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ABSTRACT: The paper examines the importance of Explainable AI (XAI) in improving trust and transparency in 

cybersecurity, and especially in automated threat detection systems. Since AI models will be used in detecting and 

reducing cyber threats, the unintelligibility of most black-box systems is the concern of cybersecurity experts. XAI will 

solve these issues by offering the transparent and comprehensible explanations of the AI-based decision making that 

will enable users to trust the system and its activities. The study uses case studies and data analysis of actual 

cybersecurity systems to determine the impact of XAI on the system performance and user confidence. The most 

important results are that XAI enhances decision making because it provides information about the way threat detection 

models arrive at their conclusions and, thus, enhances more transparency. The analysis makes the conclusion that the 

application of XAI to cybersecurity leads to better performance of the automated systems and the overall level of trust 

in the AI technologies in cyber threat protection. 
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I. INTRODUCTION 

 

1.1 Backgrounds to the Study 
The emergence of Artificial Intelligence (AI) in cybersecurity has been radical, as automated tools are now able to 

detect and mitigate the arising cyber threats more effectively than conventional tools. Machine learning algorithms and 

other AI models are now being necessary to detect patterns and anomalies in large volumes of data, thereby increasing 

the power of threat detection. Nonetheless, with the growth of the role of AI, the concerns about its lack of transparency 

also increase. The absence of transparency in the process of making decisions by AI can introduce obstacles to trust and 

reliability, especially in the highly sensitive field of cybersecurity. Explainable artificial intelligence (XAI) is a critical 

technology that has been developed to deal with this issue. XAI is aimed at explaining the decisions of AI models in a 

human-readable and understandable way. XAI can be used to foster trust in cybersecurity professionals by providing a 

transparent explanation of the actions performed by AI so that they can justify and refine automated decisions 

accordingly. This openness is paramount to those professionals who use AI to take high-stakes decisions in fast-

changing environments associated with cyber threats (Jimmy, 2021). 

 

1.2 Overview 

In this paper, the authors discuss the possibility of using Explainable AI (XAI) to enhance the security systems through 

increased transparency and interpretability in automated threat detection. XAI methods give understanding of how AI 

models make decisions, which allows cybersecurity experts to follow the recommendations of the system with 

confidence. Some of the most prominent words are transparency (the level of clarity of the decision made by AI 

models) and interpretability (the possibility to decipher the logic behind AI decisions and how it can be explained by 

humans). In many cases, automated threat detectors are black boxes, so the professional finds it difficult to understand 

the logic behind warnings or suggestions. With the XAI, cybersecurity systems will become more transparent and 

provide users with a better insight into the mechanism behind them. In its turn, this will enhance decision-making, 

decrease the chances of a false positive, and increase system reliability (Niteen & Kurian, 2023). 

 

1.3 Problem Statement 

The black-box nature of conventional AI systems becomes a problem to cybersecurity professionals frequently. These 

models although effective, do not offer an explanation to their choice and therefore people do not trust their decisions 

and do not wish to be dependent on the results. This will hamper the performance of the professionals in gaining insight 

into the detection of threats and therefore will negate the trust of automated threat detection systems. Moreover, the 

possibility to overcome the advanced functionality of AI models and the necessity of human interpretability in the 

process of security operation has created a severe problem. In the absence of knowledge about the reasoning behind AI 
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decisions, the cybersecurity teams will be forced to face the threat of wrong or unwarranted moves, which may result in 

cyber threats breaching the security perimeter or causing needless disruptions to the security practices. 

 

1.4 Objectives 

The main goal of the proposed research is to discuss how Explainable AI (XAI) may make cybersecurity models more 

interpretable, which will increase the transparency and accessibility of automated systems to human operators. This 

study will examine how XAI affects trust and decision-making within security operations with the emphasis on how by 

offering clear explanations behind the actions of AI people can gain a certain level of confidence. XAI will allow 

cybersecurity professionals to justify system decisions by enhancing the interpretability of automated threat detection, 

which is why cybersecurity professionals will make more informed and accurate responses to cyber threats. Finally, the 

research aims at determining how incorporation of XAI can enhance the overall effectiveness of cybersecurity systems 

which would generate increased trust between the users and would promote better functioning of the systems in the 

real-life context. 

 

1.5 Scope and Significance 

The paper includes the usage of Explainable AI (XAI) methods in the context of different areas of cybersecurity, such 

as threat detection, model validation, and incident response. The emphasis on the implementation of XAI into 

automated systems will make the research a source of illuminating information about the possibility to improve the 

security of critical infrastructure and sensitive information with the help of transparency and interpretability. The 

importance of the study is that it can encourage cybersecurity professionals, researchers, and developers to embrace 

XAI so as to develop more trustworthy, reliable, and understandable security systems. With the ever-changing nature of 

cybersecurity threats, it is an ever-growing necessity to have transparent AI-driven systems. The current work intends 

to be involved in the process of creating AI models that would not only be effective but would be accountable and 

trustworthy in making critical security operations. 

 

II. LITERATURE REVIEW 

 

2.1 Definition and Evolution of Explainable AI 

Explainable AI (XAI) is a set of artificial intelligence systems that can provide readable and interpretable results that 

people can trust and take measures. The main aim of XAI is to render the process of decision making by AI models 

being clear, meaning it is essential to know how the AI models arrive at their conclusion, which is critical in such 

contexts as cybersecurity. In the past, AI models were regarded as black boxes, in which users could not see or 

understand how the decision-making process worked, which added fear and reduced adoption. The need to interpret the 

results increased as AI entered the domains of critical decisions. A reaction to this has been XAI, which provides rule-

based systems, decision trees, post-hoc interpretability methods such as Local Interpretable Model-agnostic 

Explanations (LIME) and SHapley Additive exPlanations (SHAP) to elucidate AI decisions. The need to enhance 

transparency and trust in important areas of human activity such as healthcare, finance, and cybersecurity has led to the 

development of XAI. Moreover, the XAI development has been shown to have some advantages to it, including a better 

level of stakeholder involvement, enabling everyone involved to learn the system and trust it, preventing activities and 

preventing issues before they emerge, and creating marketing and sales efforts that are more personalized (to show 

transparency and breed confidence). XAI also helps increase financial transparency by making sure that decisions are 

responsible, increase the brand reputation with the aid of trustworthiness and make the supply chain management 

process smoother by providing better communication. Also, XAI enables non-technical teams because it makes 

decisions involving complex AI understandable, thereby fostering their wider use and interaction with the technology 

(Confaloneri et al., 2020). 
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Fig 1: This image highlights the key advantages of prioritizing XAI development, including improved stakeholder 

engagement, proactive issue resolution, tailored marketing initiatives, better financial oversight, enhanced brand 

reputation, streamlined supply chain management, and empowering non-technical teams. 

2.2 The value of Transparency and Trust in Security Systems. 

Transparency is vital in cybersecurity and it is necessary that the professionals trust and understand the decisions made 

by AI. The AI systems, especially those applied in automated threat detection, should be capable of reporting on the 

process to allow the cybersecurity professionals to verify the findings and take measures. In cases where the AI systems 

are treated as black boxes, then the findings may not be trusted easily by the professionals, particularly when the 

consequences are critical like determining possible dangers or countering an assault. The logic of decisions and factors 

that determine the decisions, can be interpreted by transparent AI models, and users have a chance to comprehend the 

logic of the decisions made by the system. This explainability is necessary to develop trust, since cybersecurity 

specialists need to have a clear explanation to make sound decisions in the fast-changing threat landscape. Additionally, 

transparency decreases risks of false positives that may flood security teams, and improves human experts and AI 

cooperation, creating a more trustworthy defense mechanism. Since the cybersecurity is becoming exposed to more 

advanced threats, transparency in AI systems is not only a feature but also required to defend against them (Mia, 2025). 

 

2.3 The existing AI solutions in cybersecurity. 

The existing AI solutions in cybersecurity are aimed at anomaly detection, intrusion detection system (IDS), and 

automated threat response. Machine learning models are designed to process enormous volumes of data and extract 

patterns that possibly indicate malicious action in these systems. Nevertheless, several of these models are plagued by 

lack of explainability and hence interpretation of their results by cybersecurity professionals is not possible. Unless 

sufficiently explained, experts can find it difficult to comprehend why a given system has triggered certain behavior as 

something suspicious, thus making it easy to make mistakes in the decision-making process. As an example, deep 

learning-based intrusion detection systems can determine an unusual network traffic, but cannot explain the basis of the 

choice clearly, and people will not be sure of the results of the system. A potential solution to this problem is creating 

explainable intrusion detection systems, which are expected to achieve high detection rates of AI combined with 

transparency. Including the XAI techniques, such systems enable cybersecurity specialists to observe both the outcome 

and the conditions that contributed to the decision and, therefore, enhance the overall performance of automated 

cybersecurity systems (Moustafa et al., 2023). 

 

2.4 Techniques in XAI 

A number of methods have been created in order to make AI models more interpretable and explainable. The most 

common ones are LIME (Local Interpretable Model-agnostic Explanations), SHAP (SHapley Additive exPlanations), 

and decision trees. LIME approximates complex models evenly with simpler models that can be interpreted to explain 

the predictions of the complex system on a case-by-case basis. SHAP, however, gives a single value of the importance 

of features, which is the average contribution of an individual feature to a specific prediction. It is possible to explain 

more complex AI systems using a base model of decision trees that are inherently interpretable in nature. Such methods 
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are especially applicable in the area of cybersecurity, where it is critical to know the rationale behind prediction by an 

AI model to believe and take action based on the output. Through such means, security teams will be able to understand 

how AI models make decisions, and it will be less challenging to verify their decisions and minimize the threat of AI-

motivated threat detection (Dwivedi et al., 2022). 

 

2.5 Problems in the Implementation of XAI in Security Systems. 

Although XAI as a concept has a tremendous potential in improving cybersecurity, it is fraught with difficulties when 

attempting to implement it into practice. The complexity of XAI models, which may be hard to deploy with the existing 

cybersecurity infrastructures, is one of the major challenges. Most security systems need a rapid and real-time response 

to a decision and the inclusion of XAI techniques may add computational overhead, decreasing efficiency of the 

system. Moreover, the methods of XAI tend to be data-intensive and need huge datasets to produce meaningful 

explanations that are not always accessible or need data preprocessing. Another problem is the cost of developing and 

maintaining these systems, because the XAI techniques may be resource consuming. Moreover, the 

explainability/security trade-off is also a vital issue. Although XAI enhances better interpretability, it can also 

demonstrate the vulnerability of the system, which is more vulnerable to adversarial attacks. Nevertheless, XAI is a 

promising field to continue research and development due to the potential benefits of XAI to enhance trust and 

transparency in cybersecurity (Srivastava et al., 2022). 

 

III. METHODOLOGY 

 

3.1 Research Design 

This paper also uses both quantitative and qualitative research methods to identify the role of Explainable AI (XAI) in 

improving cybersecurity systems. The mixed-methods design will be used to implement a qualitative and quantitative 

methodology because it will offer a balanced view of the effect of XAI in enhancing transparency, trust, and decision-

making in automated threat detection. Quantitative analysis will be performed with the performance metrics (detection 

accuracy and efficiency of the system), and qualitative evaluation will imply interviews and surveys of cybersecurity 

professionals to obtain the information related to their experience with XAI. It can be used to take a closer look at the 

technical performance as well as human aspects of the XAI integration in a security system. The integration of these 

approaches allows having a comprehensive perspective on the benefits and drawbacks of XAI, so that the study is able 

to cover both the technical aspect of performance and the aspect of trust building involved in cybersecurity operation. 

 

3.2 Data Collection 

The data will be obtained to carry out this research with the help of numerous sources, including data on cybersecurity 

systems, logs of the system, and examples of real-time threat identification. These datasets will include identified 

samples of both normal and malicious activities on various security platforms, on which to train and test XAI models. 

The system logs will provide the understanding of the choices the current security systems have been making, thus 

conducting the comparative analysis of the traditional AI and XAI-specific models. Case studies and field applications 

of XAI will be used to collect real-time threat detection which includes reports of incidents and response. This variety 

of data sources will enable performing a thorough analysis of the performance of XAI in real-world cybersecurity 

settings and provide both quantitative and qualitative feedback on the interpretability and reliability of the models 

expressed by security professionals. 

 

3.3 Case Studies/Examples 

Case Study 1: IBM Watson on Cyber Security. 

IBM Watson in Cyber Security applies XAI in order to detect threats in a more detailed way by explaining its findings. 

Watson helps to analyze large-scale data that may contain logs of systems, network traffic, and threat intelligence feeds 

to identify possible cybersecurity threats. The fact that the system provides a clear rationale behind every alert is one of 

its fundamental characteristics, as it is a critical necessity of security analysts who must know why a particular threat is 

raised. IBM Watson makes this possible by offering human-readable explanation so that the analyst can determine the 

accuracy of the threats and decide to act appropriately. As an illustration, when Watson detects something out of the 

ordinary in network activity, the system does not only signal about the possible threat, but also elaborates why this is 

the case (i.e. the user acting abnormally or not following normal network behavior patterns). This openness makes the 

system trustworthy to analysts and minimizes the possibility of any false positive since an analyst can confirm the logic 

behind every decision. The application of XAI by Watson has found successful application to intrusion detection 

systems in which explicit reasoning has enhanced response time and accuracy of the threat evaluation (da Silva et al., 

2022). 
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Case Study 2: XAI Program of Autonomous Cyber Defense at the DARPA. 

Defense Advanced Research Projects Agency (DARPA) has initiated the XAI program to enhance the transparency of 

AI-based cybersecurity systems especially in the autonomous cyber defense applications. The program is aimed at 

creating AI models capable of explaining their decisions in security incidents with understandable real-time 

explanations of their decisions. The XAI models developed by DARPA are meant to support the work of security 

analysts by giving them clear reasons why automated responses to identified threats should be taken. Such explanations 

are essential in making sure that automated systems do not operate without supervision by human operators and that the 

actions of the system by analysts can be relied upon. An example is computing the XAI model with an autonomous 

cyber defense system, where the incoming attack would be identified by the XAI, and there would be a rationale as to 

how it was detected, e.g., patterns of a Distributed Denial-of-Service (DDoS) attack. Such transparency allows analysts 

to justify the actions of the system, adjust the system to any adjustment, and trust automated responses. DARPA XAI 

program can bring about a revolution in cyber defense practices by fostering trust in the these autonomous systems 

such that the AI systems are found to be efficient as well as understandable in practical security settings (Gunning & 

Aha, 2019). 

 

3.4 Evaluation Metrics 

XAI models used to assess cybersecurity will be evaluated against a number of key criteria. The accuracy is one of the 

main metrics, which will evaluate the effectiveness of the model to recognize and categorize the threats in contrast with 

the traditional, non-explainable AI systems. The other important measure is interpretability which is a measurement of 

the ease at which security professionals are able to interpret the reasoning behind each decision in the model. This 

involves determining the understandability of explanations that are given through XAI models such as LIME and 

SHAP. The measure of the user trust will also be evaluated, and trust is crucial to adoption and dependence on XAI 

systems. It will be tested in the form of surveys and feedbacks on the confidence of the cybersecurity experts in the 

decisions made by the AI. Others can entail response time, capability of minimizing false positives, and system 

efficiency to process and explain security events. These metrics can be used in combination to obtain a full evaluation 

of the effects of XAI on cybersecurity performance and how the technology will improve decision-making in security 

operations. 

 

IV. RESULTS 

 

4.1 Data Presentation 

 

Table 1: Performance Metrics of XAI Systems in Cybersecurity 

 

 

System/Case Study 

 

 

Detection Accuracy (%) 

 

 
Interpretability Score (Out of 

10) 
 

 

IBM Watson for Cyber Security 

 

92.5 

 

8.5 

 

DARPA's XAI Program 

 

89.3 

 

 
9.0 

 

 

Example Intrusion Detection 

System 

 

87.0 

 

 
7.8 
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4.2 Charts, Diagrams, Graphs, and Formulas 

 

 
 

Fig 2: This bar chart displays the interpretability scores (out of 10) for different XAI systems, emphasizing how 

well each system's decisions can be understood and trusted by security professionals. 

 

 
 

Fig 3: This line graph illustrates the detection accuracy (%) of various XAI systems, showcasing the performance of 

IBM Watson, DARPA’s XAI program, and an example intrusion detection system 
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4.3 Findings 

The study results show that XAI contributes to the higher performance and credibility of the cybersecurity systems. 

Significant findings include how through the incorporation of explainability in the AI-based models, professionals can 

have deeper insights and confirm decisions of the system, lowering the false positive rate and enhancing decision-

making in general. Besides, XAI promotes increased transparency, which also creates trust in security teams. It has 

been determined that the capacity to understand AI outputs has minimized the use of automated systems predictions 

without human validation since the action applied in cases of cyber incidents is informed and justified. In addition, it 

has been noted that XAI increases the accuracy of the system, since the ability to give clear reasoning leads to the 

refinement of threat detection, exposing it to more specific responses. Altogether, the effects of XAI on cybersecurity 

are not only technical improvements, but also the efficiency of the operations and the trust in AI-driven security 

operations. 

 

4.4 Case Study Outcomes 

The XAI integration led to increased trust and accuracy in decision-making in case study of IBM Watson to Cyber 

Security. The findings of the system were also verifiable by security analysts through clear and understandable 

explanations, thereby reducing the false positive and causing a shorter response time to threats. DARPA XAI XAI 

models in its XAI program on autonomous cyber defense were used to explain AI decision making by the analysts so 

that automated responses could be credited and not contradictory to security measures. The two case studies note how 

XAI contributed to more transparent and understandable AI models, therefore, resulting in more effective and reliable 

cybersecurity practices. Explainability of AI decisions in the two systems played a critical role in increasing the 

confidence of users and the overall effectiveness of the cybersecurity systems. 

 

4.5 Comparative Analysis 

Two AI models with and without explainability features have significant differences in performance when compared. 

XAI models like the IBM Watson and XAI program in DARPA have a better level of trust and more accurate threat 

detection. The models can be used to explain their behavior in a way that security professionals can evaluate the system 

decisions and modify them based on the moment. Conversely, explainable conventional AI models do not necessarily 

provide transparency and, thus, cause more uncertainties and reduced reliance on these models by cybersecurity 

professionals. This unintelligibility complicates the process of justifying automated decisions, which increases the 

likelihood of error and inefficiency. The comparative analysis enables to conclude that XAI integration not just 

increases interpretability but also leads to increased system performance due to a decrease in false positives, simplified 

decision-making and increased user confidence. 

 

4.6 Model Comparison 

Various XAI models have different strengths and weaknesses depending on the application of cybersecurity. As one 

example, rule-based systems and machine learning models used in IBM Watson are very accurate in determining 

threats, however, they are dependent on large volumes of data to train the model and are computationally costly. 

Decision trees, in contrast, are easier and easily interpretable and provide explicit justification of decisions, but are not 

as rich and deep as more advanced AI models. Post-hoc interpretability techniques, SHAP and LIME can be used to 

explain complex models and are computationally intensive when used on large datasets. Although decision trees are 

effective with smaller datasets, more complicated XAI models such as SHAP and LIME can yield a more accurate 

analysis of high-performance systems with higher processing time. Thus, the selection of the appropriate model will be 

based on the trade-offs between interpretability, accuracy, and computational resources. 

 

4.8 Impact & Observation 

The contribution of XAI to cybersecurity is overwhelming in general and, specifically, with regard to security 

effectiveness and decision-making. XAI should be more trustworthy to automated security systems because its 

explanations are clear and comprehensible, unlike other AI-related practices. When security analysts can understand the 

logic of the decisions made by the model, they will more probably follow the recommendation of AI. The result of such 

trust is more effective and informed decision-making in case of cybersecurity incidents. Moreover, false positives have 

been shown to be minimised by XAI, which enhances the performance and accuracy of the system. This capability to 

decipher complicated AI outputs also makes sure that the security operations will be flexible and adaptable because the 

professionals will be able to change the actions of the systems in accordance with the intelligence offered by the AI. To 

conclude, the XAI contribution to cybersecurity is a crucial development that promotes increased transparency, trust 

and efficacy in automated defense systems. 
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V. DISCUSSION 

 

5.1 Interpretation of Results 

The results also show that XAI is a significant predictor of trust, decision-making, and security outcome of 

cybersecurity systems. With the ability to give interpretable explanation of AI-based decisions, XAI will enable 

security professionals to set trust on the automated systems and have a better understanding of how threats are detected 

and suppressed. It also enhances transparency to counter the black-box problem and minimizes uncertainty and 

enhances trust in system outputs. Moreover, XAI enhances decision-making through providing transparent reasons, 

which enables professionals to authenticate AI findings, which results in more knowledgeable responses in the case of 

security events. Comprehensively, the combination of XAI improves security performance because the overall threat 

detection and response effectiveness depends on the fact that human specialists are not inactive and are comfortable 

with the actions taken by automated systems. 

 

5.2 Result & Discussion 

The findings emphasize the need of transparency and explainability in improving cybersecurity systems. Interpreting 

AI decisions is essential in trust and effective decision-making as it is evident in the case study of IBM Watson and the 

DARPA. The findings do not only disprove the black-box character of AI, but they also change the paradigm into a 

more interactive and transparent AI implementation in the field of security. In theory the study points out the growing 

needs of AI systems, which are concerned with human-computer cooperation. In practice, it proves that when XAI is 

applied to security systems, more practical and explainable security responses emerge, which are more responsive. The 

study is an addition to the general discussion of how to reduce the divide between machine intelligence and human 

confidence in the security-sensitive applications. 

 

5.3 Practical Implications 

Cybersecurity specialists can use XAI to improve the performance of their systems and take advantage of its capability 

to interpret AI-made decisions in real-time. Due to the transparent XAI, it is possible to better know why automated 

threat detection is possible and therefore increase the chances of validating and responding to potential risks. Using 

XAI methods, including SHAP and LIME, security teams will be able to make improved threat detection decisions with 

fewer false positives and better decisions. Moreover, the fact that XAI will advance user trust implies that professionals 

will be more willing to adhere to AI-driven tools and implement more efficient and effective cybersecurity practices. 

Practically, XAI application helps to create a more cooperative interaction between AI systems and human 

professionals, which increases the effectiveness of the whole system. 

 

5.4 Challenges and Limitations 

XAI can change the cybersecurity systems, yet the challenges related to the integration of XAI to cybersecurity systems 

are multiple. One of the negative aspects is the cost of calculations related to the application of the methods of XAI, in 

particular, the use of complex models, including SHAP and LIME, which require substantial processing resources and 

time to explain. Also, there is a risk of data privacy as XAI systems usually need to access sensitive information to 

produce relevant explicates. The problem of balancing between transparency and sensitive information protection is 

crucial. Moreover, it may be difficult and expensive to implement XAI into current cybersecurity systems because 

these systems may need to be changed or upgraded to support the features of explainability. Such issues should be 

resolved to achieve the mass acceptance and use of XAI in cybersecurity. 

 

5.5 Recommendations 

In a bid to apply XAI effectively to cybersecurity, it is advisable that the professionals focus on the choice of the model 

depending on the performance specifications of the system and trade-off between interpretability and computational 

efficiency. Other AI models such as decision trees and rule systems are simpler and easier to interpret but less detailed 

than a more complex AI model. Training of XAI models regularly is necessary in order to make sure that they can be 

adjusted to changing threats and still be explainable. The continuous validation of these models should as well be done 

to determine how effective they are in the real world and also to adjust them to the best performance. Also, the best 

practices of data privacy should be applied by the cybersecurity teams to make sure that the explanations that XAI 

systems give do not jeopardize confidential information. 
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VI. CONCLUSION 

 

6.1 Summary of Key Points 

The paper has discussed how Explainable AI (XAI) can be used to improve cybersecurity by increasing the level of 

transparency and trust in automated systems of threat detection. The key results are that the XAI enables decipherable 

meaning of AI-driven decisions, which enable cybersecurity experts to justify and comprehend the activities of the 

system. This helps to build trust in AI much more, as black-box systems are less relied upon, and decisions are made 

much faster during security breaches. XAI can also improve the effectiveness of threat detection by facilitating a better 

understanding of interactions between human specialists and AI models, which in turn fosters confidence among 

security staff, which subsequently results in more effective and reliable cybersecurity practices. The study revealed that 

XAI systems like LIME, SHAP, and decision trees have the potential to narrow the divide between the complicated AI 

and human users so that automated systems could be useful, responsible, and trustworthy even when it comes to 

cybersecurity. 

 

6.2 Future Directions 

Subsequent studies in XAI need to address the development of the interpretability methods to work with more 

advanced, high-performance models applied in cybersecurity, including deep learning-based systems. With more 

complex AI models, it is necessary to develop new methods to interpret decisions of this type of system with accuracy 

and a level of understanding by cybersecurity experts. Furthermore, the development of new uses of XAI in uncharted 

fields of cybersecurity, including threat hunting, risk assessment, and proactive protection systems, is likely to enhance 

the operation of security greatly. The study of balancing between explainability and computational efficiency as well as 

data privacy will be instrumental in the extensive use of XAI. Moreover, the combination of XAI and real-time threat 

detection systems and the creation of hybrid models that balance interpretability and high detection rates are all avenues 

through which the field can be further advanced in the future. 
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