

[image: Mapping the landscape of artificial intelligence in skin cancer research: a bibliometric analysis]
Mapping the landscape of artificial intelligence in skin cancer research: a bibliometric analysis





SYSTEMATIC REVIEW

published: 13 October 2023

doi: 10.3389/fonc.2023.1222426

[image: image2]


Mapping the landscape of artificial intelligence in skin cancer research: a bibliometric analysis


Qianwei Liu 1, Jie Zhang 2 and Yanping Bai 1,3*


1 Graduate School, Beijing University of Chinese Medicine, Beijing, China, 2 Library, Chengdu University of Traditional Chinese Medicine, Chengdu, Sichuan, China, 3 Department of Dermatology, China-Japan Friendship Hospital, Beijing, China




Edited by: 

Mohamad Goldust, Yale University, United States

Reviewed by: 

Mara Giavina-Bianchi, Albert Einstein Israelite Hospital, Brazil

Nathaniel James Siebert Ashby, Harrisburg University of Science and Technology, United States

Andrea Miatton, University of Padua, ItalyClaudia Cozzolino, University of Padua, Padua, Italy

in collaboration with reviewer AM

*Correspondence: 

Yanping Bai
 zhi@tsinghua.edu.cn


Received: 14 May 2023

Accepted: 18 September 2023

Published: 13 October 2023

Citation:
Liu Q, Zhang J and Bai Y (2023) Mapping the landscape of artificial intelligence in skin cancer research: a bibliometric analysis. Front. Oncol. 13:1222426. doi: 10.3389/fonc.2023.1222426






Objective

Artificial intelligence (AI), with its potential to diagnose skin cancer, has the potential to revolutionize future medical and dermatological practices. However, the current knowledge regarding the utilization of AI in skin cancer diagnosis remains somewhat limited, necessitating further research. This study employs visual bibliometric analysis to consolidate and present insights into the evolution and deployment of AI in the context of skin cancer. Through this analysis, we aim to shed light on the research developments, focal areas of interest, and emerging trends within AI and its application to skin cancer diagnosis.





Methods

On July 14, 2023, articles and reviews about the application of AI in skin cancer, spanning the years from 1900 to 2023, were selected from the Web of Science Core Collection. Co-authorship, co-citation, and co-occurrence analyses of countries, institutions, authors, references, and keywords within this field were conducted using a combination of tools, including CiteSpace V (version 6.2. R3), VOSviewer (version 1.6.18), SCImago, Microsoft Excel 2019, and R 4.2.3.





Results

A total of 512 papers matching the search terms and inclusion/exclusion criteria were published between 1991 and 2023. The United States leads in publications with 149, followed by India with 61. Germany holds eight positions among the top 10 institutions, while the United States has two. The most prevalent journals cited were Cancer, the European Journal of Cancer, and Sensors. The most frequently cited keywords include “skin cancer”, “classification”, “artificial intelligence”, and “deep learning”.





Conclusions

Research into the application of AI in skin cancer is rapidly expanding, and an increasing number of scholars are dedicating their efforts to this field. With the advancement of AI technology, new opportunities have arisen to enhance the accuracy of skin imaging diagnosis, treatment based on big data, and prognosis prediction. However, at present, the majority of AI research in the field of skin cancer diagnosis is still in the feasibility study stage. It has not yet made significant progress toward practical implementation in clinical settings. To make substantial strides in this field, there is a need to enhance collaboration between countries and institutions. Despite the potential benefits of AI in skin cancer research, numerous challenges remain to be addressed, including developing robust algorithms, resolving data quality issues, and enhancing results interpretability. Consequently, sustained efforts are essential to surmount these obstacles and facilitate the practical application of AI in skin cancer research.
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1 Introduction

Artificial intelligence (AI) entails the development of computer systems capable of performing tasks typically requiring human intelligence, such as learning, decision-making, perception, and reasoning. AI systems powered by complex algorithms can execute tasks with human-like intelligence and analyze extensive datasets, rendering AI a promising healthcare research realm (1). Its potential to revolutionize medical practice has garnered significant interest, particularly in medical diagnosis, medical statistics, robotics, and human biology (2). The impact of AI on medicine is particularly pronounced in medical imaging, where widely employed deep-learning methods, such as artificial neural networks (ANNs), play a pivotal (3). Numerous studies have showcased AI’s remarkable capacity to diagnose and treat various clinical diseases by analyzing medical images (4). With its immense potential to transform healthcare, AI stands ready to become a formidable tool for medical professionals.

Skin cancer poses a significant global public health challenge, ranking among the most prevalent cancers. With a rising incidence and substantial morbidity, skin cancer has increasingly captured the attention of the medical and scientific communities. According to Global Cancer Statistics in 2020, skin cancer accounted for 1,198,073 new cases annually, constituting 6.2% of all new cancer cases (5). It is most prevalent among Caucasians due to their lighter skin tones and lower melanin content, which provides less protection against the harmful effects of ultraviolet radiation, consequently elevating their susceptibility to cancer (6). High-confidence data indicate that, in the future, environmental factors and an aging population will further increase skin cancer prevalence worldwide. The incidence rate in Europe and the United States is projected to rise to 40–50 cases per 100,000 individuals per year in the next few decades (7). Two common types of skin cancer are melanoma skin cancer and non-melanoma skin cancer (NMSC). Melanoma is the most lethal form of skin cancer, while NMSC encompasses basal cell carcinoma (BCC), squamous cell carcinoma (SCC), and other variants (8). Several risk factors can elevate the likelihood of developing skin cancer, including exposure to ultraviolet radiation (9–11), a family history of the disease (12), and immunosuppression (13–15). Skin cancer originates from the abnormal proliferation of skin cells. Broadly categorized into melanoma and non-melanoma types, it encompasses malignant melanoma, SCC, and BCC. Although non-melanoma skin cancers are typically surgically curable and non-lethal, dermatologists occasionally face challenges distinguishing between benign and malignant melanoma, posing a significant clinical diagnosis challenge (16). In recent years, the application of AI in dermatology has garnered growing attention and demonstrated substantial potential for enhancing the precision and efficiency of skin cancer diagnosis (17, 18). Several AI-based systems, including deep convolutional neural networks (CNNs) (19), support vector machines, and random forest classifiers (20), have achieved remarkable diagnostic accuracy and can assist dermatologists in their clinical practice.

The field of AI in dermatology is rapidly evolving, with new research regularly published. Without a comprehensive understanding of the latest developments and research trends, researchers may overlook critical findings that could shape their work. Bibliometric analysis provides a powerful tool for scrutinizing the vast literature in skin cancer research and pinpointing essential research hotspots. By examining publication patterns, citation trends, and research collaborations, bibliometric studies offer valuable insights into the current state of research and guide future studies. Furthermore, bibliometric analysis helps identify knowledge gaps, highlighting areas requiring further investigation and informing decision-making in clinical practice (21). Overall, it is a crucial tool for staying updated on the advances in AI research in dermatology and advancing our comprehension of this critical field.

In this study, we conducted bibliometric analysis to identify the countries, institutions, authors, and journals most highly cited and published in the field of AI for skin cancer. We collected literature data from various databases, focusing on the challenges of clinically translating AI in skin cancer. The primary objective of this study was to offer a comprehensive overview of AI’s application and progress in skin cancer research from 1900 to the present. Through bibliometric analysis, we aimed to pinpoint current research advancements, research hotspots, and emerging trends in the field of AI for skin cancer. The findings of this study hold immense value for new researchers, providing insights into the current state of skin cancer research and highlighting areas warranting further investigation.




2 Materials and methods



2.1 Paper selection

On July 14, 2023, we retrieved all citation data published between January 1, 1900, and July 14, 2023, from the Web of Science Core Collection (WoSCC). We selected WoSCC because it serves as a comprehensive and standardized collection of databases widely utilized in academic circles (22). It encompasses a broader range of research fields than PubMed and spans research from 1900 to the present. This analysis focuses on articles published from 1900 to 2023 in peer-reviewed journals. The detailed search string can be found in Figure 1. The document type included articles and reviews. We gathered essential data for each publication, including the title, abstract, authors, institution, country or region, journal, keywords, and references.




Figure 1 | Frame flow diagram for the detailed selection criteria and bibliometric analysis steps of applying AI to the study of skin cancer in the Web of Science Core Collection database. AI, artificial intelligence.






2.2 Data exclusion

Unpublished documents and document types other than articles were excluded. The citation data were downloaded on July 14, 2023, and some 2022 documents included by WoSCC were not published. Thus, they were excluded from this study. Data with document types other than articles, such as procedures, papers, review articles, meeting abstracts, early access, editorial materials, book chapters, letters, corrections, data papers, books, and retracted publications, were also excluded. Figure 1 presents the detailed search, exclusion, and analysis processes.




2.3 Data analysis

This study employed bibliometric analysis to explore global research trends in the application of AI in skin cancer. Collaborative networks among countries, institutions, journals, keywords, and research categories were analyzed and visualized using CiteSpace (version 6.2. R3), VOSviewer (version 1.6.18), SCImago, Microsoft Excel 2019, and R 4.2.3. The study collected citation data, encompassing the yearly publication count, countries, institutes, journals, and keywords.





3 Results

In this section, to understand the current research status and elucidate the broader research landscape, we analyzed annual publication counts, citation trends, publication research categories, and journal preferences. To contextualize the evolution and identify pivotal research themes, we explore the primary contributing authors, countries or regions, and institutions, including their collaborative relationships. We conducted a frequency analysis of critical terms and dynamic keyword analyses to pinpoint research hotspots and reveal future development trends.



3.1 Article distribution by publication year

The literature retrieval revealed that research on AI in this topic commenced in 1991. Between 1991 and 2023, 512 papers have been published, allowing us to identify publication trends related to AI in skin cancer research (see Figure 2). Studies in this area have been steadily increasing, signifying the establishment of a significant research trend. The annual number of publications in this field has been on the rise, particularly after 2016, experiencing a rapid surge, reaching 159 publications in 2020. This suggests that this research field has garnered increasing attention from researchers in recent years, emerging as a focal point.




Figure 2 | Trends in the number of publications on applying artificial intelligence to the study from 1991 to 2023.






3.2 Analysis of authors and co-cited authors

A total of 2,539 authors and 13,055 co-cited authors were included in the study. Table 1 lists the top 10 most productive authors, with Brinker, Titus J, Hekler Achim, and Schadendorf Dirk ranking as the top 3 authors, with 20, 17, and 16 articles, respectively.


Table 1 | The 10 most productive authors of publications researching the use of AI in skin cancer.



According to Price’s law, the minimum number of papers that core authors should publish in a specific field is represented by N, where N = 0.749 × ηmax 1/2. Here, ηmax is the number of publications by the most prolific author. VOSviewer statistics indicate that ηmax = 20, leading to an approximate value of 3. Hence, authors who have published over three papers are considered core authors. A total of 73 core authors have collectively contributed to 307 papers, meeting the 50% standard proposed by Price. Consequently, it can be inferred that a relatively stable cooperative group of authors has coalesced within this field. CiteSpace was employed to visualize the co-authorship map of authors (see Figure 2), and the co-occurrence map of authors’ cooperation network is presented in Figure 3A.




Figure 3 | (A) Co-occurrence map of authors’ cooperation network. (B) The cooperation of countries/regions contributed to publications.






3.3 Countries or regions and institutes

We identified 70 countries or regions with published studies on skin cancer; an overview of the collaboration among these entities is presented in Figure 3B, and the top 10 countries are detailed in Table 2. The United States leads in the number of studies published (149), followed by India (61), Germany (57), and China (48). Figure 3B highlights the intricate and robust collaborative relationships among different countries. We employed the CiteSpace platform to assess the centrality of countries. As indicated by the color gradient, the bold yellow line in Figure 3B represents the most recent partnerships between countries. The size of each circle corresponds to its centrality, with larger circles indicating higher centrality values. The various colored lines connecting the nodes represent collaborations in different years between countries or institutions. The United States (centrality = 0.33), Germany (centrality = 0.25), and China (centrality = 0.21) exhibit extensive collaboration with other countries.


Table 2 | Top 10 countries/regions.



We identified 1,127 institutions contributing to this field, with the top 10 listed in Table 3. Ruprecht Karls University Heidelberg (26) leads, followed by the Helmholtz Association (25), the German Cancer Research Center (DKFZ) (24), and the Memorial Sloan Kettering Cancer Center (22). Data analysis revealed that eight of the top 10 institutions are located in Germany, while the remaining two are in the United States. Figure 4 illustrates the cooperative relationships among institutions, indicating that the collaboration is both widespread and partly concentrated.


Table 3 | Top 10 relevant institutions.






Figure 4 | The cooperation of institutions contributed to publications.



It is evident that there is a need to strengthen both intra-regional and international exchanges and cooperation. The findings indicate that medical colleges and hospitals constituted a relatively significant proportion within the research domain, serving as the primary drivers of research and publication. Inter-institutional collaboration is predominantly confined to local regions, with limited cross-regional cooperation observed. These results underscore the importance of future teams avoiding singular institutional or regional focus and, instead, emphasizing enhanced inter-team collaboration.




3.4 Journals

In any research field, the referential relationships among academic journals typically reflect knowledge exchange, citing studies representing knowledge frontiers and referenced studies forming the knowledge foundation. Table 4 displays the top 10 citing journals, with the most frequently cited journals in the included references being Cancer (21 citations), Diagnostics (19 citations), and the European Journal of Cancer (17 citations).


Table 4 | Top 10 citing references on the application of AI in skin cancer.



Dual-map overlay visualization can illustrate the distribution of papers in each subject, citation trajectory, the center of gravity shifts, and other relevant information (23). Figure 5 presents a dual-map overlay of journals, showcasing citing and cited journals on the left and right, respectively, with citation relationships represented by colored paths.




Figure 5 | Dual-map overlay of journals contributing to publications.



There were primarily four citation paths, with citing papers mainly concentrated in four fields: 1) molecular biology and immunology; 2) medicine, medical, and clinical disciplines; 3) mathematics, systems, and mathematical studies; and 4) dentistry, dermatology, and surgery. The cited papers were mainly situated in four fields: 1) systems, computing, and computer science; 2) molecular biology and genetics; 3) health, nursing, and medicine; and 4) dermatology, dentistry, and surgery.




3.5 Keywords

In a research field, a hot topic is characterized by a high frequency of keywords. In contrast, high-centrality keywords indicate the location and significance of associated research content within that field. To conduct a keyword analysis of global research trends in the application of AI in skin cancer, we retrieved and examined relevant literature to identify the most frequently used keywords.

The top 10 keywords are presented in Table 5, which can be categorized into three topics for further discussion. i) Research subject: “skin cancer” and “melanoma” have the highest frequency of occurrence. This is attributed to melanoma having the highest fatality rate and is one of the most aggressive and lethal forms of cancer, with increasing worldwide incidence in recent decades (24). ii) Research purpose: the keyword “diagnosis”, which first appeared in 1992, reflects the primary objective of applying AI to skin cancer. Meanwhile, the emergence of “classification” and “segmentation” since 2003 indicates more refined objectives in the diagnostic process. The high frequency of these keywords is closely related to developing relevant image-processing algorithms. iii) Research techniques: “machine learning” first appeared in 2003. Machine learning is a significant branch of AI, and strictly speaking, both “deep learning” and “CNN” fall under the umbrella of machine learning algorithms (25). Interestingly, we observed that “neural networks” appeared in related literature as early as 1994, while “deep learning” and “CNN”, derived from this concept, only began to frequently appear decades later, in 2016 and 2019, respectively. This aligns with the trajectory of AI development, where recent innovations in computer hardware technology have revitalized past theories. This insight suggests that future breakthroughs in computer hardware technology may play a critical role in advancing AI for clinical applications in skin cancer diagnosis. However, future research on more generalized AI algorithms applicable to various types of skin cancer diagnosis may hold even greater value.


Table 5 | The top 10 keywords on the application of AI in skin cancer.



Keyword clusters can illustrate the structural system of related research fields. The results of keywords clustering revealed Q = 0.6142 > 0.3 and S = 0.8309 > 0.7 in Figure 6, indicating the significance of the cluster structure and the credibility of the results (26). The timeline map visualizes the number of keywords within each cluster. A cluster’s significance is determined by the number of keywords it contains, and it also reveals the temporal span of keywords within each cluster. This facilitates the examination of the emergence, growth, and decline of specific research clusters, thereby assisting in exploring temporal patterns characterizing the research field represented by these clusters (27). We obtained the timeline view for the 13 clusters in Figure 7, where keywords from the same cluster are placed on the same horizontal line. The chronological occurrence of keywords is positioned at the top of the view, with the timing progressing toward the right. “#2 Artificial intelligence” first appeared in 1992 and was the earliest keyword. The research focused on “#7 Radiomics”, which appeared latest among the 13 clusters. The timeline for “#0 Dermatologists”, “#1 Skin lesions”, “#2 Artificial intelligence”, “#4 Optical coherence tomography”, “#7 Ensemble learning”, “#11 Radiomics”, and “#12 Neural network” indicates that they are closest to 2023. This suggests that these subjects have recently gained more attention and are likely to become research hotspots soon.




Figure 6 | Clustering map of keywords.






Figure 7 | Visualization map of keyword analysis timeline viewer.



The analysis of emerging burst keywords can reflect the changing trends in the field’s hot topics, further supporting the findings of this study. The strength value indicates the frequency of citations. The blue line represents the time interval, while the red line represents the duration of the citation burst. In Figure 8, it is evident that “Pigmented skin lesions”, “Image analysis”, and “Epiluminescence microscopy” exhibited the highest outburst intensity among keywords. Additionally, we identified the emergence of new keywords, depicted by the red grid, with “Feature extraction”, “Algorithms”, “diagnostic accuracy”, “level classification”, superior”, and “texture” being particularly popular from 2019 to 2021. Notably, “Image analysis” had the most extended usage from 2003 to 2019. Our keyword analysis offers valuable insights into the most frequently used and emerging keywords in AI application research for skin cancer.




Figure 8 | Top 20 keywords with the most robust citation bursts of publications on the application of AI in skin cancer. Red indicates the emergence ofkeywords. AI, artificial intelligence.







4 Discussion

To the best of our knowledge, while bibliometrics has been widely utilized to investigate trends in various research domains (28–30), this study can be considered the inaugural, all-encompassing global mapping and analysis of scientific research about AI in the context of skin cancer.



4.1 General data

In this study, 512 papers, meeting the search terms and adhering to the inclusion/exclusion criteria, were published between 1991 and 2023. A corresponding network diagram was constructed for visual analysis, aiming to understand the dynamic evolution process of core researchers, research focal points, and research frontiers in applying AI to skin disease research. This analysis also serves to explore the developmental trends within this field.

i.The consistent year-on-year increase in publications within this field, notably surging after 2016, aligns with the recognition of the open AI ecosystem as one of the 10 most pivotal emerging technologies by the World Economic Forum in the same year. This suggests a significant correlation between these trends (31). There is indeed a correlation between them. The top three authors were Brinker Titus J (20), Hekler Achim (17), and Schadendorf Dirk (16). The United States published the highest number of studies (149), followed by India (61). Germany claims eight positions among the top 10 institutions, while the United States holds two. The most frequently cited journals in the included references were Cancer (21 citations), Diagnostics (19 citations), and European Journal of Cancer (17 citations).

ii.Intra-regional and international exchanges and collaboration must be bolstered. The findings unveiled that medical colleges and hospitals comprised a significant portion of the research domain, acting as the principal driving forces behind research and publication. Inter-institutional collaboration was predominantly confined to local regions, with minimal cross-regional association observed. These results indicate that future teams should endeavor to steer clear of singular institutional or regional focus instead of prioritizing enhanced inter-team collaboration.




4.2 Research status of the implementation of AI in skin cancer

The incidence of skin cancer is progressively rising each year. Despite its comparatively low mortality rate, it continues to place a substantial financial burden on health services. It can lead to severe mental health issues, mainly because most skin cancers manifest in highly conspicuous areas of the body. Due to limited awareness of screening, the absence of distinct lesion characteristics in early-stage skin cancer, and inadequate clinical proficiency and services, most patients receive diagnoses at advanced stages, leading to unfavorable prognoses. Hence, there exists an immediate necessity for AI systems to aid healthcare professionals in this field (32).

AI is a branch of computer science that enables machines to perform human-like tasks through learning from experience (33). Machine learning, a subfield of AI, focuses on training computers to enhance their performance in specific tasks through experiential learning (26). In machine learning, algorithms self-train by directly analyzing data to discern patterns rather than composing software with explicit instructions for a particular task. Two common types of machine learning tasks are supervised and unsupervised learning (34, 35). Supervised learning involves algorithms utilizing labeled training, entails data classification, and programming the relationship between input and output data. Algorithms for classification in supervised learning include ANNs, decision tree networks, support vector machines, and Bayesian networks. Unsupervised learning employs algorithms to discern hidden patterns within datasets, yielding diverse outcomes such as cluster analysis, dimension reduction, and association. Deep learning, a subset of machine learning, is rooted in deep neural network architectures. Natural language processing is another machine learning application that employs software programming to comprehend and manipulate natural language text or speech for practical purposes (33). Currently, AI finds extensive utility in skin cancer across various aspects.



4.2.1 Image analysis, disease prediction, and early diagnosis

AI is pivotal in aiding healthcare professionals in achieving early disease diagnosis and prognosis through computer vision technology. The general steps involved in this process encompass image acquisition, preprocessing, segmentation, feature extraction, and lesion classification. For instance, in the case of skin cancer, diagnosis primarily relies on visual examination. This typically initiates with an initial clinical screening, followed potentially by dermoscopic analysis, biopsy, and histopathological examination (36). Medical image analysis, early diagnosis, and disease forecast: AI’s contribution to early diagnosis and disease prediction is facilitated by computer vision technology. The critical steps in this process include image acquisition, preprocessing, segmentation, feature extraction, and lesion classification (37–39). The process commences with acquiring medical images from various modalities, such as high-resolution photographs of skin lesions, optical endoscopy imaging, optical coherence tomography, photoacoustic imaging, diffuse optical tomography, super-resolution microscopy imaging, Raman spectroscopy imaging, and fluorescence imaging. These images serve as the primary data source for the AI system. Since raw medical images often exhibit defects, several image preprocessing steps are employed to enhance image quality, correct distortions, standardize illumination, and reduce noise. Image segmentation is a critical stage in identifying regions of interest in medical images, where the image is divided into segments corresponding to anatomical structures, lesions, or abnormalities. Techniques like thresholding, area growing, edge detection, or advanced deep methods are utilized for accurate segmentation. Extracting relevant information from segmented regions is crucial for AI systems to make informed decisions. Feature extraction quantifies various aspects of the segmented region, including shape, texture, intensity, and spatial relationships. These extracted features provide a concise representation of essential properties. AI systems leverage machine learning or deep-learning algorithms to classify lesions using the extracted features. These algorithms are trained on diverse datasets, enabling them to classify lesions into different disease categories or predict the likelihood of specific medical conditions (40). A recent study conducted a cross-sectional examination using 100 randomly selected dermoscopic images (comprising 50 melanomas, 44 nevi, and 6 lentigines) from an international computer vision melanoma challenge dataset (n = 379). We utilized five non-learned and machine learning methods to combine individual automated predictions into “fusion” algorithms. Dermatologists exhibited an average sensitivity and specificity of 82% and 59%, respectively. At 82% sensitivity, dermatologists’ specificity was comparable to the top-performing challenge algorithm (59% vs. 62%, p = .68). Still, it was lower than the best-performing fusion algorithm (59% vs. 76%, p = .02). The receiver operating characteristic area of the top fusion algorithm exceeded the mean receiver operating distinct area of dermatologists (0.86 vs. 0.71, p = .001) (39). In a comparative study (41), 4,204 biopsy-proven images of melanoma and nevi (1:1) were employed for training a CNN. Innovative deep-learning techniques were incorporated. For the experiment, an additional 804 biopsy-proven dermoscopic images of melanoma and nevi (1:1) were randomly presented to dermatologists. They evaluated the quality of each image and provided their recommended treatment (amounting to 19,296 recommendations in total). The findings revealed that dermatologists achieved a sensitivity of 67.2% and a specificity of 62.2% in lesion classification. In contrast, the trained CNN demonstrated higher sensitivity at 82.3% and specificity at 77.9%.

AI has emerged as the gold standard for diagnosing histopathological conditions, garnering significant attention in the medical field. Manual interpretation of pathological images is a time-consuming and labor-intensive process. AI can identify subtle lesions that may challenge even experienced pathologists. This not only alleviates the workload on pathologists but also enhances the accuracy of disease diagnosis. In the context of Asian extramammary Paget’s disease (EMPD) pathological image screening, a deep-learning method was developed and validated by HU. This method employs five distinct deep CNNs, namely, ResNet34, ResNet50, MobileNetV2, GoogLeNet, and VGG16. Its primary objective is to differentiate between Paget’s cells and normal cells. A retrospective single-center study demonstrated that the proposed method yields quantitative, rapid, and consistent results. The ResNet34 model outperformed the other, achieving an impressive accuracy rate of 95.522% when analyzing pathological images captured at a magnification of ×40. This innovation can significantly enhance grassroots pathologists’ efficiency and accuracy, ultimately improving patient care (42).




4.2.2 Therapeutic response prediction

In a retrospective study, 79 patients diagnosed with scalp cutaneous squamous cell carcinoma (cSCC) underwent radiotherapy, among whom 22 had previously undergone surgical procedures. Following radiotherapy, 66 patients exhibited partial responses, six demonstrated no response, and five were lost to follow-up. By employing machine learning techniques, specifically an ANN, unique attributes characterizing radiation-responsive cSCC patients were discerned. These included age-specific T2-stage cSCC and distinct lesion types, culminating in the development of predictive models exhibiting remarkable sensitivity (85.7%), specificity (97.6%), and an impressive overall accuracy rate of 91.7% (21).

In situations where multidisciplinary teams may not be readily available, AI-based algorithms can assume a pivotal role in offering guidance for patient care. Supervised machine learning algorithms were harnessed in a specific study to fashion a risk-stratification model. This model notably showcased a 45.1% accuracy in predicting the treatment choices embraced by multidisciplinary medical teams. These choices encompassed a spectrum of options, including conventional treatments, surgical resection, and radiotherapy for addressing intricate BCC cases. Furthermore, it exhibited a 37.5% predictive accuracy in facilitating triage decisions specifically for Mohs micrographic surgery (43).




4.2.3 AI-assisted surgery

Radical resection and amputation represent the optimal approach for averting recurrence and fatal metastasis in cases of malignant skin tumors. Robot-assisted surgical systems can significantly enhance surgical precision and control, making complex surgeries safer and more effective. Sohn (44) applied this technique to two patients afflicted by metastatic melanoma in the pelvic region. The results demonstrate the feasibility and safety of robotic pelvic lymphadenectomy in managing patients grappling with metastatic melanoma involving the pelvic lymph nodes. Compared to the conventional open procedure, pelvic lymphadenectomy with robotic assistance offers superior visualization and minimal morbidity. Kim (45) elucidated the surgical procedures of robot-assisted anterior pelvic exenteration (rAPE) coupled with ileal conduit urinary diversion for vulvovaginal malignant melanoma. Furthermore, Alexis (46) employed robot-assisted inguinal video endoscopic lymphadenectomy to treat a 42-year-old male patient diagnosed with acral lentiginous melanoma and palpable inguinal nodes, classified as T2 N1 M0.




4.2.4 Teledermatology

AI has made significant recent advancements in teledermatology (TD), a progress that the COVID-19 pandemic has notably accelerated. This merging of AI and TD is heralding a transformation in remote dermatological care, potentially enhancing diagnostic accuracy and promoting equitable healthcare access (47). AI’s image analysis and data interpretation capacity empowers healthcare professionals to employ these tools for remote dermatological diagnosis and treatment, ensuring patient care quality and safety.





4.3 Research hotspots and frontiers

Research into the application of AI in the diagnosis and management of skin cancer has witnessed rapid growth in recent years, unveiling numerous promising avenues for future investigations. Much of this research has centered on melanoma, a skin cancer with a high mortality rate that has garnered extensive attention. Early screening and diagnosis are pivotal in enhancing patient survival, especially given the time-consuming nature of manual examinations and the potential for confusion with benign skin lesions, even among seasoned dermatologists. Moreover, the disease diagnosis can be particularly challenging in regions with limited medical resources. To address these challenges, expanding skin disease image databases to encompass a more comprehensive array of skin cancer types and other complex-to-diagnose benign conditions may offer valuable clinical support in the future.

Although AI’s role in analyzing skin mirror images and skin pathological images has been extensively discussed, fewer reports on AI research leverage other types of photographic samples. Researchers can delve into additional sample types to tackle factors such as variations in zoom, angle, and lighting conditions, which can significantly impact the accuracy of clinical image analysis.

Moreover, the technological advancements in AI that have been harnessed in the context of other diseases are increasingly finding application in skin cancer. This includes the implementation of personalized and precision medicine approaches that draw from diverse data sources, encompassing genetic databases, medical records, tissue banks, and various clinical databases. The influx of data, often called “big data”, necessitates robust computing power for efficient processing and analysis. AI, coupled with the exponential growth in computing power capabilities, augments our analytical capacity and facilitates the seamless integration of various datasets to extract meaningful insights. Precision medicine relies on extensive population-level data to inform individualized treatment decisions, and AI plays a pivotal role in navigating and interpreting this intricate landscape (48, 49).

Much of the existing research compares dermatologists with AI, but these two entities do not have a hostile relationship. AI does not aim to replace human doctors in making independent diagnoses; instead, it is a valuable tool for assisting doctors in diagnosis and treatment. One study, for instance, investigated the potential benefits of integrating human expertise with artificial intelligence for the classification of skin cancer (50). Dermatologists should not perceive AI as a threat to their professional knowledge; instead, they should consider it a complementary resource in clinical practice for the foreseeable future. Therefore, future research should continue to explore the synergy between humans and computers in the field. By better understanding AI concepts, dermatologists can enhance their ability to provide improved patient care and treatment.

AI faces several challenges in medical applications: 1) complex clinical scenarios characterized by inconsistent disease classification, a lack of standardized diagnostic criteria, and subjective evaluation standards can pose significant hurdles when designing disease diagnosis systems. This complexity may result in variations in the performance of intelligent algorithms (51). 2) The relatively limited sample size available for training AI models, coupled with incomplete and fragmented databases, along with variations among tested individuals, raises legitimate concerns regarding the actual effectiveness of AI systems. 3) Current auxiliary diagnostic systems still lack the capability for independent diagnosis, while the interpretability of intelligent diagnostic systems falls short of the desired standards. Therefore, further validation and confirmation of their efficacy become imperative (52).

To address these challenges and promote the advancement of AI in diagnosis, the following recommendations are proposed: 1) establishing standardized disease classifications and diagnostic criteria: to enhance the development of more robust and practical diagnostic systems, it is imperative to establish standardized disease classifications and diagnostic criteria. This will reduce the reliance on subjective standards, ensuring the generality and reliability of these systems. Active involvement of experienced clinical professionals in the development process is paramount. 2) Curative diverse and extensive datasets: accessing diverse and extensive datasets is essential to refine AI models effectively. Creating a unified and high-quality image database that can be continuously optimized and expanded to meet the diagnostic demands of various diseases is vital. This approach helps overcome the limitations associated with sample size. 3) Strengthening professional training: maximizing the utilization rate of AI technology necessitates strengthening training programs for relevant professionals. Ensuring that healthcare professionals are well-equipped to integrate AI into their practice is crucial for successfully adopting and implementing AI-based diagnostic tools. These recommendations aim to propel the field of AI in diagnosis forward, fostering innovation and improved healthcare outcomes while adhering to rigorous scientific and professional standards.

The application of AI in skin cancer diagnosis and management represents a dynamically evolving field with numerous promising research avenues. By persistently exploring these directions, researchers can forge innovative solutions aimed at enhancing the precision, efficiency, and availability of skin cancer diagnosis, all while conscientiously addressing the ethical and legal dimensions of this undertaking. To establish the foundation for the legal recognition of AI-based diagnosis, researchers should undertake concerted efforts to advance the technology and secure the endorsements for autonomous diagnosis when the technology reaches an adequate level of maturity.





5 Limitation

This investigation has certain limitations that warrant acknowledgment. First, the time frame of the search strategy may have led to the exclusion of emerging research hotspots in 2023, as it only encompassed records up to July 14 of that year. Second, this study exclusively concentrates on English literature, potentially overlooking crucial contributions in other languages. Third, the scope of this research did not extend literature from other databases, primarily because of the impracticability of simultaneously combining and analyzing data from multiple databases.




6 Conclusion

To summarize, the integration of AI in dermatology is evident, and with the rapid advancement in AI efficiency and the mounting workload of healthcare professionals, incorporating AI into healthcare could become a fundamental element of forward-looking medical practice. This transition will enable healthcare professionals to prioritize the emotional facets of patient care, including fostering empathy and engaging in compassionate interactions, which play a crucial role in nurturing the doctor–patient relationship. The current use of AI in skin cancer remains insufficient, with future efforts aimed at enhancing diagnostic accuracy through deep-learning techniques and predicting treatment outcomes and prognoses based on extensive data analysis. The primary challenges faced in the application of AI in skin cancer encompass personalized data acquisition, data quality assurance, complexity in data processing, reproducibility of AI algorithms, and ensuring the reliability of AI in supporting diagnostic decisions.
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AL artificial intelligence.
*The H-index is a measure of research output and contribution that shows the importance and general impact of the research contributions.
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1 Skin cancer 189 0.19 1992
2 Classification 145 0.11 2003
3 Artificial intelligence 132 0.03 1992
4 Deep learning 126 0.06 2016
5 Machine learning 121 0.05 2003
6 Diagnosis 110 0.09 1992
7 Melanoma 104 0.13 1992
8 CNN 54 0.03 2019
9 Cancer 50 0.13 1997
10 Segmentation 49 0.04 2003

Al artificial intelligence; CNN, convolutional neural network.
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