABLE III.  AUC-PR AND PRECISION METRICS 

Model AUC-

PR 

Score 

Average 

Precision 

Maximum 

Precision 

Minimum 

Precision 

SVM 0.3323 0.8305 0.8520 0.8060 

Random 

Forest 

0.3409 0.8519 0.8715 0.8298 

GCN 0.3579 0.8945 0.9208 0.8810 

Transformer 0.3694 0.9237 0.9445 0.8980 

 
Fig. 4. Precision-Recall Curves for Different Machine Learning Models 

G. ROC Curve Analysis 

The Figure 5 displays ROC-like curves for all the 
models. True positive detection rates are highest in the 
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Transformer model when evaluating different false positive 
rate levels according to the analysis. Table 4 shows the ROC 
AUC scores where the Transformer achieved 0.7973 for the 
best result and surpassed the scores of GCN (0.7608), 
Random Forest (0.7252), and SVM (0.6651). The 
Transformer outperformed other models by attaining the best 
true positive rates when the false positive rate was set to 0.1 
and 0.2 which strengthens its ability for practical early 
detection applications. 

TABLE IV.  ROC AUC AND EARLY RETRIEVAL METRICS 

Model ROC 

AUC 

Score 

TPR @ 

FPR=0.1 

TPR @ 

FPR=0.2 

SVM 0.6651 0.3245 0.4498 

Random 

Forest 

0.7252 0.3519 0.5176 

GCN 0.7608 0.3480 0.5245 

Transformer 0.7973 0.4078 0.5942 

 

 
Fig. 5. ROC Curve 

IV. RESULTS AND DISCUSSION 

The following section provides a detailed assessment of 
machine learning models running protein-protein interaction 
(PPI) prediction operations by examining early stopping 
patterns and resistance to noisy data variations along with 
explanations of model behavior. The study presents complete 
discussions about the results with additional figures and 
tables that extend beyond typical training-validation 
performance assessments. 

A. Early Stopping and Generalization Capability 

Model training included early stopping to defend against 
overfitting through the continuous evaluation of validation 
loss. A note was taken of the number of epochs needed for 
each model before it reached convergence. The Transformer 
model demonstrated the fastest convergence by requiring 
only 14 epochs for completion thus outperforming both the 
SVM model with 19 epochs and Random Forest requiring 18 
epochs to reach convergence. The Transformer model 
attained the best validation loss result of 0.2467 which 
demonstrates its superior capability for generalizing new 
samples. 

These findings find additional validation through the 
examination of generalization gap where training loss gets 
subtracted from validation loss. Transformer achieved the 
smallest generalization gap of 0.0374 which indicates 
minimal overfitting behavior yet SVM demonstrated higher 
overfitting with 0.0807. The visual representation in Figure 6 
shows that Transformer and GCN models maintain top 
performance regarding early stopping epochs and final 
validation loss and generalization gap measurements. 

TABLE V.  EARLY STOPPING EPOCHS AND VALIDATION 

GENERALIZATION GAP 

Model Early 

Stopping 

Epoch 

Validation 

Loss 

(Final) 

Generalization 

Gap (Train-

Validation 

Loss) 

SVM 19 0.4003 0.0807 

Random 

Forest 

18 0.3664 0.0699 

GCN 16 0.3213 0.0437 

Transformer 14 0.2467 0.0374 

 

 
Fig. 6. Comparison of Early Stopping Epochs, Final Validation Loss, and 

Generalization Gap across Models. 

B. Robustness under Noisy Data Perturbations 

This part contains an extensive performance review of 
machine learning models on protein-protein interaction (PPI) 
prediction challenges that investigates early stopping patterns 
alongside robustness against noisy data and interpretability 
assessments. The study presents complete discussions about 
the results with additional figures and tables that extend 
beyond typical training-validation performance assessments. 

4.1 Early Stopping and Generalization Capability 

Model training included early stopping to defend against 
overfitting through the continuous evaluation of validation 
loss. A note was taken of the number of epochs needed for 
each model before it reached convergence. The Transformer 
model demonstrated the fastest convergence by requiring 
only 14 epochs for completion thus outperforming both the 
SVM model with 19 epochs and Random Forest requiring 18 
epochs to reach convergence. The Transformer model 
attained the best validation loss result of 0.2467 which 
demonstrates its superior capability for generalizing new 
samples. 

These findings find additional validation through the 
examination of generalization gap where training loss gets 
subtracted from validation loss. Transformer achieved the 
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smallest generalization gap of 0.0374 which indicates 
minimal overfitting behavior yet SVM demonstrated higher 
overfitting with 0.0807. The visual representation in Figure 6 
shows that Transformer and GCN models maintain top 
performance regarding early stopping epochs and final 
validation loss and generalization gap measurements. 

TABLE VI.  PERFORMANCE DEGRADATION UNDER NOISY DATA 

Model Accuracy 

Drop 

(%) 

F1-

Score 

Drop 

(%) 

SVM 6.4 7.1 

Random 

Forest 

5.8 6.2 

GCN 3.5 4.0 

Transformer 2.8 3.2 

 

 
Fig. 7. Accuracy and F1-Score Drop across Models under Noisy Data 

Perturbations. 

V. CONCLUSION 

The research analyzed multiple machine learning models 
as tools for the evaluation of protein-protein interaction (PPI) 
networks. This study established a complete methodology 
which integrated steps for data retrieval along with features 
extraction and representation learning and model training 
followed by evaluation procedures. We added three 
supplemental evaluation methods to traditional loss and 
accuracy tracking which included early stopping studies and 
robustness testing under noise situations and feature 
importance interpretation for model transparency. 

The experimental findings showed deep learning 
architectural models and especially the Transformer-based 
methodology outperformed traditional models including 
SVM and Random Forest in various evaluation metrics. The 
Transformer model demonstrated outstanding validation 
accuracy together with low generalization error and 
displayed impressive performance under feature noise 
conditions thus proving its high generalizability capabilities. 
The Graph Convolutional Networks (GCNs) demonstrated 
strong performance because they effectively used graph 
topology characteristics found in PPI databases. 

Resultant analysis of feature importance proved that 
biosequence information together with structural features 
substantially enhances the process of interaction prediction 
thus requiring unified representation methods for biological 
applications. Classical machine learning models failed to 
achieve the same performance with high-dimensional noisy 

biological data because deep learning models outperformed 
them in terms of interpretability advantages. 

The success of this research work demonstrates how 
modern machine learning frameworks particularly deep 
graph-based and attention-based architectures can 
fundamentally transform biological interaction network 
understanding. The research agenda now focuses on creating 
multi-species PPI prediction models which use explainable 
AI methods made for biological systems to integrate multi-
omics data sources. 

REFERENCES 

[1]Bock, J.R., Gough, D.A.: Predicting protein–protein interactions 

from primary structure. Bioinformatics 17(5), 455–460 (2001) 

[2]Qi, Y., Bar-Joseph, Z., Klein-Seetharaman, J.: Evaluation of 
different biological data and computational classification methods for 

use in protein interaction prediction. Proteins 63(3), 490–500 (2006) 

[3]Zhu, X., Ghahramani, Z.: Learning from labeled and unlabeled 
data with label propagation. Technical Report, Carnegie Mellon 

University (2002) 

[4]Enright, A.J., Van Dongen, S., Ouzounis, C.A.: An efficient 
algorithm for large-scale detection of protein families. Nucleic Acids 

Res. 30(7), 1575–1584 (2002) 

         [5] Srividya, A., Raparthi, N., Thouti, S., Kumar, P. V., Goddu, J., & 

Athiraja, A. (2024). Enhancing Brain Tumor Detection: YOLOv6 

Algorithm for Accurate Identification in MRI Scans. International 

Conference on Electrical, Electronics, Information and 

Communication Technologies. 

[6] Gayatri, M., Chintamaneni, V., Swapna, R., Chanti, M., 

Devarasetty, L., & Athiraja, A. (2024). Enhancing Cloud Security: A 

Hybrid AI Approach for Intrusion Detection Using Convolutional 

Neural Networks and Stochastic Gradient Descent Algorithms. 

International Conference on Electronics and Sustainable 

Communication Systems. 

[7] Grace Shalini, T., Susan Shiny, G., Saranya, R., Suresh Babu, P., 

Kavitha, R., & Atheeswaran, A. (2024). Enhancing Lung Disease 

Identification with Multimodal Data Fusion and Deep Learning CNN 

Approach. International Conference on Smart Electronics and 

Communication. 

[8] Preethi, E., Ahmed, A. S., Shyamala, G., Vasukidevi, G., Sunil, T., 

& Atheeswaran, A. (2024). Optimizing Predictive Maintenance in 

Smart Factories Using Random Forests and Internet of Things Sensors. 

International Conference on Electronics, Communication and 

Aerospace Technology. 

[9] Singh, N., Chozha, R. P., Kumar, R. S., Soujanya, T., Ram, S. S. 

M., & Athiraja, A. (2025). Adaptive AI Algorithms for Autonomous 

Crop Harvesting in Variable Terrain Conditions. International 

Conference on Information, Implementation, and Innovation in 

Technology. 

[10] Thirumalai, M., & Yuvaraj, T. (2021). Application of Bat 

Optimization Algorithm for Power System Loss Reduction Using 

DSSSC. Smart Computing Techniques and Applications. 

[11] Abbas, S. H., Ravi, E., Babu, B. M., Pimo, S. J., Kulkarni, P., & 

Thirumalai, M. (2024). IoTWP: Design and Development of Internet 

of Things Assisted Weather Prediction Scheme with Advanced 

Remote Tracking Norms. International Conference on Power, Energy, 

Control and Transmission Systems. 

[12] Muthukumaran, D., Patidar, R., Ravi, K. C., Thirumalai, M., 

Tulasi, R., & Siddiqui, S. T. (2024). Design and Development of LiFi 

Assisted Intelligent Data Transmission Using Secured Wireless 

Communication Principles. International Conference on Power, 

Energy, Control and Transmission Systems. 

[13] Yuvaraj, T., & Ravi, K. (2017). DSTATCOM Allocation in the 

Radial Distribution Networks with Different Stability Indices Using 

Bat Algorithm. Gazi University Journal of Science. 

[14] Sriabisha, R., & Yuvaraj, T. (2023). Optimum Placement of 

Electric Vehicle Charging Station Using Particle Swarm Optimization 

Algorithm. International Conference on Electrical Energy Systems. 

[15] Suja, K., & Yuvaraj, T. (2021). Transformer Health Monitoring 

System Using Android Device. International Conference on Electrical 

Energy Systems. 

[16] Nalinipriya, G., Suneetha, M., Mikhailova, M., Ramesh, S. N., & 

Vijaya Kumar, K. (2025). Leveraging Double-Valued Neutrosophic 



 

33 

 

Set for Real-Time Chronic Kidney Disease Detection and 

Classification. International Journal of Neutrosophic Science. 

[17] Ramesh Kumar, R., Nalinipriya, G., Vidyadhari, C., & Elwin, J. 

G. R. (2024). Deep Joint RP-Net–Based Segmentation Algorithm for 

Severity Prediction of Brain Tumor. Journal of Mechanics in Medicine 

and Biology. 

[18] Sahoo, S. K., Nalinipriya, G., Srinivasan, P. S., Ramesh, J. V. N., 

Ramamoorthy, K., & Soleti, N. (2023). Development of a Virtual 

Reality Model Using Digital Twin for Real-Time Data Analysis. SN 

Computer Science. 

[19] Shalini, T. G., Geetha, P., Talasila, S., & Chowdary, S. (2025). 

Predicting Heavy Metal Ion Concentrations in Water to Prevent Future 

Neurological Outbreaks. International Conference on Visual Analytics 

and Data Visualization. 

[20] Karmakar, R., Manna, I., Kumar, C. S., Shalini, T. G., & 

Majumdar, J. D. (2024). Laser Surface Cladding of CoNiCrAlY as 

Bond Coat on INCONEL 718 Substrate for Thermal Barrier Coating 

Application. Materials Letters.

 


	I. Introduction
	II. Related Works
	III. Methodology
	A. Data Acquisition and Preprocessing
	B. Feature Extraction and Representation Learning
	C. Model Training and Evaluation
	D. Network Refinement and Validation
	E. Training and Validation Dynamics
	F. Precision-Recall Evaluation
	G. ROC Curve Analysis

	IV. Results and Discussion
	A. Early Stopping and Generalization Capability
	B. Robustness under Noisy Data Perturbations

	V. Conclusion
	References


