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Abstract— Skin cancer has become one of the fastest-
growing cancers globally, especially due to increasing
exposure to ultraviolet radiation and lifestyle factors.
Accurate and early detection is crucial for patient
survival and reducing mortality rates. Conventional
methods of diagnosis depend heavily on dermatologists’
expertise and invasive biopsies, which are time-
consuming and subject to human interpretation.
Artificial Intelligence (AI) has emerged as a
transformative technology capable of performing image-
based skin lesion analysis, classification, and prediction
with remarkable accuracy.

This survey paper comprehensively reviews Al-based
approaches for skin cancer detection, emphasizing deep
learning and machine learning models, preprocessing
techniques, datasets, evaluation metrics, and emerging
challenges. The study highlights the latest advancements,
compares different model architectures, and discusses
future research directions.
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I. INTRODUCTION

Skin cancer is one of the most prevalent malignancies
worldwide, affecting millions of individuals every
year. The incidence rate has been steadily increasing
due to excessive exposure to ultraviolet (UV) radiation
from sunlight and artificial sources, such as tanning
beds. According to the World Health Organization
(WHO), between two and three million non-melanoma
and approximately 132,000 melanoma skin cancer
cases are diagnosed annually. Although non-melanoma
cancers, such as Basal Cell Carcinoma (BCC) and
Squamous Cell Carcinoma (SCC), are often less fatal,
melanoma is highly aggressive and responsible for the
majority of skin cancer-related deaths. The survival
rate of melanoma significantly improves when it is
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detected at an early stage, which makes timely and
accurate diagnosis extremely crucial.

Traditional diagnostic methods for skin cancer
primarily depend on clinical visual inspection followed
by dermoscopy or histopathological examination [12].
While these techniques are reliable, they require
specialized expertise and can be subjective, as different
dermatologists may interpret lesions differently.
Moreover, in rural or low-resource areas, access to
skilled dermatologists is limited, delaying detection
and treatment. Manual diagnosis also becomes
challenging with the increasing number of patients,
leading to a higher workload and potential diagnostic
errors. Hence, there is a growing demand for
automated, fast, and reliable computer-aided
diagnostic (CAD) systems.

Artificial Intelligence (AI) has emerged as a
transformative technology in healthcare, offering
advanced capabilities in data analysis, pattern
recognition, and predictive modeling [13]. In
dermatology, Al—especially through Machine
Learning (ML) and Deep Learning (DL) approaches—
has shown immense potential in automating the
process of skin lesion classification [1], [21]. By
training models on large datasets of dermoscopic or
clinical images, Al systems can learn to distinguish
between benign and malignant lesions with remarkable
accuracy. These systems can assist dermatologists by
serving as a “second opinion,” helping in triage, and
improving diagnostic confidence.

The introduction of Deep Learning, particularly
Convolutional Neural Networks (CNNs), has
revolutionized image-based diagnosis [13]. CNNs
automatically extract hierarchical and discriminative
features from raw images without the need for
handcrafted features, which traditional ML algorithms
required. Architectures such as AlexNet, VGGNet
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[18], ResNet [22], and InceptionNet [19] have
demonstrated strong performance in medical image
classification tasks. More recently, hybrid models
integrating advanced architectures have further
enhanced feature representation and interpretability
[23], [24]. These Al models have achieved accuracy
levels comparable to, and sometimes exceeding, expert
dermatologists on benchmark datasets such as ISIC and
HAM10000 [6], [20].

Despite their promising results, Al-based skin cancer
prediction systems face several challenges. Variations
in image acquisition conditions, imbalanced datasets,
differences in skin tone, and the presence of artifacts
such as hair or shadows can affect model reliability
[16]. Moreover, deep learning models often act as
“black boxes,” making it difficult for clinicians to
interpret their decisions [14]. Ethical and regulatory
considerations, such as data privacy, model
transparency, and clinical validation, must also be
addressed before large-scale adoption.

This survey paper provides a comprehensive overview
of existing research on skin cancer prediction using Al
techniques. It reviews key machine learning and deep
learning models, datasets used for training and
evaluation, preprocessing and feature extraction
methods, and performance metrics. The paper also
discusses challenges and open research areas, including
explainable Al and the integration of Al into clinical
workflows. The ultimate goal is to highlight how Al
can support dermatologists in early detection, reduce
diagnostic errors, and pave the way for more accessible
and personalized skin cancer care.

II. BACKGROUND

Skin cancer refers to the uncontrolled growth of
abnormal skin cells, primarily caused by prolonged
exposure to ultraviolet (UV) radiation from the sun or
artificial sources. It is one of the most common types
of cancer globally, with rapidly increasing incidence
rates in both developed and developing countries. Early
detection is essential because the disease is often
curable in its initial stages but can be fatal once it
spreads to other organs. Skin cancer is generally
categorized into three major types: Basal Cell
Carcinoma (BCC), Squamous Cell Carcinoma (SCC),
and Melanoma. Among these, melanoma is the most
aggressive and responsible for most skin cancer-related
deaths [7], [20].
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Basal Cell Carcinoma (BCC) arises from the basal cells
located in the lower part of the epidermis. It accounts
for approximately 70-80% of all skin cancer cases.
BCC typically grows slowly and rarely metastasizes,
but if left untreated, it can cause significant local tissue
damage. Squamous Cell Carcinoma (SCC), originating
from the squamous cells of the epidermis, accounts for
about 20% of skin cancer cases and has a higher
potential to spread compared to BCC. Melanoma,
although representing less than 5% of skin cancer
cases, is the deadliest form because of its ability to
invade deeper tissues and metastasize rapidly.
Melanoma originates from melanocytes, the pigment-
producing cells responsible for skin color. Due to its
high mortality rate, early detection and accurate
classification of melanoma are of utmost importance

[1], [20].

The risk factors for developing skin cancer include
excessive UV exposure, fair skin type, family history
of skin cancer, genetic mutations, immune suppression,
and certain environmental conditions. Additionally,
individuals with a history of sunburns or those living in
areas with high UV index are at higher risk. Preventive
measures such as sunscreen use, protective clothing,
and regular skin check-ups can significantly reduce
risk, but awareness and early screening remain key to
prevention and management.

Traditional diagnostic methods for skin cancer involve
visual examination, dermoscopic imaging, and biopsy
[12]. Dermoscopy allows dermatologists to observe
skin lesions in greater detail by eliminating surface
reflections and magnifying underlying structures.
However, even with dermoscopy, accurate diagnosis
requires substantial expertise and experience. Human
interpretation can be subjective, and diagnostic
accuracy varies among clinicians. Studies comparing
dermatologist performance with Al systems have
reported significant variability in diagnostic accuracy
[20]. This limitation highlights the necessity for
Computer-Aided Diagnostic (CAD) systems that can
assist physicians in improving diagnostic reliability.

With the growing availability of digital dermoscopic
images and the advancement of computational tools,
Artificial Intelligence (AI) has emerged as a powerful
approach to enhance diagnostic accuracy and
efficiency [13]. Al-based systems can process vast
amounts of image data, learn complex visual patterns,
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and identify subtle indicators of malignancy that might
not be easily recognizable to the human eye. Machine
learning algorithms such as Support Vector Machines
(SVM), Random Forests (RF), and Deep Neural
Networks (DNN) have shown remarkable potential in
image classification tasks [15], [16]. Particularly, Deep
Learning (DL) models, powered by Convolutional
Neural Networks (CNNs), have  achieved
dermatologist-level performance in several studies [1],
[21], [22].

The evolution of large publicly available skin lesion
datasets, such as ISIC and HAM10000 [5], [6], and
PH2 [11], has played a vital role in training and
validating Al models. These datasets include thousands
of labeled images across different skin cancer types,
enabling Al systems to generalize -effectively.
Furthermore, advancements in image preprocessing,
data augmentation, and transfer learning have made it
possible to overcome challenges like limited data and
image variability [18], [19].

In summary, the background of skin cancer research
demonstrates the critical need for automated,
intelligent systems to aid in early detection and
diagnosis. The integration of Al into dermatological
practice offers the potential to standardize assessments,
minimize errors, and improve patient outcomes. By
leveraging AI’s ability to learn from large datasets,
healthcare systems can achieve faster, more reliable,
and more accessible skin cancer diagnosis, ultimately
contributing to better global health management.

III. LITERATURE SURVEY

Recent research in Al-based skin cancer detection
shows major advancements through deep learning,
especially Convolutional Neural Networks (CNNs)
and transfer learning models. Several studies have
demonstrated dermatologist-level performance using
large dermoscopic datasets [1], [20].

Table III: Literature Survey
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Current research trends focus on lesion segmentation,
ensemble learning, and lightweight architectures to
improve performance and real-world deployment.
Architectures such as VGGNet [18], InceptionNet
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[19], and Residual Networks [22] have been widely
adopted in medical image analysis. More recent hybrid
models further enhance feature representation and
classification robustness [23], [24].

Explainable AI (XAI) techniques are increasingly
incorporated to address the “black box” nature of deep
learning models and improve clinical trust [14]. Public
datasets such as ISIC [5] and HAM10000 [6] enable
standardized benchmarking and fair comparison of
models. Emerging directions include transformer-
based architectures, self-supervised learning, and
federated learning to enhance data efficiency and
privacy preservation.

Overall, Al-based models demonstrate high diagnostic
accuracy; however, challenges related to dataset
imbalance, interpretability, computational complexity,
and clinical validation still limit large-scale real-world
adoption [16].

IV. GAP ANALYSIS

Although Al-based skin cancer detection has shown
remarkable progress in recent years, several critical
gaps still hinder its large-scale clinical translation and
equitable deployment. One major limitation lies in the
use of public datasets such as ISIC and HAM10000
[5], [6], which are often dominated by lighter skin
tones, specific lesion categories, and controlled
imaging conditions. This creates dataset bias and
restricts the generalization capability of trained
models across diverse populations and real-world
environments.

Most existing studies validate their models using
retrospective datasets rather than prospective multi-
center clinical trials [1], [20]. While these models
demonstrate high accuracy under experimental
conditions, their real-world reliability remains
insufficiently verified. Furthermore, deep learning
systems often function as “black boxes,” limiting
interpretability. Although explainable Al (XAI)
techniques have been proposed to improve
transparency [14], there is no standardized framework
to evaluate explanation quality or clinical relevance.
Another significant challenge involves data privacy
and regulatory constraints, which restrict large-scale
cross-institutional data sharing. Emerging
decentralized learning paradigms such as federated
learning aim to address these issues; however, they are
still in early developmental stages and face challenges

IJIRT 194129

related to  communication overhead, data
heterogeneity, and security.

Model robustness is also affected by variations in
lighting conditions, image resolution, acquisition
devices, occlusions (e.g., hair or shadows), and focus
quality [16]. These variations can lead to performance
degradation when models are deployed outside
controlled research settings. Additionally,
computationally intensive architectures such as deep
residual networks and ensemble models [21], [22]
pose challenges for deployment on mobile or low-
resource devices, limiting accessibility in remote or
resource-constrained healthcare environments.
Operational integration remains another unresolved
concern. Real-time processing, compatibility with
existing clinical workflows, regulatory approval, and
clinician training are essential for practical adoption
but remain underexplored in current literature.

In summary, while Al-driven skin cancer detection
systems demonstrate high diagnostic performance,
significant gaps persist in dataset diversity,
interpretability, robustness, privacy preservation,
computational efficiency, and clinical integration.
Addressing these challenges is crucial to enable safe,
reliable, and equitable real-world deployment.

V. SYSTEM ARCHITECTURE

The The proposed Al-based Skin Cancer Detection
system follows a three-layer architecture consisting of
the Web Application Layer, the Al Model Layer, and
the Database Layer. This modular structure ensures
scalability, reliability, and secure handling of medical
data.

The Web Application Layer serves as the front-end
interface through which users (patients or clinicians)
upload dermoscopic or clinical skin lesion images. It
integrates an API Gateway to manage communication
between the client and backend services, along with a
Load Balancer to distribute incoming requests
efficiently. This design supports multiple concurrent
users while maintaining system stability and fast
response time.

The AI Model Layer performs the core analytical
operations. Uploaded images first pass through an
Image Processing Unit where preprocessing steps such
as resizing, normalization, noise reduction, and artifact
removal are applied to enhance robustness and
accuracy [16]. The preprocessed images are then fed
into a trained Convolutional Neural Network (CNN)
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model for classification. Well-established
architectures such as VGGNet [18], InceptionNet [19],
and ResNet [22] are commonly employed due to their
strong performance in medical image analysis. The
model produces probability scores indicating whether
the lesion is benign or malignant, enabling decision
support for clinicians.
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Figure 5: System Architecture

The Database Layer securely stores model weights,

patient information, image records, and prediction
outcomes. During model training and validation,
benchmark datasets such as ISIC and HAM10000 [5],
[6] are utilized to ensure standardized evaluation. The
database also enables logging and future model
retraining for continuous improvement.
Overall, this layered architecture ensures accurate,
secure, and real-time skin cancer prediction while
remaining scalable for deployment in web-based or
cloud environments. It also allows future integration
of explainable AI modules and lightweight
deployment for resource-constrained settings.

VI. AITECHNIQUES FOR SKIN CANCER
DETECTION

Artificial Intelligence (AI) has become an integral part
of medical image analysis, particularly in
dermatology, where early and accurate diagnosis of
skin cancer is critical. Al techniques enable automated
image classification, lesion segmentation, and
malignancy prediction by learning discriminative
patterns from large datasets [13]. These approaches
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are broadly categorized into Machine Learning (ML)
and Deep Learning (DL), both aiming to enhance
diagnostic = performance and reduce human
subjectivity.

A. Machine Learning Techniques

Traditional Machine Learning algorithms were widely
applied in early computer-aided diagnostic systems.
These models rely on handcrafted feature extraction
from dermoscopic images, including color, texture,
shape, and border irregularities [15], [16]. The
effectiveness of ML models depends heavily on the
quality of these extracted features.

Common ML algorithms include:

a. Support Vector Machine (SVM): SVM is widely
used for binary classification tasks such as
melanoma vs. non-melanoma detection. It
determines the optimal hyperplane that maximizes
class separation. SVM performs well on small
datasets but is sensitive to feature quality [15].

b. Random Forest (RF): RF is an ensemble-based
approach that builds multiple decision trees and
aggregates their outputs. It handles high-
dimensional and noisy data effectively while
offering some interpretability through feature
importance analysis [16].

c. K-Nearest Neighbors (KNN): KNN classifies
samples based on similarity to neighboring data
points.  Although  simple, it becomes
computationally — expensive for large-scale
datasets.

d. Artificial Neural Networks (ANN): Shallow ANNs
were used to model non-linear relationships in
lesion characteristics. However, they are limited in
handling complex image data compared to deeper
architectures.

Although ML-based approaches achieved moderate
accuracy (approximately 80—-88%), their dependency
on manual feature engineering and limited scalability
restricted further performance improvements [16]. This
led to the adoption of deep learning methods.

B. Deep Learning Techniques

Deep Learning, particularly Convolutional Neural
Networks (CNNs), revolutionized skin cancer
detection by automatically learning hierarchical image
features directly from raw pixels [13]. CNN-based

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 5340



© March 2026| IJIRT | Volume 12 Issue 10 | ISSN: 2349-6002

models have demonstrated dermatologist-level
performance in several studies [1], [20].

Prominent CNN architectures used in skin cancer
detection include:

a. AlexNet: One of the earliest deep CNN
architectures that demonstrated strong
performance in large-scale image classification
tasks.

b. VGGNet: Characterized by uniform 3x3
convolutional filters and increased depth for fine-
grained feature extraction [18].

c. ResNet: Introduces residual connections to address
the vanishing gradient problem, enabling deeper
network training [22].

d. InceptionNet: Uses parallel multi-scale
convolution filters to capture diverse lesion

features effectively [19].

Advanced techniques such as ensemble learning [21],
hybrid deep learning models [23], and attention-based
mechanisms [24] further improve classification
robustness. Transfer learning is widely adopted, where
models pre-trained on large datasets are fine-tuned
using dermoscopic datasets such as ISIC and
HAMI10000 [5], [6], significantly enhancing
performance with limited labeled medical data.

C. Comparative Performance

Deep learning approaches consistently outperform
traditional ML methods in terms of accuracy,
robustness, and generalization. Studies report
classification accuracies exceeding 90-95% on
benchmark datasets [1], [20]. Integration of data
augmentation, ensemble models, and transfer learning
further enhances predictive stability and reliability.

D. Evaluation Metrics

Model performance is typically assessed using metrics
such as accuracy, sensitivity, specificity, F1-score, and
Area Under the Receiver Operating Characteristic
Curve (ROC-AUC). In clinical settings, sensitivity is
particularly important to minimize false negatives and
avoid missed melanoma diagnoses.

VII. WEB APPLICATION DESIGN
CONSIDERATIONS
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Designing an effective web application for medical
purposes, such as skin cancer prediction using Al,
requires careful consideration of multiple aspects—
ranging from system architecture and data flow to
security and ethical concerns. A robust design ensures
that the system is efficient, scalable, user-friendly, and
compliant with medical data protection regulations.
The following subsections discuss the major design
elements that influence the success of such
applications.

A. System Architecture

A robust Al-driven diagnostic web application
typically follows a multi-layered architecture
consisting of a Presentation Layer, Application Layer,
Al Model Layer, and Database Layer.

The Presentation Layer provides a user-friendly
interface that allows patients or clinicians to upload
dermoscopic images and view prediction results. The
interface must be intuitive and responsive to ensure
accessibility across devices.

The Application Layer manages user requests, handles
image preprocessing, and communicates with the Al
inference engine. It acts as the intermediary between
the user interface and the Al model, ensuring secure
and efficient data transfer.

The AI Model Layer performs preprocessing and
classification using trained deep learning architectures
such as CNN-based models [1], [22]. Modular
deployment enables independent updating of models
without affecting other system components.

The Database Layer securely stores user information,
prediction logs, and model metadata. Training datasets
such as ISIC and HAM10000 [5], [6] are typically
used during development and validation phases. A
modular architecture improves scalability and
maintainability.

B. User Workflow

An effective user workflow ensures transparency and
smooth interaction between users and the Al system:

a. Authentication: Secure user registration and login
mechanisms protect access

b. Image Upload: Users submit dermoscopic images
for analysis.
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c. Preprocessing and Inference: The system
performs resizing, normalization, and
classification using trained CNN models [16].

d. Result Visualization: Predictions are displayed
with confidence scores and, when applicable,
visual explanation techniques such as heatmaps
[14].

e. Report Generation: The system generates
downloadable diagnostic summaries for review.

f.  Feedback Loop: Confirmed diagnoses can be used
for model retraining to improve long-term
accuracy.

This workflow ensures smooth, transparent, and

clinically relevant interaction between users and the

Al system.

C. Security and Ethics

Healthcare web applications must adhere to strict data
protection and ethical standards.

1. Data Security: All medical data should be
encrypted during transmission and storage. Secure
authentication and  session  management
mechanisms  prevent unauthorized access.
Continuous  monitoring and  vulnerability
assessments enhance system protection.

2. Privacy Compliance: Compliance with healthcare
data regulations (e.g., international privacy
frameworks) is mandatory. Systems must ensure
user consent, anonymization of sensitive data, and
controlled data retention policies.

3. Ethical Al Usage: Al-based systems must prioritize
fairness, transparency, and accountability.
Explainable AI (XAI) techniques improve
interpretability and  clinician trust [14].
Additionally, training datasets should represent
diverse populations to minimize demographic bias
[16].

4. Secure Deployment and Maintenance:
Containerization and continuous security updates
help ensure stable and secure deployment
environments, reducing operational risks.

D. Ethical and Regulatory Challenges

Beyond technical safeguards, clinical validation is
essential before deployment. Al predictions should
assist—not replace—medical professionals.
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Transparent communication, informed consent, and
auditability are critical to maintaining patient trust and
regulatory compliance.

E. Summary

In An Al-based skin cancer prediction web application
must integrate a scalable architecture, -efficient
workflow, and strong security and ethical safeguards.
By balancing technological innovation with clinical
responsibility, such systems can bridge the gap
between advanced Al research and practical healthcare
delivery.

VIII. OPEN CHALLENGES AND FUTURE
DIRECTIONS

Despite significant advancements in Al-based skin
cancer detection, several open challenges continue to
limit large-scale clinical adoption. These issues relate
to dataset bias, model interpretability, validation,
ethical compliance, and real-world integration.
Addressing these concerns is essential to improve
reliability, fairness, and trust in Al-assisted
dermatological systems.

A. Data Quality and Availability

A major limitation in current research is the restricted
diversity and quality of publicly available datasets
such as ISIC and HAM10000 [5], [6]. These datasets
are often dominated by lighter skin tones and common
lesion types, leading to potential demographic bias and
reduced generalization across diverse populations
[16]. Variability in imaging conditions—including
lighting, resolution, and device differences—further
impacts model robustness.

Future research should focus on constructing large,
diverse, and balanced datasets that include multiple
skin types and demographic groups. Collaborative
data-sharing frameworks and privacy-preserving
approaches such as federated learning can facilitate
broader dataset development while maintaining
confidentiality.

B. Model Interpretability and Explainability

Deep learning models, particularly CNN-based
architectures [22], are often criticized for their “black-
box” nature. In clinical practice, dermatologists
require transparency regarding how a diagnosis is
generated. Explainable Al (XAI) techniques such as
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attention maps and gradient-based visualization
methods have Dbeen proposed to enhance
interpretability [14].

Future work must aim to standardize interpretability
evaluation frameworks to ensure that explanations are
clinically meaningful, reliable, and consistent.
Improving transparency will enhance clinician trust
and facilitate regulatory approval.

C. Clinical Integration and Validation

Most Al-based skin cancer detection systems
demonstrate high performance under experimental
conditions [1], [20], yet lack prospective multi-center
clinical validation. Real-world deployment introduces
variability in patient demographics, imaging devices,
and workflow integration.

For successful clinical adoption, AI tools must
undergo rigorous validation, continuous monitoring,
and certification by regulatory  authorities.
Importantly, these systems should function as
decision-support tools rather than replacements for
dermatologists, enhancing diagnostic confidence and
efficiency.

D. Ethical, Legal, and Privacy Concerns

Al applications in healthcare raise critical ethical and
legal concerns, including data protection, algorithmic
bias, and accountability. Compliance with healthcare
data protection regulations is mandatory to ensure
patient privacy and informed consent. Bias-aware
model training and fairness evaluation are necessary to
prevent demographic discrimination [16].

Future systems should integrate ethical Al
principles—transparency, accountability, robustness,
and user control—throughout the development
lifecycle.

E. Future Directions

Looking forward, several advancements can

revolutionize Al-driven skin cancer detection:

a. Multimodal Learning: Integrating dermoscopic
images with patient metadata may improve
predictive accuracy.

b. Federated Learning: Enables collaborative model
training without centralized data sharing,
enhancing privacy preservation.

c. Edge AI and Mobile Deployment: Lightweight
models can support real-time diagnosis in remote
or resource-limited settings.
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d. Continuous Learning Systems: Adaptive models
that update with new validated data can maintain
long-term reliability.

e. Integration with Teledermatology: Combining Al
with telemedicine platforms can expand access to
early screening services.

IX. CONCLUSION

Skin cancer remains one of the most prevalent and
potentially life-threatening diseases worldwide, where
early and accurate detection plays a critical role in
improving survival rates. In recent years, Artificial
Intelligence  (AI), particularly deep learning
approaches such as Convolutional Neural Networks
(CNNs), has significantly advanced automated skin
cancer diagnosis. These models have demonstrated
dermatologist-level performance on benchmark
datasets and have enhanced image -classification,
segmentation, and malignancy prediction capabilities
[1], [20].

This survey examined major Al techniques used in skin
cancer detection, including traditional machine
learning methods, deep learning architectures, transfer
learning strategies, and hybrid models. The study also
highlighted the role of publicly available datasets, web-
based system architectures, and deployment
frameworks in enabling scalable and accessible
diagnostic solutions. Integration of Al models into web
applications has the potential to improve accessibility,
streamline clinical workflows, and provide decision-
support tools for healthcare professionals.

Despite these advancements, several challenges
remain. Dataset bias, limited demographic diversity,
lack of standardized interpretability frameworks, and
insufficient real-world clinical validation continue to
restrict widespread adoption. Ethical concerns related
to privacy, fairness, and accountability further
emphasize the importance of secure and transparent Al
implementation. Addressing these issues is essential to
build trustworthy and clinically reliable systems.

Future research should prioritize explainable Al,
federated and privacy-preserving learning, multimodal
data integration, and prospective clinical validation.
Collaborative  efforts among Al researchers,
dermatologists, and policymakers will be crucial in
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bridging the gap between algorithmic innovation and
practical healthcare deployment.

In conclusion, Al-powered skin cancer detection
systems hold immense potential to revolutionize
dermatological diagnosis. With continued
advancements and responsible deployment, these
technologies can enhance early detection, reduce
diagnostic errors, and extend quality healthcare
services to underserved populations, ultimately
contributing to improved global health outcomes.
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