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METHOD OF MODIFYING A RETINA FUNDUS IMAGE FOR A DEEP LEARNING

MODEL

TECHNICAL FIELD

The present disclosure relates to image processing for deep learning techniques, and
more particularly but not exclusively, to a method of modifying a retina fundus image

for a deep learning model.

BACKGROUND

Diabetic retinopathy (DR) is a leading cause of vision loss globally. Screening for DR,
coupled with timely referral and treatment i1s a universally accepted strategy for the
prevention of visual impairment. Currently, clinical ophthalmoscopy or evaluation of
retinal photographs for DR by human assessors are the most commonly used DR
screening methods. However, such DR screening programs are challenged by
Implementation issues, availability and training of assessors and long-term financial
sustainability. With Increasing diabetes prevalence globally, there 1s a need for

sustainable cost-effective DR screening programs.

Deep learning system (DLS) has been proposed as an option for large-scale screening
of DR by analyzing retinal images. DLS utilizes artificial intelligence and representation-
learning methods to process natural raw data, recognizing intricate structures in high-
dimensional information. In contrast to traditional pattern recognition type software to
detect specific images, patterns and lesions, DLS uses large datasets to enable mining,

extraction and machine learning of meaningful patterns or features.
1
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The performance of DLS partly depends on the datasets used to train and/or validate
the model. For example, two previous DLS studies were shown to have substantial
potential for DR screening, demonstrating high sensitivity and specificity (>90%) In
detecting referable DR from retinal photographs. However, the performance indices
used were based on high quality retinal images retrieved from two publicly available

databases, and largely confined to a single ethnic group.

In “real-world”™ DR screening programs, there may be considerable variability to the
retinal iImages captured for screening. For example, different camera models may be
used resulting In Image discrepancies. The capture standards may also vary among
screening centers which result in retinal images having varying qualities (e.g. poor pupill
dilation, poor contrast/focus). Patients may also be of different ethnicities resulting In
the captured retinal images having different fundi pigmentations. These variables will
have an effect on the performance of a DLS trained on high quality retinal images with
low variability. For the performance of the DLS in a test setting to be translated to the
“real-world”, the DLS should be trained and validated using “real-world” DR screening
programs where the retinal images used for training are affected by “real-world”

variables.

Furthermore, In any screening programs for DR, It Is desirous that the detection of
incidental but common vision-threatening condition such as glaucoma (GS) and age-
related macular degeneration (AMD) Is incorporated. This further widens the variability

of retinal images to be incorporated into the training dataset for the DLS.
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Therefore, it is desirable to provide a way for DLS to be trained by a wide variety of
retinal images Iin order to address the problems mentioned In existing prior art and/or to

provide the public with a useful choice.

SUMMARY

Various aspects of the present disclosure will now be described In order to provide a
general overview of the present disclosure. These, by no means, delineate the scope

of the invention.

According to a first aspect, there Is provided a method of modifying a retina fundus
Image for a deep learning model. The method includes converting a retina fundus
Image to a binary image by converting pixels of the retina fundus image to low intensity
modified pixels and high intensity modified pixels of the binary image, and determining
a first boundary between the low intensity modified pixels and high intensity modified
pixels of the binary image. The method further includes removing outlier boundary
values from the first boundary, constructing a second boundary from remaining
pboundary values, i1dentifying the pixels of the retina fundus image that are within the
second boundary, and constructing a modified retina fundus image comprising the

iIdentified pixels for the deep learning model.

The described embodiment Is used to standardize captured retinal fundus Images
before screening by a trained DLS. Furthermore, the described embodiment allows

large scale usage of “real-world” retina fundus images captured from screening
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programs for training of a deep learning model. The trained model or DLS has

translational impact in terms of its performance in the ‘real-world”.

The retina fundus Image may be a grayscale image.

The method may further include converting a coloured retina fundus image to the

grayscale retina fundus image using green channel values prior to converting the retina

fundus Image to the binary image.

Converting the retina fundus image to the binary image may include classifying the
pixels of the retina fundus Image with corresponding Intensity values below a
predefined Intensity threshold as the low intensity modified pixels and the pixels of the
retina fundus image with corresponding intensity values above the predefined intensity

threshold as the high intensity modified pixels.

Each of the low Intensity modified pixels may have an intensity value of ‘0" and each of

the high intensity modified pixels may have an intensity value of ‘255",

Converting the retina fundus image to the binary image may be performed using two-

class Otsu algorithm.

The method may further include capping pixel intensity of the retina fundus image at a
pre-set maximum intensity, prior to converting the retina fundus image to the binary

Image.
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The maximum intensity may be pre-set to '50°.

The method may further include defining the binary image in terms of polar coordinates,

prior to determining the first boundary.

The high intensity modified pixels may be located within the first boundary and the low

INntensity modified pixels may be located outside the first boundary.

Determining the first boundary may include defining the first boundary in terms of

boundary values In polar coordinates.

Removing outlier boundary values may include computing a mean radial value from the
pboundary values and removing the boundary values that have radial values that are

undefined or deviate from the mean radial value.

The boundary values which deviate from the mean radial value by more than 10 units

may be removed.

The method may further Include applying quadratic regression to the remaining

boundary values to construct the second boundary.

The method may further include defining the second boundary in Cartesian coordinates,

prior to identifying the pixels of the retina fundus image that are within the second

boundary.
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Constructing the modified retina fundus image may include copying the identified pixels
INto the second boundary, and filling unoccupied pixels within the second boundary

with a background of the modified retina fundus image.

The method may further include rescaling the modified retina fundus image to 512 x

512 pixels.

It should be appreciated that the method may be implemented by a specially
configured computer or computing system. This then forms a second aspect, in which
there Is provided a non-transient computer readable medium storing executable
INnstructions when executed by a processor causes the processor to perform the

method of the first aspect.

The method has many uses and In one particular application, according to a third
aspect, there Is provided a deep learning system for screening eye diseases in which
the deep learning system includes a dataset trained by the retina fundus image of the

method of the first aspect.

BRIEF DESCRIPTION OF FIGURES

An exemplary embodiment will be described with reference to the accompanying
drawings In which:
Figure 1 Is a flowchart illustrating a method of modifying a retina fundus image for a

deep learning model according to a preferred embodiment;
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Figure 2 Is a picture of a grayscale image converted from a coloured retina fundus

Image from the method in Figure 1;

Figure 3 shows the grayscale image of Figure 2 with pixel intensities capped;

Figure 4 Is a binary image converted from the grayscale image of Figure 3;

Figure 5 depicts the binary image of Figure 4 in polar coordinates;

Figure 6 depicts a first boundary of the binary image of Figure 5 in polar coordinates;

Figure 7 depicts remaining boundary values in polar coordinates after outlier boundary

values are removed from the first boundary of Figure 6;

Figure 8 Is a template having a second boundary constructed from the remaining

boundary values of Figure 7;

Figure 9 Is a modified retina fundus image constructed using the template of Figure 8;

Figure 10 is a local contrast normalized (LCN) image derived from the modified retina

fundus image of Figure 9;

Figure 11A-11B I1s a table presenting data on the number of retina fundus images (to
be modified using method 100 of Figure 1) in each of the training and validation

datasets for DR, GS and AMD:

Figures 12A-12B Is a table presenting further data on the DR training and validation

datasets of Figures 11A-11B;

Figure 13 is a table presenting further data on the GS and AMD training datasets of

Figures 11A-11B;
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Figure 14 depicts the architecture of an exemplary CNN of the deep learning model
that will be trained using either the modified retina fundus image or LCN image of

Figures 9 and 10 respectively;

Figure 15 depicts flowcharts of two different screening models which use the DLS

5 trained using the architecture of Figure 14;

Figure 16 1s a table presenting data on the overall demographics, diabetes history and
systemic risk factors of patients in the primary validation dataset (SIDRP 2014-15)

presented In Figures 11A and 12A;

Figure 17 is a table presenting data on the diagnostic performance of the DLS for
10 referable DR and VIDR compared to professional graders, evaluated on the primary

validation dataset (SIDRP 2014-15) presented in Figures 11A and 12A;

Figure 18 is a table presenting data on the diagnostic performance of the DLS for
referable DR and VIDR compared to professional graders, evaluated on unique
patients in the primary validation dataset (SIDRP 2014-15) presented in Figures 11A

15 and 12A;

Figure 19A-19B is a table presenting data on the diagnostic performance of the DLS for
referable DR and VIDR compared to professional graders, evaluated on the external

validation datasets presented in Figures 11A, 12A and 12B;

Figures 20A-20C depict graphs built on the performance data of Figure 17; and Figure

20  19A-19B; and
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Figure 21 is a table presenting data on the diagnostic performance of the DLS for
referable GS and AMD compared to professional graders, evaluated on the primary

validation dataset (SIDRP 2014-15) presented in Figure 11B.

DETAILED DESCRIPTION

One or more embodiments of the present disclosure will now be described with
reference to the figures. The use of the term "an embodiment” In various parts of the
specification does not necessarily refer to the same embodiment. Furthermore,
features described In one embodiment may not be present in other embodiments, nor
should they be understood as being precluded from other embodiments merely from
the absence of the features from those embodiments. Various features described may

be present in some embodiments and not in others.

Additionally, figures are there to aid In the description of the particular embodiments.
The following description contains specific examples for illustrative purposes. The
person skilled in the art would appreciate that variations and alterations to the specific
examples are possible and within the scope of the present disclosure. The figures and
the following description of the particular embodiments should not take away from the

generality of the preceding summary.

The following description Is divided into the following parts. In a first part, an exemplary
method for modifying a retina fundus image for a deep learning model 1s discussed. In

a second part, a training procedure which uses the modified retina fundus image as the
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INnput for a deep learning model Is discussed. The deep learning model Is tasked to
train a DLS to screen for eye diseases. In a third part, the classification of individual
diseases Is discussed. In the final part, the training and validation methodology Is
discussed In an exemplary embodiment. Incorporating the exemplary method of the
first part, a DLS is trained and validated using nearly 500,000 retinal images in an on-
going ‘real-world” DR screening program. The results which highlight the advantages
of using the DLS trained by retinal images made available through the exemplary

method are discussed.

(1) Template Extraction from Retina Fundus Image

Figure 1 i1s a flowchart illustrating a method 100 for modifying a retina fundus image for
a deep learning model according to a preferred embodiment. In the exemplary method
100, a coloured retina fundus image 111 having a retinal disc is first captured (for

example from a patient) and presented for modification.

At step 110, the coloured retina fundus image 111 i1s converted to a grayscale retina
fundus Image 112 by extracting and retaining only green channel values In the
coloured retina fundus image 111 and representing the green channel values as levels
of gray. Figure 2 illlustrates a picture of the grayscale retina fundus image 112 having

an optic disc 200 and a retinal disc 210.

Other colour to grayscale conversion techniques may be utilized to convert the
coloured retina fundus image 111 to a grayscale retina fundus image 112. For example,

Instead of using the green channel values, red channel values may be used instead.

10
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At step 120, pixel intensities of the grayscale retina fundus iImage 112 are capped at a
pre-set maximum intensity of “50” and the result is illustrated in Figure 3. The capping
of the pixel intensities 1s performed by reducing the pixel intensities that exceed the
maximum Intensity to “50°. Notably, the optic disc 200 (depicted in Figure 2), usually a

region containing high pixel intensities, i1s no longer visible in Figure 3.

At step 130, using the two-class Otsu algorithm, the grayscale retina fundus image 112
IS converted to a binary image 131 with modified pixels having two intensity values: a
high intensity value 133 of “255", or a low intensity value 134 of "0°. In other words,
pixels of the retina fundus Image are converted to low intensity modified pixels and high
Intensity modified pixels of the binary image. To elaborate, the grayscale retina fundus
Image 112 has gray pixels at varying levels of pixel intensities. The binary image 131 is
formed by reducing the pixel intensities to two levels. This I1s done by assigning all
pixels with pixel intensities that are above a predefined intensity threshold with a high
Intensity value 133 of “255" and assigning all pixels with pixel intensities that are below
the predefined intensity threshold with a low intensity value 134 of “0”. The intensity
threshold I1s predefined such that it has pixel intensity between two extreme pixel
INntensities of the grayscale retina fundus Image 112. Figure 4 illustrates the binary
Image 131 with modified pixels divided into a region with high intensity value 133 and a

region with low intensity value 134.

At step 140, the binary image 131 i1s defined In terms of polar coordinates. The
reference point for the polar coordinates is the centre of the binary image. In the
exemplary method 100, the centre 1s also the midpoint of the retinal circle, as

computed using all the modified pixels with high intensity value 133. Figure 5 illustrates
11
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the binary image 131 In polar coordinates with radial coordinate, “r 500 and angular

coordinate, “&” 600.

A few white specks may be noted at peak 501 of Figure 5 (and also Figure 6). These
white specks are a result of imperfections in the binary image 131 e.g. from the ‘noisy
border 401 illustrated In Figure 4. The imperfections appear because the coloured
retina fundus image 111 used is taken from a real-world screening program which may

not have needed the image taken to be perfect.

At step 150, a first boundary 151 I1s determined between the low intensity and high
Intensity modified pixels 1.e. modified pixels with high intensity values 133 and low
intensity values 134. Since the binary image 131 is divided into two regions, it is
possible to determine the first boundary 151 such that the modified pixels with high
Intensity values 133 are located within the first boundary 151 while the modified pixels
with low Intensity values 134 are located outside the first boundary. Figure 6 illustrates
the first boundary 151 defined by boundary values In polar coordinates with radial
coordinate, “r’ 500 and angular coordinate, “¢” 600. The first boundary 151 defined in

Cartesian coordinates is also shown in Figure 4.

It should be noted that the first boundary defined by the boundary values may not need
to be In polar coordinates. As an alternative, the boundary values may be defined In
Cartesian coordinates and Figure 4 illustrates the first boundary 151 in Cartesian
coordinates. In this case, step 140 may be omitted since it Is not necessary to define

the binary image in polar coordinates.

12
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At step 160, outlier boundary values 162 are removed from the first boundary 151. In
this embodiment, to remove the outlier boundary values, a mean radial value Is
computed from the boundary values and the boundary values that have radial values
that are either undefined or deviate from the mean radial value by more than 10 units
are deemed outlier boundary values 162. These outlier boundary values 162 are
removed from the first boundary 151. Figure 7 illustrates an intermediate-product of
step 160, 1.e. the remaining boundary values 163 shown In polar coordinates after the

outlier boundary values 162 have been removed from the first boundary 151.

If the boundary values are defined in Cartesian coordinates, the required calculations
for removing the outlier boundary values 162 may then be correspondingly performed

In Cartesian coordinates by way of polar-to-Cartesian mapping.

After the outlier boundary values 162 have been removed, quadratic regression Is
applied to the remaining boundary values 163 to construct a second boundary 161. In
the exemplary method 100, the second boundary Is a fitted circle. The radius of the
fitted circle 1s estimated from boundary values extracted from the remaining boundary
values 163. The extracted boundary values can be seen as white pixels in Figure 7.
Almost all of the white pixels belong to three line segments 701, which indicate the
radius of the fitted circle. The remaining white pixels to the right of the line segments
/701 are outliers that are disregarded. Figure 8 illustrates a template 164 comprising the
second boundary 161 defined in Cartesian coordinates. The second boundary 161

corresponds to the estimated parameters of the retinal disc 210 (depicted in Fig. 2).

13
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At a step 170, pixels 172 of the coloured retina fundus image 111 that would fall within
the second boundary 161 of the template 164 are identified. The identified pixels 172
are copied into the second boundary 161 of the template 164. Notably, portions of the
retinal disc (a gray-scale example 210 I1s shown In Fig. 2) are cut off at a top and
pbottom of the coloured retina fundus image 111. As a result, the top and bottom of the
second boundary may not comprise any identified pixels, and are unoccupied. A
modified retina fundus image 171 based on the template 164 Is then constructed with
the 1dentified pixels 172 located within the second boundary 161. Figure 9 illustrates

the modified retina fundus image 171 constructed using the template 164 of Figure 8.

Any unoccupied pixel within the second boundary is filled in with a background colour
of the modified retina fundus image 171 and becomes a part of the background 173.

While not Illustrated In Figure 9, the default background colour In the exemplary

method 100 has an RGB value of [255, 0, 255].

Any background colour which allows a clear differentiation from the identified pixels

172 within the second boundary 161 may be the default colour.

Thereafter, the modified retina fundus image 171 Is ready to be inputted into the deep
learning model. If dimensions are not appropriate, the modified retina fundus image

171 can be rescaled to a suitable dimension e.g. 512 x 512" pixels.

Classification performance may further be improved by ensembling multiple training

models and having each ensemble include one deep learning model that is trained on

14
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the modified retina fundus images that have undergone local contrast normalization

(LCN).

Figure 10 illustrates an LCN-modified retina fundus image 1000. To perform LCN, a
large mean filter of kernel size “26 x 26” pixels Is applied over all pixels within the
retinal disc 1100 on all three RGB channels using a fast integral image implementation.
The value of each pixel I1s set to its original value, less the mean filter value. Finally,
each channel is then normalized using the mean and standard deviation statistics of all

valid pixels within that channel.

Using the exemplary method 100, the training method is not constrained to using
retinal fundal images captured from particular camera models or type of retina fundus
cameras. A large dataset available from existing health screening programs may also
be utilised to train the DLS such that the performance of the DLS in evaluating DR, GS,

and/or AMD can have translational impact in real-world screening programs.

(2) Training procedure of the DLS

The deep learning model is trained using the Caffe framework. A base learning rate of
0.001 with momentum of 0.9 Is used, with a weight decay of 0.0005. A step learning
rate policy with gamma parameter value of 0.98 and step size of 1000 iterations Is used.
The DR model Is trained by sampling from the training data with all valid classes
equally sampled from for 200000 iterations, and then with the original class distribution
for another 300000 iterations. The AMD and GS models are trained by sampling from
all valid classes equally sampled from for 200000 iterations. These training procedures

produce optimal results from all attempted variations, by empirical validation.
15
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To incorporate further variation into the training data, the input images are adjusted on-
the-fly in the following ways:

- Overall scaling, with uniform scale factor from 0.95 to 1.05

- Overall rotation, with uniform rotation factor from 0 to 359 degrees

- Horizontal flipping, with probability 0.5

- Brightness adjustment, with uniform scale factor from 0.7 to 1.3

(3) Classification of individual diseases

Each model has 'n° output nodes, corresponding to the clinically-relevant severity
classes for the targeted disease, In order of increasing severity. For example, the DR
model has five output nodes indexed from ‘0" to ‘4", with ‘0O’ representing ‘No DR’, ‘1
representing ‘Mild DR’, 2’ representing ‘Moderate DR’, ‘3’ representing ‘Severe DR’,

and 4 representing ‘Proliferative DR’.

After being trained, the output of the model can be interpreted as a probabilistic
prediction of the class of the input image. For example, If the five-node output for the
DR model is (0.80,0.10,0.05,0.03,0.02), it projects a 80% chance that the image is ‘No
DR’, a 10% change of ‘Mild DR’, a 5% chance of ‘Moderate DR’, a 3% chance of

‘Severe DR’ and a 2% chance of ‘Proliferative DR’.

For evaluation purposes, these values are converted into a single scalar value, by

multiplying the output value of each node with the index of the node. Continuing from

the above example, the model score would be (0.800+0.10%1+0.05*2+0.03*3+0.02*4)

16
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= 0.37. The model ensemble score value i1s defined as the mean of the constituent

model scores.

For each eye, at least two images corresponding to two standard fields of view — OD-
centered and macula-centered — are evaluated by the deep learning model. Each of
these Images Is first classified by a gradability model and a non-retinal model, to
determine whether it I1s acceptable for further evaluation. The eye Is rejected and
referred If all corresponding images are rejected. If there are sufficient images to
proceed, the model ensemble score value of the eye Is defined as the mean of the

model ensemble score value of the individual images.

For each Individual disease, a score threshold Is determined through empirical
validation on an unseen validation dataset. Eyes with a score at or above the threshold

are then classified as positive for the disease, and are classified as negative for the

disease otherwise.

(4) Training methodology

In the following section of the description, a training and validation methodology for a
DLS is discussed. The DLS is trained and validated to detect referable DR using nearly
500,000 retinal iImages, primarily in an on-going ‘real-world” national DR screening
program, with further external validation of the DLS in 10 additional datasets of multiple
ethnicities (with varying fundi pigmentation) In different settings (community,
population-based and clinic-based, with different retinal cameras). The performance of
the DLS In detecting two outcomes: referable DR, where patients are referred from the

screening program to ophthalmologists, and VT DR, which require more urgent referral
17
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and management, Is evaluated. A secondary analysis Is performed to determine the
ability of the DLS in detecting referable glaucoma suspects (GS) and referable AMD as
part of the DR screening program. Lastly, the performance of the DLS in detecting
overall referable status (referable DR, GS, AMD) is evaluated, and the DLS is applied
to two DR screening models: a “fully automated®™ screening model useful In
communities with no existing screening programs, and a “semi-automated”™ model In
which referable cases from the DLS have a secondary assessment by professional

graders.

Training datasets of the DLS

In this embodiment, a total of 493,667 retinal images for developing the DLS, including:
76,370 and 112,648 for DR; 125,189 and 71,896 for referable GS and; 71,616 and
35,948 for referable AMD are used for training and validation, respectively. Figures 11A
and 11B provide an overview on the number of images in each of the training and

validation datasets for referable DR, GS and AMD (Table 1).

The DLS for referable DR is developed and trained using retinal images of patients with
diabetes who participated in an on-going national DR screening program between 2010
and 2013 (SIDRP 2010-13) which used digital retinal photography, a tele-
ophthalmology platform and assessment of DR by trained professional graders. For
each patient, two retinal photographs (optic disc and fovea) are taken of each eye.
Referable eyes are re-graded by senior professional graders; if there Is discordant
findings, arbitration is performed by retinal specialists. Figure 12A and 12B summarizes

the training and validation datasets for DR (Table 2). Notably, in the primary validation

dataset, i.e. SIDRP 2014-2015, 6291 patients were repeats from SIDRP 2010-2013
18
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while 8,589 were unigue patients. Unique patients are the patients who did not appear
In the SIDRP 2010-2013 screening program and therefore, there are no overlaps in the

validation dataset of SIDRP 2010-2013 and the training dataset of SIDRP 2014-2015

for these patients.

For referable GS and AMD, the DLS is trained using images from SIDRP 2010-13 and
several additional population- and clinic-based studies of Singapore Chinese, Malay,

Indian patients with GS and AMD. Figure 13 summarizes the training dataset for GS

and AMD (Table 3).

Architecture of deep learning model

Using the exemplary method 100 of Figure 1, the coloured retina fundus image 111 is
modified to the modified retina fundus image 171 with dimensions scaled to 512 x 512
pixels before It I1s utilized by a deep learning model. The deep learning model Is
composed of eight convolutional neural networks (CNN), all using an adaptation of the
VGGNet architecture: (a) an ensemble of two networks for the classification of DR
severity, (b) an ensemble of two networks for the identification of referable GS (c) an
ensemble of two networks for the identification of referable AMD, (d) one network to
assess Image quality; and (e) one network to reject invalid non-retinal images. An
exemplary CNN 1410 of the deep learning model used to trained the DLS 1400 is

llustrated in Figure 14.

VGGNet produces state-of-the-art performance on the classification of retina images.
The training of a CNN 1410 to model DR is achieved by presenting the network with

batches of labeled training images. The CNN 1410 then incrementally learns the key
19
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characteristics of images belonging to each class. Multiple CNNs 1410 are trained to
obtain an image score by assembling the individual CNN scores. Likewise, the eye-
level classification I1s produced using all available images of an eye that are of

acceptable quality, and apply score thresholds determined from the training data.

As a preparatory step, each retinal photograph is first automatically segmented to
extract only the retina disc. This circular region of interest is then uniformly rescaled to
fit a standardized square template of dimension 512x512 pixels. The RGB values of the
modified retina fundus image 171 are then input as the three channels of the first layer
of the relevant convolutional networks 1410. The Input layer Is followed by a
succession of modules 1420. Each module 1420 begins with multiple convolutional
layers 1430 that |learn features at the current scale. Each convolutional layer 1430
contains a collection of feature maps, which values are communicated to the feature
maps In the next layer 1430 through 3x3 weight kernels 1440. Each module 1420 ends
with a 2x2 max-pooling layer 1450 that effectively downsamples the feature dimensions
by a factor of two, such that they can serve as the inputs to the next module 1420. The
series of modules 1420 terminates when the features output by the last module 1420
are features of dimension 1x1. Standard RelLU rectification and dropout layers are then
applied, before a final softmax output layer, that contains one output node for each
class trained for. Each convolutional network 1410 contains five such modules 1420,

for a total of 19 layers.

The ftraining procedure for each convolutional network 1410 Involves repeatedly
randomly sampling a batch of images from the training set, together with their ground

truth classification. The weight values of the convolutional network 1410 are then
20
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adjusted by gradient descent, which incrementally improves the general association
between images of a certain class, and the value of their corresponding output node.
Concurrently, the convolutional network 1410 automatically learns useful features at
each scale represented by its models, from the smallest-possible pixel level, to scales
approaching that of the original input. To expose the convolutional network 1410 to
additional plausible nput feature variations, a limited family of transformations is
applied to the input images, involving mirroring, rotation, and scaling by a small degree.
Each network 1410 is trained approximately to the convergence of its performance, on

a small held-out validation set.

For the classification of DR severity, an ensemble of two convolutional networks 1410
IS used. The modified retina fundus images 171 are provided as input to one network
1410, while locally contrast-normalized images (LCN) 1000 is provided as input to the
other network 1410. The output nodes of each network 1410 were indexed according
to Increasing severity of DR class, from 0 to 4. This allows the predicted DR severity to
be represented by a single scalar value, by summing the product of the value of each
output node, with its index. The final DR severity score Is then the mean of the outputs
of the two convolutional networks 1410. Classification of test images is then achieved
by thresholding the DR severity score for desired sensitivity/specificity performance, as
estimated from the validation set. A threshold of 0.9 Is selected as being adequate for
screening purposes. For the classification of AMD and glaucoma severity, a similar
procedure I1s followed, except that each of these conditions admits only three severity

classes, from 0O to 2. A threshold of 0.40 is selected for AMD, and 0.70 for glaucoma.

21
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Additionally, convolutional networks 1410 are trained to reject images for insufficient
Image quality, as well as for being invalid input (i.e. not being a retinal image). For the
latter model, a broad variety of natural images iIs used as the negative class, In training.
Images rejected by either of these models are considered as being recommended for
further referral, for the purposes of computing the experimental results. Once an image
IS analyzed, a report will be generated for the users. On average, the deep learning
model takes approximately 5 minutes to analyze 1000 images (0.3 seconds per image),

using a single graphic processing unit (GPU).

Validation datasets for referable DR, VTDR. referable GD and referable AMD

Detalls of the validation dataset are summarized in Figures 11A and 11B. For DR the
primary validation dataset I1s the same DR screening program among patients seen
between 2014 and 2015 (SIDRP 2014-15). The primary analysis determines if the DLS
1400 1s equivalent or better than the professional graders in detecting referable DR and

VTDR In the primary validation dataset.

The DLS 1400 is also externally validated using 10 additional multi-ethnic cohorts with
diabetes participants from different settings (community, population-based and clinic-
based). Dataset 1 consists of Chinese participants with diabetes screened in the
community by the Zhongshan Ophthalmic Center, Guangdong, China. Datasets 2-4
were Chinese, Malay, and Indian participants with diabetes recruited from the
population-based Singapore Epidemiology of Eye Disease (SEED) program. Datasets
5 and 6 was population-based studies of Chinese and African-American participants
from the Beijing Eye Study (BES) and the African American Eye Study (AFEDS)

respectively. Datasets 7 to 10 were clinic-based diabetes studies among Caucasians
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patients from the Royal Victorian Eye and Ear Hospital, Melbourne, Australia, Hispanic
patients from Instituto Mexicano de Oftalmologia Eye Center, Mexico, and Chinese
patients from the Chinese University of Hong Kong, and University of Hong Kong.

There are no overlaps of patients in all datasets.

For secondary analysis of referable GS and AMD, the DLS 1400 is also validated in the

primary validation cohort of SIDRP 2014-15.

Finally, using the same primary validation cohort, comparison of the two DR screening
models (fully automated vs semi-automated model for detection of overall referable

status (referable DR, GS or AMD) is performed.

Retinal photography protocols

Different cameras are used across the cohorts. Non-mydriatic 2-field (optic disc and
fovea-centerd) retinal photography is performed for all eyes of SIDRP, Guangdong
Chinese, and Mexican Hispanic participants. Mydriatic 2-field retinal photography is
performed for Singaporean Chinese Malay, Indian, Beijing Chinese, African Americans,
Caucasians and Hong Kong Chinese patients. Retinal images are not captured in a
standardized fashion across the sites (i.e. different flash setting, status of pupil dilation,
width of field (35 degrees and 45 degrees) and cameras (Topcon, FundusVue, Canon
and Carl Zeiss). All retinal images are with JPEG compression format, with resolutions

between 5-7 megapixels, except for Hispanic images (mostly <1 megapixel).

Definition of referable DR, VTDR, referable GS and referable AMD
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DR levels from all retinal images are defined using the International Classification DR
Scale. Referable DR is defined as a diabetic retinopathy severity level of moderate
non-proliferative DR (NPDR) or worse, diabetic macular edema (DME) and/or
ungradable image and; VIDR, as severe NPDR and PDR. DME Is assessed as
present iIf hard exudates are detected at the posterior pole of the retinal images. If more
than one-third of the photo I1s obscured, it will be considered as “ungradable” and the
individual considered to have referable DR. Referable GS is defined as vertical
cup/disc diameter ratio of =20.8, focal thinning or notching of the neuroretinal rim, optic
disc haemorrhages, or localized retinal nerve fibre layer defects. Using the Age-
Related Eye Disease Study (AREDS) grading system, referable AMD is defined as the
presence of Intermediate AMD (numerous medium-sized drusen, 1 large
drusen >125um in greatest linear diameter, non-central geographical atrophy (GA)

and/or advanced AMD (central GA or neovascular AMD).

Reference standards

For the primary validation dataset (SIDRP 2014-15), the reference standard is a retinal
specialist grading. The performance of the DLS 1400 is evaluated to this reference
standard. The performance of DLS 1400 is then compared to that of the professional

graders’ assessment, with reference to the retinal specialist grading.

For all other retinal images from validation datasets 1 to 10 (presented in Figure 11A),

trained professional graders in their own countries are the reference standard and the

performance of the DLS 1400 is evaluated to this standard.
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For secondary analysis on referable GS and AMD, the reference standard is a
glaucoma specialist and a retinal specialist, respectively. For overall referable status
using fully automated versus semi-automated model, the reference standard is a retinal

specialist (for referable DR and AMD) and glaucoma specialist (referable GS).

Statistical analysis

Initially, the area under the curve (AUC) of the receiver operating characteristic (ROC)
curve of the DLS 1400 on the training dataset of the SIDRP 2010-13 is calculated
across a range of classification thresholds. The classification threshold that achieved a
pre-determined optimal sensitivity of 90% for detecting referable DR and VITDR Is then
selected. |t is hypothesized that the performance of the DLS 1400 is comparable to the
professional graders’ performance, and the threshold point of the DLS 1400 is pre-set
at a sensitivity of 90% (SIDRP graders had previously achieved this level). Similarly, for
referable GS and AMD, the threshold point is pre-set at sensitivity and specificity of
90% and 80%, respectively. The pre-set threshold for sensitivity or specificity of DLS

1400 can be adjusted depending on specific needs of screening programs.

For the primary analysis, the DLS 1400 performance in the setting of the ongoing DR
screening program (SIDRP 2014-15, primary validation set) is evaluated by
determining whether the DLS 1400 achieved optimal performance and is equivalent or
superior to the assessment of DR by professional graders In the screening program.
Thus, the AUC, sensitivity, specificity, positive predictive value (PPV) and negative
predictive value (NPV) of DLS 1400 in detecting referable DR and VTDR is computed
to the reference standard (retinal specialist) at individual eye levels, and the DLS 1400

IS then compared with the assessment by professional graders. For comparing
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diagnostic tests, computation of 95% confidence intervals (Cl), absolute difference in
the true positive fraction (TPF, sensitivity) and false positive fraction (FPF, 1-specificity)
between the DLS 1400 and professional graders, with reference to the gold standard
(retinal specialist) Is recommended. McNemar's test is performed for paired proportions

5  to check for significant differences in each fraction between DLS 1400 and graders.

The following subsidiary analyses are performed. First, patients who appeared both In
the SIDRP 2010-13 training set and primary validation set of SIDRP 2014-15 (n=6291,
who were seen more than once in SIDRP) are excluded, and the above analyses are
10 repeated to avoid data contamination between training and validation dataset. The
patient is treated as having “referable DR” if either eye had referable DR. Second, the
DLS 1400 performance is evaluated only in higher quality images with no media
opacity (e.q. cataracts), as noted by professional graders. Third, the AUC sub-groups
stratified by age, gender and glycemic control are computed to evaluate DLS 1400
15 performance on patients’ with different characteristics. Fourth, all analyses are
repeated on the 10 multi-ethnic validation sets (Datasets 1-10, described above), with

reference to trained graders.

For the secondary analysis, the DL 1400S performance in detecting referable GS and
20  AMD, i1s evaluated with reference to a glaucoma specialist and a retinal specialist,

respectively using the primary validation dataset (SIDRP 2014-15).

Lastly, a comparison of the two different screening models: “fully automated” versus
“semi-automated” in detection of overall referable status (referable DR, GS or AMD) is

25 done. Figure 15 lllustrates 2 flowcharts for the two different screening models.
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Flowchart A shows the fully automated system 1510. In the fully automated system
1510, all retinal images are analyzed by the DLS 1400 for DR, GS and AMD. The
retinal Images are classified as ‘referable’ if any one of the 3 conditions: referable DR,
referable GS or AMD is detected. The patient is then referred to a tertiary eye center. If
the retinal images are classified as ‘non-referable’, then the patient is scheduled to be
rescreened In a year. In the fully automated system 1510, no human graders are
needed. Flowchart B shows the semi-automated system 1520. The semi-automated
system 1520 follows the same procedure as the fully-automated system 1510 except
where retinal images are classified as ‘referable’, the retinal images go through a
secondary grading by manual graders where the retinal images are reclassified as

either ‘referable’ or ‘non-referable’.

Asymptotic two-sided 95% CI| which adjusted for clustering by patients are calculated
and presented for proportions (sensitivity, specificity, PPV and NPV) and AUC
respectively. In a few exceptional cases that the estimate of sensitivity Is at the
boundary of 100%, the exact Clopper-Pearson method is used instead to obtain CI
estimates. All analyses are performed using Stata version 14 (StataCorp, College

Station, Texas, USA).

Results

Amongst 76,370 images (38,185 eyes) In the training dataset, 11.7%, 3.0%, 1.4% had
any DR, referable DR and VIDR, respectively, while in the combined primary and
external validation dataset of 112,648 images (59,324 eyes), these are 14.8.3%, 5.3%

and 1.5%, respectively. The DR results are summarized in Figures 12A and 12B. For

GS and AMD, 2,658 images (1,329 eyes) and 2,499 images (2,499 eyes) are
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considered ‘referable’ for each condition, respectively. The GS and AMD results are
summarized In Figure 13. Figure 16 Iillustrates the overall demographics, diabetes
history and systemic risk factors of patients attending SIDRP 2014-15 (primary

validation set) (Table 4).

Figure 17 illustrates the diagnostic performance of DLS 1400 compared to professional
graders, with reference to the retinal specialist standard, using the primary validation
dataset (SIDRP 2014-15) (Table 5). As illustrated in Figure 20A-20C (Graph A), the
AUC of the DLS 1400 is 0.936 for referable DR and 0.958 for VIDR. Sensitivity and
specificity of DLS 1400 in detecting referable DR is comparable to professional graders
(DLS: 90.5%/91.6% versus graders: 91.2%/99.3%). For VIDR, the sensitivity and
specificity of DLS 1400 i1s 100% and 91.1% respectively, compared to 88.5% and
99.6% In graders. Amongst eyes with referable DR, the DME detection rates are 92.1%
and 98.2% for DLS 1400 and graders, respectively. The DLS 1400 is more sensitive

(100% vs 88.5%) In detecting VIDR, with a TPF that is greater by 11.5% (Table 5).

In subsidiary analyses, the robustness of the DLS 1400 is confirmed in several ways.
First, the DLS 1400 showed comparable performance to professional graders in all
8,589 unique patients of SIDRP 2014-15 (with no overlap with training set), with results
similar to the primary analysis as illustrated in Figure 18 (Table 6). Second, In the
subset analysis of 97.4% eyes (n=35,055) with excellent retinal image quality (no
media opacity), the AUC of the DLS 1400 for referable DR and VTDR increased to
0.949 (95% CI: 0.940 - 0.957) and 0.970 (0.968-0.973), respectively. Third, DLS 1400
showed comparable performance In different sub-groups of patients stratified by age,

gender and glycemic control as illustrated in Figures 20A-20C (Graphs B1, B2, B3
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respectively). Fourth, the DLS 1400 was robust with respect to multi-ethnic populations
of different communities, clinics and settings. Among the additional validation datasets
presented in Figure 11A (Datasets 1 to 10), the AUC, sensitivity and specificity of
detecting referable DR ranged from 0.889 to 0.983; 91.8% to 100% and; 73.3% to
92.2% respectively; with VT DR detection rate of 93% to 100% as illustrated in Figures
19A and 19B (Table 7). Figure 20A-20C (Graph C1 and C2) presents the ROC curves

for DLS 1400 for detecting referable DR and VTDR in the 10 validation cohorts.

For secondary analysis, the AUC, the sensitivity and specificity of DLS 1400 were

0.942. 96.4%, 87.2% for referable GS and 0.931, 93.2% and 88.7% for referable AMD,

respectively as illustrated in Figure 21 (Table 8).

It is shown that the DLS 1400 can be used in two screening models: the fully

automated model had sensitivity and specificity of 93.0% (95%CI 91.5%-94.3%) and
77.5% (95%CI 77.0%-77.9%), respectively to detect overall referable cases (referable
DR, GS or AMD) while the semi-automated model had 91.3% (95%CI 89.7%-92.8%)

and 99.5% (95%CI| 99.5%-99.6%), respectively.

In all validation sets (datasets 1 — 10) shown in Figure 11A, the repeatability of DLS

1400 was 100% when the same images were tested twice, with DLS 1400 producing

grading outcomes that were identical between the first and repeated readings for all

images for referable DR, VTDR, GS and AMD.
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Using nearly half a million retinal images from multi-ethnic datasets across the world,

the use and applicability of the DLS 1400 for DR screening is shown in several key

features. First, the DLS 1400 is validated in an on-going national screening DR

program In Singapore, in which patients are not pre-selected based on criteria. The

performance of the DLS 1400 is shown to be comparable to the current DR screening
system based on assessment of retinal images by trained professional graders. The
consistency and diagnostic performance of the DLS 1400 is validated using 10

additional external validation datasets with different ethnicities and settings (patients’

demographics, glycemic control, status of pupil dilation, retinal cameras, flash settings

and width of field for retinal images). Second, the diagnostic performance of the DLS

1400 is excellent not only when screening for referable DR and VTDR, but also two

common vision-threatening conditions (referable GS and AMD) (all AUCs>0.92; all
sensitivity >90%, all specificity >85%) which Is important for clinical acceptability of
such DLS 1400 for adoption in the real world. Finally, the DLS 1400 can be deployed
IN two DR screening models: a “fully automated”™ screening model which showed

optimal diagnostic performance to detect all 3 conditions iIn communities without any

existing DR screening programs or a “semi-automated” model in which DR screening

programs already exist (e.g., UK, Singapore) but the DLS 1400 can improve efficiency,

reduce cost and conserve human resources. Adoption of DLS 1400 system into real-

world settings can therefore increase the number of screening episodes without the

current need for infrastructure and human resources.

Using the exemplary method 100 to modify retinal images to a form that is suitable for

input into the DLS 1400, the DLS 1400 can be applied to screen a wide variety of
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retinal photograph types, due to the diversity and size of the training datasets used
during model construction. Consequently, the DLS 1400 has consistent diagnostic
performance across different patient profiles, with varying image quality, different
camera types, systemic glycemic control level and across multiple ethnicities (i.e. from
darker fundus pigmentation in Africans Americans and Indians to lighter fundus In
Caucasians). |n addition, the DLS 1400 diagnoses multiple common eye diseases
(referable DR and VTDR, referable GS and AMD) to acceptable clinical performance

guidelines.

It Is noted that minority groups in US (e.g. Hispanics and African Americans) have
lower DR screening rates. The DLS 1400 showed excellent performance for the
detection of referable DR In African Americans and Hispanics, with corresponding
AUCs of 0.980 and 0.950, respectively as shown by data presented in Figure 19A and
19B (Table 7). The VIDR detection rate was >97% In both ethnic groups. The use of

this DLS 1400 may therefore bridge the screening gap by improving accessibility.

The DLS 1400 may be utilized as an automated first-cut tool for general eye screening
of large populations. The DLS 1400 may also be utilized as an automated assistant for
clinicians and graders to get a second opinion. Alternatively, the DLS 1400 may also be

utilized as a standalone on-demand eye diagnosis service over the Internet.
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CLAIMS

1. A method of modifying a retina fundus image for a deep learning model, the method
comprising:

(i) converting a retina fundus image to a binary image, pixels of the retina
fundus image being converted to low intensity modified pixels and high intensity
modified pixels of the binary image;

(ii) determining a first boundary between the low intensity modified pixels
and the high intensity modified pixels;

(iii) removing outlier boundary values from the first boundary and
constructing a second boundary from remaining boundary values, the second
boundary corresponding to estimated parameters of a retinal disc;

(iv) identifying the pixels of the retina fundus image that are within the
second boundary; and

(v) constructing a modified retina fundus image for the deep learning model,

the modified retina fundus image comprising the identified pixels.

2. A method according to claim 1, wherein the retina fundus image is a grayscale
image.
3. A method according to claim 2, further comprising converting a coloured retina

fundus image to the grayscale retina fundus image using green channel values prior

to converting the retina fundus image in (i).

4, A method according to any preceding claim, wherein converting the retina fundus
image in (i) comprises classifying the pixels of the retina fundus image with
corresponding intensity values below a predefined intensity threshold as the low
intensity modified pixels and the pixels of the retina fundus image with
corresponding intensity values above the predefined intensity threshold as the high

intensity modified pixels.
5. A method according to claim 4, wherein each of the low intensity modified pixels
has an intensity value of 0 and each of the high intensity modified pixels has an

intensity value of 255.

6. A method according to any preceding claim, wherein converting the retina fundus

image in (i) is performed using two-class Otsu algorithm.

32



10.

11.

12.

13.

14.

15.

16.

A method according to any preceding claim, further comprising capping pixel
intensity of the retina fundus image at a pre-set maximum intensity, prior to

converting the retina fundus image in (i).

A method according to claim 7, wherein the maximum intensity is pre-set to 50.

A method according to any preceding claim, further comprising defining the binary

image in terms of polar coordinates, prior to determining the first boundary in (ii).

A method according to any preceding claim, wherein the high intensity modified
pixels are located within the first boundary and the low intensity modified pixels

are located outside the first boundary.

A method according to any preceding claim, wherein determining the first boundary
comprises defining the first boundary in terms of boundary values in polar

coordinates.

A method according to claim 11, wherein removing outlier boundary values
comprises

computing a mean radial value from the boundary values; and

removing the boundary values with radial values that are undefined or

deviate from the mean radial value.

A method according to claim 12, wherein the boundary values which deviate from

the mean radial value by more than 10 units are removed.

A method according to any preceding claim, further comprising applying quadratic

regression to the remaining boundary values to construct the second boundary.

A method according to any preceding claim, further comprising defining the second

boundary in Cartesian coordinates, prior to identifying the pixels in (iv).

A method according to any preceding claim, wherein constructing the modified
retina fundus image comprises

copying the identified pixels into the second boundary; and

filling unoccupied pixels within the second boundary with a background of
the modified retina fundus image.
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17.

18.

19.

A method according to any preceding claim, further comprising rescaling the

modified retina fundus image to 512 x 512 pixels.

A non-transient computer readable medium storing executable instructions when
executed by a processor causes the processor to perform the method according to

any preceding claim.
A deep learning system for screening eye diseases, the deep learning system

including a dataset trained by the retina fundus image of any one of claims 1 to
17.
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