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ABSTRACT 
This study aims to illustrate the significance of Abstract Science Intelligence (XAI) in the medical field, outlining its role in enhancing the 

interpretability of traditional "black-box" AI models.The goal of this research is to shed light on the significance of Abstract Science 

Intelligence (XAI) in the medical sector, elucidating its function in bolstering the interpretability of conventional "black-box" Artificial 

Intelligence models. In medical imaging, disease diagnosis, clinical decision support, and precision medicine, deep learning techniques 

have proven to be extremely successful; however, the inability to explain and understand how deep learning models work raises a variety 

of challenges for clinician trust, patient safety, ethical accountability, and regulatory compliance. This review provides a comprehensive 

overview of recent developments in XAI for healthcare, focusing on key methods for achieving interpretability, such as intrinsically 

interpretable models, and post-hoc explanation methods such as SHAP, LIME, Grad-CAM, attention mechanisms, surrogate models, and 

counterfactual explanations. A detailed review of the use of these methods in a variety of clinical areas such as radiology, oncology, 

cardiology, genomics, electronic health records and drug discovery is also given. Furthermore, the paper examines technical issues 

concerning explanation fidelity, computational complexity, robustness, scalability, and model validation, as well as ethical issues such as 

fairness, transparency, privacy, bias, and governance. Other research trends are also discussed, such as causal explainability, human-

centered XAI, models that are uncertain, human-in-the-loop systems, and evaluation frameworks. In summary, the review highlights that 

explainability is not just a technical aspect but a key component in creating AI systems that are both trustworthy and clinically sound and 

can assist in safe and effective health care decision-making. 

Keywords: Explainable Artificial Intelligence (XAI); Healthcare AI; Interpretability; Clinical Decision Support; Medical Imaging; 

Machine Learning; Deep Learning; SHAP; LIME; Grad-CAM; Transparency; Trustworthy AI; Explainability; Ethical AI; Precision 

Medicine. 
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INTRODUCTION 

However, the use of AI in the clinical workflow requires 

interpretability to guarantee patient safety and generate 

trust in high stakes environments like diagnostic 

decisions and settings where opaque ―black-box‖ models 

are not enough (Chaddad et al., 2023).  

To address this technical and ethical need, this review 

aims to critically discuss the effectiveness of existing AI 

interpretability methods across various clinical data 

modalities (Martino & Delmastro, 2022; Nasarian et al., 

2024). This article situates itself in a uniquely 

multidisciplinary space, examining current taxonomies in 

the context of the new demands for regulatory 

compliance and practitioners' utility (Amann et al., 2020; 

Mienye et al., 2024). 
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This work builds on prior work which mainly discusses 

algorithmic explainability methods, while this paper 

highlights the importance of contextual alignment between 

methods for technical explainability and critical needs for 

human-centric clinical decision support (Sadeghi et al., 

2024; Yang et al., 2023). Specifically, we analyse the 

changing landscape of explainability with a focus on 

clinician-patient interaction, and explain the risks 

associated with automated diagnostic inference and how 

they can be reduced with model transparency (Aziz et al., 

2024; Sun et al., 2024). A systematic literature search was 

conducted following the PRISMA 2020 guidelines to 

identify, screen, and select relevant studies on Explainable 

Artificial Intelligence (XAI) in healthcare. The detailed 

study selection process is presented in  

 

Figure: 1. 

 
Figure 1. PRISMA 2020 flow diagram illustrating the identification, screening, eligibility assessment, and inclusion of studies 

reviewed in this article. 

 

Motivation and Significance 

In high-stakes healthcare settings, like oncological 

screening or critical care monitoring, there are often 

disadvantages to using opaque deep learning models 

because the resulting diagnostic outputs from these 

automated systems are often opaque (Hassija et al., 2023; 

Pal et al., 2026). This inherent lack of interpretability 

makes it very difficult to guarantee patient safety, since the 

reason for a treatment suggestion based on models might 

not be understandable to the clinician (Markus et al., 2020). 

Thus, a crucial step is to create a connection between AI-

generated technical output and clinical reasoning that is 

easy for the clinician to follow, to build trust in the 

institution and ensure interventions are clinically sound and 

accountable (Ennab & Mcheick, 2024; Hossain et al., 

2023). Moreover, it is essential to develop such 

transparency in order to get beyond mere predictive 

performance metrics to provide strong, interoperable 

frameworks that meet regulatory requirements and 

functional needs on the bedside of the clinician (Sadeghi et 

al., 2023; Shiddik, 2026). This paper's approach differs 

from prior research that focuses on algorithmic 
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performance benchmarks and instead proposes to assess 

the explainability of an algorithm as an ethical obligation 

to reduce the impact of diagnostic error (Din et al., 2026; 

Graziani et al., 2022).  

 

Review Objectives 

The goal of this review is to classify current XAI 

approaches and establish a unified assessment system 

focusing on clinical utility and the interpretability of the 

approach by the stakeholders involved (Zhang et al., 2026). 

These are the reasons that, by combining these different 

approaches (from surrogate modeling to attention models), 

we offer a systematic diagnostic analysis of the impact of 

technical transparency on the adoption of diagnostics in the 

real world (Bharati et al., 2023; Gambetti et al., 2025). 

Moreover, this synthesis provides a clear understanding of 

the enduring problem of achieving prediction accuracy and 

interpretability in models (Frasca et al., 2024; John et al., 

2025). Last but not least, this work summarises the 

potential research paths to be explored to establish 

generalised validation procedures that guarantee the 

fidelity of the models and introduce methods to build 

system-biased and algorithmically accountable 

environments for clinical applications (Adeniran et al., 

2024; Chaddad et al., 2023). 

This course introduces the key principles and challenges of 

Explainable AI. 

To develop a common analytical tool, the concepts of 

interpretability (the level at which the internal functioning 

of a model is understood by the observer) and 

explainability (the ability to postpone give human-readable 

explanations of the reasons that support the specific 

predictions generated by an algorithm) should be separated 

(Scarpato et al., 2024; Tjoa & Guan, 2020). Explainability 

in machine learning can be thought of as a set of post hoc 

methods used to explain complex and high-performing 

black-box models; models that are inherently transparent 

due to their simplicity are more likely to be interpretable 

(Salih et al., 2024; Tonekaboni et al., 2019). In addition to 

these basic distinctions are terms like "comprehensibility" 

and "mental fit" that refer to the effectiveness of the 

clinician's translation of model logic to known 

physiological or pathological processes (Stiglic et al., 

2020). Additionally, these definitions have not been agreed 

upon by developers and clinicians, which has been a major 

challenge to have a common set of expectations in routine 

clinical practice (Ossa et al., 2022).  

 

Tracing the history of XAI Methods 

The classification of XAI techniques can be done on two 

main grounds: transparency in the model architecture 

(intrinsically interpretable models) and transparency 

through external explanations (post-hoc methods) (Thakur 

et al., 2025; Verhoeven et al., 2025). As part of this, 

model-specific techniques take advantage of the intrinsic 

characteristics of the model (e.g., the decision nodes in a 

shallow tree or coefficients in a linear model) to make it 

transparent, while model-agnostic approaches separate the 

explanation task from the underlying model (Palama et al., 

2026). Feature attribution techniques, such as SHAP for 

measuring variable importance, surrogate modelling for 

modelling complex logic, and example-based methods for 

finding influential training examples, are some of the 

common methods used (Fahim et al., 2025). Unlike 

interpreting the decision logic within complex models like 

intrinsically interpretable architectures such as linear 

regression or decision trees (Amann et al., 2022), post-hoc 

methods aim to uncover the decision logic of a complex 

model without needing to access the internal parameters of 

the model (Mersha et al., 2024).  

 

 
Figure 2. Taxonomy of Explainable Artificial Intelligence (XAI) Methods in Healthcare 

Source: Adapted from Graziani et al. (2023), A Global Taxonomy of Interpretable AI: Unifying the Terminology for the 

Technical and Social Sciences, Artificial Intelligence Review, 56, 3473–3504. https://doi.org/10.1007/s10462-022-10256-8. 

Licensed under CC BY 4.0. 
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Interpretability versus Performance 

The traditional view is that transparency in a model is 

likely to come at the cost of loss of prediction accuracy 

(Nasarian et al., 2023). Recent progress in high-performing 

models with inherent interpretability, however, indicates 

that this is not an absolute requirement – specialized 

architectures can sometimes accommodate both model 

precision and interpretability (Ramachandram et al., 2025). 

In high-stakes clinical settings, however, systems may be 

designed with a compromise in place that will be a "grey-

box," attempting to achieve the balance between advanced 

predictive performance and enough transparency for 

diagnostic confirmation (Nasarian et al., 2023, 2024). 

Safeguarding areas where a small error can result in a high 

degree of morbidity or mortality, stakeholders may 

justifiably put emphasis on model interpretability over 

improvements in prediction accuracy alone (Jain, 2024).  

 

Current Healthcare Applications 

Explainability has become a key success in the field of 

diagnostic imaging and predictive risk modelling, where 

doctors need to gain insights into any anomalies at the 

pixel level or risk factors specific to the patient (Ali et al., 

2023; Kinde & Xu, 2026). In radiology, for example, 

gradient-weighted Class Activation Mapping is widely 

used to select the specific characteristics of the medical 

image that are key to the diagnosis and subsequently used 

to classify the image automatically (Band et al., 2023). In 

the same vein, in the field of oncology, post-hoc 

approaches like SHAP and LIME are used to clarify the 

logic used in determining therapeutic recommendations, as 

they determine the relative importance of specific genomic 

markers and patient parameters across time (Özdemir & 

Fatunmbi, 2024). Moreover, in cardiology, integrated 

surrogate models enable clinicians to gain understandable 

explanations for arrhythmia detection, which helps enhance 

the understanding between signal classification and clinical 

decision-making (Sewada et al., 2023; Shafik et al., 2024). 

At the same time, feature importance techniques have been 

widely employed in the medical field of neurology to 

explain neural network predictions for a variety of 

neurodegenerative diseases, highlighting their applicability 

across the medical field (Noor et al., 2025). Besides 

diagnostic applications, XAI can be applied in 

antimicrobial multidrug resistance forecasting and 

personalized nutrition recommendation systems, where 

communicative interfaces aid in understanding complex 

algorithmic results by helping clinicians and patients 

interpret them ( Chen et al., 2024; Haque et al., 2022).  

As summarized in Table 1, each explainable AI approach 

offers unique advantages and limitations, and the selection 

of an appropriate method depends on the clinical 

application, data characteristics, and required level of 

interpretability. 

 

Table 1. Comparative Overview of Major Explainable AI Methods in Healthcare 

XAI Method 
Explanation 

Type 

Common Healthcare 

Applications 
Major Strength Key Limitation 

SHAP 
Feature 

attribution 

Clinical prediction, 

EHR analysis 

Accurate feature 

importance 
Computationally expensive 

LIME Local explanation Disease diagnosis 
Model-agnostic and easy 

to interpret 
Limited global consistency 

Grad-CAM 
Visual 

explanation 
Radiology, pathology 

Highlights diagnostic 

image regions 
Mainly applicable to CNNs 

Attention 

Mechanisms 

Model-based 

explanation 
Medical imaging, NLP 

Improves interpretability 

during prediction 

Attention weights may not 

fully explain decisions 

Decision Trees 
Intrinsically 

interpretable 

Risk prediction, 

diagnosis 
Highly transparent 

Lower predictive performance 

for complex data 

Counterfactual 

Explanations 
Example-based 

Clinical decision 

support 

Supports "what-if" clinical 

reasoning 

May generate unrealistic 

scenarios 

 

Medical imaging and Diagnostics 

Saliency maps and attention mechanisms have become key 

elements in this field for tasks like localization of 

pathological features in mammography, such as the 

detection of malignant lesions, or in thoracic radiography, 

particularly for identifying interstitial opacities (Abbas et 

al., 2025; Hsieh et al., 2024). These methods allow to 

image specific regions of the image, which contribute to 

the algorithmic inference, thus affording radiologists the 

opportunity to compare the algorithmic results to clinical 

markers to validate the model (Khadse & Puri, 2026). 

Furthermore, attention mechanisms have been found to be 

useful in identifying critical spatial patterns in lesions, as 

they dynamically adjust their weighting of relevant 

information based on the spatial location of the lesion in 

the image, thereby matching deep learning predictions to 

clinically relevant spatial information (Pappala et al., 

2025), (Phan et al., 2026). Such methods are also 

instrumental in improving the decision support as they 

present information about the outcome of image-based 

diagnosis at a regional level, which can be compared with 

information about the ground truth of image acquisition in 
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the form of tissue histopathology (Mandala, 2023).  

Clinical Decision Support 

In this space, XAI is increasingly being used to give 

explanations and justifications, such as alerts, for electronic 

health record (EHR) systems, helping providers to better 

understand why automated coding and clinical 

documentation suggestions are generated. In addition, risk 

prediction models are now being improved with 

transparent visualization of the contribution of the different 

features in the model, enabling the practitioner to pinpoint 

specific historical health information—including laboratory 

trends or comorbidity indices—that are associated with the 

clinical events in the future (Barmak et al., 2024). Last but 

not least, these explainable outputs are increasingly being 

embedded in clinician-facing interfaces, ensuring that 

decision-support metrics are displayed coherently and 

integrated into decision-making workflows (Babita & 

Goel, 2026).  

 

Drug discovery and Genomics. 

XAI methods are crucial in drug discovery for identifying 

potential molecular targets and understanding the structural 

aspects that are crucial for these complex biochemical 

processes (Kumar et al., 2026). These approaches can help 

shed light on the trustworthiness of molecular property 

prediction and aid in the discovery of pharmaceutical 

candidates, while also providing a measure of uncertainty 

for particular molecular structures (Askr et al., 2022). 

Additionally, in the context of omics data analysis, 

interpretable models can help to uncover biological 

signatures (Dey et al., 2022) that are useful for discovering 

biomarkers from high dimensionally expressed gene 

expression data. These pipelines facilitate the identification 

of known genes associated with specific disease outcomes, 

further enriching precision medicine strategies and 

enabling physicians to make decisions regarding a patient's 

specific molecular profile (Qadri et al., 2025; Sharma et al., 

2025).  

 

Involving technical and practical challenges 

Although the methodologies hold promise, there are still a 

number of technical issues that have yet to be addressed, 

especially when it comes to deriving comprehensible 

explanations from existing XAI frameworks from very 

complex model architecture ( Yang et al., 2023). Moreover, 

current approaches tend to perform poorly when applied to 

different patient groups, resulting in poor performance in 

cases where data distributions differ from the training data 

distribution (Alharthi et al., 2024). Moreover, descriptors 

of high dimensional clinical data are often unable to keep 

up with the complexity of these data, making clinical 

validation difficult (Grover & Dogra, 2024). Furthermore, 

some popular post-hoc interpretability methods require 

substantial computational complexity hindering their 

application in clinical settings where time-sensitive 

inferences are needed, such as in real-time clinical 

scenarios (Talukder et al., 2025).  

 

The Explanation Quality is evaluated by this 

The current assessment frameworks are greatly limited by 

the absence of standardized measures to capture the fidelity 

of explanations, making it difficult to compare the ones 

reported in the literature (Hu et al., 2024; Vasanthageethan, 

2025). In addition, there is no consensus on which type of 

evaluation paradigm – human-grounded or functional – is 

more useful in the field; often technical proxy indicators 

are used instead of genuine clinical understanding 

(Payrovnaziri et al., 2020). The fact that many of these 

studies have been conducted at a single centre and that 

there has been no good external validation of these studies 

makes it difficult to translate the results of these 

evaluations across contexts, with high reproducibility 

problems in the published assessments of XAI (Cascarano 

et al., 2023). The "false hope" is that current techniques by 

themselves instill clinical trust in the model, which in turn 

can lead to "misconceptions" that are seemingly correct but 

not actually true based on the underlying domain 

knowledge that is still incomplete (Ghassemi et al., 2021; 

Rosenbacke et al., 2024).  

 

Scalability and Robustness 

Generating local explanations, e.g., SHAP or LIME, can be 

quite heavy in computational cost, especially for large 

scale, high dimensional clinical data sets (Ansari et al., 

2026; Watson et al., 2019). Moreover, these approaches 

often lack robustness to attack and data distribution 

changes, bringing to the fore some serious concerns about 

the secure use of these approaches in high-stakes settings 

(Khaled et al., 2025; Martino & Delmastro, 2022). 

Furthermore, instability in these explanation algorithms 

increases fragility, with explanations produced by different 

algorithms often conflicting (e.g., different feature ranks in 

LIME and SHAP).In addition, frequent disagreement 

between explanation algorithms leads to undesirable 

opacity in the clinical workflow (Viswan et al., 2023). In 

addition to these technical challenges, the issue of closed 

system architecture can be a major obstacle because it can 

require significant back-end development and regulatory 

compliance to achieve interoperability (Alsentzer et al., 

2025; RAFIQ et al., 2025).  

Ethical and Regulatory Considerations are explored.Ethical 

and Regulatory Considerations are discussed. 

The need for explainability has fundamental ethical 

grounds and is necessary to maintain patient autonomy and 

informed consent, since opaque ―black box‖ systems 

directly hinder the patient's ability to understand the 

clinical rationales underlying their treatment (Bouderhem, 

2024; González-Gonzalo et al., 2021). Moreover, such 

ambiguity makes it difficult to see the full extent to which 

clinical outcomes might be influenced by underlying 

biases, undermining the principle of medical equity and 

fairness (Chinta et al., 2024). The use of explainability 
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mandates, therefore, requires consideration of the changing 

governance landscape of digital health, where more and 

more the digital artefacts of algorithms need to be 

examined and understood to avoid institutionalization of 

systematic bias (Ferlito et al., 2024).  

All three are trust, bias and fairness. 

Although many researchers have pointed out the 

connection between XAI and algorithmic fairness, it is 

important to be aware of the multidimensionality of 

fairness and of the fact that many such connections are 

misleading and do not tackle the multidimensionality of 

fairness (Ziethmann et al., 2025). In fact, it is possible that 

explanations can make it sound like they provide a 

transparent reason, when in reality, they are just a way to 

cover up algorithmic biases which underlie the predictions 

they make (Ueda et al., 2023). To reduce this: fairness 

auditing will need to shift towards using the interpretable 

components of the model, which naturally represent causal 

clinical relationships, rather than relying on rationalisations 

based on post hoc reasoning, without any underlying 

mechanistic basis (Kostick & Gerke, 2022; Siebra et al., 

2024).  

 

The Policy And Governance Frameworks In Place Are 

Adequate 

The regulatory framework today is highly fractured and 

makes it difficult to set a common standard for AI 

explainability for different jurisdictions and cultures (Rane 

et al., 2024). In particular, the lack of accountability for 

algorithmic errors presents a challenge to determining 

liability, as the difference between "after-the-fact" 

explanations and real-world phenomena leads to a need for 

well-defined mechanisms of recourse for errors that occur 

with these tools (Nannini et al., 2024; Raz et al., 2025). In 

addition, the rise of ‗governance-by-design' requires a 

continuous accountability process through post-market 

surveillance, enhanced by transparency requirements 

(Bailo et al., 2026). In this context, informed consent needs 

to be rethought and clearly outlined to consider the 

limitations of algorithmic reasoning to make sure patients 

understand how much automated rationales may impact 

their individualized treatment plan (Sabet et al., 2025).  

 

Future Directions  

Research needs to further progress the field by 

transitioning from an isolated and fragmented approach to 

developing standardised, multi-disciplinary assurance 

frameworks that incorporate ethical, legal and clinical 

aspects throughout the entire model lifecycle (Harris et al., 

2022; Sharma et al., 2024). However, future inquiry needs 

to explicitly consider the creation of comprehensive, 

interdisciplinary frameworks which specify standardized 

measures of the effectiveness of explanations, and thus 

close the current gap between the performance of technical 

models and the needs of various stakeholders (Jung et al., 

2023). To ensure verifiable causality, and long-term 

algorithmic accountability, there is need to pay attention to 

architectures that are inherently interpretable rather than 

relying on later fitting a model to the data. (Solanki et al., 

2022)  

 

Emerging Methodologies 

Research needs to focus on causal and counterfactual 

structure to [move beyond] static "what-would-have-been" 

post-hoc approximations that are useful for advancing 

clinical interpretability and enable practitioners to test 

"what if" scenarios which capture the underlying 

mechanisms of medical decision-making (Holzinger, 

2020). At the same time, integrating formal clinical logic 

directly into neural networks is a promising direction for 

embedding medical knowledge in the network, ensuring 

that prediction results are constrained by verifiable medical 

knowledge (Bruckert et al., 2020). Moreover, uncertainty-

aware foundation models can also help clinicians get 

calibrated confidence intervals for the generated 

explanations to better assess the reliability of the model in 

cases where there is uncertainty. (Mirbabaie et al., 2021; 

Raees et al., 2024) To ensure that these methodological 

advances can be practically implemented in clinical 

workflows without creating extra cognitive burden, it is 

vital to complement them with empirical studies in real 

clinical settings.Complementary to these methodological 

advances, it is essential to conduct empirical studies in real 

clinical settings to make sure the tools can be effectively 

integrated into the current clinical workflow without 

adding extra cognitive burden (Neveditsin et al., 2024).  

 

The study will take place in two phases: Integration and 

Translation Pathways 

To achieve success those who translate must shift to a 

human-in-the-loop approach for assessing the explanation, 

and designs for explanation interfaces must be based on the 

user's cognitive needs and clinical workflows. Developers 

can create interfaces that generate explanation-relevant 

outputs that are both relevant to the specific diagnostic task 

and actionable for the clinician by co-designing with them 

to ensure that explainable outputs are relevant to the 

current situation and don't present unnecessary or unhelpful 

data (Cutillo et al., 2020). Furthermore, prospective 

validation strategies should be undertaken and clinical 

practices should be monitored over time to maintain 

explanations from environmental drift effects and changing 

clinical practices (Ebadi & Wong, 2026). Lastly, 

developing cooperative research projects involving both 

causal AI technologies and symbolic approaches will help 

connect clinicians to algorithmic output and clinical 

evidence, thus overcoming the current disconnect (Kelly et 

al., 2019; Martino & Delmastro, 2022). Future studies 

should focus on creating standardized evaluation tools that 

provide quantifiable measures of the clinical utility and 

practical applicability of such explanations in various 

medical settings, to ensure stability and trust in the 
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explanations over time (Aziz et al., 2024).  

 

Concluding Remarks 

The maturation of XAI will depend on making the systems 

both technically interpretable and clinically plausible, to 

ensure they can be a trusted partner in patient care, not a 

black box (Badawy, 2023; Bienefeld et al., 2023). 

Transparency is an essential aspect of trustworthy clinical 

AI, laying the groundwork for ethical and responsible 

systems that go beyond performance metrics to 

demonstrate accountability. Overall, building a foundation 

of explainability is a key component in creating 

trustworthy clinical AI systems, ensuring they are more 

ethically sound and accountable beyond just performance 

metrics. (Babita & Goel, 2026; Pal et al., 2026). When this 

is achieved, stakeholders will be able to effectively 

transition from experimental performances to a sustainable, 

human-centric, and healthcare-integrated approach 

(Mienye et al., 2024; Zając et al., 2024). Addressing this 

gap necessitates a comprehensive and multi-layered 

approach that combines user-centered design with robust 

quantitative assessments, leading to the creation of XAI as 

an integral and trustworthy part of contemporary medical 

practice (Ahamed & Jabez, 2025; Markus et al., 2020).
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