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Abstract

Background: Ocular tumors, including uveal melanoma, retinoblastoma, and other rare neoplasms, present significant diagnostic and therapeutic challenges.
Early and accurate diagnosis is vital for optimizing outcomes and improving survival rates.

Objective: This narrative review explores the applications of artificial intelligence (Al) in ocular oncology, emphasizing its role in enhancing diagnostic
accuracy, risk stratification, and personalized treatment planning.

Materials and Methods: A systematic literature search was conducted across databases such as PubMed, Scopus, and Embase to identify studies published
from 2010 to 2024. Key Al techniques, including convolutional neural networks (CNNs), deep learning (DL), and radiomics, were examined, along with their
integration into imaging modalities such as optical coherence tomography (OCT) and fundus photography.

Results: Al tools demonstrated high accuracy in distinguishing uveal melanoma from benign nevi (87.6%) and early-stage retinoblastoma detection with
sensitivity and specificity rates over 90%. Radiomics facilitated risk stratification by extracting quantitative tumor features. Hyperspectral imaging combined
with Al showed promise in detecting less common ocular tumors. However, ethical concerns, data heterogeneity, and a lack of standardized imaging protocols
pose barriers to clinical adoption.

Conclusion: Al holds transformative potential for ocular oncology, offering accurate, efficient, and personalized diagnostic solutions. Addressing challenges
such as data quality, ethical compliance, and model generalizability through interdisciplinary collaboration is essential to fully realize its clinical impact.
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medicine.
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births. Timely detection of retinoblastoma is essential for
) improving survival rates and preserving vision, highlighting
Ocular tumors encompass a diverse and complex group of  the jmportance of early and accurate diagnosis in ocular
neoplasms affecting the eye and its surrounding structures, oncology.2

with early diagnosis playing a crucial role in patient

outcomes. Uveal melanoma, the most common primary Traditional diagnostic methods for ocular tumors utilize
intraocular malignancy in adults, has an incidence of  imaging techniques such as optical coherence tomography
approximately 5.1 cases per million annually. Its aggressive (OCT), ultrasonography, fundus photography, and advanced
nature and high risk of metastasis, particularly to the liver, ~ modalities like magnetic resonance imaging (MRI) and
contribute to a poor prognosis, with a five-year survival rate ~ computed tomography (CT). Although histopathological
of less than 15% in metastatic cases.® Similarly, examination remains the gold standard for a definitive
retinoblastoma, a rapidly progressing pediatric eye cancer, ~ diagnosis, these approaches are often time-consuming,
occurs primarily in children under five years of age, with a  resource-intensive, and require specialized expertise. In
global incidence of approximately 1 in 15,000 to 20,000 live resource-limited settings, these challenges can lead to delays

1. Introduction
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in diagnosis, potentially compromising timely intervention
and patient outcomes.3

Artificial intelligence (Al) is transforming ocular
oncology by enhancing medical imaging and diagnostics
through machine learning (ML), deep learning (DL), and
convolutional neural networks (CNNs). These technologies
analyze complex datasets, identifying subtle patterns that
may be undetectable to the human eye. CNNs, for example,
have demonstrated diagnostic accuracies exceeding 90% in
distinguishing ocular lesions, facilitating the early detection
of conditions such as uveal melanoma and retinoblastoma. By
improving diagnostic speed, reducing variability in
interpretation, and enhancing overall accuracy, Al holds
significant potential to revolutionize ocular tumor detection
and management.*

Recent advancements in Al have expanded its role in
ocular oncology beyond diagnosis to include prognostication
and treatment planning. Radiomics, an Al-driven technique,
analyzes high-dimensional imaging features to assess tumor
characteristics, aiding in metastatic risk evaluation and
personalized therapeutic strategies. Deep learning (DL)
models have also shown high sensitivity and specificity in
early detection and stage classification, particularly in
pediatric oncology for retinoblastoma. These innovations
enhance clinical decision-making, enabling more precise and
individualized patient care.®

Despite these promising advancements, challenges
remain. Issues related to data quality, lack of standardized
imaging protocols, and ethical concerns such as patient
privacy and Al transparency hinder widespread adoption.
The scarcity of large, annotated datasets further limits the
generalizability of Al models, underscoring the need for
interdisciplinary collaboration to develop robust, clinically
validated Al systems.®

As the global burden of ocular tumors rises, particularly
in low- and middle-income countries with limited access to
specialized care, Al presents a transformative solution. By
facilitating remote diagnostics, optimizing clinical
workflows, and enabling early detection, Al has the potential
to significantly improve patient outcomes worldwide.” Its
real-world applications are already enhancing diagnostic
accuracy and expanding access to advanced care. This review
examines the evolving role of Al in ocular oncology,
discussing its current applications, challenges, and future
directions in research and clinical practice. Figure 1
illustrates this progress with a line graph showing the growth
of Al-related publications in ocular oncology from 2010 to
2024.

2. Materials and Methods
2.1. Study design

This narrative review explores the role of artificial
intelligence (Al) in ocular oncology, with a focus on its

advancements in diagnosis and prognosis. Unlike systematic
reviews, it takes a thematic and analytical approach to
provide a comprehensive understanding of AI’s impact on
detecting and managing ocular tumors, including uveal
melanoma and retinoblastoma.

2.2. Literature search strategy

A thorough literature search was conducted across multiple
electronic databases, including PubMed, Scopus, Web of
Science, Embase, and Google Scholar. The search strategy
employed Boolean operators and keywords such as artificial
intelligence, ocular  tumors, uveal melanoma,
retinoblastoma, radiomics, machine learning, deep learning,
and convolutional neural networks (CNNs). To capture the
most recent advancements, the search period spanned
January 2010 to January 2024. Reference lists from selected
studies were also screened for additional relevant articles.

2.3. Eligibility criteria

Inclusion criteria focused on original research articles that
explored Al techniques in ocular tumor diagnosis and
prognosis. Only studies involving imaging modalities such as
optical coherence tomography (OCT), fundus imaging,
magnetic resonance imaging (MRI), and computed
tomography (CT) were considered. Studies had to report
performance metrics like accuracy, sensitivity, specificity,
and the area under the curve (AUC). Peer-reviewed articles
published in English were included, while reviews, editorials,
conference abstracts, case reports, and studies with
incomplete datasets were excluded.

2.4. Study selection process

The initial database search identified 903 articles. After
duplicate removal, 718 unique articles remained. Screening
of titles and abstracts narrowed this down to 120 potentially
relevant studies. Following a thorough full-text review, 37
high-quality studies that met all inclusion criteria were
selected. The entire selection process is summarized in
Figure 2, which presents a flow diagram visualizing the
systematic progression from the initial identification of
articles to the final selection of studies.

2.5. Data extraction

A standardized data extraction protocol was followed. Key
information such as author, year, study location, sample size,
Al methodologies, imaging modalities, and performance
metrics were recorded. The strengths, limitations, and main
findings of each study were documented. Two independent
reviewers performed data extraction, with discrepancies
resolved through discussion or consultation with a third
reviewer to minimize bias.

2.6. Quality assessment

The quality of the included studies was evaluated using the
QUADAS-2 (Quality Assessment of Diagnostic Accuracy
Studies) tool. This assessment focused on four critical
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domains: patient selection, index test methodology, reference
standards, and the flow and timing of data collection. To
ensure reliable conclusions, only studies demonstrating
robust methodological rigor were prioritized. Figure 3
provides an illustration of the QUADAS-2 tool, highlighting
its emphasis on these key evaluation domains.

2.7. Data synthesis and analysis

Given the heterogeneity in study designs and Al
methodologies, a narrative synthesis was employed.
Performance metrics such as accuracy, sensitivity, and
specificity were aggregated and presented in summary tables.
Visual tools, including bar charts comparing Al performance
with traditional methods and pie charts illustrating imaging
modality usage, were incorporated to enhance interpretability
and highlight key findings.

2.8. Ethical considerations and limitations

This review used secondary data from published studies,
ensuring proper citation and adherence to copyright
guidelines. Ethical considerations included compliance with
data privacy regulations, as no new patient data were
collected. However, the narrative review design precluded
quantitative meta-analysis, limiting the ability to generalize
findings.

3. Discussion

3.1. Applications of artificial intelligence in ocular tumor
diagnosis

Acrtificial intelligence (Al) has become a transformative force
in ocular oncology, revolutionizing the diagnosis,
management, and treatment of ocular tumors. Utilizing
advanced computational techniques such as deep learning
(DL) and machine learning (ML), Al systems are redefining
diagnostic precision, minimizing human error, and enabling
personalized therapeutic strategies.®® This section delves into
the applications of Al in diagnosing three main categories of
ocular tumors: uveal melanoma, retinoblastoma, and other
neoplasms, emphasizing the methodologies employed and
their clinical relevance. Figure 4 provides a pie chart
illustrating the distribution of studies by tumor type,
highlighting the dominance of research on uveal melanoma
and retinoblastoma, while less common tumors, such as
ocular surface squamous neoplasia (OSSN), receive
comparatively limited focus.

3.2. Uveal melanoma

Uveal melanoma is the most common primary intraocular
malignancy in adults, characterized by its potential for
aggressive metastasis, particularly to the liver. Accurate
differentiation between uveal melanoma and benign
choroidal nevi is critical for early intervention and improved
patient outcomes.'® Convolutional Neural Networks (CNNs)
have demonstrated high efficacy in distinguishing uveal
melanoma from benign lesions, achieving diagnostic

accuracies exceeding 87% in some studies.** These models
analyze complex morphological features such as tumor size,
asymmetry, and pigmentation that may be challenging for
human observers.

Beyond initial diagnosis, Al-driven radiomics has
revolutionized risk stratification in uveal melanoma.
Radiomics extracts high-dimensional data from imaging
modalities, quantifying tumor heterogeneity, texture, and
shape. These features correlate strongly with metastatic
potential, providing clinicians with valuable insights for
personalized treatment planning. For instance, radiomics-
based models can predict liver metastases with greater
accuracy, enabling timely interventions such as targeted
therapies or liver monitoring.1213

Additionally, Al supports therapeutic monitoring by
assessing changes in tumor characteristics over time,
facilitating adaptive treatment strategies. This integration of
Al into clinical workflows enhances both diagnostic
precision and therapeutic efficacy, leading to better
prognostic outcomes. 415

3.3. Retinoblastoma

Retinoblastoma, a rare but aggressive pediatric ocular tumor,
primarily affects children under the age of five. Early
detection is crucial to improve survival rates and preserve
visual function. Deep Learning (DL) models, including
CNNs, have achieved remarkable sensitivity and specificity
rates exceeding 90% in the early detection and staging of
retinoblastoma.? These models analyze imaging data from
modalities such as fundus photography and optical coherence
tomography (OCT), providing rapid and accurate tumour
classification.

Segmentation is another critical area where Al excels.
Automated segmentation tools delineate tumor boundaries
with precision, allowing for accurate calculation of tumor
volume and other critical parameters.*® This information is
essential for tailoring treatment strategies, such as
determining the appropriate chemotherapy dosage or
planning focal therapies like laser photocoagulation and
cryotherapy. By reducing manual effort and variability, Al
ensures consistency in tumor assessments across different
clinicians and institutions.*’

3.4. Other ocular neoplasms

Al's applicability extends beyond uveal melanoma and
retinoblastoma to other, less common ocular tumors. For
example, Ocular Surface Squamous Neoplasia (OSSN) is an
ocular surface malignancy that is often difficult to diagnose
using traditional methods. When combined with Al
algorithms, hyperspectral imaging offers a non-invasive
solution. These models analyze spectral data to accurately
detect early-stage malignancies, potentially reducing the
need for invasive biopsy procedures.®
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For metastatic ocular tumors, radiomics plays a vital role
in distinguishing primary intraocular tumors from secondary
(metastatic) lesions. By examining features such as texture,
intensity, and shape across various imaging modalities,
radiomics provides clinicians with detailed insights that
inform targeted therapeutic strategies. This approach is
particularly useful in customizing treatment for patients with
systemic cancers that have metastasized to the eye.1%%

Al models have shown significant improvements over
traditional diagnostic methods in detecting ocular tumors.
Figure 5 illustrates how Al-based systems outperform
traditional techniques in distinguishing malignant tumors
from benign conditions, such as uveal melanoma and
retinoblastoma. Additionally, Figure 6 presents a bar chart
comparing the diagnostic performance metrics (accuracy,
sensitivity, specificity) of Al versus traditional methods.

3.5. Key Al techniques in ocular oncology

Al technologies employ a spectrum of techniques that
enhance diagnostic precision and prognostic accuracy in
ocular oncology. The most impactful among these are:

3.6. Critical evaluation of Al models

Al models, particularly convolutional neural networks
(CNNSs) and deep learning (DL) systems, have demonstrated
strong performance in controlled environments. However,
their clinical application often falls short due to overfitting
and dependence on high-quality, annotated datasets.
Overfitting occurs when models become too tailored to
training data, reducing their effectiveness on new or diverse
datasets.?1??

For example, studies show that models trained on high-
resolution, well-processed images struggle when applied to
lower-quality or heterogeneous clinical data.?®?* This
discrepancy underscores the need for robust validation across
multiple institutions and populations. Future efforts should
focus on enhancing model robustness through methods such
as transfer learning, data augmentation, and cross-
institutional validation. These approaches can improve the
generalizability of Al models, ensuring consistent
performance in diverse clinical scenarios.

Growth in Al Publications (2010-2024)
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Figure 1: Line graph illustrating the growth in Al-related
publications in ocular oncology from 2010 to 2024.
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Figure 2: Flow diagram visualizing the systematic literature
selection process, from the initial identification of articles to
the final selection of included studies.
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Distribution of Studies by Tumor Type

OSSN
Other Tumors

10.0%
10.0%

Retinoblastoma

50.0%

Uveal Melanoma

Figure 4: Pie chart illustrating the distribution of studies by
tumor type, with a clear emphasis on the predominance of
research focused on uveal melanoma and retinoblastoma.
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Figure 5: Bar chart comparing the performance of Al models
with traditional methods, showing substantial improvements
in the diagnosis of various ocular tumors.
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Figure 6: Bar chart comparing the diagnostic performance
metrics (accuracy, sensitivity, specificity) of Al versus
traditional methods.

Imaging modalities are crucial in Al applications for
ocular oncology. Figure 7 illustrates the distribution of
imaging techniques used in research, with optical coherence
tomography (OCT) and magnetic resonance imaging (MRI)
being the most prevalent. Figure 8 presents a network
diagram mapping the relationships between Al techniques
(e.g., CNNs, deep learning, radiomics) and imaging
modalities (e.g., OCT, MRI).

3.7. Ethical concerns and patient privacy

The "black box" nature of Al—where decision-making
processes are opagque—represents a major barrier to clinical
adoption. Both clinicians and patients are often hesitant to
trust systems that lack clear interpretability.?> Explainable Al
(XAI) frameworks address this challenge by providing
transparent, human-readable explanations for Al decisions,
thus enhancing trust and enabling clinicians to validate Al
outputs in the clinical context.?
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Figure 7: Pie chart showing the distribution of imaging
modalities used in Al-based ocular oncology research, with
OCT and MRI being the most prevalent.
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Figure 8: Network diagram mapping the relationships
between Al techniques (e.g., CNNs, deep learning,
radiomics) and imaging modalities (e.g., OCT, MRI).

Challenges and Proposed Solutions in Al for Ocular Oncology
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Figure 9: Bar chart summarizing the challenges (e.g., data
heterogeneity, ethical issues) and their significance in
advancing Al in ocular oncology.

Additionally, compliance with data protection
regulations, such as the General Data Protection Regulation
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(GDPR) in Europe and the Health Insurance Portability and
Accountability Act (HIPAA) in the United States, is
essential. These regulations enforce strict measures to protect
patient data. Al developers must implement data
anonymization, secure storage, and restricted access to
ensure compliance and maintain patient confidence in Al
systems.?” Figure 9 presents a bar chart summarizing the
challenges (e.g., data heterogeneity, ethical issues) and their
importance in advancing Al in ocular oncology.

Additionally, restricting the review to English-language
studies may have excluded valuable research from non-
English sources. These limitations are acknowledged, and
future systematic reviews are recommended for more
comprehensive evaluations.

3.8. Dataset diversity and generalizability

Al models trained on homogeneous datasets often exhibit
poor generalizability when applied to diverse populations.
This limitation can lead to biases and reduced accuracy in
underrepresented groups. For example, differences in
imaging modalities, patient demographics, and disease
presentation across institutions can compromise model
performance.?®

To overcome this challenge, the development of global
datasets that encompass a broad range of demographics and
imaging conditions is crucial. Federated learning offers a
promising solution by enabling collaborative model training
across multiple institutions without sharing raw patient data.
This approach preserves privacy while enhancing model
robustness and generalizability.?®

3.9. Broadening performance metrics beyond accuracy

Traditional performance metrics, such as accuracy,
sensitivity, and specificity, are important but insufficient for
evaluating Al systems comprehensively. Real-world clinical
environments require a broader set of metrics, including:

3.9.1. False positive/Negative rates

To understand the risk of misdiagnosis.

3.9.2. Robustness

The ability of Al models to maintain performance across
varied and noisy datasets.

3.9.3. Clinical relevance

The practical utility of Al predictions in improving patient
outcomes.

Real-world studies have demonstrated that Al systems
may perform inconsistently when exposed to new data
sources or environments. By incorporating these additional
metrics, researchers can better assess Al’s clinical readiness
and reliability.3°

3.10. Implementation strategies in clinical practice

Successful integration of Al into clinical practice requires a
systematic and phased approach:

3.10.1. Pilot programs

Initial deployment in controlled settings to evaluate
feasibility and impact. These programs help identify potential
challenges and refine Al tools before broader adoption.

3.10.2. Clinician training programs

Educating healthcare providers on interpreting Al outputs
and incorporating them into clinical workflows is essential.
This step bridges the gap between Al insights and clinical
decision-making.

3.10.3. Infrastructure enhancements

Upgrading healthcare 1T systems to accommodate Al
technologies, including computational power, data storage,
and interoperability with electronic health records (EHRS).
This is particularly crucial in resource-limited settings, where
infrastructure gaps can hinder Al deployment, 31323334

3.11. Future research directions
3.11.1. Data augmentation and diversity

Al models must overcome biases from homogeneous datasets
by utilizing diverse, heterogeneous datasets encompassing
various ethnicities and imaging conditions. Techniques like
synthetic data generation (e.g., GANSs) and federated learning
are pivotal for improving model robustness while preserving
privacy.

3.11.2. Explainable Al (XAI)

To enhance clinical trust, XAl frameworks should provide
transparent, human-readable insights into Al decision-
making. This includes feature importance analysis and visual
explanations to support regulatory and clinical acceptance.

3.11.3. Real-time Al integration

Integrating Al with Electronic Health Records (EHRs) allows
for dynamic, personalized treatment planning. Such
integration provides contextual insights and real-time alerts,
improving decision-making and patient care efficiency.

3.11.4. Longitudinal studies

Long-term studies are essential to assess Al’s sustained
impact on patient outcomes, including survival rates, quality
of life, and healthcare costs. These studies will also evaluate
model adaptability to evolving clinical practices and
technologies.

4, Conclusion

Artificial intelligence (Al) is transforming ocular oncology
by improving the detection, classification, and management
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of eye tumors such as uveal melanoma and retinoblastoma
with high accuracy. By leveraging deep learning and
advanced imaging techniques, Al enables early diagnosis and
personalized treatment planning, leading to better patient
outcomes. However, challenges such as the need for high-
quality data, transparency in Al decision-making, and data
privacy concerns must be addressed. Solutions include
developing diverse datasets, implementing explainable Al,
and adopting secure data-sharing methods. Integrating Al
with electronic health records can further enhance real-time
decision-making and streamline clinical workflows. To fully
realize its potential, interdisciplinary collaboration among
clinicians, researchers, and policymakers is essential to
ensure Al tools are reliable, ethical, and beneficial for patient
care.
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