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ABSTRACT

Objective: This research investigates how Artificial
Intelligence (Al) enables early diagnosis and taxonomy of skin
cancer through its Machine Learning (ML) and Deep Learning
(DL) analytic methods. The described technologies improve
diagnostic precision and speed up skin cancer identification
processes.

Methods: Researchers performed a systematic literature
review to assess documents published in PubMed, IEEE
Xplore, and Scopus from 2015 to 2025. The review combined
findings about AI/ML/DL applications for skin cancer
diagnosis using medical images, focusing on dermatological
images. This research evaluates data quality alongside
algorithm transparency and ethical problems that arose during
the study.

Results: The automated classification of skin lesions depends
on Al technology, especially Convolutional Neural Networks
(CNNs), which demonstrate better accuracy and speed than
conventional practices. Analyses performed by Al systems
have decreased diagnostic mistakes and enhanced patient
results since they enable physicians to act quickly.

Conclusion: The rapid development of sophisticated Al
diagnostic tools will result in superior automated skin cancer
detection abilities that doctors will reach in future years. Al-
based diagnostics will be broadly implemented only after
solving the current challenges with algorithm bias and data
privacy concerns.
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INTRODUCTION

Background on Skin Cancer and its Global Impact

Skin cancer emerges as the predominant cancer worldwide since it develops in
millions of people every year. The most dangerous form of skin cancer exists as
melanoma because it leads to ample fatalities from skin cancer conditions [1]. The
survival rates for skin cancer patients increase significantly when detection
occurs at the beginning stages of the condition. Melanoma exists as a fast-
spreading aggressive cancer that needs immediate medical attention because it
possesses the ability to move to various body regions. Skin cancer diagnosis
stands as an intricate procedure that experts find particularly difficult to handle.
Professional dermatologists need expertise to accurately overview delicate
patterns in medical images like dermatoscopic and histopathological
examinations [2]. Healthcare centres face challenges when obtaining specialist
interpretation of images with tiny details that regular human vision cannot
clearly understand. Combining visual inspection with biopsy creates diagnostic
methods that require extended periods, and human mistakes lead to improper
diagnoses, assuming treatment delays. Patients suffer from inadequate outcomes
because skin cancer diagnosis and treatment remain elusive to those living in
remote locations without access to healthcare personnel or medical testing
equipment. Enhancements in diagnostic capabilities stand essential for both
minimizing world skin cancer severity and boosting survival statistics among
patients [3].

Overview of the Importance of Al and ML in Modern Healthcare

Artificial Intelligence (Al) stands as a revolutionary power in healthcare, and it
has two divisions: Machine Learning (ML) and Deep Learning (DL). Combining
these modern technologies allows medical experts to diagnose conditions more
efficiently because they possess advanced, powerful tools to process complex
medical data [4]. The ability of Al to handle extensive visual data streams enables
it to perform more precise rapid medical diagnoses even better than traditional
assessment techniques. Al technology allows medical staff to identify patterns in
imaging data that the human eye typically cannot interpret, thus leading to
earlier skin cancer diagnosis technology showing superior performance in early
skin cancer detection by dermatologists through its work with dermatological
sciences [5]. CNNs process dermatoscopic images as deep learning models for
skin cancer diagnosis by detecting suspicious lesions that may indicate
melanoma or other skin lesions. These Al models require extensive labelled
image collections because this training helps them understand the wellness
indicators and malignant patterns in lesions. Artificial intelligence in
dermatology practice enables quick and precise diagnosis through shortened
analysis duration and minimized diagnostic mistakes to yield timely, proper
patient medical results [6]. Modern medical science progresses through artificial
intelligence technology, which helps diagnose diseases more quickly and
predicts patient outcomes and treatment protocols to reduce worldwide skin
cancer mortality rates [7].
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Research Questions

1. What are the roles of AI/ML/DL in the early detection and classification of skin
cancer?

2. How do Al-based diagnostic systems compare to traditional diagnostic methods in
terms of speed and accuracy?

3. What challenges exist in the application of AI/ML/DL techniques for skin cancer
detection, particularly in terms of data quality and algorithm transparency?

4. How do these Al systems contribute to personalized treatment planning for skin
cancer patients?

5. What are the ethical considerations and potential risks associated with the use of
Al in diagnosing skin cancer?

METHODOLOGY

The literature review adopted Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) guidelines to process the research regarding
Artificial Intelligence (AI) and Machine Learning (ML) applications for ear
infection detection and treatment in a systematic and transparent manner. The
research follows these steps for its methodology:

Literature Search Strategy

The research adheres to the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) guidelines for systematic transparent research
replication. The research details steps for exploring how Artificial Intelligence
(Al) along with Machine Learning (ML) and Deep Learning (DL) methods help
medical imaging detect skin cancer early and classify it.

Keyword Combinations: The term list received Boolean operator treatment to
achieve precise search result filtering. Specific keyword combinations included:
“ Artificial Intelligence AND Skin Cancer,” “Machine Learning AND Melanoma,”
“Deep Learning AND Dermatology Imaging,” “Early Detection AND Skin
Cancer,” “Al AND Non-melanoma Skin Cancer AND Classification.” The
multiple search terms produced results that contained studies about Al skin
cancer detection methods along with evaluations of medical imaging performed
by ML and DL while examining diagnostic precision improvements.

Inclusion and Exclusion Criteria
The research employed systematic methods for selecting publications through defined
admission and rejection standards. A set of criteria existed to screen scientific works so
researchers could include only research they considered appropriate for the discussion
about Al, ML, and DL practices that detect and classify skin cancer. The study defines
its inclusion and exclusion criteria within Table 1.

Criteria Inclusion Exclusion

Focus Peer-reviewed articles on Al, | Studies not focusing on
ML, and DL for diagnosing or | AI/ML/DL for skin cancer
classifying skin cancer diagnosis or classification
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integration

Topics Studies on technical, ethical, or | Research using only
regulatory challenges related | traditional diagnostic
to AI/ML in skin cancer methods without AI/ML

Type of Research | Empirical studies, review | Non-peer-reviewed

papers, and case studies with | publications (e.g., abstracts,

Al applications in skin cancer editorials, commentaries)
Time Frame Published between January | Articles published before
2015 and February 2025 January 2015
Methodological Studies with sufficient | Studies without full-text
Detail methodological detail to assess | availability = or  lacking
the quality of findings methodological clarity

Table 1: Summarization of the inclusion and exclusion criteria.

Study Selection Process

The beginning search returned 1,500 articles before deduplication. One thousand
two hundred articles remained as distinct records after duplicate removal. Two
independent reviewers conducted assessments of the articles by using their titles
and abstracts to determine if the articles satisfied the selection requirements. The
research through screening produced 350 articles suitable for complete
assessment. A more accurate examination revealed 250 articles did not fit the
research criteria due to either missing AI/ML and skin cancer detection focus or
MRI diagnosis. A total of 100 articles satisfied the research requirements and
were included for the extensive review phase.

Data Extraction and Synthesis

A standardized data extraction method was developed to properly collect vital
information from each examined study. The research team employed a
specialized extraction form containing areas for study goals alongside AI/ML
technique descriptions (including CNNs or decision trees), skin cancer type
specifications and diagnostic imaging methods together with measured results
and authors' discussed challenges and limitations.

1. Data Extraction Methodology

Standardized Form

Form Details: The data extraction form contained necessary study information
categories such as Al algorithm types alongside imaging data (dermatoscopy and
histopathology) and diagnostic precision (sensitivity, specificity and precision).

Data Categories:

Core Information: Studies produced major results that enabled understanding of
how AI technologies detect and classify skin cancer along with the effectiveness
of particular machine learning algorithms while demonstrating their impact on
diagnostic accuracy. Researchers investigated how Al systems serve as tools for
both disease progression estimation and treatment plan instructions within their
studies.
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Challenges and Limitations: The researchers pointed out crucial research
restrictions which included inadequate datasets of diverse sizes and algorithmic
bias problems and clinical workflow integration difficulties. An assessment of
tinding reliability and generalizability was conducted by examining these study
restrictions.

Managing Discrepancies Independent

Extraction:

The data extraction process was conducted by two independent reviewers to
secure objective results together with unbiased findings and consistent key
information collection. The independent reviewers extracted important study
data by separately analyzing the Al model descriptions and diagnostic accuracy
measures and outcomes reported by authors and any mentioned limitations.

Resolution Process:

Consensus Meetings: Reviewers operated by meeting to resolve interpretation
differences of study data when their assessments did not align. The reviewers
used these meetings to answer questions regarding unclear aspects when
reviewing Al algorithm performance and dataset quality together with study
methodology.

Involvement of Third Reviewer: The paper included a third expert reviewer who
specializes in dermatology Al applications and medical imaging when original
reviewers failed to agree on specific points. An additional expert brought field-
specific expertise to resolve ongoing conflicts as well as confirm that all final
conclusions received expert backing from the scientific community.

Documentation: Systematic documentation of all disagreements between
reviewers and their ultimate solutions was maintained during this process. This
documentation process delivered full transparency about decision-making
procedures as well as demonstration of agreement resolution methods to other
viewers.

Additional Reliability Checks:

Double Data Entry

Re-evaluation of Subset: Double-entry served as an added step to improve the
data extraction reliability. The data extraction task was performed independently
by two separate review groups who checked their results against each other for
accuracy and consistency for selected research studies. The step identified
possible data entry errors through double-review to establish strong findings.

Comparison of Results: A panel of independent experts performed a secondary
evaluation on randomly chosen studies from the selected group. The evaluators
who performed this assessment did not know what outcomes the initial
reviewers discovered which helped maintain objectivity throughout the review.
The secondary evaluation phase tested the data extraction results while it
uncovered any unspotted discrepancies from the primary review period.
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Consistency and Validation

Cross-Verification: ~The reviewers discussed regularly through validation
meetings in order to address any discrepancies that emerged from the process of
cross-verification. The research team conducted meetings which served to fix
data discrepancies and enhance the data extraction routine. Full accuracy was
achieved in the data which made the final analysis remarkably precise and
dependable.

Quality Assessment

A group of established critical appraisal tools based on Critical Appraisal
Skills Program (CASP) checklists evaluated the quality of included studies.
Assessment tools evaluated research rigor through the review of design clarity
and data collection reliability and study result transparency features in each
examined study. Study Selection Based on Quality: The CASP checklists
provided an organized methodology to evaluate the quality standards of each
study included in the review process. Studies which met the predefined
methodological quality standards became part of the final research review
though interesting findings alone did not qualify studies with significant
methodological inadequacies. Evaluating AI Models: Quality assessment
concentrated on evaluating research which employed Convolutional Neural
Networks (CNNs) along with other deep learning algorithms for diagnosing
skin cancer. The investigation examined how Al models performed for
development and validation together with their ability to deliver results that
clinical professionals could use. Clarity of Reporting: The quality assessment
system heavily relied on the research being easily understandable. Studies
which offered complete reporting involving Al methodologies together with
complete dataset information and evaluation metric details received higher
priority. The research requires transparent methods for successful reproduction
and validation of findings by other experts in this field. Methodological
Weaknesses: Major differences about specific study quality levels led the
reviewers to involve a third party who helped reach final agreements. The
review included careful reporting of methodologically weak studies which
delivered significant new information about using Al for skin cancer detection
along with their known weaknesses.
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Figure 1: PRISMA flow diagram

1. The Role of AI and ML in Skin Cancer Diagnosis
Artificial Intelligence (AI) and Machine Learning (ML) technologies have made
substantial improvements in identifying both skin cancer types, including melanoma
and non-melanoma varieties [8]. The advancements have created superior diagnostic
capabilities, decreased diagnosis time, and led to better treatment achievements. By
integrating AI/ML technologies with dermatology, specifically into medical imaging
processes, healthcare practitioners increase their ability to detect skin cancer early while
ensuring reliable outcomes, which leads to enhanced patient management practices [9].
The subsequent sections examine Al and ML technology improvements in skin cancer
diagnosis by exploring diagnostic imaging techniques, prediction algorithm processing,
and their adoption in clinical medical practices [10].

1.1. AI-Based Image Analysis for Differentiating Types of Skin Cancer

Skin cancer stems from irregular cell multiplication in the skin and needs

medical image analysis through dermatoscopy and histopathology procedures

for proper diagnosis. The three skin cancer types, melanoma basal cell carcinoma

(BCC) and squamous cell carcinoma (SCC) need specific clinical management

treatments [11]. Al techniques, specifically Deep Learning methods, achieve

remarkable success in distinguishing various types of skin cancer through

analysis. The analysis of skin lesion image features by Machine Learning models

with Convolutional Neural Networks (CNNs) detects asymmetry, irregular

borders, colour variations, and diameter features that suggest malignancy.

Dedicated deep learning algorithms succeed at identifying skin lesions and then

assigning correct diagnoses between harmful or non-harmful categories while

maintaining at least 90% accuracy in their determinations [12]. Al systems excel

over human dermatologists in diagnosing skin cancer after training on

extensively labelled dermatological image datasets, which enables quicker

patient treatment through reduced diagnostic errors. The systems demonstrate

success in melanoma identification and separation between non-melanoma skin

cancer types, enhancing doctor decision-making [13].
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1.2. Early Diagnosis and Risk Prediction: AI Algorithms in Identifying Risk
Factors for Skin Cancer
Skin cancer identified during the early stages allows better treatment options and
enhances patient health outcomes. Previous risk assessment methods rely on age
and gender variables, sun exposure, and family cancer history data, yet they
cannot process biological and environmental risk elements [14]. The combination
of EHRs, genetic database clinical information, and wearable device real-time
data enables Al and ML systems to provide superior risk assessment accuracy.
Through Al algorithms, health models gain insights into personal records
alongside lifestyle patterns, which also integrate genetic inputs to identify
persons susceptible to skin cancer development. The diagnostic features of Al
systems can identify recurring skin cancer warning indicators through
continuous tracking of lesions and moles in cancer survivors [15]. These models
assist medical practitioners through their analytical capabilities to determine at-
risk patients and generate customized preventive measures to reduce skin cancer
risks.
1.3. Predictive Modelling for Skin Cancer Occurrence Using Patient Data
Predictive modelling stands as the most beneficial Al application for healthcare
systems. Recurrent Neural Networks, and other machine learning models,
process patient data throughout time to make skin cancer predictions. Historical
information, like diagnosed conditions, UV exposure records, and hereditary
medical information, are included in Al prediction models that estimate skin
cancer probabilities for current or potential patients [16]. Advanced health
predictions for skin cancer development are made through predictive models
that analyze ongoing patient data from medical history and skin examination
results. Al systems develop better accuracy and personalized care through
ongoing model refinement that processes patient-oriented data with
environmental factor changes [17]. This enables healthcare teams to create
proactive treatment programs.
1.4. Comparative Analysis of Al-Based vs. Traditional Diagnostic Methods
Testing methods that use artificial intelligence to diagnose skin cancer yield
improved results while operating at higher speeds than standard manual
procedures. Skin cancer diagnosis through visual examination by dermatologists
and biopsy requires extensive doctor experience, even for a long duration [18].
Al systems provide a uniform method for skin cancer detection through image
analysis algorithms that spot patterns that standard human vision cannot
identify. Data shows that Al diagnostic solutions identify skin cancer and people,
although AI achieves better results because its operations are faster and more
controlled [19]. The Al-based systems have the ability to analyze thousands of
images while completing this task significantly faster than human clinicians do
manual examinations. The standard of skin cancer detection improved
throughout healthcare facilities because AI models help diminish diagnostic
variability and benefit locations with limited expert dermatologist availability
[20].
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CONCLUSION

Accurate, quick diagnosis tools emerged in skin cancer diagnosis by adopting
Artificial Intelligence and Machine Learning systems. Deep learning algorithms
inside Al-based models reach extraordinary accuracy levels for recognizing
various skin cancer types and their initial characteristics. Al platforms use EHRs,
genetic data, and environmental variables to build patient-tailored proactive skin
cancer predictions. Al adoption in medicine has continuing impediments because
healthcare practitioners must maintain data fidelity, dress artificial intelligence
discrimination, and Rande systems into actual clinical operations. Al technology
continues to develop toward its transition into standard clinical dermatology
tools to deliver faster diagnosis accuracy and better patient results. When
technological barriers clear up, Al will provide an increasingly promising skin
cancer detection and treatment era that functions as an effective defense
mechanism against this disease
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