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Abstract

Background: Papilledema, an ophthalmic finding associated with increased intracranial pressure,
can be related to dermatological medications including corticosteroids, isotretinoin, and tetracyclines.
Early detection is critical to prevent irreversible optic nerve damage, but access to ophthalmologic
expertise is often limited in rural settings. Artificial intelligence (AI) may offer a potential for
automated, accurate papilledema detection from fundus images, supporting timely diagnosis and
management. Objective: Evaluating and comparing the diagnostic performance of two Al models,
including a ResNet-based convolutional neural network (CNN) and GPT-4, against human
ophthalmologists in identifying papilledema from fundus photographs, with a focus on applications
relevant to dermatological care in resource-limited environments. Methods: A dataset of 1,389
fundus images (295 papilledema, 295 pseudo-papilledema, 799 normal) was preprocessed and
partitioned into a test set of 198 images (99 papilledema, 99 normal). The ResNet model was fine-
tuned using discriminative learning rates and a one-cycle learning rate policy. Both AI models and
two human evaluators (a senior ophthalmologist and an ophthalmology resident) independently
assessed the test images. Diagnostic metrics such as sensitivity, specificity, positive predictive value
(PPV), negative predictive value (NPV), accuracy, and Cohen’s Kappa were calculated for each
evaluator. Results: All human evaluators demonstrated high sensitivity for papilledema detection
(96.91%-99.0%). The ResNet Al model achieved the highest specificity (100%), PPV (100%), NPV
(98.99%), and overall accuracy (99.49%), outperforming both human evaluators (accuracy: 95.96%)
and GPT-4 (accuracy: 85.86%, specificity: 78.86%, PPV: 73.74%). Cohen’s Kappa indicated excellent
agreement for the ResNet model (0.9899) and human experts (0.9192), with substantial agreement for
GPT-4 (0.71). Conclusions: These results highlight the potential of Al-assisted detection of
papilledema in underserved settings. However, they also underscore the need for validation on
external datasets and real-world clinical environments before such tools can be broadly implemented.

Keywords: papilledema; artificial intelligence; fundus photography; deep learning; dermatology;
rural healthcare

1. Introduction

Papilledema is a condition characterized by swelling of the optic discs due to increased
intracranial pressure (ICP). Ophthalmologists consider papilledema an emergency clinical finding
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and, thus, urgently refer such patients for further evaluation and imaging in the ER to rule out a
space-occupying lesion in the brain and to prevent permanent damage to the compressed optic
nerves [1]. Papilledema is traditionally associated with neurological or systemic disorders, but can
be caused by medications used in dermatology. Withdrawal from prolonged systemic corticosteroid
treatment, vitamin A derivatives, i.e., isotretinoin, and tetracyclines, are associated with intracranial
hypertension, thereby causing optic disc edema [2-5]. This presents a diagnostic challenge,
particularly in rural areas with limited access to specialized ophthalmic evaluation.

Corticosteroids have a useful role as anti-inflammatory and immunosuppressant agents for
treating an array of dermatological conditions [6]. However, long-term therapy and abrupt
discontinuation of corticosteroids are associated with various neurologic complications, including
intracranial hypertension (IH). They may alter CSF dynamics and possibly increase ICP, ultimately
creating papilledema [3,7]. Vitamin A derivatives, such as isotretinoin, are commonly prescribed for
severe acne and other keratinization disorders. Although isotretinoin is highly effective for treating
severe acne, it is associated with IH, particularly if used in high doses and combined with
tetracyclines. It is postulated that isotretinoin may act on CSF production or reabsorption, causing a
rise in ICP [8,9]. A physician reporting system identified 181 cases of intracranial hypertension linked
to isotretinoin, with symptoms appearing on average 2.3 months after exposure. 24% of patients had
taken tetracycline around the same time. Six patients experienced recurrent symptoms when re-
challenged with isotretinoin after discontinuation [10].

Tetracyclines, including doxycycline and minocycline, are broad-spectrum anti-bacterial drugs
generally employed for treating acne and rosacea due to their anti-bacterial and inflammatory
properties. Yet, there is a risk that they may serve as a predisposing factor for IH, most common in
younger women, in the age group that is usually treated with these medications. The mechanism is
uncertain but may involve altered CSF dynamics or vascular effects [2,11-13].

Artificial intelligence (AI) transforms ophthalmic practice by improving eye disease
identification, recognition, and management. Al platforms, primarily through deep learning
algorithms, are reaching a new level of screening and diagnosis of ocular diseases like diabetic
retinopathy, age-related macular degeneration, and glaucoma, achieving sensitivities and
specificities beyond 90% [14,15]. Such systems detect subtle pathological changes in retinal images
and allow for early detection that can support large-scale screening activities, especially in
underserved areas [16,17]. In the management of glaucoma, Al employs optical coherence
tomography (OCT) data to predict disease progression and future functional losses, which enables
timely interventions [18] . Al is reshaping ophthalmology with its skills to improve diagnostics,
personalized treatment, and bridge gaps in care delivery. These advances are democratizing access
to high-quality care and reducing disparities while improving patient outcomes worldwide [19,20].

Recent advances in Al and machine learning are reshaping clinicians' approach to diagnosing
and managing complicated medical conditions such as papilledema, principally by utilizing tools
such as ChatGPT to analyze and interpret clinical data, including fundoscopic images, for
preliminary diagnoses [20,21]. By importing the appropriate high-definition fundoscopic images and
clinical backgrounds into an Al model, a clinician using Al can detect critical findings such as
swelling of the optic disc, hemorrhages, or obliteration of the optic cup, which are typical indicators
of papilledema [22]. When provided with the relevant specific patient data, such as the medical
history including utilization of medications, ChatGPT could generate a differential diagnosis while
providing further investigation directions [23].

For example, a recent study [22] revealed that a specialized deep learning system (DLS) can
reliably differentiate between optic disc drusen (ODD) and papilledema, even in cases of buried ODD
and mild-to-moderate papilledema (Sensitivity: 78.4% (95% CI, 72.2%-84.7%), Specificity: 91.3% (95%
CI, 87.0%-96.4%) [24] . Moreover, the U-Net deep learning model, the first automated system for
clinical detection and grading of papilledema, achieved outstanding performance with 99.82%
sensitivity, 98.65% specificity, and 99.89% accuracy [25]. Another large study validated a deep-
learning system for detecting papilledema from 14,341 fundus images, achieving high accuracy (AUC
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0.99), strong sensitivity (96.4%), and specificity (84.7%), highlighting its potential for automated
diagnosis [26]. Relatively, ChatGPT-40 demonstrated superior diagnostic accuracy over Gemini
Advanced, correctly identifying 52% vs. 30% of surgical retina cases and 78% vs. 43% of medical
retina cases, while Gemini Advanced failed to recognize OCTA scans without structural images,
mistaking them for artwork, highlighting ChatGPT-40’s advantage despite its limited diagnostic
range [27].

Studies show the rising benefits of artificial intelligence in aiding ophthalmological and
dermatological practice. In ophthalmology, for instance, the Al algorithms can detect papilledema
and other optic neuropathies using fundoscopic images and show promising sensitivities and
specificities in supporting early diagnosis and timely referrals [28,29]. Similarly, in dermatology, Al
has been successfully applied to identifying skin lesions and determining systemic associations [30—-
32]. The platform's ability to obtain visual and dermatological data analysis further facilitates this
multidisciplinary management. The combination of clinical expertise and Al-based diagnostic tools
enables clinicians to improve diagnostic accuracy, streamline workflows, and effectively manage
papilledema. This integration thus both improves patient outcomes and eases the load on healthcare
systems, exposing the transformative potential of Al in modern medicine.

An important potential application of artificial intelligence (AI) in medicine is its ability to
enhance diagnostic capabilities in resource-limited settings. One such scenario involves
dermatological patients receiving isotretinoin treatment who may present with headache symptoms.
In rural or underserved areas where access to ophthalmologists may be limited, Al tools capable of
analyzing fundus images and detecting papilledema can provide a critical diagnostic resource. The
availability of such Al-driven diagnostic tools could enable healthcare providers, such as
dermatologists or general practitioners, to quickly identify signs of papilledema and make informed
decisions about whether further specialized evaluation is needed. By improving early detection of
papilledema, Al technology can enhance patient safety and optimize the management of patients
treated with isotretinoin in remote settings. Our study compared two Al models, including ChatGPT,
for identifying papilledema from fundus photos and evaluated their performance against human
ophthalmologists.

2. Methods

The dataset we used was introduced by Ahn et al. [33], including full preprocessing details,
consists of 1389 fundus photographs collected at Kim’s Eye Hospital using a non-mydriatic auto
fundus camera (AFC-330, Nidek, Japan). It includes 295 images from patients with papilledema, 295
images from patients with pseudo papilledema, and 799 images from control patients. To standardize
the images, preprocessing included resizing to a fixed width of 500 pixels while maintaining the
aspect ratio. Additionally, local contrast normalization was applied using Gaussian filtering, pixel
normalization to zero mean and unit variance, and cropping to 240x240 pixels centered on the optic
nerve. To tackle the class imbalance, we defined a test (hold out) set, with 99 randomly chosen
papilledema images, and 99 randomly chosen normal images. Validation data, used to fine-tune
training, contained 88 patients, randomly chosen from the training set. For the classification task, we
adopted transfer learning utilizing a powerful CNN (Convolutional Neural Network), ResNet
(residual learning neural network) [34] model, already pretrained on the ImageNet [35] dataset for
general image classification.

Given the limited size of our dataset, we chose to use discriminative fine-tuning [36], as it is
particularly suitable for mitigating overfitting by assigning different learning rates to different
pretrained model layers. Lower layers are updated conservatively to retain generalizable features,
while higher layers are fine-tuned more aggressively to adapt to the task. This targeted adaptation
helps prevent the model from fitting to noise while effectively leveraging pretrained knowledge. In
addition, we also chose the one-cycle learning rate policy [37] to enhance training efficiency and
generalization. This approach allows the model to explore a broader parameter space early in training
by gradually increasing the learning rate, followed by a controlled decrease that stabilizes
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convergence and helps prevent overfitting. The one-cycle policy has been shown to be particularly
effective in transferring learning settings involving limited data.

These 198 test images were also evaluated using the GPT-4 model to assess its diagnostic
accuracy in identifying papilledema. Additionally, to benchmark Al performance against human
evaluators, a certified ophthalmologist and an ophthalmology resident independently analyzed the
same test images, blinded to GPT-4’s predictions.

3. Statistical Analysis

Categorical variables were summarized using descriptive statistics. Interobserver agreement
measures were represented using the Cohen's Kappa coefficient. Sensitivity, specificity, positive
predictive value, and diagnostic accuracy were calculated for each categorical variable and shown in
Table 1. In addition, a two-sample proportion test was used to compare proportions. The data were
analyzed using SPSS, version 26.0 for Windows (SPSS, Inc.). Confusion matrices were constructed for
each evaluator (GPT-4, dermatologist, and ophthalmology resident), allowing for the calculation of
key performance metrics, including accuracy, sensitivity, specificity, and precision.

IRB approval status: Reviewed and approved by the Edith Wolfson Medical Center Ethics
Committee, approval number 0115-24-WOMC.

Table 1. la-1d: Confusion Matrices Comparing Evaluator Performance Against Ground Truth Labels for

Papilledema Detection.

a. Confusion Matrix for ResNet AI Model in Detecting Papilledema Compared to Ground Truth.

Resnet model P* Resnet model N** Total
Labeled P 99 0 99
Labeled N 1 98 99
Total 100 98 198
Accuracy (%) 99.5
Cohen's Kappa 0.99
b. Confusion Matrix for Senior Ophthalmologists in Detecting Papilledema Compared to Ground Truth
Senior Ophthalmologist P* Senior Ophthalmologist N** Total
Labeled P 94 5 99
Labeled N 3 96 99
Total 97 101 198
Accuracy (%) 95.96
Cohen's Kappa 0.9192
c. Confusion Matrix for Ophthalmology Resident in Detecting Papilledema Compared to Ground Truth
Ophthalmology Resident  P* Ophthalmology Resident N** Total
Labeled P 93 6 99
Labeled N 2 97 99
Total 95 103 198
Accuracy (%) 95.96
Cohen's Kappa 0.92
d: Confusion Matrix for GPT-4 Model in Detecting Papilledema Compared to Ground Truth
GPT-40 model P* GPT-40 model N** Total
Labeled P 73 26 99
Labeled N 2 97 99
Total 75 123 198
Accuracy (%) 85.86
Cohen's Kappa 0.72

*P=Papilledema. **N=Normal. Kappa Agreement Scale [47]. ® 0.01 — 0.20: Slight agreement. ® 0.21 — 0.40: Fair
agreement. ® 0.41 — 0.60: Moderate agreement. ® 0.61 — 0.80: Substantial agreement. ® 0.81 —1.00: Almost perfect
(or strong) agreement.
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4. Results

A total of 198 fundoscopic images were analyzed. All four evaluators demonstrated a high
sensitivity for detecting papilledema, ranging from 96.91% (senior ophthalmologist) to 99.0% (ResNet
Al model). Specificity varied more notably among evaluators, with the highest specificity achieved
by the ResNet Al model at 100%, followed by the senior ophthalmologist and ophthalmology resident
with specificities of 95.05% and 94.17%, respectively. GPT-4 exhibited the lowest specificity at 78.86%.

The positive predictive values (PPV) indicated that the ResNet Al model had a perfect PPV
(100%), highlighting its reliability in confirming positive diagnoses. Human evaluators had slightly
lower PPVs, 94.95% for the senior ophthalmologist and 93.94% for the resident, while GPT-4 showed
the lowest PPV of 73.74%, indicating a higher rate of false positives. Negative predictive values (NPV)
remained consistently high across all evaluators, with values ranging from 96.97% (senior
ophthalmologist) to 98.99% (ResNet Al model), reflecting the high reliability in correctly identifying
negative cases.

Overall diagnostic accuracy was highest for the ResNet Al model (99.49%), followed by both
human evaluators at 95.96%, and lowest for GPT-4 at 85.86%. Cohen’s Kappa values, representing
the agreement beyond chance, were very high for the ResNet Al model (0.9899) and similarly high
for both human evaluators (0.9192), indicating excellent inter-rater reliability among human experts.
GPT-4 had a lower kappa value (0.71), signifying moderate agreement. Confusion matrices are
detailed in Table 1.

Table 2 summarizes the diagnostic performance metrics for each evaluator. The ResNet Al
model demonstrated the highest overall performance, with perfect specificity (100.00%), PPV
(100.00%), and an accuracy of 99.49%. It also achieved the highest inter-rater agreement (Cohen’s
Kappa = 0.99), indicating near-perfect alignment with ground truth labels. In comparison, both
human evaluators - the senior ophthalmologist and the ophthalmology resident—showed similar
performance, each with an overall accuracy of 95.96% and Kappa values of 0.9192 and 0.92,
respectively. GPT-40 exhibited substantially lower specificity (78.86%) and PPV (73.74%), resulting
in the lowest accuracy (85.86%) and Kappa (0.72), despite a high NPV (97.98%). These findings
suggest that while all evaluators performed well in identifying true negative cases, the ResNet model
was the most precise in minimizing false positives and achieving consistent agreement with reference

standards.

Table 2. Comparative Diagnostic Performance of Evaluators.

e e Cohen's

Evaluator Sensitivity (%)Specificity (%) PPV (%) NPV (%) Accuracy (%) Kappa
ResNet Al 99.00 100.00 100.00 98.99 99.49 0.99
Senior 9495 95.05 9495 9697  95.96 0.9192
Ophthalmologist
Ophthalmology g5 g 94.17 9394 9417 9596 0.92
Resident
GPT-40 73.74 78.86 73.74 9798 85.86 0.72

5. Discussion

Large language models (LLMs) like ChatGPT are increasingly utilized in medical contexts due
to their accessibility and public trust. However, their outputs must be interpreted cautiously,
especially in high-stakes diagnostic scenarios. [38]

Ahn et al. (2019) [33] developed a DLS that distinguished between normal optic discs,
papilledema, and other optic disc abnormalities with high accuracy (AUC 0.96). This laid the
foundation for the BONSAI consortium, which later trained models for grading papilledema severity.
[39] These systems have shown performance comparable to that of experienced neuro-
ophthalmologists and maintained robustness across imaging devices, including smartphones. [40]

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202507.0109.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 July 2025 d0i:10.20944/preprints202507.0109.v1

6 of 13

From a clinical perspective, these findings have particular relevance in rural and underserved areas,
where timely ophthalmologic consultation is often unavailable. Dermatological treatments such as
isotretinoin and tetracyclines are well-documented causes of intracranial hypertension, [4,10] and
new-onset headache in patients on these medications should prompt urgent evaluation for
papilledema. Fundus photography, especially non-mydriatic or smartphone-based systems, can
facilitate remote diagnosis. [40]

Incorporating Al analysis at the point of care could streamline this process. Several studies
support using digital fundus photography in emergency settings as a viable alternative to direct
ophthalmoscopy [26] and Al interpretation could reduce reliance on delayed remote assessments.
Such integration could prove lifesaving by accelerating diagnosis and referral for patients at risk of
permanent damage to their optic nerves.

In our study, ChatGPT-40 achieved substantial agreement (Cohen’s Kappa = 0.72) with expert
evaluations in the detection of papilledema from fundus photographs. However, the model’s
sensitivity and specificity (78.86% and 73.74%, respectively) indicate a need for improvement,
particularly in minimizing false positives. These findings reflect known challenges large language
models face when interpreting complex or ambiguous visual input [23,38], underscoring the need for
further refinement before clinical application. [23,38]

Our ResNet-based model significantly outperformed ChatGPT-40 and human
ophthalmologists, achieving 99.49% accuracy, perfect specificity (100%), and near-perfect agreement
with ground truth (Kappa = 0.99). These results align with recent studies showing that ChatGPT-40
underperforms compared to dedicated systems in ophthalmic diagnostics. [27]

The high performance of our ResNet model is consistent with previous studies using deep
learning systems (DLSs) trained for papilledema detection. For instance, Milea et al. (2020) [26]
achieved an AUC of 0.99 on a dataset of over 14,000 images, while Saba et al. (2021) [25] reported a
sensitivity of 99.82% and specificity of 98.65% using a U-Net architecture.

The disparity in performance between ResNet and ChatGPT-4o likely stems from their
respective architectures and training paradigms. Our ResNet model was specifically fine-tuned on
papilledema detection using a domain-specific dataset, benefiting from discriminative learning rates
and a one-cycle policy—techniques known to improve generalization on limited data. [36,37]
ChatGPT, in contrast, is a generalist model with limited visual training for ophthalmic images,
making it less suitable for nuanced fundoscopic interpretation. ChatGPT was presumably not trained
on this specific dataset; therefore, its performance can be considered independent, similar to that of
human physicians.

The COVID-19 pandemic has accelerated the adoption of Al-powered telehealth, and continued
technological innovation is likely to support its integration into clinical practice further [26]. Cost,
however, remains a practical consideration. While Al has proven to be cost-effective in screening for
diabetic retinopathy [41], its economic impact in the diagnosis of papilledema remains
underexplored. Specialized Al models currently demonstrate superior diagnostic performance
compared to ChatGPT, but their implementation may incur higher costs [42,43]. Although ChatGPT
currently falls short of these specialized tools in accuracy, its accessibility, zero cost, and ongoing
development suggest it could become a valuable tool for papilledema screening in the future.
Continued evaluation of newer ChatGPT versions is necessary to assess their evolving diagnostic
capabilities and limitations. Ethical challenges must also be addressed, including concerns around
data privacy, algorithmic bias, and clinical accountability [20,44].

Direct, on-site Al-assisted analysis of fundus photographs captured in emergency settings could
serve as a rapid and effective screening method —particularly in rural areas where ophthalmologic
expertise is limited. Given that papilledema may signal a medical emergency, early detection via Al
could be lifesaving. Hand-held fundus cameras (e.g., Optomed Aurora) have shown high sensitivity
and specificity in detecting optic disc abnormalities, making them especially useful in emergency
settings [45]. Additionally, patient-generated “selfie” fundus images offer a novel option for remote
Al-assisted screening [46].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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6. Limitations

Our study has several important limitations. First, the ResNet model was trained and validated
using a single-institution dataset, which may limit its generalizability. External validation with larger,
multi-center datasets is needed to confirm the robustness and applicability of the results. Second, our
classification task was limited to distinguishing between papilledema and normal fundus images,
excluding clinically relevant conditions such as pseudo-papilledema or borderline cases. This limits
the clinical realism of our evaluation. Third, we did not incorporate important patient-level clinical
metadata such as medication history, symptoms, or neurological findings, which typically play a
significant role in real-world diagnostic decision-making [22,23]. Additionally, the exact training
datasets and methods used for GPT-4 are unknown, creating uncertainty regarding the
ophthalmologic content it was exposed to during training and limiting our ability to interpret its
diagnostic accuracy fully. Lastly, the standardized preprocessing applied to images may not fully
reflect the real-world variability in imaging quality and modalities encountered in routine clinical
practice, which could potentially affect diagnostic performance in practical settings.

7. Conclusions

This study demonstrates the potential of artificial intelligence to assist in detecting papilledema
from fundus images, particularly in resource-limited settings. Effective implementation of Al models
requires training on diverse datasets to ensure robust and clinically meaningful performance. While
specialized Al models currently show higher accuracy, general-purpose models like GPT-4, though
promising for future development, are not yet reliable enough for clinical use. Continued
advancement and validation of these Al technologies may ultimately enhance diagnostic capabilities,
improve patient outcomes, and expand access to essential ophthalmologic care.

8. Future Directions and Broader Implications

Beyond the diagnostic accuracy results presented, this study opens several critical avenues for
further development and implementation of Al in clinical ophthalmology. One promising direction
lies in the creation of human-in-the-loop systems, where Al functions as a screening or triage tool but
final decisions remain with trained clinicians. Such hybrid workflows could be particularly effective
in rural or overstretched healthcare environments, enabling non-specialists to identify cases
warranting urgent ophthalmologic referral while maintaining clinical oversight for ambiguous or
borderline presentations [48,49].

Another area warranting exploration is Al threshold calibration. Depending on the use case—
screening versus diagnosis—the Al model’s sensitivity and specificity can be optimized by adjusting
its decision thresholds. For instance, in teledermatology platforms monitoring patients on
isotretinoin, prioritizing high sensitivity may help reduce the risk of missed papilledema cases, even
at the cost of more false positives. Incorporating ROC and decision-curve analyses can help tailor
model performance to specific clinical workflows [50].

From a global health equity perspective, Al tools such as the one evaluated here can significantly
enhance access to timely diagnosis in resource-limited settings. The use of smartphone-based fundus
photography, as illustrated in Figure 2, offers a practical and scalable solution for capturing retinal
images in underserved areas [51]. When paired with Al algorithms and embedded into electronic
medical record (EMR) systems, these tools can facilitate real-time risk stratification and referral.
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Figure 1. (a) Normal optic disc (b) Pseudo-Papilledema (c) Papilledema.
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Figure 2. Smartphone-Based Fundus Photography.

However, ethical considerations remain paramount. Al systems may underperform when
applied to populations underrepresented in training datasets, thereby increasing the risk of biased or
inaccurate results. Transparent reporting, external validation across diverse settings, and continual
performance monitoring are necessary to mitigate these risks. In parallel, issues of clinical
accountability, explainability, and data privacy must be addressed —particularly in the context of
black-box models or cloud-based diagnostic platforms [53].

Finally, while the clinical promise of Al is evident, its economic viability and integration into
reimbursement frameworks remain unresolved. Health economic modeling and real-world
implementation studies are needed to assess whether Al-assisted fundus screening cost-effectively
improves outcomes, particularly for high-risk patients on medications such as isotretinoin [54].

9. Multimodal Models and Long-Term Adaptation

While our study focused on analyzing fundus photographs alone, future diagnostic Al systems
will likely benefit from a multimodal architecture, one that incorporates not only imaging data but
also structured clinical metadata. In real-world practice, the interpretation of optic disc swelling
rarely occurs in isolation. Clinicians consider a range of contextual clues, including patient age, sex,
medication history, symptoms such as headaches or blurred vision, and comorbid conditions. These
factors can help differentiate true papilledema from other disc anomalies or non-neurogenic visual
disturbances. By integrating such inputs, future Al models may better approximate clinical reasoning
and improve diagnostic accuracy, particularly in cases with atypical imaging features [20,21].

Emerging research in medical Al already supports the potential of models that fuse visual and
non-visual inputs. For example, in diabetic retinopathy, combining retinal images with laboratory
values, such as hemoglobin Alc, improves model specificity and triage outcomes [16]. Applying a
similar approach to papilledema detection—where fundus images are evaluated alongside
medication usage (e.g., isotretinoin, corticosteroids), time since symptom onset, and patient risk
factors—could reduce both false positives and false negatives. This is particularly relevant in
dermatology and primary care settings, where clinical presentation is often multifactorial, and access
to subspecialty review may be delayed [4,40]
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In parallel, it is important to recognize that Al systems, including ours, are not static. Diagnostic
performance can fluctuate over time as imaging technologies evolve, population demographics shift,
and clinical practices change. For example, if a new type of fundus camera becomes standard in rural
clinics or if image quality varies due to different lighting conditions or patient positioning, the
original Al model may perform suboptimally unless updated [26]. Additionally, the introduction of
new medications with papilledema risk profiles could alter the clinical context in which Al operates.

To ensure sustained accuracy and relevance, Al systems must be designed with mechanisms for
ongoing calibration and retraining. This could involve periodic revalidation using newly acquired
data, incorporation of real-world feedback loops from clinician users, or implementation of federated
learning strategies that allow models to learn from decentralized datasets without compromising
patient privacy [14,38]. Such adaptability is critical not only for maintaining diagnostic precision but
also for preserving clinician trust in AI recommendations.

Moreover, health systems deploying these tools will need governance structures to oversee
updates, version control, and the ethical use of continuously learning models. Without proper
oversight, models may drift from their original performance metrics or inadvertently propagate
biases from new data sources. Ultimately, as Al in ophthalmology transitions from research to
deployment, its long-term success will depend on building systems that are not only accurate at

baseline but also resilient, context-aware, and capable of evolving alongside clinical care.
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