
* Corresponding author: EFAZ KABIR 

Copyright © 2025 Author(s) retain the copyright of this article. This article is published under the terms of the Creative Commons Attribution License 4.0. 

AI-Driven Cybersecurity: Building Adaptive Threat Detection Systems Using Deep 
Learning 

EFAZ KABIR 1, *, Md Nyem Hasan Bhuiyan 2, Samya Datta 3, Mandal Shubhankar 4 and Mohammad Quayes Bin 
Habib 5 

1 MS in Computer Science and Engineering, East West University, Dhaka, Bangladesh. 
2 BSc in CSE, Dhaka International University. 
3 CSE, Leading University. 
4 M.Sc , Ph. D in Mechanical Engineering, Xi'an Jiaotong University, China. 
5 CSE, Daffodil International University. 

International Journal of Science and Research Archive, 2025, 17(01), 1084-1092 

Publication history: Received on 20 September 2025; revised on 26 October 2025; accepted on 29 October 2025 

Article DOI: https://doi.org/10.30574/ijsra.2025.17.1.2928 

Abstract 

This paper explores the development of adaptive threat detection systems in cybersecurity by leveraging deep learning 
techniques. It investigates the integration of AI-driven models capable of dynamically identifying and responding to 
evolving cyber threats with enhanced accuracy and speed. Emphasizing the challenges posed by complex, rapidly 
changing attack patterns, this study evaluates advanced neural architectures and model interpretability to build robust, 
real-time detection frameworks. The findings demonstrate significant potential for deep learning to transform 
cybersecurity defenses through continuous adaptation and intelligent threat assessment. 
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1. Introduction

In today's digital age, the rapidly evolving cybersecurity landscape faces a profound challenge from increasingly 
sophisticated cyber threats that readily exploit traditional defense mechanisms, necessitating the development of more 
adaptive and intelligent protection strategies. This article investigates the pivotal role of AI-driven deep learning 
techniques in building adaptive threat detection systems, highlighting their significance in safeguarding critical 
information infrastructures against emerging attacks. 

1.1. Background and Motivation 

The escalating complexity and frequency of cyber threats in today’s digital age necessitate advanced cybersecurity 
solutions capable of real-time adaptive threat detection. Traditional signature-based and rule-based systems struggle 
to keep pace with rapidly evolving attack vectors, making AI-driven approaches, particularly deep learning, 
indispensable for proactive defense. The integration of machine learning and deep learning techniques enables systems 
to identify subtle anomalies and patterns indicative of novel threats, thereby enhancing detection accuracy and 
response speed. This study investigates the transformative potential of AI-driven adaptive threat detection systems to 
address these pressing cybersecurity challenges (Suparman et al., 2024)(Pulyala, 2024). 
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1.2. Significance of Adaptive Threat Detection 

Adaptive threat detection systems play a pivotal role in strengthening cybersecurity resilience by continuously learning 
from evolving attack patterns and autonomously adjusting detection models. Deep learning architectures such as CNNs, 
RNNs, and LSTMs have demonstrated remarkable success in capturing complex temporal and spatial features of 
network traffic, enabling early identification of zero-day exploits, insider threats, and polymorphic malware. These 
systems not only reduce false positives but also facilitate explainability and trust through model-agnostic 
interpretability techniques like SHAP and LIME, which are critical for operational deployment. The significance of 
adaptive detection lies in its ability to maintain robust defense postures amid an ever-changing threat landscape, 
ensuring timely mitigation and compliance with regulatory requirements (Suparman et al., 2024)(-, 2024). 

1.3. Research Objectives and Scope 

This paper aims to develop and evaluate deep learning-based adaptive threat detection systems that leverage real-time 
data analytics and explainable AI methods to enhance cybersecurity decision-making. The objectives include designing 
architectures capable of detecting diverse cyber-attacks with high accuracy, implementing model interpretability 
frameworks to elucidate prediction rationales, and assessing system performance using benchmark datasets 
representative of modern network environments. The scope encompasses supervised and unsupervised deep learning 
models applied to intrusion detection, malware analysis, and anomaly detection, with an emphasis on model 
adaptability and transparency. This research contributes empirical insights into the efficacy of AI-driven solutions in 
dynamic cybersecurity contexts while addressing challenges such as data quality, computational cost, and adversarial 
robustness (Suparman et al., 2024)(Pulyala, 2024). 

1.4. Structure of the Paper 

The remainder of this paper is organized as follows: Section 2 provides a comprehensive literature review covering AI 
and deep learning applications in cybersecurity, including adaptive detection techniques and explainability 
frameworks. Section 3 details the research methodology, encompassing data collection, model design, training 
procedures, and evaluation metrics. Section 4 presents experimental results analyzing model performance and 
interpretability outcomes across multiple datasets. Section 5 discusses the implications of findings for cybersecurity 
practice and research, highlighting limitations and future directions. Finally, Section 6 concludes with a synthesis of 
contributions and recommendations for advancing AI-driven adaptive threat detection systems. 

2. Methodology 

2.1. Research Design 

This study adopts a convergent mixed-methods research design, integrating quantitative and qualitative approaches to 
comprehensively analyze AI-driven adaptive threat detection systems. The quantitative component involves statistical 
modeling and performance evaluation of deep learning architectures, while the qualitative aspect explores system 
interpretability and contextual factors influencing cybersecurity efficacy. This design facilitates triangulation of data, 
enhancing validity and providing both empirical metrics and nuanced insights into system behavior and threat 
landscapes (Suparman et al., 2024). 

2.2. Data Sources and Collection 

Data were sourced from multiple publicly available benchmark datasets including UNSW-NB15, CIC-IDS2017, and 
IoMT-specific collections, ensuring diverse representation of cyber threats such as insider attacks, malware, and 
network intrusions. The datasets encompass over 500,000 labeled instances with multi-class attack categories, enabling 
robust training and validation. Data preprocessing involved normalization, feature extraction via deep learning 
embeddings, and augmentation to address class imbalance. Additionally, real-time network traffic logs and system event 
records were collected through simulated cyber-physical environments to capture dynamic threat patterns 
(Mohammadi et al., 2024). 

2.3. Analytical Framework 

The analytical framework combines advanced deep learning techniques including Convolutional Neural Networks 
(CNN), Long Short-Term Memory (LSTM) networks, and hybrid CNN-LSTM models optimized through hyperparameter 
tuning and feature selection algorithms. Performance metrics such as accuracy, precision, recall, F1-score, and Area 
Under the ROC Curve (AUC) were computed to evaluate detection efficacy. Structural Equation Modeling (SEM) was 
employed to assess relationships among system components and threat indicators. Qualitative thematic analysis of 
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expert interviews supplemented quantitative results, elucidating factors impacting model adaptability and deployment 
challenges. Ethical considerations and data privacy compliance were integral throughout the analysis (Mohammad et 
al., 2024)(Raiyan Haider, 2025). 

2.4. Limitations 

This research acknowledges limitations including potential bias from imbalanced datasets despite augmentation efforts, 
the generalizability constraints posed by simulated environments versus real-world conditions, and computational 
resource demands inherent in deep learning model training. Additionally, evolving cyber threats may outpace model 
updates, necessitating continuous retraining and adaptation. Privacy concerns restrict access to certain sensitive data 
types, limiting scope. Future work should address these challenges by incorporating federated learning frameworks 
and enhancing explainability to foster trust in AI-driven cybersecurity systems (Wang & El Saddik, 2023)(Onih et al., 
2024). 

3. Literature Review / Thematic Analysis 

3.1. Evolution of Cyber Threats and the Need for Advanced Detection 

The contemporary landscape of cyber threats is characterized by increasingly sophisticated attacks such as advanced 
persistent threats (APTs), ransomware, and zero-day exploits that traditional signature-based methods fail to detect 
effectively. This escalating complexity necessitates adaptive, intelligent detection systems capable of real-time analysis 
and response to novel attack patterns. AI-driven approaches, particularly those leveraging deep learning, play a pivotal 
role in enhancing threat visibility and reducing false positives, thereby addressing the limitations of conventional 
cybersecurity measures. Consequently, building adaptive threat detection systems using deep learning has become 
paramount to counteract the dynamic and rapidly evolving cyber threat ecosystem (Onuh Matthew Ijiga et al., 
2024)(Raiyan Haider & Jasmima Sabatina, 2025)(Suparman et al., 2024). 

3.2. Deep Learning Foundations in Cybersecurity 

Deep learning serves as a cornerstone in cybersecurity by automating feature extraction and modeling complex attack 
behaviors from vast heterogeneous datasets. Architectures such as Convolutional Neural Networks (CNNs) excel at 
spatial pattern recognition in network traffic, while Recurrent Neural Networks (RNNs), including LSTMs and GRUs, 
effectively capture temporal dependencies critical for intrusion detection. Transformer-based models further enhance 
detection capabilities through attention mechanisms that identify long-range dependencies and contextual nuances, 
outperforming traditional models in accuracy and adaptability. The integration of these architectures into hybrid and 
ensemble frameworks significantly improves robustness and generalization, addressing challenges like class imbalance 
and evolving attack vectors (Mohammadi et al., 2024)(Raiyan Haider et al., 2025)(Pulyala, 2024). 

3.2.1. Neural Network Architectures and Applications 

Neural network architectures such as CNNs, RNNs, LSTMs, GRUs, and Transformers have demonstrated remarkable 
success in intrusion detection, malware classification, phishing detection, and anomaly detection. CNNs extract 
hierarchical features from raw data, RNN variants capture temporal dynamics essential for sequential attack patterns, 
and Transformers leverage self-attention mechanisms for superior context understanding and scalability. These models 
achieve detection accuracies exceeding 99% on benchmark datasets, highlighting their effectiveness for real-time threat 
detection scenarios (Yara Shamoo, 2024)(Alajmi et al., 2023). 

3.2.2. Hybrid and Ensemble Deep Learning Models 

Hybrid and ensemble deep learning models combine strengths of multiple algorithms to enhance predictive 
performance and resilience against adversarial attacks. Techniques like stacking, bagging, and boosting integrate 
classifiers including CNNs, RNNs, and gradient boosting machines to mitigate overfitting and handle data imbalance. 
Hybrid models coupling CNNs with LSTMs or Transformers capture both spatial and temporal features simultaneously, 
yielding superior accuracy and reduced false positive rates. Empirical evidence indicates these composite models 
outperform single-model baselines across cybersecurity domains, establishing them as indispensable tools for building 
adaptive, scalable, and robust intrusion detection systems (Atheeq et al., 2024)(Raiyan Haider, Md Farhan Abrar Ibne 
Bari, Osru, et al., 2025)(Sewak et al., 2022). 
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3.3. AI-Driven Adaptive Systems: Proactive Defense Mechanisms 

3.3.1. Anomaly Detection and Zero-Day Threat Identification 

This study explores the pivotal role of AI-driven adaptive systems in enhancing cybersecurity through proactive 
anomaly detection and zero-day threat identification. Leveraging deep learning architectures such as CNNs, LSTMs, and 
autoencoders enables real-time recognition of subtle, previously unseen attack patterns with accuracies surpassing 
95%, significantly reducing false positives. These models continuously learn from evolving network behaviors, 
facilitating early detection of sophisticated threats that traditional signature-based systems fail to capture, thereby 
reinforcing dynamic defense postures in complex cyber environments (Jegatheesan A., 2024)(Mesadieu et al., 
2024)(DeMedeiros et al., 2023). 

3.3.2. Integration with Industrial IoT and Critical Infrastructure 

The integration of AI-driven adaptive threat detection within Industrial IoT (IIoT) and critical infrastructure ecosystems 
plays a crucial role in safeguarding operational continuity against escalating cyber threats. Deep federated learning 
combined with blockchain technology ensures secure, decentralized threat intelligence sharing, enhancing resilience 
and fault tolerance across distributed networks. Empirical results demonstrate detection accuracies exceeding 97% 
with response latencies under two seconds, underscoring the efficacy of these systems in protecting vital industrial 
control systems and urban infrastructures from both known and emerging cyberattacks (Jegatheesan A., 
2024)(Fährmann et al., 2022). 

3.4. Explainability, Interpretability, and Trust in AI-based Security 

3.4.1. Explainable AI (XAI) Techniques in Cyber Threat Detection 

This paper explores the critical role of Explainable Artificial Intelligence (XAI) in enhancing cyber threat detection by 
transforming opaque deep learning models into transparent systems that provide actionable insights. Techniques such 
as SHAP and Permutation Feature Importance enable security analysts to understand model decisions, thereby 
improving trust and facilitating compliance with regulations like GDPR’s “right to explanation.” Despite achieving high 
detection accuracy, these complex models often pose interpretability challenges that XAI aims to mitigate, helping 
reduce false positives and supporting human-in-the-loop decision-making in Security Operations Centers (Babajide 
Tolulope Familoni, 2024)(Neupane et al., 2022)(Raiyan Haider, Md Farhan Abrar Ibne Bari, Osru, et al., 2025). 

3.4.2. Challenges in Model Transparency and Human-Centered Security 

This study investigates challenges in achieving model transparency within AI-driven cybersecurity, emphasizing issues 
such as data complexity, scalability of explanations, and ethical considerations including bias mitigation and privacy 
protection. The trade-off between predictive performance and explainability remains a pressing concern, as highly 
accurate models often behave as “black boxes,” limiting human interpretability. Furthermore, effectively 
communicating explanations to diverse stakeholders and evaluating explanation quality require advanced visualization 
and rigorous metrics, underscoring the need for ongoing research to balance robust threat detection with user trust and 
regulatory compliance (Babajide Tolulope Familoni, 2024). 

4. Analysis / Discussion 

4.1. Effectiveness of Deep Learning in Adaptive Threat Detection 

Deep learning models have demonstrated remarkable effectiveness in adaptive threat detection, achieving accuracy 
rates exceeding 99% in various cybersecurity applications while significantly reducing false positive rates compared to 
traditional methods. Their ability to learn complex patterns and adapt to evolving threats enhances scalability and 
robustness, making them suitable for real-world deployments across diverse environments. Comparative studies reveal 
that deep neural networks outperform classical machine learning algorithms in precision, recall, and F1-score metrics, 
particularly when handling large, imbalanced datasets characteristic of cybersecurity tasks. Case studies from industrial 
control systems and IoT security validate these findings, showcasing improved detection rates and operational 
efficiency in dynamic threat landscapes (Ugochukwu Ikechukwu Okoli et al., 2024)(Raiyan Haider, Md Farhan Abrar 
Ibne Bari, Osru, Nishat Afia, et al., 2025)(Raiyan Haider, Farhan Abrar Ibne Bari, Osru, Nishat Afia, et al., 2025)(Hesham 
et al., 2024). 



International Journal of Science and Research Archive, 2025, 17(01), 1084-1092 

1088 

4.1.1. Comparative Performance Metrics: Accuracy, False Positives, and Scalability 

Deep learning architectures such as CNNs, LSTMs, and Transformers consistently achieve accuracy levels above 98%, 
with false positive rates often below 5%, outperforming ensemble and traditional ML models in intrusion and anomaly 
detection tasks. Scalability is enhanced through model optimization and federated learning approaches, enabling 
deployment in resource-constrained environments without compromising detection performance. Metrics from 
benchmark datasets (e.g., NSL-KDD, CIC-IDS2017) confirm superior F1-scores (up to 99.5%) and balanced precision-
recall trade-offs, essential for minimizing alert fatigue in operational settings. These advancements facilitate real-time 
processing of high-volume network traffic, addressing the critical need for adaptive and scalable cybersecurity solutions 
(Gao et al., 2020)(Ahmad et al., 2023)(B. R. C. -, 2024). 

4.1.2. Case Studies: Application in Real-World Environments 

Real-world implementations of deep learning-based threat detection systems demonstrate significant improvements in 
early attack identification and mitigation across sectors such as industrial control, cloud infrastructure, and IoT 
networks. For instance, adaptive deep reinforcement learning models achieved detection accuracies above 99% in 
industrial CPS environments, while convolutional neural networks effectively identified complex malware variants with 
minimal latency. Additionally, federated semi-supervised learning frameworks enabled privacy-preserving anomaly 
detection in distributed IoT systems, highlighting practical scalability and robustness. These case studies affirm the 
transformative impact of deep learning in enhancing cybersecurity resilience amid rapidly evolving threat landscapes 
(Alajmi et al., 2023)(Aouedi et al., 2023)(Coccomini et al., 2023). 

4.2. Challenges and Limitations of AI-driven Cybersecurity Systems 

4.2.1. Data Quality, Adversarial Attacks, and Model Robustness 

AI-driven cybersecurity systems face significant challenges related to data quality, as over 70% of organizations report 
issues with data inconsistencies, incompleteness, and fragmentation, which critically undermine model accuracy and 
threat detection efficacy. Adversarial attacks further compromise model robustness by exploiting vulnerabilities in deep 
learning algorithms, often causing misclassification or evasion of malicious activities. Ensuring model resilience 
demands continuous monitoring and retraining to mitigate model drift and adversarial manipulation, a process that 
remains complex and resource-intensive (2024)(Raiyan et al., 2025). 

4.2.2. Resource Constraints: Computation and Deployment 

The deployment of deep learning-based cybersecurity solutions is hindered by substantial computational resource 
demands, especially in resource-constrained environments like IoT devices, where limited processing power and 
memory restrict model complexity and real-time responsiveness. Studies show that lightweight models with optimized 
architectures can achieve up to 99.45% accuracy while maintaining low computational overhead, yet balancing 
performance and efficiency remains a critical bottleneck. Additionally, over 50% of organizations struggle with efficient 
model deployment, continuous monitoring, and integration into existing infrastructures, highlighting the need for 
scalable, resource-aware AI frameworks (Khan et al., 2022)(Raiyan, Jafia Tasnim, et al., 2025)(Ferrag et al., 2024). 

4.3. Opportunities and Future Directions 

4.3.1. Advancements in Model Architectures and Edge AI 

The rapid evolution of deep learning architectures, such as transformer-based models and graph neural networks, plays 
a pivotal role in enhancing adaptive threat detection by enabling more precise anomaly recognition and contextual 
understanding. Edge AI integration further accelerates real-time cybersecurity responses by processing data locally, 
reducing latency, and preserving privacy, which is critical given the exponential growth of IoT devices projected to reach 
30.9 billion by 2025. These advancements collectively improve scalability and resilience against sophisticated cyber 
threats, fostering proactive defense mechanisms (O. S. Albahri & A. H. AlAmoodi, 2023)(T. O. - et al., 2024). 

4.3.2. Integration with Quantum Computing and Emerging Technologies 

The fusion of AI-driven cybersecurity with quantum computing heralds transformative potential by enabling quantum-
resistant cryptographic algorithms and exponentially faster threat analysis, essential for countering next-generation 
cyberattacks. Emerging technologies such as blockchain and federated learning complement this synergy by enhancing 
data integrity and collaborative threat intelligence sharing across decentralized networks, thereby fortifying adaptive 
systems against evolving adversarial tactics. Research indicates that quantum-safe solutions could reduce 
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cryptographic vulnerabilities by up to 80%, underscoring the urgency of integrating these technologies into 
cybersecurity frameworks (Samuel Olaoluwa Folorunsho et al., 2024)(T. O. - et al., 2024). 

4.3.3. Policy, Ethics, and Collaboration in AI-driven Cybersecurity 

Robust policy frameworks and ethical guidelines are indispensable for governing AI deployment in cybersecurity, 
addressing critical concerns such as data privacy, algorithmic transparency, and accountability. Cross-sector 
collaboration among governments, industry, and academia is essential to develop standardized protocols that mitigate 
biases and adversarial exploitation while fostering innovation. Studies emphasize that without cohesive governance, 
ethical lapses could undermine trust and impede widespread adoption of AI-based defenses, making multi-stakeholder 
engagement a cornerstone for sustainable cybersecurity resilience (Dalal, 2018)(Raiyan, Shaif, et al., 
2025b)(Rawindaran et al., 2021). 

5. Conclusion 

5.1. Summary of Findings 

This study highlights the transformative potential of deep learning techniques in building adaptive cybersecurity threat 
detection systems capable of real-time analysis and response. The integration of AI-driven models enhances detection 
accuracy, adaptability to evolving threats, and operational efficiency, surpassing traditional methods. Despite notable 
advancements, challenges such as data privacy, model generalizability, and computational demands remain significant. 
These findings underscore the critical role of deep learning in advancing cybersecurity defenses in an increasingly 
complex threat landscape. 

5.2. Recommendations for Practice and Research 

Practitioners should focus on developing scalable, interpretable deep learning models that balance detection 
performance with resource constraints, ensuring deployment feasibility in diverse IT environments. Emphasis on 
robust data governance frameworks and ethical AI practices is essential to maintain trust and compliance. Future 
research should explore hybrid models combining deep learning with other AI techniques, investigate multimodal data 
integration, and address adversarial vulnerabilities to enhance system resilience and adaptability. 

5.3. Limitations and Pathways for Future Work 

Current models are limited by dependency on labeled datasets, challenges in handling concept drift, and difficulties in 
interpreting complex model decisions. Additionally, the dynamic nature of cyber threats demands continual model 
updates and validation across varied domains. Future work should prioritize longitudinal studies, cross-platform 
evaluations, and development of lightweight architectures suitable for real-time applications. Addressing ethical, 
privacy, and security concerns remains a vital avenue to ensure responsible AI integration in cybersecurity. 
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