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Abstract


The use of artificial intelligence within the healthcare sector is consistently growing. However, the majority of deep learning-based AI systems are of a black box nature, causing these systems to suffer from a lack of transparency and credibility. Due to the widespread adoption of medical imaging for diagnostic purposes, the healthcare industry frequently relies on methods that provide visual explanations, enhancing interpretability. Existing research has summarized and explored the usage of visual explanation methods in the healthcare domain, providing introductions to the methods that have been employed. However, existing reviews are frequently used for interpretable analysis in the medical field ignoring comprehensive reviews on Class Activation Mapping (CAM) methods because researchers typically categorize CAM under the broader umbrella of visual explanations without delving into specific applications in the healthcare sector. Therefore, this study primarily aims to analyze the specific applications of CAM-based deep explainable methods in the healthcare industry, following the PICO (Population, Intervention, Comparison, Outcome) framework. Specifically, we selected 45 articles for systematic review and comparative analysis from three databases—PubMed, Science Direct, and Web of Science—and then compared eight advanced CAM-based methods using five datasets to assist in method selection. Finally, we summarized current hotspots and future challenges in the application of CAM in the healthcare field.
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1. Introduction


In the healthcare industry, artificial intelligence assists in medical diagnostics; artificial intelligence models based on deep learning have demonstrated their ability to assist in various medical diagnoses [1]. Specifically, deep learning has been utilized in diagnosing and treating diverse medical conditions, such as breast cancer detection [2], the assessment of thyroid nodules [2], and the analysis of diabetic retinopathy symptoms and progression [3]. However, transparency is often lacking in the use of deep learning within the medical domain. The primary reason for this lack of transparency is the complexity of neural networks, including the multitude of parameters, numerous hidden layers, and the non-arbitrarily selected characteristics of these parameters, which makes it challenging for individuals to understand how these systems produce results in tasks like image classification or localization. As a result, there is a lack of trust in the predictions and localization analyses they provide.



In the explainable methods in the medical field, CAM (Class Activation Mapping) [4] stands out as a representative technique for visual explanation. Specifically, CAM, a technique in computer vision and deep learning, visualizes areas of an image crucial for a deep neural network’s prediction of a specific class or category. The basic concept of CAM is to utilize gradient data from the last convolutional layer of Convolutional Neural Networks (CNNs) to generate a heatmap highlighting key regions in an image for classification purposes. Specifically, in the last layer of the CNN, global average pooling (GAP) is applied to transform each feature map into an average value that indirectly reflects the impact of the class on the corresponding feature map. The weighted feature maps are subsequently aggregated, and the resulting heatmap represents important regions guiding the classification for each class in the neural network. However, CAM has limited applicability because it requires modifications to the model structure. Therefore, several advanced methods have been developed to overcome the limitations of CAM including Grad-CAM (gradient-weighted class activation mapping) [5], Grad-CAM++ [6], Ablation CAM [7], and Score CAM [8].



In the medical field, an extensive body of research has employed CAM-based methods to explain deep learning models. However, no systematic survey has been conducted to analyze the progress and challenges of CAM in the medical domain. Therefore, this study conducted a review of research on visual explanatory methods in the medical field from 2016 to 2023.



Materials and Methods: Relevant literature using CAM-based explanation methods in the medical domain was retrieved through searches on three databases: PubMed, Science Direct, and Web of Science. Due to the initial proposal of the activation mapping interpretability method in 2016, only papers published from 1 January 2016 to 30 June 2023 are included. Specifically, papers were reviewed and evaluated according to publication year, medical relevance, neural network models, datasets used for model development, visualization explanation methods, and application types. In total, 45 articles were included in the review.



This systematic review thoroughly outlines the use of visual explanation methods in medicine. The integration of visual explanation methods with CNN models has the potential to enhance the accuracy of medical diagnosis and increase the transparency of the diagnostic process. Our research revealed that among the 45 selected articles that used activation mapping explanation methods in the healthcare industry, 82% (37 articles) utilized the Grad-CAM method, while only seven articles employed methods proposed after Grad-CAM. These methods are relatively simple, and there is a lack of a unified standard for measuring the quality of these explainable methods. Furthermore, the primary objectives of applying activation mapping methods in the selected articles were categorized as follows: (1) Using CAM techniques only as explanatory tools for CNN. (2) Employing CAM techniques for both CNN explanation and model validation, assessment, and comparison. (3) Enhancing the interpretability of newly developed models with CAM techniques. (4) Establishing a foundation for creating new activation mapping methods. (5) Innovatively using them for feature selection.



The structure of this paper is organized into the following sections: Section 2 presents an extensive survey of recent applications of visual explanation methods within the medical industry. Section 3 details the specific methodologies, criteria, and outcomes used for the literature selection. Section 4 conducts an in-depth analysis of multiple aspects of the chosen articles. Section 5 designs a comparative experiment using five datasets to compare the explainable ability of eight different CAM methods across four models. Section 6 explores current trends and anticipates future challenges in the context of CAM methods. Finally, Section 7 provides a comprehensive summary.




2. Related Work


Within the realm of computer vision, explainable artificial intelligence (XAI) has emerged. Alicioglu et al. [9] offer a detailed exposition of XAI from the perspective of visual analysis and review post hoc explanation methods, including LIME [10], SHAP [11], and CAM [4].



In medical image analysis, there have been some advancements in interpretability research as well. Loh [12] performed an extensive review of XAI research in healthcare, encompassing technologies such as SHAP, LIME, Grad-CAM, LRP, fuzzy classifiers, EBM, CBR, and rule-based systems. Their focus was primarily on providing a comprehensive overview of computational and visual explainable methods, though they overlooked the detailed analysis of these methods’ applications in the medical field. Groen [13] carried out a more detailed exploration of explainable methods in the healthcare sector, aiding in the comprehension of interpretability within radiology, with computer-aided diagnosis research employing end-to-end deep learning. Their study employed methods like CAM, feature activation mapping, and t-distributed stochastic neighbor embedding (t-SNE). Similarly, Allgaier [14] outlined the categorization of explainable methods and reviewed the most frequently employed XAI methods in specific medical supervised machine learning, primarily focusing on Shapley Additive Explanations (SHAP) and Grad-CAM. However, these two studies primarily focused on introducing methods, overlooking an exhaustive examination of the progress and real-world implementations of these methods in the field of medicine.



In summary, existing review articles have offered broad introductions to the mechanisms of XAI methods. Still, with the growing prevalence of CAM techniques in medical applications, there is a pressing need for a comprehensive retrospective analysis of the specific developments in the application of CAM-based methods in the medical field.




3. Methodology and Results


3.1. Article Source


This review focuses on the application of visual explainable methods for activation mapping classes in neural networks in the healthcare industry, so the articles selected for this paper are from three databases containing a large amount of literature related to the healthcare field, namely PubMed, Science Direct, and Web of Science. The search keywords for PubMed are medical & machine learning & explainable classification & CAM, and the search terms for Science Direct and Web of Science were medical & machine learning & explainable classification & “CAM”. All search results articles were limited to a publication timeframe between 2016 and 2023 and included only human studies.




3.2. Inclusion Criteria


Some of the following criteria are specified to gather relevant information from various studies to achieve the goal of being as sound and objective as possible for the purpose of this paper.



(1) The research paper must be drafted in the English language.



(2) The research should focus exclusively on human medicine and pertain to classification tasks.



(3) All articles must have been published during the period from 2016 to 2023.



(4) Research papers must detail the dataset size used and its source.



(5) Research papers must include an application of an interpretable method for activation mapping visualization.



(6) The research paper must include data on various metrics for classification and segmentation tasks, such as the accuracy of disease diagnosis.



(7) The paper may be a conference publication from IEEE.




3.3. Criteria for Risk of Bias: Assessing Study Quality


The studies’ quality was evaluated using the following key items.



(1) Criteria for inclusion



(2) Criteria for feature extraction



(3) Description of disease classification



(4) Medical image examination for disease diagnosis



(5) Description of classification model



(6) Samples of the dataset > 1000



(7) Whether the dataset is publicly available



(8) Description of the dataset



(9) Description of interpretable methods



(10) Analysis of the results after using the interpretable methods



(11) Whether the code is publicly available




3.4. Data Extraction


The selected research papers were all healthcare-related and related to deep learning techniques, all of which analyzed the prediction of human diseases and the parameters associated with them. Therefore, the following data were found to be important for literature assessment, so each research paper reviewed these parameters, including author name, year of publication, country/region, size of dataset used, use of dataset open source, algorithms, classifiers, target, language, and accuracy.



Other factors (e.g., whether features were extracted from the dataset, whether the dataset was re-preprocessed) can also reduce data duplication for dataset analysis, which can turn out to be a direct improvement in learning speed and a necessary step in the machine learning process. However, these parameters could not be included in the analysis as not all of the research papers retrieved included this element.




3.5. Included Studies


A total of 85 articles were extracted from the search results. Among these, 13 were sourced from PubMed, 43 from Web of Science, and 29 from Science Direct. Articles were excluded according to the steps outlined below. Firstly, duplicates were excluded, and after this exclusion, 80 articles remained. In the second step, filters were evaluated and selected for their relevance to healthcare, reducing the number of articles to 66. After excluding an additional 12 articles, 54 remained to progress to the next phase. The third step was the assessment of abstracts, from which 48 articles were selected. The final step was the screening of the full text, and the number of remaining articles was 45. The PRISMA flowchart for the systematic review is shown in Figure 1.



The risk assessment table is as shown in Table 1. The risk assessment table summarizes the criteria for bias risk in the selected articles, and a checkmark is placed for those that meet the criteria. Among all 11 criteria, meeting six or more is defined as “Low” risk, and meeting only six or fewer (including six) is defined as “Moderate” risk.



The feature analysis table is shown in Table 2. The feature table contains detailed information about the 45 selected articles. This information includes the research area of each article, the machine learning model algorithms used, the language used in the article, the size of the dataset, as well as performance comparison parameters used in the article’s research. It also includes the explainable methods used. Due to the lack of uniformity in the comparison methods and the number of models used in the articles, the performance parameters listed in the table are relatively comprehensive and may include data from multiple models.





4. Results and Discussion of Selected Articles


4.1. Discussion of Publication Years


To analyze the trend in the popularity of activation mapping in the medical industry, we utilize the annual publication count of articles as a metric to gauge the practical application and popularity of this research direction.



Figure 2 shows a clear upward trend in the number of related articles over time. Specifically, 2016 marked the introduction of the CAM method, but there were no related articles published between 2016 and 2018, indicating a relatively slow start for this research in the medical field. In 2019, a few scholars began to explore this kind of method, but only one related article was published. With the rise of convolutional network technologies, the number of related articles gradually increased from 2019 to 2021, although the growth was relatively slow. By 2020, the number of related articles reached three, and this figure rose to six by 2021, indicating an increasingly strong interest in this field within the academic community.



However, it is particularly significant to highlight the marked rise in the publication of related articles from 2021 to 2022, reaching 25 articles, far exceeding the total published in the previous three years and showing a significant upward trend. The data for 2023 only includes 10 articles because the statistics are only up to June 2023. This phenomenon may suggest that the application of activation mapping in the medical industry is gradually receiving more attention, and the academic community is engaging in deeper and more extensive discussions. This notable growth trend may be benefiting from the continuous development and improvement of technologies like convolutional networks, offering new possibilities for research in the medical field. In summary, through the analysis of the number of articles, we can clearly observe the trend in the popularity of activation mapping in the medical field, providing valuable insights for future research directions in this area.




4.2. Analysis of Dataset Size


The size of the dataset has a significant and far-reaching impact on research, affecting several key aspects including credibility, interpretability, generalization ability, and computational resource requirements. Through in-depth analysis of the dataset sizes used in each article, we can gain profound insights into the data scale adopted in current medical field research on activation mapping methods. In Figure 3 below, the sizes of the datasets used in each article are presented, ranging from a minimum of 68 samples to a maximum of 107,038 samples.



Figure 4 displays the results of a categorized analysis of the dataset sizes in 45 articles related to the application of activation mapping in the medical field.



From Figure 4, it is evident that there are a total of 22 articles using datasets larger than 5000 and they are concentrated in recent years. As shown in Figure 5, a total of 18 articles were published primarily in 2022 and 2023. Over time, the scale of medical datasets available to researchers is increasing, and this development trend holds significant importance for the application of activation mapping methods in the medical field.



The increase in large-scale datasets provides researchers with more diverse and abundant data resources, thereby enhancing the credibility, reliability, and applicability of their research. Consequently, it can be anticipated that the future prospects for the application of activation mapping interpretation methods in the healthcare sector will become more promising, with the potential for greater breakthroughs and advancements in medical image interpretation.



Specifically, the size of the dataset has the following four important impacts:



(1) The analysis of dataset size reflects the data resource situation in the medical field when applying activation mapping methods.



(2) In research, the choice of dataset size can directly influence the credibility of research results. Larger datasets typically offer more robust results while capturing the data distribution better, thereby enhancing research credibility.



(3) Additionally, dataset size is related to interpretability since larger datasets may contain more rich features and patterns, aiding in a deeper understanding of model behavior.



(4) Furthermore, dataset size is crucial for model generalization. Larger datasets can typically support more complex models that can generalize better to various clinical scenarios, thereby improving model efficacy in practical applications.



Despite the advantages of larger datasets mentioned above, they also require more computational resources and time to process. Balancing the benefits and complexities of large datasets is, therefore, an important consideration for researchers and practitioners.




4.3. Application Field Analysis


Furthermore, we conducted a statistical analysis of the medical directions and diseases covered in these 45 articles. The applications are diverse, encompassing a total of 24 different diseases. Figure 6 displays the distribution of these diseases. In Figure 6, we observe that the disease directions covered in these papers include the following: atrial fibrillation and myocardial infarction, lung disease, diabetic retinopathy, fractures, classification of heart valves, human immunodeficiency virus and acquired immunodeficiency syndrome (HIV/AIDS), HPV-related head and neck cancers, Parkinson’s disease (PD), mental disorders, EEG analysis (Electroencephalogram), intracerebral hemorrhage (ICH), Coronavirus, Lyme disease, oral squamous cell carcinoma, muscular dystrophy, coronary artery disease, dental caries (tooth decay), breast cancer, glaucoma, malaria, sleep assessment, gastric cancer/endoscopic image classification, clinical gland morphometric information, and middle ear (ME) infection. These articles cover a wide range of medical conditions, highlighting the diverse applications of activation mapping techniques in the medical field.



In Table 3, we can observe that CAM-based interpretability research provides strong support for medical image analysis and diagnosis in various fields, offering new possibilities to enhance patient care and diagnosis.



Firstly, the field of cardiovascular diseases is one of the research hotspots for activation mapping methods, with a total of 10 articles focusing on this area. Cardiovascular diseases encompass a variety of cardiac and vascular conditions that often require rapid and accurate diagnosis and classification. Therefore, the high interpretability and feature extraction capabilities of activation mapping methods make them powerful tools in this field.



Secondly, pulmonary diseases, especially those related to COVID-19, have also attracted widespread attention from researchers, which is particularly crucial in the current global pandemic context. Seven articles focus on the detection of lung damage caused by the COVID-19 virus, highlighting the application value of activation mapping methods in crisis situations. They can expedite the diagnosis and classification of pulmonary lesions.



Furthermore, the field of eye diseases has also benefited from research using activation mapping methods, particularly in the medical image classification and diagnosis of diabetic retinopathy. This is a domain where precision is highly required. Activation mapping methods can help medical professionals more accurately identify and classify retinal lesions, facilitating early intervention and treatment.



The application of activation mapping methods in the medical field demonstrates a clear distribution across different disease domains, each with its own unique demands. This reflects the diversity and potential of these methods in improving the accuracy of medical image classification and diagnosis.




4.4. Performance Analysis


In all selected studies, CNN, Recurrent Neural Networks (RNN), and Deep Neural Networks (DNN) served as the primary components of their models for disease detection and classification. Specific models used in these studies included Residual Networks (Resnet) [61], Dense Networks (Dense Net), Dilated Convolutional Neural Networks (DCNN), Bag of Features (BO), Visual Geometry Group (VGG), Efficient Networks (Efficient Net) [62], 3D Residual Networks (3D Resnet), U-Net, Res2Net, and Inception-Resnet-v2.



Through a comprehensive review of 45 relevant articles, we collected and analyzed the performance of various models mentioned in these articles, as shown in Figure 7. Figure 7 presents the highest accuracy achieved in the models used in each article. It is worth noting that 82% of the studies demonstrated high-level model accuracy exceeding 90%, indicating that the application of activation mapping methods in various domains can significantly enhance model performance. Only 5% of the articles reported a model accuracy below 80%. However, one study on EEG classification for Parkinson’s disease showed lower performance with an accuracy of only 61%, mainly due to the relatively small size of the dataset used, containing only 90 samples.



Additionally, some studies, apart from using accuracy as a performance reference metric, also employed other performance reference metrics, as shown in Table 4.



In Table 4, Intersection over Union (IoU) [63] is a metric used to measure the performance of computer vision tasks such as object detection and semantic segmentation. Its purpose is to assess the degree of overlap between the predicted bounding boxes (or segmentation masks) and the actual target bounding boxes.



AUC (Area Under the ROC Curve) [64] is used to measure the performance of binary classification models at different thresholds. It provides a comprehensive evaluation of a model’s ability to classify positive and negative instances and is commonly used for comparing the performance of different models.



The F1 score [65] is the harmonic mean of precision and recall and is used to provide a comprehensive assessment of a model’s accuracy and coverage. It is a performance metric particularly suitable for problems with imbalanced class distributions.



Specificity refers to the proportion of correctly identified negative cases out of all actual negative cases in binary classification. It is used to evaluate the model’s performance in correctly identifying actual negative cases, i.e., the model’s ability to correctly identify negative instances that actually do not exist.



Sensitivity, in binary classification, represents the proportion of correctly identified positive cases out of all actual positive cases. It is used to evaluate the model’s performance in detecting positive cases, i.e., the model’s ability to capture actual positive instances.




4.5. Analysis and Discussion


Computer-aided diagnosis (CAD) systems are employed in the medical field to support doctors in their decision-making processes, but the design and adjustment of traditional CAD technologies have been very challenging. Today, artificial intelligence (AI) technology has been incorporated into these computer-driven diagnostic systems. Deep learning is one of its advantages, but its black box nature limits its applicability. Therefore, a plethora of explainable methods have been suggested to improve the transparency of deep learning, among which CAM has its merits.



Firstly, CAM technology, as an explanatory tool, presents heatmaps in a way that intuitively shows the regions of interest in medical images that deep learning models focus on. It can assist in locating areas of pathology in medical images and also help improve model performance through observations of these areas. For example, A. Singh [25] and colleagues developed a high-performance deep learning model based on CNN that can distinguish scaphoid fractures, the most common type of wrist bone fracture, in X-ray images. In this research, they used Grad-CAM technology to assist in locating the position and area of the fracture, achieving a classification accuracy of 95% in a binary setting. Rapid diagnosis and treatment are crucial for brain hemorrhage. Kim [29] used an explainable deep learning model in their article to detect brain hemorrhages and their locations in images obtained from computed tomography (CT) scans. They examined images of normal brain scans as well as scans showing subarachnoid, intraventricular, subdural, epidural, and intraparenchymal hemorrhages. Using Grad-CAM for heatmap-like visualization explanations at the bleeding locations, they achieved an accuracy of 81% in predicting the location of hemorrhages in the medical images.



Furthermore, Jahmunah [43] and colleagues employed electrocardiograms (ECG) for the classification of myocardial infarction (MI) in their article. They improved DenseNet and CNN models for classification and used Grad-CAM technology for the output of both models. This was done to observe and visualize specific ECG leads and waveform segments that had the most significant impact on the predictive decisions made by the models. The final classification result reached an accuracy of 95%.



Furthermore, CAM technology can also serve as a tool to achieve validation, assessment, and comparison in model usage. Through activation mapping, we can verify the accuracy of the location in the model for classification or segmentation, assess its classification effectiveness, and compare whether its interpretability is truly feasible. Afify [53] and colleagues proposed a new model for predicting oral squamous cell carcinoma (OSCC) tissue pathology images processed using deep transfer learning. Grad-CAM technology was employed for validation to pinpoint lesion areas in OSCC images based on the optimal model, significantly enhancing the prediction model’s robustness. Penso [18] and others used activation mapping technology for the performance evaluation of architectures. They introduced a deep learning-based coronary artery disease reporting and data system (CAD-RADS) for the classification of coronary artery lesions in multiplanar reconstructed images from coronary computed tomography angiography (CCTA). Ruengchaijatuporn [23] and colleagues used bedside tasks such as the clock drawing test (CDT) to detect mild cognitive impairment (MCI) and dementia. They developed their deep learning framework, applied soft labels and self-attention to enhance model performance, and provided visual explanations. They utilized the Grad-CAM technique to evaluate their interpretable approach. However, it’s important to note that since their classification subjects are not traditional medical images, their proposed interpretable methods may not necessarily be applicable in other domains.



In addition to the two approaches mentioned above, the primary purpose of using CAM technology in most medical research is to achieve model interpretability, overcoming the black box issue in the model. Hossain and colleagues [48] conducted a study on the efficacy of CNNs in diagnosing Lyme disease from images. To enhance model interpretability, they applied Grad-CAM to highlight the key input regions essential for CNN predictions, thus making the model more robust. Dabass and colleagues [52] designed a multitask deep U-Net model that provides grade classification services for clinical glandular morphometric information and cancer. They employed Grad-CAM technology to provide further evidence of the self-learning capability of the model, and the visual results obtained were evaluated by expert pathologists. Ho and Ding [39] conducted research on stroke, building a CNN-based binary classifier to distinguish ECGs with stroke symptoms. They also leveraged Grad-CAM to aid model interpretation by illuminating subtle ECG patterns recognized by the model. In order to diagnose diabetic retinopathy (DR), Chetoui and Akhloufi [44] developed a deep learning algorithm capable of detecting DR in retinal fundus images. They used an interpretable algorithm based on Grad-CAM to visually display the symbols chosen by the model, classifying retinal images for DR. This effectively demonstrated the model’s interpretability, suggesting it can effectively pinpoint various indicators of DR and identify related health concerns.



Innovative uses of activation mapping technology also exist. Y. Li and colleagues [38] introduced a recurrent convolutional neural network model for intent recognition by learning decomposed spatiotemporal representations. They applied the Grad-CAM visualization technique for channel selection, achieving an impressive accuracy of 97.36% across all channels, surpassing many leading models and baselines.



In summary, the application of activation mapping methods in healthcare primarily focuses on the following aspects:



CAM technology serves as an explanatory tool, with its heatmap visualization providing an intuitive way to identify the regions of medical images that require the most attention. This not only helps in locating areas of pathology in medical images but also aids in observing these regions for model improvement.



(1) CAM technology serves as a visualization tool, with its heatmap visualization providing an intuitive way to identify the regions of medical images that require the most attention. This not only helps in locating areas of pathology in medical images but also aids in observing these regions for model improvement.



(2) CAM technology can function as a tool to achieve validation, assessment, and comparison in model usage. Activation mapping allows for the verification of the accuracy of the location of classification or segmentation in the model, assessment of its classification effectiveness, and comparison of its interpretability.



(3) Using CAM technology provides models with interpretability. Given the black box nature of neural networks, CAM technology is a straightforward and efficient choice to achieve interpretability in medical image classification or segmentation tasks.



(4) Some authors may base their new activation mapping methods on traditional CAM methods, often tailored to specific medical images, such as lung CT scans.



(5) Innovative usage involves leveraging the characteristics of activation mapping for feature selection and other advanced applications in healthcare.





5. Experiment


To compare existing advanced CAM methods, we designed a comparative experimental study, structured in three distinct phases:



Dataset Selection: We selected five datasets, dividing them into two categories. The first category encompasses datasets that include both classification and segmentation tasks, while the second category comprises those containing only classification tasks.



Model Performance Evaluation on Datasets: Multiple models were employed to perform classification tasks on these datasets. We performed a comparative evaluation of each model’s performance, ensuring that only those models with superior classification performance (accuracy above 0.9) were selected. This criterion was established to mitigate the potential negative impact on CAM interpretation that could arise from suboptimal model classification effectiveness.



CAM Method Comparison and Assessment: In the concluding phase of our study, we implemented a range of CAM methods within a singular classification model framework. This phase entailed an analytical comparison of each CAM method’s efficacy, targeted at pinpointing the most proficient CAM method for model interpretation. Our structured experimental strategy is designed to identify optimal CAM methods that align with distinct model architectures and dataset specifics, thus guiding the strategic selection of CAM techniques to boost model explainability. Specifically, we carried out the following:



(1) Analyzed CAM techniques as visualization tools, focusing on the clarity and effectiveness of their heatmap visualizations;



(2) Tested the precision of CAM in both classification and segmentation tasks across various models;



(3) Explored how CAM techniques contribute to the interpretability of models;



(4) Assessed the compatibility and enhancement effects of CAM methods when integrated with different models;



(5) Investigated potential innovative uses of CAM techniques.



5.1. Datasets


HAM10000 [66]: This dataset pertains to dermatoscopy and is sourced from the Medical University of Vienna. It comprises a diverse collection of skin disease images from various demographics, focusing primarily on pigmentary disorders. The conditions covered include, but are not limited to, various cancers such as melanoma and hemangioma. Additionally, the dataset provides mask segmentation images. In total, it contains 10,015 images.



Diabetic Retinopathy Arranged: The second dataset pertains to diabetic retinopathy, comprising 25,800 retinal images. These images are categorized on a scale from 0 to 4, with the numbers representing the severity of the condition. A higher number indicates more severe pathological changes, whereas a 0 rating signifies a normal, healthy state without any pathological alterations. This dataset is exclusively focused on classification tasks and does not include segmentation tasks. The dataset address is https://www.kaggle.com/datasets/amanneo/diabetic-retinopathy-resized-arranged/data (accessed on 15 April 2024).



Breast Ultrasound Images Dataset [67]: This dataset features ultrasound images of women’s breasts, designed for use in diagnosing and classifying breast cancer. The contributors to this collection range in age from 25 to 75, totaling 600 individuals. Images are organized into three categories reflecting breast cancer severity: normal, benign, and malignant. The set includes 780 images, all provided with corresponding mask images. On average, each image measures 500 by 500 pixels.



Brain Tumor Classification (MRI) [68]: This dataset comprises medical diagnostic images used for brain tumor diagnosis, featuring a total of 394 images. These images are categorized into four distinct classes based on different types of brain tumors.



Chest X-ray Images (Pneumonia) [69]: This dataset consists of chest X-ray diagnostic images, categorized into two types based on pneumonia diagnosis: normal and pneumonia. It includes a total of 5863 images, all derived from pediatric patients aged 1 to 5 years old.



In this study, image datasets were divided into training and validation subsets at a 70:30 ratio. The training subset underwent preprocessing such as random rescaling to 224 × 224 pixels, horizontal flips, and normalization using ImageNet’s mean and standard deviation. Conversely, the validation subset images were first resized to 256 × 256 pixels, then center-cropped to 224 × 224 using the same normalization. These processes enhance the model’s resilience against image variations and ensure data alignment with the original training conditions of pretrained models. Moreover, the training subset used random sampling, and the validation subset was shuffled before each iteration to ensure thorough and randomized data loading.




5.2. Classification Models


To better validate the effectiveness of CAM methods, this study selected GoogleNet [70], ResNet50 [61], DenseNet121 [71], and EfficientNet-B3 [62] as the four models because they represent different deep learning architectural paradigms in the area of computer vision. Each model possesses a unique structure and working principle, offering diverse perspectives for understanding and interpreting visual data. Due to their structural differences, these models vary in their methods of extracting and processing image features, which may result in different focal points and interpretative patterns when CAM methods are applied. By employing CAM methods on these diverse models, we can explore and compare their performance across various architectures, thereby enhancing the generalizability and practicality of the research findings.



DenseNet121, developed in 2016 by Kaiming He and others, is a DenseNet series deep learning model for image classification and computer vision. Its key feature is dense connections in the network, facilitating information flow and allowing deeper structures. In our study, we used this model to complete the classification tasks for five datasets, generating corresponding confusion matrices as illustrated in Figure 8.



EfficientNet-B3, part of the EfficientNet series, is a scaled deep neural network model optimized for performance and complexity. It’s distinct for balancing depth, width, and resolution efficiently, enabling high performance with smaller size and less computational demand. In our study, it was applied to classification tasks on five datasets. The confusion matrices generated from these classifications are presented as Figure 9. These matrices visually depict the performance of the model, highlighting the accuracy of predictions across different classes within each dataset. Confusion matrices are particularly useful for identifying classes that the model may find challenging to classify correctly.



ResNet50 is an architecture within the deep convolutional neural network framework and is a part of the ResNet series. The ResNet (Residual Network) series is renowned for its innovative residual connections; these were developed to tackle the issues of vanishing and exploding gradients, commonly encountered during the training of deep convolutional neural networks. ResNet-50, with its 50 layers, has shown exceptional performance in image classification and computer vision tasks. In our research, ResNet-50 was employed to classify five different datasets. The corresponding confusion matrices generated from these classification tasks are presented in Figure 10. These matrices visually depict the model’s accuracy and effectiveness in correctly classifying the images from each dataset. ResNet-50’s deep layered structure, combined with residual connections, allows it to learn complex features without losing important information through the depth of the network, thus making it a powerful tool for such tasks.



GoogleNet, or Inception network, introduced in 2014 by Google, marked a significant development in convolutional neural networks. It integrated a novel structure, the inception module, to enhance performance and efficiency. This module features parallel convolutions of varying scales for capturing diverse spatial information, boosting the network’s depth and width with minimal parameter increase. In our study, GoogleNet was applied to classify five datasets. The confusion matrices derived from these classification results are displayed in Figure 11.



For each model’s performance, we have conducted a detailed comparison based on the results from the aforementioned confusion matrices, as shown in Table 5, Table 6, Table 7, Table 8 and Table 9. These tables include the performance of each model in each dataset, with parameters such as accuracy, precision, recall, and F1 score. These measures were chosen for their comprehensive and detailed reflection of model performance. Firstly, accuracy, as the most direct performance indicator, provides the proportion of correct predictions in the overall sample and is fundamental for assessing the overall efficacy of the model. However, relying solely on accuracy might overlook the impact of class imbalance. To address this, the introduction of precision and recall becomes necessary. Precision measures the ratio of true positives among the predicted positives, essential in situations where false positives carry a high cost. Conversely, recall quantifies the percentage of actual positives accurately identified, vital in contexts where minimizing false negatives is paramount. Lastly, the F1 score, calculated as the harmonic mean of precision and recall, provides a balanced metric between these two measures, especially suitable for scenarios that require reducing both false positives and negatives.



Table 5, Table 6, Table 7, Table 8 and Table 9 clearly illustrate the performance of various models across different dataset classification tasks. According to the data, the DenseNet121 model achieves the highest accuracy of 98.14% in the HAM dataset, and the greatest precision of 97.5% in the chest-X-ray dataset. The ResNet50 model attains the highest recall and F1 Score, each at 97%, also within the chest X-ray dataset. The data further indicates that the type of dataset significantly affects classification outcomes; for instance, while models generally excel in the chest X-ray dataset with baseline performances around 95%, performance in the breast cancer dataset typically falls below 80%. The DR dataset notably scores lower in all metrics except accuracy, likely due to data imbalance. Additionally, DenseNet121 consistently outperforms other models across all datasets, especially in the HAM dataset. In contrast, the ResNet50 model maintains stable precision across various tasks, with rates ranging from 67.2% to 97%. The lowest accuracies recorded are in the breast cancer dataset, with GoogleNet and EfficientNet_b3 models achieving only 81.64%; however, accuracies in other datasets range between 90% and 99%. Overall, these results affirm that our chosen models satisfy our classification requirements and exhibit stable performance across diverse datasets.




5.3. Comparison of CAM Methods


In our selection of CAM methods, we chose eight different CAM methods: Grad-CAM, GradCAM++, XGradCAM [72], AblationCAM, EigenCAM [73], EigenGrad-CAM, LayerCAM [74], and FullGrad [75]. Among these, Grad-CAM is currently the most frequently used CAM method in the medical industry, with the other seven being derivatives of the Grad-CAM method. The descriptions of these methods are shown in Table 10.



In our study, we employed a novel experimental design to assess the efficacy of various CAM (Class Activation Mapping) methods on segmentation task datasets. We compared CAM-generated images with corresponding mask images by calculating their Intersection over Union (IoU). IoU is a standard metric that quantifies the overlap between two areas, critical for evaluating the interpretative effectiveness of CAM methods. A higher IoU value typically signifies greater interpretative reliability.



The experimental results are displayed in Figure 12, and the corresponding IoU values are presented in Table 11. Figure 12 reveals the heatmaps obtained using four different models (DenseNet121, EfficientNet-B3, ResNet50, and GoogleNet) with the eight CAM methods for breast cancer classification tasks. These results clearly indicate that different CAM methods have varying interpretive effects on different models. Specifically, using the DenseNet121 model, the EigenCAM method showed the highest IoU score (0.372), indicating its superior interpretative capability on this model. In the EfficientNet-B3 model, GradCAM and XGradCAM methods both achieved the highest score (0.307), demonstrating their effectiveness on this model. For the ResNet50 model, AblationCAM performed the best, with an IoU score of 0.271. Finally, for the GoogleNet model, the EigenGradCAM method showed the best effect, scoring 0.192.



We extended the experimental scope to include the classification task of skin cancer, continuing to evaluate the eight different CAM methods on four different models (DenseNet121, EfficientNet-B3, ResNet50, and GoogleNet). The results of this part of the experiment are also recorded in Figure 12, particularly in rows 6 to 9, showing the heatmaps obtained by applying these CAM methods. In this skin cancer dataset, we found that using the EfficientNet-B3 model combined with the FullGrad interpretation method achieved the highest IoU score, reaching 0.762. The corresponding heatmap for this result is located in row 3, column 7 of Figure 12. This finding indicates that on the EfficientNet-B3 model, the FullGrad method has a significant advantage in interpreting skin cancer classification tasks. Notably, in Figure 12, the FullCAM method achieved the highest IoU scores in the DenseNet121, EfficientNet-B3, and ResNet50 models. However, in the GoogleNet model, the FullCAM method failed to produce effective heatmaps, resulting in a blank display in row 8, column 7 of Figure 12. This phenomenon is due to the unique architecture of the GoogleNet model. The core feature of GoogleNet is its inception module, which applies convolutional kernels of different sizes and pooling operations in parallel. This complex multi-branch structure makes it difficult for the FullCAM method to effectively interpret the contribution of each specific branch, leading to poor performance on the GoogleNet model.




5.4. Discussion


Overall, these results underscore the significance of selecting the suitable CAM method to improve the interpretability of classification models. The structure and characteristics of each model may be more suited to certain specific CAM methods, and this adaptability plays a key role in achieving optimal model interpretation. This discovery provides important guidance for future research, this suggests that the characteristics of the model must be taken into account when implementing CAM methods to achieve optimal interpretative outcomes. The specific architecture of the model also needs to be considered. Different models may have different adaptabilities and responses to different CAM methods, and this should be fully considered when applying CAM methods. Moreover, this also suggests that when dealing with models with complex architectures, such as GoogleNet, more advanced or specialized visualization techniques may need to be developed to obtain more accurate and comprehensive interpretations. The compatibility between specific CAM methods and model structures plays a crucial role in achieving optimal interpretability.



Our study commenced by selecting five medical image datasets across various disease domains: skin cancer, breast cancer, chest X-rays, diabetic retinopathy (DR), and brain tumors, all publicly available. We evaluated the stability of four contemporary classification models across these datasets. Each model performed classification tasks on all five datasets. The results indicated that the type of dataset influences the classification outcomes. Notably, the HAM dataset consistently demonstrated robust performance across all models. However, the DR and breast cancer datasets showed lower performance metrics in areas other than accuracy, likely due to their imbalanced nature. In contrast, the models exhibited stable performance across the remaining datasets, efficiently managing the corresponding disease classifications. Overall, our findings suggest that despite real-world case imbalances, the chosen models can reliably perform classification tasks.



Subsequently, we assessed various Class Activation Mapping (CAM) methods on datasets with segmentation tasks. This involved comparative experiments analyzing CAM images against corresponding mask images within the datasets. We focused on the breast cancer and HAM datasets, testing eight different CAM methods. The results varied across different models and datasets, indicating that no single method consistently outperformed others. In particular, the EfficientNet-B3 model, combined with the FullGrad explanation method, achieved the highest Intersection over Union (IoU) score of 0.762 in the skin cancer dataset, underscoring FullGrad’s significant interpretive advantage in this classification task. Notably, FullGrad performed well across all models except GoogleNet, which struggled with its complex multi-branch structure. GradCAM consistently performs well across various models, maintaining IoU metrics at or above the median level. With DenseNet, GradCAM++ significantly surpasses other models, a performance attributed to DenseNet’s unique architecture. Conversely, EigenCAM and EigenGradCAM yield suboptimal results in the EfficientNet model, achieving only one-tenth the IoU scores of alternative methods. In the analysis of breast cancer datasets, EigenGradCAM, when combined with DenseNet, achieves the highest scores. Given the variability in datasets and models, it is currently infeasible to definitively identify an optimal CAM method. Nevertheless, we can distinctly identify unsuitable CAM methods, facilitating the selection of experimental strategies.



In conclusion, selecting optimal CAM methods requires preprocessing our datasets to balance disease characteristics critically, a factor that significantly impacts model performance and interpretability outcomes. Additionally, understanding the unique structures of the models used and integrating the operational principles of various CAM methods is crucial. This comprehensive approach will allow us to identify the most suitable CAM methods for specific disease domains, ensuring superior results.





6. Research Hotspots and Challenges


6.1. Research Hotspots


The application of activation mapping methods in the healthcare industry has shown a steady increase over the years. This article discusses the specific hotspots of its application in the following sections:



(1) Disease Domain Hotspots



Currently, activation mapping interpretative methods are increasingly used in the healthcare industry. In specific disease domains, they are particularly prevalent in cardiovascular diseases, lung diseases (especially COVID-19), and eye diseases (especially diabetic retinopathy, DR). Firstly, cardiovascular diseases often impact the electrophysiological characteristics of the heart, leading to abnormal changes in cardiac electrical signals. Activation mapping methods are valuable in this context, as they not only facilitate the rapid identification of features for classifying cardiovascular diseases but also provide significant assistance in enhancing the model’s interpretability. Once important features are identified, they can also contribute to the model’s accuracy in disease classification. Secondly, the application in lung diseases is second only to cardiovascular diseases. This can be attributed to the impact of COVID-19, which has swept the globe, making activation mapping methods widely applied in the diagnosis of the COVID-19 virus. Additionally, these methods have proven effective in the classification and diagnosis of lung diseases using CT images. While activation mapping methods have found some application in other disease domains, it is relatively limited. This may be due to the diverse nature of medical images and the limited information that can be obtained through images for diagnosing certain diseases.



(2) Usage Method Hotspots



CAM technology, as a vital tool for interpreting medical images, presents visual information in the form of heatmaps, providing an intuitive way to accurately identify regions of interest in medical images. This particular feature is one of the key hotspots for the current application of CAM technology in the healthcare industry. This method not only aids in pinpointing the specific location of potential abnormalities in images but also offers robust support for observing and improving deep learning models. Additionally, CAM technology plays a crucial role in model validation, performance evaluation, and comparison. Through activation mapping, we can verify the accuracy of models in classification or segmentation tasks, assess their classification effectiveness, and examine their interpretability. CAM technology has excelled, particularly in medical image classification and segmentation tasks, where it addresses the opacity issues of neural networks. Some researchers use traditional CAM methods as the foundation for new activation mapping techniques, especially in specific medical imaging fields, such as lung CT scans.



Furthermore, CAM technology plays an important role in improving model accuracy. Through CAM technology, we can accurately identify diagnostic features relevant to disease classification. This is particularly significant in medical diagnostics that require real-time decision-making and feedback. Efficient models can generate decisions more rapidly, offering timelier medical assistance and recommendations. This approach is of crucial importance in enhancing the accuracy of medical image diagnosis and increasing the efficiency of medical decision-making, which holds the potential to drive advancements and innovations in the field of medicine. This is also one of the current research hotspots.



(3) Large-Scale Data Research



Based on trends observed in the literature, the selection of datasets in research papers is increasingly leaning toward the use of large datasets. This trend is driven by a combination of factors. Firstly, advancements in medical image acquisition technology have resulted in higher-quality medical images, creating a more feasible foundation for the application of large datasets. Secondly, continuous improvements in hardware technology enable us to handle larger-scale data, leading to an exponential growth in data volume and, consequently, creating more opportunities for leveraging large datasets. Furthermore, large datasets are evidently more informative for disease studies, as they provide more features to the models and typically encompass a greater number of samples and diverse data. This aids in training more accurate and robust machine learning models.



Having more data helps models better capture the underlying data distribution, thereby enhancing predictive performance. With more instances provided by large datasets, it is also easier to elucidate the model’s decision-making process and the importance of features. For the healthcare industry, large datasets are particularly advantageous in capturing rare events or exceptional cases, which, in turn, improves model robustness. In smaller datasets, rare events may be overlooked or considered as crucial features.




6.2. Challenges


Regarding the future research directions and challenges, the following summary is provided:



(1) Lack of Quantitative Analysis of Explainable Methods



The utilization of explainability methods in research has become widespread; however, a clear and quantitative analysis of how these methods enhance the explanatory power of models is lacking. Many researchers employ techniques such as CAM to extract features, enhance model efficiency, or identify model-improving characteristics. Despite their demonstrated positive effects, a standardized tool or unit for quantifying their performance is currently absent. Researchers typically assess the effectiveness of using CAM techniques by measuring the improvement in model performance. Yet, a definitive and quantitative measure for the explanatory power of CAM techniques is currently unavailable, making it challenging to objectively evaluate their performance. Additionally, comparing the interpretability of different explainability methods fairly is complex, hindering the continued development and iteration of activation mapping methods. This complexity stems from the fact that interpretability assessment not only relates to model performance but also encompasses factors such as consistency, effectiveness, and practical feasibility in real-world applications. Therefore, future research should prioritize the development of more accurate and standardized quantitative methods to comprehensively evaluate and compare the performance of various explainability techniques. This will contribute to the advancement of the field and underscore the importance of using interpretability techniques judiciously, while considering various factors for a comprehensive evaluation of their impact on the model.



(2) Selection of Explainability Methods



Multiple CAM methods are available, and selecting the most appropriate one is a primary focus of current research. Medical images vary in form under different instruments and disease conditions. Therefore, for disease-specific studies, the choice of the CAM method that yields the best results is a subject worthy of further exploration. In fact, among the articles selected in this paper, 82% of them exclusively used Grad-CAM as the explainability method without comparing it to other explainability methods. This phenomenon may be attributed to Grad-CAM’s efficient performance and stability in practical research. On the other hand, it is possible that while other CAM methods may produce superior imaging results, they lack a standardized metric for evaluating the quality of explanatory imaging. The selection of CAM methods for specific disease studies is a complex and in-depth research topic. Choosing the optimal CAM method should take into account multiple factors, including the characteristics of the specific disease, feature extraction methods, classifier choice, dataset characteristics, and more. Thus, future research should focus on conducting systematic evaluations of CAM methods to establish a comprehensive reference framework that assists researchers in making informed decisions when selecting the most suitable CAM methods, thereby better serving the research needs of different diseases. This will contribute to the advancement of the field of medical image explainability research and enhance its application value in the medical field.



(3) Imbalance Issue



For a model, explainability is one of the factors that measures its performance and utility. Using CAM methods enhances the model’s explainability. However, inevitably, while gaining model explainability, the introduced CAM methods also increase the model’s complexity. The balance between the added complexity and the obtained explainability is a key point for consideration and research. How to address the tradeoff between model explainability and predictive classification performance so that we can provide explainability without sacrificing the model’s accuracy is a challenge for the future.



(4) Clinical Significance of Research



When it comes to ensuring that the model’s explanations have practical relevance in actual clinical applications, this is a critical issue. Model explainability only holds true value when it serves a real purpose in clinical practice. This might be a challenging aspect in future research. Currently, research primarily focuses on explaining heatmaps for the classification results of existing models or improving model performance. However, there is a lack of articles that provide actual data proving their clinical significance or how they assist healthcare professionals in their work.



(5) Data Challenges



First, the scarcity and difficulty of acquiring medical data present significant challenges in training deep learning models. Medical data is often limited and not easily obtainable. Acquiring a sufficiently large-scale medical dataset can take years or even longer, mainly due to privacy and ethical concerns related to patient information. Second, data quality and labeling are critical issues in medical data. Medical data demands highly accurate labels, as medical decisions and disease diagnoses have stringent requirements for data accuracy. Incorrect labels or low-quality data can result in reduced performance of deep learning models and adversely affect patient diagnoses and treatments. Furthermore, the sensitive nature of medical data raises concerns about patient privacy. Since it includes personal medical information, data security and privacy protection are of paramount importance. This challenge is particularly prominent in data-sharing environments, where data transmission and storage must comply with strict regulations and privacy laws to ensure the comprehensive protection of patient privacy. Medical institutions and researchers must implement measures to secure medical data, including encryption, authentication, and data access control.





7. Conclusions


AI-assisted diagnosis is now widely applied in the medical field. These technologies help medical professionals quickly access patient health information and expedite the diagnosis and treatment planning process, thereby increasing the efficiency of healthcare providers. Additionally, they provide highly accurate disease diagnoses, particularly benefiting patients in underserved medical areas, at a relatively low cost, ensuring timely treatment recommendations tailored to their medical conditions. This selection of 45 research articles demonstrates the broad scope of activation mapping methods in the medical industry, covering a wide range of diseases.



In these 45 articles, although methods like Hires-CAM, Layer-CAM, Grad-CAM++, XGrad-CAM, and Score-CAM are mentioned in some studies, Grad-CAM remains the most frequently used activation mapping method in the medical industry. The specific applications of CAM methods are mainly reflected in the following aspects. CAM Technology as a visualization tool: CAM technology, with its heat map visualization, provides an intuitive means to identify critical areas within medical images. This aids in locating potential pathological regions and supports observations to enhance model performance. Validation and Evaluation Using CAM Technology: CAM technology serves as a tool for model validation, evaluation, and comparison. Activation mapping allows verification of the accuracy of model classification or segmentation, assessment of classification performance, and an evaluation of the feasibility of interpretability. Obtaining Interpretability Through CAM Technology: Leveraging the black box nature of neural networks, CAM technology offers a straightforward and efficient approach to achieving interpretability in medical image classification and segmentation tasks. Innovative Applications of CAM Technology: Some researchers build upon traditional CAM methods to develop new activation mapping methods, particularly in specific medical imaging domains such as lung CT scans. Additionally, the characteristics of CAM technology can be utilized for feature selection, showing promise in tasks that require neural network-based feature selection.



In selecting a CAM method for model interpretation, it is imperative to undertake a comprehensive evaluation of the model’s architectural framework. Empirical evidence from our experiments underscores the notion that disparate models exhibit differential responsiveness to various CAM methodologies. This necessitates an in-depth consideration of each model’s unique architectural nuances and inherent characteristics. The congruence between a model’s structural attributes and the specificities of a CAM method can significantly influence the efficacy of the interpretative outcomes. Hence, the adaptability of a CAM method to a particular model’s architecture plays a pivotal role in facilitating optimal model interpretation, a finding that is crucial for advancing the precision and utility of CAM-based analytical approaches in complex modeling scenarios.



In the medical industry, CAM explanation methods are increasingly focused on large datasets, covering a wide range of application areas. Cardiovascular and pulmonary diseases show relatively mature application areas. However, the absence of standardized metrics to measure the effectiveness of interpretability remains a challenge, necessitating the development of equitable evaluation standards among various CAM methods. The balance between model interpretability and predictive classification performance requires increased attention. Finally, the clinical significance of CAM methods in the medical field and how to maximize their explanatory capabilities are topics deserving careful consideration.
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Figure 1. PRISMA flowchart for the systematic review [15]. 
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Figure 2. Annual publication count. 
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Figure 3. Dataset size distribution [16,17,18,19,20,21,22,23,24,25,26,27,29,30,31,32,33,34,35,36,37,38,39,40,41,42,43,44,45,46,47,48,49,50,51,52,53,54,55,56,57,58,59,60]. 
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Figure 4. Dataset size statistics. 
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Figure 5. Publication years of articles using large dataset. 
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Figure 6. Distribution of diseases. 
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Figure 7. The accuracy of each study [16,17,18,20,21,22,23,24,25,26,27,28,29,30,31,32,33,35,36,37,38,39,40,41,42,43,45,47,48,50,51,52,53,54,55,56,58,59]. 
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Figure 8. Densenet121 confusion matrix. ((a–e) represent the confusion matrices obtained from the classification tasks performed by DenseNet121 on datasets HAM10000, Diabetic Retinopathy Arranged, Breast Ultrasound Images Dataset, Brain Tumor Classification (MRI), and Chest X-ray Images, respectively). 
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Figure 9. Efficientnet_b3 confusion matrix. ((a–e) represent the confusion matrices obtained from the classification tasks performed by EfficientNet-B3 on datasets HAM10000, Diabetic Retinopathy Arranged, Breast Ultrasound Images Dataset, Brain Tumor Classification (MRI), and Chest X-ray Images, respectively). 
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Figure 10. Resnet50 confusion matrix. ((a–e) represent the confusion matrices obtained from the classification tasks performed by ResNet50 on datasets HAM10000, Diabetic Retinopathy Arranged, Breast Ultrasound Images Dataset, Brain Tumor Classification (MRI), and Chest X-ray Images, respectively). 
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Figure 11. GoogleNet confusion matrix. ((a–e) represent the confusion matrices obtained from the classification tasks performed by GoogleNet on datasets HAM10000, Diabetic Retinopathy Arranged, Breast Ultrasound Images Dataset, Brain Tumor Classification (MRI), and Chest X-ray Images, respectively). 
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Figure 12. Comparison of the effects of different CAM methods (In the saliency map, colors transition from cooler to warmer tones, such as blue to red. Areas depicted in cooler colors are less influential or important to the model’s decision-making process, whereas warmer colors highlight regions of greater relevance). 
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Table 1. Risk of bias (✓).
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	Criteria
	Inclusion Criteria
	Feature Extraction Standard
	Description of Disease Classification
	Medical Image Inspection for Disease Diagnosis
	Classification Model Description
	Data Set Samples > 1000
	Public Dataset
	Datasets Description
	Description of Interpretable Methods
	Analysis of the Results after Using the Interpretable Method
	Code Public
	Risk of Bias





	(Cui et al., 2022) [16]
	✓
	
	
	✓
	✓
	✓
	✓
	✓
	
	✓
	✓
	Low



	(J. Li et al., 2022) [17]
	✓
	
	
	✓
	✓
	
	
	
	✓
	✓
	
	Moderate



	(Penso et al., 2023) [18]
	✓
	✓
	✓
	✓
	✓
	
	
	✓
	
	✓
	
	Low



	(Zhang et al., 2022) [19]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	
	Low



	(Niranjan et al., 2023) [20]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	
	Low



	(Shorfuzzaman et al., 2021) [21]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	
	Low



	(Oztekin et al., 2023) [22]
	✓
	
	
	✓
	✓
	✓
	
	✓
	✓
	✓
	
	Low



	(Ruengchaijatuporn et al., 2022) [23]
	✓
	
	
	
	✓
	
	
	✓
	
	✓
	
	Moderate



	(Krishna et al., 2023) [24]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	Low



	(A. Singh et al., 2023) [25]
	✓
	✓
	✓
	✓
	✓
	
	
	✓
	
	✓
	
	Low



	(Khan et al., 2020) [26]
	✓
	✓
	✓
	✓
	✓
	✓
	
	✓
	✓
	✓
	
	Low



	(Vafaeezadeh et al., 2022) [27]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	Low



	(Woo et al., 2023) [28]
	✓
	✓
	
	✓
	✓
	
	
	
	
	✓
	
	Moderate



	(Kim et al., 2021) [29]
	✓
	
	✓
	✓
	✓
	
	
	✓
	✓
	✓
	
	Low



	(Baseri Saadi et al., 2022) [30]
	✓
	
	✓
	✓
	✓
	
	
	✓
	
	✓
	
	Moderate



	(Khan et al., 2022) [31]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	
	Low



	(Hamza et al., 2022) [32]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	
	Low



	(Suri et al., 2022) [33]
	✓
	
	✓
	✓
	✓
	✓
	
	✓
	✓
	✓
	
	Low



	(Lombardo et al., 2022) [34]
	✓
	
	✓
	
	✓
	
	✓
	✓
	✓
	✓
	
	Low



	(Toğaçar et al., 2022) [35]
	✓
	✓
	✓
	✓
	✓
	✓
	
	✓
	✓
	✓
	
	Low



	(Hadj Bouzid et al., 2021) [36]
	✓
	
	
	✓
	
	✓
	✓
	✓
	
	✓
	
	Moderate



	(Yang et al., 2023) [37]
	✓
	✓
	✓
	✓
	✓
	
	✓
	✓
	✓
	✓
	
	Low



	(Y. Li et al., 2020) [38]
	✓
	✓
	
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	
	Low



	(Ho & Ding, 2022) [39]
	✓
	✓
	
	✓
	✓
	✓
	✓
	✓
	
	✓
	
	Low



	(Mukhtorov et al., 2023) [40]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	
	Low



	(Taniguchi et al., 2021) [41]
	✓
	
	✓
	✓
	✓
	✓
	
	✓
	
	
	
	Low



	(Ganeshkumar et al., 2021) [42]
	✓
	✓
	✓
	✓
	✓
	✓
	
	
	✓
	✓
	
	Low



	(Jahmunah et al., 2022) [43]
	✓
	✓
	✓
	✓
	✓
	
	✓
	✓
	
	✓
	
	Low



	(Chetoui & Akhloufi, 2020) [44]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	
	Low



	(Deperlioglu et al., 2022) [45]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	
	Low



	(Draelos & Carin, 2022) [46]
	✓
	
	✓
	✓
	✓
	✓
	
	
	✓
	✓
	
	Low



	(Islam et al., 2022) [47]
	✓
	
	✓
	
	✓
	✓
	✓
	✓
	✓
	✓
	
	Low



	(Hossain et al., 2022) [48]
	✓
	✓
	✓
	✓
	✓
	✓
	
	✓
	
	✓
	✓
	Low



	(P. Singh & Sharma, 2022) [49]
	✓
	✓
	✓
	✓
	✓
	
	✓
	✓
	✓
	✓
	
	Low



	(Choi & Lee, 2023) [50]
	✓
	
	✓
	
	✓
	✓
	
	✓
	✓
	✓
	
	Low



	(Altuve & Pérez, 2022) [51]
	✓
	
	✓
	✓
	✓
	
	✓
	✓
	
	✓
	✓
	Low



	(Dabass et al., 2022) [52]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	
	✓
	
	Low



	(Afify et al., 2023) [53]
	✓
	
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	
	Low



	(A P et al., 2021) [54]
	✓
	
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	
	Low



	(Shabanpour et al., 2022) [55]
	✓
	
	
	
	✓
	
	✓
	✓
	✓
	✓
	✓
	Low



	(H. Li et al., 2022) [56]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	
	✓
	
	Low



	(Lin et al., 2022) [57]
	✓
	✓
	✓
	✓
	✓
	
	
	✓
	✓
	✓
	
	Low



	(Cai et al., 2019) [58]
	✓
	✓
	
	✓
	✓
	
	
	✓
	
	✓
	
	Moderate



	(Cruz-Bastida et al., 2022) [59]
	✓
	
	
	
	✓
	✓
	
	✓
	
	✓
	
	Moderate



	(M. Jiang et al., 2022) [60]
	✓
	
	
	✓
	✓
	
	✓
	
	✓
	✓
	
	Moderate
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	Criteria
	Objective
	Model
	Language
	Dataset Size
	Accuracy (Some Expressed by Other Properties)
	Interpretable Methods





	(Cui et al., 2022) [16]
	Detect sleep status
	CNN
	English
	2022
	Accuracy of 73.22%
	CAM



	(J. Li et al., 2022) [17]
	Diabetic tongue image classification method
	ViT
	English
	732
	87.8% (best), 84.4% (average)
	Grad-CAM



	(Penso et al., 2023) [18]
	Multiplanar reconstruction image for classification of coronary artery lesions
	Res2Net
	English
	288
	0.87
	Grad-CAM



	(Zhang et al., 2022) [19]
	Early diagnosis of Alzheimer’s disease (AD)
	DNN
	English
	1407
	Enhances performance over existing models
	Grad-CAM



	(Niranjan et al., 2023) [20]
	Localize the part of the lesion on the CT scan
	VGG-16
	English
	14,000
	0.9851
	GradCam and Guided GradCam



	(Shorfuzzaman et al., 2021) [21]
	Classification of diabetic retinopathy (DR).
	CNN
	English
	5590
	0.97
	Grad-CAM



	(Oztekin et al., 2023) [22]
	End-to-end caries detection
	EfficientNet-B0, DenseNet-121, ResNet-50
	English
	13,870
	92%/ResNet-50 achieves the highest accuracy with a sensitivity of 87.33% and an FL score of 91.61%.
	Grad-CAM



	(Ruengchaijatuporn et al., 2022) [23]
	Detecting mild cognitive impairment
	VGG16
	English
	918
	0.75 (baseline) to 0.81,

F1-score improved from 0.36 to 0.65.
	Grad-CAM



	(Krishna et al., 2023) [24]
	Classification of histopathology images
	ABN-DCN
	English
	9109
	98.7% accuracy/3%–4% performance boost
	CAM



	(A. Singh et al., 2023) [25]
	Obvious and less obvious occult scaphoid fractures can be detected using plain wrist radiographs
	CNN
	English
	525
	85% sensitivity, 91% specificity, 90% accuracy, and an F1-score of 0.88 AUC
	Grad-CAM



	(Khan et al., 2020) [26]
	Application of CNN models in automatic detection of tympanic membrane (TM) and middle ear (ME) infections
	CNN
	English
	2484
	0.95
	CAM



	(Vafaeezadeh et al., 2022) [27]
	Automatic mitral valve classification using echocardiographic images
	ResNeXt50
	English
	1773
	80%
	Grad-CAM



	(Woo et al., 2023) [28]
	Five-category sleep stage classification using images generated from temporal signal displays of the PSG dataset
	CNN

LSTM
	English
	/
	0.83
	CAM



	(Kim et al., 2021) [29]
	Detect cerebral hemorrhages and their locations
	ResNet
	English
	200
	Accuracy of 0.81 with a sensitivity of 0.67 and specificity of 0.86.
	Grad-CAM



	(Baseri Saadi et al., 2022) [30]
	Automated classification of normal, affected, and osteonecrosis mandibular trabecular bone patterns
	CNN
	English
	402
	0.96
	Grad-CAM



	(Khan et al., 2022) [31]
	Classification of COVID-19 from the chest X-ray images
	EfficientNet and VGG16/Whales-Elephants
	English
	10,000
	Accuracies of 99.1, 98.2, and 96.7%
	Grad-CAM



	(Hamza et al., 2022) [32]
	Classification of COVID-19 from the chest X-ray images
	DCNN/BO
	English
	6000
	The highest is 99.4%
	Grad-CAM



	(Suri et al., 2022) [33]
	COVID-19 lung diagnosis
	DenseNet—121, DenseNet—169 and DenseNet—201
	English
	6000
	0.96 (dice similarity),

0.93 (Jaccard index), 0.99 (correlation coefficient), 95.99% (figure-of-merit)
	Grad-CAM, Grad-CAM++, Score-CAM, FasterScore-CAM



	(Lombardo et al., 2022) [34]
	Predicts HPV-status and allows patient-specific identification
	CNN-DeepClassPathway
	English
	300
	0.96 (ROC-AUC), 0.90 (PR-AUC)
	Grad-CAM



	(Toğaçar et al., 2022) [35]
	Classification of COVID-19 from the chest X-ray images
	ResNet
	English
	1500
	0.9962
	Grad-CAM



	(Hadj Bouzid et al., 2021) [36]
	Classification of COVID-19 from the chest X-ray images
	CNN

ResNet 50+EfficientNetb7+DenseNet 161
	English
	36,000
	More than 92% accuracy
	Grad-CAM and Fast-CAM



	(Yang et al.,

2023) [37]
	Detect Parkinson’s disease
	3D ResNet
	English
	259
	96.1
	Grad-CAM



	(Y. Li et al., 2020) [38]
	Intent identification and channel selection
	RNN
	English
	1500
	97.36% at the full channel; decoding performance of 92.31%
	Grad-CAM



	(Ho & Ding, 2022) [39]
	Electrocardiogram (ECG) to differentiate post-stroke from non-stroke
	DNN
	English
	35,000
	The stroke model is about 90% accurate with an ROC area of 0.95
	Grad-CAM



	(Mukhtorov et al., 2023) [40]
	Improve the diagnostic accuracy of endoscopic examinations
	ResNet-152
	English
	8000
	89.29% to 93.46%
	Grad-CAM, Hires-CAM, Layer-CAM Grad-CAM++, Xgrad-CAM, Score-CAM



	(Taniguchi et al., 2021) [41]
	Diagnosis of atrial fibrillation
	CNN
	English
	57,273
	0.953
	Grad-CAM



	(Ganeshkumar et al., 2021) [42]
	Multi-label classification of ECG signals
	CNN
	English
	6300
	0.962
	Grad-CAM



	(Jahmunah et al., 2022) [43]
	Classification according to location of myocardial involvement
	DenseNet and CNN
	English
	209
	More than 95%
	Grad-CAM



	(Chetoui & Akhloufi,

2020) [44]
	Diagnosis of diabetic retinopathy (DR).
	CNN/Inception-Resnet-v2
	English
	90,000
	(AUC) of 0.986, sensitivity = 0.958, and specificity = 0.971
	Grad-CAM



	(Deperlioglu et al., 2022) [45]
	Diagnosis of glaucoma
	CNN
	English
	781
	93.5%
	CAM



	(Draelos & Carin, 2022) [46]
	Explainable multiple abnormality classification in volumetric medical images
	AxialNet
	English
	36,316
	Imaging renderings/improved by 33% for abnormal organ positioning
	HiResCAM



	(Islam et al., 2022) [47]
	Diagnosis of malaria parasites in blood cell images
	CNN
	English
	27,588
	0.9641
	Grad-CAM



	(Hossain et al., 2022) [48]
	Diagnosing Lyme disease from images
	23 CNN models
	English
	1672
	84.42% ± 1.36 (accuracy)

0.9189% (AUC)

83.1% (precision),

87.93% (sensitivity)

80.65% ± 3.59 (specificity)
	Grad-CAM



	(P. Singh & Sharma,

2022) [49]
	Explainable electrocardiogram (ECG) signal analysis
	DL
	English
	107,038
	/
	K-GradCam



	(Choi & Lee, 2023) [50]
	Classification of lung diseases
	CNN
	English
	1021
	92.56%
	Grad-CAM



	(Altuve & Pérez, 2022) [51]
	Detection of cerebral hemorrhage (ICH).
	ResNet-18
	English
	200
	0.9593
	Grad-CAM



	(Dabass et al., 2022) [52]
	Clinical gland morphometric information and cancer grade classification
	U-Net
	English
	10,165
	Highest accuracy rate of 99.97% for cancer classification
	Grad-CAM



	(Afify et al., 2023) [53]
	Predicting oral squamous cell carcinoma (OSCC) histopathology images
	ResNet-101/EfficientNet-b0
	English
	1224
	95.65%
	Grad-CAM



	(A P et al., 2021) [54]
	Computer-aided classification of retinal disorders from normal retinal OCT images
	CNN
	English
	83,484
	99.69% (accuracy)

99.69% (specificity)

99.69% (sensitivity)
	Grad-CAM



	(Shabanpour et al., 2022) [55]
	EEG data analysis
	DCNN
	English
	90
	0.61
	Grad-CAM



	(H. Li et al., 2022) [56]
	Explainable diabetic retinopathy grade imbalance
	CNN/Resnxt-50
	English
	90,450
	More than 95%
	Grad-CAM



	(Lin et al., 2022) [57]
	Classification of schizophrenia using phase maps
	CNN
	English
	82
	SSP achieves better performance than SSM
	Grad-CAM



	(Cai et al., 2019) [58]
	Accurate MD image classification
	CNN
	English
	68
	0.917
	ICAM



	(Cruz-Bastida et al., 2022) [59]
	Predict anatomical categories based on a single X-ray projection
	VGG-16
	English
	6850
	Sensitivity ≥91% for head, neck, and thorax classes, and ≥82% for abdomen and pelvis classes.
	Grad-CAM



	(M. Jiang et al., 2022) [60]
	Automatic arrhythmias classification
	Resnet
	English
	6877
	0.821 (F1-score)
	Grad-CAM++










 





Table 3. The areas of diseases in the included studies.






Table 3. The areas of diseases in the included studies.





	Medical Area
	Related Diseases
	Quantity





	Cardiovascular Diseases
	Atrial fibrillation and myocardial infarction, classification of heart valves, coronary artery disease
	10



	Pulmonary Diseases
	Lung disease
	7



	Ophthalmic Diseases
	Diabetic retinopathy
	6



	Orthopedic Conditions
	Fractures
	2



	Immunology/Infectious Diseases
	HIV and AIDS (MIC and AD)
	2



	Cancer
	HPV-related head and neck cancer, oral squamous cell carcinoma, breast cancer
	3



	Neurological Diseases
	Parkinson’s disease (PD), mental disorders
	3



	Neurosurgery
	Intracerebral hemorrhage (ICH)
	2



	Infectious Diseases
	Coronavirus, Lyme disease, malaria
	4



	Musculoskeletal Disorders
	Muscular dystrophy
	1



	Oral Health
	Dental caries
	1



	Sleep Disorders
	Sleep assessment
	1



	Gastrointestinal Diseases
	Gastric cancer/endoscopic image classification
	1



	Clinical Disease Research
	Clinical gland morphometric information
	1



	Ear, Nose, and Throat Diseases
	Middle ear (ME) infection
	1










 





Table 4. Performance metrics.
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	Article Citation
	Sensitivity
	Specificity
	F1-Score
	AUC
	IoU





	(Penso et al., 2023) [18]
	90
	/
	/
	/
	/



	(Niranjan et al., 2023) [20]
	/
	/
	/
	/
	59.5



	(Shorfuzzaman et al., 2021) [21]
	98
	/
	/
	97.8
	/



	(Oztekin et al., 2023) [22]
	87.33
	/
	91.61
	/
	/



	(Ruengchaijatuporn et al., 2022) [23]
	/
	/
	65
	84
	/



	(A. Singh et al., 2023) [25]
	85
	91
	/
	88
	/



	(Kim et al., 2021) [29]
	67
	86
	/
	/
	/



	(Baseri Saadi et al., 2022) [30]
	/
	98
	93
	/
	/



	(Suri et al., 2022) [33]
	/
	/
	/
	99
	/



	(Lombardo et al., 2022) [34]
	/
	/
	/
	96
	/



	(Taniguchi et al., 2021) [41]
	97.1
	/
	93.1
	/
	/



	(Ganeshkumar et al., 2021) [42]
	/
	/
	96.7
	/
	/



	(Chetoui & Akhloufi, 2020) [44]
	95.8
	97.1
	/
	98.6
	/



	(Deperlioglu et al., 2022) [45]
	97.7
	92.6
	95.7
	95.1
	/



	(Islam et al., 2022) [47]
	/
	/
	96.44
	99.11
	/



	(Hossain et al., 2022) [48]
	87.93 ± 1.47
	80.65 ± 3.59
	/
	91.89 ± 01.15
	/



	(Choi & Lee, 2023) [50]
	92.22
	98.5
	92.29
	/
	/



	(Altuve & Pérez, 2022) [51]
	95.65
	96.2
	95.91
	/
	/



	(A P et al., 2021) [54]
	99.69
	/
	/
	/
	/



	(Cruz-Bastida et al., 2022) [59]
	91
	/
	/
	/
	/



	(Jiang et al., 2022) [60]
	/
	/
	82.1
	/
	/










 





Table 5. Comparison of model performance of BT datasets.
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	Classification
	Model
	Accuracy
	Precision
	Recall
	F1 Score





	glioma_tumor
	DenseNet121
	0.85
	0.98
	0.42
	0.59



	meningioma_tumor
	DenseNet121
	0.91
	0.76
	0.99
	0.86



	no_tumor
	DenseNet121
	0.93
	0.78
	1
	0.88



	pituitary_tumor
	DenseNet121
	0.97
	0.97
	0.88
	0.92



	AVERAGE
	DenseNet121
	0.915
	0.8725
	0.8225
	0.8125



	glioma_tumor
	EfficientNet_b3
	0.86
	1
	0.44
	0.61



	meningioma_tumor
	EfficientNet_b3
	0.9
	0.74
	1
	0.85



	no_tumor
	EfficientNet_b3
	0.93
	0.79
	1
	0.88



	pituitary_tumor
	EfficientNet_b3
	0.97
	1
	0.84
	0.91



	AVERAGE
	EfficientNet_b3
	0.915
	0.8825
	0.82
	0.8125



	glioma_tumor
	GoogleNet
	0.84
	1
	0.38
	0.55



	meningioma_tumor
	GoogleNet
	0.89
	0.72
	1
	0.84



	no_tumor
	GoogleNet
	0.94
	0.81
	1
	0.9



	pituitary_tumor
	GoogleNet
	0.98
	1
	0.92
	0.96



	AVERAGE
	GoogleNet
	0.9125
	0.8825
	0.825
	0.8125



	glioma_tumor
	ResNet50
	0.82
	1
	0.28
	0.44



	meningioma_tumor
	ResNet50
	0.86
	0.68
	1
	0.81



	no_tumor
	ResNet50
	0.94
	0.81
	1
	0.89



	pituitary_tumor
	ResNet50
	0.98
	1
	0.91
	0.95



	AVERAGE
	ResNet50
	0.9
	0.8725
	0.7975
	0.7725










 





Table 6. Comparison of model performance of chest X-ray dataset.
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	Classification
	Model
	Accuracy
	Precision
	Recall
	F1 Score





	normal
	DenseNet121
	0.97
	0.99
	0.92
	0.95



	pneumonia
	DenseNet121
	0.97
	0.96
	0.99
	0.97



	AVERAGE
	DenseNet121
	0.97
	0.975
	0.955
	0.96



	normal
	EfficientNet_b3
	0.95
	0.98
	0.89
	0.93



	pneumonia
	EfficientNet_b3
	0.95
	0.94
	0.99
	0.96



	AVERAGE
	EfficientNet_b3
	0.95
	0.96
	0.94
	0.95



	normal
	GoogleNet
	0.96
	0.99
	0.9
	0.94



	pneumonia
	GoogleNet
	0.96
	0.94
	0.99
	0.97



	AVERAGE
	GoogleNet
	0.96
	0.97
	0.95
	0.955



	normal
	ResNet50
	0.97
	0.97
	0.96
	0.96



	pneumonia
	ResNet50
	0.97
	0.97
	0.98
	0.98



	AVERAGE
	ResNet50
	0.97
	0.97
	0.97
	0.97










 





Table 7. Comparison of model performance of Brest dataset.
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	Classification
	Model
	Accuracy
	Precision
	Recall
	F1 Score





	benign
	DenseNet121
	0.78
	0.92
	0.67
	0.77



	malignant
	DenseNet121
	0.83
	0.62
	0.91
	0.74



	normal
	DenseNet121
	0.93
	0.76
	0.89
	0.82



	AVERAGE
	DenseNet121
	0.8467
	0.7667
	0.8233
	0.7767



	benign
	EfficientNet_b3
	0.74
	0.88
	0.62
	0.73



	malignant
	EfficientNet_b3
	0.77
	0.54
	0.91
	0.68



	normal
	EfficientNet_b3
	0.94
	0.88
	0.75
	0.75



	AVERAGE
	EfficientNet_b3
	0.8167
	0.7667
	0.76
	0.72



	benign
	GoogleNet
	0.75
	0.88
	0.63
	0.74



	malignant
	GoogleNet
	0.8
	0.59
	0.91
	0.71



	normal
	GoogleNet
	0.9
	0.69
	0.71
	0.7



	AVERAGE
	GoogleNet
	0.8167
	0.72
	0.75
	0.7167



	benign
	ResNet50
	0.75
	0.95
	0.58
	0.72



	malignant
	ResNet50
	0.78
	0.56
	0.95
	0.71



	normal
	ResNet50
	0.93
	0.75
	0.86
	0.8



	AVERAGE
	ResNet50
	0.82
	0.7533
	0.7967
	0.7433










 





Table 8. Comparison of model performance of DR datasets.
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	Classification
	Model
	Accuracy
	Precision
	Recall
	F1 Score





	0
	DenseNet121
	0.86
	0.87
	0.96
	0.91



	1
	DenseNet121
	0.93
	0.25
	0.02
	0.04



	2
	DenseNet121
	0.89
	0.64
	0.6
	0.62



	3
	DenseNet121
	0.97
	0.48
	0.48
	0.48



	4
	DenseNet121
	0.99
	0.78
	0.52
	0.62



	AVERAGE
	DenseNet121
	0.928
	0.604
	0.516
	0.534



	0
	EfficientNet_b3
	0.86
	0.85
	0.98
	0.91



	1
	EfficientNet_b3
	0.93
	0.34
	0.03
	0.05



	2
	EfficientNet_b3
	0.89
	0.68
	0.56
	0.61



	3
	EfficientNet_b3
	0.98
	0.58
	0.29
	0.38



	4
	EfficientNet_b3
	0.99
	0.83
	0.55
	0.66



	AVERAGE
	EfficientNet_b3
	0.93
	0.656
	0.482
	0.522



	0
	GoogleNet
	0.8
	0.85
	0.98
	0.91



	1
	GoogleNet
	0.93
	0.38
	0.03
	0.06



	2
	GoogleNet
	0.88
	0.64
	0.53
	0.58



	3
	GoogleNet
	0.98
	0.49
	0.26
	0.34



	4
	GoogleNet
	0.99
	0.85
	0.43
	0.57



	AVERAGE
	GoogleNet
	0.916
	0.642
	0.446
	0.492



	0
	ResNet50
	0.87
	0.87
	0.97
	0.92



	1
	ResNet50
	0.93
	0.5
	0.02
	0.03



	2
	ResNet50
	0.89
	0.64
	0.63
	0.63



	3
	ResNet50
	0.98
	0.57
	0.29
	0.39



	4
	ResNet50
	0.99
	0.78
	0.54
	0.64



	AVERAGE
	ResNet50
	0.932
	0.672
	0.49
	0.522










 





Table 9. Comparison of model performance of HAM datasets.






Table 9. Comparison of model performance of HAM datasets.





	Classification
	Model
	Accuracy
	Precision
	Recall
	F1 Score





	MEL
	DenseNet121
	0.98
	0.66
	0.7
	0.68



	NV
	DenseNet121
	0.99
	0.85
	0.9
	0.87



	BCC
	DenseNet121
	0.97
	0.88
	0.8
	0.83



	AKIEC
	DenseNet121
	1
	0.82
	0.78
	0.8



	BKL
	DenseNet121
	0.97
	0.9
	0.8
	0.85



	DF
	DenseNet121
	0.96
	0.96
	0.98
	0.97



	VASC
	DenseNet121
	1
	1
	0.86
	0.93



	AVERAGE
	DenseNet121
	0.9814
	0.8671
	0.8314
	0.8471



	MEL
	EfficientNet_b3
	0.98
	0.7
	0.71
	0.71



	NV
	EfficientNet_b3
	0.99
	0.89
	0.9
	0.89



	BCC
	EfficientNet_b3
	0.97
	0.88
	0.8
	0.84



	AKIEC
	EfficientNet_b3
	1
	0.8
	0.87
	0.83



	BKL
	EfficientNet_b3
	0.96
	0.86
	0.8
	0.86



	DF
	EfficientNet_b3
	0.95
	0.95
	0.98
	0.97



	VASC
	EfficientNet_b3
	1
	0.96
	0.86
	0.91



	AVERAGE
	EfficientNet_b3
	0.9786
	0.8629
	0.8457
	0.8586



	MEL
	GoogleNet
	0.98
	0.78
	0.64
	0.7



	NV
	GoogleNet
	0.98
	0.8
	0.88
	0.84



	BCC
	GoogleNet
	0.96
	0.86
	0.75
	0.8



	AKIEC
	GoogleNet
	1
	0.82
	0.78
	0.8



	BKL
	GoogleNet
	0.96
	0.84
	0.79
	0.81



	DF
	GoogleNet
	0.95
	0.94
	0.98
	0.96



	VASC
	GoogleNet
	1
	1
	0.83
	0.91



	AVERAGE
	GoogleNet
	0.9757
	0.8629
	0.8071
	0.8314



	MEL
	ResNet50
	0.98
	0.77
	0.76
	0.76



	NV
	ResNet50
	0.99
	0.88
	0.88
	0.88



	BCC
	ResNet50
	0.97
	0.9
	0.85
	0.87



	AKIEC
	ResNet50
	1
	1
	0.74
	0.85



	BKL
	ResNet50
	0.96
	0.87
	0.79
	0.83



	DF
	ResNet50
	0.96
	0.95
	0.98
	0.97



	VASC
	ResNet50
	1
	0.9
	0.9
	0.9



	AVERAGE
	ResNet50
	0.98
	0.8957
	0.8429
	0.8657










 





Table 10. Comparison of Different CAM Methods.
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	Technique
	Description
	Requires Network Modification





	Grad-CAM
	Uses convolutional layer gradients to create heatmaps, highlighting crucial image regions for decision-making.
	No



	GradCAM++
	Improved Grad-CAM with refined localization and gradient weighting for multi-class tasks.
	No



	XGradCAM
	Adjusts Grad-CAM gradients and activation maps for better consistency and interpretability.
	No



	Ablation-CAM
	Generates activation maps by ablating convolutions; focuses on feature importance for decision-making.
	Yes



	EigenCAM
	Uses PCA for gradient-independent visualization of key features in convolutional layers.
	No



	EigenGradCAM
	Hybrid of EigenCAM’s PCA and Grad-CAM’s gradients for comprehensive activation maps.
	Yes



	LayerCAM
	Accumulates information across layers for a broader perspective on model decisions.
	No



	FullGrad
	Combines input image gradients and convolutions for detailed class activation maps.
	Yes










 





Table 11. Average IoU results of eight explainable methods.
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	GradCAM
	GradCAM++
	XGradCAM
	AblationCAM
	EigenCAM
	EigenGradCAM
	LayerCAM
	FullGrad





	DenseNet121-a
	0.29
	0.269
	0.178
	0.297
	0.36
	0.372
	0.24
	0.085



	EfficientNet_b3-a
	0.307
	0.266
	0.307
	0.295
	0.005
	0.007
	0.239
	0.273



	GoogleNet-a
	0
	0
	0
	0.011
	0.181
	0.192
	0
	\



	ResNet50-a
	0.27
	0.263
	0.27
	0.271
	0.26
	0.269
	0.254
	0.192



	DenseNet121-b
	0.376
	0.599
	0.369
	0.457
	0.566
	0.594
	0.587
	0.651



	EfficientNet_b3-b
	0.46
	0.471
	0.46
	0.471
	0.039
	0.046
	0.495
	0.762



	GoogleNet-b
	0.132
	0.174
	0.132
	0.133
	0.056
	0.094
	0.211
	\



	ResNet50-b
	0.023
	0.244
	0.023
	0.036
	0.017
	0.019
	0.376
	0.455
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