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ABSTRACT

Background: Glaucoma is one of the leading causes of irreversible blindness worldwide and is often diagnosed
at an advanced stage due to its asymptomatic early course. Recent advances in artificial intelligence (Al)
have created new opportunities for improving the diagnosis, prediction, and management of glaucoma. This
narrative review aims to provide an overview of current Al applications in glaucoma care, as well as recent
developments and ongoing challenges.

Methods: A narrative review was conducted of studies published between 2019 and 2024, identified through
a structured search of PubMed, Scopus, Web of Science, and Google Scholar. Studies focusing on Al applica-
tions in glaucoma diagnosis, disease progression prediction, and management were included.

Results: Al models, particularly deep learning and convolutional neural networks, have demonstrated high
accuracy in detecting glaucomatous changes using fundus imaging, optical coherence tomography, and
visual field data. These models also show promise in predicting disease progression and supporting clinical
decision-making. Emerging technologies such as explainable Al, federated learning, and large language mod-
els aim to enhance interpretability, data security, and clinical applicability, although challenges related to data
heterogeneity, limited external validation, and model transparency remain.

Conclusion: Al represents a promising approach for improving glaucoma care through enhanced diagnostic
accuracy, risk stratification, and personalized management. Continued research, validation, and integration
into clinical workflows are essential to ensure safe and effective real-world implementation.
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that progresses to involve central vision in advanced
disease [5,6]. Because of its silent progression, a large
number of patients are diagnosed only when significant
irreversible visual impairment has already begun [3].

Currently available approaches for diagnosis, such
as optical coherence tomography (OCT), visual field
methods, and assessment of the optic nerve head, are
used, although these methods are resource demanding
and with significant interobserver variation, rendering
them less effective for early detection of the disease
[7,8]. Subtle structural and functional alterations in early
glaucoma may not be shown using “traditional” clinical
approaches, resulting in late diagnosis and progression of
the disease [9,10].

The application of artificial intelligence (AI) in
ophthalmology has started transforming the field as it
can quickly analyze large-scale and complex datasets
with a good degree of accuracy [11,12]. Several
machine learning (ML) and deep learning (DL) models
demonstrated efficacy in detecting glaucomatous
changes from fundus photographs, OCT images, and
visual fields, with evidence of their applicability in real
clinical settings mounting [13-16]. In more general
retinal image classification tasks, some studies have
reported performance on par with that of human experts
[17]. Finally, there are Al applications that extend to the
prediction of disease progression and surgical outcomes
using longitudinal clinical data and electronic health
records [18-21].

Despite its growing popularity, this fast-growing
literature is often composed of reviews focused on
a small number of algorithms or specific datasets,
without much cross-pollination of findings across
different clinical contexts. Furthermore, certain key
issues - including data heterogeneity, lack of external
validation, model interpretability, and challenges to
real-world implementation - still remain inadequately
addressed [22-25]. Consequently, this narrative review
will discuss the current applications of Al in glaucoma
diagnosis, management, and detection, highlight recent
developments, discuss the remaining challenges, and
point to future directions for integration of Al in real
clinical practice.

Methodology

Relevant literature was identified through searches of
PubMed, Scopus, Web of Science, and Google Scholar,
covering studies published between 2019 and 2024.
Search terms included combinations of keywords such
as “glaucoma,” “Al” “ML,” “DL,” “OCT,” “fundus
imaging,” and “visual field,” using Boolean operators
(AND, OR) where appropriate.

The reference lists of selected articles were also reviewed
to identify additional relevant studies not captured in the
initial search.

Studies were included if they focused on the application
of Al techniques in glaucoma diagnosis, detection,
prediction, or management. Both original research
articles and review papers were considered. Studies not
directly related to glaucoma, non-English publications,
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conference abstracts without full-text availability, and
studies lacking sufficient methodological detail were
excluded.

Eligible studies were reviewed and organized into
thematic categories, including diagnostic applications,
disease progression prediction, management strategies,
and emerging technologies in Al. A total of 40 studies
were included in the final synthesis.

Results

Al in glaucoma diagnosis

The use of Al has shown much potential to enhance
the accuracy, efficiency, and consistency of glaucoma
diagnoses, especially by way of ML and DL techniques.
The Convolutional Neural Networks (CNN) model is
currently the predominant ML model structure for analyzing
ophthalmological imaging, which includes fundus
photographs, OCT scans, and visual field tests. CNNs
function through hierarchical feature extraction, where early
layers detect basic image features (e.g., edges and textures),
while deeper layers identify complex anatomical structures
such as the optic disc and cup-to-disc ratio, which are
critical for glaucoma detection [7,22]. CNNs automatically
extract multiple complex features and can also detect subtle
structural changes associated with glaucomatous damage
within the image data associated with glaucoma [11,12].

The most widely used imaging modality for detecting
if a person has glaucoma using Al techniques is the
fundus (colored) photography. Numerous studies
note that various computer-based techniques (CNN)
can distinguish between glaucomatous and non-
glaucomatous retina images with a high level of accuracy
using color fundus images. These models commonly
analyze structural biomarkers such as cup-to-disc
ratio enlargement, neuroretinal rim thinning, and optic
disc hemorrhages [13-16,22]. Multiple architectures
of DL, including multilevel CNNs and hybrid CNN-
RNN models, have exhibited enhanced classification
performance on both a technical and statistical basis
across different datasets [26-28]. For example, when
DL algorithms were created with large training datasets,
they performed at least as well as trained ophthalmology
experts on average; in some cases, higher than a trained
ophthalmology expert [13,17,29,30]. Additional large-
scale benchmark efforts, such as the AIROGS challenge,
emphasize the robustness and generalizability of Al
models in glaucoma screening across many differing
datasets [31]. Additionally, there is a substantial amount
of research surrounding the use of hybrid and ensemble
DL techniques to improve classification accuracy and
robustness even further, particularly when dealing with
heterogeneous datasets [32-34].

OCT has also proven useful in the context of Al for
glaucoma. Al methods that have adopted parameters like
retinal nerve fiber layer (RNFL) and optic nerve head
morphology from OCT have strong diagnostic power.
In particular, Al models quantify RNFL thickness,
ganglion cell complex measurements, and optic nerve
head parameters to detect early glaucomatous damage
[8,35]. More recently, the use of OCT probability map



data and segmentation-free DL algorithms has improved
diagnostic power and reduced reliance on manual feature
extraction [35,36]. DL methods trained on OCT and
OCTA images have shown higher classification accuracy
and sensitivity in identifying early glaucomatous features
[7,10,37]. Segmentation-free models are especially
valuable as they reduce preprocessing errors and allow
end-to-end learning directly from raw imaging data
[36]. More advanced neural network models have been
developed to address myopia as a confounder and
improve diagnostic power in complex scenarios [38].

Al has followed a similar trajectory in functional
assessment as observed in structural imaging. Visual
field assessments using ML and Al can point to patterns
of visual field loss and early change that may not easily
be appreciated on standard interpretation [38]. ML
models, including support vector machines and deep
neural networks, are used to detect subtle spatiotemporal
patterns in visual field progression [38,39]. Spatial pattern
analysis and DL-based models have shown potential in
detecting reanalysis of visual field change and improving
diagnostic reliability [39].

One challenge going forward is limited datasets used
in training many of the Al outcomes - often derived
from more modest samples that do not represent the
diversity of the real world [22,23]. Variability in imaging
quality and differences in device specifications can
further exacerbate this issue, particularly in the absence
of standardized datasets. That said, there are signs of
novel methodology and large-scale datasets improving
diagnostic performance and clinical utility. Al functions
best as an adjunct in diagnosis, but the application of its
utility does not end here - it can facilitate the prediction
of its progression, which is needed for timely treatment
and longitudinal management.

Al in disease progression prediction

Beyond diagnosis, Al has also been used for predicting
disease progression, which is important for early
intervention and management of glaucoma patients. With
the ever-changing landscape of glaucoma management, it
is imperative to find cases with a propensity for worsening
early on, given the condition’s chronic, progressive, and
irreversible nature, which can substantially affect the
choice of treatment and health of the patient’s vision over
the years.

ML and DL models have been trained on longitudinal
clinical datasets to predict progression, based on what
they have seen occur before. These variables to make
predictions draw on a variety of structural and functional
variables, especially RNFL thickness or sectorial
thickness, measures taken from nerve head analysis and
visual fields, with extensive use of historical longitudinal
data. Advanced models integrate multimodal inputs
(imaging + clinical + temporal data) to improve predictive
accuracy and enable personalized risk stratification
[18,19,21]. DL approaches that integrate baseline and
longitudinal imaging data have demonstrated superior
performance in predicting visual field progression
compared to conventional statistical methods [21].
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Beyond imaging-based models, EHR data have also
been harnessed for predicting glaucoma progression.
ML models trained on large clinical datasets can risk-
stratify individuals for surgical intervention or rapid
disease progression. Predictive models using both
systemic variables and treatment history have shown
moderate to strong performance for identifying patients
who may require surgical management [18,19]. Natural
language processing (NLP) models further enhance
prediction by extracting clinically relevant information
from unstructured medical records. Recently developed
models leveraging NLP and transformer-based techniques
can directly extract clinically pertinent information from
unstructured clinical notes as well [40].

Al-based models have also been developed to predict
surgical outcomes and treatment response. ML algorithms
can estimate the success of surgical procedures using
preoperative and intraoperative parameters [41].

Despite these exciting advances, however, there are also
important limitations. These predictive models have
been generated in a number of cases using retrospective
datasets and may not have been externally validated,
raising questions about their translational capacity
across populations and different clinical settings [11,22].
Variability in data quality, as well as integration of
heterogeneous data to create a cohesive risk profile, is
another challenge. However, as data availability and
model development continue to improve, so will the role
that Al plays in predicting progression and furthering
iterations of precision medicine in ophthalmic encounters.
Such predictive abilities enhance the justification for Al
input into clinical interactions and decision-making.

Al in management and treatment

Al is being explored to help monitor, treat, and manage
glaucoma across both intervention and chronic settings,
moving beyond diagnosis and prediction to assist with
clinical decision-making and personalizing treatment
strategies. With the need for long-term monitoring of
disease states, Al can offer models that reflect optimized
treatment strategies while improving outcomes and
efficiency in patient management and workflows.

Al systems may assist clinicians in selecting treatment
strategies by integrating clinical, imaging, and
demographic data from large-scale datasets. Patterns
that interact with the treated individual’s phenotype
and treatment response to shape disease course can be
detected using ML. These systems often rely on predictive
modeling frameworks that combine supervised learning
algorithms with longitudinal patient data to optimize
individualized treatment pathways [18,19,21]. For
example, predictive models have used electronic health
record data to identify patients likely to need surgical
intervention, allowing more timely treatment [18,19].
Predictive models that include preoperative clinical
parameters and follow-up longitudinal data have been
shown to have decent accuracy at predicting surgical
outcomes, thus allowing improved patient selection and
personalized surgical planning [41].



In surgical management, Al has demonstrated potential
in predicting postoperative outcomes and guiding
procedural planning. ML-assisted models have been
used to estimate the success of glaucoma surgeries such
as trabeculectomy, using preoperative and intraoperative
parameters to improve patient selection and optimize
outcomes [41]. These tools may help reduce surgical
failure rates and enhance decision-making in complex
clinical scenarios.

Al has also found a role in monitoring systems to assist
with longitudinal disease management. Automatically
analyzing sequential imaging and visual field data to
detect treatment failure or disease progression so that
therapy can be adjusted on time. In addition, Al-enabled
platforms integrated into imaging systems may provide
real-time decision support, improving consistency in
clinical assessments and reducing clinician workload
[11,22].

Al is also used for developing decision-support systems
for selecting patient-specific treatment options. Multiple
options are offered - Al-based models that can assist in
treatment selection with the best fit for individual patient
characteristics for different types of minimally invasive
glaucoma surgery (MIGS) procedures [42].

Nonetheless, many challenges persist in deploying Al in
clinical management, including variability in data quality,
a lack of prospective validation, and issues regarding
the interpretability and transparency of Al models.
Regulatory and ethical concerns around these systems
must also be resolved before they can find widespread
use in the clinic [25,43]. Nonetheless, going forward,
how Al tools will develop further and be integrated into
the clinic to aid with the management and treatment of
glaucoma will be critical. Further, as Al models progress
in clinical management, new technology is forthcoming
to enhance model interpretability, data security, and
clinical applicability.

Emerging technologies

Recent advances in Al for glaucoma have extended
beyond conventional ML and DL models to include
emerging technologies that may improve interpretability,
privacy, and clinical usability. Among the most relevant
developments are explainable artificial intelligence
(XAI), federated learning, and large language models
(LLMs), all of which address important limitations in
current Al applications and may facilitate broader clinical
adoption.

XAI techniques, such as saliency maps and gradient-
based attribution methods, allow visualization of image
regions contributing to model predictions, thereby
improving clinical interpretability [23]. One of the major
concerns in Al-based glaucoma care is the “black-box”
nature of many DL systems. Although these models
often demonstrate strong diagnostic performance, their
decision-making processes are not always transparent
to clinicians. XAl has arisen as a key area of research
to improve trustworthiness and utility of model outputs
by enhancing their interpretability. Techniques such as
feature attribution and visualization techniques can help
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determine which parts of the image, or which variables,
most influenced a given model’s output. In glaucoma,
explainable ML has been applied to help clarify the
contributions of RNFL thickness, IOP, and visual field
data toward diagnostic classification, hence improving
the interpretability of Al-assisted assessments [23,44].
More of this sort of greater explainability may lead to
more clinician confidence, and therefore safer use of Al
[1,25].

Federated learning has been proposed as another
promising innovation in glaucoma Al, particularly in
response to concerns about data privacy and limited data
sharing across institutions. Instead of pooling images
within the algorithm server, this federated approach allows
an algorithm to be trained in a distributed manner across
multiple sites, without the actual flow of sensitive data
between patient databases. This geographical distribution
may help the algorithms learn a more generalized set of
features. Recent work shows the utility of such federated,
learning-based glaucoma detection systems, improving
institutional collaboration and reducing the risk of
centralized exposure to sensitive patient data [24]. As
multi-center datasets become increasingly important for
robust Al development, federated learning may play a
key role in expanding the scalability and external validity
of glaucoma models.

LLMs are another emerging direction with potential
applications in glaucoma care. Unlike image-based
models, LLMs are designed to process and generate
human-like language and may be used for analyzing
unstructured clinical notes, summarizing patient
information, and supporting diagnostic reasoning.
In glaucoma, transformer-based NLP models have
demonstrated the ability to predict disease progression
requiring surgery from free-text clinical notes [30].
Exploratory studies have suggested that ChatGPT may
exhibit diagnostic reasoning similar to ophthalmology
trainees in select glaucoma case scenarios (indicating
possible utility as a supportive educational or decision-
assistance tool - rather than a stand-alone clinical
system), but these applications are still early in stage and
have limited clinical validation to date [40,45].

Despite the promise of these novel technologies, they
remain in the early stages of clinical translation. Thus
far, they require prospective validation and regulatory
approval, with appropriate protection against bias;
then, their performance in the real-world will need to
be carefully assessed. Nonetheless, together with XAI,
federated learning and LLMs represent important next
directions in the evolution of Al for glaucoma, with
potential to make future systems more transparent,
safe, and clinically useful. A summary of representative
studies of Al approaches in glaucoma is found in Table 1.

Discussion

This narrative review summarizes the expanding role
and clinical applicability of Al in glaucoma, including
the roles of diagnosis, prediction of disease progression,
management, and newer technology. In the identified
studies, Al-based models, particularly DL, showed
consistently high diagnostic performance for the



Table 1. Representative studies on Al applications in glaucoma.

Study Al method Application area Data type Key finding
Aljohani and Aburasain [24] Federated learning | Diagnosis Multi-center data Enabled privacy-preserving model training
Baxter et al. [18] ML I\P/Iane_zg_ement/ EHR Predicted risk of surgical intervention
rediction
Birla et al. [41] ML Treatment Clinical + Surgical Predicted trabeculectomy outcomes
Bowd et al. [10] DL Diagnosis OCTA Enhanced classification of glaucoma using vessel

density metrics

Delsoz et al. [45] LLM (ChatGPT) Decision support

Demonstrated potential as a supportive

Clinical cases diagnostic tool (limited validation)

Gong et al. [13] DL Diagnosis

Demonstrated strong performance in glaucoma

el s detection with Al-assisted models

Hu and Wang [40] NLP / Transformer

Progression prediction

Clinical notes Predicted progression requiring surgery

Li et al. [38] Neural network Diagnosis

OCT / RNFL Improved diagnostic accuracy in myopic patients

Predicted visual field progression with high

Mohammadzadeh et al. [21] | DL Progression prediction | Longitudinal imaging
accuracy

Noury et al. [15] DL Diagnosis Real-world datasets il ol d"’.‘9”°3t'° seglor o gl
accuracy across diverse datasets

Oh et al. [23] XAl Diagnosis Clinical + Imaging Improved interpretability of Al models

Qidwai et al. [42] Al system Treatment planning Clinical data Assisted in selecting optimal MIGS procedures

. ) Improved detection of glaucomatous structural

Ranetal. [7] DL Diagnosis ocT changes using OCT-based models

Sidhu and Mansoori [14] CNN Diagnosis Fundus images E;f:;:t|ve ERISE P10 O/ AUEENIUE VS el

Wang et al. [39] ML Diagnosis/Monitoring | Visual field Detected visual field progression using spatial
pattern analysis

Wang et al. [19] ML Mane_zg_ement/ EHR Identlfled_ patients at higher risk of disease

Prediction progression

detection of glaucomatous changes using multimodal
data based on fundus photography, OCT, and visual
field analysis. These findings are consistent with prior
studies reporting high sensitivity, specificity, and area
under the curve values for Al-based glaucoma detection,
with some models achieving performance comparable to
experienced clinicians [11,12]

A common strength across the mentioned studies is
Al’s ability to rapidly analyze large-scale and high-
dimensional datasets, which facilitates the uncovering
of subtle structure-function changes not easily detected
by human analysis alone. Convolutional neural networks
applied to fundus and OCT imaging have been noted
for their strong capabilities to detect glaucomatous
damage [7,10]. Furthermore, longitudinal AI models
incorporating temporal clinical and imaging data
have demonstrated improved capability in predicting
disease progression, enabling earlier and more targeted
intervention to prevent irreversible vision loss [21].

Compared to previous reviews, this review provides
a broader synthesis of Al applications across multiple
stages of glaucoma care, rather than focusing exclusively
on diagnostic performance. Previous reviews have
largely emphasized detection and screening, whereas
the present synthesis highlights the expanding role of
Al in disease progression prediction, treatment decision-
making, and surgical planning [22,43]. This reflects the
growing scope of Al in ophthalmology, shifting from
isolated image-based classification toward integrated
clinical decision-support systems.
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Despite these promising advances, multiple limitations
also exist. The key one being the use of potentially non-
representative cohorts from retrospective curated datasets
raises the generalizability and external validity of many
Al models [22,23]. Variability in imaging quality owing
to differences in device specifications, as well as lack of
a reference standard in the form of standardized datasets
may influence model performance across clinical centers.
Finally, the limited interpretability of DL models, the
“black-box” problem, may hinder clinician trust and
adoption of these systems in everyday use.

Ethical and regulatory challenges will be even more
important in the introduction of AI to clinical care.
Issues of privacy, algorithm bias, and accountability
will all need to be addressed for Al implementations to
be safe [23,24]. Emerging approaches such as federated
learning and XAI offer potential solutions by enhancing
data security and model transparency, although these
technologies remain under active development.

From a clinical perspective, Al has the potential to
transform glaucoma care through earlier detection,
improved risk stratification, and personalized treatment
strategies. Al-assisted diagnostic tools may help reduce
clinician workload and provide better access to care in
environments where specialist availability is scarce.
Predictive models can also support clinicians to identify
patients at a higher risk of having their disease progress
and target interventions appropriately, leading to
improved long-term outcomes.

Future research should focus on the development of
large-scale, multi-center, and diverse datasets to improve



the robustness and generalizability of AI models.
Prospective validation studies are essential to assess real-
world performance and clinical impact. Additionally,
successful integration of Al into clinical workflows
will require systems that complement, rather than
replace, clinician expertise, ensuring safe and effective
adoption. The development of emerging technologies
and approaches such as XAlI, federated learning, and
LLMs may further bolster the transparency, scalability,
and usability of this technology in glaucoma.

Al and its uses in the diagnosis and management of
glaucoma are a fast-moving and promising area. Many
advances have already been made, addressing current
limitations and establishing robust clinical validation
will be essential for achieving widespread and reliable
implementation in routine ophthalmic practice.

Limitations of the review

This review has several important limitations that are
relevant to the findings presented. First, as a pure narrative
review, it was not done following a systematic review
methodology and thus may suffer from selection bias
in the identification and inclusion of studies. Although
our search was structured, without defined protocols
and quality assessment tools, there is the risk that the
comprehensiveness and objectiveness of the searched
literature are somewhat limited.

Second, no quantitative synthesis or meta-analysis was
performed, and therefore, pooled estimates of diagnostic
accuracy or predictive performance could not be
generated.

Third, the studies differed substantially based on data
sets used, techniques employed, and what metrics were
used to evaluate them; this may limit the degree to which
direct comparisons among studies can be made and may
impact the generalizability of findings. Despite these
limitations, this review provides a comprehensive and
clinically relevant synthesis of current evidence on Al
applications in glaucoma.

Conclusion

Al is rapidly becoming one of the most valuable tools
available for glaucoma diagnosis, prognostication, and
clinical management. The utilization of ML and DL
in ophthalmic imaging and clinical data analysis has
demonstrated improved diagnostic accuracy, efficiency,
and risk stratification capabilities, enhancing the early
detection and monitoring of glaucomatous changes.

However, many challenges still exist that limit the
widespread clinical adoption of Al in the diagnosis and
treatment of glaucoma, including but not limited to data
heterogeneity, model generalizability and interpretability,
and the need for solid clinical validation of these
techniques. Addressing these limitations is essential to
ensure the safe, reliable, and equitable integration of Al
into routine clinical practice.

Overall, Al has the potential to significantly transform
glaucoma care by enabling earlier diagnosis, supporting
personalized treatment strategies, and improving long-
term patient outcomes. Continued efforts in research,
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validation, and real-world implementation will be critical
to fully realize these benefits and translate technological
advances into meaningful clinical impact.

List of Abbreviations
Al artificial intelligence

CNNs  conventional neural networks
DL deep learning

EHRs electronic health records

10P intra-ocular pressure

LLMs large language models

ML machine learning

ocT optical coherence tomography
RNNs  recurrent neural networks

XAl explainable artificial intelligence
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