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ABSTRACT:  

The application of DL models has supplementary arrived at the state of art in medical image analysis of various areas such as classification, segmentation and 

diagnosis. Therefore, despite their effectiveness and efficiency, the type of algorithms used in this work has limitations in clinical application because of problems 

with interpretability. These outline various methods developed to address the question of increasing the interpretability of DL models with the aim of integrating 

them into the clinical setting. In this section, important strategy such as maps of attribution, concept based models use and case based reasoning have been provided. 

Some challenges like, adding more interpretability to the model while maintaining or enhancing the accuracy, keeping up with the new emerging regulatory 

standards and regulations, and determining which assessment approach is most suitable are discussed. A few suggestions are made to enhance the dependability 

and application of the DL models in the health sector. 

1. Introduction: 

Imaging is at present one of the most / or even the most important approaches in today’s healthcare for diagnosing patients, planning treatment, and more 

recently, for outpatient follow up. The last type of imaging data that has been rapidly produced is large data thus requiring more computation. Indeed 

over the last few years computer vision has been celebrated by deep learning particularly the convolutional neural network method. However, DL models 

have been Highly criticized for being ‘Black Box’ systems, which it was difficult to explain how such models arrived at a certain decision. This lack of 

transparency is subject to criticism of clinicians and regulators in terms of trust safety and ethical utilizes. For instance, guidelines such as EU’s General 

Data Protection Regulation (GDPR) for instance require explain ability of algorithmic systems, thus the need for interpretable DL models. 

This review does not cover other aspects of medical imaging except on interpretability and as such, it serves to present a lens through which to analyze 

the current methods, their effectiveness or lack of therefore, and their integration in the clinical environment. The aim in this paper is to provide the 

starting point for explaining how to achieve high accuracy and high model interpretability for DL models in offing so that they can be both safe and 

efficient to use in healthcare applications. 

1.1 Motivation: 

The preponderance of DL models in the field of medical imaging over the past few years highlights the need for focusing on the interpretability issue. 

1. Data Complexity: As the data is increasing and heterogeneous, the researchers require better cognitive tools for decision making in medical 

imaging. For instance, format of radiological results has gone from hundreds to several thousands of high quality imaging per patient and this 

is what created such a demand for such systems that would help the clinicians not to become overloaded. 

2. AI as a Solution: DL models have a great use in automating the medical imaging processes such as pathologies, tumor segmentation and 

prognosis. But the lack of ability to make sense of the information that these systems are feeding out means that clinicians are unable to fully 

utilise those systems. 

3. Clinical Decision Support: The ability to provide clinical decision-making must be enabled through explainable AI system, and hence, 

interpretable models are a valuable part of clinical AI. It is much more important in those cases when a man’s life depends on a decision – 

treatment of cancer or an operation, for instance. 

4. Regulatory and Ethical Requirements: But, for AI systems to be able to regulate other aspects like the GDPR, they need to be explainable, 

especially in sensitive areas like healthcare. For instance, the explanation right in GDPR means that the predictions of the AI should be 

comprehensible to the patients and clinicians. 

5. Building Trust: It is so important that clinical decision support and decision making responsibilities are to be trusted by clinicians and patients 

and this should be done openly. For example, clinicians will be in a position to accept an AI recommendation if they can confirm why the 

recommendation was made. 

6. Balancing Performance and Interpretability: The peculiarity of the proper balance in regard to accuracy and interpretability remains a 

problem of current research. They conclude that, in terms of forecast accuracy, more complex models are not only possible to generate better 

and accurate forecast but less complex used models may not be transparent. 
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1.3 Current Approaches to Interpretability 

1. Attribution Maps: Such interpretations include Class Activation Maps (CAM), Gradient-CAM, and Integrated gradients do map regions of 

an image that has gone through the process of predictions into a more understandable form. For instance in chest X-ray examination these 

methods are capable of identifying areas that look like pneumonia or pleural effusion. 

2. Concept Learning Models: These models use discernible clinical terms that doctors, or pathologists use when analyzing tumors such as 

‘spiculated margins’. This makes the predictions quite easy for clinicians to relate with The adjusters and their need for immediacy and 

simplicity is well understood by the clinicians here. 

3. Case-Based Reasoning: Such techniques tend to explain predictions based upon other input images, with reference to the prototypes evolved 

from the training examples. For example, if a model treats a lung nodule, then it can show other similar nodules in a set that has the outcomes. 

4. Counterfactual Explanations: These methods create different possibilities with variations to input characteristics to observe the impacts on 

predictions. For instance, changing the density of a region of a tumor to look at changes in classification of malignancy in MRI. 

5. Post-hoc Methods: Methods such as LIME (Local Interpretable Model agnostic Explanations) and SHAP or SHapley Additive exPlanations) 

can be used to explain the prediction of a model after training, while not making changes to the model structure. 

2. DNN Applications in Medical Imaging : 

2.1 Applications in Lung Diseases 

It is well known that deep neural networks have been extensively used in detection, classification, and segmentation of lung diseases inclusive of COVID-

19 and other pulmonary diseases. Examples include: 

• Oh, Park, and Ye (2021): We have used FC-DenseNet-103 and ResNet-18 to perform segmentation and to classify X-Ray images and 

obtained an accuracy of 88.9% here. 

• Ucar and Korkmaz (2020): Suggested Deep Bayes-SqueezeNet for diagnosing COVID-19 with database balanced approach and produces a 

measure of 98.26%. 

• Ferreira et al. (2019): Lung lobe segmentation was performed using V-Net model with the mean Dice score of 93.6% at test time. 

• Behzadi-Khormouji et al. (2020): ChestNet for the diagnosis of respiratory disease was initiated for which the maximum accuracy of 94.67% 

was attained. 

2.2 Applications in Eye Diseases 

The ophthalmological areas where DNN has been applied are in diagnosing diabetic retinopathy, glaucoma, and macular edema: 

• Nagasato et al. (2019): Detected nonperfusion areas in OCTA images by employing VGG-16 the model returned an accuracy of 98.6% as 

represented by the AUC. 

• Wu et al. (2020): Our proposed NFN for retinal vessel segmentation created AUCs of 98. 30%, 98. 75% and 98. 94% for the DRIVE, STARE 

and CHASE databases, respectively. 

• Liu et al. (2021): To the identification of diabetic retinopathy, achieved a 99.5% of AUC, after applying Inception-V3. 

2.3 Applications in Bone Age Prediction 

Recent development of an automatic analysis of bone age analysis through deep neural neural networks.: 

• Spampinato et al. (2017): Suggested a two-stage DNN that indeed predict bone age with an averaged error of 0.8 years. 

• Halabi et al. (2019): Comparing with other architectures such as Inception V3 and ResNet-50, we calculate mean absolute deviations of 4.2–

4.5 months. 

• Koitka et al. (2020): In this work, the Inception-ResNet-V2 model was applied for pediatric bone age estimation with the resulting F1 score 

of 91.85%. 

2.4 Accessible Medical Imaging Datasets 

The deep learning in medical imaging requires datasets that can be accessed publicly and are frequently used in training deep neural networks: 

Application Type Modality Dataset Access Link 

Breast Cancer Digital Mammograms DREAM https://www.synapse.org/ 

Breast Cancer H&E Stained BreakHis https://web.inf.ufpr.br/ 

Breast Cancer H&E Stained MITOSTAPIA https://mitos-atypia-14.grand-challenge.org/ 

Chest X-ray X-ray CheXpert https://stanfordmlgroup.github.io/competitions/ 

Lung Cancer Low-Dose CT Images BOWL17 https://www.kaggle.com/c/data-science-bowl-2017/ 
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Application Type Modality Dataset Access Link 

Multimodal Brain Tumor 3T Multimodal MRI Scans BraTS 2018 https://www.med.upenn.edu/ 

Diabetic Retinopathy Fundus Images IDRID https://idrid.grand-challenge.org/ 

Skin Cancer Dermoscopic Images ISIC https://challenge2019.isic-archive.com/ 

Liver Ultrasound CLUST https://clust.ethz.ch/ 

Kidney Cancer CT KITS https://kits19.grand-challenge.org/data/ 

3. Objectives : 

• Categorize Interpretability Methods: Survey and categorize the existing works done in the direction of interpreting DL models with special 

focus on clinical applications. 

• Evaluate Benefits and Limitations: Evaluate strength and limitations of interpretability methods in relationship to computational cost and 

its suitability towards high-risk decisions. 

• Develop Practical Recommendations: Deploy as recommendations on how the development of interpretable models can be included into 

clinical practice routines with perspective on compliance issues and staff education. 

• Identify Research Gaps: Semantic areas where more research is needed should be pointed out, for example real-time interpretation in critical 

care or pediatric Radiology. 

4. Findings : 

• Enhanced Understanding: Present day interpretability approaches have demonstrated potential in enhancing transparency, however, still 

need aggregation. For instance attribution maps can point features that may be relevant but may not be very stable across datasets. 

• Evaluation Frameworks: Comparing results between interpretability methods and their evaluation is currently a major challenge because of 

the lack of a common set of metrics. Suggested recommendations should be as follows: Consistency, clinical rather than statistical significance, 

and decision relevance. 

• Integration Challenges: Reducing both, the technical and clinical challenges are important for an effective deployment of interpretable 

models. Problems include performance and interpretability and explaining outputs in a medically relevant and accessible fashion. 

• Future Directions: Thus, further research should be devoted to seeking methods with both high accuracy and clear semantics of the result. 

For example, the use of attribution maps in combination with case-based reasoning can perhaps provide elaborate explanations. 

Conclusion : 

This paper highlights how interpretability should be done in DL based imaging to connect complex AI with clinical practices. DL has produced appealing 

results in a number of tasks including image classification and segmentation, but due to the black-box nature of the architecture, full trust and its usability 

is restricted in life-critical health care applications. This investigation reveals that the focus on interpretability as a function improves algorithm 

clarification and has practical applications by using tools such as those from attribution maps, concept-based models, and counterfactual explanation. The 

analysis of these methods in the context of their application across lung diseases, retinopathy in diabetic patients, and brain tumours shows that these 

methods can be used to integrate AI systems into clinical practice. Some of the ongoing issues include; how to maintain the precision of the model while 

ensuring that it is easy to comprehend; and, how to incorporate ethical issues into the model. Thus, it is critical to continue in the development of a hybrid 

interpretability strategy and comparable measurement systems. These advancements will make it easier to incorporate AI into the administration of this 

sector hence enhancing the welfare of the patients and make AI platforms secure and more reliable. 
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