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Abstract
Purpose Pachychoroid is characterized by dilated Haller vessels and choriocapillaris attenuation that are seen on optical coher-
ence tomography (OCT) B-scans. This study investigated the feasibility of using deep learning (DL) models to classify
pachychoroid and non-pachychoroid eyes from OCT B-scan images.
Methods In total, 1898 OCT B-scan images were collected from eyes with macular diseases. Images were labeled as
pachychoroid or non-pachychoroid based on strict quantitative and qualitative criteria for multimodal imaging anal-
ysis by two retina specialists. DL models were trained (80%) and validated (20%) using pretrained convolutional
neural networks (CNNs). Model performance was assessed using an independent test set of 50 non-pachychoroid and
50 pachychoroid images.
Results The final accuracy of AlexNet and VGG-16 was 57.52% for both models. ResNet50, Inception-v3, Inception-ResNet-
v2, and Xception showed a final accuracy of 96.31%, 95.25%, 93.40%, and 92.61%, respectively, for the validation set. These
models demonstrated accuracy on an independent test set of 78.00%, 86.00%, 90.00%, and 92.00%, and an F1 score of 0.718,
0.841, 0.894, and 0.920, respectively.
Conclusion DL models classified pachychoroid and non-pachychoroid images with good performance. Accurate classification
can be achieved using CNN models with deep rather than shallow neural networks.
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Introduction

It has long been suggested that choroidal circulatory distur-
bance plays a significant pathophysiologic role in some mac-
ular diseases. The characteristic indocyanine green angiogra-
phy (ICGA) findings of choroidal hyperpermeability and di-
lated choroidal vessels in central serous chorioretinopathy
(CSC) have provided this evidence since the 1980s and
1990s [1]. Advances in imaging have enabled better descrip-
tion of the choroidal features of macular diseases that include
CSC, polypoidal choroidal vasculopathy, and typical age-
related macular degeneration (AMD). In 2013, Warrow
et al. [2] described a thickened choroid on enhanced depth
imaging (EDI) OCT with overlying retinal pigment epithe-
lium (RPE) abnormalities in eyes with CSC “forme fruste”
and the term “pachychoroid” has been coined to encompass
a spectrum of diseases that show this characteristic choroid
morphology [2, 3]. Associated studies expended the defini-
t ion of the pachychoro id pheno type to inc lude
pachychoroid pigment epitheliopathy, pachychoroid
neovasculopathy (PNV), and PCV (polypoidal choroidal
vasculopathy) [3–5].

The peculiar morphology of pachychoroid of pathological-
ly di lated Haller vessels ( i .e . , pachyvessel) and
choriocapillaris attenuation is well observed by OCT B-scans,
especially ones that use a special charge coupled device or
long-wave length light source such as EDI or swept-source
(SS) OCT [2, 3, 6, 7]. Reported mean subfoveal choroidal
thickness (SFCT) in eyes with pachychoroid was around
450 μm while the mean SFCT in normal eyes is around 277
to 332 μm [2, 8–10]. The proportion of Haller’s layer to total
choroidal thickness is 76.0 to 84.1%, while it has been report-
ed to be around 55.0 to 70.0% in normal or typical age-related
macular degeneration eyes [5, 8, 9, 11, 12]. These character-
istic choroidal morphologies are used to differentiate
pachychoroid and non-pachychoroid eyes by clinicians, and
thereby, we reasoned that these could also be used to train an
artificial intelligence model using a deep learning
convolutional neural network design (CNN) to identify
pachychoroid eyes.

Recently, AI has been applied to many areas of retinal
imaging including grading of diabetic retinopathy (DR) and
AMD, as well as in decision making for treatment [13–15].
Although distinguishing pachychoroid from non-
pachychoroid could be a minor problem compared with DR
and AMD grading, the identification of pachychoroid eyes in
macular disease can assist clinicians to make more precise
decisions for treatment. To assess the feasibility of automatic
classification of pachychoroid, we investigated the perfor-
mance of deep and shallow CNN models for detection of
pachychoroid using OCT B-scan images in the current study.

Methods

This study was approved by the Institutional Review Board of
Bucheon St. Mary’s Hospital, which waived the need for writ-
ten informed consent because of the study’s retrospective de-
sign. The study was conducted in accordance with the tenets
of the Declaration of Helsinki.

Subjects

One thousand ninety-eight OCT B-scan images from consecutive
patients with macular diseases including CSC, PNV, PCV, and
typical AMD between April 2016 and July 2020 were collected.
All patients underwent high-definition (HD) OCT (DRI OCT
Triton, Topcon Corporation, Tokyo, Japan) in the EDI mode
and fluorescent angiography (Optos California P200DTx; Optos,
Dunfermline, UK) at baseline to confirm their diagnosis.

The exclusion criteria for this study were as follows: (1)
choroidal neovascularization other than AMD (e.g., punctate
inner choroidopathy, vitelliform dystrophy), (2) history of pre-
vious treatment or scar at the retina (e.g., photodynamic ther-
apy, laser photocoagulation, intraocular injections, periocular
injections, and systemic injections), (3) high myopia (> − 6.00
diopters or axial length > 26 mm), (4) poor image quality
(image quality < 7), and (5) large subretinal/preretinal hemor-
rhage or pigment epithelial detachment that could obscure the
choroidal vascular image.

Key messages

The characteristic morphology of pachychoroid of pathologically dilated Haller vessels and 

choriocapillaris attenuation is well observed by OCT B-scans. 

Artificial intelligence has been applied to many areas of retinal imaging and this study assessed 

the feasibility of automatic classification of pachychoroid using deep learning.

Deep learning models classified pachychoroid and non-pachychoroid images with good performance.
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Labeling of images as pachychoroid (n = 1092) or non-
pachychoroid (n = 806) was done using strict quantitative and
qualitative criteria for multimodal imaging by two retina special-
ists. Confirmation of pachychoroid was based on criteria deter-
mined from thorough review of previous publications and com-
prised [16]: (1) subfoveal choroidal thickness (SFCT) ≥ 300μm,
(2) presence of attenuation of the inner choroid with dilated
choroidal vessels (pachyvessel) under the diseased area on
OCT B-scans, (3) presence of pachydrusen on fundus photog-
raphy and OCT, and (4) choroidal vascular hyperpermeability
on indocyanine green angiography (ICGA). These were the op-
tional features used to confirm pachychoroid.

Image preparation, model training, and performance
metrics

Each horizontal HD line OCT B-scan which crossed the fovea
was saved as a JPEG file. All images were resized to 299 ×
299 × 3 pixels. Models were trained using pretrained networks
on MATLAB 2020a (MathWorks, Inc., Natick, MA, USA).
For a CNNmodel, 80% of images were randomly selected for
training and the remaining 20% were used for validation. In
addition to the final accuracy returned from model training
and validation, the performance of models was assessed using
an independent test set.

The CNN architectures used in this study included
AlexNet, VGG-16, ResNet50, Inception-v3, Inception-
ResNet-v2, and Xception (Fig. 1). Selection of CNN architec-
tures was based on a top 5 error rate reported previously for
image classification and on previous publications on perfor-
mances of these architectures in ophthalmologic images [17,
18]. All experiments were conducted on a laptop equipped

with NVIDIA RTX 2060 and Intel i7 CPUs. Each model
was trained for 30 epochs with a maximum of 1410 iterations.
Final accuracy of the model was calculated after training and
validation processes. Then, the performance of each model
was evaluated for accuracy, precision, recall (sensitivity),
specificity, F1 score, and kappa score using an independent
test set that consisted of 50 non-pachychoroid and 50
pachychoroid images.

Statistics

Statistical analysis was performed using a commercial program
(Statistical Package for the Social Sciences version 22.0.1 for
Windows; IBMCorp., Armonk, NY, USA). t tests were used to
compare demographics between groups, and the chi-squared test
was used to compare categorical variables. Accuracy, precision,
recall, specificity, and F1 score were calculated for each model.
The kappa score means and standard deviations (SD) were used
to determine the agreement between truth and each model.
Continuous variables are presented as means ± SDs.

Results

Subject demographic and clinical characteristics

In total, 1898 images from 1898 eyes of 1470 patients
(482 bilateral eyes) were included in the study. The mean
age of the pachychoroid and non-pachychoroid groups
was 61.19 ± 12.22 years and 73.86 ± 8.89 years, respec-
tively (P < 0.001). The proportion of males was higher in
the pachychoroid compared with non-pachychoroid group

Fig. 1 Training, internal validation, and test of convolutional neural
network (CNN) models. Fovea crossing horizontal optical coherence to-
mographic (OCT) B-scan images were obtained. The images were la-
beled either “pachychoroid” or “non-pachychoroid” by two independent
graders. Each OCT image was scaled to 299 × 299 × 3 pixels for CNN

training and trained with AlexNet, VGG-16, ResNet50, Inception-v3,
Inception-ResNet-v2, and Xception architectures using MATLAB
2020a. From the dataset, 80% of the images were used for training, and
the remaining 20% were used for validation. Trained CNN models were
externally tested using an independent test set
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(70.3% vs. 49.6%, P < 0.001). The mean SFCT was
407.82 ± 93.22 μm in pachychoroid eyes and 136.28 ±
67.95 μm in non-pachychoroid eyes (P < 0.001).

There was no difference in age, sex distribution, and SFCT
between the dataset used for training-validation and the inde-
pendent test set for both pachychoroid and non-pachychoroid
groups (pachychoroid 60.98 ± 12.14 years vs. 63.48 ± 12.96
years, 70.9% vs. 65.4%, 409.54 ± 94.1 μm vs. 388.5 ± 80.97
μm, P = 0.186, 0.244, and 0.081, respectively; non-
pachychoroid 73.8 ± 8.81 years vs. 75.16 ± 10.50; 50.1%
vs. 40.0%; 137.19 ± 67.88 μm vs. 117.21 ± 67.54 μm, P =
0.437, 0.132, and 0.082, respectively).

Performance of the deep learning models

The final accuracy for the validation set was 57.52%, 57.52%,
96.31%, 95.25%, 93.40%, and 92.61% for AlexNet, VGG-16,
ResNet50, Inception-v3, Inception-ResNet-v2, and Xception,
respectively (Fig. 2). The relative time spent in model training
was 0.42, 1.00, 0.78, 0.31, 0.99, and 0.82, respectively.

ResNet50, Inception-v3, Inception-ResNet-v2, and
Xception were tested on the independent test set. Accuracy
for each model on the test set was 78.00%, 86.00%, 90.00%,
and 92.00%, for ResNet50, Inception-v3, Inception-ResNet-
v2, and Xception, respectively. The precision and recall for
each model were 1.00 and 0.56, 0.97 and 0.74, 0.95 and 0.84,
and 0.92 and 0.92, respectively. The accuracy, precision, re-
call, specificity, F1 score, and kappa values for eachmodel are
summarized in Table 1.

Misclassified cases

The independent test set results showed that two pachychoroid
images were misclassified as non-pachychoroid by all four
models. Seven imagesweremisclassified by at least threemodels
of which one was non-pachychoroid misclassified as
pachychoroid and 6 were pachychoroid misclassified as non-
pachychoroid. The mean age was 71.75 ± 8.10 years, and the
mean SFCT was 361.75 ± 81.33 μm in the misclassified
pachychoroid eyes. Representatives of misclassified cases are
shown in Fig. 3. Figure 3a is an OCT B-scan of a 78-year-old
male. Although the image was labeled as non-pachychoroid due
to an SFCT of 221 μm, there are dilated vessels under the ab-
normal RPE. Figure 3b and c are cases of pachychoroid that were
misclassified as non-pachychoroid by all models. Both eyes did
not show signs of typical AMD such as drusen or geographic
atrophy, and SFCT was 318 μm and 327 μm, respectively;
therefore, they were classified as pachychoroid. However, all
four AI models classified these eyes as non-pachychoroid eyes.

Discussion

It has not been long since pachychoroid was recognized as a
particular condition in macular diseases. Pachychoroid and typ-
ical AMD seem to differ in clinical features, genetics, natural
course, and responsiveness to treatment [19–22]. Patients with
pachychoroid are usually younger [5, 16, 20, 22]. In terms of
treatment, a lower injection rate with a longer injection-free

Fig. 2 Internal validation performance of each model. The final accuracy on the validation set was 57.52%, 57.52%, 96.31%, 95.25%, 93.40%, and
92.61% for AlexNet, VGG-16, ResNet50, Inception-v3, Inception-ResNet-v2, and Xception, respectively
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period was reported for PNV and PCV eyes with pachychoroid
features compared with typical AMD [19, 23] [24]. Therefore,
identification of pachychoroid is helpful in predicting disease
prognosis by patient and in planning tailored treatment options
and follow-up intervals. In this study, we assessed the efficacy of

automated classification of pachychoroid and non-pachychoroid
eyes using AI models trained with CNNs. CNN architectures
including AlexNet, VGG-16, ResNet50, Inception-v3,
Inception-ResNet-v2, and Xception were trained to automatical-
ly classify pachychoroid and non-pachychoroid eyes using OCT
B-scan images of the fovea.

Self-validation of the trained model revealed an accuracy of
57.52–96.31%. Deep CNNs (ResNet-50, Inception-v3,
Inception-ResNet-v2, and Xception) performed better than shal-
low CNNs (AlexNet and VGG-16). This result differs from that
of AI models tested on chest radiographs by Bressem et al.,
which showed that an accurate classification of chest radiographs
may be achieved with comparably shallow networks [25]. This
may be due to the inherent capacity for image classification of
these architectures, as demonstrated in previous ImageNet Large-
Scale Visual Recognition Challenges [18]. Or there might be a
difference in the feasibility of the architecture for OCT B-scans
and chest radiographs, as OCT B-scans have lower complexity
and pixel signals compared with chest radiograph images. More
evidence from other studies supports better performance of deep

Fig. 3 Misclassified cases. a A
case of non-pachychoroid
misclassified as pachychoroid.
Optical coherence tomography
(OCT) B-scan from a 78-year-old
male patient with type 1 neovas-
cularization demonstrates a
subfoveal choroidal thickness
(SFCT) of 221 μm, but dilated
Haller’s vessels are seen under the
lesion (asterisks). b, c Cases of
pachychoroid misclassified as
non-pachychoroid by all four
models. The images are from 74-
year-old and 73-year-old male
patients. Although OCT shows
increased vascular density with
diffuse distribution of Haller’s
vessels, which are distinctive fea-
tures of pachychoroid, a relatively
thin SFCT (around 300) might
have caused misclassification of
these eyes as non-pachychoroid

Table 1 Classification performance of the deep convolutional neural
network models on the test set

ResNet50 Inception-
v3

Inception-ResNet-
v2

Xception

Accuracy 0.7800 0.8600 0.9000 0.9200

Precision 1.0000 0.9737 0.9545 0.9200

Recall 0.5600 0.7400 0.8400 0.9200

Specificity 1.0000 0.9800 0.9600 0.9200

F1 score 0.7179 0.8409 0.8936 0.9200

Kappa-mean 0.5600 0.7200 0.8000 0.8400

Kappa-SD 0.0744 0.0674 0.0600 0.0543

F1 score = 2×(precision × recall) / (precision + recall)

SD standard deviation
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rather than shallow CNNs for automated classification of OCT
images [26–28].

These deeper CNNs also demonstrated good performance
on the independent test set with an accuracy of 78.00–92.00%.
The model trained with Xception had better performance in
both precision and recall. Considering both performance and
time spent in model training, Xception was the best architec-
ture for building an AI model to classify pachychoroid using
OCT B-scan images. For ResNet50, Inception-v3, and
Inception-ResNet-v2, the final accuracies for validation were
higher compared with the accuracies obtained with the inde-
pendent test set. This may be explained by the possibility of
overfitting. The training dataset might have been unnecessarily
large for these architectures. Nonetheless, these models dem-
onstrated good performance, as demonstrated by high preci-
sion, recall, specificity, F1 score, and kappa score on external
validation, especially when using Inception-ResNet-v2.

In our previous study that investigated classification of
pachychoroid using an auto-AI platform trained using ultra-
widefield indocyanine green angiography (UWF ICGA), the
precision and recall of the model was 89.19% [29]. AI
models trained with OCT B-scan images in this study
showed comparable results. UWF ICGA can reveal global
changes of choroidal circulation such as dilation of vessels,
choroidal vascular hyperpermeability, and congestion
around vortex ampullae, while OCT B-scan images can
emphasize detailed changes in choroidal layers focused on
posterior pole [30, 31]. It is expected that the performance
of the automatic classification could be improved by com-
bining these two methods.

Misclassified cases demonstrated that errors caused by AI
models are likely to occur in pachychoroid eyes from older
patients with an SFCT around 300μm.Choroidal thinning is a
well-known aging process, and this does not exclude
pachychoroid eyes [32]. It is suspected that these misclassified
pachychoroid eyes might have had a thicker SFCT in their
1960s. The error that occurred in these eyes indicates that
pachychoroid classification might be more difficult in older
patients. These results also suggest that decreased model ca-
pacity to differentiate eyes can also happen with younger pa-
tients who have overlapping non-pachychoroid and
pachychoroid features.

The limitations of this study include selection bias caused by
excluding images with large subretinal/preretinal hemorrhage
or PED. While these eyes often require proper treatment, this
bias might cause high errors when classifying these eyes.
Another important limitation might be that there was a signif-
icant difference in age and sex distribution between the
pachychoroid and non-pachychoroid eye groups. However, as
younger age and male prominence are well-established
pachychoroid features that should also be observed in real life,
this may not significantly affect clinical application of these
models [22]. More importantly, the definition of pachychoroid

may be controversial. We tried to minimize this ambiguity by
specifying the quantitative value for SFCT in the definition of
pachychoroid and by exploring multimodal images when set-
ting ground truth. Further research involving multimodal im-
ages frommany OCTmachines and more retinal specialists are
warranted to validate the results of the current investigation.

In this study, we evaluated the performance of CNN
models for classification of pachychoroid and non-
pachychoroid eyes using OCT B-scans. The results demon-
strated that deeper CNN models, especially, Xception, could
identify pachychoroid eyes with good performance. Analysis
of errors in classification revealed that most occurred in PCV
eyes with equivocal features. To the best of our knowledge,
this is the first study to train CNN models on OCT B-scan for
classification of pachychoroid eyes. We believe that this au-
tomated classification of pachychoroid features will improve
treatment for patients with exudative maculopathies by
assisting in precisely tailored treatment by patient.
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