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Abstract

Objectives: We present a comprehensive literature review regarding the role of Artificial Intelligence in prevention and detection of skin 
cancer, emphasizing its diagnostic accuracy, interpretability, and clinical integration while reducing healthcare burden and costs. 

Methods: Research has been conducted across databases such as PubMed and Google Scholar. We selected 38 peer-reviewed studies, 
relevant to our topic. The synthesis of the articles was based on five research directions. 

Results: Artificial Intelligence particularly trough deep learning and convolutional neural networks, achieved diagnostic accuracies exceed-
ing 90% in differentiating benign from malignant skin lesions using datasets such as International Skin Imaging Collaboration (ISIC) and 
Human Against Machine with 10,000 training images (HAM10000). Biologically inspired algorithms, residual networks, and autoencoders 
are all combined in hybrid models to further increase sensitivity and specificity. Our review showcases how effective can Artificial Intelligence 
be in digital histopathology, automated segmentation, and predictive modeling when implemented correctly. Smartphone applications and 
prevention campaigns enabled early detection and public awareness of skin cancer. 

Conclusions:  Artificial Intelligence will become the ultimate pillar of dermatopathology by cutting down medical related costs and support-
ing clinicians. Nevertheless, tackling issues regarding dataset diversity, algorithmic clarity, ethical standards, and clinical validation will help 
us develop transparent, equitable and secure systems that assist rather than replace human verification.
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Introduction
Cancer remains one of the leading causes of death and 
is responsible for approximately 10 million fatalities an-
nually with the number expected to keep rising at least 
until 2030, according to the World Health Organization 
(WHO) [1]. As the sixth most prevalent type of cancer, 
skin cancer incidence continues to increase so it is safe to 
say we should focus on preventing it [2].
Identifying the three main types of cancer such as mel-
anocytic cancers (melanoma), and non-melanocytic skin 
cancers - Basal Cell Carcinoma (BCC) or Squamous Cell 
Carcinoma (SCC) requires multiple diagnostic techniques, 
including dermoscopy, clinical screening, histopathology, 
and immunohistochemistry. These procedures can be time 
consuming for dermatologists and pathologists [3]. Der-
moscopy differentiates benign from malignant skin lesions 
via dermatoscope, a magnification tool with a polarized 
light source. Dermatologists analyze skin lesions for pat-
terns such as ramifications, globs, pigmented networks, 
veils and colors. Medical detection algorithms were devel-
oped to save time when performing differential diagnosis 
from benign to malign skin lesions, one of the most prac-
ticed ones being the Asymmetry, Border, Color, Diameter 

(ABCD) rule presented by Nachbar [4].
Histopathological examination is indispensable for ac-
curate diagnosis of skin cancer, as it provides definitive 
morphological and cytological insights. Irregular and thick 
nuclear membrane with prominent nucleoli is characteris-
tic for melanoma [5]. Stromal tissue surrounding basaloid 
keratinocytes aggregates with intense basophilic colora-
tion, scant cytoplasm and uniform nuclei help pathologists 
identify BCC [6]. The spinous layer of the malignant epi-
dermal cells invading the dermis, accompanied by inflam-
matory cell infiltrate, in the shape of advancing sheets with 
keratinization present as individual cells or as concentric 
pearls is a typical pattern for SCC [7].
As artificial intelligence keeps getting more reliable it made 
it’s way into digital dermatopathology. The most help we 
can get out of it so far for skin cancer is diagnostic wise be-
cause it can lower the burden of practitioners thus offering 
more time for them to focus on treating the patients while 
keeping the costs at the low limit [8].
The objective of this review is to explore how artificial in-
telligence (AI) based systems can improve identification 
and diagnosis of skin cancer while fostering trust between 
technology and practitioners through transparency and in-
terpretability. We aim to shine light on image processing 
techniques, limitations of the algorithms, ethical consid-
erations and primary skin cancer prevention through AI 
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software. 

Methodology 
The present review focuses on AI applications in early de-
tection, risk assessment, public awareness, and preventive 
strategies, ensuring a broad yet targeted exploration of 
the topic. A thorough search for relevant studies has been 
conducted across research databases such as PubMed and 
GoogleScholar. Key-words for interrogation of the data-
bases included “artificial intelligence”, “skin cancer preven-
tion”, “Hybrid deep learning”, "image classification skin 
pathology", "clinical workflow integration", "digital diag-
nostics", "telepathology" and “early detection.” Inclusion 
criteria prioritized peer-reviewed articles published in the 
last decade, specifically addressing AI's role in prevention. 
Studies were included in this review only with features 
like raised diagnostic accuracy, low dependency on clini-
cal expertise, increased interpretability while also trying to 
address critical challenges such as bias in training datasets 
and lack of standardized reporting algorithms. We exclud-
ed case reports, studies that did not share a clear outcome 
or suggestive results. Findings were organized thematically 
to highlight key insights. Agreements, discrepancies, and 
unique contributions among studies were compared to 
provide a comprehensive understanding of the topic. We 
selected 38 publications based on the stated criteria out of 
126 reviewed.

Evolution of digital histopathology and benefits 
of integrating AI
Digitized hematoxylin eosin (HE) slides revolutionized 
histopathological examination since they enable large-scale 
storage, sharing, and computational analysis, essential for 
modern pathology research. In order to digitize HE slides 
the traditional glass slides are scanned using high-resolu-
tion whole-slide imaging (WSI) scanners which converts 
them into digital images. Then we can use dedicated com-
puter programs in order to examine the images with great 
resolution [8].

Research about artificial intelligence (AI) in the preven-
tion and detection of skin cancer has seen significant ad-
vancements, both nationally and globally, as it addresses 
more and more specific obstacles such as automated in-
terpretable classification and prediction systems which can 
help identify cancer at an earlier stage, before the visual 
criteria is noticeable, thus obtaining a better prognosis and 
less invasive treatment. These advancements have led to 
the development of hybrid systems that use multiple deep 
learning techniques thus obtaining increased performance 
and high accuracy results [9,10]. 

Artificial intelligence (AI), particularly through deep 
learning and convolutional neural networks, has demon-
strated great potential in healthcare by overcoming the 
variability in clinician expertise. AI-based systems can ana-
lyze vast datasets rapidly, identify patterns more precisely 
than human eye and aid the time-wasting procedures in 

recognizing skin cancer [11,12,13]. These capabilities not 
only enhance early detection rates but also reduce the bur-
den on healthcare systems, lower associated costs and im-
prove patient outcomes while being accessible worldwide 
via telepathology [14]. 

Nowadays it takes just a few screen touches inside a skin 
cancer detection phone application for a normal person to 
pre-diagnose themselves with potential skin cancer. Only 
after getting the AI results if positive they are advised to 
get an appointment with a real doctor saving themselves 
money and time [15,16].

The role of AI and machine learning in 
reshaping histopathological diagnosis and skin 
cancer prevention
AI-driven analysis of digitized HE slides revolutionizes 
research by leveraging deep learning (DL) and machine 
learning (ML) techniques since it can process thousands 
of slides in minutes and identify histopathological features 
with precision beyond human capability. AI allows large-
scale biomarker discovery such as expression of PD-L1, 
CTLA-4, integrating histopathological data with genomic 
(e.g. mutations of BRAF, KIT, NRAS, TP53) and clinical 
datasets through a multinodal approach. This accelerates 
the development of predictive models for prognosis and 
treatment response. Artificial Intelligence lets us standard-
ize the slide interpretation thus, reducing diagnostic vari-
ability while also improving reproducibility and reliability 
in multicenter studies. A crucial role in detecting cancer-
ous regions, grading tumors and segmenting tissue struc-
tures with remarkable accuracy is played by Convolutional 
neural networks (CNNs) which are often used for image 
recognition because they learn and extract visual patterns 
from digitized slides using their convolutional layers. In 
the study conducted by Rantalainen et al. CNNs exceeded 
95% sensitivity and specificity.  Segmentation is achieved 
by detecting patterns in edge structures, textures, and color 
intensities, enabling the model to differentiate between 
normal and malignant tissues. CNNs then proceeded to 
tumor morphology analyzing features like cell shape, size, 
and arrangement in order to grade melanomas based on 
histological parameters such as Breslow thickness, Clark 
level, and mitotic rate [8].

In a research by Rezk et al. [9] Incremental Domain 
Knowledge Learning (IDKL) was introduced for interpret-
able skin cancer classification. It used a deep neural net-
work to extract histopathological features from digitized 
slides. Their model was built in layers, first determining 
whether the sample is skin tissue or not with an 87% ac-
curacy rate. Then it assessed whether the lesion is benign or 
malignant, achieving 77% accuracy and finally it identified 
the exact type of skin cancer with an accuracy of 71%. For 
raised interpretability it used saliency maps to highlight di-
agnostically relevant image regions, thus allowing clinical 
reasoning. What made this approach more valuable than 
just delivering a diagnosis is the step by step process, sup-
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porting clinicians for the final diagnostic with tangible in-
sights rather than replacing them while still being accurate 
and transparent. 

Bassel et al. [10] used hybrid deep learning for auto-
mated differential diagnosis between benign and malig-
nant skin cancer. Dermoscopic pictures were enhanced by 
removing irrelevant data during preprocessing. Then the 
input image was divided into distinct regions, with the 
most prominent and relevant region identified for subse-
quent analysis which gives clinicians confidence in the end 
result. Feature extraction for skin cancer identification is 
performed using the ABCD rule. The stacking mechanism 
enabled them to integrate multiple classification models, 
capitalizing their combined strengths during both the 
training and testing phases. They achieved 90,9% accuracy 
with dataset extracted from ISIC. The experiment success-
fully improved the accuracy of three CNNs used as feature 
extraction models: Residual Network 50 (ResNet50), Ex-
treme Inception (Xception), and Visual Geometry Group 
16 (VGG16). The extracted features were subsequently 
processed using various classification methods, including 
deep learning, Support Vector Machine (SVM), k-Nearest 
Neighbors (KNN), neural networks (NN), regression, and 
random forest.

Skin Cancer Detection Applications studied by Kulkar-
ni et al. [15] used hybrid CNNs models combining visual 
classification with sonification of pixels which reduces bi-
ases associated with skin tone, age, and gender. The dual-
modality audio-visual classifier achieved high diagnostic ac-
curacy for skin cancer (SC) in both Fitzpatrick Skin Types 
(FS) and Darker Skin Types (DS), with Receiver Operat-
ing Characteristic - Area Under the Curve (ROC-AUC) 
values of 0.858 (95% CI: 0.795–0.921) and 0.856 (95% 
CI: 0.759–0.953) respectively, and equivalent sensitivity 
and specificity at approximately 80–85%, showing no sig-
nificant bias across skin tones. Making it feasible for any 
type of smartphone user. Image capture using smartphones 
often lacks standardization in terms of distance, lighting 
conditions, delineation of lesion boundaries, leading to 
reduced diagnostic accuracy 83% but this app could also 
work on standardized dermoscopic images which brings its 
sensitivity up to 90%.

Additionally, current data showed that users of Skin 
Cancer Detection Applications have significantly higher 
dermatological claims compared to controls. Odds ratios 
are reflecting increased claims for premalignant lesions: 
20% vs. 10% and malignant lesions: 15% vs. 5% with ad-
justed p-values < 0.05. High-risk users accounted for 30% 
of the claims inside the application while only 12% were 
low-risk users which clearly highlights the impact it has 
on early detection. The app's real-world implementation 
should target high-risk groups to achieve a higher posi-
tive predictive value while also addressing the potential for 
overdiagnosis, which may lead to increased anxiety among 
users [16].

In another study which analyzed Convolutional Neural 

Networks (CNNs) it has been proven that we can reach 
superior performance in skin lesion classification by using 
the Human Against Machine with 10,000 training im-
ages (HAM10000) dataset. They achieved 94% accuracy 
which clearly outperformed traditional methods like Ar-
tificial Neural Networks (79.8%) and Multilayer Percep-
trons (70.5%) through fine-tuning and transfer learning 
approaches [17].

A research by Dhibar et al. [18] conducted on a DAE-
ResNet101 hybrid model achieved remarkable accuracy 
levels of 96.03%. Significantly outperforming traditional 
CNN-based skin lesion classification that solely relied on 
convolutional layers to extract features. Their model inte-
grates a deep autoencoder (DAE) with ResNet101 allow-
ing it to capture nuanced patterns and detect anomalies 
more effectively. This result highlights the potential of in-
tegrating autoencoding techniques with deep residual net-
works in digitized slides examination.

Kulkarni et al. [19] explored the potential of deep learn-
ing to estimate the prognosis of 155 patients from digi-
tized slides in early-stage melanoma cases. They used an 
open-source software named “QuPath” for segmenting 
cell nuclei and classifying cell types in order to identify 
regions of interest (ROI). With an area under the curve 
(AUC) of 0.880 and 0.905 for disease-specific survival, it 
demonstrated excellent predictive performance. The model 
considered a number of factors when examining the histo-
pathological findings but the key prognostic predictor was 
immune cell infiltration, specifically lymphocyte density.

In an effort to improve skin cancer detection, Maurya et 
al. [20] came up with an advanced AI framework known as 
DualAutoELM. This system integrated two distinct types 
of autoencoders (DualAuto), the Fast Fourier Transform 
(FFT) and a spatial one which collectively allowed the 
model to learn local and global patterns in dermoscopic 
images. The spatial autoencoder retained the configura-
tion of visual data, helping the model to identify lesion 
morphology and border irregularities while the FFT-au-
toencoder captured nuanced textural and periodic patterns 
that may have been imperceptible in the spatial domain. 
After this an Extreme Learning Machine (ELM), a neural 
classifier which is recognized for its fast learning and effec-
tive generalization, received the feature sets managing to 
effectively identify with 97.66% accuracy seven skin can-
cers from 10.015 dermoscopic pictures that make up the 
HAM10000 dataset.

Exploration of a latent autoencoder jointed with adver-
sarial training to improve the detection of intra-epidermal 
carcinoma detection proved to be successful with a recon-
struction accuracy of 92% and 15% boost in classification 
accuracy compared to conventional CNNs. This model 
overcame noisy and low-contrast dermatological images by 
compressing and reconstructing the images. Subsequently 
a secondary neural network challenged the autoencoder to 
produce more realistic reconstructions, technique called 
adversarial training [21].
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In order to automatically classify skin lesions, Alenezi 
et al. [22] introduced a hybrid approach that combined 
a wavelet transform-based preprocessing technique with a 
deep residual neural network (ResNet101) for feature ex-
traction, followed by an Extreme Learning Machine (ELM) 
for classification. Amplification of significant patterns 
and diminishing the noise from the dermoscopic images 
is done by the wavelet transform technique. ResNet101 
model is then used to capture hierarchical deep features 
across multiple layers of the preprocessed images. The ex-
tracted feature vectors are subsequently classified using a 
Rectified Linear Unit (ReLU) based ELM. When evalu-
ated on the HAM10000 dataset, the model achieved an 
impressive accuracy of 95.75. 

Another Hybrid deep learning model was introduced 
by Toğaçar et al. [23] but this time it focused on dividing 
benign from malign images with accuracy rates of 95.27% 
when evaluated on ISIC skin cancer dataset, comprising 
1,800 benign and 1,497 malignant images. They first used 
Mobile Deep Learning Convolutional Neural Network 
Version 2 (MobileNetV2) as an autoencoder to extract im-
portant features from skin lesion images. Then, they passed 
these features through a Spiking Neural Network (SNN), 
a type of model that processes information in a way that 

mimics how real neurons in the brain communicate, by 
sending quick, timed spikes. 

Gomathi et al. [24] took a different approach for the hy-
brid deep learning method. In order to classify Skin lesions 
within the HAM10000 dataset with a successful accuracy 
of 96.46% they combined CNNs with two nature-inspired 
optimization algorithms: Bacterial Foraging Optimization 
(BFO) which navigates the image to locate the optimal 
parameters like a bacteria and Particle Swarm Optimiza-
tion (PSO) which adjusts the particles for the best solution 
mimicking bird flocking.

Göçeri et al [25] managed to overcome the struggles of 
traditional CNNs by combining them with Capsule net-
works which preserved the spatial hierarchies and relation-
ships between features obtaining an accuracy of 95.24% 
within the HAM10000 dataset.

A prevention campaign focused on AI-based simulation 
of facial skin aging study showed improved sun protection 
behavior in female adults (91.7%) after seeing the pho-
toaging result. Thus, implementation of computer-based 
skin aging simulation in healthcare has proven to be an ef-
fective strategy for fostering adequate attitude toward skin 
cancer primary prevention among young adults, yielding 
sustained benefits over both short and long term [26].

Table 1. Comparative Analysis of AI Approaches regarding Skin Cancer Detection & Prevention

AI Model Studies Function  Prevent Screening Prognosis Diagnosis Key Notes

 CNNs [8], [10], [15], 
[16] [17], [24]

Image recognition, feature 
extraction, sonification

Limited High (>90%) Tumor grading Classification 
+ differential + 
mobile triage

high accuracy, low inter-
pretability, reduce bias

 IDKL [9] Stepwise classification 
with saliency maps

Indirect Moderate 
(77%)

Limited Transparent 
diagnosis

More interpretable, less 
accurate

Autoencoder hybrids [18], [20], [21] Compression + anomaly 
detection

None  (92–97.66%) Pattern detection Enhanced 
classification

Handles noise better

CNN + Capsule [25] Spatial hierarchy preserva-
tion

None High 
(~95.24%)

Limited Improved Better spatial relations

Wavelet + CNN + ELM [22] Noise reduction + clas-
sification

None High 
(~95.75%)

Limited Efficient clas-
sification

Better preprocessing

MobileNetV2 + SNN [23] Brain-inspired classifica-
tion

None High 
(~95.27%)

Limited Fast clas-
sification

Energy efficient

Prognostic DL [19] ROI + survival prediction None Indirect Strong (AUC 
0.88–0.905)

Limited Focus on prognosis

AI Simulation [26] Photoaging simulation Strong Indirect None None Best for prevention

Limitations and advantages of AI in digital 
pathology
Despite these advances, challenges persist. Ethical con-
cerns, such as algorithmic transparency and increased 
responsibility should be reinforced when developing the 
AI systems through improved regulations. Adherence to 
bioethical principles remains a significant matter due to 
the lack of integration between technology developers, 
medics, ethicists and the public. The poor managed skin 
tone differences are a critical matter that should be ad-
dressed because it creates inequality between races.  Re-
garding algorithm development and efficacy, the concern 
is there are not enough consistent studies to back them up 
or shared details [27].

One important obstacle to overcome in the future is the 
limited diversity in skin cancer datasets while also keeping 

in mind that the primary advantage of deep learning lies 
in its ability to automatically learn features from data with-
out requiring input or guidance from human experts. This 
means that if implemented correctly, the AI systems can 
actually improve accuracy by their own just from analyz-
ing more and more data which leads to a vast comparison 
ability before identifying skin cancer [10].

Without transparency such as providing insight of their 
decision making process, these applications will never pro-
liferate in clinical settings. Considering that errors in this 
field could be fatal, the European Commission required 
in 2021 that every medical service AI application should 
include transparency. From that point on the explainable 
artificial intelligence (XAI) was developed with the pur-
pose of diminishing the concerns from above [9, 28, 29].

Goyal M et al [29] showcased a bunch of limitations 
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such as low generalizability due to biased or imbalanced 
datasets, poor interpretability of deep learning models, in-
consistent image quality, and a lack of rare lesion types in 
training data.

Handling irrelevant image variations due to differing 
tissues and scanning errors is another struggle because, 
unlike pathologists, AI can mistake technical artifacts for 
biological signals. Besides that, the digitized slides require 
a lot of processing which AI struggles with. Tiling solves 
that problem but it comes with the impossibility of captur-
ing both global tissue architecture and fine cellular detail 
simultaneously [30].

As stated previously and shown by Baxi V et al [31] in 
Table 1 despite many challenges there are also enough ad-
vantages such as raised availability trough electronic medi-
cal records, lowered error risk by using algorithms, better 
storage and management of digital slides, cheaper costs 
and time saving for both patients and doctors.

6. Integration of AI into the Pathologist’s Workflow
AI was designed to support pathologists, not replace 

them. It can pre-analyze large volume of whole-slide im-
ages to detect metastases, highlight regions of interest, as-
sess biomarkers such as Ki-67 proliferation index, generate 
predictions faster than traditional methods while keeping 
a user friendly interface to enhance the final decision of 
the pathologist, who is tasked with validating, refining 
and contextualizing the results in the clinical setup. This 
collaboration improves diagnostic consistency, speeds up 
routine analyses, reduces error and supports innovation, 
while maintaining the clinician’s essential role. [8] Early 

detection of skin cancer trough AI systems also helps the 
pathologist to start the treatment and investigations in 
early stages where it can easily make a difference [15,16].

Kulkarni et al. [32] trained a CNN to identify histo-
pathological patterns from digitized slides such as nuclear 
atypia, cell density, and tissue architecture and then use 
them in order to predict the disease-specific survival (DSS) 
of each patient tested. This software stands as a great triag-
ing tool for clinicians.

Diaz-Ramón et al. [33] went even further with their 
study, assessing immunohistochemical (IHC) biomarkers 
from melanoma biopsies alongside clinical and serological 
data.  The authors measured the expression in tumor tissue 
of proteins such as RKIP, PIRIN, BCL2, BCL3, MITF, 
and ANXA5 by IHC. They also quantified the intratu-
moral presence of BCL2-positive infiltrating lymphocytes. 
The results are then used as input in a machine learning 
model specifically a decision tree built in RapidMiner that 
predicts metastatic progression and disease-free survival. 
Features such as Breslow thickness, intratumoral BCL2 
lymphocyte infiltration status, and serum IL-4 / IL-6 levels 
are being used as the primary predictors of metastasis thus, 
making it possible to stratify patients by metastatic risk. 
This is a great example of integrated work between AI and 
pathologists.

Hekler et al. [34] trained a CNN on 595 digitized slides 
half nevi, half melanoma biopsies and then compared the 
results of 100 different images analyzed by the CNN and 
11 pathologists. Finally, the CNN with a p value of 0.016 
achieved higher results than the pathologists.

Table 2. Comparative Analysis of AI Approaches regarding Pathologist workflow

AI Approach Study Workflow AI Task Pathologist Task Clinical Impact

CNN-based histopatho-
logical analysis

[32] Prognosis Extracts features and predicts survival Reviews + integrates results Triage tool

Decision Tree ML (multi-
modal data)

[33] Prognosis Combines biomarkers + clinical data to 
predict metastasis

Validates + applies risk 
categories

Risk stratification

CNN classification (AI vs 
pathologist)

[34] Diagnosis Classifies benign vs malignant lesions Verifies + contextualizes 
output

Triage tool

Future of AI
The future of AI in clinical practice is expected to strength-
en the collaboration with clinicians rather than replacing 
them. Although AI demonstrated high accuracy in con-
trolled settings, expert oversight while slowly introducing 
it into the clinical workflow will remain essential for the 
foreseeable future because this will prevent the errors that 
might arise.

Population screening by AI through body photography 
is promising but we shouldn't neglect AI’s lower specificity 
outside carefully selected high-risk groups. 

Our key future research point is determining AI’s role in 
targeted population and screening post expert triage while 
focusing on individualized decision-making process ben-
efiting the patient risk profile.

Hanna et al. [35] pointed out an area that should be 
exploited further by researchers, the 3D digitized slides 
which can be achieved through z-stacks. The Panoramic 

Optical (Panoptiq) system basically combined low-magni-
fication panoramic images with high magnification regions 
of interest (ROI) in order to win time while examining 
them. 

AI will require extensive prospective clinical validation, 
integration of personalized clinical context, and reinforce-
ment of human–AI collaboration models to maximize pa-
tient benefit while minimizing risks. [36]

Another area that deserves attention is Generative AI 
and federated learning which can help us train any model 
of choice without the burden of confidentiality or ethical 
concerns by delivering generated rare input which would 
be hard to access from real patients [37, 38].

Standardization and optimizations of repetitive tasks is 
the final goal. Different AI software are already being used 
to aid doctors in writing the final diagnostic report right 
from the whole slide images (WSI) or replace their work 
completely for counting the mitotic figures or evaluating 
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the margins which have been excised [37, 38].
As Cocuz et al. [37] pointed out AI software not only 

needs to be authorized by the competent authorities as 
medical software and be clearly distinguished from re-
search-use-only software before being used in any clinical 
set but also documented and explicable. 

We should also focus on giving out training sessions for 
the medical personal before allowing them access to the 
AI software in order to ensure full legal responsibility and 
prevent any human errors. 

Without a clear ethical framework AI is on the verge 
of not only being the spotlight of discrepancies between 
medical centers but also aggravating them since it can learn 
automatically from the input of data it receives which may 
lack in some regions of the world [37]. 

Cloud-based storage systems in every medical center or 
application should also benefit from increased cybersecu-
rity since they are becoming more and more targeted by 
hackers [37].

Expert oversight remains our only anchor in preventing 
the errors that might occur from using AI.

Conclusions 
AI is becoming a tool in clinical sets rather than a project 
that we perceive far in the future. AI stands as a global 
framework for dermatopathology since without the physi-
cal movement of the samples we can achieve diagnosis 
from one place followed by a checkup from another place 
via telepathology. By assessing a vast quantity of data in a 
short period of time, then summarizing and highlighting 
the results it flawlessly befits clinicians in order to increase 
the lifespan of patients. The predictive and preventive po-
tential of artificial intelligence will further increase trough 
the convergence of digital pathology, multi-omics data and 
generative AI. Standardizing the results will create multi-
center databases which will bring a new palpable field for 
researchers and clinicians. When concerns will be eradi-
cated by robust ethical and legal frameworks, the thrust of 
implementing it as a tool into daily routine will automati-
cally increase. The ultimate step to overcome is multiphase 
verification which is and will be necessary for the years to 
come in order for AI to coexist into the clinical workflow 
legally. The true power of AI lies not merely in its compu-
tational strength but in its ability to help doctors notice 
earlier, understand deeper, and act faster against one of the 
most preventable forms of cancer. 
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