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Abstract

Cyber threats have grown in frequency and complexity due to widespread digitization, lIoT
adoption, cloud computing, and remote connectivity. Conventional cybersecurity solutions — such
as signature-based intrusion detection systems — struggle to identify novel or evolving attacks. This
research proposes an Al Cyber Threat Detector that integrates machine learning, anomaly detection,
and real-time monitoring to strengthen threat detection efficacy. The system employs supervised
and unsupervised learning models to classify network events, analyse behavioural patterns, assign
dynamic risk scores, reduce false positives, and trigger automated responses. Experimental results
show improved detection accuracy and operational efficiency compared to traditional systems. The
framework can adapt to changing attack landscapes, making it suitable for modem enterprise

environments.
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1. Introduction

The rapid digital transformation across
industries has expanded the attack surface for
cyber threats. According to recent industry
reports, the number and complexity of
cyberattacks—such as ransomware, phishing,
distributed denial of service (DDoS), insider
threats, and zero-day exploits—continue to
increase. Traditional security mechanisms
primarily use rule-based signatures that
struggle to detect advanced and emerging
threats. These limitations create a need for
intelligent cybersecurity systems capable of

adaptive learning and real-time response.

Artificial Intelligence (Al) offers powerful
capabilities to process enormous volumes of
data, identify subtle pattens, and predict
potential attacks before significant damage
occurs. An Al-driven threat detection system
can significantly enhance an organization's
defensive posture by automating threat
classification and response. This paper
mtroduces an Al Cyber Threat Detector
designed as a scalable and modular
framework that integrates machine learming
techniques, anomaly detection, risk scoring
real-time

algorithms, monitoring, and

automated remediation.

2. Literature Review

2.1  Traditional  Cybersecurity

Mechanisms

Conventional cybersecurity systems use
signature-based detection and predefined rule
sets in firewalls and intrusion detection
systems (IDS). These systems perform
reasonably well against known threats but fail
against new and evasive attacks. Signature
updates require constant manual intervention

and often lag behind threat emergence.

2.2 Al and Machine Learning in
Cybersecurity

Recent research demonstrates that machine
learning algorithms can improve detection
accuracy by learning patterns from historical
data. Supervised learning models classify
known threats, while anomaly detection
identifies deviations from normal behavior.
Deep learning approaches further enhance the
capability to discern complex patterns without
manual feature extraction, These
advancements have motivated the integration

of Al in cybersecurity frameworks.
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3 Proposed System

Architecture

The Al Cyber Threat Detector follows a

layered architecture consisting  of the

following components:
3.1 Data Collection Layer

Collects logs and telemetry from multiple

sources including:

. Network traffic
. Endpoint logs
. Authentication logs

Firewall and proxy logs

Data is continuously strecamed to the

preprocessing pipeline.
3.2 Data Preprocessing Layer

Preprocessing is critical to normalize and

prepare raw data for model ingestion. This

includes:

. Data cleaning and noise removal
. Encoding categorical variables

. Feature extraction and scaling

. Timestamp synchronization
3.3 Machine Learning Layer

This core layer applies several algorithms

such as:

. Supervised Learning: Random Forest,

Support Vector Machines (SVM)

. Unsupervised Leamning: K-Means,

Isolation Forest

. Anomaly Detection: Principal

Component Analysis (PCA), Autoencoders

These models produce class labels and

anomaly scores used for threat evaluation.
3.4 Risk Scoring Engine

Each detected activity receives a risk score (0
100) based on:

. Model probability outputs

. Threat severity designation
. Historical behaviour deviation
. Source reputation

Thresholds categorize alerts: Critical, High,

Medium, and Low.

700

2026 Volume 09 Issue 03 www.irjweb.com | March — 2026 — IRJEAT



http://www.irjweb.com/
https://www.irjweb.com/

1\

IRJEAT

International Research Journal of Education and Technology

Peer Reviewed Journal, ISSN: 2581-7795

3.5 Response and Visualization

Layer

Integrates with a SOC dashboard that displays
alerts, trends, heatmaps, and remediation
actions. Alerts trigger automated response
scripts for high-risk events, such as IP

blocking and account suspension.

4. Methodology

The system workflow comprises five core

stages:
4.1 Data Acquisition

Continuous capture of system and network

events, ensuring comprehensive coverage.
4.2 Feature Engineering

Transforms raw data into meaningful features,

such as:

o Failed login frequency
o Session duration anomalies
o« New device/IP address occurrences

« Suspicious pattern flags

4.3 Model Training and Validation

Datasets are split into training, validation, and
testing sets. Models are trained using
historical labeled datasets and validated using
accuracy, precision, recall, and Fl-score

metrics.
4.4 Real-Time Threat Evaluation

New data is fed into trained models in real
time. Predictions and anomaly scores are

aggregated and fed to the risk scoring engine.
4.5 Automated Response

For high and critical alerts, automated

remediation workflows are triggered:

e Dynamic firewall updates
o Triggering alerts to SOC analysts

« Blocking malicious sessions

5. Implementation Details

5.1 Technology Stack

Layer Technology
HTMLS, CSS3,
Frontend
JavaScript
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Python Precision TP /(TP + FP)
Backend (Flask/Django) or
. Recall TP/ (TP + FN)
Node.js
- 2 x Precision x
SQLite/
Database F1-Score Recall / (Precision +
PostgreSQL
Recall)
Scikit-Learn,
Machine Learning | TensorFlow,
PyTorch 6.2 Experimental Results
Visualization Chart.js, D3 js Fil-
Model | Accuracy | Precision | Recall
Score
5.2 Security Controls Random
94% 92% 90% | 91%
« Role-Based Access Control (RBAC) Forest
» Encrypted password storage SVM 91% 90% 8% 899
o Input validation and sanitized queries
Isolation
) 89% 87% 85% 86%
» Session management Forest

6. Performance Evaluation

The Random Forest model performed best
6.1 Metrics overall due to its ensemble nature and ability

¢ to handle class imbalance.
The system was evaluated using a testbed

dataset containing benign and malicious 7. Discussion

activities.
The Al Cyber Threat Detector effectively

Metric Formula reduced false positives compared to

(TP + TN) / (TP + traditional IDS systems and demonstrated

Accuracy TN + FP + FN) real-time detection capabilities. Risk scoring

allowed analysts to prioritize high-impact
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threats, while automated responses ensured

quicker mitigation.
However, challenges remain:
¢ Requires large training datasets

» Computational resources needed for

deep models
« Potential model bias

Strategies such as incremental learning and

cloud GPU acceleration can optimize

performance.
8. Future Work

Potential enhancements include:

Integration  with  global threat

intelligence feeds

¢ Deployment in distributed and hybrid

cloud environments
e Real-time WebSocket update streams
e Multi-factor authentication integration

e Deep Learning models for complex

behaviour detection

9. Conclusion

This paper presented an Al-driven Cyber

Threat Detector framework capable of

identifying both known and unknown threats
in real time. By combining machine learning,
risk scoring, and automated remediation, the
system enhances cybersecurity effectiveness
beyond traditional signature-based tools. The
experimental  evaluation  confirms  the
system’s ability to operate with high accuracy
and actionable insights. As cyber threats
continue to evolve, integrating intelligent
detection mechanisms becomes essential for

enterprise security operations.
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