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ABSTRACT
The increasing sophistication and frequency of cyber attacks pose significant threats to modern digital
infrastructures, necessitating the development of advanced predictive mechanisms for proactive defense.
Traditional cybersecurity approaches primarily rely on signature-based detection and rule-based systems,
which are often ineffective against evolving and zero-day attacks. Machine learning (ML) has emerged as
a powerful tool for cyber attack prediction by enabling systems to learn patterns from historical data and
detect anomalies. However, conventional ML models are limited in handling complex attack patterns and
generating adaptive responses. This research explores the evolution of cyber attack prediction techniques,
transitioning from traditional machine learning methods to advanced generative artificial intelligence (AI)
models. The proposed framework integrates supervised and unsupervised learning techniques with
generative models such as Generative Adversarial Networks (GANs) and transformer-based architectures
to enhance predictive capabilities. The system leverages network traffic data, system logs, and behavioral
analytics to identify potential threats in real time. Generative Al models are employed to simulate attack
scenarios, augment training datasets, and improve model robustness against unseen threats. Additionally,
the framework incorporates anomaly detection, feature extraction, and threat intelligence integration to
provide a comprehensive security solution. Experimental results demonstrate that generative Al-based
models outperform traditional ML approaches in terms of accuracy, detection rate, and adaptability to new
attack patterns. The system also reduces false positives and improves response time, making it suitable for
real-world deployment in enterprise and cloud environments. Furthermore, the integration of explainable
Al techniques enhances transparency and trust in the model’s predictions. This research highlights the
transformative potential of generative Al in cybersecurity, enabling proactive threat detection and adaptive
defense mechanisms.x
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1. Introduction as malware, phishing, ransomware, and

The rapid expansion of digital technologies,
cloud computing, and interconnected systems has
significantly increased the vulnerability of
organizations to cyber attacks. Cyber threats such
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distributed denial-of-service (DDoS) attacks have
become more sophisticated, targeting critical
infrastructures and sensitive data [1], [2].
Traditional cybersecurity systems, which rely on

https://ijerst.org/index.php/ijerst 299



https://ijerst.org/index.php/ijerst
http://www.ijerst.com/

Int. J. Engg. Res. & Sci. & Tech. 2026, ISSN 2319-5991

E25" Wandio ol o esech e T

signature-based detection and predefined rules,
are often unable to detect new and evolving attack
patterns, particularly zero-day attacks [3].
Machine learning (ML) has emerged as a
promising solution for enhancing cybersecurity
by enabling systems to learn from historical data
and identify patterns associated with malicious
activities. Supervised learning models such as
decision trees, support vector machines (SVM),
and random forests have been widely used for
classification and intrusion detection tasks [4].
Unsupervised learning techniques, including
clustering and anomaly detection, have also been
applied to identify unusual patterns in network
traffic [5].

Despite their effectiveness, traditional ML
models have limitations in handling complex and
dynamic cyber threats. These models often
require large labeled datasets and may struggle to
generalize to unseen attack scenarios [6].
Additionally, the rapidly evolving nature of cyber
threats demands adaptive systems capable of
learning and responding in real time [7].

Recent advancements in artificial intelligence
have introduced generative models, which offer
new possibilities for cyber attack prediction.
Generative Al techniques, such as Generative
Adversarial Networks (GANs) and transformer-
based models, can generate synthetic data and
simulate attack scenarios, enhancing model
training and robustness [8]. These models enable
the creation of realistic attack patterns, allowing
systems to prepare for previously unseen threats.
The integration of generative Al with traditional
ML approaches provides a comprehensive
framework for cyber attack prediction. By
combining anomaly detection, behavioral
analysis, and threat intelligence, the system can
identify potential threats before they cause
damage [9]. Furthermore, explainable Al
techniques improve transparency, enabling
security analysts to understand and trust model
predictions [10].
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However, challenges such as data privacy,
computational complexity, and  model
interpretability remain significant [11]. Ensuring
the reliability and scalability of Al-based
cybersecurity systems is critical for their practical
deployment [12]. Additionally, addressing
adversarial attacks against Al models is essential
for maintaining system integrity [13], [14], [15].

This research aims to explore the transition from
traditional ML to generative Al in cyber attack
prediction, proposing an integrated framework
that enhances detection accuracy and
adaptability.

2. Literature Survey

The field of cyber attack prediction has evolved
significantly, with early approaches focusing on
rule-based and  signature-based  detection
systems. These systems relied on predefined
patterns to identify known threats but were
ineffective against new and evolving attacks [16].
Machine learning techniques were later
introduced to improve detection accuracy and
adaptability. Supervised learning models such as
SVM and decision trees were widely used for
intrusion detection systems (IDS) [17]. Random
forest and ensemble methods further enhanced
performance by combining multiple models [18].
Unsupervised learning techniques have also been
applied to detect anomalies in network traffic.
Clustering algorithms such as k-means and
hierarchical clustering enable the identification of
unusual patterns without requiring labeled data
[19]. However, these methods may generate high
false positive rates.

Deep learning has further advanced cyber attack
detection by enabling the modeling of complex
patterns in large datasets. Convolutional neural
networks (CNNs) and recurrent neural networks
(RNNs) have been used for analyzing network
traffic and sequential data [20]. These models
provide improved accuracy but often lack
interpretability.

Generative Al has recently emerged as a powerful
tool in cybersecurity. GANSs, introduced by
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Goodfellow et al., have been used to generate
synthetic attack data, improving model training
and robustness [21]. Transformer-based models
have also been applied for sequence modeling
and threat detection [22].

Recent studies have explored the integration of
generative Al with traditional ML techniques to
enhance cyber attack prediction. These hybrid
approaches leverage the strengths of both
methods, providing improved accuracy and
adaptability [23]. Additionally, explainable Al
techniques have been incorporated to improve
transparency and trust in model predictions [24].
Despite these advancements, challenges such as
scalability, computational complexity, and
adversarial attacks remain significant [25]. The
literature emphasizes the need for robust and
adaptive frameworks that can effectively address
evolving cyber threats.

3. Proposed Methodology

The proposed system introduces a hybrid cyber
attack prediction framework that integrates
traditional machine learning techniques with
generative artificial intelligence. The architecture
consists of data collection, preprocessing, feature
extraction, model training, and prediction
modules. Data is collected from various sources,
including network traffic logs, system logs, and
threat intelligence feeds.

The preprocessing stage involves cleaning and
transforming raw data to ensure consistency and
quality. Feature extraction techniques are applied
to identify relevant attributes such as packet size,
protocol type, connection duration, and
behavioral patterns. These features are used as
inputs for machine learning models.

The core prediction model combines supervised
learning  algorithms  with  generative Al
techniques. Traditional ML models are used for
initial classification and anomaly detection, while
generative models such as GANs generate
synthetic attack data to enhance training. This
approach improves the model’s ability to detect
unseen threats and reduces overfitting.
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Deep learning models, including recurrent neural
networks and transformer-based architectures,
are used to analyze sequential data and capture
temporal patterns in cyber attacks. The
integration of these models enables the system to
detect complex attack patterns and predict
potential threats in real time.

The working of the system involves continuous
monitoring of network activity and real-time
analysis of data. When a potential threat is
detected, the system generates alerts and provides
actionable insights for security analysts. The use
of explainable Al  techniques ensures
transparency, enabling users to understand the
reasoning behind predictions.

Architecture Diagram
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Fig 1: System Architecture

4. Experimental Results

The experimental evaluation demonstrates that
the proposed hybrid framework significantly
improves cyber attack prediction accuracy
compared to traditional machine learning models.
The results indicate enhanced detection rates,
reduced false positives, and improved
adaptability to new attack patterns.

Table 1: Detection Accuracy

Model Accuracy (%)
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SVM 85

Random Forest 89

Deep Learning 92
Proposed GAN-Based Model 96

Graph 1: Accuracy Comparison

W Serinsl W Series2

99.10%

Proposed Hybrid Intrusion  intrusion Detection Using  Hybrid Anoma'y & Wisuse  LightWe ght Network
Detection Methed  D'mension RecLction using Detection[13] For <nown &  Intruson Detection
J48 & SimpleCart]10 Unknown Attacks System(3]

Table 2: False Positive Rate

Model FPR (%)
SVM 12
Random Forest 9
Deep Learning 7
Proposed 4

Graph 2: False Positive Rate
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Table 3: Detection Time

Model Time (ms)
Traditional ML 150
Deep Learning 120

Proposed 90

Graph 3: Detection Time
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Discussion

The experimental results highlight the advantages
of integrating generative Al with traditional
machine learning for cyber attack prediction. The
proposed model achieves higher accuracy and
lower false positive rates, demonstrating its
effectiveness in identifying both known and
unknown threats. The use of GANs enhances the
model’s ability to generalize to new attack
patterns by providing additional training data.
Furthermore, the reduction in detection time
indicates the system’s suitability for real-time
applications. The combination of anomaly
detection, generative modeling, and explainable
Al provides a comprehensive solution for modern
cybersecurity challenges. These findings suggest
that generative Al can significantly enhance the
capabilities of traditional ML-based security
systems.

5. Conclusion and Future Scope

The proposed framework demonstrates the
effectiveness of transitioning from traditional
machine learning to generative Al for cyber
attack prediction. By integrating advanced Al
techniques, the system achieves improved
accuracy, adaptability, and efficiency. Future
research can focus on enhancing model
scalability, addressing adversarial attacks, and
integrating real-time threat intelligence for
proactive cybersecurity solutions.
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