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Melanoma is the most aggressive form of skin cancer, early diagnosis and treatment are critical for determining
treatment outcomes. Traditional diagnostic methods, such as clinical examination, dermoscopy, and histopathology,
provide valuable insights but are limited by subjectivity and interobserver variability. Artificial intelligence (Al),

particularly convolutional neural networks, has shown strong potential to enhance melanoma detection, offering
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and patient management.

accuracy comparable to dermatologists. This review summarizes current and emerging applications of Al in melanoma
diagnosis, covering diagnostic tools, educational systems, and smartphone-based apps. Despite encouraging results,
challenges such as interpretability, data bias, regulatory hurdles, and ethical issues remain. Integrating Al into clinical
workflows, supported by diverse and validated datasets, could significantly improve early therapeutic interventions

1. INTRODUCTION

A malignant tumor called melanoma develops from
melanocytes, which are responsible for melanin production.
It is the most prevalent type of skin cancer and has a high
malignancy rate. Throughout the past several decades, the
occurrence of skin cancer has increased by 3%—7% each year
among individuals with fair skin, and the growth rate is higher
than that of individuals with other types of cancer. The presence
of atypical moles, genetic predisposition and prolonged
ultraviolet (UV) radiation exposure are considered as risk
factors [1-3].
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The traditional methods used for diagnosing
melanoma include visual clinical examination, dermoscopy, and
histopathological examination of the tissue obtained through
biopsy. Clinical examination, often guided by the ABCDE
(Asymmetry, Border irregularity, Color variation, Diameter,
and Evolution) rule, is the first step but can be highly subjective,
depending on the clinician’s experience [4]. Dermoscopy, which
allows for the visualization of subsurface skin structures, has
significantly enhanced diagnostic accuracy. However, it is also
operator dependent and requires specialized training, resulting
in significant interobserver variability [5]. Histopathological
examination following biopsy is considered the gold standard
for melanoma diagnosis, but it has its own limitations, such as
sampling errors and challenges in accurately interpreting early
or atypical melanomas [6]. Additionally, some melanomas
might not show the typical signs or patterns that are usually
recognized during a clinical examination or with dermoscopy,
which makes diagnosing more challenging. This difficulty
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highlights the persistent challenges in accurately diagnosing
melanoma early by using traditional diagnostic methods [7].

Early detection of melanoma is critical for improving
survival and treatment outcomes. Al can enhance screening by
analyzing skin images to identify suspicious moles, enabling
timely, less invasive interventions. Regular skin checks
combined with Al support offer a valuable approach in modern
dermatology [8—12].

Machine learning, especially neural networks and
Convolutional Neural Networks (CNNs), is widely used for
analyzing and diagnosing skin lesions. These models require
extensive and reliable training datasets but often function as
a “black box,” generating predictions without explaining how
inputs produce outputs. This lack of transparency makes it
difficult for clinicians to interpret, validate, and fully trust the
results, limiting their use in sensitive fields such as healthcare.
Although Al has shown remarkable potential in melanoma
diagnosis, certain limitations persist. This review discusses the
existing Al models and the associated challenges [10,13—15].

2. ETIOLOGY OF MELANOMA

Melanoma develops through a mix of genetic,
environmental, and host-related factors. The main environmental
risk factor is UV radiation, especially short bursts of intense
sun exposure and childhood sunburns. UV rays damage the
DNA of skin cells, leading to mutations that can trigger cancer
growth. Genetic factors also play a significant role as people
with a family history of melanoma are at higher risk due to
inherited changes in genes such as NRAS, BRAF, and CDKN2A.
Among these, CDKN2A4 mutations are linked to both inherited
and sporadic forms of melanoma [16,17]. People with many
unusual moles (atypical or dysplastic nevi) or even many
common moles are more likely to develop melanoma. Fair skin,
light hair, light-colored eyes, and freckles also increase risk
because they make the skin more sensitive to UV damage. A
weak immune system, such as in people with HIV or those who
have had an organ transplant, raises the risk further. Research
also shows a two-way link between melanoma and Parkinson’s
disease, which means that each condition is more common
in people who have the other. Exposure to tanning beds and
other artificial UV radiation devices significantly contributes
to the overall risk. Together, these factors show that melanoma
is caused by a combination of environmental exposures and
genetic mutations that drive melanocytes to transform into
cancerous cells [18-20].

3. PATHOPHYSIOLOGY OF MELANOMA

Melanoma arises when melanocytes, the pigment-
producing skin cells, become cancerous due to environmental
and genetic factors. UV radiation is the primary trigger,
causing DNA damage such as cyclobutane pyrimidine
dimers and mutations in key genes. A frequent mutation,
B-Raf proto-oncogene, serine/threonine kinase, V600E
(BRAF V600E), overstimulates the Mitogen-Activated
Protein Kinase (MAPK) pathway, driving uncontrolled
growth. Similarly, mutations in Neuroblastoma RAS viral
oncogene homolog (NRAS) and KIT proto-oncogene, receptor
tyrosine kinase (KIT) or loss of Phosphatase and Tensin

Homolog (PTEN) disrupt the Phosphoinositide 3-kinase
/ AKT (Protein Kinase B, PKB) (PI3K/AKT) pathway,
allowing melanoma cells to survive and multiply. Together,
these changes explain how UV exposure and genetic defects
combine to promote melanoma [21-23].

Genetically unstable melanocytes escape standard
growth control, leading to abnormal proliferation, angiogenesis,
resistance to apoptosis, and metastasis. Melanoma first spreads
horizontally in the epidermis (radial growth phase) and later
invades deeper tissues (vertical growth phase). The cells can
enter lymphatic or blood vessels, break through the basement
membrane, and spread to organs such as the liver, brain, bones,
and lungs, while also suppressing local immune responses to
accelerate disease progression [21,24].

4. MELANOMA HISTOLOGIC TYPES

Based on the clinical and pathological characteristics,
melanoma can be divided into a number of subtypes, such
as mucosal melanomas, lentigo malignancies, nodules,
superficial spreading, and acral lentiginous. These subtypes
also vary in their growth patterns and rates of progression,
making their classification crucial for accurate clinical
assessment (Table 1).

5. TRADITIONAL DIAGNOSTIC MODALITIES

5.1. Clinical diagnosis

The ABCDE criteria are a commonly used clinical
tool that makes it easier to identify melanoma early with a
naked-eye examination. Each letter represents a unique
characteristic frequently observed in cancerous lesions
[28,29]: Asymmetry (A), in which the two halves of the lesion
are not identical; Border irregularity (B), which has uneven,
scalloped, or fuzzy edges; Variation in color (C), where a
single lesion presents several colors, such as brown, black,
red, or blue; A diameter (D) greater than 6 mm is commonly
observed in melanomas, but is not conclusive; and Evolving
(E), indicating any alteration in dimensions and symptoms
such as bleeding or itching [30,31].

Both public awareness campaigns and clinical
practice use these criteria as fundamental screening methods.
Although useful, the ABCDE method is limited to a diagnostic
sensitivity of about 65% when used without dermoscopy.
This sensitivity is very low for the detecting atypical or early
melanomas. However, it continues to be an essential initial
screening tool, particularly in primary care settings, to detect
lesions that require additional dermoscopic or histological
analysis [32,33].

5.2. Histopathological diagnosis

Histopathological analysis is regarded as the gold
standard for melanoma diagnosis. A biopsy sample is taken
from a suspicious skin lesion through this technique, and
a pathologist processes and examines the sample under a
microscope [34]. Atypical melanocytes, irregular cell shapes,
and epithelial disarray are among the specific cellular and tissue
characteristics that pathologists search for in melanoma. The
prognosis and melanoma stage depend on the mitotic rate and
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Table 1. Comparison of major melanoma subtypes with respect to their prevalence, common sites, clinical features and special notes [25-27].

Melanoma Type  Superficial Spreading Lentigo Malignant Nodular Acral Lentiginous Mucosal Lentiginous
Melanoma (SSM) Melanoma (LMM) Melanoma (NM) Melanoma (ALM) Melanoma (MLM)
Prevalence ~70% of cutaneous 10%—-15% of 10%—-15% of Rare; similar incidence in 1.8% of melanomas in the

melanoma cases melanomas

Common sites Neck, head, women’s

ower limbs, men’s trun
1 limbs, ’s trunk

Clinical features ~ Pigmented dysplastic
nevus source; Ulceration,
growth, and color changes  areas; develops from
are common a lentigo malignant

precursor lesion

Large lesions with

Special notes May arise from a
preexisting nevus that had  occurs after long-term

been stable for a long time  sun exposure

melanomas

Sun-exposed areas such  Predominantly male
as face, hands, neck trunk

Dark brown or black,
possible hypopigmented most uniform and
symmetrical; rapid
vertical growth

Typically, extensive and May bypass radial
growth phase;
Amelanotic

white and black individuals United States.; up to 23%

in Chinese populations

Soles of feet, palms of hands, Mucosal surfaces: nasal

under nails (subungual areas) cavity, paranasal sinuses,
conjunctiva, oral cavity,
esophagus, vagina, urethra,
penis, anus

May mimic subungual
hematoma or splinter
hemorrhages; aggressive
behavior

Tumors originate from
mucosal epithelium; often
aggressive

~50% cases occur in the
head and neck region; rare
but worse prognosis

Rapid transition from radial
to vertical growth phase;
highly severe

melanomas make up
~5% of NMs

depth of invasion of the tumor, both of which are assessed
[35]. Histopathological diagnosis is crucial; however, it can
be impacted by interobserver variability, which occurs when
different pathologists have different interpretations of the
same tissue sample [36]. This is particularly problematic when
dealing with atypical or thin melanomas, which can have minor
characteristics that make them difficult to differentiate from
benign tumors [37].

5.3. Dermoscopy

Dermoscopy also known as epiluminescence
microscopy, is a noninvasive diagnostic method that uses
polarized light with a magnification of approximately 10x
to represent structures under the surface of the skin that are
invisible to the naked eye [38]. Comparing with naked eye
examination, this portable device, known as a dermatoscope,
significantly improves the visibility of skin lesions, particularly
pigmented ones, increasing the accuracy of the diagnosis. After
a lesion is identified as melanocytic, it is evaluated further by
using particular diagnostic algorithms. Dermoscopy aids in the
differentiation of melanocytic from nonmelanocytic lesions
[39,40]. The Menzies method, the seven-point checklist,
and the CASH criteria (Color, Architecture, Symmetry, and
Homogeneity) are examples of commonly employed techniques
Compared with eye inspection alone, these structured
approaches have been demonstrated to increase melanoma
recognition sensitivity up to 18% and specificity up to 10%.
Crucially, dermoscopy minimizes unnecessary excisional
biopsies when used in melanoma screening [41-45]. However,
the effectiveness of dermoscopy depends on lesion complexity,
clinician experience, and evaluation technique. In general,
dermatologists who have more experience are able to make more
accurate diagnoses compared to nonspecialists. Dermoscopy
greatly improves the identification of melanoma, although it
may not always accurately differentiate benign melanocytic
lesions from early melanomas, highlighting the need for further

diagnostic methods in situations that are unclear [5,46,47].
The limitations of traditional melanoma detection techniques
include their reliance on clinical competence and inconsistent
accuracy. Al addresses these challenges by providing consistent
and accurate diagnostic results, and in certain trials, it has
demonstrated superior performance to that of dermatologists.
[48].

6. AI IN DERMATOLOGY

In dermatology, Al, particularly machine learning and
deep learning (DL), has become a powerful tool for melanoma
detection. Al can analyze large clinical and imaging datasets
to identify patterns humans often miss, supporting lesion
classification, risk prediction, and clinical decision-making.
With expanding digital dermatology data, Al is increasingly
integrated into diagnostic workflows to enhance accuracy and
reduce human error. Recently, vision-language models such as
Skin-GPT4 have shown near-dermatologist-level performance,
especially in diverse skin tones, highlighting the growing role
of advanced Al systems in clinical care [48—52].

7. AI’S EFFECT ON SKIN PATHOLOGY

7.1. Al in the diagnosis of pigmented lesions

Early studies in the 1990s were based on conventional
machine-learning methods, while since 2016, several CNN-
based approaches have achieved dermatologist-level accuracy.
These approaches usually need some preprocessing steps
to reduce noise, normalize illumination, and smooth the
surrounding skin texture in order to enhance the interpretation
of lesions. Esteva et al. trained a CNN with over 129,000
images and reported an Area Under the Curve of 0.96, matching
the performance of 21 board-certified dermatologists. Similarly,
Soenksen et al. achieved 90% sensitivity and specificity with
strong agreement between CNN outputs and dermatologist
assessments [48,53,54].
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Using a dataset that has been enlarged from 170 to
6,120 photos by cropping, scaling, and rotation, Nasr-Esfahani
et al. [55] developed a CNN model. This model detected
melanoma with 81% accuracy, 80% specificity, and 81%
sensitivity. According to other studies, accuracies range from
82% to 94%, and sensitivities reach 90% [55-57]. In late 2023,
the FDA-approved DermaDetect, an Al-powered diagnostic
assistant for primary care, designed to prioritize suspicious
pigmented lesions, marking a key step in the transition of Al
from research to routine clinical use [58]. A 2024 multicenter
trial by Heinlein et al. [59] confirmed clinical value, showing
that CNN integration improved melanoma detection by 12% and
reduced unnecessary biopsies by 18%. Despite these advances,
most studies still rely on dermoscopic images, highlighting the
need for more research using clinical photographs accessible to
non-specialists. Al-driven chatbots and educational tools also
show promise but remain limited in handling non-melanoma
conditions. Together, these findings demonstrate that Al can
equal or surpass human experts, leading to earlier detection,
fewer invasive procedures, and better patient outcomes [59-62].
Recent advancements in Al have led to explainable Al (XAI)
systems that assist dermatologists in melanoma diagnosis. A
study by Chanda et al. [63] showed that using XAI improved
diagnostic accuracy compared to standard Al, providing both
predictions and clear explanations. The system helped doctors
better understand complex lesions and build trust in Al-
assisted decisions. Overall, these findings confirm that Al not
only matches human performance but also enhances clinical
workflows, supporting timely and accurate decision-making in
dermatology [63].

7.2. Al in pigmented lesion dermoscopy

Dermoscopic image analysis has been performed with
Al for more than 20 years. In 2016, CNNs replaced standard
machine learning approaches. These developments have made it
possible to classify dermoscopic images as benign or cancerous
with greater accuracy [55,56,64]. Al can detect pigmented
skin lesions as accurately as human experts, and sometimes
even better. When clinical and dermoscopic data are provided,
several studies have similarly reported that compared with
dermatologists, CNNs are more sensitive and specific [65,66].
Studies have investigated how Al might support dermoscopic
evaluation, especially in cases where diagnostic confidence
is low. Marchetti et al. [67] demonstrated that Al assistance
improved dermatologists’ and residents’ lesion classification
accuracy, increasing classification accuracy rates from 69.4% to
72.6% and 73.4% to 75.4%, respectively. However, as Maron et
al. [68] reported, models of Al are susceptible to small picture
modifications, which do not affect human examiners, and in
this study, these small image changes resulted in a notable
differential diagnosis. CNN-based models have been applied
to the classification of pigmented lesions in specialized sites,
including mucosal and acral surfaces, though their performance
has varied. High accuracy was reported by Winkler ez al. [69]
for superficial spreading melanoma (AUC of 0.989), lentigo
maligna melanoma (AUC of 0.926), and acral melanoma (AUC
of 0.928). However, melanomas of the mucosal and nail units
(AUCs of 0.754 and 0.621, respectively) have lower accuracy.

Research contrasting dermatologists and CNNs
reveals that CNNs are equally capable in terms of function and
are occasionally even more capable than skilled dermatologists
[66]. Additionally, Lee et al. [70] reported that diagnoses
generated by CNNs increased the accuracy of assessment of
acral-pigmented lesions by clinicians, enhancing equilibrium
and lowering efficiency differences among various groups of
physicians. Al has also helped in clinical decision-making.

7.3. Al in pigmented lesion pathology

The first computer-based system for histopathological
diagnosis, called TEGUMENT, was developed in 1987. It
used decision trees to help doctors, but it was not widely used
because it made medical knowledge too simple [71]. Since then,
advances such as whole-slide image (WSI) scanners combined
with CNNs have renewed interest in Al for dermatopathology,
enabling advanced image classification and providing more
accurate diagnostic support [72]. In 2019, Hekler et al. [73]
used CNNs to classify melanocytic lesions and found a 19%
variability, similar to that seen among pathologists. This shows
that Al can reach expert-level performance in dermatopathology
and can serve as a support tool to improve accuracy, working
with doctors rather than replacing them [73].

Hart et al. [74] showed that CNNs performed poorly
with non-curated (low-quality) images, reaching only 52%
accuracy, but performed much better with curated (well-selected)
images, achieving 92% accuracy. This proves that good-quality
data are essential for reliable Al in dermatopathology [74].
Brinker et al. [75] found that using broader reference groups
improved Al accuracy in pathology 88% with unannotated slides
and 92% with annotated ones. This shows that diverse datasets
and expert annotations are important for reliable diagnosis [75].
Despite these advances, Al models can sometimes oversimplify
complex diagnoses such as neoplasms with uncertain malignant
potential. Their performance may also be affected by variations
in slide staining, and reliance on binary classification methods
can limit detailed diagnostic interpretation. These limitations
show that Al needs to be stronger and easier to understand
before it can be widely used in clinics [76,77].

7.4. Al in dermatopathology education

Early Al in medical education was limited because
there were no systems to organize medical knowledge. To
overcome this, Feit ef al. [78] created the Hypertext Atlas of
Dermatopathology, an online resource with over 3,000 labeled
images and clinical details to help guide users in making
differential diagnoses. However, its usefulness still depends on
how much expertise the user already has in dermatopathology
[78]. Crowley ef al. [79] created SlideTutor, a teaching system
that uses WSIs and a virtual microscope to train students on
identifying inflammatory skin diseases. It guides them step by
step from spotting features to making a differential and final
diagnosis while providing personalized feedback that helps
improve diagnostic skills [79,80].

Studies comparing SlideTutor versions found that
both instance-focused and knowledge-focused designs gave
similar learning and memory results, but students preferred
the knowledge-focused version because it made them feel
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Table 2. Overview of published studies applying Al in dermatology, including datasets, model types, features, and performance metrics.

Dataset used Features used Al model type Vectorization Hyper Execution time Metrics used Study/Author
(ML/DL/NN) method parameters
129,450 clinical ~ Raw image pixels DL (CNN) None (image- Adam Not specified Accuracy, AUC [48]
images based) optimizer,dropout
100 dermoscopic ~ Image-based DL( CNN) None SGD, learning Not specified Sensitivity,
images rate decay Specificity
12 dermatologist- Image features DL (Ensemble None Ensemble Not specified ROC-AUC
classified images CNNs) weighting
PH2, DermlS, Texture, color, ML (SVM, RF) HOG, LBP Kernel functions, Variable Precision, recall, [111]
DermQuest tree depth Fl-score
shape
HAM10000 Learned features NN (CNN with Image-based Pretrained Not specified Accuracy [56]
transfer learning) weights, fine-
tuning
ISIC Archive Color asymmetry DL (CNN) None Batch Not specified Balanced [50]
normalization, accuracy
ReLU
Dermatologist- Clinical DL None Combined loss Not specified Top-1 and top-3 [57]
4 .
labeled dataset metadata+ images (Multimodal functions accuracy
CNN)

Adam optimizer, Adaptive Moment Estimation; AUC, Area Under the Curve; DL, Deep Learning; CNN, Convolutional Neural Network; SGD, Stochastic Gradient
Descent; ROC-AUC, Receiver Operating Characteristic-Area Under the Curve; DermlS, Dermatology Information System; SVM, Support Vector Machine; RF ,
Random Forest; HOG, Histogram of Oriented Gradients; LBP, Local Binary Pattern; F1 Score, Harmonic mean of precision and recall; HAM 10000, Human Against
Machine with 10000 images; NN, Neural Networks; ReLU, Rectified Linear Unit; ISIC, International Skin Imaging Collaboration.

more confident [81]. Al tools such as SlideTutor can measure
diagnostic strategies and errors, providing feedback to reduce
mistakes and enhance learning [82]. El Saadawi et al. [81]
examined how feedback timing affects Al-based melanoma
reporting. Most gains occurred early, but immediate and delayed
feedback significantly improved knowledge. The study also
found no link between learning outcomes and students’ self-
confidence, suggesting that Al-based training can effectively
enhance analytical reporting when data are provided [83]. A new
tool called Histopathology Generative Pre-trained Transformer
can automatically generate dermatopathology reports from
whole-slide images with expert-level quality. It even highlights
the slide areas that support each statement, giving learners
insight into how the Al thinks, making it a powerful, transparent
teaching aid [84].

7.5. Smartphone apps

Smartphones with good cameras and strong processors
are now widely used in medicine, especially in teledermatology
and skin self-checks. Tools such as DermLite and MoleScope
let patients take clear images for doctors to review. Earlier
melanoma detection apps used support vector machine (SVM)
classifiers and ABCD features, but newer ones use CNNs
for better accuracy. For instance, Iowa State University built
an app with a detachable 10x lens that used an SVM with an
RBF kernel, reaching 88% accuracy. Another app using CNNs
analyzed 8,000 images and achieved 78.8% accuracy, with 73%
specificity and 91.3% sensitivity [85,86]. A modified ResNet50
CNN with the PAD-UFES-20 dataset showed 96% consistency
and 85% accuracy. The Skin Screener app detected melanoma
with 96.4% sensitivity and 94.85% specificity. Since 2018, the

SkinVision app has been widely used, reaching 95% sensitivity
and 78% specificity with over 130,000 training images [87—-89].
A 2025 independent study tested a CE-certified Al smartphone
app in real-life conditions and showed its strong diagnostic
performance, highlighting the clinical value of mobile tools for
detecting skin cancer [90].

The reviewed studies employ various Al methods in
dermatology, ranging from small datasets of doctor-labelled
images to large datasets such as HAM10000 and ISIC. Most
studies used deep learning (mainly CNNs), which operate
directly on raw or dermoscopic images. In some studies,
traditional machine learning methods, such as SVMs and RF,
have been used, relying on handcrafted features. Traditional
ML uses feature-extraction methods like HOG and LBP, but
deep learning learns features automatically. Different studies
employ various model settings, including the use of different
optimizers (such as Adam or SGD), adjusting the learning rate,
utilizing ensemble models, or applying transfer learning. They
also evaluate their models in various ways using metrics such
as accuracy, AUC, sensitivity, specificity, precision, recall, F1-
score, balanced accuracy, and top-1/top-3 accuracy (Table 2).

8. LIMITATIONS AND CHALLENGES

Dermatology Al is still in its early stages, facing
multiple challenges such as data bias, interpretability issues,
legal and ethical constraints, and integration with clinical
workflows. Al must be transparent and reliable to improve
patient care, but confounders can affect accuracy; for example,
Winkler et al. [67] showed that surgical pen markings on
images could mislead AI models by being associated with
cancer [91]. When analyzing melanoma sites, protocols must
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ensure patient data privacy, guided by regulations such as the
Health Insurance Portability and Accountability Act (HIPAA).
Under HIPAA, all patient data collected via Al tools must be
securely handled and stored, protecting sensitive information
like images and medical history [92].

Healthcare providers must clearly explain how Al is
used in diagnosis, ensuring patients understand potential risks
and data-handling practices [8]. A major challenge is inadequate
training data, essential for effectively training CNNs and other
DL models. Imbalances in existing datasets can lead to faulty
training, poor performance, and limited generalization to rare
or unseen cases [93]. A significant challenge is that subtle
differences between malignant and benign lesions, combined
with limited representation of lesion types and skin tones in
training datasets, can reduce Al accuracy. Additionally, Al is
sensitive to image quality, whereas dermatologists often identify
key features even in suboptimal images [59]. Data sets must
be diverse and balanced to ensure Al produces accurate and
equitable results. Maintaining image quality and standardizing
collection methods are essential for consistency in dermatology
Al research. Heterogeneous datasets from different sources
and environments can negatively affect Al performance [94].
Content-based picture retrieval and saliency maps are being
explored to increase Al transparency and trust. Additional
difficulties, such as liability, data privacy, and medical-legal
concerns, arise when Al is integrated into clinical practice
[95,96]. Because many Al models were approved based on
retrospective data rather than comprehensive prospective
studies, they require continuous validation to maintain
reliability [93]. Fulfilling the potential of Al in dermatology
requires establishing stakeholder confidence and verifying Al
models across several locations [97,98].

The use of Al in melanoma diagnosis raises ethical and
legal concerns, particularly regarding liability for misdiagnosis.
If an Al system provides an incorrect assessment, it is unclear
whether responsibility lies with the clinician, the software
developer, or the healthcare institution. Ensuring accountability
and establishing clear guidelines are essential to mitigate these
risks. Implementation barriers also exist, including the high
cost of Al tools, the need for specialized hardware and software,
and the variability of clinician trust in Al outputs. Ensuring
transparency, interpretability, and clinician involvement is
crucial to fostering trust and promoting the adoption of Al in
clinical practice [99,100].

A significant concern is the potential for inequality,
as many Al algorithms are primarily trained on images
of individuals with lighter skin tones. Consequently, their
diagnostic accuracy tends to be lower for people with darker
skin, exacerbating disparities in access to quality dermatological
care. To address this, it is essential to create more diverse
datasets and actively identify and mitigate existing biases with
them [101,102].

Integrating Al into dermatology in India faces
regulatory challenges, as comprehensive healthcare-specific
guidelines are still evolving, raising concerns about safety and
data protection. Data bias, particularly the underrepresentation
of darker skin tones in training datasets, can reduce diagnostic
accuracy and exacerbate disparities. Ethical and legal issues,

including liability for misdiagnosis and using black-box
algorithms, complicate accountability. Despite these challenges,
Al can potentially improve patient care by enhancing diagnostic
accuracy, reducing unnecessary biopsies, and increasing access
to dermatological services. This can directly benefit patients by
improving safety, timely treatment, and overall quality of care.
Realizing these benefits requires addressing regulatory, ethical,
and data-related obstacles to ensure equitable and trustworthy
Al deployment [103].

9. FUTURE PROSPECTS

Recent developments in language models, especially
multimodal and vision-language models, show promise in
dermatology. Models such as Skin-GPT4 can interpret clinical
skin lesion photos and provides diagnostic suggestions and
as well as descriptive explanations. They can be applied in
triage tools and patient chatbots, combining genetic, visual,
and demographic data to offer comprehensive medical insights
and enhance generalist medical Al capabilities [104-106]. The
accuracy of these models improves with larger datasets and
greater computational power, supporting dermatology practice
and the diagnosis of complex skin disorders. Federated learning
(FL) allows Al models to be trained on data from multiple
institutions without transferring patient data, addressing privacy
and accessibility concerns while enhancing generalizability.
FL is especially promising in dermatology for reducing
performance gaps in underrepresented skin types, following its
success in radiography and cancer applications [107—-109].

Institutions can create specialized models for their
populations by locally fine-tuning foundation models. However,
infrastructure, data aggregation, and quality issues must be
addressed to fully utilize these technologies. Additionally,
advancements in Al model design and rigorous evaluation
criteria, including clinical value, equity, and transparency,
are essential for developing practical dermatology Al [110].
A careful review of medicolegal issues is essential, as Al
use in dermatology may raise liability questions in cases of
delayed or incorrect diagnosis. Addressing these concerns
requires regulatory compliance, straightforward assignment of
responsibility, and transparency in Al-driven decision-making.

10. CONCLUSION

Melanoma is a highly aggressive skin cancer,
making early and accurate diagnosis essential for effective
treatment. Conventional diagnostic tools are limited by
subjective variability. Al, particularly deep learning CNNs, has
emerged as a valuable tool for melanoma prediction. Despite
progress, clinical translation remains challenging, and further
development of clinically validated Al models is needed to
enhance melanoma diagnosis. Integrating Al into clinical
practice with diverse and validated datasets could greatly
improve early detection, reduce diagnostic errors, and support
better patient care.

11. LIST OF ABBREVIATIONS

Al, Artificial Intelligence; Adam optimizer, Adaptive
Moment Estimation optimizer; SGD, Stochastic Gradient
Descent; DermlIS, Dermatology Information System; RF
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Random Forest; F1 Score, Harmonic mean of precision and
recall; HAM10000, Human Against Machine with 10000
images; NN, Neural Networks; ReLU, Rectified Linear Unit;
BRAF V600E , B-Raf proto-oncogene; serine/threonine kinase;
V600E; MAPK , Mitogen-Activated Protein Kinase; NRAS,
Neuroblastoma RAS viral oncogene homolog; KIT , KIT proto-
oncogene; receptor tyrosine kinase; PTEN , Phosphatase and
Tensin Homolog; PI3K/AKT, Phosphoinositide 3-kinase / AKT
(Protein Kinase B, PKB).
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