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Objective: To propose Deep-RPD-Net, a 3-dimensional deep learning network with semisupervised learning
(SSL) for the detection of reticular pseudodrusen (RPD) on spectral-domain OCT scans, explain its decision-
making, and compare it with baseline methods.

Design: Deep learning model development.
Participants: Three hundred fifteen participants from the Age-Related Eye Disease Study 2 Ancillary OCT

Study (AREDS2) and 161 participants from the Dark Adaptation in Age-related Macular Degeneration Study
(DAAMD).

Methods: Two datasets comprising of 1304 (826 labeled) and 1479 (1366 labeled) OCT scans were used to
develop and evaluate Deep-RPD-Net and baseline models. The AREDS2 RPD labels were transferred from
fundus autofluorescence images, which were captured at the same visit for OCT scans, and DAAMD RPD labels
were obtained from the Wisconsin reading center. The datasets were divided into 70%, 10%, and 20% at the
participant level for training, validation, and test sets, respectively, for the baseline model. Then, SSL was used
with the unlabeled OCT scans to improve the trained model. The performance of Deep-RPD-Net was compared
to that of 3 retina specialists on a subset of 50 OCT scans for each dataset. En face and B-scan heatmaps of all
networks were visualized and graded on 25 OCT scans with positive labels, using a scale of 1 to 4, to explore the
models’ decision-making.

Main Outcome Measures: Accuracy and area under the receiver-operating characteristic curve (AUROC).
Results: Deep-RPD-Net achieved the highest performance metrics, with accuracy and AUROC of 0.81 (95%

confidence interval [CI]: 0.76e0.87) and 0.91 (95% CI: 0.86e0.95) on the AREDS2 dataset and 0.80 (95% CI:
0.75e0.84) and 0.86 (95% CI: 0.79e0.91) on the DAAMD dataset. On the subjective test, it achieved accuracy of
0.84 compared with 0.76 for the most accurate retina specialist on the AREDS2 dataset and 0.82 compared with
0.84 on the DAAMD dataset. It also achieved the highest visualization grades, of 3.26 and 3.32 for en face and B-
scan heatmaps, respectively.

Conclusions: Deep-RPD-Net was able to detect RPD accurately from OCT scans. The visualizations of
Deep-RPD-Net were the most explainable to the retina specialist with the highest accuracy. The code and
pretrained models are publicly available at https://github.com/ncbi-nlp/Deep-RPD-Net.
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Reticular pseudodrusen (RPD) are a form of drusen asso-
ciated with age-related macular degeneration (AMD). In
contrast to conventional drusen, which are located below the
retinal pigment epithelium, RPD are located above the
retinal pigment epithelium.1,2 Hence, they are also known as
subretinal drusenoid deposits. Reticular pseudodrusen
represent an important AMD phenotype since their
presence is strongly and independently associated with
ª 2025 Published by Elsevier Inc. on behalf of the American Academy of
Ophthalmology. This is an open access article under the CC BY-NC-ND li-
cense (http://creativecommons.org/licenses/by-nc-nd/4.0/).
increased risk of progression to advanced AMD stages,
i.e., neovascular AMD and geographic atrophy (GA).3,4

Hence, the detection of RPD is highly useful for
providing accurate prognostic information for individuals
with AMD.

Reticular pseudodrusen are typically not visible on clin-
ical examination or on the simple imaging modality of color
fundus photography (CFP).1,2,4 With the advent of more
1https://doi.org/10.1016/j.xops.2024.100655
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advanced imaging methods, including fundus
autofluorescence (FAF), near-infrared reflectance, and
spectral-domain OCT,5 RPD detection can be performed in
specialized settings like dedicated image reading centers,
but the task remains very challenging for
ophthalmologists.2,3 Typically, RPD appear as
hypoautofluorescent spots on FAF. Owing to the more
detailed 3-dimensional (3D) view of OCT, AMD features
like RPD can often be characterized in more detail. There-
fore, the use of artificial intelligence algorithms is of great
interest for the difficult task of RPD detection.

In particular, deep learning is a subfield of artificial in-
telligence that has become the state-of-the-art in solving
computer vision problems such as image classification.
Deep convolutional neural networks (CNNs) can learn a
complex hierarchy of nonlinear salient features that have a
large discrimination power by being trained on labeled sets
of images.6 In the literature, Keenan et al7 have used transfer
learning-based models with FAF and CFP to detect RPD.
Their FAF-based model achieved an area under the receiver
operating characteristic curve (AUROC) of 0.939, and their
CFP-based model achieved an AUROC of 0.832. Their
models surpassed the performance of ophthalmologists.7

Chen et al8 have developed a multimodal, multitask deep
network that uses both CFP and FAF in RPD detection.
Their proposed network slightly enhanced the performance
obtained using FAF images only,8 with an AUROC of
0.933. Schwartz et al9 have proposed both detection and
segmentation models for RPD. They attempted to detect
both RPD and conventional drusen from OCT scans using
Inception-v1 architecture by replacing 2-dimensional (2D)
convolutions with 3D convolutions. Their classification
model achieved an AUROC of 0.99. However, they detec-
ted the presence of RPD or drusen as one class without
distinguishing between them. Moreover, Schwartz et al
quantified using the area of RPD on B-scans. They used a
small, annotated dataset of 334 B-scans to develop and
evaluate (60% training, 20% validation, and 20% testing)
2D segmentation U-Net. They reported a quite low agree-
ment (w0.5x) in the area measurement between the graders
and the area based on the segmentation model usingw67 B-
scans. They also reported a very low Dice score of their
segmentation model, which suggests the difficulty of the
RPD detection and segmentation on OCT scans.

In this work, we propose a classification network, Deep-
RPD-Net, to detect RPD from OCT scans using scan-level
binary labels. The proposed network consists of a 3D
CNN, with every convolutional block having a squeeze-
excitation block and a residual connection, and a classifier
with 2 fully connected layers and SoftMax output. We ob-
tained the RPD labels by transferring RPD labels from FAF
images that were taken during the same visits as the OCT
scans. We compared Deep-RPD-Net with other baseline
networks that include a 2D CNN with average bagging and
a 3D CNN without a squeeze excitation block.10,11 We
further enhanced Deep-RPD-Net training by using semi-
supervised learning (SSL) on unlabeled data. The Gradient-
weighted Class Activation Mapping (Grad-CAM)12

heatmaps of all networks were visualized and graded for
2

explainability. Finally, we compared the model
performance to that of retina specialists.
Methods

Datasets

The main dataset used in this study was curated from the Ancillary
OCT Study of the Age-Related Eye Disease Study 2 (AREDS2), as
described in previous studies.11,13 The details of the AREDS2
design and protocol have been described previously.14,15 In
short, the AREDS2 was a multicenter phase III randomized
controlled clinical trial designed to study the effects of nutritional
supplements in participants at moderate to high risk of
progression to late AMD. The participants were aged between 50
and 85 years at baseline (median age 74 years). At baseline,
participants had either bilateral large drusen or large drusen in
one eye and advanced AMD in the fellow eye. At each visit, the
participants underwent eye examination and imaging by certified
personnel using standardized protocols. The Ancillary OCT
Study of AREDS2 enrolled AREDS2 participants from the
Devers Eye Institute, Emory Eye Center, Duke Eye Center, and
the National Eye Institute. The study was approved by the
institutional review boards of the study sites, and written
informed consent was obtained from all participants. It adhered
to the tenets of the Declaration of Helsinki and complied with
the Health Insurance Portability and Accountability Act. The
study was registered at ClinicalTrials.gov (identifier
NCT00734487). The participants underwent imaging using the
Bioptigen Tabletop OCT system (Research Triangle Park) at the
annual study visits.16 The OCT scans had a surface area of
6.7 � 6.7 mm square centered at the fovea (with 100 B-scans,
1000 A-scans per B-scan, and 67 mm spacing between each B-
scan).

The ground truth RPD labels were transferred from FAF images
that were taken at the same visits as the OCT scans, as described in
previous studies.4,7 In short, the RPD labels assigned to each FAF
image were from expert human graders at the Wisconsin Reading
Center. The grading team was comprised of 6 graders: 4 primary
graders and 2 senior graders as adjudicators. Reticular
pseudodrusen were defined as clusters of discrete round or oval
hypoautofluorescent lesions or confluent ribbon-like patterns with
intervening areas of normal or increased autofluorescence; a min-
imum of 0.5-disc areas (approximately 5 lesions) was required.
Two primary graders independently evaluated the FAF images for
the presence of RPD. A senior grader adjudicated the final grade in
the case of disagreement between the graders.4 The level of
agreement between the 2 primary graders for the presence or
absence of RPD was 94%.4

The description of the AREDS2 OCT dataset is shown in
Figure 1. In short, the dataset consisted of 1304 OCT scans from
315 participants, where participants contributed multiple OCT
scans (i.e., from different study visits in consecutive years). For
826 of the 1304 OCT scans, the RPD labels were transferred
from the FAF image to the corresponding OCT scan, as both
FAF images and OCT scans were available at the same visit. Of
these 826 OCT scans, 222 were labeled as positive for RPD,
based on the corresponding FAF image.

A second dataset was used from the Study of Dark Adaptation
in Age-Related Macular Degeneration (DAAMD). The details of
the DAAMD design and protocol have been described pre-
viously.17e19 In short, participants aged >50 years with no sign of
AMD or early and intermediate stages of AMD were recruited
from the study of DAAMD at the National Eye Institute, National
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Figure 1. The description of the OCT dataset used in this study. AREDS2 ¼ Age-Related Eye Disease Study 2; RPD ¼ reticular pseudodrusen.
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Institutes of Health. Only one eye per participant was included as
the study eye. The participants underwent imaging using the
Spectralis, Heidelberg Engineering OCT system at the annual
study visits. The OCT scans had a surface area of 9 � 7.4 mm
square centered at the fovea (with 121 B-scans and 768 A-scans
per B-scan). The RPD labels were evaluated by the Wisconsin
Reading Center using OCT and other modalities (FAF, near-
infrared, or CFP).17e20 This study was approved by the institu-
tional review board of the National Institutes of Health and adhered
to the tenets of the Declaration of Helsinki. Informed consent was
obtained from all participants. It was registered at Clinical-
Trials.gov (identifier NCT01352975). The description of the sec-
ondary OCT dataset is shown in Figure S2 (available at
www.ophthalmologyscience.org). In short, the dataset consisted
of 1479 OCT scans from 161 participants, where participants
contributed multiple OCT scans. The RPD labels were available
for 1366 OCT scans with 191 positive OCT scans.

Both datasets (i.e., labeled parts) were split at the participant
level into independent 70% training, 10% validation, and 20% test
sets. The remaining unlabeled OCT scans were curated by removing
all scans of any participants existing in the validation or test sets to
ensure that the network was not biased in validation or testing.

Image Preprocessing

The OCT B-scans were cropped to remove the bottom half that
contained background noise only. Then, they were resized to
224 � 448 pixels, a large enough size to better capture RPD fea-
tures since RPD are relatively small. The top 2 and bottom 2 OCT
B-scans were excluded, i.e., 96 OCT B-scans were used (128 for
the second dataset), to be to the power of 2, to have proper pooling.
Thus, the final OCT scan size was set to 224 � 448 � 96 pixels.
The OCT scan voxels were normalized between �1 and 1.
Augmentation was applied to the OCT scans during the training
using random flipping or erasing with a probability of 0.5.

Deep-RPD-Net. A high-level block diagram of the architecture
of the proposed Deep-RPD-Net is shown in Figure 3. The proposed
network comprises a 3D input layer, a 3D encoding network, a
global average pooling layer, and a classifier. The encoder
contains an initial block of two 3D convolutional layers with 64
filters followed by 4 encoding blocks, “E-Block;” each contains
three 3D convolutional, one maximum pooling, and one squeeze
excitation layer, as well as a residual connection. In all
convolutions, we used the rectified linear unit activation function.
The number of filters in each encoding block grows exponentially
with a factor of 2. All maximum pooling operations are of size
2 � 2 � 2. The classifier consists of a dropout layer followed by
a dense layer of length 256 with rectified linear unit activation
function, a second dropout layer, and a dense layer with
SoftMax activation. We used a dropout rate of 0.5.

For baseline comparisons, we developed a 2D network with
average bagging, where the encoder is similar to that of Deep-
RPD-Net but with 2D convolutions and without squeeze excita-
tion blocks.10 Also, we developed a 3D network with an encoder
similar to that of Deep-RPD-Net but without squeeze excitation
blocks.11

For all networks, the SoftMax activation function was used to
generate the class likelihood probabilities; the binary predictions
were made using the class with the highest probability. To train the
networks, we used the Adam optimizer21 with a learning rate of
0.0001, batch size of 2, and maximum epoch number of 50. We
used oversampling to handle the imbalance in class size in our
dataset. All experiments were performed using python 3.7 and
TensorFlow 2.8 deep learning library running on a server with
48 Intel Xeon CPUs with 754 Gb RAM and an NVIDIA
GeForce GTX 1080 Ti 32Gb GPU. To train the networks, we
used categorical cross-entropy loss function.

To make use of the curated unlabeled OCT scans in improving
performance, we used a SSL method, which is described in
Figure 4. Briefly, the pretrained Deep-RPD-Net was used to
generate pseudo-labels of the unlabeled OCT scans. The OCT
scans with confidence (i.e., SoftMax probability) �0.90 were
added to the training data. Then, the model was tuned using the
extended data for 5 epochs. The process was repeated until there
were no more OCT scans to add or if their number was �5% of the
total unlabeled data size.

Performance Evaluation and Comparison

We used accuracy, precision, recall, F1 score, kappa (k), and
AUROC to evaluate and compare all networks. The 95% confi-
dence intervals (CIs) were computed for all performance metrics.
We evaluated the performance metrics on the 4 models: (1) a
shared 2D network with average bagging, where the encoder is
similar to that of Deep-RPD-Net, but with 2D convolutions and
without squeeze excitation blocks (Base2D); (2) a 3D network with
an encoder similar to that of Deep-RPD-Net, but without squeeze
excitation blocks (Base3D); (3) the proposed network, Deep-RPD-
Net; and (4) Deep-RPD-Net with SSL (Deep-RPD-Netþ).

The AREDS2 and DAAMD datasets were used to train and
validate the models. Due to significant heterogeneity (i.e., scan size
in mm, images per scan, image size, image quality, image
3
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Fig. 3. The architecture of the proposed Deep-RPD-Net, where E-Block denotes the encoding blocking and C is the number of the channels in this block.
The Deep-RPD-Net consists of a 3D encoder of 5 blocks and a global average pooling layer, and a classifier of 2 dropout and 2 dense layers. 3D ¼ 3-
dimensional; RPD ¼ reticular pseudodrusen; SD-OCT ¼ spectral-domain OCT.
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averaging, image registration, etc.) between the 2 datasets,
DAAMD could not be used in external validation.

Visualization of Deep-RPD-Net

The Grad-CAMs22 were used to visualize the features learned by
each network. To have a higher heatmap size, we used the Grad-
CAM heatmaps of the last 2 convolutional layers and averaged
them. The en face and OCT B-scan heatmaps were obtained as
described by Elsawy et al.11 In short, en face heatmaps were
obtained by averaging the Grad-CAM heatmaps along the axial
dimension. Heatmaps of OCT B-scans were obtained by slicing the
Grad-CAM heatmap along the transverse dimension. All heatmaps
were modulated by multiplying them by the en face or the OCT B-
scan to emphasize the important location.

Subjective Grading by Retina Specialists

A masked subjective test was conducted by 3 retina specialists
(T.K., A.T., and S.B.) on a subset of 50 OCT scans from the 2 test
sets. The 3 retina specialists were at attending level with 6 years of
experience for T.K., 3 years of experience for A.T., and 2 years of
experience for S.B. The subjective dataset was randomly selected
from the test dataset such that it contained 25 OCT scans with RPD
and 25 OCT scans without RPD. The OCT scans were deidentified,
Fig. 4. One iteration of semisupervised learning method. The unlabeled data
confidence �0.90 are added to the training data. Then, the model is tuned us
instances to add. RPD ¼ reticular pseudodrusen.
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and the distribution was not known to the retina specialists. The
retina specialists were instructed to give a binary grade, i.e.,
0 (absence of RPD) or 1 (presence of RPD), for each OCT scan.

In addition, the retina specialist with the highest accuracy on the
previous task was instructed to grade the explainability of the vi-
sualizations for each network. A new subset of 25 OCT scans
labeled with RPD was selected from the test set. The grading
involved 2 tasks: (1) to grade the en face heatmaps generated by
each network, and (2) to grade the B-scan heatmaps generated by
each network. In each case, the task was to assess how closely the
areas of high signal on the heatmap corresponded to retinal areas
where RPD were indeed located. Grading was performed under
masked conditions. A semiquantitative grading scale was used:
poor (1), moderate (2), good (3), and very good (4) correspon-
dence. Intermediate values were permitted, e.g., moderate/good
(2.5). The final grade of each network was computed as the average
of its individual grades.
Results

Performance of Deep-RPD-Net in Detecting RPD

The performance metrics of Deep-RPD-Net with SSL
(Deep-RPD-Netþ) and the other networks in detecting RPD
instances are labeled using the pretrained model, and the instances with
ing the extended data. The process repeats until there are no more or few



Table 1. The Average Performance Metrics Along With 95% Confidence Intervals for Deep-RPD-Net and Other Networks on the Two
Test Datasets

Dataset Network Accuracy Precision Recall F1 Score k AUROC

AREDS2 Base2D 0.60 (0.53, 0.67) 0.37 (0.28, 0.47) 0.80 (0.68, 0.91) 0.50 (0.41, 0.60) 0.24 (0.13, 0.36) 0.68 (0.60, 0.77)
Base3D 0.73 (0.66, 0.80) 0.48 (0.37, 0.60) 0.78 (0.66, 0.89) 0.59 (0.49, 0.69) 0.41 (0.28, 0.54) 0.81 (0.75, 0.88)
Deep-RPD-Net 0.79 (0.73, 0.85) 0.57 (0.44, 0.71) 0.67 (0.53, 0.80) 0.62 (0.49, 0.72) 0.47 (0.33, 0.61) 0.88 (0.82, 0.93)
Deep-RPD-Netþ 0.81 (0.76, 0.87) 0.59 (0.48, 0.71) 0.82 (0.71, 0.93) 0.69 (0.59, 0.79) 0.56 (0.43, 0.69) 0.91 (0.86, 0.95)

DAAMD Deep-RPD-Net 0.84 (0.80, 0.88) 0.42 (0.17, 0.75) 0.13 (0.04, 0.24) 0.20 (0.07, 0.34) 0.14 (0.01, 0.28) 0.76 (0.70, 0.82)
Deep-RPD-Net-
tuned

0.83 (0.79, 0.88) 0.45 (0.31, 0.59) 0.50 (0.35, 0.64) 0.47 (0.35, 0.59) 0.37 (0.23, 0.51) 0.79 (0.71, 0.86)

Deep-RPD-Netþ 0.80 (0.75, 0.84) 0.41 (0.31, 0.51) 0.80 (0.68, 0.91) 0.54 (0.43, 0.64) 0.43 (0.31, 0.53) 0.86 (0.79, 0.91)

AUROC ¼ area under the receiver operating characteristic curve; AREDS2 ¼ Age-Related Eye Disease Study 2; DAAMD ¼ Dark Adaptation in Age-
related Macular Degeneration Study.
The highest scores are in bold text.
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from OCT scans are summarized in Table 1. On the
AREDS2 dataset, Deep-RPD-Netþ achieved the highest
overall performance scores with average metrics of 0.81
(95% CI: 0.76e0.87), 0.59 (95% CI: 0.48e0.71), 0.82
(95% CI: 0.71e0.93), 0.69 (95% CI: 0.59e0.79), 0.56
(95% CI: 0.43e0.69), and 0.91 (95% CI: 0.86e0.95) for
accuracy, precision, recall, F1 score, k, and AUROC,
respectively. On the DAAMD dataset, Deep-RPD-
Netþ achieved the highest performance scores with
average metrics of 0.80 (95% CI: 0.68e0.91), 0.54 (95%
CI: 0.43e0.64), 0.43 (95% CI: 0.31e0.53), and 0.86
(95% CI: 0.79e0.91) for recall, F1 score, k, and AUROC,
respectively.

The results of the subjective grading are summarized in
Table 2. On the AREDS2 dataset, Deep-RPD-
Netþ outperformed the 3 retina specialists, with
performance metrics of 0.84, 0.84, 0.84, 0.84, 0.68, and
0.92 for accuracy, precision, recall, F1 score, k, and
AUROC, respectively. On the DAAMD dataset, Deep-
RPD-Netþ outperformed one of the retina specialists with
performance metrics of 0.82, 0.83, 0.80, 0.82, 0.64, and
0.88 for accuracy, precision, recall, F1 score, k, and
AUROC, respectively.

The receiver operating characteristic curves are shown in
Figure 5, where the left figure shows the receiver operating
Table 2. The Subjective Grading of Retina Specialists Against Deep
OCT Sc

Dataset Network Accuracy Precision

AREDS2 Grader1 0.76 0.78
Grader2 0.62 0.67
Grader3 0.56 0.54
Deep-RPD-Netþ 0.84 0.84

DAAMD Grader1 0.84 0.90
Grader2 0.80 0.83
Grader3 0.88 0.81
Deep-RPD-Netþ 0.82 0.83

AUROC ¼ area under the receiver operating characteristic curve; AREDS2 ¼
related Macular Degeneration Study.
The highest scores are in bold text.
characteristic curves of Deep-RPD-Netþ as well as other
networks on the AREDS2 test set, the middle figure
shows the results of Deep-RPD-Netþ against the graders
on the AREDS2 subjective test, and the right figure shows
the results of Deep-RPD-Netþ against the graders on the
DAAMD subjective test. Deep-RPD-Netþ outperformed
the other networks on the AREDS2 test set and
outperformed the 3 retina specialists on the AREDS2
subjective test as well as one of them on the DAAMD
subjective test.

Explainability of the Visualizations of Deep-
RPD-Net

The visualization grading is summarized in Table 3. Deep-
RPD-Netþ outperformed the other networks, with an
average grade (range 1e4) of 3.26 on the en-face heat-
maps and of 3.32 on the OCT B-scans.

Representative examples of the en-face heatmaps for
each network are shown in Figure 6 for the AREDS2 dataset
and in Figure S7 (available at www.ophthalmologysci
ence.org) for the DAAMD dataset. For each en-face OCT
B-scan, the corresponding FAF image is also shown for
easier interpretation of the visualizations. Deep-RPD-
Netþ tended to have high levels of correspondence between
-RPD-Net on Subsets of the Two Test Subsets (i.e., Each Has 50
ans)

Recall F1 Score k AUROC

0.72 0.75 0.52 -
0.48 0.56 0.24 -
0.88 0.67 0.12 -
0.84 0.84 0.68 0.92
0.76 0.83 0.68 -
0.76 0.79 0.60 -
1.00 0.89 0.76 -
0.80 0.82 0.64 0.88

Age-Related Eye Disease Study 2; DAAMD ¼ Dark Adaptation in Age-
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Fig. 5. The ROC curves for all networks over the AREDS2 test set (left) and the ROC curve of the Deep-RPD-Net versus the graders on the subjective test
for AREDS2 (middle) and DAAMD (right). AREDS2 ¼ Age-Related Eye Disease Study 2; AUROC ¼ area under the receiver operating characteristic
curve; DAAMD ¼ Dark Adaptation in Age-related Macular Degeneration Study; ROC ¼ receiver operating characteristic.
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areas of high signal and retinal areas where RPD were
located. It was also able to distinguish between RPD and
other features, such as GA. By contrast, some of the lower-
performing networks often had areas of high signal in retinal
areas with GA (and without RPD).

Representative examples of the B-scan heatmaps of
Deep-RPD-Netþ are shown in Figure 8 for the AREDS2
dataset. Again, Deep-RPD-Netþ tended to have high
levels of correspondence between areas of high signal and
retinal areas where RPD were located. Areas of high
signal were also often present in areas of retinal thinning
directly overlying RPD; this is consistent with the features
known to accompany RPD.23,24 Unlike some of the other
lower-performing networks, it was also able to distinguish
between RPD and other features, such as GA and conven-
tional drusen.
Discussion

Deep-RPD-Net achieved the highest performance metrics,
compared with those of the other networks, in the detection
of RPD on OCT scans (see Table 1 and Fig 4). In general,
the 3D networks achieved superior performance compared
with that of the 2D network; this is consistent with
previous observations reported by Elsawy et al.10,11

However, the precision in detecting RPD was relatively
low, which might relate to RPD not being well
represented (i.e., distribution of easy and difficult cases is
not similar across sets) in the training, validation, and test
Table 3. The Subjective Grading of the Most Accurate Retina
Specialists on a 25 Positive OCT Scans, Where the Grades Are

Poor (1), Moderate (2), Good (3), and Very Good (4)

Network En Face Grade OCT B-Scan Grade

Base2D 0.98 0.52
Base3D 1.82 1.78
Deep-RPD-Net 3.00 3.02
Deep-RPD-Netþ 3.26 3.32

The highest scores are marked in bold text.
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sets, as well as a degree of data imbalance. The possibility
of model overfitting seems less likely since the 3D models
outperformed the baseline 2D model. Also, this
performance level (i.e., AUROC) in detecting RPD on
OCT scans was very similar to the performance level of
previous deep learning models on FAF images and
superior to that of previous deep learning models on CFP
images, as reported by Keenan et al.7 This suggests a high
level of performance by Deep-RPD-Net for RPD detection
on OCT scans.

Semisupervised learning lies between supervised
learning, where the data are fully labeled, and unsupervised
learning, where the data have no labels. The effect of SSL
comes when the data are partially labeled. Semisupervised
learning uses the weak supervision of a model trained on the
labeled part of the data to provide pseudo-labels of the
unlabeled part. The pseudo-labeled data are then added to
the training data. The pseudo-labels can be seen as noisy
labels. Deep-learning models have been shown to be robust
to moderate levels of noisy labels.25 Thus, this may help
make the model more stable due to having more training
data. In our work, SSL could significantly improve the
model performance and explainability as suggested by the
results. In particular, SSL helped to improve the precision
on the AREDS2 dataset. While there was a drop in the
precision on the DAAMD dataset, SSL helped to improve
the recall and F1 score significantly.

The closest work to our study has been done by
Schwartz et al.9 They have attempted to detect and quantify
RPD on OCT scans. Their detection model detected both
RPD and conventional drusen as one class without
distinguishing between them. Thus, the performance of
RPD detection is masked because conventional drusen
have more salient features that are easier to detect
compared to those of RPD. Differentiating between RPD
and conventional drusen is of critical importance because
they carry different risk profiles for progression to late
AMD. Moreover, Schwartz et al quantified RPD using
the area of RPD on B-scans using 2D segmentation
models trained on a small dataset of annotated B-scans.
They reported low agreement in area measurement
between the graders and the model as well as low
intergrader agreement. They also reported a very low



Fig. 6. Visualization of all networks on OCT scans labeled with RPD presence from the AREDS2 dataset. AREDS2 ¼ Age-Related Eye Disease Study 2;
FAF ¼ fundus autofluorescence; RPD ¼ reticular pseudodrusen.
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Dice score for their segmentation model performance.
Their results show that obtaining accurate RPD
annotations is poorly reliable due to the low agreement
between graders and difficult due to the low performance
of segmentation model. In our work, we focused on RPD
detection alone, i.e., using a single label per OCT scan,
which is a novel approach; RPD quantification was
outside the scope of this study.

The results of the subjective test demonstrate that grading
RPD is a difficult task for retina specialists on the AREDS2
7



Fig. 8. Examples of the Grad-CAM heatmaps for Deep-RPD-Netþ on OCT B-scans from the AREDS2 dataset. Deep-RPD-Netþ tended to highlight areas
with reticular pseudodrusen (RPD). It could also distinguish between RPD and other features, such as geographic atrophy and conventional drusen.
AREDS2 ¼ Age-Related Eye Disease Study 2; Grad-CAM ¼ Gradient-weighted Class Activation Mapping.
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dataset and quite less difficult on the DAAMD dataset due
to the better OCT scan quality. Deep-RPD-Net out-
performed the retina specialists on the AREDS2 dataset and
outperformed one of them on the DAAMD dataset. The
DAAMD dataset is highly imbalanced as compared with the
AREDS2 dataset, so this could be a reason for the perfor-
mance drop. Moreover, grading by humans is time-
consuming and requires detailed examination of each of
the w100 (or 121) B-scans in the full OCT scan. This
makes the prospect of an automated algorithm for RPD
detection highly attractive.

The visualization results suggest that Deep-RPD-Net is
not only reliable in detecting RPD on OCT scans but also
has a high level of explainability and interpretability in its
decision-making.

The strengths of this work include: (1) using a large
multicenter OCT dataset curated from the AREDS2,
which makes the findings more representative and
generalizable; (2) verifying the findings using another
large OCT dataset from a different machine and
curated from the study of dark adaptation in AMD by
the National Eye Institute; (3) detecting RPD on OCT
scans with very high performance metrics, comparable
to those obtained on FAF images; (4) performing sub-
jective testing to show the performance of the proposed
network against that of retina specialists; and 5)
8

generating heatmaps that can provide interpretable
decisions.

The limitations of this work include: (1) detecting RPD
presence/absence at the image level without segmentation
or quantification, which is a very difficult task even for
expert human graders; (2) using only OCT data for
detection without using other modalities simultaneously
(i.e., the aim of this work was to develop deep-learning
models able to work using OCT data alone); and (3)
limited generalizability of the models trained on one OCT
machine to data from other OCT machines due to het-
erogeneity of the OCT scans (i.e., scan size, number of
images per scan, image size, image quality, etc.), which is
outside the scope of this study.

In conclusion, we propose Deep-RPD-Net, a 3D CNN
for the detection of RPD on OCT scans. Deep-RPD-Net was
able to detect RPD from OCT scans with high accuracy,
compared with that of other networks. It outperformed 3
retina specialists on a subjective grading test. The visuali-
zations of Deep-RPD-Net were more interpretable,
compared with those of the other networks, and could
highlight RPD and their associated features. The code and
pretrained models will be publicly available at https://
github.com/ncbi-nlp/Deep-RPD-Net for the transparency
and reproducibility of this study and to provide a benchmark
for further studies.

https://github.com/ncbi-nlp/Deep-RPD-Net
https://github.com/ncbi-nlp/Deep-RPD-Net
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