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Abstract—Explainable Artificial Intelligence (XAI) has 
emerged as a critical solution to improve transparency and trust 
in AI-based cybersecurity systems [31]. Traditional intrusion 
detection systems are ineffective against modern cyber threats 
such as zero-day attacks and advanced persistent threats [23]. 
Although machine learning models improve detection accuracy, 
their black-box nature limits interpretability [24]. This paper 
proposes an XAI-based network threat detection framework 
that integrates machine learning models with explainability 
techniques such as SHAP and LIME [28]. The proposed system 
enhances decision transparency, reduces false positives, and 
improves trust in automated threat detection. Experimental 
analysis demonstrates that the approach maintains high 
detection accuracy while providing meaningful explanations 
for predictions. Furthermore, this work examines different 
datasets and machine learning models, including supervised 
and unsupervised approaches, to assess their effectiveness when 
combined with explainability techniques. The results demonstrate 
that incorporating XAI not only improves transparency but 
also helps in identifying false positives and refining detection 
strategies. Overall, this research contributes to the development 
of more trustworthy, efficient, and interpretable network security 
systems. 

Keywords: Explainable AI, Cybersecurity, Intrusion 

Detection System, Machine Learning, SHAP, LIME 

 

I. INTRODUCTION 

In recent years, the rapid growth of digital communication 

and internet-based services has significantly increased the 

risk of cyber threats and network attacks. Organizations rely 

heavily on network security systems to protect sensitive data 

and maintain operational continuity. Traditional approaches to 

network threat detection, such as signature-based and rule-

based systems, are no longer sufficient to handle the complex-

ity and evolving nature of modern cyberattacks. As a result, 

machine learning (ML) and deep learning (DL) techniques 

have been widely adopted to detect anomalies and malicious 

activities in network traffic [24]. 

While these intelligent systems provide high detection ac-

curacy, they often operate as black-box models, meaning their 

internal decision-making processes are not easily interpretable 

by humans. This lack of transparency creates several chal-

lenges, including reduced trust among cybersecurity analysts, 

difficulty in debugging models, and challenges in regulatory 

compliance. In critical sectors such as banking, healthcare, and 

government systems, understanding how and why a system 

identifies a threat is just as important as the detection itself. 

Explainable Artificial Intelligence (XAI) addresses this is-

sue by making the decision-making process of AI models 

more transparent [31] and understandable. By providing clear 

explanations for predictions, XAI enables security profes-

sionals to validate results, detect errors, and improve overall 

system reliability. This research focuses on integrating XAI 

techniques into network threat detection systems to enhance 

both interpretability and performance. It aims to bridge the gap 

between high accuracy and human understanding, ensuring 

that AI-driven cybersecurity solutions are both effective and 

trustworthy. 

Furthermore, the increasing sophistication of cyberattacks, 

such as zero-day exploits, ransomware, and advanced persis-

tent threats (APTs), demands more intelligent and adaptive 

detection mechanisms [5]. Traditional systems often fail to 

detect such attacks due to their reliance on predefined rules and 

signatures. In contrast, AI-based systems can learn patterns 

from data and adapt to new types of threats [25], [26]. 

However, without proper interpretability, these systems may 

produce decisions that are difficult to justify, especially in 

high-stakes environments. 

The integration of XAI not only enhances transparency but 

also improves collaboration between automated systems and 

human experts. By providing feature-level explanations [27], 

[28] and visual insights, analysts can better understand attack 

patterns and refine detection strategies. This leads to improved 

incident response times and more effective threat mitigation. 

https://ijsrem.com/
mailto:adityajadhav7779@gmail.com
mailto:hem3577@gmail.com
mailto:mahajan.jagruti@gmail.com
mailto:pragatichandane3@gmail.com
mailto:drpmp66@gmail.com


           
International Journal of Scientific Research in Engineering and Management (IJSREM) 

                     Volume: 10 Issue: 05 | May - 2026                          SJIF Rating: 8.659                                      ISSN: 2582-3930                                                                                                                                               

 

© 2026, IJSREM      | https://ijsrem.com                                                                                                               |        Page 2 
 

In addition, regulatory frameworks and compliance stan-

dards increasingly require transparency in automated decision-

making systems. XAI plays a crucial role in meeting these 

requirements by ensuring that AI models provide explainable 

and auditable outputs. This makes the proposed approach 

highly relevant for real-world deployment in secure and regu-

lated environments. 

Overall, this research contributes to the development of a 

next-generation cybersecurity framework that combines the 

strengths of artificial intelligence with the clarity of explain-

ability. It provides a balanced approach that not only improves 

detection accuracy but also ensures that the system remains 

interpretable, reliable, and trustworthy for practical use. 

 

II. PROBLEM STATEMENT 

With the increasing use of Artificial Intelligence (AI) in 

network intrusion detection systems, significant improvements 

have been achieved in identifying cyber threats. However, 

despite their high detection accuracy, most AI-based systems 

operate as black-box models, which limits their practical 

usability in real-world environments. This lack of transparency 

creates several critical challenges for cybersecurity profession-

als and organizations. 

• Lack of Interpretability: Most machine learning and 

deep learning models do not provide clear explanations 

for their predictions, making it difficult for analysts to 

understand the reasoning behind threat detection. 

• Reduced Trust in Predictions: Security analysts may 

hesitate to rely on AI systems when the decision-making 

process is not transparent, especially in critical appli-

cations such as banking, healthcare, and government 

systems. 

• Difficulty in Debugging Models: Identifying errors, 

biases, or misclassifications becomes challenging when 

the internal workings of the model are not interpretable. 

• High False Positives: Many existing systems generate 

false alarms, which increases the workload on security 

teams and may lead to ignoring genuine threats. 

Therefore, there is a need to develop an intelligent network 

threat detection system that not only achieves high accuracy 

but also provides clear and understandable explanations for 

its decisions. The goal of this research is to design and im-

plement an Explainable AI (XAI)-based system that enhances 

transparency, improves trust, and supports effective decision-

making in cybersecurity environments. 

 

III. LITERATURE REVIEW 

The application of Artificial Intelligence (AI) and Machine 

Learning (ML) in network threat detection has been widely 

studied over the past decade. Researchers have explored var-

ious supervised and unsupervised learning techniques, such 

as Decision Trees, Support Vector Machines (SVM), Random 

Forests [25], [26], and Deep Neural Networks, to identify 

anomalies and malicious activities in network traffic. These 

models have shown high accuracy in detecting known and 

unknown threats, making them a preferred choice over tradi-

tional rule-based systems. However, most of these approaches 

focus primarily on performance metrics and often ignore the 

interpretability [27], [28] of the models. 

Recent studies highlight the growing importance of Ex-

plainable Artificial Intelligence (XAI) in cybersecurity. Tech-

niques such as Local Interpretable Model-agnostic Explana-

tions (LIME), SHapley Additive exPlanations (SHAP), and 

feature importance ranking have been introduced to provide 

insights into model predictions. These methods help analysts 

understand which features contribute most to the detection 

of threats, thereby increasing trust in AI systems. Several 

researchers have demonstrated that integrating XAI with ML 

models improves not only transparency but also assists in 

identifying false positives [31] and refining detection rules. 

Despite these advancements, there are still challenges in 

balancing model accuracy and interpretability. Some highly in-

terpretable models may sacrifice detection performance, while 

complex models may remain difficult to explain even with 

XAI tools. Additionally, the lack of standardized evaluation 

metrics for explainability makes it difficult to compare differ-

ent approaches. This research builds upon existing work by 

analyzing and implementing effective XAI techniques specif-

ically tailored for network threat detection systems, aiming to 

achieve an optimal balance between accuracy, transparency, 

and usability. 

 

IV. METHODOLOGY 

This research adopts a systematic approach to develop and 

evaluate an Explainable Artificial Intelligence (XAI)-based 

network threat detection system. The methodology consists 

of multiple stages, including data collection, preprocessing, 

model development, integration of explainability techniques, 

and performance evaluation. Each stage is carefully designed 

to ensure both accuracy and interpretability of the system. 

 

A. Data Collection and Dataset Selection 

The study utilizes publicly available network intrusion 

datasets such as NSL-KDD [23], CICIDS [29], and UNSW-

NB15 [30] which contain labeled instances of normal and 

malicious network traffic. These datasets include various attack 

types such as denial-of-service (DoS), probing, and unautho-

rized access. 

 

B. Data Preprocessing 

The collected data is cleaned and prepared for analysis. 

This includes handling missing values, removing duplicates, 

normalizing numerical features, and encoding categorical vari-

ables. Feature selection techniques are also applied to identify 

the most relevant attributes affecting threat detection. 

 

C. Model Development 

Machine learning models such as Random Forest [25], 

Decision Tree, and Neural Networks [24] are trained using 

the preprocessed data. These models are chosen due to their 

effectiveness in classification tasks and their compatibility with 

explainability techniques. 
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D. Integration of XAI Techniques 

Explainability methods such as SHAP [27] and LIME [28] 

are applied to the trained models to interpret their predictions. 

These techniques help identify feature contributions and pro-

vide local and global explanations for detected threats. 

 

E. Performance Evaluation 

The system is evaluated using metrics such as accuracy, 

precision, recall, and F1-score. Comparative analysis is con-

ducted to assess the trade-off between model performance and 

explainability. 

• Accuracy: Measures the overall correctness of the model. 

• Precision: Indicates the proportion of correctly identified 

positive instances. 

• Recall: Measures the ability of the model to detect actual 

threats. 

• F1-score: Provides a balance between precision and re-

call. 

This structured methodology ensures the development of 

a reliable, transparent, and efficient network threat detection 

system. 

 

Fig. 1: Proposed Methodology for XAI-based Threat Detection 

System 

 

 

V. PROPOSED SYSTEM ARCHITECTURE 

The proposed system architecture for Explainable AI-based 

network threat detection is designed as a multi-layered frame-

work to ensure efficient data processing, accurate threat de-

tection, and transparent decision-making. Each layer performs 

a specific function, contributing to the overall robustness and 

interpretability of the system. 

 

A. Data Collection Layer 

This layer is responsible for gathering raw network traffic 

data from various sources, such as routers, firewalls, intrusion 

detection systems, and servers. It captures both real-time and 

historical data, including packet-level information, flow statis-

tics, and protocol details. The quality and diversity of collected 

data are crucial, as they directly impact the performance of the 

detection models. This layer ensures continuous monitoring of 

network activities to identify potential threats at an early stage. 

 

B. Preprocessing Layer 

The preprocessing layer prepares the collected data for 

analysis by removing noise and inconsistencies. It involves 

data cleaning (handling missing or corrupted values), normal-

ization (scaling numerical features), and encoding categorical 

variables into machine-readable formats. Additionally, feature 

extraction and selection techniques are applied to identify the 

most relevant attributes, reducing dimensionality and improv-

ing model efficiency. This step is essential for enhancing both 

accuracy and computational performance. 

 

C. AI Model Layer 

In this layer, machine learning and deep learning models are 

implemented to classify network traffic as normal or malicious. 

Algorithms such as Random Forest, Support Vector Ma-

chine (SVM), and Neural Networks are trained using labeled 

datasets. These models learn patterns and behaviors associated 

with different types of cyberattacks. Ensemble methods and 

hybrid approaches may also be used to improve detection 

accuracy and reduce false positives. 

 

D. Explainability Layer 

The explainability layer integrates Explainable AI tech-

niques such as SHAP and LIME to interpret the predictions 

made by the AI models. Instead of providing only a classifica-

tion result, this layer explains why a particular network activity 

is flagged as a threat. It identifies key features influencing the 

decision, enabling cybersecurity analysts to understand model 

behavior, validate results, and build trust in the system. 

 

E. Decision Layer 

The final layer is responsible for generating alerts and 

initiating response actions based on model predictions. When a 

potential threat is detected, the system triggers notifications to 

administrators and may automatically perform mitigation ac-

tions such as blocking IP addresses, isolating affected systems, 

or updating firewall rules. This layer ensures timely response 

and helps minimize the impact of cyberattacks. 

 

VI. RESULTS AND DISCUSSION 

The results of the proposed Explainable AI-based network 

threat detection system demonstrate significant improvements 

in both detection accuracy and interpretability compared to tra-

ditional methods. Multiple machine learning models, including 

Random Forest, Support Vector Machine (SVM), and Neural 

Networks, were evaluated using benchmark datasets such as 

NSL-KDD [23] and CICIDS [29]. Among these, the Random 

Forest model achieved the highest overall accuracy, while 

Neural Networks showed strong performance in detecting 

complex and previously unseen attack patterns. 
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Fig. 2: Proposed XAI-based Threat Detection System 

 

 

Performance evaluation metrics such as accuracy, precision, 

recall, and F1-score were used to assess the effectiveness of 

the models. The system achieved high recall values, indicating 

its strong capability to correctly identify malicious activities 

with minimal false negatives [27], [28]. Precision was also 

maintained at a satisfactory level, reducing the number of false 

alarms generated during detection. 

TABLE I: Performance Comparison of Machine Learning 

Models 
 

Model Accuracy (%) Precision Recall F1-Score 

Random Forest 96.5 0.95 0.97 0.96 

SVM 93.2 0.92 0.94 0.93 

Neural Network 95.1 0.94 0.96 0.95 

 

The integration of Explainable AI techniques, specifically 

SHAP and LIME, provided valuable insights into model de-

cisions. These techniques helped identify the most influential 

features contributing to threat detection, such as packet size, 

connection duration, and protocol type. By visualizing feature 

importance, security analysts were able to understand why 

certain traffic was classified as malicious, thereby increasing 

trust in the system. 

Furthermore, the explainability layer assisted in detecting 

model biases and improving decision-making. It enabled faster 

incident response by providing clear and interpretable out-

puts. Overall, the results indicate that combining AI with 

explainability not only enhances detection performance but 

also improves system transparency, making it more suitable 

for real-world cybersecurity applications. 

 

VII. LIMITATIONS 

The proposed Explainable Artificial Intelligence (XAI)-

based network threat detection system offers improved trans-

parency and accuracy; however, it has certain limitations that 

need to be addressed for real-world implementation. 

1) Computational Complexity 

The integration of machine learning models along with 

explainability techniques such as SHAP and LIME 

increases computational overhead, which may affect 

system performance. 

2) Scalability Issues 

Scaling the system to handle large enterprise networks 

with high traffic volumes can be challenging and re-

quires optimized infrastructure. 

3) Dependency on Data Quality 

The system heavily relies on high-quality training data. 

Poor or biased datasets can lead to inaccurate predictions 

and unreliable results. 

4) Trade-off Between Accuracy and Interpretability 

Improving model interpretability may reduce accuracy, 

while highly accurate models may be harder to explain. 

 

VIII. FUTURE SCOPE 

The proposed Explainable Artificial Intelligence (XAI)-

based network threat detection system provides a strong 

foundation for building transparent and efficient cybersecurity 

solutions. However, there are several areas where further 

improvements and advancements can be explored to enhance 

its capabilities and real-world applicability. 

1) Real-Time Implementation 

Future work can focus on developing a fully real-

time threat detection system that processes live network 

traffic with minimal latency. This would improve the 

system’s responsiveness and enable faster mitigation of 

cyberattacks. 

2) Integration with Advanced Deep Learning Models 

Incorporating advanced deep learning architectures such 

as Convolutional Neural Networks (CNNs) and Recur-

rent Neural Networks (RNNs) can improve the detection 

of complex and evolving attack patterns. 

3) Scalability for Large-Scale Networks 

The system can be extended to handle large-scale en-

terprise or cloud-based networks. Optimizing compu-

tational efficiency and resource management will be 

essential for such environments. 

4) Enhanced Explainability Techniques 

Future research can explore more advanced and user-

friendly XAI techniques that provide deeper insights and 

visual explanations, making it easier for non-experts to 

understand model decisions. 

5) Adaptive Learning Mechanisms 

Implementing continuous learning or online learning 

methods will allow the system to adapt to new and 

emerging cyber threats without requiring complete re-

training. 

In summary, the future scope of this research lies in enhanc-

ing scalability, adaptability, and usability, making the system 

more robust and effective for modern cybersecurity challenges. 

 

IX. CONCLUSION 

In this research, an Explainable Artificial Intelligence 

(XAI)-based network threat detection system has been pro- 
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posed to address the limitations of traditional and black-

box AI models in cybersecurity. The study highlights the 

importance of combining high-performance machine learning 

[25], [26] techniques with interpretability to build trustworthy 

and efficient security systems. By integrating models such as 

Random Forest, Support Vector Machine (SVM), and Neural 

Networks with explainability tools like SHAP and LIME, the 

system is able to not only detect threats accurately but also 

provide clear justifications for its decisions. 

The experimental results demonstrate that the proposed 

approach achieves strong performance in terms of accuracy, 

precision, recall, and F1-score, while significantly improving 

transparency. The inclusion of the explainability layer [27], 

[28] allows cybersecurity analysts to understand the reasoning 

behind threat classifications, making it easier to validate re-

sults, reduce false positives, and improve response strategies. 

This is especially important in real-world scenarios where 

decision accountability and trust are critical. 

Moreover, the multi-layered architecture ensures efficient 

data handling, from collection and preprocessing to detection 

and response. It supports real-time monitoring and automated 

mitigation, making it suitable for deployment in modern 

network environments. 
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