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1. Problem Statement
1.1 Problem Domain
Artificial Intelligence (AI), particularly Machine Learning (ML), has become increasingly important in healthcare by supporting disease diagnosis, medical image analysis, clinical decision support, patient risk prediction, and personalized treatment planning. Recent advances in deep learning have significantly improved the accuracy of healthcare prediction models. However, many of these models function as "black-box" systems, making it difficult for healthcare professionals to understand how predictions or recommendations are generated. Explainable Artificial Intelligence (XAI) has emerged as a research field that aims to make AI systems more transparent, interpretable, and trustworthy while maintaining high predictive performance (Arrieta et al., 2020; Samek et al., 2021).

1.2 Description of the Problem
Despite the impressive performance of machine learning models in healthcare, the lack of explainability remains a major barrier to their widespread adoption in clinical practice. Physicians, healthcare administrators, and patients often hesitate to rely on AI-generated recommendations when the reasoning behind predictions cannot be clearly understood or verified. This lack of transparency creates challenges in validating model outputs, detecting biases, ensuring accountability, complying with healthcare regulations, and supporting informed clinical decision-making. Furthermore, different XAI techniques provide varying levels of interpretability, and there is currently no consensus regarding the most appropriate explainability approaches for different healthcare applications (Guidotti et al., 2018; Holzinger et al., 2019).

1.3 Significance of the Problem
Trust is a fundamental requirement for integrating AI into healthcare systems. Clinical decisions directly affect patient safety and treatment outcomes, making transparency essential for ensuring ethical and reliable AI deployment. Explainable AI helps clinicians understand the reasoning behind machine learning predictions, improves confidence in AI-assisted decisions, facilitates regulatory compliance, supports error detection, and enables better communication with patients. Without sufficient explainability, healthcare organizations may face resistance to AI adoption, increased legal risks, and reduced effectiveness of AI-enabled healthcare services (European Commission, 2020; Tjoa & Guan, 2021).

1.4 Existing Solutions
Researchers have proposed numerous Explainable AI techniques to improve the transparency of healthcare machine learning systems. Popular model-agnostic approaches include Local Interpretable Model-agnostic Explanations (LIME) and SHapley Additive exPlanations (SHAP), while intrinsic interpretable models, attention mechanisms, saliency maps, rule-based systems, and counterfactual explanations have also been widely investigated. These techniques have been applied successfully in medical imaging, disease diagnosis, cancer prediction, cardiovascular risk assessment, and clinical decision support systems. Although these methods improve model interpretability, challenges remain regarding explanation consistency, computational complexity, scalability, user understanding, and balancing explainability with predictive accuracy (Ribeiro et al., 2016; Lundberg & Lee, 2017; Adadi & Berrada, 2018).

1.5 Justification for the Research
Although Explainable Artificial Intelligence has become an active research area, the existing literature remains fragmented across different medical domains, machine learning models, and explanation techniques. Many studies focus on developing individual explainability methods without providing comprehensive comparisons of their effectiveness, limitations, and suitability for healthcare applications. Furthermore, limited research systematically evaluates how different XAI approaches influence clinician trust, transparency, fairness, usability, and decision-making. Therefore, a comprehensive literature review is required to synthesize current research findings, compare existing XAI methods, identify unresolved challenges, and highlight future research opportunities for developing trustworthy, transparent, and clinically acceptable healthcare AI systems.
2. Research Objectives
Primary Research Objective
To critically review and synthesize the existing literature on Explainable Artificial Intelligence (XAI) for improving trust and transparency in healthcare machine learning systems by identifying current approaches, challenges, research gaps, and future research directions.
Specific Research Objectives
1. To review the fundamental concepts, principles, and importance of Explainable Artificial Intelligence in healthcare machine learning systems.
2. To identify the major challenges affecting trust, transparency, interpretability, and adoption of AI-based healthcare applications.
3. To analyze the existing Explainable AI techniques, frameworks, and methods applied in healthcare machine learning systems.
4. To evaluate the strengths, limitations, and performance trade-offs of current XAI approaches with respect to explainability, predictive accuracy, fairness, usability, and clinical applicability.
5. To identify the current research gaps and unresolved issues that limit the effective implementation of Explainable AI in healthcare environments.
6. To recommend future research directions for improving trust, transparency, interpretability, and responsible adoption of AI-powered healthcare systems.
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