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Ophthalmology, an early adopter of medical artificial intelligence (Al), has made significant
advancements, but ethical discussions limited. This bibliometric analysis reviewed 498 publications
from Web of Science and Scopus (2000-2023) to explore the evolution, status, thematic trends, data
modalities and their ethical focus, and solutions in ophthalmic Al ethics. Ophthalmology ranks second
in medical Al ethics, with major contributors from the United States (US), China, the United Kingdom
(UK), Singapore and India. Ethical concerns focus on privacy, fairness, and transparency. Ethical
priorities differ by modality with fundus imaging (59.4%) and Optical Coherence Tomography (OCT)
(80.9%) as the most common. Most studies (78.3%) address ethics in diagnostic algorithm
development, while only 11.5% directly target ethical concerns, though this focus is increasing. This
study highlights the need for Al technologies and guidelines to address ethical challenges in
ophthalmology, offering a future direction for research and innovation in medical Al governance.

In recent years, the widespread application of artificial intelligence (AI) in
the medical field has significantly enhanced the efficiency and convenience
of diagnosis and treatment'’. AT has broken geographic barriers, expanding
the boundaries of medical research and clinical practice, particularly in
cross-border, multi-center randomised controlled trials (RCT's) and real-
world studies’™. However, as Al and big data technologies are increasingly
being applied, they also bring new ethical challenges, particularly in areas
such as data privacy, algorithm transparency, and accountability for
decision-making**"*. These challenges have drawn the attention of the
public, academics and policymakers, prompting a re-examination and
response to the complex ethical issues that arise. For instance, the European
Union’s General Data Protection Regulation (GDPR) and “Ethics Guide-
lines for Trustworthy AI” emphasize data privacy and accountability'”; the
United States of America (US) enforces the Health Insurance Portability and
Accountability Act (HIPAA)'® and Al ethical principles from the Depart-
ment of Defence'’; China promotes human-centered Al ethics with inter-
national cooperation'; and the World Health Organization (WHO) has
issued global guidelines to ensure ethical AT use in healthcare (https://www.
who.int/publications-detail-redirect/9789240029200).

Ophthalmology, with its complex anatomical structures and broad
range of non-invasive examination methods, generates large volumes of
data, providing a solid foundation for the application of Al in this field"**.
The integration of image-based, numerical, and textual ophthalmic data has
enabled Al to demonstrate significant advantages and potential in disease
screening, diagnosis, and treatment within ophthalmology*'~**. However,
this raises prominent ethical issues, with privacy being a prime example.
Ophthalmic AI uses data from various sources, including images and
electronic health records, to improve diagnostic accuracy, but also increases
the risk of re-identification®”. These data inherently contain sensitive
personal information, such as eye appearance, iris and retinal images, fur-
ther amplifying the potential risk of privacy breaches during Al processing™.
Therefore, it is necessary to strengthen research and discussion on the
ethical issues of ophthalmic Al, and to establish clear guidelines and reg-
ulatory frameworks.

Although several studies have preliminarily explored the current
ethical issues and related technical research in ophthalmic AI (Supple-
mentary Table 1), there has been insufficient focus on Al ethics specifically
within ophthalmology, as well as a lack of quantitative research offering an
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objective and systematic perspective” . These limitations restrict our
understanding of the current stage of development and collaboration pat-
terns in ophthalmic Al ethics, as well as our comprehension of specific
ethical issues, such as: How do ethical concerns in ophthalmic AI evolve
with technology and time? What is the priority of different ethical principles
across various data modalities? What are the main strategies currently used
to address ethical issues in ophthalmic AI? Can a deeper understanding of
these questions help future developers design safe and ethically compliant
algorithms, enhance user confidence in clinical applications, and provide
important guidance for scientific collaboration, effective resource allocation,
and policy-making?

To systematically address these challenges, this study utilizes biblio-
metric methods to comprehensively analyse the current state of research and
resolution strategies in ophthalmic Al ethics (Fig. 1). Our research focuses on
four key areas: (1) clarifying the role of ophthalmology in the broader field of
medical Al ethics; (2) exploring the development trends and research prio-
rities of ethical issues in ophthalmic AI; (3) analysing the differences in ethical
concerns and their prioritization across various data modalities in ophthal-
mic Al and (4) evaluating the current strategies for resolving ethical issues in
ophthalmic Al Through these analyses, we aim to provide more targeted
recommendations for the ethical framework of ophthalmic Al, ensuring that
specific ethical challenges can be effectively addressed within particular data
modalities, thereby reducing ethical risks and promoting the sustainable
development of ophthalmic AI technology. Looking more broadly, we hope
this work can offer other disciplines a novel quantitative approach and
valuable insights from ophthalmology’s experience to enhance their
understanding and management of discipline-specific ethical challenges.

Results
Dataset overview
We identified and conducted bibliometric analysis of 13,819 publications on
Al ethics across various medical disciplines from the Web of Science Core
Collection (WOSCC) and Scopus using the search terms from Supple-
mentary Table 2, with annual outputs detailed in Supplementary Table 3.
Based on the retrieval and screening strategy shown in Supplementary
Fig. 1, 498 articles were included for bibliometric analysis of ophthalmic AI
ethics, comprising 429 (86.1%) research articles and 69 (13.9%) reviews.
Supplementary Table 4 lists the top ten most cited papers in this area,
primarily published post-2018, each with over 240 citations and an average
citation count of ~ 465.

Disciplinary positioning, development stage and key contributors
To identify ophthalmic Al ethics’ position within the broader medical field,
we compared publication volumes in ophthalmology with other medical

sub-disciplines using original records retrieved from the WOSCC database.
The literature on Al ethics in “medicine and health” comprises 8345 pub-
lications, including 6773 articles and 1572 reviews. Among all medical sub-
disciplines, oncology (1143 total; 872 articles, 271 reviews) and ophthal-
mology (1082 total; 920 articles, 162 reviews) ranked as the top two among
fifteen sub-disciplines, with all others having fewer than 1000 publications
related to Al ethics (Fig. 2a). Annual publications (Supplementary Table 3)
showed earlier emergence of Al ethics literature in ophthalmology com-
pared to oncology. Over the recent five-year period (Fig. 2b), both fields have
experienced robust growth, with ophthalmology publications exceeding
those in oncology in 2022.

Performance analysis was used to evaluate the growth and maturity of
ophthalmic Al ethics. An exponential growth model [Y = 20.06e>*"**
(Rad’ = 0.97)] was developed, mapping normalized years to annual pub-
lication volumes. Besides, Supplementary Fig. 2 charts the quantity and
citation metrics of ophthalmic Al ethics publications from 2000 to June 15,
2023. From 2000 to 2017, discussions on ethical issues in ophthalmic AI
were sparse, not exceeding 20 publications annually. Between 2018 and
2022, the number of publications saw a steady rise, averaging an annual
growth of 27.1%, and surged notably from 2020 to 2022, with an average
annual increase of 71.2% and nearly 66% of publications (328 total) released
in the last three years of the analysis.

With the aim of recognizing key contributors, we conducted perfor-
mance analysis and co-authorship analysis across countries, institutions, and
authors. Research contributions span 70 countries, with the US, China, the
UK, India, and Singapore being the most active (Supplementary Table 5).
Co-authorship analysis highlights strong academic collaborations, particu-
larly among these leading countries (Supplementary Fig. 3a). Similarly,
institutional and authors’ contributions have been widespread, with major
academic centers in the US, China, the UK, and Singapore playing key roles
in advancing Al ethics research in ophthalmology (Supplementary Tables 6,
7 and Supplementary Fig. 3).

Research hotspots and ethical themes

In an effort to uncover research hotspots in ophthalmic A, through co-
occurrence analysis, terms from the titles, abstracts, and keywords of the
included literature were categorized into three clusters (Fig. 3a): the red
cluster focused on ethical issues commonly addressed in the clinical practice
and application of ophthalmic AI technologies, highlighting their progress.
The green cluster primarily examined the performance of ophthalmic Al in
image processing, with a special emphasis on robustness, high accuracy, and
F1 scores in feature extraction and vessel segmentation in retinal and OCT
images. The blue cluster addressed Al ethics research related to diabetic
retinopathy (DR).
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Fig. 2 | Analysis of disciplinary positioning. a Bar Chart of AI Ethics Publications in Medicine and Sub-disciplines. b Trends in Publication Numbers by Medical Sub-

disciplines Over the Past Five Years (2018-2022, same below).

Terms were color-coded by average publication year in Fig. 3b to show
shifts in research hotspots: blue for earlier terms, orange/red for recent ones,
producing a time overlay visualization. From 2019 to 2020, “respect”,
“benefit” and “robustness” dominated ethical discussions; 2020-2021 saw
rising interest in “safety”, “reliability”, “bias” and “transparency”; and from
2021 to 2022, the focus shifted to “privacy”, “security” and “trust”.

For further exploration of ethical hotspots, a comprehensive analysis
was conducted, encompassing the extraction of ethical themes from the full
text of included literature and the analysis of their frequency and trends.
Comprehensive analysis yielded results similar to the co-occurrence analysis
of terms (Fig. 3¢), with the top five ethical themes by frequency being “Trust,
Reliability & Robustness” (60.0%), “Transparency & Interpretability”
(44.8%), “Fairness & Equality (Bias) ” (32.7%), “Non-maleficence (Safety) &
Beneficence” (19.3%) and “Privacy & Data Security” (14.5%).

Similarly, the evolution of these ethical hotspots (Fig. 3d) mirrored the
results from overlay visualization map of terms, with consistent interest in
“Trust, Reliability & Robustness” and “Non-maleficence (Safety) & Bene-
ficence” from 2019-2022, increasing attention to “Transparency & Inter-
pretability” and “Fairness & Equality (Bias)” around 2019-2020, and a
growing focus on “Privacy & Data Security” starting in 2021.

Common data modalities and their ethical focus

Comprehensive analysis ranked the 10 most frequently mentioned mod-
alities in the included literature (Fig. 4a). “Fundus imaging (colorful/col-
orless)” was most frequently mentioned in the included literature (1 = 296,

59.4%), corresponding to the prominence of retinal diseases, followed by
“OCT” (n =154, 30.9%) covering anterior and posterior segment imaging.
Other notable mentions included “Text and numeric data” (n = 57, 11.4%),
“Eye/Facial appearance photography” (n =44, 8.8%), and “Surgery ima-
ging” (n =32, 6.4%).

Critically, to identify and mitigate ethical disputes in their usage, the
study catalogs the primary ethical themes associated with each data mod-
ality (Fig. 4b). Themes such as “Trust, Reliability & Robustness”, “Trans-
parency & Interpretability”, “Fairness & Equality (Bias)” and “Privacy &
Data Security” were prevalent, though their frequency and emphasis varied
by data modality. Fundus imaging prioritized interpretability under prin-
ciples of trust and robustness, Eye/Facial appearance photography
emphasized privacy, while OCT and text-numeric data were more con-
cerned with “Interpretability” and “Fairness”. Notably, Surgery imaging
placed high importance on “Non-maleficence (Safety) & Beneficence”.

Resolution strategies and trends

Lastly, our investigation used comprehensive analysis to assess strategies
frequently employed to tackle ethical issues in ophthalmic AI and their
trend. Most referenced studies (89.8%) employed technological interven-
tions to address ethics, with 78.3% integrating ethical solutions, like
enhanced interpretability heatmaps, into AI development for eye disease
screening. However, only 11.5% of studies focused primarily on resolving
ethical dilemmas through technological advancements. Moreover, 10.2% of
studies highlighted the equal significance of technology and normative
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documents in ethical management, yet none suggested that normative
documents alone can resolve AT’s ethical challenges (Fig. 5a). Research on
“Technology-involving ethics” has significantly increased over the past five
years, alongside a rising trend in strategies that combine “Technology-ethics
domain” and “Both technology & normative documents domain” (Fig. 5b).

Discussion

Through the utilization of various bibliometric and quantitative methods,
this study highlights that the ethics of AI in ophthalmology is a global
leader in medical Al ethics, now shifting from developmental stages to
real-world application. Collaborations between institutions and scholars
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from the US, China, the UK, Singapore and India have significantly
advanced the field. Current research hotspots encompass diseases, tech-
nologies, and ethical considerations, with recent ethical focal points
centering on privacy and security, trust and reliability, fairness and dis-
crimination, and transparency. Data modalities like fundus imaging,
OCT and text data are frequently referenced, with ethical priorities
determined by the specific nature and application of the data. Efforts to
resolve these issues were primarily integrated into the development of
diagnostic Al for ophthalmology, underlining the urgent need for further
technological development aimed at addressing ethical concerns and
enhanced normative guidance.

The quantity and trends of academic publications are key metrics for
evaluating the evolution and development stage of a field. According to
Price’s curve, knowledge domains expand through three phases: an initial
stage, a period of exponential growth, and a stable development phase™.
From 2000 to 2017, the field of ophthalmic AI ethics was in its infancy
(Supplementary Fig. 2), marked by basic Al technology and minimal
applications in ophthalmology, leading to limited scholarly attention to
ethical concerns. Nevertheless, ophthalmic AI ethics emerged earlier and in
greater volume compared to other medical sub-disciplines, trailing only
oncology (Supplementary Table 3). From 2018 to 2022, the field entered an
exponential growth (Supplementary Fig. 2), surpassing oncology in pub-
lication volume by 2022 (Supplementary Table 3), driven by the rapid
adoption of AI technologies in ophthalmology and the emergence of new
ethical challenges. Various reviews” ™ and most cited articles**** (Supple-
mentary Table 4) involved key ethical challenges such as patient-centric
approaches, informed consent, privacy, interpretability, data bias, equity in
healthcare access, and robustness. The ethical issues outlined above are
widely recognized across medical Al disciplines, though their prioritization
varies with clinical and data contexts. In ophthalmology, privacy has been
especially emphasized due to the biometric sensitivity of retinal imaging and
the field’s early use of image-based AI. Oncology places greater weight on
equity and access in light of disease heterogeneity and treatment
disparities”™, while dermatology focuses on algorithmic bias stemming
from underrepresented skin tones' ™. These differences highlight oph-
thalmology’s distinct ethical orientation, especially in privacy protection,
and its important role in shaping Al ethics in healthcare. Given its early
development and sustained ethical engagement, ophthalmic AT ethics is
expected to experience significant growth and increased relevance over the
next three decades, as suggested by growth model-based of publication
trends. Therefore, the following sections will delve into the field of oph-
thalmic Al ethics to understand its current state and address specific ethical
issues that have previously remained unexplored.

In order to understand why ophthalmology holds a leading role and
has achieved rapid progress in Al ethics, our study identifies the key
countries and their supporting factors, as well as outlines the contributions
of core collaborative clusters. Supported by substantial funding for related
scientific research (Supplementary Table 8) and foundational ethical fra-
meworks established by their governments'”'"**"">, the US, China, the UK,
Singapore, and India, along with their institutions, lead in publications,
citations, and H-index within the field of ophthalmic Al ethics. Despite these
advances, collaboration remains limited in regions like Africa and the
Middle East. This disparity may be attributed to factors such as limited
research funding™, insufficient computational infrastructure™’, regulatory
uncertainty’**’, and lower availability of digitized ophthalmic data" in these
regions. To promote more inclusive collaboration, future efforts should
focus on capacity-building initiatives, open-access data sharing platforms,
and targeted international funding programs that actively support under-
represented regions in ophthalmic Al research.

Next, our work quantitatively reveals the research hotspots within
the field of ophthalmic AI ethics, with a particular focus on ethical
challenges and their evolution, to help scholars identify current and future
focal points. Research hotspots span disease-specific, technological, and
ethical dimensions. The “Multi-demand AI for DR” cluster underscores
the attention on prevalent eye diseases like DR, requiring Al for its expert
validation®®, improved screening”***”****, interpretability""***, and
timely referrals*>****, It also highlights the need to expand research to
cover a broader range of ocular diseases, particularly those affecting the
ocular surface and orbit. Technologically, the green cluster highlights
ongoing efforts in ophthalmic image analysis, in which AI technologies
like U-Net””*”* and GANs™”*”° enhance feature extraction and seg-
mentation, with techniques such as transfer learning**’”™, attention
mechanisms*™*, and data augmentation**”’ contributing to improve-
ments in model interpretability, generalizability, and privacy safeguards.

The red cluster, “Progress and Ethics of Artificial Intelligence in
Ophthalmology”, highlighted key ethical concerns in ophthalmic AL
“Transparency & Interpretability”, “Fairness & Equality (Bias)”, “Privacy &
Data Security” and “Trust, Reliability & Robustness.” First, the “black box”
nature of deep learning” complicates ophthalmic Al decision-making”,
underscoring the need for transparency through disclosures in data man-
agement and model development. For example, a deep learning system
developed by DeepMind in collaboration with Moorfields Eye Hospital for
OCT-based retinal disease triage provided visual outputs and confidence
scores, which supported clinician interpretation and referral decisions,
illustrating how transparency enables clinical adoption®. Second, the fair-
ness of ophthalmic AT is closely tied to ophthalmic data. Population-specific
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anatomical differences’”’, imaging device variability”’, and dataset dis-

parities mean that Al trained on single-center or homogeneous data may
exacerbate inequities in ophthalmic care. For instance, a diabetic retino-
pathy classifier trained on Kaggle-EyeP ACS images performed significantly
worse in individuals with darker skin tones (60.5%) compared to those with
lighter skin tones (73.0%), raising concerns about inequitable ophthalmic
disease detection and widening diagnostic disparities in real-world
practice”. Third, the rapid advancement of Al in ophthalmology was dri-
ven by extensive data modalities™, including protected health
information(PHI)”. Despite anonymization efforts, algorithms can still
extract personal details, such as sex”” and age”” from ophthalmic data. A
recent study from the University of Western Brittany showed that some
diabetic retinopathy classification models are vulnerable to white-box
membership inference attacks, allowing third-party users to detect patient
inclusion in training data”. These vulnerabilities challenge the presumed
anonymity of ophthalmic data, potentially discouraging data sharing while
undermining reliance on ophthalmic AL Last but not least, the imperative
for “Trust, Reliability & Robustness” in ophthalmic Al is critical, as diag-
nostic errors can lead to irreversible visual impairment, profoundly affecting
patients’ quality of life. However, evidence from real-world studies suggests
that ophthalmic stakeholders™ lack of trust in AI decisions, shaped by
algorithmic opacity, diagnostic uncertainty, and disruptions to
clinician—patient dynamics, has limited adoption and hindered the reliable
integration of Al into ophthalmic care pathways™.

As AT becomes more deeply integrated into ophthalmology, there has
been a noticeable shift from traditional ethical themes like beneficence and
respect toward addressing Al-specific ethical challenges. Since 2018,
robustness as a foundation for trust and reliability has intensified. From
2019 to 2020, the rapid deployment of ophthalmic Al raised initial ethical
concerns, with a focus on patient-centric design and autonomy”'”.
Between 2020 and 2021, ethics discussions deepened, tackling the ‘black
box’ nature of Al by improving transparency and interpretability®”'*"'”,
and aiming to reduce biases to boost generalizability'*'**'””. The need for
trust and safety”**'**'**'”” became more urgent. From 2021 to 2022, rapid
Al advancements driven by big data presented new ethical dilemmas
around privacy, security, and public trust. Researchers responded by
enhancing privacy protections’>¥'* "', fortifying algorithms against
attacks''>'", proactively identifying vulnerabilities, and striving to build
societal trust in ophthalmic AT™>''*'",

To better guide the ethical application of multimodal data in oph-
thalmic Al our study demonstrates that different data modalities in oph-
thalmic AI present unique ethical concerns based on their inherent
properties and clinical uses. Given the essential role of fundus imaging and
slit-lamp photography in screening posterior and anterior segment eye
diseases'*'"*, and considering the diverse eye appearances and fundus
structures across different populations”, thus making it imperative for
ophthalmic AI to ensure unbiased lesion detection to support robust and
reliable clinical decisions. OCT, corneal imaging, and visual field perimetry
diagnose eye diseases by capturing subtle abnormalities, highlighting AI’s
importance in interpreting minor lesions and ensuring equitable detection
across diverse populations. Advancements in large language models (LLMs)
and multimodal models have led to increased use of text and numeric data,
such as electronic health records'’, demanding transparency and equity in
application and management, rigorously reducing biases in data processing
to uphold each patient’s right to equitable eye health. However, conven-
tional LLMs have limited proficiency in ophthalmic domain knowledge and
are prone to hallucinations, leading to inconsistent responses to the same
text and numeric data, which underscores the need for reliability when using
these data in ophthalmic AI'**'*'. Eye/Facial appearance and ophthalmic
radiology and ultrasound, which involve personal identifiers and deep tissue
structures, prioritize privacy and data security to avert identification and
breaches. Lastly, Al in surgical imaging, primarily related to robot-assisted
retinal surgeries'**"'”’, focuses on preventing severe outcomes like blindness,
underscoring the necessity for operational safety and harm avoidance.
These insights are crucial for refining ethical priorities across different data

modalities in the development and application of ophthalmic AL, ensuring
adherence to ethical standards in data management and usage to mitigate
disputes and guarantee the regulated use of ophthalmic data.

Building on previous insights, our research further clarifies the pre-
vailing strategies for addressing ethical challenges in ophthalmic AI and
explores how these strategies are influenced by evolving technological and
societal demands. Currently, the resolution of ethical issues in ophthalmic
Al is collaterally addressed during the process of enhancing technical per-
formance, accounting for 78.3% of strategies. Prioritizing technical perfor-
mance, researchers often address ethical issues (e.g., Transparency &
Interpretability) in a cost-effective way, typically by refining existing
visualization technologies like Grad-CAM in Al However, developing new
technologies in ophthalmic AI that address specific ethical challenges
requires interdisciplinary collaboration across ophthalmology, engineering,
and ethics, necessitating long-term and systematic research efforts. Con-
sequently, only 11.5% of publications are dedicated primarily to tackling
ethical dilemmas, such as creating technologies digital mask'”, or using self-
supervised learning with minimal samples to reduce biases in retinal data'*".
Moreover, normative documents in ophthalmic AI provide a framework
guiding technological implementation, but they cannot fully resolve prac-
tical issues, as they offer general guidelines rather than specific solutions.
Nonetheless, they play a key role in establishing ethical standards. The field
of ophthalmic AT, however, lacks consensus on data sharing, cross-border,
and multi-center collaboration, crucial for privacy protection and ethical
cooperation. Reflecting this growing recognition, recent trends highlight
increasing awareness of single-strategy limitations, emphasizing the need to
integrate ethical technologies with normative guidelines to address the
complex challenges in ophthalmic Al effectively.

This study has capitalized on the use of a quantitative bibliometric
approach to offer an objective and comprehensive analysis of ophthalmic AT
ethics. It highlights ophthalmology’s leading role in medical Al ethics while
systematically exploring development trends, collaboration patterns, and
specific ethical challenges that previous qualitative studies could not address.
Additionally, this study provides actionable insights and methodological
frameworks transferable to other medical disciplines, guiding both current
and future ethical analyses and interventions across these fields. However,
there are a few limitations. Our analysis mainly relies on data from the
WOSCC and Scopus databases retrieved as of June 15, 2023, potentially
missing publications from other sources or grey literature, and studies
published thereafter. Despite using the most common databases for such
studies and including literature from nearly the past two decades, rapid
developments in ophthalmic Al ethics and continual database updates could
affect the timeliness of our findings. Additionally, our review focused only
on English-language articles and reviews, possibly excluding relevant non-
English publications. Future work should expand to include diverse data-
bases and multilingual studies to ensure a comprehensive and globally
inclusive perspective on ophthalmic Al ethics. Regular updates, combined
with longitudinal studies, are essential to track the evolution of ethical
challenges over time and maintain the relevance of the findings. Cross-
disciplinary research will further broaden the applicability of these insights
to other medical fields. By integrating these directions, future research can
enhance the relevance and practical application of ophthalmic Al ethics,
ultimately contributing to more robust and globally applicable ethical
standards in medical AL

In conclusion, ophthalmology plays a leading role in medical Al ethics,
spearheaded by institutions and scholars in the US, China, the UK, Singa-
pore and India. Current ethical concerns focus on privacy, security, fairness,
and transparency, with distinct ethical priorities arising from the nature and
use of various data modalities. Most research studies address ethical issues
during diagnostic algorithm development. Moving forward, there is both a
need and a trend toward Al technologies and guidelines tailored to specific
ethical challenges. Using ophthalmology as an exemplar, our work provides
other disciplines with a robust quantitative analytical method. Together
with the experience gained from ophthalmology’s rapid development on
Al-related ethical issues, other fields of biomedical research can use these
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insights to better understand their own challenges and guide future ethical
advancements within their specific fields.

Methods

Document retrieval

A comprehensive search strategy was formulated incorporating terms
related to “Medicine and its Sub-disciplines,” “Artificial Intelligence,” and
“Ethics”. Discipline-specific searches covered 16 themes including “Medi-

cine and Health”, “Cardiovasology”, “Respirology”, “Urology and Male

reproductive system”, “Gastroenterology”, Psychiatry and

» o«

Neurology”,

publication frequencies. Due to its interdisciplinary focus and selective
journal indexing (e.g., Science Citation Index), this evaluation exclusively
utilized the original records retrieved from the WOSCC database.

For the development stage, performance analysis was used to quantify
research contributions through publication volume and citation frequency.
Considering the cutoff of June 2023, all analysis was conducted up to the end
of 2022 to mitigate truncation effects. An exponential function curve fitted
to data from the past five years, with the adjustment determinant (Rad*)
calculated, with growth rate of publications was determined using the fol-
lowing formula:

Growth rate = [(number of publications in the last year - number of publications in the first year'/ (last year—first Year))} — 1] % 100.

» o«

Mental health”, “Musculoskeletal and Connective tissue diseases”, “Gyne-
cology and Obstetrics”, “Pediatrics”, “Endocrinology”, “Hematology and
Lymphatic system”, “Oncology”, “Ophthalmology”, “Dermatology” and
“Otolaryngology”. Ethical terms were derived from commonly used voca-
bularies in medicine'” and AI'”, and Al-related keywords encompassed
broad concepts of AI'*. The specific search terms are listed in Supple-
mentary Table 2.

Given the interdisciplinary nature of the topic spanning engineering,
medicine, and social sciences, databases such as WOSCC and Scopus were
selected to ensure data quality. The search was restricted to publications
between January 1, 2000, and June 15, 2023, in English, and limited to
“Articles” and “Reviews.”

» » o«

Inclusion and exclusion criteria

Search results for ophthalmic AI ethics from WOSCC (n=1082) and
Scopus (n=1084) were downloaded and consolidated in Endnote after
removing 67 duplicates. The criteria for inclusion and exclusion were as
follows:

Inclusion criteria: (1) Time Frame, January 1, 2000 - June 15, 2023; (2)
Themes must relate to all three of the following: ethics or morality; oph-
thalmology or eye diseases or eye and vision health; AI; (3) Contents of the
publications must address one or more of the following: ethical challenges
specific to ophthalmic AJ; standards, norms, guidelines, consensus or legal
documents for ethics of ophthalmic AI; technologies that address ethical
issues'”’, which include, but are not limited to: computer vision, machine
learning (including deep learning), natural language processing, and
robotics, amongst others; cases or real-world applications that address
ethical issues in ophthalmic AI; (4) Language has been limited to English; (5)
Document types include articles or reviews.

Exclusion criteria: (1) No full text available or publications with
duplicated content; (2) Publications only related to one or two of the
required themes; (3) Non-human research; (4) Language that is not English;
(5) Documents that are not articles or reviews.

Two authors (XC and YY) independently reviewed 2099 publications,
with any discrepancies resolved through consultation with a third reviewer
(DY). Following an in-depth manual screening process, 1,601 publications
were excluded, leaving 498 publications (429 articles and 69 reviews) for
detailed bibliometric analysis. The detailed methodology is illustrated in
Supplementary Fig. 1.

Disciplinary positioning, development stage, and key
contributors

We applied bibliometric methods to all literature sourced from the WOSCC
and Scopus databases, following the quality control guidelines by Donthu
and colleagues™”.

To delineate the role of ophthalmic AI ethics within the broader
medical Al ethics landscape, we assessed both total and annual publication
volumes relative to other medical disciplines. This analysis considered
overall publication volume, trends over the past five years, and initial

The performance analysis described above was designed to demon-
strate the change in the annual number of publications in the literature over
a period of time"”, to determine developmental stage of the research field,
and to predict the future trend of publications. Additionally, annual citation
trends were analyzed to evaluate the impact and maturity of the field. All
statistical analyses were performed using Microsoft Excel 2016 and visua-
lized using GraphPad Prism (version 9.5.1).

To identify key contributing countries, institutions, and authors in
ophthalmic AT ethics, performance analysis was used to determine the top
ten countries, institutions, and authors based on the number of publications.
In addition, co-authorship analysis evaluated social interactions among
entities (countries/institutions/authors) and their contribution to the
research field. This study employed VOSviewer (version 1.6.19)"*° and
Bibliometrix'”” to perform co-authorship network after consolidating
synonyms for countries/institutions/authors (Supplementary Note 1), with
annotations for node meanings and scale.

Research hotspots and ethical themes

Using VOSviewer (version 1.6.19), this study merged synonymous terms
from titles and abstracts (e.g., “AI” and “artificial intelligence”, details in
Supplementary Note 1) and removed irrelevant nodes to extract keywords
appearing at least 10 times (110 in total), creating a co-occurrence network
and an overlay visualization (time trend) map for terms.

For a deeper examination of ethical themes in ophthalmic Al literature,
we identified nine key ethical themes based on established reviews™ ™ and
prevalent discussions in Al and medicine'*>'”. These include “Transpar-
ency & Interpretability”, “Fairness & Equity”, “Responsibility & Account-
ability”, “Privacy & Data Security”, “Non-maleficence & Beneficence”,
“Autonomy & Respect”, “Trust, Reliability & Robustness”, “Solidarity” and
“Sustainability”. The vocabulary and content of each ethical theme is
detailed in Supplementary Table 9. Comprehensive bibliometric analysis
was conducted manually by two authors (XC and YY), with discrepancies
adjudicated by a third reviewer (DY), by reviewing the full content of the
included literatures to assess the frequencies and trends of these topics from
2018 to 2022, which were visualized using Microsoft Excel 2016.

Common data modalities and their ethical focus
After reviewing ophthalmic AI literature, we categorized 10 common
ophthalmic data modalities''*'** as variables of interest, including: “Text and

numeric data”, “Eye/Facial appearance photography”, “Slit-lamp photo-

graphy”, “Corneal imaging”, “Optical coherence tomography”, “Ophthal-
mic radiology and Ultrasound”, “Fundus imaging”, “Perimetry”, “Surgery
Imaging” and “Others”. Frequencies and trends for each data modality and
associated ethical themes were analyzed through comprehensive biblio-

metric analysis to determine their ethical focus.

Resolution strategies and trends
Four resolution strategy variables have been identified. For technology-
based strategies, we distinguished between “Technology-involving ethics”,
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which refers to methods where ethical issues are addressed as a secondary
consideration during the development of ophthalmic AL and “Technology-
ethics domain”, which focuses on developing algorithms primarily to
address ethical issues. Literature solely centered on normative documents
such as guidelines was classified under the “Normative document domain”.
Finally, publications that gave equal emphasis to both technological
development and adherence to normative documents fall into the “Both
technology & normative documents domain”. Frequencies and trends of
these strategies were analyzed to identify the primary strategies and evolving
trends in ophthalmic Al ethics.

Data availability

The datasets analyzed in this study were obtained from the WOSCC and
Scopus under institutional licenses and cannot be publicly shared due to
licensing restrictions. Researchers with access to these databases can repli-
cate the dataset using the search terms and screening strategy described in
Supplementary Table 2 and Supplementary Fig. 1. H.L. accessed and verified
all data reported in the manuscript.

Code availability

VOSviewer (v1.6.19) and Bibliometrix R package were used for common
bibliometric analysis. These tools are open-source and publicly accessible at
www.vosviewer.com and www.bibliometrix.org, respectively. No custom
code was generated and used.
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