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Abstract
This study reviews six research publications on the use of artificial intelligence (AI) in cybersecurity, Effectiveness, Robustness, and Explainability. The selected studies include surveys on adversarial machine learning, explainable AI (XAI), adversarial examples, and AI-driven cyber-defense systems. Each work is summarized and thoroughly analyzed to highlight its objectives, methods, benefits, drawbacks, and relevance to the greater topic. A comparative table is presented to organize key elements from each of the six studies. The synthesis section connects the findings and identifies common problems and unmet research requirements. The review's conclusion offers insights on how AI techniques may be improved to ensure secure, transparent, and reliable cybersecurity solutions.
1. Introduction
AI has become an essential component of modern cybersecurity solutions. Machine learning and deep learning models are now widely integrated into intrusion detection systems, malware classification tools, phishing detection platforms, and automated threat analysis systems. These models help organizations analyze large volumes of data and detect threats faster than traditional methods.

However, three major challenges continue to limit the reliability and adoption of AI systems in cybersecurity:
· Effectiveness: AI models perform well in controlled environments but may struggle with real-world attacks.
· Robustness: Adversarial manipulation can trick AI systems into making incorrect decisions.
· Explainability: Security analysts need to understand how AI-generated decisions are produced.

This review explores how six selected papers address these issues.

2. Method for Selecting Papers
The papers were chosen based on the following criteria:
• Relevance to AI in cybersecurity
• Coverage of adversarial machine learning, explainability, and model performance
• Availability of clear contributions and meaningful discussions

The selected studies include surveys on adversarial ML, explainable AI frameworks, and AI-driven defense mechanisms. Together, they provide a broad view of current challenges and opportunities in the field.

3. Literature Review of Selected Papers
3.1 Xi et al. (2020)
Title: Adversarial Machine Learning for Cybersecurity
Summary:
An extensive overview of adversarial machine learning (AML) in cybersecurity applications is given in this study. It describes how threat actors take advantage of flaws in AI models by creating adversarial inputs intended to trick classifiers, including those used in intrusion detection and malware detection systems. Attacks are divided into three categories in the paper: model extraction, poisoning, and evasion. in addition it examines defense tactics such strong feature selection, gradient masking, and adversarial training.
Critical Analysis:
· Strengths:
· Strong taxonomy of attacks and defenses
· Broad coverage across multiple cybersecurity domains
· Useful conceptual diagrams
· Weaknesses:
· Limited discussion of modern deep learning benchmarks
· Few real-world experimental examples
· Relevance:
Supports the “robustness” part of the research title by showing how AI models can be manipulated and why defenses are essential.

3.2 Rjoub et al. (2023)
Title: A Survey on Explainable Artificial Intelligence for Cybersecurity
Summary:
The application of XAI frameworks to cybersecurity is the main topic of this study, which emphasizes the necessity of transparency in AI-powered intrusion detection, malware analysis, and decision support systems. It describes techniques including interpretable model architectures, saliency maps, rule-based explanations, LIME, and SHAP. The authors contend that explainability promotes regulatory compliance, boosts confidence, and enhances debugging.
Critical Analysis:
· Strengths:
· Comprehensive overview of XAI methods
· Clear explanations of practical cybersecurity use cases
· Strong structure and good visual representations
· Weaknesses:
· Limited empirical evaluation
· Few examples of XAI applied in large real-world environments
· Relevance:
Directly addresses the “explainability” dimension of the research topic.

3.3 Sharma et al. (2025)
Title: A Comprehensive Review of Explainable AI in Cybersecurity
Summary:
Expanding on XAI techniques in cybersecurity, this more recent paper discusses explainability's role in phishing analysis, malware categorization, and intrusion detection. The study compares model-specific and model-agnostic XAI methods and describes difficulties in striking a balance between interpretability and accuracy.
Critical Analysis:
· Strengths:
· Very recent and captures new developments
· In-depth description of modern explainability frameworks
· Weaknesses:
· Light discussion of deployment challenges
· Some examples lack quantitative evaluation
· Relevance:
Advances the explainability portion of the research by showing current developments in XAI for security.

3.4 Li (2024)
Title: Survey on Adversarial Examples in Cybersecurity
Summary:
In order to classify attack techniques including FGSM, PGD, and black-box attacks, this research examines adversarial examples (AEs) in cybersecurity. The study shows how AEs can reduce the accuracy of spam detection systems, malware classifiers, and intrusion detection systems. Additionally, it examines mitigating techniques such as robust optimization, certified defenses, and adversarial training.
Critical Analysis:
· Strengths:
· Strong technical analysis
· Clear comparison of attack methods across domains
· Weaknesses:
· Several mitigation techniques are only theoretical
· Relevance:
Highly relevant for discussing “robustness” and vulnerabilities in AI systems.

3.5 Singh et al. (2024)
Title: Adversarial Machine Learning in Cybersecurity
Summary:
The principles of adversarial machine learning are presented in this survey in a more straightforward and comprehensive manner. The defense cycle between attackers and defenders is covered, along with typical attack tactics. Poisoning, evasion, and model inversion assaults are explained in simple graphics throughout the study.
Critical Analysis:
· Strengths:
· Easy to understand (good introductory foundation)
· Covers basic adversarial ML concepts clearly
· Weaknesses:
· Not very deep in technical analysis
· Limited dataset and benchmark discussion
· Relevance:
Supports the “robustness” theme with accessible foundational information.

3.6 Duddu (2018)
Title: Adversarial Machine Learning in Cyber Warfare
Summary:
Despite being older, this study offers a novel viewpoint by relating adversarial machine learning techniques to cyberwarfare situations. It draws attention to the dangers of state-level entities abusing AI, possible military system attacks, and the ramifications for national security.
Critical Analysis:
· Strengths:
· Presents a rare viewpoint linking cyber warfare and adversarial ML
· Good theoretical coverage
· Weaknesses:
· Uses older datasets and outdated AI models
· Limited recent developments
· Relevance:
Provides insights into the security risks of AI beyond technical details — useful for discussing broader implications of robustness failures.

4. Comparative Table of Reviewed Papers
	Paper
	Year
	Focus Area
	Key Findings
	Limitations

	Xi et al.
	2020
	Adversarial ML
	Defined a broad taxonomy of attacks & defenses
	Missing modern deep-learning benchmarks

	Rjoub et al.
	2023
	Explainable AI
	Shows value of XAI for transparency
	Few real-world deployments

	Sharma et al.
	2025
	Explainable AI
	Updated view of modern XAI frameworks
	Limited discussion of operational challenges

	Li
	2024
	Adversarial Examples
	Strong analysis of AE impacts
	Some defenses theoretical

	Singh et al.
	2024
	Adversarial ML
	Clear introduction to AML
	Limited technical depth

	Duddu
	2018
	Cyber Warfare / AML
	Connects AML with cyber warfare
	Outdated datasets & models



5. Synthesis of Information
Across the six papers, several themes consistently emerge:
1. AI is effective but not foolproof.
Most papers agree that machine learning and deep learning models significantly improve detection rates for malware, intrusions, and phishing. However, high accuracy does not guarantee real-world security.
2. Robustness is a major weakness.
All papers on adversarial ML show that AI systems are vulnerable to adversarial examples, poisoning attacks, and model extraction. Even minor perturbations to input data can mislead classifiers.
3. Explainability is crucial for trust and adoption.
The XAI papers highlight the importance of readable, interpretable AI outputs, especially in cybersecurity where analysts require justification for automated decisions.
4. Lack of real-world datasets.
Many papers rely on synthetic, small, or outdated datasets (e.g., NSL-KDD, old malware corpora). This limits the generalizability of conclusions.
5. Need for integrated solutions.
The combination of effectiveness, robustness, and explainability is rarely addressed in a single system. Future work must merge these three dimensions into operational cybersecurity tools.

6. Conclusion
AI greatly improves cybersecurity, however there are still issues, according to the examined literature. Even while AI models have great detection accuracy, their decision-making procedures are sometimes opaque, and they are nevertheless susceptible to hostile attacks. To guarantee safe deployment in real-world settings, resilience and explainability must both be improved. In order to meet the demands of contemporary cybersecurity operations, future research should prioritize realistic datasets, useful XAI frameworks, and more robust adversarial defenses.
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