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examination with attention to the optic disc. Com-
mon causes of optic disc edema include demyelinating 
optic neuritis, non-arteritic ischemic optic neuropathy 
(NAION), retinal vein occlusion (RVO), diabetic papil-
lopathy, papilledema, and toxic neuropathies [1]. Papill-
edema signifies swelling of the optic disc due to increased 
intracranial pressure and can be differentiated from other 
causes of disc edema based on its clinical features. Pseu-
dopapilledema, on the other hand, refers to an abnor-
mal and elevated appearance of the optic nerve head, 
which is not caused by increased intracranial pressure or 
edema in the nerve fiber layer. In the differential diagno-
sis of optic disc edema, papilledema should be a primary 

Introduction
Optic disc edema can develop as a secondary manifesta-
tion of numerous pathological processes, some benign 
and others with serious visual and neurological conse-
quences. Making distinctions among various etiologies 
depends on a comprehensive history and a thorough 
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Abstract
 Background  This study aimed to develop an artificial intelligence-based deep learning (DL) algorithm using near-
infrared reflectance (NIR) images to differentiate between optic disc edema and pseudopapilledema, and to evaluate 
the diagnostic performance of the developed model.

Methods  NIR images were divided into 2 groups for training and testing of the model. 85% (714 images) were used 
for training the model and 15% (126 images) for testing the trained model. Sensitivity, specificity and accuracy of the 
model were calculated in detecting optic disc edema, pseudopapilledema and normal optic discs. Receiver operating 
characteristic curve and area under the curve (AUC) values were also analyzed.

Results  The developed model was tested with 24 optic disc edema, 52 pseudopapilledema, and 50 normal optic 
disc images not used in training. Sensitivities were 100%, 98%, and 96%; specificities were 99%, 97%, and 100%; and 
accuracy rates were 99%, 98%, and 98%, respectively. In addition, the AUC values of the groups were 0.995 (95% 
Confidence interval [CI]: 0.98-1); 0.983 (95% CI: 0.96-1); and 0.973 (95% CI: 0.94-1).

Conclusions  The developed DL model demonstrated high diagnostic performance in distinguishing optic disc 
edema and pseudopapilledema using NIR images and may serve as a reliable clinical decision support tool.
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consideration due to its potential for vision loss and sig-
nificant health risks [2].

In recent years, internet or cloud-based artificial intel-
ligence (AI) platforms, both paid and free, have become 
accessible to users. Clinicians can now develop AI mod-
els for tasks like image classification, lesion detection, 
and tissue segmentation. These AI models are increas-
ingly preferred for diagnosing neuro-ophthalmic pathol-
ogies. While color fundus photographs are commonly 
used for AI evaluations of optic disc pathologies, studies 
utilizing other imaging methods remain limited. High-
quality near infrared reflectance (NIR) imaging in optical 
coherence tomography (OCT) allows lesion visualization 
even on the undersurface.

In recent years, applications of AI in ophthalmology 
have expanded rapidly. These applications provide high 
diagnostic accuracy and decision support in various 
clinical domains, including anterior segment imaging, 
retinal and optic nerve analysis, glaucoma evaluation, 

and refractive prediction. Table 1 summarizes well-estab-
lished applications of AI in ophthalmology with selected 
recent studies, highlighting their diagnostic performance, 
clinical contributions, and current limitations.

In this study, NIR images were processed using deep 
learning (DL), which is the most effective learning model 
in AI. The study aimed to evaluate the effectiveness of the 
developed AI model in diagnosing optic disc edema and 
pseudopapilledema [8].

Methods
Study design
This retrospective, single-center study analysed spectral 
domain OCT (SD-OCT) (Heidelberg Engineering, Inc., 
Heidelberg, Germany) images from patients evaluated 
for suspected optic disc edema or pseudopapilledema 
at the Department of Ophthalmology, Bezmialem Vakıf 
University, between June 2019 and December 2022.

Table 1  Recent applications of AI in ophthalmology
Author Pathology (Condi-

tion Studied)
Model used Dataset Information Results

 Szanto et 
al., 2025
[3].

Optic nerve head 
(ONH) atrophy 
classification: 
glaucoma, NAION, 
optic neuritis, and 
healthy controls

Three ResNet‑3D‑18 models: 
whole volume, peripapillary 
region only, ONH only; 5‑fold 
stratified cross‑validation; un-
segmented 3D OCT volumes

Multicenter; Device: Cirrus ONH 
OCT; 7,014 scans/1,382 eyes. Classes: 
glaucoma n = 113, NAION n = 311, optic 
neuritis n = 163, healthy n = 715. Mean 
age 54.2 ± 16.9; 65% male, 35% female

Whole‑volume: Accuracy 88.9%; Macro 
AUC‑ROC 0.977 (95% CI 0.974–0.979); 
F1 (glaucoma 0.94, NAION 0.87, optic 
neuritis 0.78, healthy 0.91). Peripapillary 
region:
Accuracy 85.9%; AUC 0.970 (0.967–
0.972). ONH:
Accuracy 87.0%; AUC 0.972 
(0.970–0.975).

 Madadi 
et al., 2025 
[4].

Neuro‑ophthalmic 
diseases (varied 
chronic and acute 
cases; diagnosis 
from case reports)

LLM approach: ChatGPT 
(GPT‑3.5 and GPT‑4); each case 
entered as a prompt to obtain 
the most likely diagnosis

22 neuro‑ophthalmic case reports from 
a public database; same information 
presented to 2 neuro‑ophthalmologists 
(NO); responses compared

Accuracy: GPT‑3.5 = 13/22 (59%), 
GPT‑4 = 18/22 (82%), NOs = 19/22 (86%). 
Agreement: GPT‑4 & NO‑1 = 17/22 
(77%); GPT‑4 & NO‑2 = 16/22 (73%); 
GPT‑3.5 & GPT‑4 = 13/22 (59%); NO‑1 & 
NO‑2 = 17/22 (77%).

 Gu et al., 
2025
[5].

Neuromyelitis 
optica (NMO): 
onset and stage 
prediction

Multimodal AI integrating 
ultrawide‑field fundus (UWF) 
photographs with clinical 
examination data

UWF of 330 eyes from 285 NMO pa-
tients + 1,288 eyes from 770 non‑NMO 
participants; clinical exam reports 
included

AUC: 0.9923; Max Youden index: 0.9389; 
Sensitivity: 97.0%; Specificity: 96.9% 
(test dataset for NMO prevalence 
prediction).

 Gungor et 
al., 2025
[6].

Papilledema 
and other optic 
neuropathies (optic 
disc abnormalities)

CNN‑based DL System: optic 
disc and peripapillary region 
segmentation; 3‑class clas-
sification (papilledema/other 
abnormalities/normal)

International, multiethnic, multicenter: 
20,533 retinal photos (10,647 patients) 
from 31 centers. Trai + internal validation: 
18,981 mydriatic photos (9,830 patients; 
22 countries). External test: 1,552 
prospective photos (817 patients) with a 
handheld nonmydriatic camera (Aurora, 
Optomed, Finland). Outcomes evaluated 
at eye and patient levels.

For differentiating papilledema from 
others and healthy: Accuracy 99.5% 
(95% CI 99.1–99.8), Sensitivity 81.0% 
(95% CI 64.1–97.7), Specificity 99.7% 
(95% CI 99.5–99.9), AUC 98.3% (95% CI 
97.6–99.9).

 Szanto et 
al., 2025
[7].

Papilledema vs. 
NAION vs. healthy

DL (ResNet‑50 backbone); disc 
localization normalization; 
Grad‑CAM explainability; 5‑fold 
cross‑validation with majority 
voting for external validation

Train/validation: 15,088 fundus photos 
from 5,866 eyes; External validation: 
1,126 images from 928 eyes

Internal validation: Accuracy ≈ 96.2%, 
Macro AUC ≈ 0.995; External validation: 
Accuracy ≈ 93.6%, Macro AUC ≈ 0.980

Abbreviations: OCT (Optical coherence tomography), ONH (Optic nerve head), NAION (Non-arteritic anterior ischemic optic neuropathy), LLM (Large language 
model), NMO (Neuromyelitis optica), UWF (Ultrawide-field), CNN (Convolutional neural network), AUC (Area under the curve), CI (Confidence interval), F1 (F1-score), 
NO (Neuro-ophthalmologist)
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All patients included in the study underwent a com-
prehensive ophthalmological examination at the time 
of referral, which included best-corrected visual acuity, 
anterior segment examination, intraocular pressure mea-
surement, color vision assessment using Ishihara charts, 
evaluation for afferent pupillary defect, and a detailed 
fundoscopic examination.

The study was approved by the Bezmialem University 
Ethics Committee (Decision No: 2022/406) and con-
ducted in line with the Declaration of Helsinki.

In this study, patients from the optic disc edema, pseu-
dopapilledema, and healthy control groups were selected 
based on specific inclusion criteria. The optic disc 
edema group included patients with fundoscopic and 
SD-OCT findings confirming optic disc swelling. This 
group consisted of various etiologies, including papill-
edema, NAION, RVO, demyelinating optic neuropathy, 
and diabetic papillopathy. Papilledema was character-
ized by optic disc swelling due to increased intracranial 
pressure, confirmed by fundoscopic examination and, 
when necessary, brain magnetic resonance imaging 
(MRI) [9]. NAION was diagnosed in patients present-
ing with sudden, painless vision loss, with segmental or 
diffuse optic disc edema observed on fundoscopy, along 
with systemic vascular risk factors such as hypertension 
or diabetes [10]. RVO was identified by dilated and tor-
tuous retinal veins, retinal hemorrhages, and macular 
edema observed on OCT [11]. Demyelinating optic neu-
ropathy was defined by acute, painful vision loss, delayed 
responses on visual evoked potentials (VEP), and demy-
elinating lesions detected on brain and optic nerve MRI 

[12]. Diabetic papillopathy was characterized by minimal 
vision loss and mild-to-moderate optic disc swelling in 
diabetic patients [13].

The pseudopapilledema group included patients diag-
nosed based on specific imaging findings. This group 
comprised patients with optic disc drusen (ODD), 
confirmed through B-scan ultrasonography or auto-
fluorescence imaging, showing hyperreflective nodular 
structures on SD-OCT with minimal or no visual field 
defects [14]. Additionally, only cases with peripapillary 
hyperreflective ovoid mass-like structures (PHOMS) 
showing clinical and imaging features consistent with 
pseudopapilledema were included. Inclusion criteria for 
this subgroup required blurred optic disc margins in the 
absence of elevated intracranial pressure or significant 
visual impairment [15]. Given that PHOMS may be asso-
ciated with other conditions such as optic neuropathies 
and optic neuritis, patients with any clinical or radiologi-
cal evidence suggestive of such etiologies were excluded 
following detailed ophthalmic examination, brain and 
orbital MRI, and, when available, VEP testing. This 
approach ensured accurate classification and reduced the 
risk of diagnostic overlap.

Healthy controls were aged 18–65 years, had best-cor-
rected visual acuity of 20/20, and showed no ocular or 
systemic disease or optic disc abnormalities on OCT or 
fundoscopy.

Exclusion criteria included low-quality images, ocular 
surgery or trauma, incomplete data, and coexisting reti-
nal or optic nerve disorders. These measures aimed to 
provide a consistent and reliable dataset for training the 
DL model. These criteria are summarized in Table 2 to 
provide a concise overview of the inclusion and exclusion 
parameters used in this study.

Although OCT is not considered the definitive gold 
standard for diagnosing all optic disc pathologies, it 
serves as a highly valuable tool for visualizing structural 
changes in the optic nerve head and the peripapillary 
region. In this study, high-resolution NIR images from 
SD-OCT were used for DL analysis. Diagnoses were 
confirmed through multimodal assessment including 
ophthalmic exam, fundoscopy, MRI, and ultrasonogra-
phy when needed, ensuring reliable labelling for model 
training.

Data set preparation
The final dataset comprised 840 OCT images: 158 from 
eyes with optic disc edema (24 papilledema, 16 NAION, 
12 RVO, 3 demyelinating optic neuropathy, and 5 diabetic 
papillopathy); 346 from 132 patients with ODD or pseu-
dopapilledema secondary to PHOMS; and 336 from 168 
healthy controls. This class distribution falls within the 
20–40% range considered a mild imbalance according to 
the Imbalanced Data guideline [16]. To minimise any bias 

Table 2  Inclusion and exclusion criteria
Group Criteria
Inclusion – Optic disc edema - Fundoscopic and SD-OCT findings 

confirming optic disc swelling
- Etiologies: papilledema, NAION, 
RVO, demyelinating optic neuropathy, 
diabetic papillopathy

Inclusion 
– Pseudopapilledema

- ODD confirmed by B-scan ultrasonog-
raphy or autofluorescence
- PHOMS with blurred disc margins, 
consistent with pseudopapilledema, 
without elevated intracranial pressure 
or significant vision loss

Inclusion – Healthy controls - Age 18–65 years
- Best-corrected visual acuity 20/20
- No ocular/systemic disease or optic 
disc abnormality on OCT or fundoscopy

Exclusion criteria - Low-quality images
- History of ocular surgery or trauma
- Incomplete clinical/imaging data
- Coexisting retinal or optic nerve 
disorders
- Clinical/radiological evidence of optic 
neuropathies or optic neuritis (for 
PHOMS subgroup)
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arising from this skew, a single 85/15 train–test split was 
generated with eye-level stratified sampling so that the 
original class proportions were preserved in each split. 
Follow-up images of the same eyes, acquired when disc 
swelling persisted, were retained as independent samples 
because optic-disc morphology evolves over time; impor-
tantly, every image from a given eye was always assigned 
to the same split, preventing data leakage. These follow-
up images were obtained at clinically distinct time points, 
with a minimum interval of one month between visits, 
to enhance temporal independence. A similar eye-level 
protocol was recommended and successfully applied by 
De Fauw et al. in their longitudinal OCT study [17], sup-
porting the methodological soundness of our allocation 
strategy. The procedure, implemented via GroupShuf-
fleSplit on unique eye identifiers, yielded 714 training 
images (85%) and 126 test images (15%), preserved class 
proportions, and provided the independent performance 
estimate for the held-out test set.

NIR images were cross-sectionally obtained from the 
OCT images taken for standard retinal nerve fiber layer 
assessment. Representative examples are provided in Fig. 
1.

Development of the deep learning classification model
The project utilized Kaggle, a widely recognized and 
highly regarded platform for data science and DL proj-
ects, which has been successfully applied in both oph-
thalmology and other medical fields [18]. Python, a 
versatile and commonly used programming language in 
data analysis, AI, and scientific computing, was employed 
for this study.

A DL model was developed using the Convolutional 
Neural Networks (CNN) algorithm to classify optic disc 
images. CNNs were chosen due to their capability to 
process large and complex datasets [19]. The model was 
trained on labeled data and tested on the 15% eye-level 
test set described above to evaluate its performance. Var-
ious Python libraries, including TensorFlow and Keras, 
were utilized for building and training the CNN model.

Pixel values were rescaled to the [0, 1] range (res-
cale = 1/255), and all NIR images were resized to 
200 × 200 pixels prior to model training to optimize 
computational efficiency while preserving diagnostically 
relevant features. This resolution was selected based on 
preliminary experiments, which showed no meaningful 
improvement in classification performance at higher res-
olutions, while significantly reducing memory usage and 
training time. To reduce overfitting, data augmentation 
was applied during training. This included random rota-
tions of ± 20 degrees, horizontal flips, zooming between 
0.9× and 1.1×, and brightness shifts of ± 10%. A batch 
size of 32 was selected as it provided a good balance 
between GPU memory usage and convergence speed. 
Within each eye-level stratified 85% training subset, 10% 
of the images were further reserved for internal valida-
tion using the validation_split = 0.1 parameter in Keras. 
This internal validation set also respected eye identifiers. 
As a result, approximately 76.5% of the total data contrib-
uted to weight updates, 8.5% was used for early stopping 
and monitoring, and 15% was reserved as an independent 
test set for final evaluation. In summary, of the 840 NIR 
images included in this study, 714 (85%) were allocated 
to the training set, of which 10% were further reserved 
for internal validation, and 126 (15%) were reserved as 
an independent test set. Eye-level stratified sampling 
ensured that all three categories (optic disc edema, pseu-
dopapilledema, and healthy controls) were proportion-
ally represented in each subset, while images from the 
same eye were kept together to prevent data leakage. This 
allocation strategy was designed to balance learning effi-
ciency with rigorous evaluation, ensuring both robust 
training and fair assessment of model performance.

The model architecture comprised an input layer, a 
ResNet50 backbone with frozen layers, followed by global 
average pooling, a dense layer with 128 units and ReLU 
activation, and a softmax output layer for three-class 
classification (optic disc edema, pseudopapilledema, and 
normal). To preserve general low-level visual features, 
the first ~ 143 layers were frozen, while the remaining 34 

Fig. 1  Representative NIR images from the dataset. a Optic disc edema due to papilledema. b Pseudopapilledema secondary to ODD. c Normal optic 
disc. These images were used during training and testing of the DL model
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layers and the dense layer were fine-tuned. Preliminary 
trials with deeper, fully trainable custom CNNs contain-
ing over one million parameters yielded no meaningful 
improvement in accuracy and tended to overfit earlier. 
Therefore, the ResNet50-based transfer learning pipe-
line was retained as the most effective trade-off between 
model depth, generalizability, and computational cost 
[20]. Training was initiated with an upper limit of 500 
epochs using the Adam optimizer with an initial learn-
ing rate of 0.001. This upper limit was chosen based on 
findings from pilot experiments, where the validation 
loss continued to decrease until approximately epochs 
80–100 in some random initializations, due to the small 
dataset and low learning rate. Lowering the cap to 100 or 
200 epochs occasionally resulted in incomplete conver-
gence and increased performance variability. To ensure 
adequate convergence across all training repetitions, we 
set the upper limit to 500 epochs. However, early stop-
ping (patience = 5) effectively halted training earlier; in 
the final model, training stopped at epoch 64. Thus, the 
500-epoch limit served solely as a safeguard and did 
not prolong the actual training duration. Early stopping 
monitored the validation loss and terminated train-
ing at epoch 64, when the loss had failed to improve for 
five consecutive epochs. Model performance was evalu-
ated on a single 15% test subset generated using the 
GroupShuffleSplit method, which ensured that all images 
from a given eye were kept in the same subset and class 
proportions were preserved. For the test set, sensitivity, 
specificity, accuracy, and area under the curve (AUC) 
were calculated. Additionally, to enhance interpretability, 
we applied the SmoothGrad technique to representative 
test images. SmoothGrad generates refined saliency maps 
by averaging multiple noisy gradient calculations, pro-
ducing more stable and less noisy visualizations. These 
maps highlighted the optic nerve head and peripapillary 
regions most influential for the model’s predictions (Figs. 
2 and 3).

Statistical analysis
The performance of the DL model on the test dataset was 
evaluated by calculating sensitivity, specificity, and accu-
racy rates. To further assess the model’s effectiveness in 
image classification, Receiver Operating Characteristic 
(ROC) curve analysis was conducted, and the AUC was 
calculated. For the comparison of demographic variables 
between the study groups, the Shapiro-Wilk test was ini-
tially used to assess the normality of the data. Since the 
age data did not follow a normal distribution, the Krus-
kal-Wallis test was applied to compare age among the 
three groups, followed by post-hoc pairwise comparisons 
using Dunn’s test with Bonferroni correction to identify 
significant differences. To compare gender distribution 
across the groups, the Chi-square test was employed. All 

statistical analyses were conducted using SPSS (Version 
22.0, SPSS Inc., IBM, Chicago, IL, USA), and a p-value of 
less than 0.05 was considered statistically significant.

Results
The mean age for the optic disc edema group was 
57.08 ± 5.16 years, for the pseudopapilledema 
group 32.84 ± 20.20 years, and for the normal group 
52.80 ± 25.99 years. The age distribution was significantly 
different in the pseudopapilledema group compared to 
the other groups (p < 0.001).

The gender distribution showed 40.0% males and 60.0% 
females in the optic disc edema group, 39.4% males and 
60.6% females in the pseudopapilledema group, and 
40.5% males and 59.5% females in the normal group. 
There was no significant difference in gender distribution 
across the groups (p: 0.982). Demographic data are pre-
sented in Table 3.

The study utilized a total of 840 images, obtained 
from 192 patients and 168 healthy individuals. A set of 
126 OCT images (52 pseudopapilledema, 24 optic disc 
edema, 50 normal) was used to evaluate the perfor-
mance of the developed DL model in classifying optic 
disc edema, pseudopapilledema, and normal images. The 
distribution of the test images and the comparison of the 
results with the reference classes are summarized in the 
confusion matrix (Fig. 4).

Among the 126 test images, the model correctly clas-
sified all 24 cases of optic disc edema, achieving 100% 
sensitivity for this clinically critical category. Only one 
pseudopapilledema image was mistakenly classified as 
optic disc edema, resulting in a specificity of 99%. Impor-
tantly, no optic disc edema image was misclassified, and 
confusion between optic disc edema and pseudopapill-
edema occurred in only one direction. Additionally, two 
normal optic disc images were incorrectly classified as 
pseudopapilledema.

The developed model was comprehensively evaluated 
for its diagnostic performance across the three catego-
ries using sensitivity, specificity, accuracy, ROC curves, 
AUC, precision, and F1 score. For optic disc edema, the 
model achieved 100% sensitivity, 99% specificity, 99% 
accuracy, and an AUC of 0.995 (95% confidence interval: 
0.98–1.00). The precision for this class was 96%, and the 
F1 score was 98%. For pseudopapilledema detection, the 
model showed 98% sensitivity, 97% specificity, 98% accu-
racy, and an AUC of 0.983 (95% CI: 0.96–1.00). Precision 
and F1 score for this class were 96% and 97%, respec-
tively. For normal optic discs, the model achieved 96% 
sensitivity, 100% specificity, 98% accuracy, and an AUC 
of 0.973 (95% CI: 0.94–1.00). In this class, precision was 
100% and F1 score was 98%. These metrics are summa-
rized in Table 4 and visualized in Fig. 5.
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Fig. 2  Schematic diagram of the DL model architecture. The model comprises an input layer, a ResNet50 backbone with frozen layers, global average 
pooling, a dense layer with 128 units and ReLU activation, and a softmax output layer for classification into three categories: optic disc edema, pseudo-
papilledema, and normal
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The obtained model, based on a ResNet50 architecture 
with transfer learning, successfully classified NIR images 
into optic disc edema, pseudopapilledema, and normal 
categories, achieving excellent performance on the inter-
nal test set; however, it has not yet been validated on 
external, unseen datasets.

Figure 6 illustrates the learning curves. The training 
and validation losses declined in parallel until approxi-
mately epoch 60, after which the validation loss plateaued 
and began to rise slightly. Early stopping was therefore 

triggered at epoch 64, successfully preventing over-fit-
ting. The accuracy curves stabilised around 0.97–0.98, 
with only minimal divergence between training and vali-
dation sets.

Discussion
The advancement of AI research has significantly 
increased its role in healthcare, especially in ophthal-
mology. AI’s ease of use, cost-effectiveness, and accu-
racy have made it integral. Techniques like color fundus 
photography, OCT, and computerized visual field testing 

Table 3  Demographic characteristics of study groups
Group Mean 

Age ± SD
Me-
dian Age 
(Min–Max)

Male 
(n, %)

Fe-
male 
(n, %)

Optic Disc Edema 57.08 ± 5.16 56.50 
(46–70)

24 
(40.0%)

36 
(60.0%)

Pseudopapilledema 32.84 ± 20.20* 29.50 (7–77) 52 
(39.4%)

80 
(60.6%)

Normal 52.80 ± 25.99 55 (9–94) 68 
(40.5%)

100 
(59.5%)

*p < 0.001, significant difference in age distribution between the 
pseudopapilledema group and both the optic disc edema and normal control 
groups

Table 4  Evaluation of classification metrics for optic disc Edema, 
Pseudopapilledema, and normal images
Group Sensitiv-

ity (%)
Speci-
ficity 
(%)

Preci-
sion 
(%)

Ac-
curacy 
(%)

F1-
score 
(%)

Optic disc edema 100.0 99.0 96.0 99.2 98.0
Pseudopapilledema 98.1 97.3 96.2 97.6 97.1
Normal optic disc 96.0 100.0 100.0 98.4 98.0

Fig. 4  Confusion matrix summarizing the classification performance of 
the DL model. The matrix displays the number of correctly and incorrectly 
classified instances for optic disc edema, pseudopapilledema, and normal 
optic discs. Diagonal cells represent correct classifications, while off-diag-
onal cells indicate misclassifications

 

Fig. 3  Representative NIR images and their SmoothGrad saliency maps. a Optic disc edema, (b) Pseudopapilledema, (c) Normal optic disc, (d) Optic disc 
edema – SmoothGrad,  (e) Pseudopapilledema – SmoothGrad,  (f) Normal – SmoothGrad. SmoothGrad visualizations demonstrate the regions most 
influential for the model’s predictions. Warmer colors indicate higher contribution to the decision, showing that the model primarily focuses on the optic 
nerve head and peripapillary areas when classifying images
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have made ophthalmology a leading AI user in medicine. 
This success fuels AI studies across healthcare, with DL 
models making significant progress in addressing vision 
impairments linked to longer life expectancy. DL models, 
which have been widely adopted in ophthalmology, con-
tinue to demonstrate strong potential in real-world clini-
cal applications [21–24]. Initial studies focus on common 
causes of vision loss like diabetic retinopathy, age-related 
macular degeneration, glaucoma, and retinopathy of pre-
maturity. Numerous studies in these areas have achieved 
high sensitivity and specificity values, some approaching 
nearly %100 [25–28].

Neuro-ophthalmology has fewer AI studies compared 
to other subfields of ophthalmology [29]. The main rea-
sons for this are the lower prevalence and heterogeneous 
nature of neuro-ophthalmological conditions, leading to 
a lack of sufficient data. Unlike retinal diseases, where 
color fundus photography and macular OCT imaging are 
often sufficient for diagnosis, neuro-ophthalmological 

conditions frequently require more complex and varied 
diagnostic tools.

The necessity of AI in neuro-ophthalmology stems 
from several factors. The shortage of specialists makes 
accessing expert diagnosis challenging. Additionally, 
the diagnostic process is complex and time-consuming, 
often requiring integration of various clinical and imag-
ing data. AI has the potential to significantly enhance 
diagnostic accuracy and efficiency in this field. Failure to 
detect optic disc edema can lead to severe consequences, 
while misidentification can result in unnecessary inves-
tigations. The challenge lies in distinguishing mild disc 
swelling, often requiring multiple clinical tests. DL algo-
rithms aim to objectively interpret optic disc appearance 
by reducing the variability of individual interpretations.

Initial AI studies in neuro-ophthalmology predomi-
nantly utilized classical machine learning (ML) meth-
ods, focusing on differentiating normal optic discs from 
those with papilledema and staging papilledema. For 
instance, Echegaray et al. analyzed fundus photographs 

Fig. 6  Training and validation accuracy and loss curves plotted over 500 epochs. The dotted vertical line indicates the epoch (64) at which early stopping 
was triggered. Panel (a) shows accuracy; panel (b) shows categorical cross-entropy loss

 

Fig. 5  ROC curves illustrating the diagnostic performance of the DL model in detecting optic disc edema, pseudopapilledema, and normal optic discs. 
AUC values indicate the model's discriminative ability for each class, with values closer to 1.0 reflecting higher accuracy
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of papilledematous eyes and found a significant concor-
dance between their model’s staging success and expert 
neuro-ophthalmologists’ assessments [30]. Similarly, 
Akbar et al. developed a model that achieved high accu-
racy in detecting and staging papilledema using fundus 
images [31]. However, unlike DL methods that enable 
self-learning, these models relied on classical ML tech-
niques where specific features were manually defined and 
taught to the algorithm. Fatima et al. created a model for 
detecting papilledema from color fundus photographs, 
achieving a sensitivity of 84.1% and specificity of 90.6% 
[32]. Their approach required extensive manual prepro-
cessing, including optic disc localization, image cropping, 
and vessel segmentation, to prepare the data for model 
training. In contrast, our study demonstrates that by uti-
lizing NIR images, the developed DL model surpasses 
these performance metrics, benefiting from the higher 
contrast and structural details provided by NIR imaging. 
Our model achieved a sensitivity of 100% and specific-
ity of 99% in detecting optic disc edema, with compa-
rable success in identifying pseudopapilledema. One of 
the early AI studies aiming to differentiate pseudopapill-
edema from optic neuropathies was conducted by Ahn 
et al. in 2019 [33]. Their model achieved an impressive 
accuracy ranging from 95.89% to 98.63%, utilizing fun-
dus photographs that were manually resized to a fixed 
width while maintaining aspect ratio. This manual pre-
processing step, while effective, introduces variability and 
increases the complexity of data preparation. Similarly, 
Milea et al. developed a CNN that classified normal optic 
discs, papilledema, and other disc abnormalities using 
a large, racially diverse dataset of 15 846 fundus images 
[22]. Their dataset was markedly imbalanced (normal ≫ 
papilledema), yet the model still attained 96.4% sensitiv-
ity and 84.7% specificity for papilledema, underscoring 
that class-imbalance is a recurring methodological chal-
lenge in neuro-ophthalmic AI studies. By comparison, 
our CNN achieved equal or better performance with far 
fewer images: sensitivities of 100% for optic-disc edema, 

98% for pseudopapilledema, and 96% for normal discs; 
specificities between 97% and 100%; and an overall accu-
racy of 98–99%. These results, obtained after stratified 
splitting and minority-focused augmentation to coun-
ter our dataset’s mild imbalance, place our model at 
least on par with the current benchmarks. Unlike the 
study by Ahn et al., which required manual resizing, our 
model incorporates automated preprocessing, resizing 
all images to 200 × 200 pixels within the model pipeline, 
thereby streamlining the data preparation process and 
minimizing user-dependent variability. While the study 
by Milea et al. utilized an extensive dataset, our model 
achieved similarly high performance using significantly 
fewer images (840 images in total, with 126 images in the 
test set), showcasing the efficiency and robustness of our 
DL approach. The transferability of our trained model 
allows for its seamless application in different clinical set-
tings, enabling other researchers and clinicians to adopt 
the model without the need for extensive retraining. 
Furthermore, recent research has demonstrated that DL 
systems can outperform clinicians in identifying optic 
disc abnormalities, underscoring the potential of AI as a 
reliable and objective diagnostic tool in neuro-ophthal-
mology [34]. These findings further underscore the clini-
cal utility of our model and highlight the transformative 
role of AI in enhancing diagnostic accuracy and reducing 
interobserver variability.

Our findings are consistent with previous studies that 
have employed DL techniques to differentiate between 
optic disc abnormalities, such as the BONSAI group’s 
approach for pediatric papilledema and the work by 
Chang et al. which focused on differentiating pediatric 
pseudopapilledema from true papilledema [35, 36]. To 
contextualize our results, Table 5 provides a direct com-
parison between the present model and three previously 
published AI systems developed for neuro-ophthalmic 
classification tasks. Despite using a relatively small test 
set, our model achieved comparable or superior accuracy 
and AUC values, highlighting the diagnostic potential 

Table 5  Comparative performance of our model and three prior neuro-ophthalmic AI studies
Study (year) Imaging modality Clinical task/classes† Test 

images 
(n)

Accuracy 
(%)

AUC Sensitivity 
(%)

Specific-
ity (%)

Our model Near Infrared 
reflectance

ODE, PPE, normal 126 98.4 0.995 (ODE); 
0.983 (PPE) 
0.973 (N)

100 (ODE); 98 
(PPE); 96 (N)

99 (ODE); 
97 (PPE); 
100 (N)

 Milea et al., 2020 [21] Dilated color fundus 
photographs

Papilledema vs. 
normal + other

1505 — 0.96 96.4 84.7

 Ahn et al., 2019 [33] Fundus photographs Optic-neuropathy, PPE, 
normal

219 98.6 
(ResNet)

0.999 (ResNet) NR NR

 Lin et al., 2024 [35] Mydriatic color fundus 
photographs

Papilledema vs. nor-
mal + other (pediatric)

898 89.6 0.99 98.0 94.1

ODE Optic Disc Edema, PPE Pseudopapilledema, N Normal, NR Not Reported, AUC Area Under the Curve

†Class labels shown as reported; “normal+other” indicates the one-vs-rest evaluation used by the authors
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of near-infrared OCT imaging and task-specific model 
optimization.

While DL generally requires a large amount of data, 
neuro-ophthalmology typically has limited image datas-
ets. We overcame this problem by using TL [20]. Addi-
tionally, during the training process, we leveraged 
well-established frameworks such as TensorFlow, which 
have demonstrated superior performance in previous 
studies [37]. This strategic choice further underscores the 
robustness and reliability of our model.

This study’s limitations should be considered. All 840 
clear NIR images were acquired on a single Spectra-
lis SD-OCT device at our institution. Scanner settings, 
acquisition protocols, and local patient demographics 
may therefore have introduced centre-specific biases, 
limiting external generalisability. Ground-truth labels 
were assigned by a single fellowship-trained neuro-oph-
thalmologist but were anchored to multimodal clinical 
assessments (fundoscopy, OCT B-scans, visual fields, 
and, when indicated, neuro-imaging). Although this 
approach ensured internal consistency, it may still suf-
fer from observer bias; future studies should rely on 
consensus grading by a panel of experts or at least dual-
masked adjudication to enhance labelling reliability and 
reduce inter-observer variability. Although the class 
distribution met the “mild imbalance” criterion and we 
applied stratified splitting with minority-focused aug-
mentation, residual imbalance-related bias cannot be 
excluded. To enlarge the dataset we included longitudi-
nal images from the same eyes; while images from a given 
eye and time point were never split across training and 
test sets, this strategy may still reduce sample indepen-
dence. Finally, diagnostic performance was estimated on 
a single 15% internal test split (n = 126), which is relatively 
small; the reported 100% sensitivity and 99% specificity 
for optic disc edema must therefore be interpreted with 
caution. To address these limitations we are negotiat-
ing data-sharing agreements with at least three tertiary 
centres that use different OCT platforms (CIRRUS HD-
OCT 5000, Topcon DRI Triton, Spectralis OCT2). The 
resulting prospective cohort (~ 2,000 images) will allow 
device-heterogeneous, multi-centre external validation 
and robust multi-split cross-validation. We also aim to 
deposit an anonymised subset in an open-access reposi-
tory to facilitate independent benchmarking. Until such 
evidence becomes available, the present algorithm should 
be regarded as proof-of-concept and used only as a deci-
sion-support aid rather than an autonomous diagnostic 
system. Additionally, the optic disc edema category in 
our dataset included multiple underlying etiologies (e.g., 
papilledema, NAION, RVO), which may exhibit distinct 
morphological patterns. Due to the limited sample size 
for each etiology, class-wise performance analysis within 
the optic disc edema group was not feasible. Future 

studies with larger and more balanced etiology-specific 
datasets are needed to evaluate intra-group variability 
and enhance clinical specificity.

In this study, a DL model based on NIR images was 
developed, demonstrating its effectiveness in distin-
guishing optic disc edema from pseudopapilledema. 
However, future research should incorporate several key 
advancements to further enhance the model’s accuracy 
and generalizability. Firstly, integrating different imag-
ing modalities (e.g., fundus autofluorescence, superim-
posed OCT, or ultra-widefield fundus imaging) could 
improve the model’s versatility. The incorporation of vari-
ous imaging techniques and biomarkers relevant to optic 
nerve pathologies into AI systems could further enhance 
diagnostic accuracy. Additionally, the use of multimodal 
AI systems could strengthen the decision-making process 
by combining patient-specific clinical data with imaging 
findings. Integrating supplementary information such as 
biomarkers, genetic data, or patient history into the AI 
model could facilitate a more personalized and reliable 
diagnostic approach. Finally, prospective, multi-center 
studies are essential to validate the model’s effectiveness 
across diverse populations and clinical settings. Such 
studies are necessary to assess the model’s robustness and 
facilitate its transition into clinical practice. In addition to 
its diagnostic accuracy, the proposed model has potential 
clinical utility as a decision-support tool. By integrating 
the model into OCT viewing software, clinicians could 
receive real-time alerts for suspected optic disc edema, 
prompting further evaluation. Given its relatively com-
pact architecture and fast inference speed, the proposed 
model could be feasibly embedded into existing OCT 
systems for real-time clinical decision support. Most 
commercial OCT platforms already support program-
mable application interfaces that allow integration of 
custom algorithms. By incorporating the model into the 
OCT viewing software, the system could automatically 
generate a classification output immediately after image 
acquisition. This real-time feedback could assist clini-
cians in triaging patients, initiating further tests when 
needed, and reducing diagnostic delays. Moreover, the 
system could highlight regions of interest or confidence 
scores, further aiding interpretation in non-specialist 
settings. Future collaborations with OCT manufactur-
ers would be essential to validate and deploy such inte-
grated solutions in clinical environments. With further 
validation, the model could assist non-specialists in triag-
ing referrals or flagging urgent cases, thereby improving 
workflow efficiency and patient care.

In summary, while AI shows promising results in oph-
thalmology, its current use is limited by dataset depen-
dence, device variability, and the lack of large-scale 
external validation. Future studies should therefore prior-
itize multi-center collaborations, multimodal integration, 



Page 11 of 12Ozbas et al. BMC Ophthalmology          (2025) 25:591 

and prospective validation to enable the safe and effective 
translation of AI into routine neuro-ophthalmic practice.

Conclusion
In conclusion, our study demonstrates that the developed 
DL model can identify optic disc pathologies with high 
accuracy, even with a small sample size. This study may 
contribute to improving diagnostic efficiency, optimizing 
clinical decision-making, and ultimately reducing health-
care costs. Integrating the DL model into clinical work-
flows can prevent medical errors and serve as a clinical 
decision support system, enhancing patient safety and 
reducing clinician workload and burnout. More broadly, 
AI has shown significant potential across many areas of 
ophthalmology, and particularly in neuro-ophthalmol-
ogy, where diagnostic processes are complex and spe-
cialist access is limited. AI-based systems can enhance 
diagnostic accuracy, reduce interobserver variability, and 
facilitate earlier interventions, making them a valuable 
decision-support tool.
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