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1. INTRODUCTION

The mammalian retina is a neuroectodermal tissue specialized in detecting and
transforming light into electric impulses. The retina consists of six main types of neural
and additional glial cells in a highly organized arrangement, which in combination with
its relatively easy histological harvesting and isolation methods makes it a widely used
and popular model in neuroscience. Diabetes mellitus (DM) is a systemic disease
affecting several organ systems through microangiopathy and neurodegeneration. The
complications associated with DM are a severe burden on modern societies, which is
also due to its socioeconomic impact.

In the present work we assess the retinal changes associated with diabetes mellitus in a
clinical setting and in an animal model, coupled with some aspects in the development

of automated screening tools for diabetic retinopathy (DR).
1.1. The structure of the mammalian retina

The mammalian retina can be divided into two parts based on its sensitivity to light
impulses. The area separating these two parts is called the ora serrata. The
light-sensitive part can be divided into the retinal pigment epithelium (RPE) and the
neural retina. The latter consists of several layers of cell bodies and dendrites in the
following order from the RPE towards the vitreous: outer segments (OS); inner
segments (IS) and nuclei (outer nuclear layer — ONL) of the photoreceptors; outer
plexiform synaptic layer (OPL); inner nuclear layer (INL) including the cell bodies of
bipolar, amacrine, and horizontal cells; inner plexiform layer (IPL); and finally the cell
bodies (ganglion cell layer — GCL) and axons (retinal nerve fiber layer - RNFL) of the
retinal ganglion cells. The RNFL runs into and builds the optic nerve (ON), forwarding
the electric impulses towards specific cerebral regions [1]. Finally, there are two further
retinal layers mainly built up by the pedicles of the Miiller glia cells, and the outer and
inner limiting membranes (OLM and ILM) [2].

1.1.1. The histological particularities of the human and rat retinas

In contrast to other mammals, the primate retina has an approximately 5500 pm
diameter area located in the visual axis, called the macula lutea. In the central 250-350

um of the fovea is the foveola, containing exclusively a large number of cones. Moving



outwards, the density of cones decreases until it reaches rod dominance outside the
macula lutea [3, 4]. Moreover, the vasculature of the human retina forms a temporal and
nasal arcade, whereas the capillaries border the central foveal avascular zone.

Rats, being nocturnally active animals, have retinas with general rod dominance and
only a fraction of the cone density of the human retina [5]. There is no macula lutea or
fovea on the posterior pole; rats instead have a broad longitudinal zone called the visual
streak with a higher proportion of cone photoreceptors. As opposed to the human retina,

the retinal blood vessels are radially organized [4, 6].
1.1.2. Zucker Diabetic Fatty rat — animal model of type 2 diabetes mellitus

A number of different animal models of type 2 diabetes mellitus (T2DM) are available
that develop a partial or complete insulin deficiency-induced hyperglycemia, insulin
resistance, and a pancreatic B-cell deficiency mostly but not necessarily accompanied by
obesity, which is a key component of T2DM. This obesity can be caused by a
spontaneous or voluntary mutation of leptin or its receptor [7]. In our studies, we used
Zucker Diabetic Fatty rats (ZDF) in which T2DM occurs in the males at the age of 8-10
weeks as a result of a leptin receptor mutation and a hitherto unidentified transcriptional
B-cell defect [8]. The leptin receptor homozygous recessive rats (ZDFfa/fa) become
obese with significantly elevated glycosylated hemoglobin, free fatty acid, triglyceride,
and cholesterol; from the age of twelve weeks they have persistently elevated blood
glucose levels [9, 10]. As a result of B-cell apoptosis, their insulin levels drop
substantially approximately two months later, resembling the pathomechanism of
human T2DM [10, 11]. Meanwhile, the control group (ZDF lean) with the dominant
allele of the leptin receptor mutation (ZDF Fa/Fa or Fa/fa) does not show any signs of

DM. At the initial stage, a hyperinsulinemia is characteristic in ZDF rats.
1.2. The ophthalmological aspects of diabetes mellitus

DM is a chronic metabolic disease with not only a severely impaired carbohydrate
metabolism but concomitantly also an impaired lipid and protein turnover due to the
complete or relative insulin production deficiency and thus the lack of the insulin effect
[12].



The complications of DM can affect almost all structures of the eye. Infections of the
eyelids, cornea, and conjunctiva; accommodation disorders; a characteristic "snowflake
cataract”; primary open-angle glaucoma; and recurrent injuries of the cornea due to poor
wound healing are common. Diabetic neuropathy (DNP) can affect the cranial nerves as
well as the ocular muscles, and early on may lead to diabetic keratopathy [13].
Microangiopathy and ischemia can drive the production of various growth factors and
thus lead to neovascularization, which may in turn lead to secondary rubeotic glaucoma,
both of which have poor visual prognosis. Transient visual disturbances can occur
during hyperglycemic episodes due to osmotic thickening of the lens, while permanent
visual impairment occurs mostly due to diabetic macular edema (DME) or proliferative
diabetic retinopathy (PDR). It is known that DM patients with poor glycemic control

develop visually significant cataracts approximately 5 years earlier than average.
1.2.1. Pathophysiology — diabetic neuropathy and microangiopathy in the eye

Impaired glucose metabolism in DM causes an emergence of alternative pathways of
carbohydrate turnover (e.g., the sorbitol, hexosamine, or AGE-related pathways) [14].
These together lead to the increased activation of protein kinase C and the accumulation
of reactive oxidative and advanced glycation products, which on the one hand directly
alter the protein synthesis, while on the other hand increase the cytoplasmic levels of
different inflammatory mediators and growth factors (interleukins, vascular endothelial,
platelet-derived and insulin-like growth factors etc.) [15].

With the acceleration of protein glycation and cytokine accumulation, morphological
and functional damage occurs: increased blood viscosity and platelet adhesion,
thickening of the capillary basement membranes, and abnormal endothelial proliferation
lead to focal capillary thromboses and later retinal ischemia. Meanwhile, pericyte
damage paired with impairment of the endothelial tight junctions and weakening of the
capillary walls results in intraretinal hemorrhages as well as to fluid and protein
extravasation, leading to further deterioration of the blood supply [16].

The role of diabetic neurodegeneration in the development of DR has been recently
explored in more detail. Animal studies have shown histological changes such as
amacrine and Miiller-cell apoptosis, whereas thickness alterations of the retina or its

different layers (RNFL, GCL, IPL) were reported by optical coherence tomography



(OCT) in early stages of DR [17-22]. Early functional changes in humans such as
reduced contrast sensitivity or electroretinographic alterations point to a
neurodegenerative component of DR before the appearance of the typical diabetic
changes [23, 24].

1.2.2. Diabetic retinopathy

Worldwide estimates suggest that after a disease duration of twenty years, 75% of
T1DM and 50% of T2DM patients develop at least some form of DR [25]. Other
evidence suggests that already after a fifteen-year disease duration, 10% of DM patients
experience severe visual impairment, with 2% being legally blind [26].

In Hungary in particular, Toth et al. described a prevalence of DM (798,300) and DR
(160,500) among the Hungarian population over 50 years of age in 2018 [27].
According to their work, the yearly costs in Hungary related to diabetes will rise from
146 million USD (2016) to 168 million USD by 2045, with current annual per-patient
costs of almost 200 USD [28].

Characteristic early signs of retinal damage are the microaneurysms, intraretinal
bleeding, and microinfarcts caused by the disturbances of the axonal circulation with
surrounding focal edema called cotton-wool spots. Later on, due to the increased growth
factor production, existing small blood vessels transform increased endothelial
proliferation and shunt formation, resulting in intraretinal microvascular abnormalities
or retinal neovascularization. This latter sign is a characteristic of the most advanced,
sight-threatening stage of DRP, called proliferative diabetic retinopathy. At this stage,
the consequent retinal ischemia leads to abnormal vascular proliferation and fibrotic
transformation, and hence to the development of vitreous hemorrhages, vitreoretinal
traction, and retinal tear or detachment, resulting in the loss of vision.

The severity grading of DR and DME in clinical trials is still based on the Early
Treatment Diabetic Retinopathy Study (ETDRS) severity scale that serves as the gold
standard, its use has proven to be complicated for everyday practice. A simplified
classification of DR and DME based on the ETDRS criteria was developed by the
American Academy of Ophthalmology (AAO), called the International Clinical

Diabetic Retinopathy Disease/Macular Edema Severity Scale; this allows a rapid



classification with technical requirements that are more suitable for the everyday

clinical setting [29].
1.2.3. Diabetic macular edema

Due to the aforementioned impairment of the capillary barrier function in the macula,
the extravasation of proteins and lipids may lead to macular edema and the formation of
lipid deposits (also called hard exudates). DME can cause severe visual impairment in
patients with diabetes and is, in fact, the major cause for vision loss in DM [26]. The
stronger adhesion of the ILM to the vitreous limiting membrane may also facilitate
DME formation due to vitreoretinal traction [30].

It is important to clarify that DME is not a separate stage of DR, but an independent
entity that can manifest at any stage of the disease. The classification of DME by the
AAO distinguishes mild, moderate, and severe stages based on the findings observable

on dilated funduscopy [29].
1.2.4. Epidemiological, economic, and health system related considerations

The World Health Organization reports that the number of people affected by DM has
risen from 108 million to 537 million in the last 40 years, and is predicted to grow
further to 643 million by 2030 [31, 32]. The 2021 report of the International Diabetes
Federation (IDF) suggest that 75% of adult diabetics come from countries with low or
middle income [31]. The health expenditure caused by DM in 2021 was as high as 966
billion dollars worldwide — a 316% increase over the last 15 years [31]. The
improvements in healthcare and the lifestyle changes of the last few decades have
contributed to DM becoming the number-one cause of preventable blindness among
working-age adults. That is, severe vision loss unnecessarily develops in a large number
of patients; appropriate treatment alone could lower the risk of moderate vision loss or
blindness due to DM by more than 90% [33]. The limited availability of trained human
graders and retina specialists is also a major problem throughout the world. As a
consequence, because of the growing population automated approaches with less

human interaction will inevitably spread over time [34].

1.3. Medical imaging in diabetic retinopathy and maculopathy
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The role of medical imaging has become more significant in modern medicine, which
comes with an increasing need for expertise in the interpretation of images and in the
evaluation of datasets [35, 36]. The retina provides an ideal target for imaging due to the
transparent media of the eye, and this advantage is widely exploited in ophthalmology
by myriad imaging techniques. Due to space constrains, for the purposes of this thesis

we describe only color fundus photography and optical coherence tomography below.
1.3.1. Color fundus photography in diabetes mellitus

The use of color fundus photography has been widely implemented in the diagnosis and
documentation of diabetic retinal changes. The hallmark ETDRS study used standard
sets of retinal images for the classification of DR and DME, which then led to the
development of more applicable grading scales for clinical use [37]. Later, color fundus
photography was implemented for the screening of DR and DME with great success
through the use of human graders. Initially, multiple images per eye were required for
screening, while the use of non-mydriatic, wide-field imaging has helped to simplify
this need [38-40].

Nowadays, several different settings of non-mydriatic fundus cameras are commercially
available in easy-to-transport and easy-to-use designs. There is neither any special
training necessary for the medical personnel, or a need for the patients to undertake an
inconvenient and costly imaging session in order to be screened for DR and DME.
Additional advantages provided by digital technology include significantly easier
storage and delivery of the fundus photos to the reading centers, while on the other hand
one can benefit from the advantages of image processing and artificial intelligence (Al),
making the method a suitable tool for large-volume DR screening.

Telemedical screening programs, such as those implemented in the United Kingdom or
in Nordic countries, can enable the early detection and treatment of DR or even macular

edema, and thus substantially reduce the incidence of DR-related vision loss [41].
1.3.2. Optical coherence tomography in diabetes mellitus

OCT enables a micrometer-resolution, three-dimensional, non-invasive imaging of the
retina in real-time and has now become the most widely used imaging diagnostic tool in

medicine. OCT plays a crucial role in the diagnosis and management of DME by
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providing multiple biomarkers beyond thickness measurements [42]. Thanks to OCT
image processing through the segmentation of B-Scans, near-histological changes can
be detected even in the early stages of DM [43, 44]. With quantitative OCT-analysis,
objective structural monitoring can even give valuable information about the disease
course and treatment efficacy, which in turn may support therapeutic decisions [45, 46].
Based on differences in the optical density and reflectivity extracted from OCT scans,
the image processing algorithms are able to separate the different layers of the retina.
This can help not only in the measurement of retinal thickness, but also to more
precisely localize retinal changes and to better understand the underlying
pathophysiology [47, 48].

The recent introduction of OCT angiography in the daily routine enables the
quantitative analysis of retinal microvasculature that can also serve as predictive factor

in the prognosis of DME and even in the staging of DR [49].
1.3.3. The automation of retinal image analysis using artificial intelligence

Lately, computer assisted image analysis has rapidly gained importance in the
processing of the increasingly complex medical imaging data. Machine Learning (ML)
has become an important healthcare tool because of the fast Al evolution in various
fields of medicine (e.g., ophthalmology, radiology). Since its introduction in the
beginning of the second half of the last century, smaller subsets of Al have been
invented and implemented continuously: machine learning, neural networks, and deep
learning. It is important to understand this terminology in order to comprehend the
various developments in the field. Artificial intelligence is a science of any techniques
to build intelligent programs and machines that can solve problems creatively, as
humans do. The field of Machine Learning is a subset of Al algorithms, allowing
computers to learn automatically from experience without being explicitly programmed
to do so [50]. Algorithms that are inspired by the neural structure of the human brain are
referred to as artificial neural networks (ANN), whereas algorithms that can combine
these neural structures in several layers similarly to the central nervous system are
called deep learning (DL) algorithms. (Figure 1) gives a graphical explanation of these

terms and their relationship with each other.

12



ML has already led to several clinically relevant applications in the field of
ophthalmology, among others automated diagnosis, image segmentation, disease
prognosis, and disease prediction [36, 51-55]. ML is particularly useful in
ophthalmology due to the vast amount of ocular imaging data available in everyday
clinical practice including optical coherence tomography, anterior segment
photography, corneal topography and fundus imaging which are of utmost importance
in the diagnosis and treatment of conditions like glaucoma, DR, papilledema, age-

related macular degeneration and cataract [34, 51].

Artificial Intelligence

Machine Learning
Artificial Neural
Networks

Deep
Learning

Figure 1. Explanation of the different terms used in the field of artificial

intelligence. The detailed explanation can be found in the text.

Several computerized, semi-automated techniques for analysis have been developed for
cost efficiency, and to reduce expert workload [56], and the detection of different retinal
diseases is now increasingly aided by deep learning (DL) algorithms (e.g., the
Bhaktapur Retina Study, a recent study by the Center for Eye Research Australia etc.)
[57].

High-quality data play a pivotal part in training new AIl/ML models, as they need
datasets that are attentively designed and annotated. Furthermore, it is important that
such databases contain information on patient characteristics, such as sociodemographic
information, the inclusion and exclusion criteria, the labeling process, along with

information the labelers themselves [58, 59]. Crowdsourcing has become a new option
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for the generation of ground truth data; here, volunteers do the analysis online with or
without a charge. Brady et al. recounted using Mechanical Amazon Turk to be an
inexpensive and effective method for the rapid identification of ocular diseases like DR
or follicular trachoma on photographs [60, 61].

Due to the high amount of imaging data available, multiple uses of Al-driven systems
have emerged in the field of Ophthalmology and are developing rapidly. As a result,
automated systems using autonomous Al have been recently approved by the FDA for
the telemedical screening of the presence/absence of any DR without the need for
involving specifically trained personnel [62, 63].
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2. OBJECTIVES

In light of the above, we had the following aims in our studies.

1. The use of artificial neural networks to differentiate between healthy and diabetic

eyes by structural features of intraretinal layers obtained by OCT imaging

With respect to the underlying relationships between the different structural and optical
features of retinal tissue, it could be possible that OCT images could provide more
information on the basis of the integration of optical and structural properties. Thus, the
images could be used as superior input data to improve diagnostic performance for
classification methods. For this reason, we aimed to assess the possibility of training an
artificial neural network to distinguish between healthy eyes and eyes of diabetes
patients with and without mild diabetic retinopathy using structural data of intraretinal
layers obtained by OCT.

2. Detailed histological evaluation of ganglion cells in the retina of ZDF rats

Due to the potential importance of retinal ganglion cells (RGC) in the pathophysiology
of early diabetic retinal changes, the contradictory results in other experimental animals
[64-66], and the uncertainty of analyzing RGC loss in our former investigations based
on the relatively small number of sections, we aimed for a more elaborate histological
RGC assessment in the same T2DM model, using three different pan-ganglionic

markers.

3. The assessment of the reliability of image quality labeling by graders having different

backgrounds

It is of pivotal role to have a satisfactory amount of data to train and validate ML for
which correctly labeled ground truth data are required. To model the democratization of
the labeling of retinal images, we evaluated the performance of graders with or without
medical background in a pilot study for retinal fundus image quality labeling with the
help of a special grading tool. It was assessed whether more detailed labeling leads to
better reproducibility of results; also, we evaluated the ability to identify poor-quality
images. Lastly, we asked graders for feedback so that we could assess their impressions.
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3. METHODS

3.1. Training of a Bayesian artificial neural network with OCT images
3.1.1. Patients

One hundred twenty participants (190 eyes) were invited between October 2007 and
December 2010 at the Department of Ophthalmology, Semmelweis University,
Budapest, Hungary. All Type 1 diabetic patients were invited who had been referred to
the comprehensive ophthalmology clinic, and had diabetic retinopathy up to ETDRS
level 35 but no macular edema; diabetic patients without retinopathy were also enrolled.
Patients over 18 could participate, exclusively, and each subject was asked to sign a
written informed consent. Diabetic patients with PDR, clinically significant macular
edema, or with anatomic abnormalities that affected the architecture of the macula, e.g.,
glaucoma, epiretinal membranes, or vitreoretinal traction, were excluded from the study.
Healthy controls could be included in the study if they had a best-corrected visual acuity
of 20/25 or better, had no present ocular or systematic disease, and a normal-looking
macula on contact lens biomicroscopy. Patients who had any medical condition possibly
affecting visual function different from T1DM, or medicated treatments that might
affect the thickness of the retina, were not included in the study. Furthermore, we
excluded individuals from the study who had recent cataract surgery, or had undergone
intraocular surgery, as well as patients whose blood sugar levels were unstable, or who
had started insulin pump therapy recently.

Thirty-five eyes belonging to 21 study subjects were excluded due to OCT scans of low
quality (1) or other diseases that were included in the exclusion criteria (amblyopic (3),
chorioretinitis (2), moderate DR (6), no DR (2), epiretinal membrane (1), panretinal
photocoagulation (5), pars plana vitrectomy & panretinal photocoagulation (1), pigment
epithelial detachment & central serous chorioretinopathy (1), T2DM (8), optic nerve
disease (3), and severe DR (2)). We analyzed the remaining 155 eyes belonging to 99
participants, and received 74 healthy eyes in total (34 + 12 yrs., 52 females, 22 males),
38 eyes with TIDM with no retinopathy (35 + 10 yrs., 20 females, 18 males), and 43
eyes with mild diabetic retinopathy (MDR, 43 + 17 yrs., 21 females, 22 males) on

biomicroscopy, which we incorporated in the study (Table 1).
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The research was conducted in accordance with the tenets of the declaration of Helsinki.
We obtained Institutional Review Board approval at Semmelweis University as well as

at the Miller School of Medicine, University of Miami.

Table 1. Characteristics of the study population

Characteristic Controls DM MDR
Number of Participants 41 29 29
Number of Eyes 74 38 43
Age (years, mean + SD) 34+£12 35+£10 43+ 17
Female, N (% total eyes) 52 (70%) 20 (53%) 21 (49%)
Race (% Caucasian) 100 100 91
Hemoglobin Alc level (%) - 7.20 £0.90 8.51+1.76
DM duration (years, mean = SD) - 13+£5 22 £10
IOP (mmHg, mean + SD) - 1574 +£1.77 15.09 £ 1.56
BCVA 1.00 = 0.00 1.00 = 0.00 0.97 £0.06
Total macular thickness 32436+10.27 316.72+21.56 297.40+21.79

Abbreviations: SD = standard deviation; N = number; DM: diabetic eye without retinopathy; MDR:
diabetic eye with mild diabetic retinopathy; 10P = intraocular pressure; BCVA = best corrected visual
acuity (67).

3.1.2. Clinical Examination

Enrolled subjects were required to undergo a single comprehensive eye examination
which included intraocular pressure (with the Goldmann tonometer) and slit-lamp
examination. We performed OCT examination in healthy as well as diabetic eyes with
retinopathy and without. An experienced grader obtained and classified fundus images
in accordance with the criteria of the ETDRS protocol [68]. Experienced, board-
certified graders performed the classification of images unaware of clinical data or the
OCT findings. Additionally, a blood test measuring hemoglobin Alc level was carried
out at this visit in the case of diabetic patients who had no past glycemic control. After

the first visit or during the time of the research no additional tests had to be done.

3.1.3. OCT system and examination protocol

17



The OCT system (Stratus OCT, Carl Zeiss Meditec, Dublin, California) that we applied
in this research uses a broadband light source with an output power of 1 mW at the
central wavelength of 820 nm with a 25 nm bandwidth. The light source provides 12pum
axial resolution in free space, which determines the system’s imaging axial resolution.
A cross-sectional image is obtained by combining axial reflectance while the sample is
being laterally scanned.

All included Stratus OCT scans were gained with the help of the macular thickness map
protocol, which comprises six radial scan lines that are centered on the fovea; every one
of them has a 6 mm transverse length. So as to get the best image quality, optimization
and focusing settings were controlled. The scans were only accepted when the signal
strength was over 6 (preferably 9-10). We repeated scans with foveal decentration. For
each case, macular radial line scans of the retina were recorded on disc with the help of
the export feature of the Stratus OCT device and were analyzed via custom-built
software [69].

3.1.4. OCT image segmentation and data extraction (OCTRIMA)

In our examinations, the OCT scans were processed with “OCT Retinal Image
Analysis” (OCTRIMA), a Matlab interface image analysis program developed by
Cabrera et Al [69, 70] which also enables the measurement of the thickness,

reflectivity, and optical density of the retinal layers (Figure 2).

ONL+IS OPL GCL+ IPL RNFL

Figure 2. Macular image segmentation using OCTRIMA. The image of a healthy macula
scanned by Stratus OCT and processed with OCTRIMA. Abbreviations: Ch, choroid; GCL+IPL,
ganglion cell layer and inner plexiform layer complex; INL, inner nuclear layer; ONL+IS, combined
outer nuclear layer and inner segment of photoreceptors; OS, outer segment of photoreceptors; OPL,
outer plexiform layer; RNFL, retinal nerve fiber layer; RPE, retinal pigment epithelial layer; V, vitreous
[70].
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As it is the case in some Fourier-domain OCT systems, OCTRIMA too calculates the
total thickness of the retina between the inner boundary of the second hyperreflective
band and the ILM, which has been attributed to the OS/RPE junction in accordance with
histological and previous OCT studies [71, 72]. Six cellular layers of the retina were
segmented on OCT images on the basis of their optical densities: the RNFL, GCL + IPL
complex, the INL, the OPL, the ONL + IS, OS and the RPE (Figure 2) [69].

In addition to thickness measurements, structural and optical measurements were
obtained with the help of features that were locally measured for each intraretinal layer.
Image processing and the calculation of diagnostic parameters were programmed in
Matlab 7.0. We divided the macular region into distinct regions (Figure 3). The
foveola area is the central disc with a 0.35 mm diameter. The rest of the rings are the
fovea, parafoveal, and perifoveal areas; their diameters are 1.85, 2.85, and 5.85 mm,
respectively. As an area that is 1 mm in diameter is too extended for the foveola region
thickness, which is merely about 0.35 mm in diameter, the custom-built map makes it
possible to collect more precise information around the foveola region in comparison

with the ETDRS thickness map. Furthermore, in this method, no interpolation is used.

Figure 3. Custom-built method showing macular sectors. A) Fundus image of a healthy
eye showing the Stratus OCT’s radial lines protocol. B) Regions shown are: foveola (a) with a diameter
of 0.35 mm, foveal region (b) with a diameter of 1.85 mm, parafoveal region (c) with a diameter of 2.85

mm and perifoveal (d) region with a diameter of 5.85 mm (67).

In addition to measurements of thickness, we extracted optical and structural properties

from OCT-based images and used them to classify healthy and diabetic eyes showing
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and not showing retinopathy. The parameters that could best distinguish between
diabetic eyes and healthy ones, as previous research revealed in statistical and receiver
operating characteristic analyses [73], were assessed and validated by artificial neural

networks using a Bayesian radial basis function.
3.1.5. Training of a Bayesian basis function network and model testing

Our ANN classifier was composed of an ensemble of two input neurons with a
Bayesian radial basis function and one output neuron. As a consequence, we have two
features for each candidate intraretinal layer (input parameters) which are put into the
ANN so as to estimate one output feature in each of the classification tests. We
implemented the ANNs in Matlab 7.0 (MathWorks, Natick, Massachusetts) with the
help of Markov chain Monte Carlo algorithms.

To distinguish between diabetic eyes and healthy ones we performed various training
and classification tasks. In particular, we chose structural parameters of intraretinal
layers as the input and output features for the Bayesian radial basis function networks
which would distinguish between MDR, DM, and healthy eyes. As it is indicated in
earlier research [74], thickness measurement (TH) and fractal dimension (FD) showed
superiority over other parameters in discriminating between MDR, healthy, and DM
eyes. Consequently, we used these two optimum parameters for the input and output
values that are needed in the training task of Bayesian radial basis function networks.
Next, we applied trained Bayesian radial basis function networks for the classification
of the combined test subjects (eliminating the training subjects). In order to examine the
possible relationships between diseases of the retina in diabetic individuals and target
features, the training task was first performed with the help of a part of the data and
various target features. Next, we carried out classification tasks to get the optimum
arrangement over the allowed models’ set. In addition, we used the performance of the
classification test to assess the sizing of training dataset in the development of the ANN
scheme. Consequently, we explored various sizes of the training set and compared the
results we obtained.

We first examined the possible relationships between the alterations of the retina in
diabetic individuals and the target features. Specifically, we randomly selected 20

healthy eyes, out of 74 eyes in the control group, in order to train the Bayesian radial
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basis function network (Test 1). We used different target features which had been
extracted from all of the intraretinal layers for the training of the Bayesian radial basis
function network and for the classification of 43 MDR eyes using the rest of the healthy
eyes (54 eyes). In this test, the feasibility of the method was evaluated and we
determined the best intraretinal layer parameters that could be predicted and used to
distinguish between MDR eyes and healthy ones.

Secondly, model testing of the earlier trial was carried out by examining various sizes of
the training data subset (Test 2). For this, we used subsets with 20, 30, and 40 healthy
eyes to train the Bayesian ANN, and we compared the results.

Next, we attempted to distinguish between DM and MDR eyes (Test 3). In accordance
with the earlier test, we randomly selected 20 MDR eyes from the 43 MDR eyes for the
training of the Bayesian radial basis function network with the TH and FD as the input
and target features. After that, we used the trained Bayesian radial basis function
network for the classification of the remaining 23 MDR eyes and 38 DM eyes.

The performance of the proposed methodology was assessed with the help of sensitivity
and specificity as figures of merit. We calculated the results for true positive (TP), false
negative (FN), true negative (TN), false positive (FP), and positive predictive value
(PPV) to evaluate the classification performance of the ANN and the diagnostic

capability of the incorporated OCT parameters.
3.2. Histological analysis
3.2.1. Animal handling

All procedures conducted in our research were carried out in accordance with the
statement of the Association for Research in Vision and Ophthalmology for the Use of
Animals in Ophthalmic and Vision Research. Our research was accepted by the Ethics
Committee for Animal Experimentation of Semmelweis University and by the Animal
Health and Animal Welfare Directorate of the National Food Chain Safety Office of the
Hungarian State (number of approval: 22.1/1162/3/2010).

Our trials were performed on ZDF inbred rats, which were provided by Charles River
Laboratories (Sulzfeld, Germany). A part of the results coming from the same trial have
already been published [66]. Six-week-old ZDF rats (n = 8) and ZDF lean controls (n =
8) arrived to our laboratory; they were kept in a room with a constant temperature 0f22
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t 2 °C, and were subjected to 12-12 h alternating light-dark cycles. Water and food
were provided ad libitum. Their body weights as well as blood glucose levels (Accu-
Chek ® Sensor, Roche Inc., Mannheim, Germany) were measured at regular intervals
during the whole period of observation. The specimens were euthanized at 32 weeks of
age, after they had undergone a range of invasive hemodynamic measurements which
had been performed in general anesthesia [75]. In order to remove erythrocytes from
tissues, we perfused in vivo 40 ml of oxygenated Ringer solution (37°C, 8 ml/min);
after this, the specimens were decapitated. The removed eyes were then placed in
fixative within 10 minutes of euthanasia [76].

3.2.2. Tissue preparation and immunohistochemistry

We oriented, removed, and cut the eyes at the ora serrata. We separated the vitreous
body, lens and cornea, and the remaining eyecup was fixated in 4% paraformaldehyde
diluted in 0.1 M phosphate buffer (PB, pH 7.4) for a period of two hours at room
temperature. After the fixation procedure, we rinsed the eyecups multiple times with 0.1
M PB. We applied cryoprotection (in 30% sucrose diluted in 0.1LMPB) overnight at 4
°C; next, the eyecups were immersed in tissue-embedding medium (Shandon
Cryomatrix, Thermo Scientific, UK). 20-um-thick cryosections were cut vertically and
subsequently stored at —20 °C until use.

Before immunocytochemistry, we blocked all sections in a solution of 0.4 % Triton-
X100 (Sigma-Aldrich, Budapest, Hungary) containing 1 % bovine serum albumin in 0.1
M phosphate buffered saline (PBS, pH 7.44). All the primary antibodies that were used
were diluted in the same solution, too. Sections were co-labeled using three different
markers (Brn-3a, NeuN, and RBPMS), which have been proved to recognize most
ganglion cells [77-80]. Details in connection with the primary antibodies we used are
provided in Table 2. We used three antibodies for 12 hours consecutively with
continuous agitation; rinsing steps were repeated in between (PBS, 10 x 10 minutes).
Next, the bound primary antibodies were visualized with the help of species-specific
fluorescent dyes (Alexa 488 and Alexa 555 conjugates, 1:200, Thermo Fischer
Scientific, Waltham, MA) or as for the RBPMS antibodies, biotinylated donkey anti-
rabbit (A16039, Thermo Fischer Scientific, Waltham, MA) and streptavidin conjugated

Alexa 633 marker. Species-specific Alexa-conjugated secondary antibodies were used
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for the detection of the bound antisera at room temperature for 2 hours (Alexa-488 or
Alexa-594 conjugates, 1:200, Life Technologies, Carlsbad, CA, USA). We used
samples without adding the primary antibodies as negative controls. The nuclei of cells
were stained with 4,6-diamidino-2-phenylindole (DAPI, Sigma-Aldrich Kft, Budapest,
Hungary).

Table 2. Primary antibodies used in our experiments (76).

Antibodies Source Dilution Host and Labelling Reference
type pattern
Brn-3a Santa Cruz Biotechnology 1:500 goat retinal ganglion 77
#SC-31984  Inc., Heidelberg, Germany polyclonal cells
NeuN Merck Kft., Budapest, 1:200 mouse most retinal (81)
Clone: A60 Hungary monoclonal ganglion cells,
#MAB377 some amacrine

cells, displaced
amacrine cells
RNA Generous donation of 1:500 rabbit retinal ganglion (79)
Binding Natik Piri, Jules Stein Eye polyclonal cells
Protein Institute, UCLA, CA, USA
with
Multiple
Splicing
(RBPMS)

Additionally, to determine the count of apoptotic cells, we used terminal
deoxynucleotidyl transferase deoxyuridine triphosphate nick end labeling (TUNEL, In
situ Cell Death Detection Kit, Fluorescein; Roche Diagnostics, Mannheim, Germany)
assay. As negative controls, sections incubated without the terminal transferase enzyme
were used; positive control sections were pre-incubated with DNAse | before the
TUNEL reaction was performed. We counted apoptotic cells in the GCL on complete
vertical sections of the retina with the help of terminal deoxynucleotidyl transferase
deoxyuridine triphosphate nick end labeling (TUNEL, In situ Cell Death Detection Kit,
Fluorescein; Roche Diagnostics, Mannheim, Germany) following the manufacturer’s
recommendations.

In our research, we used only a few sections to examine the staining features of the

antibodies and to evaluate the number of TUNEL positive elements in the GCL. In the
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whole of the study, we used only complete vertical sections prepared through the optic
nerve of diabetic (n = 4) as well as lean (n = 4) animals, with 4 sections of each
specimen for the triple ganglion cell immunohistochemistry as well as for the TUNEL
reaction. The majority of the antibodies we used had been previously examined and
validated in murine retinas by our research group [19, 65, 82]. Cell counting was carried
out on 20 um thick vertical sections (n = 4 sections from each specimen) obtained from
diabetic (n = 4) as well as lean (n = 4) rats. For the purpose of cell counting, we only
selected the sections that were crossing the optic nerve head. In the case of ganglion
cells (Brn-3a, TUNEL) we counted the total number of the stained cells in each section.

3.2.3. Imaging and statistical analysis

To test triple RGC labeling and for the purpose of quantifying TUNEL reactions, we
used a Zeiss LSM 780 Confocal System coupled to a Zeiss Axio Imager upright
microsope (Carl Zeiss Meditec AG, Oberkochen, Germany) with a 40x objective.

Our results were analyzed by two-group exact randomization test and expressed as
mean + SD (standard deviation). Also, normal distribution was examined using the
Shapiro-Wilks method.

3.3. Fundus image quality labeling and grader performance analysis
3.3.1. Data collection

We chose color fundus photographs from 18,145 color fundus images in total, which
were meant to be used for the prospective training of an Al-based algorithm for the
purpose of image quality grading. The color fundus images were selected from three
datasets: the dataset by Tao et al. [83], the EyePacs dataset [84], and a dataset
containing 984 color fundus images, which we had obtained from the Bascom Palmer
Eye Institute. These images were acquired with different fundus cameras.

The study was carried out in accordance with the guidelines of the Declaration of
Helsinki; for the study, ethics approval was obtained from the ethics committee of the
University of Miami. The images were gathered with the consent of the participants and
were de-identified in accordance with local regulations (e.g., the Health Insurance
Portability and Accountability Act).

24



3.3.2. Image grading

We developed a system for image classification on the basis of previous research by
Zapata et al., Fleming et al., and Gulshan et al., as well as on the EyePACS image
quality grading system [84-87]. In summary, we used four criteria for the definition of
image quality: focus, illumination, image field definition and artifacts. On the basis of
these criteria, we created four groups: excellent (E, all criteria sufficiently met), good
(G, maximum 2 criteria not met), adequate (A, 3-4 criteria not met, but the retina can be
recognized) and insufficient for grading (I, where no retina can be detected on over 50%
of the image; no third-generation branches of the vasculature of the retina can be
detected one disc diameter from the optic nerve head and the fovea). For each of the
image quality groups, a representative image along with its labels was shown on Figure
4,

Figure 4. Representative color fundus images from the Excellent (A), Good (B),

Adequate (C) and Insufficient for grading (D) categories. Image 1B meets criteria for
“Good” because of the image field definition (decentered image) and peripheral artifacts; 1C is identified
as Adequate because of its poor illumination, off focus, and insufficient image field definition (the image
does not include enough of the retina temporal to the fovea). Image 1D qualifies as Insufficient because it
does not show the optic nerve head or the third-generation vessel branches around the macula; this makes

it impossible to identify the retinal changes that are characteristic of diabetic retinopathy [88].
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Two hundred images were randomly selected out of a set of 18,145 expert-labeled
images; from each group, fifty images were chosen. The images had been labeled earlier
regarding the quality of the images by two experts, and were used as the basis for the
analysis on the ground of the standards defined above. The experts included a board-
certified ophthalmologist (KLLF) who had experience retinal imaging, and a board-
certified senior retina specialist (GMS) with experience in retinal image grading in the
field of the telemedical screening of diabetic retinopathy. When there was disagreement,
GMS’s decision was used as a reference.

We developed a tkinter-based graphical user interface (GUI) tool in Python
programming language, gaining ideas from the number of open-source tools available
(https://docs.python.org/3/library/tkinter.html, last accessed 11 July, 2021), with the
main intention to develop a simple, on-prem image annotation tool. The tool also
allowed for the measuring of the time of the grading in the case of each image shown in
900x1000 pixel resolution; zooming was not possible.

In this study, all the images were assessed by 8 volunteers, 4 of them with a medical
background (3 ophthalmologists and 1 optometrist, 26-45 years of age — group M) and 4
without a medical background (2 computer scientists, 1 lawyer, and 1 teacher, 26-60
years of age — group NM). Every volunteer had computer skills of at least intermediate
level computer skills working with a PC on a daily basis. Before the grading took place,
the participants were given a tutorial with an oral explanation detailing the task and a
PDF document which described the anatomy of the retina, along with the grading
system using sample images with examples of various artifacts, and a description of the
GUI. All the volunteers were allowed to use the supporting PDF document while
grading the images. The fundus photographs were shown to the graders in the same,
random order. We recorded the time that was necessary for the grading in the case of
each volunteer.

To increase grading objectivity, our volunteers were requested to run a second round of
grading with the same tool, but this time using 14 predefined labels (Table 3). With
these labels we generated the aforementioned four image quality groups from excellent
to insufficient. Written feedback was collected from the graders upon completion of the

second round.

26



Table 3. Grading labels used for the objective grading round.

Grading categories Labels used in the objective grading round
Focus Optimal / Unsharp
IHlumination Optimal / Too dark / Too light
Image field definition Optimal / Missing Macula / Missing Optic disc
Artefacts No artefacts / Small pupil / Dust spots /

Lash artefacts / Camera artefacts / Arc defects

To reduce the inherent subjectivity of our study, our volunteers were asked to carry out a second round of
grading; predefined labels assigned to each category were used. In the second round, the four categories were
compiled in a similar way to the first round of grading [88].

3.3.3. Statistical analysis

For the comparison of the times necessary for the grading in the four categories, the
medians and interquartile range (IQR)were used because of the limited number of
graders in both the M and NM groups.

The inter-rater agreement was assessed by Cohen’s weighted kappa in both the original
and the more objective grading rounds using the 4 categories of our original grading
system (E/G/A/l), as well as after merging Excellent and Good categories [(E+G)/A/I].
In order to evaluate the agreement in choosing images of poor quality, in both rounds,
we calculated Cohen’s weighted kappa with merged groups E and G vs. A and I. The
kappa values are displayed as medians (IQR) altogether as well as in the groups with
different previous medical training (M, NM). The statistical analysis was performed
with SPSS 28 (SPSS Inc, Chicago, IL).
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4. RESULTS

4.1. The evaluation of the potential of structural features of intraretinal layers extracted
from optical coherence tomography images for the training of artificial neural networks

to differentiate between healthy and diabetic eyes

We analyzed 930 OCT images which we had acquired from 155 eligible eyes belonging
to 99 participants. The clinical and demographic backgrounds of the participants of the

study are described in Table 1.

4.1.1. Classification testing using different input parameters to identify healthy eyes —
Test 1

In this classification test, we examined the probability of the subject’s eye being healthy
(diagnostic condition). Table 4 indicates displays the specificity, sensitivity and
predictive values which were obtained when training the Bayesian radial basis function
network with the help of the thickness (TH) and fractal dimension (FD).

Table 4. Classification performance results obtained in Test 1

THvs.FD RNFL GCL + IPL INL OPL ONL + 1S (O8] RPE

(eyel/scans) (eye/scans) (eye/scans) (eye/scans) (eye/scans) (eye/scans) (eye/scans)

TP 48/288 49/294 48/288 48/288 48/288 50/300 51/306
FN 6/36 5/30 6/36 6/36 6/36 4124 3/18

TN 10/60 35/210 23/138 36/216 10/60 9/54 11/66

FP 33/198 8/48 20/120 7142 33/198 34/204 32/192
PPV 0.59 0.86 * 0.71 0.87 * 0.59 0.60 0.61
Sensitivity 0.89 0.91* 0.89 0.89* 0.89 0.93 0.94
Specificity 0.23 0.81* 0.53 0.84* 0.23 0.21 0.26

* denotes the intraretinal layer for which the sensitivity, specificity and PPV are greater than 80%.
Sensitivity, specificity, predictive values (TP, FN, TN, FP) and positive predictive values (PPV) obtained
when training the Bayesian radial basis function network using the thickness (TH) and fractal dimension

(FD) as the input and target features of the given retinal layers, respectively (67).

According to our results, for the healthy eyes the TP test was in the 48—51 range when
we mixed 54 healthy eyes with 43 diabetic eyes showing mild retinopathy (MDR). In
particular, TP showed high values for OCT parameters of the GCL + IPL complex, OS,
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and RPE (49, 50 and 51, respectively). The positive predictive values indicate that the
GCL + IPL complex and OPL parameters are highly sensitive (91% and 89%,
respectively) in determining that the subject’s eye was indeed healthy. Furthermore,
high values for sensitivity, specificity, and PPV (20.80) were achieved only for the GCL
+ IPL complex and OPL parameters. Consequently, it is highly probable (=80%) that
the subject will have a healthy GCL + IPL complex and OPL structure.

4.1.2. Classification testing using different sizes of training datasets — Test 2

During the training of the Bayesian radial basis function network using the thickness
and fractal dimension as features, we obtained results which showed that the FN and FP
remained at a given sensitivity of = 80% for the parameters of the GCL + IPL complex
irrespective of the size of the subset of healthy eyes that were used during the training;
FN values remaining for the OPL were found to have slightly decreased with the larger
number of healthy eyes used in the training of the ANN. In addition, the TN value for
the GCL + IPL complex has not changed. High sensitivity and specificity (=0.80) with
relatively high PPV were indicated both for the GCL + IPL complex and OPL. PPV
presented with a slightly declining trend for the GCL + IPL complex and OPL with the
greater number of the training subset of healthy eyes, probable explanation would be the
consequent reduction in the number of healthy eyes in the testing subset. Table 5

displays the results after using different sizes of training subsets (20, 30, and 40 eyes).

Table 5. Model testing results after changing the size of the training data set

Size of the 20 healthy eyes 30 healthy eyes 40 healthy eyes
training dataset
TH vs. FD GCL + IPL OPL GCL + IPL OPL GCL + IPL OPL

(eye/scans)  (eye/scans) (eye/scans) (eye/scans) (eye/scans) (eye/scans)

TP 49/294 48/288 39/234 39/234 29/174 29/174
FN 5/30 6/36 5/30 5/30 5/30 5/30

TN 35/210 36/216 35/210 36/216 35/210 36/216
FP 8/48 7142 8/48 7142 8/48 7142
PPV 0.86 0.87 0.83 0.85 0.78 0.81
Sensitivity 0.91 0.89 0.89 0.89 0.85 0.85
Specificity 0.81 0.84 0.81 0.84 0.81 0.84
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Results of sensitivity, specificity, accuracy, predictive values, and positive predictive values gained for
the GCL + IPL complex and OPL when training the Bayesian radial base function network with 20, 30,
and 40 healthy eyes with the thickness (TH) and fractal dimension (FD) as the input and target features,
respectively [67].

4.1.3. Classification testing using different input parameters to identify MDR eyes —
Test 3

The results that were observed in Test 3 after training the Bayesian radial basis function
network with TH and FD as the input and target features are displayed in Table 6. This
classification test, we investigated the likelihood of diabetic eyes having MDR
(diagnostic condition). In this test we obtained high TP values for the features of the
RNFL, GCL + IPL complex, OS and RPE. In addition, RNFL, OS, and RPE presented
with a sensitivity, specificity, and PPV of at least 70%. Surprisingly, the features of
GCL + IPL complex did only present a PPV of 60%.

Table 6. Classification performance results obtained in Test 3

THvs.FD  RNFL GCL + IPL. INL OPL ONL + IS (ON] RPE

(eye/scans) (eye/scans) (eye/scans) (eye/scans) (eye/scans) (eye/scans) (eye/scans)

TP 18/108 18/108 15/90 4124 10/60 18/108 20/120

FN 5/30 5/30 8/48 19/114 13/78 5/30 3/18
TN 30/180 26/156 32/192 28/168 26/162 31/186 33/198

FP 8/48 12/72 6/36 10/60 12/72 7142 5/30
PPV 0.69 0.60 0.71 0.29 0.45 0.72 0.80*
Sensitivity 0.78 0.78 0.65 0.17 0.43 0.78 0.87*
Specificity 0.79 0.68 0.84 0.74 0.68 0.82 0.87*

* denotes the intraretinal layer for which the sensitivity, specificity, and PPV are greater than 80%.
Sensitivity, specificity, predictive values (TP, FN, TN, FP), and positive predictive values (PPV) obtained
when training the Bayesian radial basis function network using the thickness (TH) and fractal dimension
(FD) as the input and target features, respectively [67].

Overall, the results show an approximately 90% effectiveness of the classifier (PPV
values in Table 5) in providing an exact prediction of the unknown class (healthy eyes)
when distinguishing between healthy eyes and MDR eyes based on the GCL + IPL
complex’ and OPL’s features in the diagnostic test (Test 1). Nevertheless, the classifier

could not effectively (~44.5%) make a correct prediction when distinguishing between
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DM and MDR eyes using the features of the same intraretinal layers (i.e., GCL + IPL
complex and OPL in Test 3 — Table 6). It proved to be more effective (PPV ~ 74%) in
the prediction of the unknown class (MDR eyes) when DM and MDR eyes were
compared with the help of the features of the RNFL, OS, and RPE (Test 3). Table 7
displays the percentage of correct classifications for the GCL + IPL complex and OPL

features in tests 1 and 3.

Table 7. Percentage of correct classifications as a function of eyes used in training
and testing in tests 1 and 3 (67).

Intraretinal ~ Number of eyes used for  Number of eyes used Percentage of correct
Layer training for testing classifications (%6)
GC +IPL Test 1 20 Healthy 97 91
Test 3 20 MDR 61 42
OPL Test 1 20 Healthy 97 89
Test 3 20 MDR 61 47

4.2. Detailed histological evaluation of ganglion cells in the retina of Zucker Diabetic

Fatty rats
4.2.1. Triple retinal ganglion cell labeling on cryosections

In the study, we used three antibodies for the labeling of the majority of RGCs (Figure
2). In accordance with the literature, Brn-3a presented a purely nuclear localization [79];
in addition to labeling the nuclei, NeuN also stained the cytoplasm [89]; and RBPMS
positivity was most distinctly observed in the cytoplasm. Most labeled cells in the GCL
were stained by all of the antibodies; cells positive for either two or only one of the
antibodies were only occasionally found. Additionally to the staining pattern in the
GCL, NeuN also identified a numerous smaller cells in the inner nuclear layer (INL — in
all likelihood amacrine cells — see arrows in Figure 2b,f) that did not co-label with the
other two antibodies.

Comparing the control specimens with the diabetic ones, we found no major difference
in the intensity of the staining or in the localization or number of the labeled elements
with any one of the antibodies that were used. We did, however, detect a notable
variation between different retinal regions, mainly in the central retina, bordering the

optic nerve head. In some parts, no labeled cells were detected, whereas a large group of
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cells was detected only 20-50 um further away. This phenomenon was evidently

detectable in control as well as in diabetic specimens.

Lean

Diabetic

Figure 5. Triple labeling of retinal ganglion cells in retinal cryosections.
Representative images of retinal sections of control lean (a—d) and diabetic (e—h) specimens labeled by
three different markers Brn-3a (first column - in red), NeuN (second column - in green), and RBPMS
(third column — in blue). Merged images are shown in the right column. The vast majority of the RGCs
are labeled by all three markers. NeuN also labels a population of cells — most probably amacrine cells —
in the INL (arrows on b,f). DAPI is used as a nuclear staining on the sections (in white). ONL: outer

nuclear layer, INL: inner nuclear layer, GCL: ganglion cell layer. Bar: 20 um. [56]

4.2.2. Apoptosis among ganglion cells

In the GCL in each vertical section the mean number of TUNEL positive cells was 1.38

+ 1.54 in control vs. 1.26 = 1.24 in diabetic specimens. We did not find any significant
difference (p = 0.73).

4.3. The assessment of the reliability of image quality labeling among graders with

different backgrounds
4.3.1. Time necessary for the grading task

For the labeling task, the median time (IQR) was 987.8 sec (418.6) in the case of all
graders, and 872.9 sec (621.0) vs. 1019.8 sec (479.5) in the M vs. NM groups,
respectively. For the first 50 images, the median time necessary (262.8 sec [125.7]) was
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slightly longer in comparison with what was needed for the last 50 images (195.8 sec
[108.3]). It took graders with a medical background to label the last 50 images in
median 28.6 seconds less than the first 50 images. Those graders that had no prior
medical training needed in median 38.25 seconds less to label the last 50 images than
the first 50.

The median time (IQR) required per single decision in the four categories was 3.35 sec
(3.4), 3.8 sec (4.0), 4.0 sec (4.8) and 1.8 sec (2.0) for the E, G, A, and | label,
respectively. In the NM group, graders needed longer time to make a single labeling
decision in each of the categories compared to the medically trained participants (3.8 vs.
2.4 sec, 4.3 vs. 3.2 sec, 4.6 vs. 3.1 sec, and 2.0 vs. 1.6 sec for the E, G, A, and | in the
NM vs. M groups, respectively).

4.3.2. Grader agreement

Cohen’s weighted kappa indicated moderate accordance among the graders when four
categories were used (0.564 for all graders and 0.590 vs. 0.554, for the groups M and
NM, respectively). The merging of groups E and G lead to the moderate agreement
increasing to substantial (0.637 for all graders, and 0.657 vs. 0.627 for the groups M and
NM, respectively). There was a further increase in Cohen’s weighted kappa when we
merged groups E and G vs. A and | (0.665 for all graders, and 0.715 vs. 0.625 for the
groups M and NM, respectively) (Table 8).

In the second round of grading, when 14 labels were used, the four categories were
compiled analogous to the categories we used in our original grading system (E/G/A/).
Here Cohen’s weighted kappa showed a moderate agreement with the use of four
categories (0.594 for all of the graders and 0.598 vs 0.568 for the groups M and NM,
respectively), and substantial when we merged groups E and G (0.667 for all graders
and 0.669 vs 0.612 for the groups M and NM, respectively), while merging groups A
and | brought only a minimal increase in agreement all together and among graders
with a medical background (0.670 for all graders and 0.708 vs. 0.581, for the groups M
and NM, respectively) (Table 8).
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Table 8. Inter-rater agreement in the two setups with different image quality

category groups.

4 Image quality grading criteria 14 Predefined labels

4 groups 3 groups 2 groups 4 groups 3 groups 2 groups

Medical 0.590 0.657 0.715 0.598 0.669 0.708
(0.167)  (0.116) (0.190) (0.053) (0.052) (0.126)
Non- 0.554 0.627 0.625 0.568 0.612 0.581
medical 0.176)  (0.147) (0.175) (0.085) (0.107) (0.127)
Altogether  0.564 0.637 0.665 0.594 0.667 0.670
(0.163)  (0.096) (0.178) (0.60) (0.80) (0.151)

Cohens’s weighted kappa was determined for the grading using four categories in image quality
(Excellent (E)/ Good (G)/ Adequate (A)/ Insufficient (1)); we used 14 labels for the second round
of grading. In the second ground, the same four categories were compiled as in the first
(E/G/A/T). Cohens’s weighted kappa was also calculated with merging groups E and G for both
rounds [(E+G)/A/I]. In order to evaluate the agreement when distinguishing between poor quality
images in both rounds, Cohen’s weighted kappa was determined with two merged groups (E and
G vs. Aand I). The kappa values are displayed as medians (interquartile range) for all the graders
in both groups (medical, non-medical).

4.3.3. The feedback of our graders on the labeling tool

On evaluating the post-task feedback we found that all graders considered the
application of the Python image labeling tool simple and grading itself uncomplicated.
We must mention, however, that 2 of our 8 graders who had no previous programming
experience required help launching the grading tool. They had difficulties during the
installation of the package manager of our application, and with command lines to open
the application (contrary to the more widespread practice of launching applications by
clicking on an icon). As a consequence, we also provided all of our participants with a
meticulous “program launching manual” and verbal explanation in the second round of
grading, which eliminated these difficulties. Five of the graders considered the size of
the images and their resolution rather small for the grading of retinal lesions. All
volunteers considered the grading task and both the written and oral tutorials

intelligible. During the grading task, no decision fatigue was reported by any of the
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graders. Five of the graders reported feeling a detectable improvement in grading with
only 200 images and considered the task motivating.

The graders who had medical backgrounds (one optometrist and three
ophthalmologists) detected a relatively high number of fundus images having an at least
partially missing optic nerve head that was. Two of our graders (one from the M and
one from the NM group) wished that the definition of focus and illumination were better
defined concerning the visibility of smaller retinal vasculature. Altogether, the feedback

from the graders was positive regarding the task and the tool itself.
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5. DISCUSSION

Diabetes mellitus puts a large pressure on societies — in both developed and developing
countries — as the expenses of diabetes-related ocular pathologies are steadily increasing
[32]. In fact, in developed countries one of the main causes of blindness in the
population between 20-65 years is diabetes [90, 91]. The sequel to DR and DME is
fairly well understood being mostly driven by capillary dropout and resultant retinal
ischemia and endothelial damage (which lead to retinal edema and subsequent structural
disruption of the retina including loss of photoreceptors) [92, 93].

According to clinical evidence, there is a decrease in the number of retinal ganglion
cells (RGCs) prior to visible changes in the retina, before retinopathy can be detected
[17, 94]. The decrease in contrast sensitivity [95] and reduced response on
electroretinography have been reported in previous studies [96]. Relatively strong
clinical evidence with OCT suggests a decline in inner retinal structures, specifically the

GCL + IPL complex with some associations of the retinal nerve fiber layer [73, 97, 98].

5.1. The use of artificial neural networks to differentiate between healthy and diabetic

eyes by structural changes of the retina obtained by OCT imaging

We presented and assessed a nonlinear prediction technique based on retinal OCT
images for early retinopathy detection. Our approach included three phases: first, we
performed a segmentation of the OCT images, second, we identified a candidate
marker, and finally we formulated a feature set and performed a classification. At the
time of our evaluation there were commonly available tools for the quantitative
measurement of retinal thickness with OCT, whereas no algorithms have been available
for the analysis of the optical characteristics of the retinal tissue. Furthermore, the
combination of structural and optical information for the prediction of retinal disruption
in diabetes has also not been described before. The predictability of any retinal layer
integrity changes — in our example by applying a Bayesian radial basis function network
— may be important in the assessment of cellular loss in eyes of patients with diabetes.
We could show that these parameters of the ganglion cell-plexiform complex may be
useful in the prediction of and could be used for the discrimination between MDR and
healthy eyes with the help of the TH/FD pair as the input/target feature in the Bayesian

radial basis function network. Fractal dimension provides an estimation of the
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roughness of intraretinal structure, and could potentially be used to distinguish eyes
with mild non-proliferative retinopathy (NPDR) and eyes from non-diabetic subjects.
Our data suggest that the ganglion cells and the OPL might have an increased
susceptibility the stage of mild DR. Interestingly, the features of the RNFL, OS, and
RPE appeared to be able to estimate structural disintegration of the retina while
distinguishing between MDR and DM eyes. This specific result was consistent with
previous research that reported alterations in the outer retinal segment during the
comparison of the thickness of the macula in diabetic subjects with mild retinopathy and
eyes of healthy subjects [68, 99]. These findings could assist in the more precise
detection of mild diabetic retinopathy with the help of OCT imaging employed in a
screening setting.

We found some limitations to our study employing ANN. Cross-study comparisons
were not possible, because there were no studies conducted regarding the changes in
retinal thickness and optical tissue properties by the implementation of ANNSs. Also,
more precise and robust predictions of the classification test performance could have
been made using larger sample sizes. Finally, different classification methods are
necessary in order to find the best models that can improve the discriminant power of
OCT-generated data which are used for clinical decision support. Furthermore, our
results had to be confirmed on data provided by Spectral-domain OCT devices because
of their higher spatial resolution. However, one must acknowledge that at the time of
our study, time-domain Stratus OCT was the most commonly used device world-wide.
In the meantime, multiple studies were trying to correlate the observations of the inner
and outer retinal changes found with intrinsic ophthalmic imaging (OCT and confocal
microscopy) and showed promising results [100, 101]. Still, it is very challenging to
align their findings with the supposed metabolic and electrophysiological changes in
humans and animal models.

From the second half of the 2010’s, there has also been a major development in the ML
approaches. With the growing amount and complexity of data and the increasing
processing capacity of computers, deep neural networks gained importance, especially
deep convolutional neural networks (CNN) in retinal image recognition [36, 102, 103].
In the CNNs there are several “hidden layers of neurons” which allow more abstract

data processing and pattern recognition.
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Thus, although we employed state-of-the-art methodology at the time of our
assessments, deep learning methodologies trained on huge datasets have meanwhile
gained substantial importance. Although the exact parameters affecting how these
algorithms work are not exactly known due to the “black box effect” (the algorithms do
not reveal the features they are observing, only attention maps can be generated in most
cases, and it is most possible that these CNNs are using some of the structural or even

optical characteristics of the images).

5.2. Detailed histological assessment of ganglion cell changes in Zucker Diabetic Fatty
rats

In accordance with our studies employing the Bayesian ANN, there are several clinical
studies suggesting a loss of the ganglion cell and IPL complex in diabetes with some
involvement of the RNFL as well [73, 97, 98]. These findings are important because
they help understand the early pathophysiological changes of the retina which later in
severe, sight-threatening complications. In order to assess this in more detail, multiple
animal studies were conducted to clarify the involvement of retinal ganglion cells in
diabetes and to describe the earliest changes in the retina. Nevertheless, these studies
yielded contradictory results, with some studies reporting an involvement of the RGCs
[21, 104, 105] and some studies showing no changes [64-66].

According to our work performed in ZDF rats, utilizing retinal sections only and a Brn-
3a, NeuN, and RBPMS staining methodology, we could identify photoreceptor
degeneration, glial response, and amacrine cell number changes. However, the use of
Brn-3a staining was not conclusive of any apoptotic changes in the ganglion cell
numbers [66]. In fact, even with the application of additional non- pan-ganglionic
markers (NeuN and RBPMS), no morphologically or statistically significant difference
could be revealed between diabetic and control ZDF rats, and thus we could not provide
evidence for the aforementioned clinical observations. In our model the animals were
kept diabetic for a relatively long time of six months, and thus the question remains how
this discrepancy arises. According to the 4-year longitudinal results of Sohn et al., there
is retinal neurodegeneration preceding the earliest microvascular changes. Their results
were confirmed with OCT image analysis and immunohistochemistry in vivo in humans

and in rodent models, as well as in a post-mortem human setting [21]. Finding reliable
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biomarkers is difficult in the case of DNP; consequently, the clinical observations
mentioned above could be considered as clinical substitutes in its diagnosis and therapy.
In our study, we could not show any significant RGC loss or a major change in staining
patterns. We could also exclude the possibility of significant IPL pathology resulting in
thickness or stratification pattern alterations [76]. According to the above, the clinical
observations of GCLC thinning is not the earliest retinal change in diabetes, and thus
the outer retinal alterations that we confirmed earlier rather precede any inner retinal
pathologies [19, 65, 66, 82]. The latter theory warrants further clinical investigation for
the assessment of early diabetic retinal changes.

5.3. The assessment of the reliability of image quality labeling in the cohort of graders

with diverse backgrounds

The structural retinal alterations in diabetes detectable on either OCT or color fundus
images could serve the early detection and classification of diabetic retinopathy, and
thus help to prevent diabetic vision loss. Based on this, many computerized, semi-
automated analysis techniques are known in the literature that could decrease the
amount of work and related expenditure for expert image grading [56]. Simultaneously,
deep learning algorithms are increasingly being adopted that can be helpful in the timely
diagnosis of various retinal pathologies [57].

The implementation of such DL algorithms requires training on a large set of
meticulously and precisely labeled images, and thus the grading performance of the
algorithm strongly relies on the quality of the data used for training. Therefore, the
labeling step is crucial in obtaining reliable results and is often a source of unnoticed
bias in the development of DL-based solutions for screening or diagnostic purposes.
According to previous data, following intensive training of 1-2 months, mid-level
ophthalmologic personnel or even non-expert, non-medical graders are able to
accurately classify photos of the retina with at least a moderate level of DR [106-108].
The process of image labeling in the generation of ground truth can be made more time-
efficient through crowdsourcing, where volunteers do an online analysis with or without
a charge. Mechanical Amazon Turk is considered to be relatively inexpensive yet still
effective to rapidly identify ocular diseases such as follicular trachoma or DR on

photographs [60, 61]. In contrast to recent literature describing inter-rater repeatability,
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we also examined the time of single decisions and the time for the completion of quality
labeling with different complexities, in the hands of graders with or without a
background in medicine.

Previous data suggests [60], graders without medical background can grade retinal
photographs rapidly and in a cost-effective way. Non-medical graders in our study spent
seventeen minutes in median on the grading of 200 images. Based on this, the labeling
of 20,000 retinal images should be completed in merely 90 minutes by a total of 20
graders without any background in ophthalmology. Medically trained labelers can
potentially achieve better results; nevertheless, in this case reproducibility and
specificity/sensitivity would also need to be evaluated using images from different pools
[60].

We developed our python-based grading tool also to assess general image quality with
the help of human labelers. We also wanted to assess if the delegation of labeling to
people without medical knowledge could be of any disadvantage.

We employed a set of fundus images that had been taken by different fundus cameras,
thus representing a real-life setting where image quality labeling does not depend on the

device used for imaging, serving as a further strength of our work.

Al together with its advantages as well as drawbacks will become accessible to a large
number of people. The importance of crowdsourcing is on the rise in various projects
that utilize human intelligence. Our work is significant in that it may provide some help
on obtaining reliable ground truth data — even with the help of incompletely trained
volunteers — for the training of deep learning algorithms in the future. Our results imply
that fewer labels and grading categories can be sufficient to achieve this goal. Besides,
such a simple tool can help to solve the well-known problem with images of poor
quality that is present in all public repositories (such as EyePACS and MRL Eye) and
also in various smaller databases of various institutions. These images hinder not only
the grading but also the training of Al-based algorithms. Our solution could be easily
implemented to pinpoint poor quality images and thus improve grading efficiency, even
by simply involving “citizen scientists”. Our aim is to utilize our tool to further label

fundus images aimed for the automated assessment of image quality and diabetic
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retinopathy grading. We hope that our application will also aid the advancement of

other deep learning algorithms in the field.
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6. CONCLUSIONS

In our work we investigated different aspects of diabetic retinal changes in vivo, both

histologically and using clinical imaging methods.

1. We could show that by using a Bayesian ANN with retinal OCT parameters as an
input feature, the distinction between healthy and diabetic eyes without retinal changes
(DM) and with mild retinopathy (MDR) is feasible.

2. In fact, the fractal dimension of the GCL + IPL complex and OPL which had been
predicted by the Bayesian radial basis function network could distinguish eyes with
mild NPDR from healthy eyes. Additionally, the thickness and fractal dimension of the
RNFL, OS, and RPE seem to be promising biomarkers for the classification of eyes in
diabetic patients with or without any signs of mild NPDR.

3. In contrast to this, our work in a ZDF rat model of type 2 diabetes could not confirm
any direct ganglion cell loss which is suggestive of early retinal changes happening
elsewhere in the retina, most possibly in the outer retina as proposed by other studies.
This is in line with the additional parameters identified in our clinical study (namely, the

OS and RPE) and warrants further investigation.

4. The retinal funduscopic features are equally important for the detection of diabetic
retinal changes as the structural information derived from OCT. We could show that for
the ground truth generation of databases that enable the training of Al algorithms, high
agreement level can be achieved even by a very short training and a small number of

fundus images, despite the lack of medical background.

5. Our results underline the importance of a simple grading scheme in this scenario, as it
might be difficult to appreciate fine image quality features when utilizing robust deep

learning techniques.

6. Our methodology has been proven to be user-friendly and well perceived by
participants. It can efficiently serve the generation of training datasets of Al algorithms

for the robust distinction of poor-quality images that are insufficient for screening.
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7. SUMMARY

Visual impairment due to diabetes mellitus (DM) poses a huge burden on societies all
over the world. The better understanding of diabetes-related retinal changes and their
early detection is of pivotal importance in the prevention and efficient treatment of
diabetic eye complications. The diagnosis of these alterations is mostly based on optical
coherence tomography (OCT) imaging for diabetic macular edema and color fundus
photography for diabetic retinopathy (DR). The vast amount of imaging data necessary
for population-based screening calls for action to increase efficiency through the
implementation of resource saving tools based, among others, on advanced artificial
(Al) intelligence-driven technologies.

In our current work, we aimed to combine different approaches to address this problem.
First, we investigated the early diabetes-related OCT markers that could identify early
diabetic retinal pathology using artificial intelligence before any structural changes
develop. As a second step and based in part on these results, we looked at ganglion cell
changes in an animal model of type 2 diabetes. Finally, we assessed the aspects of
image quality labeling of color fundus photographs from diabetic subjects using a
Python-based tool under different conditions, through the employment of graders with
or without medical backgrounds.

We found that a Bayesian artificial neural network with features extracted from OCT
data could potentially discriminate between healthy eyes and eyes with or without mild
DRP by using data from the ganglion cell and inner plexiform layer complex. In
contrast to this, we could not confirm any ganglion cell changes in the ZDF model of
Type 2 diabetes, which suggests that the clinical observation of inner retinal changes
might be a more chronic sequel in diabetes. Finally, the third part of our work shows
promise that even “citizen scientists” undergoing very brief training could achieve high
levels of agreement in the labeling of color fundus photographs using simple grading
systems and only a few categories. This, in turn, can provide better ground truth data
within a short time frame and employ significantly fewer resources for the training of
deep learning-based algorithms.

In summary, our work based on clinical imaging and animal histological data might

contribute to a better understanding and earlier detection of diabetic retinal pathology.
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