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Abstract—Screening for diabetic retinopathy in diabetic pa-
tients is the most effective way to reduce the risk of sight loss. The
demand for screening is increasing, and the currently overloaded
medical doctors can not efficiently attend it. Therefore, there is a
need for a methodology to automate and increase the efficiency
of screening. In this study, we discuss the development of deep
neural networks to detect diabetic retinopathy. We have achieved
0.93 area under the receiver operating characteristic curve.

I. INTRODUCTION

Diabetes is a chronic disease associated with hyperglycemia
due to failure in the insulin release or insulin resistance. It
has an increasing prevalence, currently affecting 12% of the
Brazilian population [[16]. High blood glucose levels (Hyper-
glycemia) cause damage to the blood vessels of the retina
(diabetic retinopathy), potentially leading to blindness. As a
prevention method, retinographies are taken and analyzed by
ophthalmologist doctors to evaluate whether a person suffers
from this symptom [14]. Effective screening for diabetic
retinopathy that is evaluated by ophthalmologists has been
proven to reduce the risk of sight loss [1]. However, the
assessment for retinopathy in our country is low (13.2% at
primary health care, 11.5% at Family Health teams, 14.9% at
Basic Health Care Units, and 35.9% at the tertiary health care
unit) [[13]]. There is a significant shortfall of ophthalmologists
in developing countries, and resources are limited [[11]].

In this context, machine learning offers a prime opportunity
to perform detection on a large scale within a limited budget.
A neural network model can make an initial analysis of retino-
graphies taken by a technician. This process serves as a filter,
thus reducing the number of ophthalmologists required [2],
131, (40, [5].

We perform this work in collaboration with Endocrinology
Division of Hospital de Clinicas de Porto Alegre, as a part
of the project “Diabetic retinopathy screening in patients with
diabetes mellitus: validation of innovative method (machine
learning). In this study, we show the results obtained with
deep, convolutional neural networks using inception v3. We
demonstrate that higher resolution increases the average neural
network accuracy. We reach over 0.93 area under the curve
(AUCQ) in the receiver operating characteristic (ROC) of our
best model.
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In Section we discuss the related work covering the
used techniques and their application to diabetic retinopathy.
In Section we show the results we obtain with our models
while detailing the methodology and the effects observed with
changes applied in images. In Section we conclude this
work and briefly discuss our future directions.

II. BACKGROUND

Machine learning has gone through a revolution in the last
decade. The increase in computational power has enabled
artificial intelligence researchers to create much more complex
models. Although Hornik et al. [6] formally proved that
neural networks with a single hidden layer could be universal
approximators, specialization of multiple layers has shown that
these “approximators” can become accurate enough to perform
human tasks.

One particularly well-known case is the deep convolutional
neural network [9]. It emulates human eye behavior by filtering
sub-areas of the eye through convolutions. That is, instead of
connecting all layers of neurons as in a regular neural network,
it constructs a layer by combining sectors of neurons from the
previous layer, as seen in Figure |1} Each neuron observes only
a portion of the image, much like in the human eye. Con-
volutions between different regions create the identification
of shapes, defining features that will identify classes. Thus,
deep CNNs have layers that automatically perform feature
engineering. By combining multiple layers of convolution,
max-pooling, rectified linear units, and fully connected layers,
a convolutional neural network can accurately identify objects
in an image [8].

Several works have improved the field of computer vision,
with many focusing on the Imagenet dataset in the “Imagenet
Large Scale Visual Recognition Challenge” (ILSVRC) [12].
The most popular and currently used architecture for a deep
neural network is the Inception architecture [[LS]]. The idea be-
hind inception is to use features from multiple resolution levels
in an efficient way, using a very deep neural network, and
exploiting general-purpose graphic processing units (GPGPU)
to train the neural network efficiently.

These ideas have recently been used to detect diabetic
retinopathy in retinographies. In Gulshan et al.’s work [5],
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Fig. 1. Convolutional Neural Network abstraction. Source: https://www.mathworks.com/

a convolutional neural network-based in the Inception archi-
tecture version 3 is used. They feed the neural network with
the data from three Indian hospitals (Aravind Eye Hospital,
Sankara Nethralaya, and Narayana Nethralay) and the Eye-
PACS dataset [2]. For validation of the network, they used
additional EyePACS images and the Messidor-2 dataset [3l.
An essential step in their procedure was to reevaluate all
images with several graders. Their algorithm achieved an AUC
of the ROC of 0.991 for EyePACS and 0.990 for Messidor-
2. Thus by selecting a high sensitivity point, the algorithm
achieves 97.5% sensitivity and a 93.4% specificity for the
EyePACS dataset; and it achieves 96.1% sensitivity and 93.9%
specificity for the Messidor-2 dataset.

These results are far superior to other works on the same
task [10], [L7], [L19], [4]. A recent study by Voets et al. [18]
attempted to reproduce these results with the EyePACS dataset
available in the Kaggle competition for diabetic retinopathy ﬂ
but it was not able to do so. After a significant change to
the activation function of the final layer, the reproduction
algorithm was able to achieve 0.94 AUC for EyePACS and
0.80 AUC for Messidor. The authors of the reproduction point
four possible reasons for this difference; first, the reproduction
had a single grade per image, whereas the original study had
multiple grades as mentioned above. Second, the published list
of hyper-parameters from the original study does not detail
the normalization method and validation procedure used, so
the reproduction algorithm is not able to achieve the same
level of tuning like the original. Third, there might be errors
in the original study or methodology. Fourth, the reproduction
study has errors in its methodology. The study demonstrates
the difficulty of reproducing a deep learning algorithm without
an available model or code. The models are complex, and any
lack of information will make the reproduction of a model
incomplete.

Krause et al. [[7] extended the original work. The focus of
this study is to use adjudication to quantify errors in diabetic

Thttps://www.kaggle.com/c/diabetic-retinopathy-detection/data

retinopathy grading based on individual graders and majority
decision. They use the improved data to train a better neural
network, using the Inception v4 architecture and increasing
the resolution of the images for training. The work has found
that out of the discrepancies between adjudication by retinal
specialists and the majority decision of ophthalmologists, the
most common were missing microaneurysms (36%), artifacts
(20%), and misclassified hemorrhages (16%). They then com-
pare the performance of the ophthalmologist majority decision
(OMD) and the deep learning algorithm (DLA), using the
adjudicated consensus of retinal specialists as the reference
standard. For moderate or worse diabetic retinopathy, the
OMD obtains 83.8% sensitivity and 98.1% specificity, whereas
DLA obtains 97.1% sensitivity, 92.3% specificity, and AUC
of 0.986. Thus they found that by using a small number
of adjudicated consensus grades from retinal specialists as
a tuning dataset and higher-resolution images as input, the
algorithm improved in AUC from 0.934 to 0.986 for moderate
or worse diabetic retinopathy detection.

In this study, we base our code on Voets’ reproduction [18]],
but adapting ideas from the more recent work from Krause et
al.” [7]], such as higher resolution for input images.

III. EXPERIMENTS
A. Algorithm Development

For an initial assessment of the viability of using ma-
chine learning as a screening tool, we trained ten neural
networks based on the Inception v3 architecture. We used
the same parameters available in Gulshan et al. ’s work [3]]
and its reproduction [18]]. Our initial codebase is the repro-
duction’s codebase, available in https://github.com/mikevoets/
jamal6-retina-replication. All networks were initialized with
imagenet weights for all layers except the fully connected
layer on top, which received random weights. In Figure [2}
the 42 layers and operation of the Inception v3 architecture
are detailed.

As input, we used Kaggle’s EyePACS dataset, redimen-
sioning every picture to 2992299 pixels. The dataset contains
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Fig. 2. Inception V3 architecture. Source: https://cloud.google.com/tpu/docs/images/inceptionv3onc—oview.png

88,612 images, where 65, 343 have no signs of disease; 6,205
present mild retinopathy; 13,153 present moderate retinopa-
thy; 1,997 present grave retinopathy; and 1, 914 present prolif-
erative retinopathy. We split these images into binary training
and testing datasets. Thus, we perform a binary classification:
either the patient has mild or no retinopathy (class 0), or he
presents moderate or worse retinopathy (class 1). We used
the same data augmentation techniques to increase the set
of conditions in the training dataset artificially: left to right
flip, random saturation, random hue, random brightness, and
random contrast. Currently, we only transform the images and
do not add any new image.

The training dataset consists of 40,688 images in class 0
and 16,458 images in class 1. We use 80% of the training
dataset to optimize the weights of the neural network and 20%
of the dataset to tune hyperparameters, such as cross-entropy
and AUC.

B. Receiver Operating Characteristic Curves of the Ensem-
bles

To illustrate the performance of our models, we used
receiver operating characteristic curves. These are graphical
plots to illustrate the performance of a binary classification
system given different discrimination thresholds. One axis
represents the true positive rate, also known as sensitivity,
while the other represents the false positive rate, also known as
specificity. Sensitivity is a ratio between the number of images
in class 1 the model correctly labeled as class 1 and all images
in class 1. Specificity is a ratio between the number of images
in class O the model correctly labeled as class O and all images
in class 0. Each curve in our figures has 200 threshold points.

Figure [3| presents the receiver operating characteristic curve
of the ensemble model composed of the ten neural networks.
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Fig. 3. Receiver Operating Characteristics of the ensemble model composed
of ten neural networks with 2992299 pixels input image resolution.

The three chosen points indicate a high specificity point, a
maximum gain point, and a high sensitivity point. The high
specificity point achieves 95.02% specificity, 51.05% sensi-
tivity. The maximum gain point achieves 81.78% specificity,
80.26% sensitivity. The high sensitivity point achieves 58.30%
specificity, 95.10% sensitivity. The AUC of this model’s ROC
is 0.89.

To improve upon this model, we have discussed with the
endocrinologists from the collaborating hospital regarding the
disease. We have found that the lesions and details of the
disease can be represented in tiny segments of the image,
which led us to increase the resolution of the input image,
much like Krause et al.’s work.

Figure [] presents the ROC curve of the ensemble model
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Fig. 4. Receiver Operating Characteristics of the ensemble model composed
of ten neural networks with 5002500 pixels input image resolution.

composed of the new ten neural networks. We can observe
a drastic improvement, especially on the trade-off for a high
sensitivity point, which now achieves over 60% accuracy. The
high specificity point achieves 95.17% specificity, 73.49% sen-
sitivity. The maximum gain point achieves 90.53% specificity,
82.85% sensitivity. The high sensitivity point achieves 64.46%
specificity, 95.1% sensitivity. The AUC of this model’s ROC
is 0.93.

IV. CONCLUSIONS

In the healthcare context, sensitivity to screen a disease is
the most critical metric of a detection mechanism. Detection of
inexistent illnesses is not a serious problem when compared
to an undetected illness that may require urgent treatment.
However, if a predictive model aims to be efficient in re-
ducing the load on ophthalmologists in public health, then
the accuracy of the model represents how much it can save
in a percentage. In this study, we have shown how a simple
change to a neural network can impact its performance. Given
the same sensitivity, higher resolution images provided an
improvement of 6% in the accuracy of the detections. For
the receiver operating characteristic curve, the area under the
curve changed from 0.89 to 0.93.

We are currently working on improving the model. Our
current idea is to use Inception v4, and obtain a specialized
dataset to tune the model, as Krause et al. have done. Research
on hyperparameters should also be considered, given the much
higher area under the curve obtained in their research. Finally,
the largest source of difference is the dataset available to
us. Unfortunately, large datasets are not readily available. In
the future, we will fuse smaller datasets to create a more
extensive training dataset with varied camera configurations,
which should help the network to generalize artifacts from
different cameras better.
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