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ABSTRACT

	Aims: To identify what the scientific literature presents regarding the accuracy of Artificial Intelligence (AI) in diagnosing melanoma, to compare it with the accuracy of dermatologists, and to identify possible limitations.
Study design:  Review
Place and Duration of Study: Brazil, 01/19/2024
Methodology: The methodology used was a literature review, in which the studies included in the analysis were collected from the PubMed, Scielo, Cochrane, and Science Direct databases. Inclusion and exclusion criteria were followed, after which the selected studies were classified by two investigators and analyzed through full-text reading
Results: Eleven studies were included in the review. Most of the target population analyzed in the studies was male (36.4%), the predominant age group was 60 years or older (36.4%), and the predominant race was White. Three main diagnostic methods were identified for training the AIs: dermatoscopy, spectroscopy, and total body mapping. Fourteen different AI algorithms were evaluated by the studies. The highest sensitivity achieved by dermatologists in the studies was 96.5%, while the algorithms reached 97%. On the other hand, in terms of specificity, dermatologists achieved a maximum value of 99%, higher than the 97.1% achieved by the Ais 
Conclusion: AI demonstrated sensitivity values similar to those of dermatologists, surpassing them in overall values. On the other hand, the maximum specificity achieved by dermatologists was higher. Studies revealed biases in the databases, a lack of demographic information about the patients, dataset restrictions and a small number of participating specialists. Therefore, AI emerges as a potential complementary method for melanoma diagnosis rather than a replacement for specialists; however, more robust studies are needed for its implementation in clinical practice.
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1. INTRODUCTION

Melanoma is a tumor derived from melanocytes, mostly of cutaneous origin. The four main types of malignant melanoma are: lentigo maligna, acral lentiginous, superficial spreading, and nodular. The lentigo maligna subtype generally presents poorly defined, irregular margins and usually occurs on sun-exposed skin in elderly patients. Acral lentiginous melanoma occurs on the skin of the palms, soles, and subungual regions, and often shows extensive invasion during the vertical growth phase. Superficial spreading melanoma is the most prevalent type, accounting for about 70% of cases, and affects the trunk and extremities more frequently. Nodular melanoma is the second most common type, characterized by rapid growth and early invasiveness, and is therefore considered the type with the worst prognosis (Bolognia, 2015).
Epidemiologically, melanoma is more commonly found in light-skinned adults and can appear anywhere on the skin and mucous membranes. In individuals with darker skin, it is more common in lighter areas, such as the palms of the hands and the soles of the feet (Bolognia, 2015). In Brazil, the estimated number of new cases in 2023 is 8,980, corresponding to 4.13 cases per 100,000 inhabitants. The state of Santa Catarina has the highest incidence of melanoma skin cancer in the country (INCA, 2022).
Malignant melanoma is one of the most challenging cancers to diagnose, as it requires the expertise of a dermatologist to detect lesions at an early stage, and of a pathologist to interpret the complex architecture of skin biopsies (Cabrera; Recule, 2018). Furthermore, malignant melanomas present various clinicopathological and cytopathological manifestations. The clinical presentation of melanoma varies by subtype, and the diagnostic suspicion may be raised through physical examination using simplified screening methods, such as the "ABCDE" rule, which uses the initials of five clinical characteristics of skin lesions that may indicate malignancy (Asymmetry, Border irregularity, Color variation, Diameter greater than 6 mm, and Evolution).
The use of tools such as the dermatoscope since the 1980s has allowed the observation of structures and colors of the epidermis, the dermo-epidermal junction, and the superficial dermis, which are not visible to the naked eye, thereby increasing the diagnostic accuracy of malignant lesions. However, histological analysis remains the gold standard for diagnosis and should always be requested. This analysis provides the clinicopathological subtype, Breslow depth, mitotic rate, and the presence of ulceration and microsatellitosis (Garbe et al., 2022).
Currently, artificial intelligence (AI) has been the subject of studies as a new tool for melanoma diagnosis. A pioneering study in this area by Sboner et al. (2003) reported that both specialists and non-specialists often fail to fully follow diagnostic guidelines. This leads to poor medical practice and delayed treatments, contrary to what is expected in skin cancer with high mortality rates. Consequently, computerized system models were created, trained to analyze various diagnostic variables and pattern recognition methods in melanoma diagnosis, and to identify inconsistencies and divergences in diagnoses made by physicians.
Zhang et al. (2022) found that convolutional neural network (CNN) projects can achieve an accuracy of over 90% after being trained on dermoscopic image databases. AI systems perform better in several tasks, which could improve patient prognosis and aid in diagnosis.
The most accessible machine learning models used for melanoma diagnosis rely on clinical photographs, either from databases or personal collections. These images are input into a pre-trained network such as ResNet, VGG-16, or Inception V3, or into an untrained CNN (Grossarth et al., 2023). Thus, the International Skin Imaging Collaboration (ISIC) created a dermatological image database to assist in testing machine learning models in studies (Rotemberg et al., 2021).
In this context, this study aimed to identify what the scientific literature reports about the efficiency and accuracy of artificial intelligence in diagnosing melanoma skin cancer, in addition to comparing it with dermatologists' accuracy and identifying possible limitations of AI in effective melanoma diagnosis.







2. material and methods 

This is an integrative literature review. This type of study aims to apply explicit and systematic search methods to select studies capable of providing scientific evidence and to offer a synthesis of that evidence, aiming to facilitate its implementation in evidence-based practice in the health field (Guanilo et al., 2011).
Studies were searched in the PubMed, Scielo, Cochrane, and Science Direct databases. Only scientific texts published in the form of articles were included. Case-control studies, clinical trials, and cohort studies that analyzed the accuracy of artificial intelligence in the diagnosis of melanoma-type cancer were included. No restrictions were made regarding language or publication date.
Exclusion criteria included the absence of diagnostic accuracy data, lack of histopathological confirmation of melanoma and comparison with dermatologists, animal studies, and systematic reviews.
The search in the databases used the following keywords: melanoma combined with diagnosis or "diagnosis" and artificial intelligence or "Machine Learning" or "artificial intelligence" or "AI". The searches were performed on January 19, 2024.
After the initial collection in all databases, inclusion criteria were applied for the next analysis phase, in which two investigators evaluated and extracted data using a standard organization tool (EndNote).
Initially, articles were imported into the platform and duplicates were removed. Each investigator evaluated the abstracts of the studies and organized them into three subgroups: included, excluded, and uncertain, according to the eligibility criteria. Titles and abstracts were reviewed, and studies were placed into the "included" group. A third reviewer evaluated articles categorized as "uncertain" to determine their inclusion. The flowchart is presented in Figure 1.
After article selection, full-text reading was conducted, and data were entered into a database created in Excel (Microsoft Corporation, 2016). The table included the following participant profile information: authors, journal, publication year, study title, country where the study was conducted, study objective, types of melanoma presentation, diagnostic methods used, AI applied, accuracy of the AI, accuracy of the dermatologists, dermatologists’ method of analysis, and intrinsic and extrinsic limiting factors.
This study ensures ethical considerations, guaranteeing the authorship of the ideas, concepts, and definitions of the analyzed articles, using ABNT norms for citations and references. Since this is an integrative literature review, it does not require submission to or approval by the Research Ethics Committee (CEP).


Figure 1 - Methodological flowchart for acquiring studies in the systematic review
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Full-text studies excluded n = 39
No comparison with dermatologists n = 26
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Inaccessible articles n = 9












Source: The authors (2024).



3. results and discussion

A total of 11 articles were included in this review. It was found that 90% of the articles were published in the last five years, during which 54.5% of the studies focused exclusively on melanoma-type skin cancer. Each study proposed its own artificial intelligence algorithm using different technologies (Table 1).













Table 1 – Authors, journal, and objectives proposed by the studies included in the integrative review, 2024.
	Authors and Year
	Journal
	Objectives

	Sboner et al., 2003
	Artificial Intelligence in Medicine
	Improve the performance of single-system algorithms for early-stage melanoma detection and compare with dermatologists

	Brinker et al., 2019a
	European Journal of Cancer
	Train a convolutional neural network algorithm to classify melanoma images

	Brinker et al., 2019b
	European Journal of Cancer
	Compare the performance of a convolutional neural network trained with dermoscopic images for identifying melanoma in clinical photographs versus manual classification by dermatologists

	Maron et al., 2019
	European Journal of Cancer
	Compare the sensitivity and specificity of 112 German dermatologists with a single AI for lesion detection

	Phillips et al., 2019
	JAMA Netw Open
	Compare diagnostic accuracy between an AI and dermatologists using photos of potential melanomas

	MacLellan et al., 2021
	Journal of the American Academy of Dermatology
	Compare the diagnostic accuracy of bedside clinical examination by dermatologists, teledermatology, and non-invasive imaging techniques for melanoma (FotoFinder®, Melafind®, Verisante AuraTM)

	Combalia et al., 2022
	The Lancet Digital Health
	Simulate various AIs in real-world scenarios and compare with dermatologists

	Lucieri et al., 2022
	Computer Methods and Programs in Biomedicine
	Evaluate a new explainable AI framework for biomedical image analysis, providing multimodal concept-based explanations supported by visual maps to justify predictions

	Aishwarya et al., 2023
	Procedia Computer Science
	Train a convolutional neural network algorithm to classify images and compare results with dermatologists and residents

	Menzies et al., 2023
	The Lancet Digital Health
	Compare diagnostic decisions made by an algorithm versus healthcare professionals in clinical practice

	Manolakos et al., 2024
	JAAD International
	Evaluate the safety and effectiveness of an elastic-scattering spectroscopy (ESS) device in assessing melanocytic lesions suggestive of skin cancer


Source: The authors (2024).

The majority of the study populations were male (36.4%), female (9.1%), and 54.5% did not report gender. The predominant age group was 60 years or older (36.4%), and the predominant race was white. More than half of the articles did not report gender or race (Table 2).











Table 2 – Participant profile reported by the included studies by sex, age, and race, 2024.
	Variable
	Number of Articles
	Percentage (%)

	Age Group
	
	

	≥ 60 years
	4
	36.4

	< 60 years
	3
	27.3

	Not reported
	4
	36.4

	Sex
	
	

	Male
	4
	36.4

	Female
	1
	9.1

	Not reported
	6
	54.5

	Race
	
	

	White
	3
	27.3

	Not reported
	8
	72.7


Source: The authors (2024).

A total of three main diagnostic methods were identified in the studies for training the algorithms: dermoscopy, spectroscopy, and total body mapping. For dermoscopy, different algorithms were used, with three based on the same ResNet50 CNN architecture. For both spectroscopy and total body mapping, two different algorithms were identified for each method. The most used method by dermatologists was dermoscopic image banks; only three studies performed dermoscopy and in vivo clinical analysis (Chart 1).

[bookmark: _GoBack]Table 3- Diagnostic methods used in the studies with their respective Artificial Intelligences, dermatologists' analysis methods, and authors, 2024.
	Diagnostic Methods
	AI Used
	Dermatologist Analysis Method
	Authors

	Dermoscopy
	MEDS architecture
	Dermoscopy image database
	Sboner et al., 2003

	
	ResNet50 CNN 1
	Dermoscopy image database
	Brinker et al., 2019a

	
	ResNet50 CNN 2
	Dermoscopy image database
	Brinker et al., 2019b

	
	ResNet50 CNN 3
	Dermoscopy image database and clinical analysis via questionnaire
	Maron et al., 2019

	
	Deep Ensemble for Recognition of Malignancy Algorithm (DERMA)
	Dermoscopy image database
	Phillips et al., 2019

	
	Melafind
	Teledermoscopy and clinical analysis
	Maclellan et al., 2021

	
	FotoFinder Moleanalyzer Pro
	Teledermoscopy and clinical analysis
	Maclellan et al., 2021

	
	EfficientNet
	Dermoscopy image database
	Combalia et al., 2022

	
	XAI
	-
	Lucieri et al., 2022

	
	YOLO V3 e V4
	-
	Aishwarya et al., 2023

	Spectroscopy
	Elastic-scattering spectroscopy
	Dermoscopy and clinical analysis
	Manolakos et al., 2024

	
	Verisante Aura
	Teledermoscopy and clinical analysis
	Maclellan et al, 2021

	Total body mapping
	7-class-1 diagnosis AI
	Dermoscopy and clinical analysis
	Menzies et al., 2023

	
	ISIC algorithm
	Dermoscopy and clinical analysis
	Menzies et al., 2023



Source: The authors (2024).

The main parameters evaluated for AI model accuracy and comparison with dermatologists were sensitivity and specificity. The highest sensitivity achieved by dermatologists was 96.5%, while the algorithms reached up to 97%. However, dermatologists reached a maximum specificity of 99%, higher than the 97.1% achieved by AIs. The lowest specificity among algorithms was observed in spectroscopy as the standard diagnostic method (26.2%), while the lowest sensitivity occurred in total body mapping (55.6%). Not all articles reported complete sensitivity and specificity data (Table 4).









Table 4 - Comparison of sensitivity and specificity between dermatologists and artificial intelligences (percentage), stratified by AI used, standard diagnostic method, and whether there was a significant difference (p-value) in specificity in the studies, 2024.
	Standard Method
	AI Used
	Dermatologists
	Inteligência Artificial
	p-value
(Specificity)

	
	
	Sensitivity (%)
	Specificity (%)
	Sensitivity (%)
	Specificity (%)
	

	Dermoscopy
	ResNet50 CNN 1
	74.1
	60.0
	74.1
	86.5
	p = 0.31

	
	Yolo V3 e Yolo V4
	81.3
	97.0
	92.0
	97.1
	-

	
	ResNet50 CNN 2
	89.4
	64.4
	89.4
	68.2
	-

	
	FotoFinder Moleanalyzer Pro
	84.5
	82.6
	88.1
	78.8
	-

	
	Melafind
	84.5
	82.6
	82.5
	52.4
	-

	
	DERMA
	-
	69.9
	-
	64.8
	-

	
	MEDS architecture
	66.0
	82.0
	81.0
	74.0
	p = 0.185

	
	ResNet50 CNN 3
	63.5
	79.8
	63.5
	94.2
	p < 0.001

	
	EfficientNet
	-
	-
	-
	-
	-

	
	XAI
	-
	-
	-
	-
	-

	Spectroscopy
	Varisante Aura
	84.5
	82.6
	21.4
	86.2
	-

	
	Elastic-scattering spectroscopy
	96.5
	56.1
	97.0
	26.2
	p < 0.0001

	Total Body Mapping
	ISIC AI algorithm
	66.7
	99.0
	55.6
	91.4
	-

	
	7-class-1 diagnosis AI
	66.7
	99.0
	83.3
	92.9
	-



Source: The authors (2024).


In total, twelve AI models presented comparative information on specificity (Figure 2) and eight on sensitivity (Figure 3), both from dermatologists and the algorithm, allowing for an overall comparison.



















Figure 2 – Comparison of the specificity of melanoma diagnosis performed by dermatologists and artificial intelligences from each architecture used, in percentage, 2024.



Source: The authors (2024).



















Figure 3 – Comparison of the sensitivity of melanoma diagnosis performed by dermatologists and artificial intelligences of each architecture used, in percentage, 2024.


Source: The authors (2024).


Artificial intelligence plays an important role in melanoma management, presenting both opportunities and challenges in its application (Zhang et al., 2022). For training the algorithms included in this review, a database with images of benign and malignant lesions was required. Most of the studies (85%) used dermoscopy and total body mapping, as these are the most available and widespread diagnostic methods. Confirmation to guide the comparison with dermatologists was performed through histopathology of the lesion, which is considered the gold standard for melanoma diagnosis (Bolognia, 2015).
An analysis of demographic data reveals a lack of information, particularly concerning race—an important variable when dealing with skin lesions. This is likely because the majority of studies (54%) used pre-existing dermatological image databases from the internet that had been previously used in other research to train the AI. In the studies that reported demographic data, white patients were predominant (Phillips et al., 2019; Menzies et al., 2023; Manolakos et al., 2024), highlighting the need for further studies involving populations with different skin phototypes to determine whether the accuracy would remain consistent. Similarly, Jones et al. (2022) found that commonly used image databases often fail to consistently report inclusion criteria and patient demographic data (including Fitzpatrick skin type), raising concerns about the quality and generalizability of the data. Moreover, MacLellan et al. (2020) excluded patients with Fitzpatrick skin types III and above due to limitations of the devices used in melanoma diagnosis for darker skin types.
Each algorithm used in the studies is unique, employing different programming techniques and trained with a specific number of images to enhance its accuracy. Each algorithm was named individually by the authors. Aishwarya et al. (2023) described the You Only Look Once (YOLO) algorithm, which uses a single neural network to handle all categorization and prediction processing, potentially making it faster than models using multiple networks. On the other hand, Sboner et al. (2003) used three different classification systems combined to improve performance in recognizing malignant lesions. The Explainable AI (XAI) model employed two different classifiers—one to detect dermatological concepts in an image, and another to classify the findings in skin lesions—thus producing a diagnosis (Lucieri et al., 2022).
Among studies that used dermoscopy as the diagnostic method, various image sources were used for training and testing the algorithms. Phillips et al. (2019) obtained images using smartphone cameras (iPhone 6s and Galaxy S6), while MacLellan et al. (2020) used the DermLite Cam, an electronic dermatoscope attached to a cellphone or camera. Other authors used online image databases. In spectroscopy, Manolakos et al. (2024) developed a wireless, battery-powered portable device that emits light pulses at various wavelengths (ranging from 360 to 810 nm), illuminating the skin lesion and capturing optical backscatter reflectance from the tissue. This heterogeneity in diagnostic methods across studies demonstrates the wide range of applications for AI in melanoma diagnosis—possibly even combining different algorithm types to enhance accuracy.
Of the 14 AI algorithms included in the reviewed studies, 8 demonstrated similar or superior accuracy compared to dermatologists. The study that showed the greatest difference in favor of the AI was that using ResNet50 CNN1, with a 26.5% higher specificity than dermatologists (Brinker et al., 2019). Similarly, a review by Haggenmüller et al. (2021) comparing AI and medical experts in dermoscopic image classification found that five of six studies favored the algorithms, with only one showing superior performance by dermatologists.
Menzies et al. (2023) reported that algorithms had lower accuracy than dermatologists but outperformed less experienced physicians. A group of dermatologists showed significantly better performance compared to algorithms using only one classification (Sboner et al., 2003). A systematic review found that smartphone apps using AI-based analysis are not yet sufficiently promising in terms of accuracy and are associated with a high probability of failing to detect melanomas (Chuchu et al., 2018).
In spectroscopy, dermatologists showed significantly higher specificity, with a 29.9% advantage; however, in that study, all non-biopsied lesions recorded by dermatologists were presumed to be benign. Despite this, the overall sensitivity of the device was 96.67% for melanoma, statistically similar to that of dermatologists. Since the elastic-scattering spectroscopy (ESS) device is highly sensitive, non-invasive, safe, and portable, it could assist primary care clinicians in assessing suspicious skin lesions (Manolakos et al., 2024).
Statistical significance (p-values) could be evaluated in only four studies, all addressing specificity. Two algorithms showed no significant difference compared to dermatologists, while one study favored dermatologists and another favored AI. Further statistical analysis was not possible due to the large heterogeneity among the studies.
After comparisons, the hypothesis is raised that collaboration between AI and dermatologists may provide the best outcomes for patients, integrating this technology into clinical practice. MacLellan et al. (2020) concluded that AI could serve as a useful aid to physicians, but not as a replacement for clinical decision-making. The development of accessible screening methods, such as algorithms for early melanoma detection, could increase healthcare efficiency, reduce diagnostic delays, and transform clinical workflows (Phillips et al., 2019).
Some limitations of AI were identified in the studies included in this review. Brinker et al. (2019) noted that real clinical encounters provide more information than those available from database images, since dermoscopic images not only have higher resolution but also show greater visibility of the skin’s underlying layers due to magnification and direct contact with the patient’s skin. MacLellan et al. (2021) reported that low specificity and diagnostic precision suggest that some machines cannot replace the clinical experience of a dermatologist in selectively choosing which lesions to remove.
Likewise, methodological limitations and biases were identified. One major challenge in reducing bias is related to the image databases used to train the algorithms. Lucieri et al. (2022) inferred that current public datasets often suffer from low sample quality, due to lack of process standardization and lack of histological confirmation. Additionally, the limited number of images available—especially those with detailed conceptual annotations—leads to significant shifts in data distributions across datasets. Phillips et al. (2019) also reported potential bias in datasets due to image quality variations across different camera types. Therefore, a broader, more consistent, reliable, detailed, and high-resolution image database must be developed before real-world clinical implementation becomes viable.
Menzies et al. (2023) reported that their study was restricted to pigmented skin cancer and excluded low-quality images, which would not be feasible in broader sampling. Furthermore, testing was conducted in two academic centers with seven specialists and eighteen junior physicians, limiting generalizability to wider clinical contexts. Additionally, AI systems are unable to communicate what they do not know. For example, when presented with an image of a condition not represented in the training data, the system cannot label it as unknown and instead classifies it as one of the trained conditions (Combalia et al., 2022).
The review not only revealed limitations but also highlighted future prospects for AI application. Brinker et al. (2019) reported that AI offers many advantages in diagnosing melanocytic lesions, including consistent interpretation, as AI assigns a distinct classification to each image at any given time, and potentially more accurate diagnoses than human experts of all training levels. Their findings suggest that AI algorithms could successfully assist dermatologists in detecting melanoma in clinical practice, though careful evaluation through prospective trials is necessary.
Aishwarya et al. (2023) suggested that their proposed model could be improved in the future by incorporating larger datasets for each type of skin lesion, aiding in more accurate investigation. Furthermore, newer versions of the algorithm could be tested to achieve better classification results. Lucieri et al. (2022) stated that their diagnostic modality aims to mediate subjectivity by offering a second opinion to the experienced physician, enhancing clinical reasoning and avoiding diagnostic oversight.
Authors also proposed the use of diagnostic algorithms as potential allies in primary care and remote areas. MacLellan et al. (2021) showed that computational analysis of dermoscopic images enhanced clinical diagnosis, reducing melanoma misdiagnoses. Additionally, advancements in AI tools could assist less experienced physicians in evaluating pigmented lesions. A low-cost AI-based screening tool could be employed in primary care settings to quickly assess concerning lesions. Phillips et al. (2019) echoed this, noting that AI-based services could transform patient diagnostic pathways, improving healthcare system efficiency.
Sboner et al. (2003) suggested future plans to integrate the algorithm into an electronic patient record, allowing clinical data to be combined with extracted image features, thereby expanding clinical knowledge and improving performance. Therefore, there are several promising prospects for using AI in early melanoma diagnosis, particularly in primary care. Despite the limitations, these findings point to opportunities for better leveraging this technology in healthcare.


4. Conclusion

Artificial intelligence demonstrated sensitivity values comparable to those of dermatologists, even surpassing them in total values. On the other hand, dermatologists showed higher maximum specificity. Due to many heterogeneous characteristics, it was not possible to perform pooled parameter analysis; thus, p-values were not available for the majority of studies included in this review.
Studies revealed biases in the databases, a lack of demographic information about patients, and a small number of participating specialists. Moreover, a clinical consultation with a dermatologist extracts more information than a simple image analysis, and the use of a dermatoscope is indispensable in some cases, given its higher image resolution. In addition, AI is incapable of communicating what it has not been trained on, which can lead to misclassification.
It is inferred that AI is a promising tool to assist physicians—both non-specialists and dermatologists—in the early diagnosis of melanoma-type skin cancer. In this context, its role may be useful in areas with limited access to dermatologists, such as primary care units, serving as a tool to assist healthcare professionals in identifying suspicious lesions that require referral for specialized care.
Well-trained algorithms can achieve accuracy comparable to that of dermatologists using dermoscopy, with various possible implementations including smartphones, spectroscopy devices, electronic dermatoscopes, and professional cameras. Therefore, AI can be seen as a complementary method in melanoma diagnosis, rather than a replacement for specialists. However, more robust studies are necessary for the implementation of AI in clinical practice to become a reality.
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