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Cybersecurity, Artificial  The increasing sophistication of cyber threats demands intelligent and real-time

Intelligence, RealTime Detection, security solutions beyond traditional rule-based systems. This study presents an

Deep Learning, Intrusion Alempowered data science framework for real-time cyber threat detection and

Detection automated response in dynamic network environments. The proposed architecture
integrates scalable big data processing, advanced feature engineering, and hybrid

Article History machine learning—deep learning models to detect both known and zero-day

attacks with high accuracy and low latency. Experimental evaluation using
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benchmark cybersecurity datasets demonstrates improved detection performance,
reduced false positives, and faster response times compared to conventional
intrusion detection approaches. An intelligent response module further enables
automated threat prioritization and containment, significantly enhancing

Copyright @Author
Corresponding Author: * security operations efficiency. The framework offers a scalable and adaptable
Riyan Athar solution for nextgeneration cybersecurity in cloud, edge, and enterprise
infrastructures.
INTRODUCTION

The global shift toward Industry 4.0 and 5.0 has
revolutionized industrial automation through
decentralized data processing and the Internet of
Things (IoT), yet it has simultaneously expanded
the attack surface for sophisticated cyber-
adversaries [1]. In these hyperconnected

ecosystems, the perimeter is no longer clearly
defined, making traditional security architectures
vulnerable to lateral movement and credential
theft. Conventional Intrusion Detection Systems
(IDS) primarily rely on signature-based matching,
a methodology that is fundamentally ineffective
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against polymorphic malware, encrypted traffic
anomalies, and Zero-Day exploits that lack
predefined signatures [2].

Recent trends in cybersecurity indicate that a
transition toward Artificial Intelligence (Al) and
Data Science (DS) frameworks is no longer
optional but essential for shifting from reactive
"patch-and-pray" methods to proactive, predictive
security postures [3]. The primary challenge lies in
the "Three Vs" of big data Volume, Velocity, and
Variety generated by modern network telemetry.
Al-driven models, particularly those utilizing deep
learning, can discern subtle, non-linear patterns
buried within high-velocity data streams. These
patterns often represent the early reconnaissance
stages of Advanced Persistent Threats (APTs) or
the onset of volumetric Distributed Denial of
Service (DDoS) attacks [4].

However, the implementation of Al in
cybersecurity faces significant hurdles, including
high false-alarm rates and the "black-box" nature of
deep neural networks. There is a critical need for
frameworks that not only detect threats but do so
with enough speed to trigger an autonomous
response before data exfiltration occurs. This
research addresses these gaps by proposing a
holistic, Al-empowered framework. Our approach
integrates scalable big data ingestion capable of
handling enterprise-level traffic with a hybrid deep
learning  architecture  (CNN-LSTM).  This
combination ensures high-fidelity, real-time
detection coupled with an intelligent mitigation
engine designed to neutralize threats in dynamic
network  environments  without  human
intervention [5].

2. Methodology

The framework architecture is divided into four
functional layers: Ingestion, Pre-processing,
Detection, and Response [6].

2.1. Scalable Data Ingestion

Utilizing a distributed messaging system (e.g.,
Apache Kafka), the framework captures raw PCAP
data and NetFlow records [7]. This ensures the

system maintains low latency even during peak
traffic bursts common in cloud-edge environments

(8].

2.2. Feature Engineering and Dimensionality
Reduction

Raw data is transformed into a structured format
using the CSE-CIC-IDS2018 feature set [9]. To
combat the "curse of dimensionality," we employ a
combination of Principal Component Analysis
(PCA) and Recursive Feature Elimination (RFE),
which optimizes the model's computational
efficiency without sacrificing detection sensitivity

(10].

2.3. The Hybrid Detection Engine (CNN-LSTM)
The core innovation lies in the hybrid model.
While Convolutional Neural Networks (CNNs)
excel at extracting spatial features from packet
headers, Long ShortTerm Memory (LSTM)
networks are utilized to capture the temporal
dependencies of traffic over time [11]. This dual-
pathway approach significantly reduces False
Positive Rates (FPR) by contextualizing anomalies
within long-term network behavior [12].

2.4. Autonomous Response Module

The response module utilizes a Rule-Based Engine
and  Software-Defined  Networking (SDN)
controllers to execute real-time containment [13].
Upon detection, the system automatically updates
firewall policies and isolates suspicious nodes
within a micro-segmented environment [14].

3. Results and Discussion

3.1. Performance Benchmarking

The proposed Al-empowered framework was
rigorously evaluated using the UNSW-NB15 and
CICIDS2017 benchmark datasets, which provide
a diverse range of modern network traffic
scenarios, including normal activities and nine
categories of attacks [15]. As illustrated in Table 1,
the Hybrid CNN-LSTM model consistently
outperformed traditional and standalone deep
learning architectures across all primary metrics.
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Table 1: Performance Benchmarking against State-of-the-Art Models

Model Accuracy (%) F1-Score Detection Latency (ms) Reference
Random Forest 01.2 0.89 45.2 [16]

Vanilla CNN 94.8 0.93 22.1 [17]
GRU-based IDS 095.5 0.94 18.5 [18]
Proposed Framework 08.6 0.98 12.4 This Study
The results indicate that the hybrid CNN-LSTM security posture. Experimental simulations

architecture outperforms traditional ensemble
methods, such as Random Forest, by
approximately 7.4% in overall accuracy [19]. More
importantly, the detection latency was reduced to
12.4 ms, which is critical for maintaining "wire-
speed" security in high-throughput enterprise
infrastructures.

3.2. Discussion of Hybrid Advantage

The superior performance of the proposed
framework can be attributed to the dualfeature
extraction pipeline. While the Convolutional
layers successfully filtered spatial local correlations
within individual packet headers (identifying
malformed packets), the LSTM layers captured the
temporal "fingerprints" of multi-stage attacks, such
as Advanced Persistent Threats (APTs) and
Slowloris DDoS attacks [11].

Traditional models often suffer from high False
Positive Rates (FPR) when network traffic spikes
naturally. However, our framework maintained an
FPR of 0.04%, as the LSTM component
contextualizes sudden traffic bursts within the
historical baseline of the network.

3.3. Impact of Autonomous Response

A significant contribution of this research is the
reduction in the Mean Time to Contain MTTC).
By integrating an Intelligent Response Module
(IRM), the framework enables a closed-loop

involving automated VLAN isolation and SDN-
based flow blocking demonstrated a 60%
reduction in containment time compared to
manual intervention by security analysts [20].
This shift from "Human-in-the-loop" to "Human-
on-theloop" significantly mitigates the damage
caused by high-speed threats like Ransomware
propagation, where every millisecond of delay
results in further data encryption and lateral
movement.

3.4. Scalability and Robustness

Finally, the framework demonstrated high
scalability when tested under varying traffic
volumes. Ustilizing Apache Kafka for ingestion
allowed the system to maintain stable performance
even when the data rate exceeded 1 Gbps. This
resilience proves the framework’s suitability for
deployment in dynamic environments, including
Cloud Data Centers and Edge Computing nodes
where computational resources are finite but
threat velocity is high.

4. Conclusion

This study successfully developed an Al-
empowered data science framework for real-time
cyber threat detection and automated response. By
integrating scalable big data ingestion with a
hybrid CNN-LSTM architecture, the system
effectively captures both spatial packet features
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and temporal attack sequences [18]. Experimental
results using CICIDS2017 and UNSW-NB15
datasets demonstrate a superior detection accuracy
of 98.6% with sub-15ms latency [19].
Furthermore, the Intelligent Response Module
(IRM) reduced the Mean Time to Contain
(MTTC) by 60%, significantly enhancing the
efficiency of Security Operations Centers (SOC)
[20]. The framework provides a scalable, low-
latency solution for securing cloud and edge
infrastructures. Future research will focus on
Explainable Al (XAI) to improve model
transparency and Federated Learning to enable
privacy-preserving, collaborative threat
intelligence across enterprise networks.
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