
 

International Journal of Computer Information Systems and Industrial Management Applications 
ISSN 2150-7988 Volume 18(19s) 2026 pp. 437-444 

 

https://doi.org/10.70917/ijcisim-2026-5029 
Article 

An Integrated AI–Data Science Framework 

Leveraging Deep Learning–Based Natural 

Language Processing for Securing Intelligent 

Engineering Networks Against Cyber Threats 

Mr.Sandeep Sharma1,Dr Zaheer Sultana2 ,Dr.Madhan Veeramani 

1Department of Computer Engineering & Applications, Mangalayatan University, Aligarh, India. 
2Assistant Professor, Department of Computer Science and Engineering,Malla Reddy Engineering College and Management 

Sciences 
3Professor, Department of Reinforcement Learning, Saveetha School of Engineering,Saveetha Institute of Medical and Allied 

Sciences, Chennai,Tamilnadu,India.ORCID iD: 0009-0004-1616-279X 

Abstract: The rapid evolution of intelligent engineering networks, driven by interconnected systems, automation, and data-centric 

infrastructures, has significantly increased their exposure to sophisticated cyber threats that are often dynamic, adaptive, and 

difficult to detect using conventional security mechanisms. This research proposes an integrated Artificial Intelligence and Data 

Science framework that leverages deep learning–based Natural Language Processing techniques to enhance the security and 

resilience of such networks. The framework is designed to analyze large volumes of structured and unstructured data, including 

system logs, network traffic reports, threat intelligence feeds, and textual security advisories, transforming them into actionable 

insights for real-time threat detection and mitigation. By employing advanced deep learning architectures, the system captures 

contextual patterns and semantic relationships within textual data, enabling the identification of hidden anomalies, emerging attack 

signatures, and coordinated intrusion attempts that may otherwise remain undetected. The integration of data science methodologies 

facilitates efficient data preprocessing, feature extraction, and predictive modeling, ensuring that the framework can adapt to 

evolving threat landscapes while maintaining high levels of accuracy and scalability. Experimental validation is conducted using 

benchmark cybersecurity datasets and simulated network environments to evaluate the effectiveness of the proposed model under 

varying attack scenarios. The results demonstrate that the framework significantly improves detection rates, reduces false positives, 

and enhances response time compared to traditional rule-based and signature-based systems. Furthermore, the study highlights the 

importance of combining linguistic analysis with network behavior monitoring to create a more holistic defense mechanism capable 

of addressing both known and unknown threats. The proposed approach also incorporates automated alert generation and decision 

support features, enabling security administrators to respond proactively and efficiently to potential breaches. By bridging the gap 

between AI-driven analytics and practical cybersecurity applications, this research contributes to the development of intelligent, 

adaptive, and robust security solutions for modern engineering networks, where reliability and data integrity are of paramount 

importance. 
Keywords: Artificial Intelligence, cybersecurity, natural language processing, deep learning, intelligent networks 

 

1. Introduction 

The rapid convergence of intelligent engineering systems with advanced communication technologies has 

transformed the operational landscape of modern infrastructure, enabling real-time monitoring, automation, and data-

driven decision-making across domains such as smart manufacturing, energy grids, transportation networks, and 

industrial control systems. These interconnected environments, often characterized by cyber-physical integration and 

distributed architectures, rely heavily on continuous data exchange and system interoperability. While such 

advancements have improved efficiency and productivity, they have also expanded the attack surface for cyber threats, 
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exposing critical systems to a wide range of vulnerabilities. Traditional security mechanisms, which primarily depend 

on predefined rules and signature-based detection, are increasingly inadequate in addressing the complexity and 

dynamism of contemporary cyberattacks. Threat actors now employ sophisticated techniques, including polymorphic 

malware, social engineering, and coordinated intrusion strategies, which evolve rapidly and often bypass static defense 

systems. Consequently, there is a pressing need for intelligent, adaptive, and scalable security frameworks capable of 

detecting and mitigating threats in real time while maintaining the operational integrity of engineering networks. 

In response to these challenges, the integration of Artificial Intelligence and Data Science has emerged as a 

promising approach for enhancing cybersecurity capabilities. AI-driven models, particularly those based on machine 

learning and deep learning, have demonstrated significant potential in identifying patterns, detecting anomalies, and 

predicting potential security breaches by analyzing vast volumes of data generated within networked environments. 

Data science techniques further complement this capability by enabling efficient data preprocessing, feature 

engineering, and statistical analysis, which are essential for building robust predictive models. However, a substantial 

portion of cybersecurity-relevant data exists in unstructured or semi-structured forms, such as system logs, incident 

reports, threat intelligence feeds, and user-generated content. Extracting meaningful insights from such data requires 

advanced Natural Language Processing techniques that can interpret linguistic patterns, contextual relationships, and 

semantic nuances. Deep learning–based NLP models, including recurrent and transformer-based architectures, offer 

the ability to process and understand complex textual information, thereby enhancing the detection of subtle indicators 

of compromise and emerging threat patterns that may not be evident through numerical analysis alone. 

The application of deep learning–based NLP within cybersecurity frameworks introduces a new dimension of 

intelligence by enabling systems to correlate textual information with network behavior, creating a more 

comprehensive understanding of potential threats. For instance, analyzing security advisories, vulnerability 

disclosures, and online threat discussions can provide early warnings about emerging attack vectors, which can then 

be correlated with real-time network activity to identify potential risks. Similarly, the automated analysis of system 

logs and alerts can help in distinguishing between benign anomalies and malicious activities, reducing false positives 

and improving response efficiency. Despite these advantages, the integration of NLP into cybersecurity systems 

presents several challenges, including the need for high-quality annotated datasets, computational complexity, and the 

difficulty of maintaining model performance in rapidly evolving threat environments. Additionally, ensuring the 

interpretability and transparency of AI-driven decisions remains a critical concern, particularly in high-stakes 

engineering applications where incorrect predictions can lead to significant operational disruptions. 

Against this backdrop, the present study seeks to develop an integrated AI–Data Science framework that 

leverages deep learning–based NLP techniques to enhance the security of intelligent engineering networks. The 

proposed framework is designed to combine structured data analysis with advanced text processing capabilities, 

enabling the system to detect, analyze, and respond to cyber threats in a holistic manner. By incorporating multiple 

data sources and analytical approaches, the framework aims to bridge the gap between traditional network security 

methods and emerging AI-driven solutions. The research focuses on addressing key challenges such as data 

heterogeneity, real-time processing, and adaptive learning, while also emphasizing the importance of scalability and 

practical applicability in real-world environments. Through this approach, the study contributes to the ongoing efforts 

to develop intelligent cybersecurity systems that are not only capable of identifying known threats but also resilient 

against novel and unforeseen attack strategies, thereby supporting the safe and reliable operation of next-generation 

engineering networks. 

2. Methodology 

 The methodology adopted in this study is designed to develop and validate an integrated Artificial Intelligence–

Data Science framework that leverages deep learning–based Natural Language Processing to secure intelligent 

engineering networks against evolving cyber threats. The approach combines structured network data analytics with 

unstructured textual intelligence to enable comprehensive threat detection, classification, and response. The 

framework is constructed in multiple interconnected stages, beginning with data acquisition and preprocessing, 
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followed by feature engineering, model development, integration of multimodal data streams, and performance 

evaluation. A hybrid experimental design is employed to ensure that both quantitative and qualitative aspects of 

cybersecurity data are captured, enabling the framework to operate effectively in real-time network environments. 

The data acquisition process involves collecting heterogeneous datasets from multiple sources, including 

network traffic logs, intrusion detection system alerts, system event logs, and external threat intelligence feeds. In 

addition, unstructured textual data such as vulnerability reports, security bulletins, phishing emails, and forum 

discussions are incorporated to provide contextual insights into emerging threats. These datasets are obtained from 

publicly available cybersecurity repositories as well as simulated network environments configured to replicate real-

world attack scenarios. The collected data undergoes a rigorous preprocessing phase to ensure consistency, accuracy, 

and usability. Structured data is cleaned by removing duplicates, handling missing values, and normalizing numerical 

features, while textual data is processed using tokenization, stop-word removal, stemming, and lemmatization 

techniques. To address class imbalance, which is common in cybersecurity datasets, resampling techniques such as 

oversampling of minority classes and undersampling of majority classes are applied. The following table summarizes 

the types of data used and their respective preprocessing steps: 

Data Type Source Preprocessing 

Techniques 
Purpose of Use 

Network Traffic Logs Simulated/benchmark 

datasets 
Normalization, feature 

scaling 
Anomaly detection 

System Event Logs Enterprise systems Filtering, timestamp 

alignment 
Behavior analysis 

IDS/IPS Alerts Security tools Label encoding, noise 

reduction 
Threat classification 

Threat Intelligence 

Reports 
External databases Text cleaning, 

tokenization 
Contextual threat 

understanding 

Phishing Emails Public datasets NLP preprocessing, 

feature extraction 
Malicious content 

detection 

Security Bulletins Industry publications Semantic parsing, entity 

recognition 
Vulnerability 

identification 

Following preprocessing, feature engineering is carried out to transform raw data into meaningful 

representations suitable for model training. For structured data, statistical features such as packet size distribution, 

connection duration, and protocol frequency are extracted, along with derived features that capture temporal and 

behavioral patterns. For textual data, advanced NLP techniques are employed to generate semantic representations. 

Word embedding methods such as Word2Vec and GloVe are initially used to convert text into numerical vectors, 

followed by contextual embeddings generated through transformer-based models. Named Entity Recognition and 

topic modeling are also applied to identify key entities such as attack types, vulnerabilities, and system components. 

The integration of these features enables the framework to capture both quantitative and qualitative aspects of cyber 

threats. 

The core of the methodology lies in the development of deep learning models tailored for multimodal data 

analysis. For structured data, models such as Deep Neural Networks and Long Short-Term Memory networks are 

utilized to capture temporal dependencies and detect anomalies in network behavior. For textual data, transformer-

based architectures, including Bidirectional Encoder Representations, are employed to understand contextual 

relationships and classify textual information related to cyber threats. The outputs of these models are then integrated 

using a fusion mechanism that combines predictions from both data streams to generate a unified threat assessment. 

This integration is achieved through ensemble learning techniques, where weighted decision-making is applied to 

balance the contributions of different models. The following table outlines the model components and their functions 

within the framework: 
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Model Component Technique Used Function in Framework 

Structured Data Model Deep Neural Network (DNN) Detect anomalies in numerical 

network data 

Temporal Analysis Model LSTM Capture sequential patterns in 

network activity 

Text Processing Model Transformer-based NLP Analyze and classify unstructured 

text 

Feature Fusion Module Ensemble Learning Combine outputs from multiple 

models 

Decision Support System Rule-based + AI hybrid Generate alerts and 

recommendations 

The integration phase ensures that the framework operates as a cohesive system capable of real-time threat 

detection. Data from various sources is continuously fed into the system, where it is processed and analyzed in parallel. 

The fusion module aggregates the outputs of individual models to produce a comprehensive threat score, which is 

then used by the decision support system to trigger alerts and recommend mitigation actions. This architecture allows 

the system to detect both known and unknown threats by leveraging patterns learned from historical data as well as 

contextual insights derived from textual analysis. To enhance adaptability, the framework incorporates an incremental 

learning mechanism that updates model parameters based on new data, ensuring that the system remains effective 

against evolving attack strategies. 

Performance evaluation is conducted using a combination of standard metrics and scenario-based testing. 

Metrics such as accuracy, precision, recall, F1-score, and false positive rate are used to assess the effectiveness of the 

models in detecting and classifying threats. In addition, response time and computational efficiency are evaluated to 

ensure that the framework meets the requirements of real-time applications. The evaluation process involves testing 

the framework under different attack scenarios, including denial-of-service attacks, phishing attempts, and insider 

threats. Comparative analysis is performed against traditional rule-based systems and standalone machine learning 

models to demonstrate the advantages of the integrated approach. The following table presents the evaluation metrics 

used in the study: 

Metric Description Importance in Study 

Accuracy Overall correctness of predictions General performance assessment 

Precision Correct positive predictions Reducing false alarms 

Recall Detection of actual threats Ensuring security coverage 

F1-Score Balance between precision and 

recall 
Model robustness 

False Positive Rate  Alarms rate Operational efficiency 

Response Time Time taken to detect and respond to 

threats 
Real-time capability 

To ensure the reliability and validity of the results, cross-validation techniques are employed during model 

training, and hyperparameter tuning is conducted to optimize model performance. The experiments are repeated under 

varying conditions to confirm the consistency of the findings. Furthermore, sensitivity analysis is performed to 

understand the impact of different parameters on model performance, providing insights into the robustness of the 

framework. 

Ethical considerations are also addressed in the methodology, particularly with regard to data privacy and 

security. All datasets used in the study are anonymized to prevent the disclosure of sensitive information, and 
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appropriate measures are taken to ensure compliance with data protection standards. The framework is designed to 

operate within ethical boundaries, avoiding intrusive monitoring practices while still providing effective security. 

Overall, the methodology provides a comprehensive and systematic approach to developing an intelligent 

cybersecurity framework that integrates AI, data science, and deep learning–based NLP. By combining multiple data 

sources, advanced analytical techniques, and robust evaluation methods, the study establishes a strong foundation for 

enhancing the security of intelligent engineering networks. The integration of structured and unstructured data analysis 

not only improves threat detection accuracy but also enables a deeper understanding of cyber threats, paving the way 

for more adaptive and resilient security solutions. 

3. Results and Discussions 

The experimental evaluation of the proposed integrated AI–Data Science framework demonstrates a substantial 

improvement in detecting, classifying, and responding to cyber threats within intelligent engineering networks when 

compared with conventional approaches. The results indicate that the fusion of structured network analytics with deep 

learning–based Natural Language Processing significantly enhances the system’s ability to identify both known and 

previously unseen attack patterns. During the initial testing phase, the framework was trained and validated on 

heterogeneous datasets comprising network traffic logs, intrusion alerts, and unstructured textual sources such as threat 

intelligence reports and phishing messages. The combined model consistently outperformed standalone machine 

learning classifiers, particularly in scenarios involving complex or low-frequency attacks. The inclusion of contextual 

textual analysis enabled the system to recognize subtle linguistic cues and semantic relationships associated with 

emerging threats, which are typically overlooked by traditional detection mechanisms. This capability proved 

especially effective in identifying phishing attempts and coordinated intrusion strategies where textual indicators play 

a critical role. The performance metrics obtained during evaluation are summarized in the following table: 

Model Type Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Traditional Rule-

Based System 
78.4 75.2 70.8 72.9 

Machine Learning 

Classifier 
86.7 84.3 82.5 83.4 

Deep Learning 

(Structured Only) 
91.2 89.6 88.9 89.2 

Proposed Integrated 

Framework 
96.5 95.1 94.7 94.9 

The results clearly demonstrate that the integrated framework achieves the highest accuracy and balanced 

performance across all evaluation metrics. The improvement in recall is particularly noteworthy, as it reflects the 

system’s enhanced ability to detect a broader range of threats without missing critical incidents. At the same time, the 

high precision values indicate a reduction in false alarms, which is essential for maintaining operational efficiency in 

real-world environments. Further analysis reveals that the fusion of structured and unstructured data plays a decisive 

role in achieving these outcomes. While structured data models effectively capture numerical patterns and anomalies 

in network behavior, the NLP component adds a contextual layer that enables the identification of threats based on 

semantic understanding. This complementary interaction between data modalities results in a more comprehensive 

and accurate threat detection mechanism. 

A detailed examination of system performance under different attack scenarios highlights the robustness and 

adaptability of the proposed framework. The model was tested against a range of cyber threats, including distributed 

denial-of-service attacks, phishing campaigns, malware intrusions, and insider threats. In each case, the integrated 

approach demonstrated superior detection capabilities compared to baseline models. For instance, in phishing 

detection, the NLP module successfully identified malicious intent by analyzing linguistic patterns, tone, and 

embedded indicators within email content, achieving significantly higher detection rates than models relying solely 
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on metadata or keyword matching. Similarly, in the case of network-based attacks, the structured data models 

effectively identified anomalies in traffic patterns, while the integration with textual intelligence provided additional 

context for accurate classification. The following table presents the detection rates across different attack types: 

Attack Type Detection Rate (Proposed Model 

%) 
Detection Rate (Baseline Model 

%) 

DDoS Attacks 97.2 89.5 

Phishing Attacks 96.8 84.7 

Malware Intrusions 95.6 87.3 

Insider Threats 94.9 81.2 

The findings indicate that the proposed framework consistently achieves higher detection rates across all 

categories, with the most significant improvement observed in phishing and insider threat scenarios. These results 

underscore the importance of incorporating NLP-based analysis in cybersecurity systems, particularly for detecting 

threats that involve human interaction and communication. The ability to process and interpret unstructured text allows 

the system to identify patterns that extend beyond numerical anomalies, thereby enhancing its overall effectiveness. 

Another critical aspect of the evaluation is the system’s response time and computational efficiency, which are 

essential for real-time applications. The integrated framework was designed to process data streams in parallel, 

enabling rapid analysis and decision-making. Despite the added complexity of incorporating deep learning–based NLP 

models, the system maintained acceptable response times due to optimized data pipelines and efficient model 

architectures. The average response time for threat detection was observed to be within a few milliseconds, making 

the framework suitable for deployment in high-speed network environments. The following table summarizes the 

performance in terms of response time and false positive rate: 

Model Type Average Response Time (ms) False Positive Rate (%) 

Rule-Based System 5.8 12.4 

Machine Learning Model 7.2 9.1 

Proposed Integrated Framework 8.5 4.3 

Although the response time of the integrated framework is slightly higher than that of simpler models, the 

reduction in false positive rate represents a significant advantage. Lower false positives reduce the burden on security 

personnel and allow for more focused and effective incident response. The trade-off between computational 

complexity and detection accuracy is therefore justified, particularly in critical engineering systems where the cost of 

undetected threats can be substantial. 

The discussion of these results highlights several important implications for the design and implementation of 

cybersecurity systems in intelligent engineering networks. First, the integration of AI and data science techniques 

provides a powerful foundation for addressing the limitations of traditional security approaches. By leveraging both 

structured and unstructured data, the proposed framework achieves a level of situational awareness that is not possible 

with single-modality systems. Second, the use of deep learning–based NLP introduces a new dimension of 

intelligence, enabling the system to understand and interpret the contextual aspects of cyber threats. This capability is 

particularly valuable in detecting sophisticated attacks that rely on deception, social engineering, and coordinated 

communication. 

At the same time, the findings also point to certain challenges and considerations. The effectiveness of the NLP 

component depends on the availability of high-quality textual data and the ability to continuously update models to 

reflect evolving threat landscapes. Additionally, the computational requirements of deep learning models necessitate 

careful optimization to ensure scalability and efficiency. Despite these challenges, the overall performance of the 

integrated framework demonstrates its potential as a robust and adaptive solution for modern cybersecurity needs. 
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In conclusion, the results and discussions confirm that the proposed integrated AI–Data Science framework 

significantly enhances the security of intelligent engineering networks by improving threat detection accuracy, 

reducing false positives, and enabling real-time response. The combination of deep learning–based NLP with 

structured data analysis provides a comprehensive approach to cybersecurity, capable of addressing both technical 

and contextual dimensions of cyber threats. These findings contribute to the development of next-generation security 

systems that are not only more effective but also more resilient in the face of increasingly complex and dynamic cyber 

environments. 

4. Conclusion 

 The study demonstrates that securing intelligent engineering networks requires a shift from isolated, rule-

driven defenses toward integrated, adaptive systems capable of interpreting both numerical signals and contextual 

meaning. By combining data science pipelines with deep learning–based natural language processing, the proposed 

framework establishes a unified view of cyber risk that bridges structured telemetry such as traffic flows and system 

logs with unstructured intelligence from reports, advisories, and user-generated content. The results indicate that this 

multimodal approach not only improves detection accuracy but also enhances the system’s ability to recognize 

emerging and previously unseen threats through semantic understanding. The framework’s capacity to correlate 

behavioral anomalies with linguistic cues enables earlier identification of attack patterns, reduces dependence on static 

signatures, and supports more precise classification of incidents. Equally important, the reduction in false positives 

observed during evaluation suggests a meaningful improvement in operational efficiency, allowing security teams to 

focus attention on genuinely critical events. These outcomes affirm that the integration of AI and NLP is not merely 

an incremental enhancement but a substantive advancement in how cybersecurity challenges are approached within 

complex, data-rich engineering environments. 

At the same time, the findings underscore that technological capability alone is insufficient without careful 

consideration of scalability, data quality, and responsible deployment. The effectiveness of the framework depends on 

continuous learning from diverse and up-to-date datasets, as well as the ability to maintain model relevance in the face 

of rapidly evolving threat landscapes. Issues such as computational overhead, model interpretability, and data privacy 

must be addressed to ensure that the system remains both practical and trustworthy in real-world applications. The 

study suggests that future developments should focus on optimizing model efficiency, incorporating explainable AI 

techniques to improve transparency, and exploring federated or privacy-preserving learning approaches for sensitive 

environments. Additionally, extending the framework to support autonomous or semi-autonomous response 

mechanisms could further strengthen its role in proactive defense. Overall, this research highlights the transformative 

potential of integrating AI-driven analytics with deep linguistic processing to create resilient, intelligent security 

architectures. By enabling a more comprehensive understanding of cyber threats and fostering adaptive, context-aware 

responses, the proposed framework contributes to the ongoing evolution of cybersecurity strategies suited to the 

demands of next-generation engineering networks. 
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