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Abstract: Artificial intelligence (Al) is rapidly reshaping neuro-ophthalmic care by extracting clinically significant information from
imaging, biomarkers, and patient-level clinical data. We review recent advances across neurodegenerative disease detection using
retinal biomarkers, automated recognition of optic disc swelling and its mimics, glaucoma screening and quantification, and
classification of hereditary optic neuropathies. Using fundus photography and optical coherence tomography (OCT), contemporary
machine learning (ML) systems, including deep learning as well as other supervised learning models, report strong discrimination for
papilledema versus pseudopapilledema, non-arteritic anterior ischemic optic neuropathy (NAION) against similar presenting entities,
and glaucomatous damage including indirect estimation of retinal nerve fiber layer (RNFL) thickness. Early work also suggests that
retinal features can aid detection of mild cognitive impairment (MCI) and major neurocognitive disease. However, despite promising
results, most studies remain retrospective and single-center, while focusing on imaging-only, limiting generalizability and clinical
interpretability. Therefore a variety of challenges related to dataset heterogeneity, overfitting, limited external validation, and the gap
between high diagnostic accuracy and practical clinical utility remain unresolved. Future prospective, multicenter evaluations focusing
on integrating multimodal clinical data through explainable Al systems are necessary to improve diagnostic consistency, shorten time
to care, and expand access for underserved populations.

Keywords: artificial intelligence, neuro-ophthalmology, deep learning, machine learning, support vector machine, extreme learning
machine

Introduction

Neuro-ophthalmic disorders, such as papilledema, non-arteritic anterior ischemic optic neuropathy (NAION), and
hereditary optic neuropathies carry substantial risks of irreversible visual morbidity if diagnosis is delayed.'
Glaucoma, while not a neuro-ophthalmologic disorder, is a common optic neuropathy which impacts millions of people
worldwide.? These conditions often hinge on subtle, image-based findings and nuanced clinical context, yet access to
subspecialty care is constrained as neuro-ophthalmology faces a persistent workforce shortage and long wait lists for
appointment scheduling, limiting timely evaluation.'

Expert diagnosis is critical in the field of neuro-ophthalmology. Diagnostic error rates preceding neuro-
ophthalmology consultation can be substantial, and patients can be subjected to unnecessary tests and treatments,
highlighting opportunities for tools that improve consistency and expedite appropriate referrals.’ In parallel, ophthalmol-
ogy has already demonstrated that autonomous or assistive artificial intelligence (AI) systems can function in front-line
settings as Food and Drug Administration (FDA)-approved diagnostic models for diabetic retinopathy are increasing in
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availability across primary care clinics.* While the integration of AI in the medical sphere may show promise in
improving diagnostic accuracy, it is important to interpret these results with caution and the perspective that Al may
serve as a complement to, rather than substitute for expert clinical judgement.

Several Al modalities are described in this paper, such as machine learning (ML), deep learning (DL), support
vector machine (SVM), and extreme learning machine (ELM). ML refers to a subset of AI composed of algorithms
that learn patterns from data to perform predictive tasks.” DL is a subset of ML that specializes in analyzing
unstructured data, such as raw text or images, and is capable of automatically differentiating data into meaningful
categories.® As a result, DL is particularly well suited for analyzing large volumes of data that may contain subtle
patterns or distinctions that are difficult for human observers to detect.® SVM models are a type of supervised
machine learning algorithm that classify data by identifying patterns that best separate predefined groups.”* In
medical imaging, SVMs are commonly used when relevant image features can be extracted and labeled, allowing
the model to distinguish between disease and normal states based on these features.”®* ELMs are similar to SVM,
but are designed for rapid training and are often applied when computational efficiency is prioritized, such as in
exploratory clinical studies or smaller datasets.”"®

Applications of Al in neuro-ophthalmology could help detect subtle structural and microvascular signatures across
diverse conditions, while expanding access to care by enabling earlier, more consistent detection of disease in both
specialty and primary-care settings. This manuscript reviews emerging evidence on Al for neuro-ophthalmic disease
detection and differentiation, analyzes Al’s clinical promise, and outlines practical next steps to accelerate safe, equitable
adoption (Figure 1).

<

Figure | Artificial Intelligence in Neuro-Ophthalmology.
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Methods

We utilized the scholarly literature database PubMed to identify relevant literature to compose our review. We conducted
the literature search by accessing PubMed virtually from July 31, 2025 to September 29, 2025 using the keywords and

ELINNT3 CLINNT3 ELINNT3 ERINNT3

phrases: “artificial intelligence in neuro-ophthalmology”, “machine learning”, “deep learning”, “optic disc”, “neurode-
generative disease”, “papilledema”, and “glaucoma” (Figure 2). Out of the identified primary data and review articles, we
identified 32 articles to include in our review. We included articles published after 2014, thus articles published prior to
2014 were excluded from this review of the literature. The inclusion criteria we applied were relevance to the discussion
of recent applications of Al in the field of neuro-ophthalmology and analysis of the utility and diagnostic accuracy of Al
in disorders of the eye and nervous system. This selection process yielded articles related to various Al modalities
including machine learning (ML), deep learning (DL), support vector machine (SVM), and extreme learning machine
(ELM), as well as imaging modalities including optical coherence tomography (OCT), OCT angiography (OCTA), and

color fundus photography (CFP).

Neurodegenerative Disease Detection

ML and DL, a subset of ML, methods have been applied in the context of retinal imaging-related biomarkers for
neurodegenerative disease, including Alzheimer’s disease (AD), dementia, and mild cognitive impairment (MCI). Retinal
microvascular changes have been observed in AD patients post-mortem,” as well as in patients with AD and MCL'® DL
has been applied to identify retinal biomarkers of dementia using modalities including optical coherence tomography
(OCT), OCT angiography (OCTA), and color fundus photography (CFP)."" Eye-AD, described by Hao et al, is a DL
model which uses OCTA images to detect early-onset AD and MCIL.'" The multicenter study utilized 1,671 patients
(5,751 OCTA images), and Eye-AD exhibited clinical decision-making patterns and successful identification of patients
with early-onset AD and MCI compared to healthy controls.'' For early-onset AD detection, Eye-AD had an area under
the curve (AUC) of 0.9007, accuracy of 0.8176, and precision of 0.8429."" For MCI detection, Eye-AD had an AUC of
0.8630, accuracy of 0.8487, and precision of 0.8506."" Cheung et al (2022) performed a retrospective, multicenter case-
control study utilizing 12,949 retinal images from 648 patients with AD and 3,240 patients without AD to develop a DL
model to detect AD.'? The DL model utilized a EfficientNet-b2 backbone then further analyzed optic nerve head-
centered and macula-centered retinal images from each eye using an adaptive feature fusion technique prior to
determining a result of AD-dementia or no dementia for each patient.'> The DL model exhibited 83.6% accuracy,
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93.2% sensitivity, 82% specificity, and area under the receiver operating characteristic curve (AUROC) of 0.93.'2
Furthermore, DL models have used segmented OCTA images to analyze retinal microvasculature at multiple layers of
the retina and foveal avascular zone in patients with AD, MCI, and no dementia.'® Xie et al (2024) used DL and logistic
regression in retinal imaging of 158 patients (55 with AD, 41 with MCI, and 62 healthy controls) to assess retinal
microvascular parameters in each group of patients.'® The authors found that vessel area, length densities, and number of
vascular bifurcations in inner vascular complexes were significantly decreased in AD patients compared to healthy
controls.'® Decreased vascular area, length density, vascular fractal dimension, number of vascular bifurcations in the
superficial and inner vascular complexes, larger vascular tortuosity in the inner vascular complexes, and increased foveal
avascular zone roundness were observed in patients with MCI compared to healthy controls.'® Furthermore, the AlzEye
retinal imaging dataset includes 353,157 patients and 6,261,931 retinal images gathered from Moorfields Eye Hospital
NHS Foundation Trust and aims to characterize the link between retinal biomarkers and neurodegenerative and
neurovascular diseases.'> As the data cohort is still under development, the authors highlight the goal for AlzEye to
be utilized for the development of DL models.'” It is important to note that the use of AUC as a measure of diagnostic
accuracy is limited by a potential decreased generalizability to novel patient populations in a real-world clinical setting
due to reported AUC values reflecting overfitting to retrospective training datasets.'*

SVM and ELM models represent supervised ML models because they utilize known labeled data to train and make
decisions on future data."> SVM and ELM models were tested in a clinical trial [ChiCTR1900027404] on their ability to
detect MCI based on original fundus images (using SVM) and fundus vascular segmentation images (using ELM) from
86 patients between ages 18 and 80 (mean 46.37 + 1.79 years).'> The patients were divided into normal (n = 38), MCI (n
= 26), and dementia (n = 22) groups based on cognitive assessment and ICD-11 and DSM-5 MCI diagnostic criteria.'’
The authors report that the SVM model trained on original fundus images showed significantly greater predictive efficacy
(p = 0.0012) than the ELM model."> While not necessarily validated as a standalone diagnostic tool, the use of Al in
neuro-ophthalmology presents the opportunity to screen elderly patients for early identification of neurodegenerative
disease biomarkers through retinal imaging.

Detecting Optic Disc Abnormalities

Papilledema
Papilledema is defined as optic disc edema, typically bilateral, secondary to intracranial hypertension.'® Failure to detect
papilledema may result in permanent vision loss and delay the recognition of serious underlying neurologic conditions,
including intracranial mass lesions, hydrocephalus, and venous sinus thrombosis.'® Thus, researchers have developed Al
models to aid in the diagnosis of papilledema. One group conducted a retrospective study using a DL model to analyze
digital color ocular fundus photographs collected by the Brain and Optic Nerve with Artificial Intelligence (BONSAI)
consortium.'® The model was trained and validated using 14,341 fundus photographs and was externally tested on 1,505
photographs.'® Across testing sets, AUC ranged from 0.93 to 0.98 in the ability to discriminate optic discs with
papilledema from all other optic discs.'® The DL model was found to have a sensitivity of 96.4% and specificity of
84.7% for the detection of papilledema, suggesting that clinicians may utilize Al in combination with fundus photo-
graphy to diagnose papilledema and differentiate it from other ophthalmologic conditions.'®

In addition to diagnosis of papilledema at clinical presentation, Al models have been tested in their ability to detect
early optic nerve changes on OCT that might predict the future development of papilledema.'” The ability to do so would
allow for early detection and better risk stratification for future intervention.'” One such study utilized the publicly
available Al model Visual Geometry Group-19, testing its ability to predict progression to papilledema from early OCT
images.'” Ninety-three subjects with both an official diagnosis of papilledema and a normal OCT prior to the diagnosis
were included in the experimental group, and 254 healthy subjects were included in the control group for the AI model to
identify.'” The model was pretrained to identify abnormalities in retinal nerve fiber layer (RNFL) thickness maps,
ganglion cell thickness maps, ILM-RPE thickness maps, and an extracted vertical tomogram.'” When trained to analyze
the RNFL thickness map, the model achieved an area under the precision-recall curve (AUPRC) of 0.826 + 0.033 with
the initial study population.'” A subsequent trial was performed with a removal of 35 participants from the experimental
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group to equalize age and gender populations between the control and experimental groups and an AUPRC of 0.713 +
0.040 was achieved.'” This reduction in performance following demographic matching highlights the sensitivity of Al
models to cohort composition and emphasizes the importance of controlling for confounding variables during model
development and validation.'” This reduction displays how the model may perform differently in a real world setting.'”
Nonetheless, these findings support the potential role of Al-assisted OCT analysis as a supplementary tool for early
detection, provided its limitations are explicitly acknowledged.'’

Optic Disc Drusen

Pseudopapilledema describes a group of optic disc abnormalities that mimic papilledema.'® Distinguishing pseudopa-
pilledema from papilledema can be challenging, resulting in potentially avoidable diagnostic investigations for increased
intracranial pressure, including costly neuroimaging studies and invasive procedures such as lumbar puncture.'® Optic
disc drusen (ODD) is a common cause of pseudopapilledema, and it is present in 1.0-2.0% of the general population.'®
ODD is the formation of acellular calcium, mucopolysaccharide, and amino and nucleic acid deposits in the prelaminar
optic nerve head.' It leads to visual field deficits in up to 87% of cases.'” The use of Al technology in concurrence with
optical imaging has improved clinicians’ ability to differentiate ODD from papilledema while using less invasive and
costly techniques, and in doing so, has made the diagnosis of ODD more efficient.'’

One retrospective study assessed the ability of a DL system to differentiate between ODD and papilledema using
standard color ocular fundus photographs.'® In this study, the DL system was trained on over 4,087 fundus photographs
from 1,959 patients from the international BONSAI consortium and externally validated on 421 independent images
from 221 pa‘tients.18 Diagnoses were confirmed with OCT, ultrasound, autofluorescence, or elevated intracranial pressure,
ensuring strong reliability.'® The model achieved an AUC of 0.97, with 90.5% overall accuracy in distinguishing ODD
from papilledema.'® Performance was strongest when comparing visible ODD with severe papilledema (AUC 0.99,
96.3% accuracy) and remained high in clinically challenging cases of buried ODD versus mild papilledema (AUC 0.93,
84.2% accuracy).'® Despite these strong results, differentiating buried ODD from early papilledema is a clinically
nuanced task that frequently relies on multimodal imaging, longitudinal follow-up, and integration of clinical context
beyond fundus appearance alone.?’ Image-based DL classifiers, while effective in constrained classification settings, may
inadequately capture this broader neuro-ophthalmic reasoning process, and near-ceiling AUC values should therefore be
interpreted cautiously.'®

Another study developed a DL algorithm that identifies structures on OCT scans and uses this information to
distinguish between ODD, papilledema, and healthy controls.?’ This retrospective study included 241 total patients
and classification of the 256 images taken showed AUC of 0.99 £+ 0.001 for ODD detection, 0.98 + 0.01 for the detection
of healthy controls, and 0.99 + 0.005 for the detection of papilledema.?' These results highlight the promise of Al applied
to both standard fundus photographs and OCT scans as an accessible, non-invasive, and cost-effective tool to support
clinicians in differentiating ODD from papilledema.'®?' However, their clinical adoption requires interpretability and
transparency, particularly in understanding which structural features drive model predictions.*

Non-Arteritic Anterior Ischemic Optic Neuropathy
Non-arteritic anterior ischemic optic neuropathy (NAION) is a common cause of sudden unilateral vision loss in
individuals typically over the age of 50.% Current literature demonstrates the potential of Al to improve diagnostic
precision and the distinguishment of NAION from similarly presenting conditions, such as optic neuritis (ON),
papilledema, and arteritic anterior ischemic optic neuropathy (AAION).?* 2

In a retrospective observational study, Jalili et al (2024) evaluated ML on vessel density features of peripapillary
OCTA scans to classify healthy, NAION, and ON eyes.”* Utilizing SVM, random forest, and Gaussian Naive Bayes
models, the classifiers achieved AUC of 1.0 and accuracy of 100% in distinguishing between the three groups.**
Although notable, perfect performance in small retrospective datasets may reflect limited generalizability to real-world
clinical applications where imaging quality, comorbid disease, and atypical presentations are more variable. Nonetheless,
these findings demonstrate how utilizing Al through automated vessel density—based ML may assist in distinguishing
between NAION and ON.**
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Szanto et al (2025) similarly studied the use of DL in distinguishing NAION and papilledema.’®?” In a development
and validation study using fundus photographs, their DL model achieved over 96% accuracy in internal testing and 93%
accuracy in external validation, with AUC values of 0.98-0.99 and F1 scores above 0.90.” Szanto et al (2025) also
conducted a retrospective review evaluating DL models using unsegmented 3D OCT volumes.”® These DL models
demonstrated similar performance, with nearly 95% accuracy internally and 90% accuracy on external validation,
supported by high AUC (~0.98) and F1 scores (~0.89-0.95).%° Together, these results demonstrate that DL models
applied to fundus photos and OCT scans may assist clinicians in differentiating between NAION and papilledema.?®*’

Gungor et al (2024) applied the use of DL to the distinction between AAION and NAION in a multicenter,
international cohort study.25 This study included 961 color fundus images from 802 patients and demonstrated strong
external validity.”> The DL model achieved an accuracy of 92.6% while neuro-ophthalmologists achieved accuracies
ranging from 74-82%.>° These findings emphasize the potential value of DL as a tool to aid neuro-ophthalmologists in
rapidly and accurately distinguishing between AAION and NAION, which is critical considering the urgent need for
corticosteroid treatment in giant cell arteritis-related AATION to prevent bilateral vision loss.?

Taken together, these studies highlight the clinical utility of AI in neuro-ophthalmology, demonstrating robust
performance in differentiating NAION from other causes of optic disc swelling including ON, papilledema, and
AAION in a timely manner. However, future research should investigate the incorporation of clinical variables (eg.,
cardiovascular risk factors, laboratory markers) and modeling approaches that also simulate disease evolution and
treatment response over time to better reflect real-world neuro-ophthalmic decision making in NAION management.

Hereditary Optic Neuropathy

Leber’s hereditary optic neuropathy (LHON) is a rare mitochondrial genetic disorder characterized by subacute, bilateral
sequential or simultaneous vision loss.*® Accurate diagnosis can be challenging as its characteristic findings including
hyperemic, pseudo-edematous optic disc and peripapillary telangiectasias may be subtle or mimic other conditions (eg.,
optic neuritis) that require different management.*®

In a recent retrospective study, Lee et al (2024) developed a DL model to distinguish fundus photographs of LHON,
ON, and normal eyes.”® The dataset included 30 genetically confirmed LHON eyes, 30 ON eyes, and 120 normal eyes.?®
The DL model distinguished between LHON, ON, and normal eyes with high AUROC values of 0.988, 0.990, and 1,
respectively, and an overall accuracy of 0.93.%® It is important to consider that these performance estimates were derived
from a small dataset, raising concerns for potential overfitting and limited generalizability, especially given the rarity and
heterogeneity of LHON in clinical practice.

Reported precision, recall, and F1 scores were 0.8 when distinguishing LHON from other conditions, ON from other
conditions, and between LHON and ON, which highlights the potential of DL systems as rapid, cost-effective, and non-
invasive diagnostic adjuncts.”® This would be especially valuable in rare hereditary optic neuropathies where traditional
tests such as genetic analysis, are often expensive and less accessible. As these metrics are derived from image-based
classification and do not incorporate longitudinal data, future research incorporating LHON evolution and treatment
responses over time would be insightful.

Other Optic Nerve Pathology

While glaucoma is not traditionally categorized as a neuro-ophthalmic disorder, this chronic optic neuropathy carries
a substantial and growing global burden.? As the leading cause of irreversible blindness worldwide, it underscores the
critical need for scalable strategies to facilitate earlier detection and triage.>?° The disease is marked by characteristic
damage to the optic nerve and RNFL, which results in gradual and often asymptomatic vision loss until advanced
stages.>” While elevated intraocular pressure is the only modifiable risk factor identified to date, glaucoma can also occur
at statistically normal pressures, reflecting the multifactorial nature of its pathogenesis.?’ Despite advances in screening
and therapy, glaucoma is frequently underdiagnosed, and many patients suffer significant, irreversible vision loss before
detection.”” Researchers have evaluated the ability of Al models to diagnose glaucoma using both color fundus
photographs and OCT images.>*>' Li et al (2018) trained a DL model to detect glaucomatous optic neuropathy on
over 31,745 colored fundus photographs and later tested it on a remaining 8000 images selected randomly.*® The model
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demonstrated an AUC of 0.986 for referable glaucomatous optic neuropathy, sensitivity of 95.6%, and specificity of
92.0%, surpassing the accuracy of many human graders.*® These findings suggest that Al-based assessment of mono-
scopic fundus photographs could provide an effective, scalable, and affordable approach to glaucoma screening,
particularly in underserved populations.>® Asaoka et al (2019) built a transfer-learning DL model using OCT macular
RNFL and ganglion cell complex grids, pre-trained on RS-3000 data and fine-tuned on Topcon OCT-1000/2000 data, to
detect early glaucoma.”' In an independent test set, it achieved an AUROC of 93.7% with 82.5% sensitivity and 93.9%
specificity.®' This finding displays that Al models may also be effective in diagnosing glaucoma using OCT imaging.*'
Although these studies consistently report high diagnostic accuracy, glaucoma exemplifies the limitations of image-
centric Al approaches, as disease progression and management depend on longitudinal trends, intraocular pressure
dynamics, functional testing, and patient-specific risk factors that are not fully captured by static image classifiers.*?

Another group of researchers tested the ability of Al to estimate RNFL thickness on fundus imaging in order to
quantify neural damage in glaucoma.’® They then compared AI RNFL thickness estimates to RNFL thickness measured
directly by spectral-domain optical coherence tomography (SDOCT).>* Successful ability to determine RNFL thickness
using fundus imaging would allow for assessment of neural damage using fundal photographs, and thus faster and
cheaper evaluation than SDOCT.*®> The AI model was trained using 26,528 pairs of disc photos and SDOCT scans from
1,849 eyes of 958 subjects and subsequently tested on 6,292 pairs of disc photos and SDOCTs from 463 eyes of 240
subjects.*® Researchers found that Al predictions of RNFL obtained from optic disc photographs were highly correlated
to actual RNFL thickness measurements using SDOCT.?* Correlation between the predicted and the observed RNFL
thickness values was 0.832.>% The predictions performed well to discriminate eyes with glaucomatous visual field loss
from healthy eyes, as Al was able to accurately quantify ocular nerve damage through RNFL estimations.*® This work
represents a shift toward more quantitative and potentially interpretable Al outputs that align imaging biomarkers with
clinically meaningful parameters.>”

Gong et al (2022) further studied the ability of Al to enhance physician diagnosis of glaucoma with a collaborative
“doctor + AI” model.>* Using 1,000 fundus images, the authors demonstrated that doctors working with Al showed
significantly improved diagnostic accuracy compared to either working independently of each other.>* From the first
round to the second round, doctor A improved in diagnostic accuracy from 86% without Al assistance to 92.5% with Al
assistance, doctor B improved from 83.5% to 93.5%, doctor C from 93% to 95.5%, and doctor D from 84% to 95.5%.34
The findings suggest that this collaborative model enhances diagnostic precision, supports clinical decision-making, and
may be particularly valuable in glaucoma screening settings.**

DL systems have demonstrated diagnostic accuracy comparable to that of neuro-ophthalmologists, highlighting their
potential as valuable adjuncts in the detection of optic disc abnormalities. Biousse et al (2020) evaluated the performance
of a DL system, trained on 14,341 fundus photographs from 19 international centers to that of two neuro-
ophthalmologists (referred to as Expert 1 and 2).>° Testing was conducted using 400 fundus photographs of normal
optic discs, 201 depicting papilledema, and 199 showing other optic disc abnormalities.’> The DL system showed an
overall accuracy of 84.7%, which was comparable to Expert 1 (84.4%) and higher than Expert 2 (80.1%).*> The DL
system also demonstrated strong discrimination with AUC values of 0.97 for normal discs, 0.96 for papilledema, and
0.89 for other optic disc abnormalities.>> The DL system’s accuracy, sensitivity, and specificity were similar to or
exceeded those of the neuro-ophthalmologists.>> However, a key limitation in the DL system was the absence of visual
field data, OCT, and clinical history, all of which are essential in comprehensive neuro-ophthalmic decision making.*
Furthermore, future studies should compare DL systems with a larger, more diverse group of neuro-ophthalmologists to
better contextualize comparative diagnostic performance. Despite these limitations, these findings suggest that DL
systems can enhance diagnostic accuracy and streamline clinical workflows, such as in triaging and identifying optic
disc abnormalities for further neuro-ophthalmological assessment.

Discussion

Al has shown substantial promise in neuro-ophthalmology, achieving diagnostic accuracy comparable to, or exceeding
that of human experts across a range of conditions. From identifying retinal biomarkers of AD to detecting optic nerve
pathologies such as papilledema, glaucoma, and NAION, Al models have demonstrated consistent reliability. These
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applications underscore the potential of Al as a powerful adjunct to clinical practice, with the potential to improve early
detection, reduce diagnostic uncertainty, limit unnecessary and costly investigations, and ultimately enhance patient
outcomes. However, when interpreting comparisons between Al models and human diagnostic accuracy, it is important
to consider the context in which these evaluations were performed. In many studies, Al systems and human graders were
assessed using the same restricted input modalities, such as fundus photographs or OCT images, without access to
clinical history, visual field testing, or ancillary investigations. Under these controlled conditions, Al performance was
often compared to that of ophthalmologists or neuro-ophthalmologists performing image-based classification rather than
comprehensive clinical diagnosis. Accordingly, reported performance metrics reflect the ability of Al to interpret specific
imaging features and should not be construed as direct replacements for full clinical decision-making.

Importantly, Al has demonstrated utility in differentiating between conditions with overlapping presentations, such as

1821 or NAION and optic neuritis.**?” In glaucoma, DL systems not only detect

papilledema and optic disc drusen,
disease earlier than many human graders but can also estimate RNFL thickness from fundus photographs, potentially
reducing dependence on costly OCT imaging.**>"** Similarly, in rare conditions such as LHON, Al tools have achieved
high classification accuracy, offering a rapid, cost-effective alternative when genetic testing is less accessible.?®
Beyond diagnostic accuracy, Al has the potential to expand access to care. Its ability to analyze standard fundus
photographs and OCT scans makes it theoretically feasible for deployment in primary care, community clinics, and
telemedicine platforms, a process already initiated for certain retinal diseases.’® This could significantly improve
screening in underserved populations where access to neuro-ophthalmologists and advanced imaging technologies is
limited. In addition, the use of computerized tools in conjunction with Al could provide an objective layer of evaluation
that complements traditional clinical assessments, which is particularly valuable in diseases such as AD where early
diagnosis often relies on more subjective cognitive testing.’” These advances highlight the broader purpose of Al in
neuro-ophthalmology, to enhance diagnostic precision while democratizing access to high-quality diagnostic care.
Despite the promising results across these studies, several limitations warrant consideration. Most investigations to
date are retrospective, and while some incorporate external validation datasets, few have undergone prospective clinical
trials. Dataset heterogeneity also poses a challenge as many models are trained on images from single institutions, raising
concerns about generalizability across diverse populations and imaging modalities.”®** Additionally, AI models often
rely solely on imaging data without incorporating multimodal clinical information such as systemic history, visual field
testing, or laboratory findings, which remain integral to neuro-ophthalmic decision-making.*> More broadly, issues of
patient privacy and the ethical implementation of Al systems at a community or population level must be carefully
addressed before widespread clinical deployment.*® Finally, a substantial proportion of studies reported diagnostic
performance primarily using AUC, a metric with recognized limitations.'* In some cases, very high AUC values
approaching 1 may reflect a model that is highly optimized to the training dataset rather than one that generalizes
reliably across diverse patient populations.'® As a result, models reporting strong AUC performance may still demon-
strate reduced effectiveness when evaluated on external datasets with differing demographic or disease characteristics.'

Future Directions
A major challenge in the adoption of Al for neuro-ophthalmology involves DL models achieving high diagnostic
accuracy but offering little transparency into how predictions are made, sometimes referred to as the “black box
problem”.*® This opacity can undermine clinician trust, limit accountability, and create barriers to patient acceptance,
particularly when treatment decisions hinge on understanding the rationale behind a diagnosis.*® The importance of
a model’s ability to explain its results is amplified in ophthalmology, where subtle imaging features, such as early optic
disc swelling or nerve fiber layer changes, must be clearly identified for clinical decision-making.** To address this,
researchers have begun developing explainable Al (XAI) approaches that make model predictions more interpretable
without sacrificing performance.®® Examples include generating heatmaps, which highlight regions of fundus or OCT
images most influential to a model’s decision.”” By creating models capable of providing interpretable reasoning, legal
and ethical barriers to the implementation of Al could be mitigated, facilitating safer integration into clinical practice.
Despite the dominance of image-based DL classifiers in neuro-ophthalmic Al research, alternative computational
paradigms warrant greater attention.*’ Dynamic modeling approaches such as emerging Digital Twin frameworks aim to
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simulate disease evolution and treatment response over time rather than generating static diagnostic labels.*' These
models hold promise for conditions like papilledema and glaucoma, where temporal dynamics and individualized
trajectories are central to management, but remain largely unexplored in current neuro-ophthalmic Al literature.*?
Medical digital twin frameworks offer a way to extend neuro-ophthalmic Al beyond diagnosis toward simulation of
disease evolution and treatment response.*? Because digital twins are continuously updated as new data is gathered they
may ultimately enable individualized forecasting.** Existing studies using DL algorithms to analyze ophthalmic
diagnostic imaging are promising; however, external validity may be limited and synchronized patient-specific modeling
such as Digital Twins frameworks provide a coherent roadmap for moving neuro-ophthalmic Al from snapshot
classification toward personalized simulation that more closely matches clinical decision-making.*!**?

Future research in neuro-ophthalmic Al should prioritize large-scale, prospective, multicenter clinical trials, such as the
AlzEye project,'® to address the limitations of retrospective, single-institution studies and to establish real-world general-
izability. Another key direction is the integration of multimodal data, moving beyond reliance on fundus photographs or
OCT alone to incorporate OCTA, visual fields, systemic risk factors, and genetic information, an approach already
highlighted in glaucoma research.*® Finally, expanding deployment in primary care and telemedicine could extend the
reach of neuro-ophthalmic diagnostics, as demonstrated by Al assisted OCT platforms piloted for retinal diseases.*®

Applying similar models to neuro-ophthalmology could enable earlier detection and triage in underserved settings.

Conclusion

In closing, Al is emerging as a transformative tool for the diagnosis of various neuro-ophthalmologic diseases. By
leveraging retinal and optic nerve imaging, Al-based models have shown the potential to detect pathology and
differentiate between clinically overlapping presentations. Al may enhance diagnostic consistency through standardiza-
tion of diagnostic criteria, while serving as an adjunct to clinical judgement. Beyond accuracy, the incorporation of Al
may broaden access to care by enabling screening in primary care and telemedicine settings where specialist resources
are limited.

Despite this progress, it is important to note that many studies comparing Al with neuro-ophthalmologists report the
AUC as a primary outcome, a metric that may reflect strong discrimination within the training dataset but does not
necessarily indicate reliable diagnostic performance across diverse patient populations. In addition, advancing clinical
utility will require a shift from single-timepoint image analysis toward approaches that account for patient-level
variability and longitudinal change, better aligning Al outputs with the way true neuro-ophthalmic disease evolves
over time. Further, the path toward clinical adoption requires continued validation and transparency. Prospective multi-
center trials, multimodal data integration, and XAI frameworks will be essential to ensure generalizability, interpret-
ability, and clinician trust. As these systems evolve, Al has the potential not only to augment neuro-ophthalmic decision-
making but also to redefine diagnostic efficiency and accessibility in the field.
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