
ORIGINAL PAPER

Comparison between support vector machine and deep
learning, machine-learning technologies for detecting
epiretinal membrane using 3D-OCT

Tomoaki Sonobe . Hitoshi Tabuchi . Hideharu Ohsugi . Hiroki Masumoto .

Naohumi Ishitobi . Shoji Morita . Hiroki Enno . Daisuke Nagasato

Received: 6 April 2018 / Accepted: 1 September 2018 / Published online: 14 September 2018

� Springer Nature B.V. 2018

Abstract

Purpose In this study, we compared deep learning

(DL) with support vector machine (SVM), both of

which use three-dimensional optical coherence

tomography (3D-OCT) images for detecting epiretinal

membrane (ERM).

Methods In total, 529 3D-OCT images from the

Tsukazaki hospital ophthalmology database (184 non-

ERM subjects and 205 ERM patients) were assessed;

80% of the images were divided for training, and 20%

for test as follows: 423 training (non-ERM 245, ERM

178) and 106 test (non-ERM 59, ERM 47) images.

Using the 423 training images, a model was created

with deep convolutional neural network and SVM, and

the test data were evaluated.

Results The DL model’s sensitivity was 97.6% [95%

confidence interval (CI), 87.7–99.9%] and specificity

was 98.0% (95% CI, 89.7–99.9%), and the area under

the curve (AUC) was 0.993 (95% CI, 0.993–0.994). In

contrast, the SVM model’s sensitivity was 97.6%

(95% CI, 87.7–99.9%), specificity was 94.2% (95%

CI, 84.0–98.7%), and AUC was 0.988 (95% CI,

0.987–0.988).

Conclusion DL model is better than SVM model in

detecting ERM by using 3D-OCT images.

Keywords Deep learning � Support vector machine �
Epiretinal membrane � Optical coherence tomography

Introduction

Epiretinal membrane (ERM) is the development of

avascular fibrous proliferating tissue on the inner

limiting membrane of the upper layer of the retina [1].

Tangential retraction of the retina occurs due to

various changes in the eye caused by numerous

conditions including cortical remnants by posterior

vitreous detachment, retinal tear, vascular occlusion

and trauma. It changes retinal structure into a wrinkle-

like shape leading to visual impairment [2–4]. Clin-

ically, ERM causes the loss of vision and metamor-

phopsia [5]. The prevalence of ERM is approximately

2% in people aged 60 years or below, and 12% in

people aged 70 years and above [6]. Treatment for

ERM includes removal of the ERM by vitreous

surgery. Although improvements in visual acuity are

attained in more than 75% patients who undergo

vitreous surgery, metamorphopsia persists [3, 7–9].
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Optical coherence tomography (OCT) is a nonin-

vasive, non-contact imaging technique for in-depth

visualization of the various layers of the retina [10].

Currently, advancements in OCT imaging have facil-

itated the capture of three-dimensional (3D) retinal

structures within a few seconds with an axial resolu-

tion of * 2 microns [11]. This 3D-OCT imaging can

be performed by covering 360� of the retinal surface,

and the 3D structure of the retinal surface layer can be

stereoscopically displayed quantitatively by recon-

structing multiple tomograms. Especially in the eval-

uation of ERM, surface maps of 3D-OCT can be useful

because of the revealing manner and directions of

membrane traction [12].

In recent years, image-processing technology using

deep learning (DL) and support vector machine

(SVM), machine-learning technologies, has attracted

attention for its extremely high classification perfor-

mance, and several studies for its applications in

medical imaging have been reported [13–18]. Regard-

ing the ophthalmic field, reports show that DL could

be utilized to distinguish normal fundus images from

retinal disease images using color fundus and OCT

images [19, 20].

To the best of our knowledge, there have been no

reports of the automatic diagnosis of ERM nor of

machine-learning technologies using 3D-OCT

images.

The aim of this study was to combine artificial

intelligence with OCT for early disease detection. In

this study, we performed a comparative review of

SVM and DL, which are machine-learning technolo-

gies for detecting epithelial membrane using 3D-OCT

images.

Methods

Data set

Of the patients diagnosed with ERM by two retinal

specialists, those who were tested using 3D-OCT 2000

(Topcon Tokyo, Japan) were included. In addition,

patients without fundus diseases were extracted from

the clinical database of the Ophthalmology Depart-

ment of Tsukazaki Hospital. These images were

reviewed by two ophthalmologists for confirming the

presence of ERM and were registered in an analytical

database. In total, 529 3D-OCT images (184 non-ERM

subjects and 205 ERM patients) were assessed; 80% of

the images were divided for training and 20% for test

as follows: 423 training (non-ERM 245, ERM 178)

and 106 test (non-ERM 59, ERM 47) images. Using

the 423 training images, a model was created using

deep convolutional neural network (DNN) and SVM

and the test data were evaluated. The present study

complied with the Declaration of Helsinki. Research

protocols and implementation were approved by the

Ethics Committee of Tsukazaki Hospital.

3D-OCT imaging

To obtain images of the retinal surface layer express-

ing the height in the z-axis section, 3D-OCT was used

to complement the images obtained by radial scan with

12 lines using visualization toolkit. Regarding the

horizontal axis and area, the ratio adjustment was not

special to unify the display (Fig. 1).

In the DNN analysis, right reversal treatment was

applied to the left eye to ensure coincidence of the ear

and nose sides.

3DL model

We implemented a DL model that uses a DNN in this

classification system (see Fig. 2). For this, each

convolutional layer was arranged in three layers. The

activation function rectified linear unit (ReLU) and the

max pooling layer (MP 1, 2, and 3) were placed after

each convolutional layer [21]. Lastly, when the last

two layers (FC 1, 2) were fully connected, we removed

spatial information from extracted feature quantities

and statistically recognized the target from other

feature vectors. The last layer was a classification

layer, using feature vectors of target images acquired

in previous layers and the softmax function for binary

classification. This network architecture is ideal for

learning and recognition of the local features of

complex image data with individual differences.

Training the DNN

All 3D-OCT images were converted to 96 9 96

pixels. For training, 100 images were mini-batch

processed. The initial value of the network weight was

randomly provided as the Gaussian distribution with a

zero mean and a standard deviation of 0.05. To avoid

overfitting during the training, a dropout technique
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was applied to the fully connected layer 1 to mask out

with 70% probability [22]. For improving the gener-

alization performance, we updated the network weight

according to the optimization algorithm [14–16]. Of

the 100 DL models obtained in 100 learning cycles,

those with the highest correct answer rate for the test

data were selected as the DL model [22–24].

SVM

We used soft margin SVM, which is implemented in

the scikit-learn library [25], with the radial basis

function (RBF) kernel. The cost parameter (C) of

SVM and the gamma parameter (c) of RBF were grid

searched for in the training data using quadrant cross-

validation, and the combination with the highest

average correct answer rate was selected. The param-

eter candidates were set as C = 1, 10, 100, and 1000,

and c = 0.0001, 0.001, 0.01, 0.1, and 1. We selected 10

Fig. 1 a Representative 3D-OCT image of ERM generated. b OCT image of ERM, and c simultaneous scanning position and direction

of the fundus photograph

Fig. 2 Overall architecture of the model. The 96 9 96 pixel

retinal fundus image data were described as input. Each of the

convolutional layers (Conv1–3) is followed by an activation

function (ReLU) layer, pooling layers (MP1–3) and two fully

connected layers (FC1 and FC2). The final output layer performs

binary classification using a softmax function
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dimensions with the highest correct answer rate for the

test data by inputting the dimension reduction number

as 2, 5, 10, 15, and 20. As a result, a learning model

was generated using the parameter values ofC = 1 and

c = 0.001.

Outcome

A receiver-operating characteristic (ROC) curve was

created based on the discriminating ability of the DL

and SVM model for normal and ERM 3D-OCT images

and was evaluated using area under the curve (AUC),

sensitivity, and specificity.

Statistical analysis

The 95% confidence interval (CI) of the ROC curve

and AUC was obtained by the following method.

The images judged to exceed the cut-off value were

defined as positive for ERM, and a ROC curve was

created. The model was fitted to only 90% of the test

data. Next, 100 ROC curves were generated by

making 100 patterns, whereby 10% were thinned

out, and then 100 AUCs were calculated from each

ROC curve. Regarding AUC, a 95% CI was obtained

by assuming normal distribution and using average/s-

tandard deviation. For sensitivity and specificity,

optimal cut-off values calculated using the Youden

index [26] were used as representative values in the

DL model, using the first of the 100 ROC curves

created, and the CI was calculated assuming a

binomial distribution.

Results

Patient demographics

A total of 304 non-ERM images from 184 patients

(mean age, 70.3 ± 8.7 years; 77 men and 107 women)

and 225 ERM images from 205 patients (mean age,

70.1 ± 8.2 years; 79 men and 126 women) were

analyzed (Table 1).

ROC curve and AUC analysis

The sensitivity and specificity of the DL model were

97.6% (95% CI, 87.7%–99.9%) and 98.0% (95% CI,

89.7%–99.9%), and the AUC was 0.993 (95% CI,

0.993–0.994). The sensitivity and specificity of the

SVM model were 97.6% (95% CI, 87.7%–99.9%) and

94.2% (95% CI, 84.0%–98.7%), and the AUC was

0.988 (95% CI, 0.987–0.988) (Fig. 3).

DL and SVM model fitting

Using the 106 test data images, the DL model made

two mistakes (1.9%; 1 non-ERM and 1 ERM), and the

SVM model made five mistakes (4.4%; 3 non-ERM

and 2 ERM). The mistakes made by the SVM model

included all of the DL’s mistakes. Figure 4 shows two

images in which the SVM model made mistakes.

Discussion

Our results showed that the DL model for detecting

ERM using the 3D-OCT images had higher AUC than

the SVM model. DL is known to automatically learn

local feature quantities of images and generate clas-

sification models [22, 24, 26, 27]. In addition, DL

comprises many layers that are considered to learn and

identify the local features of complicated individual

differences, which can be combined [22]. A previous

report compared spectral-domain OCT images of

diabetic macular edema with normal eyes using

SVM [28]. Recently, due to the evolution of DL,

there are successive reports on the comparative

advantages over SVM [29]. We and Asaoka et al.

[30, 31] reported that DL was dominant when

comparing SVM with DL.

Table 1 Patient

demographics

ERM epiretinal membrane

ERM Non-ERM P value

N 225 304

Age 70.1 ± 8.2 70.3 ± 8.7 0.8638 (student’s t test)

Sex (female) 126 (61.4%) 107 (58.1%) 0.535 (fisher’s exact test)

Eye (left) 113 (49.8%) 157 (51.6%) 0.7257 (fisher’s exact test)
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In this study, the SVM model also showed a very

high discrimination ability between ERM and non-

ERM, but the DL model showed a higher numerical

value than the SVM model. In test data images, in

which SVM correctly answered, there was no image in

which DL made a mistake. On the other hand, there

was a case with relatively clear ERM that the DL

model correctly answered, but the SVM model

answered non-ERM. We believe this case indicated

that the SVM model has a relatively low discrimina-

tion ability compared with the DL model and that it

shows a high discrimination ability of the DL model.

For this study, we used 3D images instead of typical

tomographic images on OCT because ERM lesions do

not always spread 360� on the retinal surface layer. In

fact, there is a possibility that ERM will not be

detected on typical tomographic images with only the

vertical and horizontal sections. However, with

machine-learning technology, it is predicted that the

analysis efficiency is significantly lowered when

tomographic images were used for analysis in all

360� B-scans instead of typical sections because ERM

exists on the upper layer of the retina. Therefore, 3D-

OCT, which only represents the relative height

information for 360� of the retinal surface layer, was

selected. An additional advantage of 3D-OCT is that

tomographic images are expressed while retaining a

considerable part of curvature of the retina and

individual differences of the horizontal axis; the

horizontal axis and display range are standardized

for 3D-OCT. Therefore, 3D-OCT is an optimal

information source for qualitative identification of

disease status. In this study, it was suggested that the

3D-OCT image has a great ability to discriminate

between ERM and normal eyes regardless of whether

the DL or SVM model was used.

The aim of this study was to combine artificial

intelligence with OCT for early disease detection. If

ERM were detected at an early stage, there is little

adhesion and surgical treatment is relatively easy [32].

Therefore, there is a medical rationality for ERM

screening during medical examinations using 3D-

Fig. 3 Representative

receiver-operating

characteristic curves of the

deep learning (DL) and

support vector machine

(SVM) models. The area

under the curve (AUC) of

the DL and SVM models

were 0.993 (95% CI,

0.993–0.994) and 0.988

(95% CI, 0.987–0.988). The

AUC was better for the DL

model than for the SVM

model

Fig. 4 Representative images, the SVM model was incorrect

despite the correct answer by DL. Aa A 3D-OCT image from an

non-ERM case, and Ab the OCT image of Aa. The SVM model

identified this image as ERM. Ba A 3D-OCT image from an

ERM case, and Bb the OCT image of Ba. The SVM model

identified this image as non-ERM. In each case, the tomographic

image was a reference and neither SVM nor DL was used as the

identification information. The white arrowhead of Aa is a

segmentation error, and discontinuity occurred due to the loss of

the original thickness portion. Relatively clear retinal frontal

membrane formation is observed (white arrow head in Ba and

Bb)
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OCT, which can be noninvasively performed under

non-mydriatic exposure. However, it is economically

inefficient to conduct 3D-OCT image interpretation

for all acquired images by ophthalmologists. There-

fore, the method of applying the DL model, as

presented in this study, to the 3D-OCT interpretation

for triage purposes may reduce the cost of such

examinations, find at an early stage and result in the

identification of more surgically adapted patients.

Indeed, ERM surgery is performed based on not only

OCT images but also physical symptoms such as loss

of vision and metamorphopsia. Therefore, using DL

model for triage and doing some tests (VA, M-charts

which is a score of metamorphopsia) to those people

can evaluate need for ERM surgery.

This study has certain limitations. The aim of this

study was to examine the difference between the

discriminating ability of DL models when applied to

normal and ERM images on 3D-OCT; however, we

could not show that the DL model can be applied in

clinical settings. In addition, when clarity of the eye is

reduced due to severe cataract or dense vitreous

hemorrhage, it becomes challenging to captures

images using 3D-OCT.

Conclusion

Both the DL and the SVM models exhibited suffi-

ciently high capabilities to distinguish between ERM

and normal eyes on 3D-OCT images. In addition, this

study strongly suggested the possibility that the DL

model is superior to the SVM model.
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