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This research integrates explainable machine learning models for real-time threat
detection in cybersecurity. Data from multiple sources, including network traffic,
system logs, and user behavior, undergo preprocessing such as cleaning, feature
extraction, and normalization. The processed data is passed through various
machine learning models, including traditional approaches like SVM and decision
trees, as well as deep learning models like CNN and RNN. Explainability
techniques such as LIME, SHAP, and attention mechanisms provide transparency,
ensuring interpretable predictions. The explanations are delivered through a user
interface that generates alerts, visualizations, and reports, facilitating effective
threat assessment and incident response in decision support systems. This
framework enhances model performance, trust, and reliability in complex
cybersecurity scenarios.
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1. Introduction

In recent years, the reliance on machine learning (ML) in cybersecurity has grown significantly, driven
by the increasing complexity and frequency of cyber threats. Traditional rule-based security systems
have struggled to keep up with the rapidly evolving threat landscape, prompting a shift towards more
adaptive, data-driven approaches[1]. Machine learning models, with their ability to process large
volumes of data and identify patterns indicative of malicious activity, have become invaluable in
various cybersecurity applications such as malware detection, phishing identification, intrusion
detection, and anomaly detection. Even though these machine learning models have shown to be
effective, cybersecurity is greatly hampered by their "black-box" design[2]. High accuracy but
opaqueness characterizes most machine learning methods, particularly those involving sophisticated
models like deep learning networks. This is especially troubling in the field of cybersecurity, where
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prompt, dependable, and comprehensible judgments are essential for protecting against threats that
arise in real time[3]. Cybersecurity experts may find it difficult to accept, analyze, or respond
appropriately on the basis of model output if they do not know why the model identified a particular
activity as harmful[4][5]. Moreover, explainability becomes crucial for compliance, auditing, and
accountability in extremely sensitive sectors like finance, healthcare, or critical infrastructure.

Explainability in machine learning models is therefore not merely a technological problem but also a
critical component of creating a transparent and trustworthy environment and facilitating efficient
decision-making in high-stakes cybersecurity settings. To bridge the gap between sophisticated
machine learning algorithms and the requirement for human-understandable reasoning, an explainable
Al (XAI) method is becoming crucial, where machine learning models deliver interpretable insights.

The convergence of machine learning and cybersecurity, particularly in the field of real-time threat
detection, is the main topic of this overview of the literature. The review's objectives are to investigate
how explainability approaches are integrated to improve the transparency of machine learning models
and how these models are currently utilized to identify hazards as they arise[6][7]. The paper will look
at a variety of machine learning approaches used in real-time detection systems, ranging from more
complex deep learning models (convolutional neural networks, recurrent neural networks) to more
conventional models (decision trees, support vector machines). The evaluation will specifically look
into how these models identify anomalies, malware, or illegal access in system logs, user activity, and
network traffic. This review's emphasis on the explainability of these machine learning models is
crucial[8]. The range of approaches covered will include several Explainable AI methods for
interpreting, rationalizing, and supporting machine learning model decisions. The evaluation will also
look at the difficulties and solutions associated with incorporating explainable models into real-time
systems that must respond with accuracy, timeliness, and comprehensibility.

Its black-box nature makes deploying machine learning models for cybersecurity one of the biggest
hurdles. Interpreting the conclusions made by many high-performing models—particularly deep
learning algorithms—can be challenging. These models handle data in ways that are difficult for people
to access, and they frequently produce judgments without giving an explanation[9][10]. In the field of
cybersecurity, where knowing why a certain threat was discovered is just as crucial as identifying the
threat itself, this lack of transparency presents a serious problem. This becomes even more urgent when
considering real-time threat detection. For security professionals to properly minimize threats, choices
must be made quickly and with confidence[11][12]. On the other hand, the security team may not fully
believe the system's suggestions if an ML system detects an anomaly or possible attack but is unable
to provide an explanation, which could cause hesitancy or mistakes in the response. Explainability also
makes it harder to audit and confirm the system's actions, which is important in situations like critical
infrastructure or financial systems where mistakes could have dire repercussions. Another issue is that
most real-time detection systems in use today put interpretability last and speed and accuracy first.
These systems frequently concentrate on swiftly identifying dangers; however, they infrequently offer
clarifications that could aid cybersecurity teams in comprehending the nature of the issue and taking
appropriate action[13][14]. The absence of interpretable output and the disparity between extremely
fast and accurate detection methods pose a serious barrier to machine learning's wider application in
cybersecurity.

Furthermore, the need for transparent decision-making in Al-based systems is growing due to
regulatory compliance and accountability concerns. The General Data Protection Regulation (GDPR)
in the European Union, for example, requires automated systems to provide an explanation to the
individuals impacted by their decisions. This highlights the increasing need for explainable models in
a variety of industries, including cybersecurity. Achieving a balance between interpretability and model
performance is necessary to tackle the black-box issue in machine learning for cybersecurity. This
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paper will look at the methods currently used to strike that balance and examine how Explainable Al
(XAI) techniques can be used to improve the transparency and reliability of real-time cybersecurity
systems.

2. Machine Learning in Cybersecurity: Current Approaches
2.1 Traditional ML Models for Cybersecurity

Traditional machine learning models have been widely applied in cybersecurity tasks due to their
ability to recognize patterns and anomalies in data. Some of the most used models include:

. Support Vector Machines (SVMs): SVMs are effective classifiers that are used to identify
network breaches, malware, and spam. They work especially well on binary classification tasks and
high-dimensional data[15]. SVMs function by determining the best hyperplane to divide data points
into distinct groups, such harmful versus legitimate traffic.

. Decision Trees: Rule-based models such as decision trees provide an easily understood
framework. The fact that they can deconstruct decision-making processes into comprehensible
pathways makes them a popular component of intrusion detection systems (IDS)[16]. For example,
using a sequence of rule-based judgments, a decision tree can determine whether incoming network
packets are malicious or benign.

. Random Forests: Decision tree ensembles called random forests increase prediction accuracy
and robustness[17]. They have been applied to cybersecurity to identify malware, spam, and phishing
by combining predictions from several decision trees, which lowers the chance of overfitting and
enhances generalization.

. Neural Networks: Early cybersecurity applications, such identifying network intrusions, also
made use of shallow neural networks. By changing the network's weights to link inputs to outputs—
for example, network logs to attack categories—these models are trained on data.

Applications of these models:

. Malware Detection: Traditional models like SVMs and random forests have been used to
classify files as benign or malicious by analyzing features like file structure, permissions, and byte
sequences.

. Intrusion Detection Systems (IDS): Decision trees and random forests are widely employed
in network-based intrusion detection to differentiate between normal and malicious traffic.

. Phishing Detection: Random forests and decision trees have been applied to email data to
detect phishing attempts by analyzing features such as URL length, email subject, and content.

. Anomaly Detection: Unsupervised models like k-means clustering or autoencoders have been
applied to detect unusual patterns in network traffic or user behavior, flagging potential security threats.

Successes and limitations of these models:

. Successes: Traditional machine learning models are well-understood, often easier to interpret,
and relatively efficient in terms of computation, especially when compared to deep learning models.
Their clear decision-making process (e.g., in decision trees) makes them more trustworthy for
cybersecurity professionals who need to understand how a threat was detected.

. Limitations: These models often struggle with detecting new or evolving threats, such as
zero-day attacks, because they rely heavily on pre-defined patterns or features. Additionally, they are
less effective when working with large-scale or highly complex datasets, where the relationships
between variables are non-linear.
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2.2 Deep Learning in Cybersecurity

Deep learning has emerged as a powerful tool in cybersecurity due to its ability to analyze vast amounts
of data and uncover intricate patterns that traditional models might miss. Well-known architectures in
this subject include Long Short-Term Memory Networks (LSTMs) and Recurrent Neural Networks
(RNNs), which include Convolutional Neural Networks (CNNs). By understanding binary data as
images or sequences, CNNs—which were first created for image processing—have been repurposed
for malware detection. Through their hierarchical feature learning, CNNs can identify complex and
obfuscated malware variants with this approach. Analyzing sequential data, such network traffic and
user behavior logs, is an area in which RNNs and LSTMs thrive[18]. Particularly LSTMs are skilled
in spotting temporal patterns and anomalies, which is essential for quickly identifying anomalous user
behavior or slow-moving attacks. Deep learning models have great performance, but they have a lot
of cybersecurity challenges. Their "black-box" aspect, which obstructs transparency and
interpretability, is a significant problem. In contrast to simpler models like decision trees, deep learning
models frequently have an opaque decision-making process, which makes it challenging for
cybersecurity experts to comprehend and rely on the model's results[ 19]. In situations with high stakes,
where false positives or negatives can have dire repercussions, this lack of clarity can be problematic.
In important security scenarios, the inability to provide an explanation for a particular threat's detection
or decision-making process might impede effective incident response and lower the overall reliability
of deep learning models.

2.3 Real-Time Threat Detection Systems

Real-time threat detection systems are designed to identify and mitigate threats as they occur, without
significant delay. These systems often rely on machine learning models to analyze incoming network
traffic, user behavior, and system activity in near-real-time, providing alerts or taking automated
actions to prevent attacks. Key areas where machine learning-based real-time detection is employed
include:

. Intrusion Detection Systems (IDS): Al-powered real-time intrusion detection systems (IDSs)
may identify unusual patterns in network traffic and indicate possible intrusions before they become
visible[20]. These systems detect deviations from typical traffic behavior using both supervised
(classification) and unsupervised (anomaly detection) learning techniques.

. Malware detection: By instantly recognizing a malware's signature or anomaly, ML models
included into endpoint security solutions can scan files or processes for dangerous activity in real-
time[21], assisting in the prevention of malware from starting to execute.

. Anomaly Detection: In real-time systems, unsupervised machine learning models are used to
keep an eye on user behavior, network traffic[22], or system logs for any anomalous activity that might
point to a malware infection, insider threat, or security breach.

Challenges of real-time threat detection:

. Latency: Latency is one of the main problems with real-time threat detection systems. To
deliver fast answers to threats, machine learning models must digest vast volumes of data quickly—
often in milliseconds. The computational intensity of deep learning models can cause severe delays.

. Processing Speed: To manage the enormous volume of data produced by contemporary
networks, real-time systems need to analyze data quickly. Even deep learning models, which are
scalable, may encounter bottlenecks in busy environments. Conventional machine learning models
may not be tuned for real-time performance.
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. Accuracy vs. False Positives: In real-time detection systems, achieving a balance between low
false positive rates and high accuracy is crucial. An excessive number of false positives from a system
can overwhelm security personnel and cause alert fatigue, which can result in the miss-identification
of genuine threats. Conversely, low-sensitivity models may be unable to identify some types of attacks,
which could result in breaches. One of the key goals of this field of study is to strike a compromise
between minimizing false positives and ensuring prompt, accurate detection.

3. Explainability in Machine Learning Models
3.1 The Concept of Explainable AI (XAI)

To overcome the "black-box" aspect of conventional models, explainable Al (XAI) aims to make
machine learning model outputs comprehensible and interpreted for users. In domains with significant
risks, including healthcare, finance, and cybersecurity, comprehending the methods and rationale
behind a model's conclusions is crucial for fostering confidence and guaranteeing its efficient
implementation. Post-hoc approaches like SHAP (SHapley Additive exPlanations) and LIME (Local
Interpretable Model-agnostic Explanations), which offer insights into model predictions after the fact,
are important XAI techniques. SHAP provides a game-theoretic method to ascribe each feature's
impact on the final output, hence elucidating complex model decisions, whereas LIME uses specific
prediction learning to mimic a black-box model locally[23]. Apart from ad hoc methods, models that
are transparent by nature are intended to be transparent from the beginning. While logistic regression
and other linear models provide explicit feature contributions through their coefficients, decision trees
and rule-based systems provide straightforward, intelligible pathways for decision-making[24].
GAMs, or generalized additive models, combine transparency in feature contributions with non-linear
interactions to further improve interpretability[25]. These techniques aim to strike a compromise
between interpretability and model accuracy, which helps to lessen the opacity issue with sophisticated
machine learning models and guarantees that their conclusions are trustworthy and understandable.

3.2 Importance of Explainability in Cybersecurity

Explainability is particularly crucial in cybersecurity due to the direct impact machine learning models
have on protecting sensitive systems and data. For cybersecurity professionals, the ability to
understand why a model has flagged a particular network activity, file, or user behavior as malicious
is essential[26]. This clarity aids in making informed decisions during incident response, allowing
professionals to validate predictions, prioritize threats, and determine appropriate countermeasures.
Moreover, compliance with regulations like the General Data Protection Regulation (GDPR) mandates
that automated decision-making systems provide explanations for their actions, especially when
dealing with sensitive personal data. This requirement underscores the legal necessity of explainability
in certain cybersecurity contexts. Additionally, building trust in Al-driven cybersecurity systems
hinges on transparency. Security teams are more likely to rely on models that provide clear
explanations for their recommendations, such as blocking a user or quarantining a file[27]. Explainable
models foster trust by enabling users to understand and validate the Al's decisions, which is crucial for
effective and confident use of these systems. For instance, in auditing and legal scenarios, having
detailed explanations of model decisions is necessary for reviewing and defending actions taken by
security systems. This is especially important in industries where incorrect model outputs could lead
to compliance issues or impact sensitive data handling, making explainability a critical component for
both operational and regulatory purposes.

3.3 Explainability vs. Performance Trade-offs

A major difficulty in machine learning, especially in cybersecurity, is balancing interpretability with
model accuracy. By efficiently managing big information and identifying subtle patterns, ensemble
techniques like random forests or complex models like deep neural networks frequently produce results
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with great accuracy. Nevertheless, consumers often find it difficult to understand the underlying
assumptions of these models, as they are often difficult to interpret. Simpler models, such as logistic
regression or decision trees, on the other hand, provide more transparent and understandable decision
routes but may not perform as well, particularly when dealing with unstructured data or subtle attack
patterns[28]. This trade-off draws attention to a fundamental conundrum in the development of
cybersecurity machine learning systems, where both high performance and comprehensible
explanations are essential. Many interesting strategies are being investigated to tackle this problem.
With the ability to produce predictions from a high-performing model and provide explanations for
them from a simpler model, hybrid models combine the best features of both complicated and
interpretable models[29]. Real-time, instance-based explanations are made possible by post-hoc
explainability approaches like LIME and SHAP, which keep complex models operational while
providing intelligible results for decisions. Furthermore, efforts to improve the interpretability of deep
learning models by means of techniques such as feature visualization and attention mechanisms are
advancing. By bridging the gap between high performance and explainability, these advancements may
increase the transparency and accessibility of high-accuracy, real-time models for cybersecurity
applications.

4. Current XAl Techniques Applied to Cybersecurity
4.1 Post-Hoc Explanation Techniques

LIME (Local Interpretable Model-Agnostic Explanations): LIME is a well-liked method that
builds local, interpretable models around a specific instance of interest, explaining any machine
learning model's predictions. LIME operates by introducing perturbations (e.g., changes to certain
features) to the input data and tracking changes in the model's predictions. The behavior of the complex
model in the immediate vicinity of the instance is then approximated by fitting a straightforward,
understandable model, such as a linear regression[30]. This makes it possible for security analysts to
comprehend the reasoning behind a machine learning model's prediction (such as labelling a file as
malicious or raising a red flag for suspicious network activity). LIME has been used in the field of
cybersecurity to describe machine learning models that are utilized for tasks like intrusion detection
systems (IDS) and malware detection[31]. For instance, LIME can determine which aspects of a file—
such as its structure, permissions, or byte patterns—were most important to the model when
determining whether to classify it as harmful in the context of malware detection. When features like
packet size, protocol type, or the source and destination of the traffic are highlighted in an IDS alert,
LIME can assist security teams in understanding why a particular piece of network traffic was reported
as suspicious. Analysts can promptly confirm the correctness of the discovery and choose the best
course of action thanks to this localized information.

SHAP (SHapley Additive exPlanations): Based on cooperative game theory, SHAP is an explanation
technique that quantifies each characteristic of a model by assigning a significance value (Shapley
value) that indicates how much the feature contributes to a specific prediction. SHAP can offer global
explanations, which give a summary of the key elements in all of the model's predictions, as well as
local explanations, which explain specific forecasts. Because of its dual functionality, SHAP is
particularly helpful in the field of cybersecurity, where it is essential to comprehend both broad trends
(like typical signs of phishing attempts) and detailed choices (like the reason behind a particular email's
flagging as a phishing effort). When it comes to phishing detection, SHAP can clarify why a machine
learning model classified an email as phishing based on specific characteristics (such as the sender
domain, quantity of links, or specific phrases)[32]. This makes it easier for cybersecurity experts to
comprehend and evaluate the threats connected to each email that has been identified fast. When it
comes to anomaly detection, SHAP can be used to describe the key elements of system logs or network
traffic that led to the flagging of a particular anomaly, such as unusual login times, geographic
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locations, or high volumes of network traffic. These clarifications are very helpful for real-time threat
identification, where quick thinking and action are essential.

4.2 Inherently Interpretable Models

Because decision trees and rule-based models have easily comprehensible decision-making processes,
they are frequently utilized in cybersecurity and are intrinsically interpretable. With each node
representing a feature and each branch representing a decision rule, decision trees offer a simple
framework that results in a classification at the leaf node. This approach is especially helpful for
cybersecurity jobs where transparency is essential, including malware categorization and intrusion
detection[33]. Security analysts can more easily comprehend and verify the judgments made by the
model by using a decision tree, which, for example, can track the precise series of decisions that result
in the classification of network traffic as benign or malicious. In a similar vein, rule-based systems
work well for real-time threat detection since they apply predetermined criteria to incoming data. These
systems can flag suspicious activity based on specific rules derived from historical data, such as
unusual [P addresses or rare protocols, allowing for quick, interpretable responses to potential threats.
An intermediate solution between interpretability and performance is provided by generalized additive
models[34]. By giving each variable, a distinct, non-linear effect, GAMs model the link between
features and outcomes while preserving some degree of transparency and ability to handle intricate
patterns. In cybersecurity activities, where knowing feature contributions is crucial for efficient
incident response, this balance is advantageous. While GAMs are not as popular in cybersecurity as
other models, they are becoming more and more popular for applications like malware classification
and network traffic analysis[35]. They are helpful in elucidating the reasons for the flagging of data
points as suspicious since they model the contribution of each attribute to the prediction, yielding
findings that are easy to understand. For real-time threat identification and analysis, GAMs are a viable
solution because of their interpretability and reasonable prediction power.

4.3 Deep Learning and XAI

Deep learning models, which are typically recognized for being "black-box" systems, are becoming
easier to understand thanks to new methods in Explainable Al (XAI). Saliency maps, which emphasize
the most important input features, attention mechanisms, which indicate which portions of the input
data the model concentrates on, and Grad-CAM, which creates heat maps that illustrate which input
data areas contributed most to a model's prediction, are some notable innovations[36]. These methods
are used in cybersecurity to analyze network traffic and detect malware, assisting in the recognition
and comprehension of anomalous patterns or significant characteristics[37]. Deep learning models may
maintain high performance while offering critical transparency by including these explainable
methodologies, which enhances the efficacy and reliability of Al-driven cybersecurity systems.

5. Proposed Methodology

The figure 1 shows architecture for an explainable machine learning system used in real-time threat
detection in cybersecurity.
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Figure 1: An architecture for an explainable machine learning system used in real-time threat
detection in cybersecurity

Data Sources: This component represents the various inputs that the system analyses. Network
Traffic includes data packets, protocols, and flow patterns from network communications. System
Logs consist of records from operating systems, applications, and security tools that track user activity
and system events. User Behavior data captures patterns in how users interact with systems, which
can be critical for identifying suspicious activities or anomalies.

Preprocessing: Before feeding the data into machine learning models, it undergoes several
preprocessing steps to ensure it is clean, relevant, and standardized. Data Cleaning involves removing
noise and correcting errors in the data. Feature Extraction selects and transforms raw data into
meaningful features that can enhance model performance. Normalization adjusts the scale of features
to ensure consistent input, which helps in improving model accuracy and convergence.

Machine Learning Models: The heart of the system lies in this component, which applies various
machine learning techniques to the pre-processed data. Traditional ML Models include algorithms
like Support Vector Machines (SVMs), Decision Trees, and Random Forests. These models are well-
established and often used for tasks such as malware detection and intrusion detection. Deep Learning
Models, such as Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs),
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are used for more complex pattern recognition tasks. These models excel in analyzing large volumes
of data and identifying subtle, intricate patterns that might indicate a threat.

Explainability Techniques: To address the opacity of machine learning models, this component
focuses on providing understandable explanations for the model’s predictions. LIME (Local
Interpretable Model-Agnostic Explanations) and SHAP (SHapley Additive exPlanations) are
post-hoc techniques that generate local and global explanations of model behavior, helping users
understand why specific predictions were made. Attention Mechanisms and Saliency Maps are used
for deep learning models to highlight which parts of the input data (e.g., specific network packets or
code sections) were influential in the model’s decision-making process.

User Interface: This component presents the results and explanations to cybersecurity professionals.
Alerts notify users of detected threats or anomalies in real-time. Visualizations provide graphical
representations of the data and model predictions, making complex information more accessible.
Reports offer detailed summaries and analyses of threat detections, helping users understand and
respond to security incidents effectively.

Decision Support System: Integrating with the user interface, this component helps in translating
model predictions and explanations into actionable insights. Threat Assessment involves evaluating
the severity and potential impact of detected threats. Incident Response guides the actions that
security teams should take based on the assessment, such as isolating affected systems, applying
patches, or notifying relevant stakeholders.

5. Challenges and Limitations of XAI in Real-Time Cybersecurity Applications
5.1 Latency and Computational Overhead

In real-time cybersecurity systems, explainability implementation frequently results in latency and
extra processing overhead. Real-time threat detection systems may become slower because of XAl
approaches like LIME and SHAP, which need additional processing to produce explanations. Research
has indicated that this additional processing power may affect how quickly attacks are identified and
addressed, which is a serious problem in situations where quick decisions are necessary to stop security
breaches.

5.2 Balancing Explainability with Accuracy

Accuracy and explainability in real-time cybersecurity continue to be major challenges. Deep learning
algorithms are among the many high-performing models that forgo interpretability in favor of greater
predictive power. However, performance can suffer when explainability is prioritized, especially in
difficult threat detection tasks. Research shows that more easily interpreted, more basic models—Iike
decision trees—frequently miss subtle danger behaviors, which lowers the accuracy of detection.

5.3 Adversarial Attacks on XAI Systems

XAI techniques may unintentionally reveal security holes that adversaries could use to break into the
system or launch hostile assaults. Attackers can circumvent detection by gaining insight into the
model's decision-making process through a comprehension of the explanations given by XAI. Strong
countermeasures are required to secure explainable models because research has shown how
adversarial actors may utilize explanations to alter inputs and avoid detection.

5.4 Usability of Explanations for Cybersecurity Professionals

Making sure that the explanations produced by XAl techniques are both technically precise and simple
for cybersecurity experts to understand is another difficulty. Many explanations have limitations in
real-time circumstances due to their highly technical or abstract nature, especially those derived from
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complicated models. Research indicates that there is a need for cybersecurity solutions with user-
friendly interfaces and explanations since there is a gap between offering analysts who may not have
extensive experience in machine learning precise model insights and making these insights practical.

6. Future Directions in Explainable Al for Cybersecurity
6.1 Advancements in Real-Time Explainable Models

To better serve real-time applications, explainable Al models' speed and efficiency are being improved
through recent research. Work is being done to provide high-accuracy, low-latency methods that can
quickly and accurately explain threat detection. The goal of this field's innovations is to reduce the
computing overhead of XAI techniques while preserving their efficacy, enhancing real-time
cybersecurity systems' responsiveness.

6.2 Human-in-the-Loop Approaches

Enhancing explainable models with human feedback appears to be a potential way to improve model
performance and explanation relevance. Research is looking into the interactions and improvements
that cybersecurity specialists make to explainable systems with the goal of developing better user-
centered models that are in line with real-world requirements and decision-making procedures. For
security experts, this integration facilitates the transition from technical explanations to practical
insights.

6.3 Explainability for Deep Learning Models

Innovative methods are being created to increase cybersecurity deep learning models' explainability
without sacrificing accuracy. Attention mechanisms and visualization tools designed for complex
neural networks are examples of emerging trends. By shedding more light on the decision-making
process of deep learning models, these developments hope to increase public confidence in and
comprehension of Al-powered threat detection systems.

6.4 Combining XAI with Other Technologies

The future of XAl in cybersecurity may involve integrating explainable models with technologies like
blockchain, homomorphic encryption, and federated learning. These integrations promise to enhance
both the security and transparency of Al systems by combining robust privacy-preserving techniques
with explainability, creating more secure and interpretable Al solutions for cybersecurity applications.

7. Conclusion

In conclusion, integrating explainable machine learning models into real-time cybersecurity systems
significantly enhances both the transparency and effectiveness of threat detection. By combining
traditional machine learning techniques with deep learning models, and leveraging explainability
methods like LIME, SHAP, and attention mechanisms, this approach provides clear, interpretable
insights into model predictions. The inclusion of a user interface that offers visualizations, alerts, and
detailed reports allows for more informed and faster decision-making in threat assessment and incident
response. This framework not only improves the accuracy and reliability of cybersecurity models but
also builds user trust by making the decision-making process understandable. In complex cybersecurity
environments, the balance between model performance and transparency is crucial, and this approach
achieves that, paving the way for more secure, robust systems.
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