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Development of deep learning model to
screen for primary open-angle glaucoma
in African ancestry individuals
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Primary open-angle glaucoma (POAG) screening using artificial intelligence (Al) has emerged as a
transformative method to identify undiagnosed disease. African ancestry individuals are under-
represented in current datasets for Al models, despite being disproportionally affected by this blinding
disease. We developed a deep learning model that screens for POAG using fundus photography from
Primary Open-Angle African American Glaucoma Genetics (POAAGG) subjects (n = 64,129 images,
including 42,914 images from 1782 cases and 21,215 images from 682 controls). Our final diagnosis
pipeline is as follows: (1) select the six most informative images from single timepoint using a Binary
Classifier, (2) predict POAG probability from each image using Vision-Transformer, (3) make final
POAG predictions by averaging predicted probabilities across selected images (AUC = 0.925). The
model was evaluated on the REFUGE-1 dataset of Chinese ancestry individuals (AUC = 0.920). Our
model has applications to POAG screening in public settings such as primary care offices, as well as

low-resource settings.

Artificial intelligence (AI) is increasingly being utilized as a screening tool
for ophthalmic diseases'. Some eye diseases, such as diabetic retinopathy,
now have several Al-enabled screening programs approved by the Food and
Drug Administration (FDA) for usage in primary care clinics’. Al can even
predict cardiovascular risk factors on images of the optic nerve, such as age,
gender, smoking status, and major adverse cardiac events’. Despite this
exciting progress, the development of Al for glaucoma has advanced at a
slower pace and has not yet been fully integrated into screening or clinical
workflows.

There is a growing need for Al that accurately screens for primary
open-angle glaucoma (POAG)—the most common form of the disease—
across diverse populations, expanding access to care without burdening the
healthcare system”. Early detection and treatment of POAG are imperative
as vision loss from the disease is irreversible’. Almost half of patients are
unaware they have POAG because the disease is asymptomatic in early
stages and typically begins with peripheral vision loss*”. POAG screenings
thus offer a powerful mechanism to detect early signs of disease in
undiagnosed individuals, allowing referral and intervention while there is
still vision left to preserve'. Currently, the scope and reach of these
screenings are limited by the reliance on in-person examinations by eye care
professionals. These screenings can be lengthy, labor-intensive, and

challenging to practically implement, limiting the number of screened
individuals. In developing countries, this challenge is amplified, as there is a
high burden of POAG and a very limited number of trained eye
professionals®.

Al that accurately flags POAG on images holds enormous promise to
increase access to screenings in an aging population’. Such a system could be
used to detect and refer possible POAG in real time in settings without an
ophthalmologist, such as primary care offices or low-resource settings.
Importantly, this system can serve frontline eye care in remote rural areas or
countries with a scarcity of ophthalmologists. To this end, several groups
have developed deep learning models to screen for POAG, with most
approaches utilizing fundus images. Fundus photography, which provides
visualization of anatomic changes to the optic nerve head, is ideal for
screening as it is low-cost, non-invasive, quick, and portable”'. Ting et al.
developed a deep learning model for diabetic retinopathy in a multiethnic
population with diabetes (N =494,661 images) that successfully detected
“referable” glaucoma; however, the 13% false-positive rate could lead to
unnecessary referrals'. Similarly, Li et al. developed a deep learning algo-
rithm in a Chinese population (N =48,116 images), showing success in
detecting glaucomatous optic neuropathy'’. The Pegasus system (Visulytix
Ltd, London, UK), a cloud-based Al system that evaluates fundus photos

"Department of Computer & Information Science, University of Pennsylvania, Philadelphia, PA, USA. >Center for Genetics of Complex Disease, Perelman School of
Medicine at the University of Pennsylvania, Philadelphia, PA, USA. ®Center for Preventive Ophthalmology and Biostatistics, Perelman School of Medicine at the
University of Pennsylvania, Philadelphia, PA, USA. “These authors contributed equally: Shuo Li, Rebecca Salowe.

e-mail: joan.obrien@pennmedicine.upenn.edu

npj Digital Medicine| (2026)9:214


http://crossmark.crossref.org/dialog/?doi=10.1038/s41746-025-02318-2&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41746-025-02318-2&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41746-025-02318-2&domain=pdf
mailto:joan.obrien@pennmedicine.upenn.edu
www.nature.com/npjdigitalmed

https://doi.org/10.1038/s41746-025-02318-2

Article

using a collection of convolutional neural networks (CNNs), had an overall
accuracy of 83.4% in diagnosing glaucoma when compared to eye care
professionals”.

Though promising, a major challenge faced by these deep learning
models (and many AI models for other diseases) is the low representation of
Black individuals in training and validation datasets. For a disease such as
POAG, this likely stems from the historic under-representation of Black
individuals in research studies—and resultant lack of large datasets of
images from this ancestry group. African ancestry individuals are more
frequently and severely affected by POAG and thus must be represented in
datasets used to train deep learning algorithms'“'®. A lack of diversity in
training datasets can result in worse performance of the AI model in other
populations, limiting generalizability and exacerbating existing healthcare
disparities'”.

In this study, we developed a deep learning model that achieves high
accuracy in predicting POAG from fundus photography in a large African
ancestry population. We used images from the Primary Open-Angle Afri-
can American Glaucoma Genetics (POAAGQG) study, a large glaucoma
genetics study conducted at University of Pennsylvania (UPenn)'*"”. We
compared results from different machine learning models, as well as
heuristics to select informative images, to develop a final pipeline that
achieves high performance.

Results

A total of 64,129 fundus images from 2464 POAAGG subjects were
included in the study, including 42,914 images from 1782 glaucoma cases
and 21,215 images from 682 controls. The mean age ( + standard deviation)
at enrollment of cases and controls was 69.34 and 62.52, respectively, with
similar splits across training, validation, and testing datasets (Supplemen-
tary Table 1). Cases were 58.6% female, while controls were 68.6% female.
The final diagnosis pipeline is shown in Fig. 1.

ResNet and ViT obtain similar performance

First, we made predictions of POAG on individual images in the POAAGG
and REFUGE-1 datasets using two state-of-the-art machine learning
models: ResNet and Vision-Transformer (ViT). In Table 1, we show the
Area Under the Receiver Operating Characteristic (AUC) with 95% con-
fidence interval. We found that ResNet and ViT demonstrated comparable
performance. However, ViT offered enhanced interpretability of its pre-
dictions through its attention map, which provides a visualization of the
parts of the input that the model focuses on when making a prediction. The
trained model using ViT pays more attention to the cup/disc region in the
original fundus image—the area affected by POAG pathogenesis—and thus
can achieve superior performance when integrated with our proposed
pipeline (Supplementary Figure 1). Consequently, we selected ViT for our
POAG screening pipeline. However, we acknowledge that interpretable
machine learning techniques such as Grad-CAM™ can be employed to
enhance the interpretability of CNNs. While our current focus in this paper
is analyzing attention maps produced by ViTs, a systematic comparison

with interpretability methods applied to CNNs remains an important
direction for future work.

Informative image selection improves performance

Next, we assessed if selecting informative images improved model perfor-
mance. At each subject appointment, a series of images was taken to account
for blinking and other confounding factors. We selected informative images
from this series using two different methods: a segmentation-based model
(Seg) and a Binary Classifier (Binary). After selecting informative images, we
made predictions on individual images (i.e., not yet aggregated) and cal-
culated AUC:s (Fig. 2).

Compared to including all images (All) (AUC=0.82), selecting
informative images using Seg or Binary significantly improved perfor-
mance. Specifically, Binary outperformed Seg (AUC = 0.90 versus AUC =
0.83, respectively) and achieved performance on par with images selected
by non-physician graders from the Scheie Image Reading Center (Expert)
(AUC=0.90). This demonstrated the capability of the trained Binary
Classifier in identifying images suitable for detecting glaucoma. We also
showed that selection of six informative images was optimal for our pipeline.

Averaging probabilities from selected images further improves
performance

Subsequently, we aggregated predictions on Binary Classifier-selected
images from the same timepoint using two different methods: average
predicted confidence and maximum predicted confidence (Fig. 3). Com-
pared to the results in Fig. 2, aggregating the predictions significantly
improved the AUCs of both baselines (All and Expert) and our chosen
selection method (Binary). Furthermore, we found that aggregating pre-
dictions by averaging the predicted confidences yielded the best perfor-
mance (AUC=0.925), compared to using the maximum predicted
probability (AUC = 0.914).

Dataset size improves transferability
In Table 2, we present the AUCs (with 95% confidence interval) of models
trained and tested on different datasets. For each random seed, we parti-
tioned the dataset into training, validation, and test sets, with ratios of 0.8,
0.1, and 0.1, respectively. Firstly, comparing the performance between
models trained on POAAGG (first row) and REFUGE (third row) reveals
that the model trained on POAAGG exhibited better cross-ancestry
transferability than the model trained on REFUGE. This discrepancy could
be attributed to at least two factors: differences in ancestry and dataset size.
Additional evaluation metrics are shown in Supplementary Table 2.
‘While the first factor is challenging to quantify, we investigated the
impact of dataset size on transferability. Specifically, by comparing the
second row to the third row, we observed that when the size of POAAGG is
reduced to match that of REFUGE, the transferability of the model trained
on the smaller dataset was similarly poor compared to the model trained on
REFUGE. Consequently, we concluded that dataset size is a critical factor in
determining the transferability of models across different ancestries.

Fig. 1 | Final diagnosis pipeline. Input: Series of
fundus images taken during a single visit for subjects
enrolled in the Primary Open-Angle African
American Glaucoma Genetics (POAAGG) study
(N = 64,129 images, including 42,914 case and
21,215 control images). Step I: Select the six most
informative images from single timepoint using a
Binary Classifier (in the visualization, only two
images are selected). Step 2: Predict probability of
POAG from each individual fundus image, using
Vision-Transformer (ViT). Step 3: Make final
POAG predictions, using the average of predicted
probabilities across selected images.

input: series of
fundus images
from single visit

yes (0.95)
no (0.65)

—_—

yes (0.8)

step 1: select
informative images
— using Binary Classifier

step 2: predict POAG
from each image
—using ViT

step 3: combine
POAG predictions

— using average
predicted probabilities
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Table 1 | AUCs (standard deviation [SD]) from ResNet101 and
ViT when tested in the POAAGG and REFUGE datasets

POAAGG REFUGE
ResNet 0.831 +/- 0.009 0.920 +/- 0.004
ViT 0.830 /- 0.009 0.917 +/- 0.006
0.94 —_
0.92
0.90
0.88
50.86 1
T T
0.84
0.82 J_
0.80
0.78

All Seg Binary Expert

Fig. 2 | Evaluation of model performance when using informative images. We
compared the median AUCs when using all images/timepoint versus individual
informative images, which were selected via the segmentation-based model (Seg),
binary classifier (Binary), and expert-selected images (Expert).

Discussion

In this paper, we developed a deep learning model that accurately detects the
presence of POAG on fundus images from a large African ancestry popu-
lation. We tested multiple pipelines in order to achieve the highest possible
performance. In our final pipeline, we selected the six most informative
images for per subject from a single timepoint using a Binary Classifier; used
ViT to predict POAG from each image; and averaged the predicted prob-
abilities across selected images to make final POAG predictions. We also
tested our model on a Chinese ancestry population and demonstrated that
dataset size can critically affect generalizability across different ancestry
groups.

There is an unmet need for Al that can accurately detect the presence of
POAG on images’. Not only is the prevalence of POAG continuing to grow
in an aging population, but more than half of POAG patients are unaware
that they have the disease or are sub-optimally managed, especially in
developing countires™'. An autonomous screening system could be applied
in low-resource areas, community outreach events, or primary care offices,
allowing the detection and referral of patients with early signs of POAG,
before irreversible vision loss has occurred. This will be especially impactful
for individuals who live in remote rural areas or underserved areas, with the
added benefit of reducing the cost of healthcare by decreasing the numbers
of late-stage glaucoma patients’. If referrals to ophthalmologists are not
possible in such locations, the relevant collected diagnostic data from flagged
patients can be sent via encrypted internet connection to an eye care spe-
cialist located remotely, or a specialist can provide real-time consultations
via an online platform™. To achieve such screening purposes, fundus
photography is an ideal imaging modality, as it is portable, inexpensive, and

quick, allowing easy application in such settings in the future'’. For this
reason, we used fundus images for our Al pipeline in this study.

Though AI for POAG has seen advances in recent years, progress still
lags behind other ocular diseases, especially diabetic retinopathy. As of July
2024, there were three algorithms cleared by the FDA for clinical use in
diabetic retinopathy screening (IDx-DR, EyeARt, AEYE-DS)”. The latter
algorithm, from AEYE Health, allows diagnosis of referable diabetic reti-
nopathy using a handheld camera to take retinal images. Several groups
have shown exciting progress in developing AI models for POAG screening
and diagnosis in recent years, but no Al software is available for real clinical
application'"****’. This may be partially due to challenges specific to this
disease, such as the lack of consistent and objective diagnostic criteria and
limited availability of images in public databases in terms of both quantity
and diversity™.

One of our main contributions is the design and evaluation of a novel
pipeline for glaucoma screening that includes high-quality image selection.
To fully automate glaucoma screening pipelines, the selection of high-
quality images must also be automated. We investigated the optimal
number of informative images and compared methods of selection and
aggregation to determine which process led to the best performance. Ulti-
mately, we found that selecting six informative images using the Binary
Classifier, and aggregating the predictions by averaging the predicted con-
fidences, produced the highest AUC. We showed that this selection of
informative images outperformed the inclusion of all available images
(despite the higher N), and performed on par with inclusion of “expert”
images, which were manually chosen by Reading Center graders, a very
expensive and time-consuming process. This improvement can be attrib-
uted to the selection of high-quality images (i.e, no patient blinking, no
confounding factors, etc.), which enabled the trained models to make more
accurate predictions. Additionally, the better performance of average versus
maximum for aggregation of probabilities is likely due to the reduction of
noise in the predicted confidences, which are often poorly calibrated.

Another major strength of this study is the inclusion of images from a
large cohort of African ancestry individuals. Most POAG studies have been
conducted on European and Asian ancestry individuals, with low repre-
sentation of African ancestry individuals, leading to a lack of large image
datasets for use in AI models. African ancestry individuals are dis-
proportionately affected by POAG and up to 15 times more likely to
experience vision loss from the disease compared to European
Americans'"’, so this population is essential to include in training datasets
for AI models. A lack of diversity in training datasets—seen in many Al
models for diseases beyond POAG—has been proven to lead to worse
performance of these models in new data from another ancestry group™.
Studies show that AT models reflect biases from the training dataset, with
variables such as optic disc size or fundus pigmentation affecting accuracy™.
In this study, we assessed how our trained model transferred to a Chinese
ancestry population (REFUGE dataset). Our model exhibited cross-
ancestry transferability on the REFUGE dataset, though performance may
have been hindered by the small number of positive examples in REFUGE.
Additionally, the reverse process (training on REFUGE, evaluating in
POAAGG) did not show the same strong performance. Further testing with
a “small” POAAGG dataset (reduced to be the same size as REFUGE)
exhibited similar poor transferability, leading us to conclude that dataset size
is a critical factor in determining the transferability of models across dif-
ferent ancestries. This further reinforces the need for large datasets of diverse
populations, in order to facilitate better transferability and to ensure that
advances Al benefit all patients, especially the most affected population.

There are several limitations to our study. First, our training dataset
included images from solely African ancestry individuals and thus may
reflect biases from the training dataset, potentially leading to worse per-
formance in new data from other ancestry groups. Though the inclusion of
an African ancestry population is also a strength, and we showed that our
model translated well to a Chinese ancestry population, further testing is
required to ensure that our model transfers successfully to other ancestry
groups, such as the Los Angeles Latino Eye Study. Variables such as fundus
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Fig. 3 | Evaluation of model performance when
using different methods of aggregating binary- —
selected informative images. To aggregate these
images, we used the average predicted confidence 0.961
(Average) and maximum predicted confidence -1 -T—
(Max) among selected images. We compared the
median AUCs to all images/timepoint (All) and
expert-selected images (Expert) calculated based on
the average probability.
0.94/
=
< 0.921
0.90 —
0.88
All Max Average Expert
Table 2 | Model performance across ancestry research on how co-morbid pathologies can impact our model’s perfor-
5 ; mance. Additionally, the performance of the model must be tested in real-
USRI LR i R world settings to ensure its generalizability and determine the optimal
Trained dataset POAAGG REFUGE-1 number of selected informative images in non-clinic settings. Fourth, we do

POAAGG 0.831 +/- 0.009 0.920 +/- 0.004
POAAGG Small 0.604 +/-0.018 0.579 +/- 0.048
REFUGE 0.611 +/-0.018 0.825 +/- 0.033

The rows correspond to models trained on POAAGG, POAAGGgmai, and REFUGE, while the
columns correspond to the AUCs on the test sets of POAAGG and REFUGE.

pigmentation or optic disc size can vary among ancestry groups, further
highlighting the need to validate in datasets with a wide range of age,
ethnicity, and genetic backgrounds. Second, studies show that deep learning
models often underperform when applied to images captured on different
cameras, posing an obstacle to widespread adoption'. We did not consider
distribution shift induced by using different cameras since the same device
was used throughout this study. However, we next plan to assess our model’s
performance when using images from a non-mydriatic camera (which does
not require retinal dilation and is more acceptable to participants for this
reason). We are currently planning a prospective study in Penn Medicine
Biobank (PMBB) subjects that involves onsite screenings, including non-
mydriatic imaging, to validate this model. To account for test data arising
from different cameras than the training data, we can apply standard data
augmentation techniques for improving accuracy, which shifts the training
dataset images in various ways (i.e., color/lighting, lens distortion, resolu-
tion) to mimic changes due to different cameras™**. By training on these
perturbed images, the neural network learns to predict accurately for a broad
range of camera configurations. Third, our images came from an ophthal-
mology clinic-based study, which had specific inclusion/exclusion criteria
that may not fully reflect the real-world population. We must conduct more

not fully meet the sensitivity (>0.85) and specificity (>0.95) criteria proposed
by Prevent Blindness America (1995)* at this time. However, we emphasize
that our model is currently best suited for a pre-screening setting (i.e.,
referring patients with signs of glaucoma to an ophthalmologist) and that
future integration of OCT data could further enhance its performance.
Finally, although obtaining good empirical results, the performance of these
deep learning models cannot be guaranteed, which calls for more advanced
techniques to ensure the trustworthiness of these models.

In conclusion, we developed a novel deep learning pipeline that selects
high-quality images for detection of POAG in an African ancestry popu-
lation. As our next steps, we aim to test our model in other ancestry groups
to ensure its generalizability, to adapt and apply our model to non-mydriatic
images, and to explore how demographic variables influence screening
outcomes. We also plan to explore if our model can be used to identify
patients at high risk of rapid POAG progression. As a long-term goal, we
envision conducting a clinical trial to test this model’s performance com-
pared to diagnosis from glaucoma specialists, and ultimately seeking FDA
approval for use in POAG screening. Through implementation in primary
care offices, public areas like shopping malls, large community screenings,
or rural or international locations without access to eye care professionals,
this system has the potential to prevent cases of irreversible blindness before
they occur.

Methods

Study dataset

All fundus images utilized in this study were from obtained from subjects
enrolled in the POAAGG study between 2010 to the present. POAAGG
subjects self-identified as African ancestry (Black, Afro-Caribbean, or
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African American) and were aged 35 years and older. Subjects were enrolled
during regularly scheduled appointments at the Ophthalmology Depart-
ment at University of Pennsylvania and other sites, and underwent an onsite
interview and examination™. At the time of enrollment, each subject was
classified as a POAG case, suspect, or control by a glaucoma specialist or
ophthalmologist based on previously published criteria'®. In brief, cases were
defined as having an open iridocorneal angle and characteristic optic nerve
defects with corresponding visual field loss, while controls were patients
seen in regularly scheduled ophthalmology appointments without a glau-
coma diagnosis or confounding ocular conditions. Suspects were excluded
from this study. All subjects provided written informed consent for their
participation in the study. The POAAGG study was approved by the
University of Pennsylvania Institutional Review Board under protocol
#812036 and followed the tenets of the Declaration of Helsinki.

Input into Al model

Dilated fundus images were taken using the Topcon TRC 50EX retinal
camera (Topcon Corp. of America, Paramus, NJ) at enrollment and at
subsequent appointments. Multiple images were taken at a single timepoint
from each subject eye to account for blinking and other confounding factors.
Original dimensions of the images were 2392 pixels wide by 2048 pixels high
and images were optic nerve head centered.

All images were uploaded to the Scheie Image Reading Center at
UPenn using a secure server. Images were taken between 01/13/2004 and
06/25/2019; uploaded to the Reading Center between 01/22/2016 and 04/
20/2021; and assessed by non-physician graders at the Reading Center
between 06/06/2016 and 05/10/2021". Images from case (Glaucoma) and
control (Non-glaucoma) eyes were included in this study, as well as both left
and right eyes. Three non-physician graders were trained by two glaucoma
specialists to grade these images for a variety of quantitative and qualitative
features, as described elsewhere”. Before grading, the graders selected the
“best” images from the series of images taken at a single time point for each
subject eye. The stereo viewer (Screen-Vu stereoscope, Portland, OR) was
used to select the pair of images that showed optimal focus, clarity, gain, and
contrast; were centered over the disc and surrounding peripapillary atrophy;
allowed complete disc visibility; and had greatest magnification. Moving
forward, we will call the selected pair of optimal images “expert”.

The major steps in the development and evaluation of our deep
learning model are detailed in Fig. 4.

Step 1: selection of informative images

Fundus images were organized by subject visits, with all images taken at a

single timepoint saved in the same folder. Inspired by the process of human

graders selecting optimal images for grading (described above), we proposed
to develop a model that screens patients using the most informative images
from the series taken at a single timepoint. We then investigated if usage of
informative images improves model performance, compared to using all
images or expert images.

We tested two methods to select the six most informative images for
screening. The methods included:

1. Segmentation Binary Classifier (“Binary”): We trained a binary clas-
sifier on the POAAGG dataset to select the top six images with highest
confidence. For the binary classification task, we utilized images from
the training set and applied the same preprocessing pipeline used for
training the glaucoma classifiers. Each image was labeled based on
whether it was selected by the Reading Center annotators: images that
were selected were labeled as positive, while the others were labeled as
negative. We trained a binary classifier using a ViT-Base model and
achieved an AUROC of 0.905.

. -Based Model (“Seg”): We finetuned an image segmentation model,
Segformer, to segment the cup and disc from each image. This method
measures size as a proxy for informativeness. Segformer was trained on
the REFUGE-1 dataset, which has cup/disc segmentation annotations,
obtaining a test set accuracy of 85% (calculated by computing the area
of the intersection between predicted and annotated area over the total
annotated area). Because the POAAGG dataset did not have
segmentation annotations, we instead qualitatively evaluated its
performance. We found that the model mostly demonstrated reliable
segmentation of the optic cup, but under-performed in images that
were blurred. For the task of distinguishing the cup/disc region from
the background—which is critical for image selection—our segmenta-
tion model achieves a mean Intersection-over-Union (IoU) of 76.2%.
We then selected the six images with the largest cup-to-disc ratio
(CDR) for screening.

[Series of fundus images from|

Informative Images

single timepoint
N=22 (example)
I
Selection of
Informative Images

|

Manual Selection

Step 1: Selection of

Step 2: Evaluate | All: full series of Binary: Binary Seg: Segmentation- Expert: manually

performance on fundus images Classifier* |Based Model chosen by graders

individual images |N=22 =6 N=6 N=2 |
: *Top Performing Model

Step 3: Aggregate ave?age maximum average ave?age

predictions : :

Step 4: Evaluate All Max S

performance on
aggregated images

Fig. 4 | Overview of the major steps in developing and evaluating the deep
learning model. At each subject appointment, a series of fundus images was taken to
account for blinking and other confounding factors. In this figure, we used N = 22 as
an example of the number of images collected and outlined the top-performing
models in red. Step I: We selected 6 informative images from this series of 22 images
using two different methods: a segmentation-based model (Seg) and a Binary
Classifier (Binary). Expert images were optimal images manually chosen by non-

*Top Performing Model

physician graders at the Scheie Image Reading Center. Step 2: We made predictions
on individual images (i.e., not yet aggregated) and calculated AUCs, comparing
Binary, Seg, Expert, and all images. Step 3: Predictions for the Binary model were
aggregated by using the average and the maximum predicted probabilities. The
average was used for all images and expert images. Step 4: We evaluated final model
performance on aggregated images.
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Step 2: prediction of POAG from each image

To use pre-trained models, we normalized the input pixel values and resized
the input. We followed standard data augmentation techniques for training,
specifically using the following optimizations: random cropping with a size
of 224*224 (in pixels), random horizontal flips, and color jittering.

Next, for training, we made predictions of POAG on each image using
two state-of-the-art machine learning models: ResNet and Vision-
Transformer (ViT). ResNet models are based on convolutional layers and
include ResNet-18, ResNet-34, ResNet-50, ResNet-101, and ResNet-152.
The numbers indicate the counts of convolution layers in model archi-
tectures. ViT's are based on transformer layers. We included ViT-Base and
ViT-Large, which contain 12 and 24 transformer layers, respectively. We
trained ResNet from scratch and used the pre-trained weights on ImageNet
for ViT.

The model was trained on a single Nvidia A6000 GPU, using PyTorch
as the deep learning framework. In our training, we used stochastic gradient
descent as the optimizer, with a step size of 1e-4 and momentum of 0.9. For
our main results, we trained the models for 15 epochs. We also included
results with more epochs (400) on ResNet-101. To account for the class
imbalance on the POAAGG dataset, whose positive labels (Glaucoma) are
approximately twice of the number of negative labels (Non-Glaucoma), we
used weighted cross-entropy, with penalty on positive labels as 1.0 and on
negative labels 2.0. Aslong as a sufficient number of images from the positive
class are available, these techniques help to restore balance to an imbalanced
dataset, allowing us to achieve similar accuracy in real-world populations
where the imbalance ratio can be closer to 1:20.

We then compared the AUC using ResNet versus ViT. Based on these
results, we used ViT in our final POAG screening pipeline.

Step 3: combination of POAG predictions

Next, we aimed to ensemble POAG predictions from selected informative
images from the same timepoint. We used two approaches to combine
predictions from informative images: average predicted confidence and
maximum predicted confidence across selected informative images. We
then classified the patient for that visit as Glaucoma if the averaged or
maximum confidence was above 0.5, and Non-Glaucoma otherwise.

Evaluation of model performance

To account for the class imbalance, namely {Glaucoma vs. Non-Glaucoma},
we measured the model performance using AUC. To account for ran-
domness in the training process, we conducted multiple trainings using
different random seeds (resulting in different train/test splits, as well as
different optimization runs) and reported the means and SDs of AUCs.

First, we assessed if informative image selection improved model
prediction. After selecting informative images from the binary classifier,
segmentation-based model, and experts (Binary, Seg, Expert), we made
predictions on individual images (i.e., not yet aggregated) and calculated
AUCs by comparing individual predicted confidences to their true labels.
After finding that the binary classifier led to the highest performance (see
Results), we used this method of informative image selection in our pipeline
moving forward.

We next aggregated predictions from Binary-selected images using the
average and maximum predicted probabilities. We found that the binary
classifier using average predicted probability performed on par with expert-
selected images (see Results), and finalized our screening pipeline (Fig. 1).

Transferability across datasets

To study how the trained model performed on the POAAGG dataset and
transferred across different ancestry groups, we evaluated on both the
POAAGG and REFUGE-1 datasets. The REFUGE dataset (Retinal Fundus
Glaucoma Challenge) is collected from a Chinese population®. The
POAAGG dataset contains 64,129 images while the REFUGE dataset
contains 1200 images which are equally split into training, validation, and
test sets.

We trained resnet101 on the POAAGG and REFUGE datasets. Also, to
ablate the effect of dataset size, we also trained ResNet-101 on a subset of
POAAGG with the same size as REFUGE. We named this subset
POAAGG 1.

Data availability

The datasets generated and/or analyzed during the current study are not
publicly available due to restrictions on sharing patient images for the
POAAGG study, but may be made available from the corresponding author
to qualified researchers upon reasonable request and with permission of the
University of Pennsylvania Institutional Review Board (IRB). The informed
consent form signed by POAAGG subjects requires that all enrolled subjects
have an opt in/out period of at least 30 days for participation in additional
studies. Furthermore, the requesting investigator must be added to the IRB
of the POAAGG study to allow access to patient data.Code Availability The
underlying code for this study [and training/validation datasets] is not
publicly available but may be made available to qualified researchers on
reasonable request from the corresponding author and following all IRB
procedures, described in the above section. We have regularly shared data
over the last 15 years and are in full compliance with NIH data sharing
policies.

Code availability

The underlying code for this study [and training/validation datasets] is not
publicly available but may be made available to qualified researchers on
reasonable request from the corresponding author and following all IRB
procedures, described in the above section. We have regularly shared data
over the last 15 years and are in full compliance with NIH data sharing
policies.
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