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Abstract

The growing dependence on online services, cloud computing, and interconnected systems has intensified the
probability of cyberattacks and they are more common, dynamic, and complex. Traditional cyber defence tools, which
are mostly based on predefined rules and known signatures of attack, find it hard to identify new and zero-day threats.
In order to mitigate this shortcoming, this paper puts forward an active structure of cyber-attack prediction by using
generative artificial intelligence (Al).

The system uses traffic data on the network, pattern of user behaviour, and logs on system activity to detect any anomaly
that can be a sign of malicious intent. Generative Al methods are used to generate realistic attack examples, which
augment training data and improve the detection of attacks that have not been seen before. It is designed to combine a
Python-based Al engine to predictive model, secure backend on Node.js and MongoDB to manage data efficiently and a
React.js dashboard to provide real-time visualization and notifications.

The proposed solution enhances the accuracy of detection and minimizes false positives and enhances proactive
defences through the use of predictive analytics coupled with generative intelligence. The study will help in the
development of intelligent cybersecurity that can predict and reduce the emerging cyber threats and create a more
secure and resilient cyber ecosystem.

Keywords: Cyber Security; Cyber Attack Prediction; Generative Artificial Intelligence; Synthetic Data Generation;
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1. Introduction

The high rate of growth of digital technologies, cloud computing, and connected systems have changed the manner in
which organizations are running and provide better efficiency, accessibility, and scalability. Nevertheless, this digital
transformation has also brought forward its own serious vulnerabilities, making the systems more vulnerable to more
advanced cyber threats. There has been an increased prevalence and adaptability in cyberattacks like ransomware,
phishing, denial-of-service (DoS), and zero-day attacks with sometimes disastrous effects such as data breaches,
monetary damages, and shutdown of essential services.

Conventional cybersecurity controls, including firewalls, antivirus software and signature-based intrusion detection
systems, are popular, but fundamentally restricted. Such systems are based on the set of rules and established attack
signatures, and they can only be successful against threats that had been previously detected. They are reactive in nature
and therefore usually react when an attack has been noted which leaves organizations exposed to new and
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emerging threats. In addition, low false negative and false positive values also decrease their usefulness and add
workload to security staff.

This paper suggests a Cyber Attack Prediction System based on Generative Al, the purpose of which is to analyse the
network traffic, user actions, and system activity logs in advance to detect irregularities that can signify a malicious
intent. The integration of generative models and predictive analytics will help the system to boost the accuracy of
detection and minimize false warnings and increase proactive defence mechanisms. The architecture will be made up
of Python-based prediction Al engine, a secure backend built on Node.JS and MongoDB to store the data, and a
dashboard built on React.JS to provide real-time data visualization and alerts.

The contributions of this work are three

Creation of a proactive model of predicting cyber-attacks using generative Al.

Synthetic data generation integration to enhance the detection of zero-day and dynamically evolving threats.
Installation of an adaptive learning and visualization real-time monitoring system that can be scaled.

The study will help create a more resilient and more secure digital environment by overcoming the
shortcomings of the old system and taking predictive cybersecurity a step forward.

2. Literature survey

The study of cybersecurity has developed a lot in the last twenty years, leaving behind conventional rule-based and
signature-based intrusion detection systems (IDS) and entering more intelligent ones, which are driven by data. Older
systems like firewalls, antivirus, and signature-based IDS had been successful in dealing with known threats, but could
not deal with new attacks because they used fixed rules and pre-defined signatures. Their reactionary characteristic
ensured that an organization usually reacted too late when the attack has taken place and left the vulnerable areas
vulnerable.

In order to address these drawbacks, researchers proposed machine learning (ML) methods of anomaly detection.
Support Vector Machines (SVM), Clustering algorithms and Decision Trees have been used as classifiers to differentiate
normal and abnormal network behaviour. Although ML-based IDS had better detection accuracy, they were extremely
reliant on labelled data and were not adaptable to fast changing attack patterns.

The latest developments in deep learning contributed to cybersecurity systems further as they allowed modelling
complex high-dimensional network traffic data. Recurrent neural networks (RNNs) and autoencoders are some of the
techniques that have been used to learn both temporal and structural patterns in system behaviour. Such methods were
more accurate but still had difficulties concerning the data scarcity, explainability and identifying the zero-day threats.

Recent studies indicate that Generative Artificial Intelligence (GenAl) can be useful in cybersecurity. Generative
Adversarial Networks (GANs) and Variational Autoencoders (VAEs) are models that can be used to create synthetic
attack data, which can be used to supplement training data and enhance generalization. Generative models improve
predictive systems by simulating realistic scenarios of cyberattack, which allows the predictive systems to identify novel
threats. Nevertheless, most current GenAl-based methods are confined to laboratory facilities and they are not
combined with real-time monitoring and display systems.

The review of the previous literature indicates the existence of a number of research gaps

High dependency on labelled datasets and a small degree of flexibility to the changing threats.
Failure to identify zero-day attacks.

Large values of false positive and false negative in anomaly detection.

Absence of proactive prediction systems where most of the systems are detection oriented.
Minimal application of generative models to real-life and practical settings.

This project is based on these findings as it incorporates the use of Generative Al and machine learning in proactively
forecasting cyberattacks. Compared to conventional systems, the proposed one is centered on the early threat detection,
synthetic data enhancement, adaptive learning and real-time visualization. Addressing the identified gaps, it helps to
develop a scalable and intelligent cybersecurity solution that will be able to predict and address the changing cyber
threats.
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3. Existed and proposed system

3.1. Existing System

Traditional cybersecurity relies on firewalls, antivirus, and signature-based IDS/IPS that match Traffic against known
attack patterns. These are reactive, requiring manual updates and struggling with zero-day attacks, adaptive malware,
high false positives, and scalability in cloud environments. They analyse only basic network flows without behavioural
context or predictive capability, leading to delayed responses and alert fatigue.

3.2. Proposed System
The framework proactively analyses network traffic, user behaviour, and system logs using Generative Al to synthesize

attack scenarios for training robust ML/DL models.

Built with Python Al engine, Node.js/MongoDB backend (Users, LogData, Prediction Results collections), and React.js
dashboard for real-time alerts and risk visualization.

Key advantages include zero-day prediction, reduced false positives, multi-dimensional analysis, and scalable
enterprise deployment.

4. Methodology

In figure 1, the suggested layered architecture of predicting proactive cyber-attacks with the support of generative Al is
shown. Itis also based on a modular thinking that incorporates data collection, preprocessing, synthetic data generation,
predicting modelling and administration of the backyard supported by visualisation to achieve accuracy, scalability, and
stability in cybersecurity.

- A .
("\ - ‘%) = gggs
AN

« Warms |
Network -
Internet : Si,d?.At,t?CK, VVVVV a8
| f - é
- -] &) .| cranted
Proposed
Gateway GAN-Based NIDS
AR e e e e Denied

Access Contro

« DDOS |
« DOS
« Warms |

Side Attack

Figure 1 Layered Architecture of Generative Al-Based Cyber Attack Prediction System

It will start with the Data Collection Layer that will involve the process of data collection through raw data in the shape
of network traffic logs and user activity record, system event logs. The system has role-based access control and
authenticated interfaces that are employed to ensure the transactions are initiated or authenticated by the authorised
users. Once the data has been sent to the Preprocessing and Feature Extraction Layer where duplicate or noise values
are detected and removed, the trends of traffic are normalized, time stamps verified and the suitable features are
determined to be analysed.
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The processed information is forwarded to Generative Al Layer where models which incorporate GANs and VAEs
generate synthetic attack scenarios. These artificial sets of data diversify training and allow the system to be in a better
position to identify zero-day and dynamic threats. The validated datasets are then fed in to Prediction and Anomaly
Detection Layer where the supervised and unsupervised learning algorithms determine the behavior as normal or
malicious. This layer is an automated predictive forecasting and anomaly layer which reduced false positives and gave
better detection accuracy.

The Backend and Data Management Layer include approved transactions and prediction results, which are executed
with the assistance of Node.js and MongoDB. RESTful APIs permit inter-module integration and secure storage can be
employed to make them resilient to single-point failures. To address the problem of scalability and privacy, a high
sensitivity data is stored in secured repositories and cryptographic hash reference is stored to ensure data integrity and
provenance.

Finally, the Visualization and Alert Layer provide access in real time by way of a React.js dashboard. This interface
displays the outcomes of prediction, scores of anomalies, and system health and generates automatic alerts of suspicious
activity. The security analysts can observe the anomalies and read the detailed reports and take proactive action against
a potential menace.

The proposed architecture is in a way that the forecasting of cyberattacks is all seeable and impeccable and flexible. The
system can strengthen proactive defense controls and enhance the degree of trust in the online spaces, combining
generative intelligence and predictive analytics.

5. Experiments and results

5.1. Data Collection

Evaluation was done using simulated data and records on cybersecurity publicly available. It was approximately 5,000
cases of transactions that comprised of network traffic logs, logs of user activities and system event logs. In each record,
there were attributes such as, source IP, destination IP, protocol type, packet size, frequency of login and system event
identifiers. To replicate attack conditions in reality, meta data, such as timestamps, an anomaly rating and synthetic
attack labelling, generated by the generative Al module were also included.

5.2. Data Preprocessing and Structuring

The records were all checked and normalised then inputted into the Al engine. The duplicate records were removed,
the traffic records were normalized and the time stamps verified so as to keep the order straight. The feature extraction
was performed so as to determine the most important indicators such as, uncharacteristic packet flows, abnormal log-
ins and abnormal system calls. Synthetic attack scenarios were created with the help of GAN and VAEs and were inserted
to the dataset to make training more diverse.

5.3. Integrity/Synchronization

It was a small test environment that the system was implemented. MongoDB was used to store the results of the
prediction and the logs of the anomalies detected and the modules results were to be synchronized with the aid of APIs
in the Node.js. the test of integrity was conducted by making attempts to make unauthorized amendments to the records
stored. Any form of attempts at tampering was denied and cryptographic hash verification ensured that ledger entries
remained unmodified with 100 percent immutability being maintained in test cases.

5.4. Intelligent Decision Process and Automation

The Al engine automated some of the important processes that include:

e Anomaly of the network traffic that has been detected.

e Roaming of potential cyberattacks based on the deviations in behavior. Automated warning signals on
suspicious activity generation.

e Risk prioritization and scoring to analysts.

e Through this automation, there were reduced human involvement and the efficiency of response time was
improved.
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5.5. Scalability and Performance Testing

The loads of concurrent requests were done at 100-500 simultaneous requests. Measures such as the prediction latency,
the transaction confirmation time as well as the system throughput was taken. At moderate load, both the average
latency of prediction and throughput could be seen to not vary more than 4.5 seconds and was consistent with no
variation in inconsistency between distributed nodes.

5.6. Performance Evaluation
The security test involved simulated attack situations including:
e Attempts of unauthorized records modification.

e False traffic logs injections.
o Identity spoofing attempts

Validation rules dismissed all the evil modifications. Synthetic data creation enhanced the anti-zero-day protection and
anomaly detection proved useful in raising awareness on abnormal patterns.

5.7. Performance Metrics

The system performance was calculated based on:
Prediction accuracy

False positive percentage of decrease.

Zero-day threats detection.
Response time for alerts

The system was over 95 percent prediction accurate, reduced false positives by approximately 40 percent per baseline
ML models, and demonstrated to have functionality in the task of detecting synthetic zero-day situations.

5.8. Comparative Performance Analysis

The architecture proposed demonstrated better intrusion detection than the conventional signature-based intrusion
detection systems:

Increased detection accuracy.

Increased resistance to the emerging threats.

Faster response times

Reduced use of canned signatures.

The generative Al added a significant advantage to the handling of the invisible cases of the attacks.

Table 1 Performance Comparison Between Traditional ML and Proposed Generative Al Model

Module Baseline ML (%) | Proposed GenAl Model (%)
Prediction Accuracy 88.5 95.8

Zero-Day Detection 72.4 91.2

False Positive Reduction | 60.3 40% Reduced

Anomaly Detection Rate | 85.6 96.4

Response Time Efficiency | 3.8 sec 2.4 sec
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Table 2 Comparison with Existing Cybersecurity Systems

Feature Signature-Based IDS | ML-Based IDS | Proposed GenAl System
Zero-Day Detection X Limited N4

Synthetic Data Support X X Vv

Predictive Capability X Limited N4

False Positive Reduction Low Moderate High

Real-Time Visualization Limited Limited vV

Scalability Moderate Moderate High
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Newly-developed malware and impact on model performance
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Figure 4 Zero-Day Attack Detection Performance Comparison
Future Scope

The proposed Generative Al-based Cyber Attack Prediction System establishes a proactive and intelligent framework
for detecting evolving cyber threats. However, scalability, adaptability, and real-time responsiveness can be further
enhanced through several future improvements. Advanced deep learning architectures such as Transformer-based
models and hybrid ensemble techniques can be integrated to improve prediction accuracy and contextual threat
understanding.

The system can be extended to incorporate real-time streaming analytics using technologies such as Apache Kafka and
distributed processing frameworks to handle large-scale enterprise traffic. Reinforcement learning techniques may be
implemented to dynamically adapt defense strategies based on changing attack patterns and system behaviour. This
would allow the model to continuously learn and optimize response mechanisms in complex cyber environments.

Cloud-native deployment using containerized microservices and orchestration tools like Kubernetes can enhance
scalability and enable deployment across geographically distributed networks. Latency can be further reduced by
optimizing model inference pipelines and implementing intelligent caching mechanisms. Integration with Security
Information and Event Management (SIEM) systems would improve enterprise-level adoption and automated incident
response.

Future enhancements may also include integration of federated learning to enable collaborative threat intelligence
sharing without exposing sensitive data. The incorporation of advanced cryptographic techniques and privacy-
preserving Al models can further strengthen data security and compliance. With these improvements, the proposed
system can evolve into a fully autonomous, scalable, and globally deployable intelligent cybersecurity framework

6. Conclusion

The article introduced a generative Al-powered system of proactive prediction of cyber-attacks and aimed to solve the
weaknesses of traditional signature-based and rule-based cybersecurity measures. Through synthetic data generation,
predictive analytics, and an improved level of accuracy in detection, the framework increases its ability to detect,
minimize false positives, and create a more resilient framework against zero-day threats and adaptable threats.

The layered architecture incorporates the data collection, preprocessing, generative modeling, anomaly detection,
secure backend management and real-time visualization. All elements lead to an open and flexible defense system that
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can foresee malicious act and prevent it before it happens. Synthetic attack scenario generation with the help of GANs
and VAEs, as well as Python based Al engine, Node.js backend, MongoDB storage and React.js dashboard, guarantee
scalability, security and usability.

Experimental assessment indicated that there were better prediction metrics, anomaly detection and response
efficiency than the traditional systems. The system ensured data integrity, resisted tampering efforts and generated
quicker alerts, thus lessened the security analyst workload.

In general, the suggested architecture helps to create a more secure and resilient online space. This study will contribute
to intelligent cybersecurity research by integrating generative intelligence with proactive defence measures and
provide the basis to continue improving predictive threat management in the future.
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