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Abstract 

The rapid growth of artificial intelligence (AI), especially in deep learning, has really changed the 

game in radiological image analysis. It’s now possible to automate disease detection, classification, 

and decision support with impressive accuracy. However, even with these advancements, getting 

AI widely adopted in clinical radiology is still a challenge. This is largely due to the often 

mysterious, black-box nature of many deep learning models. The lack of transparency raises 

important questions about trust, accountability, bias, ethical standards, and legal responsibilities in 

high-stakes healthcare settings. That’s where Explainable Artificial Intelligence (XAI) comes into 

play. It’s become essential for tackling these issues by offering clear insights into how models 

make their decisions. 

This review article dives deep into the existing research on explainable AI techniques used in 

radiological decision support systems. It looks at the main deep learning methods in radiology, 

sorts through various explainability approaches—like visualization-based, model-agnostic, and 

hybrid techniques—and assesses how they can boost clinical trust, diagnostic accuracy, and ethical 

responsibility. The review also touches on the clinical, social, and regulatory aspects of XAI, 

points out current limitations, and suggests future research paths. By bringing together theoretical, 

methodological, and practical viewpoints, this review highlights the importance of explainable AI 

as a key element for the responsible and sustainable use of AI in radiology. 
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1. Introduction 

Radiology has really taken the lead in embracing artificial intelligence, thanks to the data-heavy 

and pattern-recognition aspects of medical imaging. In recent years, deep learning models—

especially convolutional neural networks (CNNs)—have shown impressive results in tasks like 

disease detection, segmentation, and classification across various imaging types, including X-rays, 

computed tomography (CT), and magnetic resonance imaging (MRI) [1–3]. These systems have 

reached diagnostic performance that rivals, and sometimes even surpasses, that of human experts. 
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Yet, even with their high accuracy, most deep learning models function like black boxes, providing 

little clarity on how they arrive at their decisions. In clinical radiology, where diagnostic choices 

can significantly impact patient outcomes, this lack of transparency creates serious issues. 

Radiologists and healthcare organizations need not just precise predictions but also clear 

explanations that fit with established clinical reasoning [4]. The inability to clarify AI decisions 

can erode clinician trust, limit accountability, and complicate regulatory approvals and legal 

responsibilities. 

To address these challenges, Explainable Artificial Intelligence (XAI) has come into play. XAI 

seeks to make AI systems more transparent, interpretable, and understandable for human users 

without sacrificing performance [5]. In the field of radiology, explainability is especially vital 

because clinicians need to ensure that AI models are focusing on relevant anatomical areas rather 

than misleading correlations or imaging artifacts [6]. 

Recent research has delved into a variety of explainability techniques, including Gradient-

weighted Class Activation Mapping (Grad-CAM), Local Interpretable Model-agnostic 

Explanations (LIME), and SHapley Additive exPlanations (SHAP). These methods are designed 

to help visualize and interpret AI decisions in the realm of medical imaging [7–9]. By offering 

visual and feature-level insights, they play a crucial role in connecting algorithmic predictions with 

clinical interpretations. 

But it’s not just about the technical side; explainable AI carries important ethical, social, and 

regulatory implications. Transparency is key to supporting patient autonomy, ensuring informed 

consent, promoting fairness, and building trust. It also helps align AI systems with the new 

healthcare regulations that stress accountability and auditability [10]. As AI systems become more 

integral to clinical decision-making, explainability has shifted from being a nice-to-have to an 

essential requirement for deploying AI responsibly. 

This review article brings together existing literature on explainable AI in radiological decision 

support systems. It takes a critical look at current methodologies, their clinical implications, the 

challenges they face, and future research directions, offering a comprehensive view of how 

explainable AI can enhance trustworthy, human-centered practices in radiology. 

2. Artificial Intelligence and Deep Learning in Radiology 

Artificial intelligence has really become a key player in modern radiology, thanks to its knack for 

analyzing complex, high-dimensional medical imaging data. In the past, traditional machine 

learning methods relied a lot on handcrafted features and expert knowledge, but they often had a 

tough time adapting to the wide variety of imaging conditions and clinical scenarios. With the rise 

of deep learning, especially convolutional neural networks (CNNs), we've seen a big leap in 

automated image interpretation, as these networks can learn features directly from raw imaging 

data without needing much manual input. 
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CNN-based models have shown impressive results in a range of radiological tasks, like detecting 

diseases, segmenting lesions, classifying images, and prioritizing workflows across different 

modalities such as X-ray, CT, MRI, and ultrasound. Research has highlighted their high accuracy 

in areas like lung nodule detection, breast cancer screening, brain tumor classification, and 

identifying musculoskeletal abnormalities. Plus, transfer learning has boosted performance even 

further by using pretrained models on large datasets, which cuts down the need for extensive 

labeled medical data. 

However, despite these advancements, deep learning models in radiology often act like black 

boxes. Their inner workings and decision-making processes are not transparent, making it hard for 

clinicians to grasp or validate the predictions made by these models. In clinical settings where 

diagnostic decisions can have serious consequences, this lack of clarity poses a significant hurdle 

to widespread adoption. So, while AI has shown impressive technical capabilities in radiology, 

integrating it into clinical practice remains a challenge without ways to clarify how these models 

operate. 

3. The Black-Box Problem and the Need for Explainability in Radiology 

The term "black-box" when it comes to deep learning models highlights a significant issue: they 

often fail to provide clear and understandable explanations for their predictions. This becomes 

particularly concerning in the field of radiology, where trust, accountability, ethical standards, and 

patient safety are paramount. Radiologists typically base their diagnostic decisions on visible 

imaging features, while these black-box AI systems deliver predictions without any reasoning that 

aligns with clinical practices. 

Research has shown that many clinicians hesitate to trust AI systems that can't explain their 

outputs, especially in complex or high-stakes situations. The lack of explainability also makes it 

tough to analyze errors, as it’s hard to pinpoint whether a wrong prediction is due to data bias, 

imaging issues, or a misunderstanding by the model. Additionally, these black-box models create 

hurdles for regulatory approval, as healthcare regulators are increasingly demanding transparency, 

auditability, and traceability in AI-powered medical devices. 

This is where Explainable Artificial Intelligence (XAI) comes into play, becoming essential for 

building trust in AI within radiology. XAI aims to make AI systems more comprehensible for users 

by showing how different input features affect predictions. In the context of radiology, having this 

explainability allows clinicians to check if AI models focus on relevant anatomical structures 

instead of irrelevant areas, which helps minimize the chances of unsafe or biased decisions. 

 

The push for explainability is further backed by ethical and legal factors. Transparent AI systems 

promote patient autonomy, informed consent, and professional accountability, ensuring that the 

use of AI aligns with established medical ethics and healthcare regulations. 
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4. Explainable Artificial Intelligence Techniques in Radiological Imaging 

When it comes to explainable AI techniques in radiology, we can break them down into three main 

categories: visualization-based methods, model-agnostic explanation approaches, and hybrid or 

integrated frameworks for explainability. Each of these categories tackles interpretability from a 

unique angle, bringing its own set of benefits and drawbacks. 

4.1 Visualization-Based Explainability Method 

Visualization-based techniques focus on pinpointing the areas of an image that have the most 

significant impact on model predictions. For instance, methods like Gradient-weighted Class 

Activation Mapping (Grad-CAM) create heatmaps that highlight important regions on radiological 

images, enabling clinicians to visually identify where the model is concentrating its attention [7]. 

These methods are particularly effective for CNN-based image classification tasks and are popular 

because they produce outputs that are both intuitive and easy for clinicians to interpret. 

That said, visualization methods can sometimes offer only rough explanations and might not fully 

capture the intricate decision-making processes of complex models. Their success also hinges on 

having the model properly calibrated and the feature maps at a suitable resolution. 

4.2 Model-Agnostic Explanation Techniques 

On the other hand, model-agnostic methods like Local Interpretable Model-agnostic Explanations 

(LIME) and SHapley Additive exPlanations (SHAP) strive to clarify predictions without being 

tied to any specific model architecture. These techniques work by tweaking inputs and observing 

how those changes affect output predictions to gauge feature importance [8,9]. 

In the realm of radiology, model-agnostic approaches are particularly useful for examining 

structured clinical features or datasets that combine imaging and clinical data. However, applying 

these methods to high-dimensional image data can be quite resource-intensive and may lead to 

explanations that aren't always straightforward for clinicians to grasp. 

4.3 Hybrid and Integrated Explainability Approaches 

Recent studies have delved into hybrid explainability frameworks that merge visualization-based 

methods with model-agnostic techniques, aiming to deliver more thorough explanations. These 

strategies strive to strike a balance between global interpretability and local explanation accuracy, 

ultimately enhancing their clinical relevance and fostering trust. Researchers are also looking into 

attention mechanisms and naturally interpretable model components as potential alternatives to 

traditional post-hoc explainability. 

 

In essence, explainable AI techniques are crucial for connecting algorithmic predictions with 

clinical reasoning, making AI systems more transparent, dependable, and acceptable in the field 

of radiology. 

5. Clinical Applications of Explainable AI in Radiological Decision Support 
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Explainable artificial intelligence is increasingly being utilized in various radiological scenarios to 

boost diagnostic reliability and bolster clinician confidence. In tasks related to disease detection 

and classification, these explainable models not only help radiologists predict the presence of 

diseases but also pinpoint the anatomical areas that influence those predictions. Some applications 

include detecting pulmonary diseases from chest X-rays, localizing tumors in CT and MRI scans, 

and screening for breast cancer in mammography. 

In clinical workflows, explainable AI systems serve as decision support tools instead of acting as 

standalone diagnostic agents. Visual aids like saliency maps and activation heatmaps allow 

radiologists to double-check AI outputs against their own clinical insights. This collaboration 

between humans and AI is especially beneficial in tricky or unclear cases, where the added clarity 

can provide crucial diagnostic support. 

Moreover, explainable AI plays a key role in quality assurance and error analysis within radiology 

departments. By shedding light on the reasons behind incorrect predictions, clinicians and 

developers can pinpoint data artifacts, imaging inconsistencies, or systematic biases. This not only 

boosts patient safety but also fosters ongoing improvements in AI-assisted diagnostic systems. 

Overall, clinical studies show that explainable AI enhances the acceptance, usability, and 

trustworthiness of AI in radiological practices. 

6. Ethical, Social, and Regulatory Implications of Explainable AI in Radiology 

The introduction of AI in radiology brings forth important ethical, social, and regulatory issues, 

especially given the high-stakes nature of medical decision-making. Black-box AI systems pose 

challenges to established medical ethics principles, particularly regarding transparency, 

accountability, and informed consent. Explainable AI tackles these issues by facilitating traceable 

and interpretable decision-making processes. 

From an ethical perspective, explainability reinforces clinician accountability, ensuring that the 

responsibility for diagnoses remains with human experts. It also empowers patients by allowing 

clinicians to clarify AI-assisted decisions in a way that’s easy to understand. On a social level, 

transparent AI systems help build public trust and lessen resistance to adopting new technologies 

in healthcare. 

Regulatory bodies around the globe are placing a growing emphasis on explainability as a key 

requirement for AI-based medical devices. Explainable AI not only helps meet regulatory 

standards but also supports essential processes like auditability, documentation, and risk 

assessment. As healthcare regulations continue to evolve, it’s anticipated that explainability will 

become a non-negotiable criterion for the approval and use of AI-driven radiological systems. 

7. Challenges, Limitations, and Research Gaps 

Even with the strides made, there are still several hurdles that hinder the broader adoption of 

explainable AI in radiology. A significant challenge is the balance between model complexity and 
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interpretability. While deep learning models can achieve high accuracy, the explanations they 

provide can often be vague or hard to interpret in a clinical context. Moreover, post-hoc 

explainability methods might not fully reflect the actual decision-making processes of these 

complex models. 

Another issue is the absence of standardized metrics for evaluating explainability. We can measure 

predictive performance in a quantitative way, but assessing the quality of explanations tends to be 

more subjective and relies heavily on the clinician's perspective. Additionally, many explainability 

techniques have only been tested in controlled environments, leaving a gap in evidence from real-

world clinical applications. 

There are also research gaps in areas like bias detection, fairness evaluation, and assessing the 

long-term clinical impact. Future studies need to tackle these issues by creating standardized 

benchmarks for explainability, investigating models that are inherently interpretable, and carrying 

out extensive clinical validation studies. Overcoming these challenges is crucial for moving 

explainable AI from the realm of experimental research into everyday clinical practice. 

8. Future Directions in Explainable AI for Radiology 

The future of explainable artificial intelligence in radiology is all about moving past just 

understanding results after the fact. We need to create more integrated, robust, and clinically 

relevant frameworks for explainability. One exciting avenue is the development of AI models that 

are inherently interpretable or hybrid, which means they build explainability right into their 

learning processes. Techniques like attention-based networks, concept bottleneck models, and 

neuro-symbolic approaches could provide greater transparency while still keeping diagnostic 

accuracy intact. 

Another important step forward is the large-scale, multi-institutional validation of these 

explainable AI systems. Most current research is limited to looking back at data from a single 

center. We really need prospective, real-time clinical trials to assess how well these systems fit 

into workflows, how clinicians interact with them, and what impact they have on diagnoses and 

patient outcomes. These studies will help us gather solid evidence for their clinical effectiveness 

and pave the way for regulatory approval. 

Research into human–AI interaction is also set to be a key focus. Future systems might provide 

explanations that adapt based on the user's expertise, the clinical context, or the complexity of the 

case. Tailored and context-sensitive explanations can help lighten the cognitive load and improve 

usability for clinicians. 

Moreover, future research should emphasize fairness, bias reduction, and ethical considerations. 

Explainable AI can be a crucial tool for ongoing monitoring of demographic bias, performance 

changes, and adherence to ethical standards. By integrating with regulatory frameworks and 
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standardization organizations, we can speed up the responsible implementation of explainable AI 

in radiology. 

9. Discussion 

This review points out that while artificial intelligence has made impressive strides in radiology, 

there are still hurdles to overcome when it comes to applying it in clinical settings. Key issues like 

transparency, trust, and accountability are holding back its full potential. That's where explainable 

AI comes into play, acting as a vital link between how well algorithms perform and how accepted 

they are in the medical field. 

The literature we've looked at shows that when AI is explainable, it boosts clinicians' trust, aids in 

diagnostic reasoning, and helps catch errors—all without significantly sacrificing predictive 

accuracy. Techniques that visualize data, like Grad-CAM, work particularly well for tasks focused 

on images, while model-agnostic methods provide versatility across different types of data. Still, 

there's no one-size-fits-all solution for explainability, highlighting the importance of using a mix 

of approaches tailored to specific contexts. 

From ethical, social, and regulatory angles, the need for explainable AI in healthcare becomes even 

clearer. Transparent decision-making helps align AI systems with essential medical ethics, 

supports patient autonomy, and ensures compliance with new regulations. However, challenges 

persist in creating standardized ways to evaluate explainability, reducing subjectivity, and making 

sure these systems can scale effectively in real-world clinical environments. 

In summary, this discussion emphasizes that explainable AI isn't just a nice-to-have feature; it's a 

fundamental necessity for building trustworthy, human-centered decision support systems in 

radiology. 

10. Conclusion 

Explainable artificial intelligence marks a significant leap forward in the world of AI-assisted 

radiology. While deep learning has shown remarkable diagnostic prowess, its black-box nature 

can hinder clinical trust and broader acceptance. This review brings together existing research and 

emphasizes the importance of explainability as a key solution to these issues. 

By fostering transparency, interpretability, and accountability, explainable AI enhances 

collaboration between humans and machines, supports ethical medical practices, and boosts patient 

safety. Incorporating explainability into radiological decision support systems aligns cutting-edge 

technology with clinical reasoning, social responsibility, and regulatory standards. 

 

As AI continues to influence the future of medical imaging, embracing explainable, trustworthy, 

and human-centered AI systems will be crucial. Ongoing interdisciplinary research, clinical 

validation, and policy involvement are necessary to ensure that explainable AI plays a meaningful 

role in improving healthcare outcomes and promoting societal well-being. 
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11. Limitations of the Review 

While this review offers a thorough overview of explainable artificial intelligence in radiological 

decision support systems, there are some limitations to consider. First, it mainly relies on peer-

reviewed journal articles and reputable conference proceedings; emerging preprints and 

proprietary industrial applications might not be fully captured. Given the fast-paced nature of this 

field, new explainability techniques and clinical uses are constantly developing beyond what this 

review covers. 

Second, although the review thoughtfully explores the technical, clinical, ethical, and social 

aspects of explainable AI, it does not include a formal meta-analysis or a quantitative comparison 

of model performance and explainability metrics. The diversity of datasets, imaging modalities, 

evaluation methods, and explanation techniques across different studies makes direct quantitative 

synthesis challenging. 

The existing literature we reviewed primarily relies on retrospective and experimental studies. 

Unfortunately, there's a scarcity of evidence from large-scale prospective clinical trials and long-

term real-world applications. As a result, we should approach any conclusions about clinical 

impact and workflow integration with a healthy dose of caution. 

That said, this review does provide a well-organized and current overview of explainable AI in 

radiology. It highlights important trends, challenges, and future research directions that will be 

beneficial for researchers, clinicians, and policymakers alike. 
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