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Abstract— Cyberattacks on modern networks are increasing in 
volume, speed, and sophistication, making timely detection and 
prediction essential for maintaining network security. Conventional 
intrusion detection approaches often rely on static signatures and 
manual analysis, limiting their ability to identify novel or rapidly 
evolving threats. Recent advances in data-driven machine learning 
provide opportunities for predictive intrusion detection, anomaly 
identification, and automated network defense [1], [2]. This paper 
presents an intelligent cyberattack prediction framework that applies 
data-driven machine learning models to enhance network security. 
Existing approaches, including classical machine learning, deep 
learning, and hybrid models, are reviewed with respect to their 
detection accuracy, scalability, and limitations [6]–[11], [13]. Based 
on this survey, a data-driven prediction framework is proposed that 
integrates data preprocessing, feature selection, model training, and 
real-time attack classification. The paper further discusses 
evaluation metrics, benchmark datasets, and research challenges 
toward building reliable, adaptive, and scalable cyberattack 
prediction systems for real-world network environments [14], [16]. 
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I. INTRODUCTION 

The rapid growth of networked systems, cloud services, and 
internet-connected devices has significantly increased the 
volume, diversity, and complexity of cyberattacks. Modern 
networks face threats such as denial-of-service attacks, 
malware propagation, unauthorized intrusions, phishing-driven 
compromise, and zero-day exploits. The scale and speed at 
which these attacks occur make timely detection and prediction 
essential for protecting network infrastructure, sensitive data, 
and critical services. 
Conventional network security approaches, such as signature-
based detection and static rule sets, depend on previously 
known attack patterns and manual updates. Although effective 
against familiar threats, these methods struggle to identify novel 
or evolving attacks and often require significant manual effort 
to maintain. Recent advances in artificial intelligence and 
machine learning have created opportunities for intelligent, 
data-driven cyberattack prediction, enabling systems to learn 
attack behavior directly from network data and generalize to 
previously unseen threats [1], [2]. 
Machine-learning techniques can learn relationships among 
historical network traffic features and generate predictions that 
flag malicious activity before it causes damage [1], [3]. Deep-
learning and hybrid neural-network models can further capture 
complex, nonlinear, and temporal patterns present in network 

traffic, improving detection of sophisticated and multi-stage 
attacks [6]–[11], [13]. 
Cyberattack prediction is particularly important because 
network conditions change continuously and attackers regularly 
modify their techniques to evade existing defenses. Data-driven 
models trained on evolving traffic patterns can provide early 
warnings before an intrusion escalates into a full compromise 
[8], [10]. Large-scale benchmark datasets and standardized 
traffic characterization efforts have also improved the reliability 
of such predictive models [4], [5]. 
Prediction alone, however, cannot provide complete network 
protection. A practical AI-based system should integrate data 
acquisition, preprocessing, feature engineering, prediction, risk 
scoring, and decision support. This paper therefore aims to: 

● Review machine-learning and deep-learning 
approaches for cyberattack prediction and network 
intrusion detection. 

● Examine data-driven techniques for classifying and 
predicting malicious network activity. 

● Analyze traffic-based, host-based, and hybrid 
monitoring approaches. 

● Compare the strengths, limitations, and applicability 
of existing machine-learning methods. 

● Examine risk scoring, prioritization, and prediction-
based decision support. 

● Formulate an integrated data-driven cyberattack 
prediction framework. 

● Identify evaluation requirements, research challenges, 
and future directions for reliable network security 
systems. 

The remainder of this paper discusses existing prediction and 
detection approaches, the proposed framework, evaluation 
requirements, research challenges, future directions, and 
concluding observations. 

II. EXISTING METHODS FOR DATA-DRIVEN 
CYBERATTACK PREDICTION 

Existing cyberattack prediction and network security 
approaches can be broadly classified into signature-based 
detection, statistical and rule-based methods, conventional 
machine learning, deep-learning and hybrid models, and real-
time or distributed monitoring frameworks. 
A. Signature-Based and Manual Detection 
Signature-based systems rely on predefined attack signatures 
and manual analysis of known threats. They can reliably detect 
previously catalogued attacks but require constant manual 
updates and cannot identify novel or modified attack patterns 
[1]. 
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B. Statistical and Rule-Based Methods 
Statistical and rule-based approaches use threshold values and 
predefined rules to flag abnormal traffic behavior. These 
methods provide simple, interpretable detection but often 
generate a high number of false alerts and struggle to adapt to 
changing traffic patterns [3]. 
C. Conventional Machine Learning 
Machine-learning approaches learn relationships between 
network traffic features from historical, labeled data. 
Algorithms such as Support Vector Machines, Random Forest, 
and other supervised classifiers have been widely applied for 
intrusion detection and attack classification. Their advantages 
include automated analysis and relatively efficient 
computation; however, performance depends on data quality, 
feature selection, and dataset representativeness [1], [3], [15]. 
D. Deep Learning-Based Prediction 
Deep-learning models, including convolutional and recurrent 
neural networks, can capture complex nonlinear and temporal 
relationships within network traffic. These architectures have 
been investigated for predicting and classifying malicious 
traffic with improved accuracy over conventional methods [6]–
[10]. Such models generally require larger datasets and greater 
computational resources. 
E. Hybrid and Ensemble Models 
Hybrid and ensemble approaches combine multiple learning 
mechanisms, such as feature selection with deep networks or 
ensembles of classifiers, to improve detection accuracy and 
robustness. Recent studies have shown that hybrid models can 
achieve strong performance across diverse attack types, though 
model complexity and training cost increase accordingly [11]–
[13]. 
F. Real-Time and Distributed Monitoring 
Real-time and distributed monitoring frameworks process 
network traffic continuously across multiple points in a 
network, supporting large-scale environments such as cloud 
infrastructure and industrial systems. These approaches 
improve detection coverage but face challenges related to data 
volume, processing latency, and coordination across distributed 
sensors [14], [16]. 
TABLE I: COMPARISON OF EXISTING CYBERATTACK 
PREDICTION METHODS 
 

Method 
Main 
Technique 

Strength 
Major 
Limitation 

Signature-based 
Known attack 
signatures 

Reliable on 
known attacks 

Cannot detect 
novel attacks 

Statistical/rule-
based 

Threshold 
rules 

Simple, 
interpretable 

High false-
alert rate 

Machine 
learning 

SVM, RF, etc. 
Automated 
prediction 

Data 
dependent 

Deep learning 
CNN, RNN, 
etc. 

Nonlinear 
pattern 
learning 

Requires large 
data 

Hybrid/ensemble 
Combined 
models 

Higher 
accuracy 

Model 
complexity 

Real-
time/distributed 

Multi-point 
monitoring 

Wide 
coverage, low 
latency 

Processing & 
coordination 
cost 

Proposed 
framework 

Integrated 
ML/DL 
pipeline 

Prediction + 
risk scoring + 
explanation 

Requires 
comprehensive 
validation 

The literature therefore indicates a transition from static, 
signature-based defense toward continuous, predictive, and 
intelligent cyberattack detection. However, many existing 
approaches focus on individual detection tasks in isolation. A 
comprehensive architecture should integrate data acquisition, 
preprocessing, prediction, risk assessment, and response 
recommendations into a unified decision-support pipeline. 

III. PROPOSED AI-POWERED CYBERATTACK 
PREDICTION SYSTEM 

The proposed system treats cyberattack prediction as an 
integrated sequence of interconnected processing stagesthere 
here is: 

Network Traffic and Log Data → Data Acquisition → Data 
Preprocessing → Feature Engineering → AI-Based Prediction 
→ Attack Classification → Risk Scoring and Alert Generation 
→ Security Analyst Monitoring and Response. 
The architecture consists of five major functional layers: data 
acquisition, preprocessing, intelligent analysis, prediction and 
risk assessment, and decision support. The first layer collects 
network parameters such as packet headers, protocol type, 
connection duration, byte counts, and flow statistics. The 
preprocessing layer removes noise, handles missing values, and 
converts heterogeneous traffic logs into suitable input features. 

 
 

Fig. 1. Overall Architecture of the Proposed AI-Powered 
Cyberattack Prediction System 
The intelligent analysis layer applies machine-learning and 
deep-learning techniques to identify abnormal traffic behavior 
and attack patterns. The prediction layer estimates the 
likelihood of an ongoing or upcoming attack, its probable 
category, and its severity based on historical and real-time 
traffic information. The risk-assessment layer combines 
predicted outcomes to generate actionable alerts for potentially 
harmful activity. 
Finally, the decision-support layer presents predictions, 
detected anomalies, and recommended response actions to 
security analysts through an accessible monitoring interface.  
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The architecture is designed as a decision-support framework, 
assisting analysts in timely response rather than fully replacing 
human judgement. This integrated approach enables continuous 
monitoring, early identification of threats, predictive defense, 
and more efficient network security operations. 

IV. NETWORK TRAFFIC DATA AND FEATURE 
REPRESENTATION 

A. Network Data Acquisition and Processing 
The proposed system collects network parameters such as 
protocol type, source and destination ports, packet size, 
connection duration, flow direction, byte and packet counts, and 
connection flags. Preprocessing handles missing, duplicate, 
inconsistent, and abnormal traffic records, and normalizes 
numerical values so that features with different scales and units 
contribute comparably to model learning. 

 
Fig. 2. Network Traffic Data Processing and Attack 
Prediction Pipeline 
B. Network Traffic Feature Representation 
The traffic condition of a network connection is represented 
using the relevant statistical and protocol-level parameters. The 
system extracts: 

● Protocol type and service 
● Source and destination port information 
● Packet size and byte count 
● Connection duration and flow rate 
● Number of failed login or connection attempts 
● Flag and error indicators 
● Traffic direction and volume patterns 

Representing the collected network parameters using a unified 
feature set enables the proposed system to analyze relationships 
between traffic behavior, connection characteristics, and attack 
likelihood. The resulting representation can subsequently be 
provided to the machine-learning or deep-learning model for 
attack prediction, anomaly detection, or attack-type 
classification, depending on the objective of the proposed 
system. 

V. ATTACK PATTERN MATCHING AND RISK 
SCORING 

A central component of the proposed system is matching 
observed network conditions against learned attack patterns to 

determine the likelihood and severity of malicious activity. 
Unlike simple threshold-based analysis, the proposed approach 
identifies relationships between observed traffic behavior and 
known categories of malicious activity learned from historical 
data. 

 
Fig. 3. Attack Pattern Matching and Network Risk Scoring 
Workflow 
A connection or traffic segment showing overall similarity to 
normal behavior may still contain a critical indicator, such as 
an unusual number of failed connection attempts or an 
abnormal packet-size pattern, that can signal malicious intent. 
The proposed system therefore combines general behavioral 
similarity with explicit security-relevant factors, including 
protocol compliance, connection frequency, traffic volume 
anomalies, and historical reputation of source addresses, to 
determine an overall risk score for each connection. 
This weighted evaluation allows the system to assign different 
levels of importance to different indicators depending on the 
deployment context. For example, a perimeter-monitoring 
application may emphasize connection frequency and failed-
login indicators, whereas an internal-network monitoring 
application may emphasize traffic-volume anomalies and 
protocol irregularities. 

Network connections are subsequently evaluated according to 
their overall risk score to generate an alert priority and 
corresponding response recommendation, enabling timely 
intervention by security analysts and improved network 
defense. 

VI. EXPLAINABLE AI FOR CYBERATTACK 
PREDICTION 

 
Fig. 4. Explainable AI Framework for Cyberattack 
Prediction and Analyst Decision Support 
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AI-based cyberattack prediction systems should provide more 
than a classification label or numerical risk score. Security 
analysts need to understand why the system flagged a particular 
connection as suspicious. Explainable AI (XAI) techniques 
such as SHAP and LIME can provide feature-level explanations 
of model predictions. 
For each prediction, the proposed system can generate an 
explanation containing: 

● Traffic-feature contribution 
● Protocol and port-related influence 
● Connection-frequency influence 
● Packet-size and volume contribution 
● Failed-attempt or error-flag influence 
● Major factors contributing to the final prediction 
● Recommended security response action 

For example, a flagged connection may be reported as: 'Attack 
Likelihood — 87% Malicious. Protocol: unusual for destination 
port. Connection frequency: abnormally high. Failed attempts: 
elevated. Packet size: consistent with scanning behavior. Major 
influencing factor: repeated connection attempts across 
multiple ports. Recommendation: isolate source address and 
escalate for analyst review.' 
Such explanations help analysts confirm whether an AI 
prediction is supported by meaningful traffic indicators rather 
than relying only on a final classification value. 
A. Explainability and Decision Monitoring 

Cyberattack predictions can be influenced by multiple traffic 
and behavioral parameters. Therefore, the system should 
continuously monitor the contribution of each input feature to 
the prediction. Explainability helps identify which parameters 
have the greatest influence on flagged connections, supporting 
analyst trust and enabling faster, better-informed response 
decisions. 

VII. ADAPTIVE THREAT INTELLIGENCE AND 
HUMAN-IN-THE-LOOP DECISION SUPPORT 

Network conditions and attacker behavior are not static. Traffic 
volume, protocol usage, connection patterns, and attack 
techniques continuously evolve. A prediction model trained 
using fixed historical conditions may therefore become less 
effective as attackers adapt their methods. 

Model Update 
Adaptive mechanisms can update traffic feature distributions, 
detection thresholds, feature importance, and prediction 
knowledge while maintaining model version control. The 
system can periodically incorporate newly collected traffic data 
to improve its understanding of changing network conditions. 
However, adaptive updates should not automatically modify 
critical detection rules without validation; model updates 
should first be evaluated using historical and newly collected 
traffic datasets before deployment. 
Human-in-the-Loop Workflow 
The final cyberattack prediction and response workflow is: 
Data Collection → AI Prediction → Risk Assessment → 
Explanation → Analyst Verification → Response 
Recommendation → Final Analyst Decision. 

The security analyst remains responsible for the final decision, 
particularly when traffic conditions are unusual or when 
additional contextual information is required that may not be 
available in the collected data. This human-in-the-loop design 
allows analysts to combine AI-based predictions with practical 
security expertise and real-time network observations, while 
preventing the system from taking fully autonomous action 
without human supervision. 

VIII. EVALUATION FRAMEWORK 

A comprehensive evaluation framework is adopted to assess the 
proposed cyberattack prediction system across detection 
accuracy, prioritization, explainability, robustness, and 
efficiency. Rather than relying on a single performance 
measure, the evaluation considers multiple complementary 
dimensions to determine the practical effectiveness of the 
proposed framework. 
A. Detection Performance 
The prediction module is evaluated using accuracy, precision, 
recall, and F1-score. Accuracy measures overall classification 
correctness, precision indicates the proportion of flagged 
connections that are genuinely malicious, and recall measures 
the ability to identify actual attacks. F1-score provides a 
balanced assessment, which is important since both missed 
attacks and excessive false alerts reduce operational 
effectiveness. 
B. Alert Prioritization 
Since analysts must act on the most critical threats first, the 
system is evaluated on how effectively it ranks and prioritizes 
alerts by risk score, ensuring that high-severity attacks are 
surfaced ahead of lower-priority anomalies. 
C. Explainability 
Generated prediction explanations are evaluated based on 
faithfulness, consistency, completeness, and analyst 
understandability. The explanation should accurately represent 
the factors influencing the prediction and enable analysts to 
verify traffic indicators, protocol behavior, and connection 
patterns. 
D. Robustness 
Robustness is evaluated through testing across diverse attack 
types, varying traffic conditions, imbalanced attack classes, and 
previously unseen attack variants. This ensures the proposed 
system maintains reliable performance under practical network 
conditions. 
E. Efficiency 
Computational evaluation considers traffic-processing time, 
prediction latency, memory consumption, throughput, and 
scalability, which determine whether the system can operate 
effectively in real-time network environments. 
TABLE II: EVALUATION DIMENSIONS OF THE PROPOSED 
PREDICTION FRAMEWORK 

Dimension Evaluation Metrics 
/ Criteria 

Purpose 

Detection Accuracy, Precision, 
Recall, F1-Score 

Evaluate attack 
identification 
performance 

Prioritization Risk-based alert 
ranking 

Evaluate alert 
ordering quality 

Explainability Faithfulness, 
Consistency, 
Completeness 

Evaluate decision 
transparency 
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Robustness Cross-attack-type 
testing, class 
imbalance handling 

Evaluate 
generalization 
capability 

Efficiency Processing time, 
latency, throughput 

Assess real-time 
computational 
feasibility 

IX. RESEARCH CHALLENGES AND FUTURE 
ROADMAP 

Although data-driven cyberattack prediction can improve 
network defense, several challenges remain in developing a 
reliable and practical system. 
A. Dataset Availability 
Publicly available network security datasets may be outdated, 
imbalanced, or unrepresentative of current attack behavior. 
Developing sufficiently diverse and up-to-date datasets is 
important for reliable model training. 
B. Evolving Attack Patterns 
Attackers continuously modify their techniques to evade 
detection. The proposed system must therefore handle evolving 
and previously unseen attack variants to maintain reliable 
prediction over time. 
C. Detection Reliability 
Prediction should consider multiple traffic-relevant factors 
rather than depending on a single indicator. Future 
improvements should focus on maintaining consistent detection 
performance across different network environments. 
D. Explainability 
AI-generated predictions should provide understandable 
reasons for flagged activity. Future systems should improve the 
transparency of feature contributions, protocol analysis, and 
risk-scoring decisions. 
E. Class Imbalance and Fairness 
Attack traffic is typically much less frequent than normal 
traffic, creating class imbalance that can bias model training. 
Balanced evaluation is required to ensure that prediction 
accuracy is not overstated by the majority class. 
F. Zero-Day Threats 
New attack technologies and exploitation methods 
continuously emerge. Future systems should support updated 
threat representations and evolving attack signatures without 
reducing previously learned detection capability. 
G. Human–AI Interaction 
AI recommendations should assist security analysts rather than 
completely replace human judgement. Future systems should 
provide effective analyst feedback mechanisms and decision-
support interfaces for reviewing and validating predictions. 
H. Privacy and Security 
Network traffic may contain sensitive organizational and user 
information. Secure data management, controlled access, 
anonymization, and privacy-preserving processing are 
therefore important for practical deployment. 
The research roadmap can be organized into three stages: 
Short Term: Improve traffic feature engineering, detection 
accuracy, alert prioritization, and explainability. 
Medium Term: Develop adaptive detection models, improved 
handling of evolving attacks, diverse benchmark datasets, and 
robust cross-environment evaluation. 

Long Term: Develop reliable, human-centered network security 
intelligence that combines predictive detection, explainable risk 
scoring, fairness-aware evaluation, adaptive learning, and 
human-in-the-loop decision support. 

X. CONCLUSION 

This paper presented an AI-powered framework for intelligent 
cyberattack prediction using data-driven machine learning 
models to enhance network security. The framework addresses 
the limitations of conventional signature-based and rule-based 
defenses by incorporating traffic data processing, feature 
engineering, machine-learning and deep-learning-based 
prediction, risk scoring, explainability, and human-in-the-loop 
decision support. 
The proposed approach evaluates network connections using 
protocol behavior, traffic volume, connection frequency, and 
other relevant indicators. Data-driven models enable the system 
to identify complex and evolving attack patterns beyond fixed 
signatures. The risk-scoring component further prioritizes alerts 
according to their overall severity, enabling analysts to focus on 
the most critical threats first. 
Explainability is incorporated to improve the transparency and 
reliability of prediction outcomes, allowing analysts to examine 
the major factors contributing to each flagged connection. The 
human-in-the-loop design ensures that AI-generated 
predictions support analyst decision-making rather than 
completely replacing human judgement. 
Future research should focus on diverse and up-to-date network 
security datasets, adaptive detection models, robust evaluation 
against evolving and zero-day attacks, faithful explainability, 
class-imbalance-aware learning, privacy-preserving 
processing, and reliable AI-based network defense. 
 

REFERENCES 

[1] A. L. Buczak and E. Guven, "A survey of data mining and 

machine learning methods for cyber security intrusion 

detection," IEEE Communications Surveys & Tutorials, vol. 18, 

no. 2, pp. 1153–1176, 2016, doi: 

10.1109/COMST.2015.2494502. 

[2] P. Mishra, V. Varadharajan, U. Tupakula, and E. S. Pilli, "A 

detailed investigation and analysis of using machine learning 

techniques for intrusion detection," IEEE Communications 

Surveys & Tutorials, vol. 21, no. 1, pp. 686–728, 2019, doi: 

10.1109/COMST.2018.2847722. 

[3] M. H. Bhuyan, D. K. Bhattacharyya, and J. K. Kalita, 

"Network anomaly detection: Methods, systems and tools," 

IEEE Communications Surveys & Tutorials, vol. 16, no. 1, pp. 

303–336, 2014, doi: 10.1109/SURV.2013.052213.00046. 

[4] N. Moustafa and J. Slay, "UNSW-NB15: A comprehensive 

data set for network intrusion detection systems (UNSW-NB15 

network data set)," in Proc. Military Communications and 

Information Systems Conf. (MilCIS), 2015, pp. 1–6, doi: 

10.1109/MilCIS.2015.7348942. 

[5] I. Sharafaldin, A. H. Lashkari, and A. A. Ghorbani, "Toward 

generating a new intrusion detection dataset and intrusion 

traffic characterization," in Proc. 4th Int. Conf. Information 

Systems Security and Privacy (ICISSP), 2018, pp. 108–116, 

doi: 10.5220/0006639801080116. 

International Journal of Engineering Science and Advanced Technology (IJESAT) Vol 26 Issue 09, September 2026

ISSN No: 2250-3676 www.ijesat.com Page 289 of 290



[6] N. Shone, T. N. Ngoc, V. D. Phai, and Q. Shi, "A deep 

learning approach to network intrusion detection," IEEE 

Transactions on Emerging Topics in Computational 

Intelligence, vol. 2, no. 1, pp. 41–50, 2018, doi: 

10.1109/TETCI.2017.2772792. 

[7] R. Vinayakumar, M. Alazab, K. P. Soman, P. 

Poornachandran, A. Al-Nemrat, and S. Venkatraman, "Deep 

learning approach for intelligent intrusion detection system," 

IEEE Access, vol. 7, pp. 41525–41550, 2019, doi: 

10.1109/ACCESS.2019.2895334. 

[8] C. Yin, Y. Zhu, J. Fei, and X. He, "A deep learning approach 

for intrusion detection using recurrent neural networks," IEEE 

Access, vol. 5, pp. 21954–21961, 2017, doi: 

10.1109/ACCESS.2017.2762418. 

[9] K. Wu, Z. Chen, and W. Li, "A novel intrusion detection 

model for a massive network using convolutional neural 

networks," IEEE Access, vol. 6, pp. 50850–50859, 2018, doi: 

10.1109/ACCESS.2018.2868993. 

[10] C. Xu, J. Shen, X. Du, and F. Zhang, "An intrusion 

detection system using a deep neural network with gated 

recurrent units," IEEE Access, vol. 6, pp. 48697–48707, 2018, 

doi: 10.1109/ACCESS.2018.2867564. 

[11] S. M. Kasongo and Y. Sun, "A deep learning method with 

filter based feature engineering for wireless intrusion detection 

system," IEEE Access, vol. 7, pp. 38597–38607, 2019, doi: 

10.1109/ACCESS.2019.2905633. 

[12] S. M. Kasongo and Y. Sun, "A deep learning method with 

wrapper based feature extraction for wireless intrusion 

detection system," Computers & Security, vol. 92, Art. no. 

101752, 2020, doi: 10.1016/j.cose.2020.101752. 

[13] M. M. Hassan, A. Gumaei, A. Alsanad, M. Alrubaian, and 

G. Fortino, "A hybrid deep learning model for efficient 

intrusion detection in big data environment," Information 

Sciences, vol. 513, pp. 386–396, 2020, doi: 

10.1016/j.ins.2019.10.069. 

[14] Z. E. Huma, S. Latif, J. Ahmad, Z. Idrees, A. Ibrar, Z. Zou, 

F. Alqahtani, and F. Baothman, "A hybrid deep random neural 

network for cyberattack detection in the industrial internet of 

things," IEEE Access, vol. 9, pp. 55595–55605, 2021, doi: 

10.1109/ACCESS.2021.3071766. 

[15] M. Injadat, A. Moubayed, A. B. Nassif, and A. Shami, 

"Multi-stage optimized machine learning framework for 

network intrusion detection," IEEE Transactions on Network 

and Service Management, vol. 18, no. 2, pp. 1803–1816, 2021, 

doi: 10.1109/TNSM.2020.3014929. 

[16] M. A. Ferrag, L. Maglaras, S. Moschoyiannis, and H. 

Janicke, "Deep learning for cyber security intrusion detection: 

Approaches, datasets, and comparative study," Journal of 

Information Security and Applications, vol. 50, Art. no. 

102419, 2020, doi: 10.1016/j.jisa.2019.102419. 

 

International Journal of Engineering Science and Advanced Technology (IJESAT) Vol 26 Issue 09, September 2026

ISSN No: 2250-3676 www.ijesat.com Page 290 of 290


