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Al
ANN
AUC
ATC
Cl
CNN
CPR number
CRAE
CRVE
CVAT
DiaBase
DL

DR
FDDB
HR
ICDR
ICD-10
IRMA
NPV
OR
PDR
PPV
VEGF

Artificial intelligence

Artificial neural networks

Area under the curve

Anatomical Therapeutic Chemical
Confidence Interval

Convolutional neural networks

Civil personal registration number

The central retinal arteriolar equivalent
The central retinal venular equivalent
Computer Vision Annotation Tool
Danish Registry of Diabetic Retinopathy
Deep learning

Diabetic retinopathy

Funen Diabetes Database

Hazard ratio

International Clinical Diabetic Retinopathy
International Classification System of Disease
Intraretinal microvascular abnormalities
Negative predictive value

Odds ratio

Proliferative diabetic retinopathy
Positive predictive value

Vascular endothelial growth factor



4 Summary

Over 828 million people are diagnosed with diabetes worldwide. Diabetic reti-
nopathy (DR) is a microvascular complication of diabetes that develops in many
patients after prolonged exposure to hyperglycaemia. DR progresses through
five stages starting with no DR (level 0), minimal DR (level 1), moderate non-
proliferative DR (NPDR) (level 2), severe NPDR (level 3) and the potential sight-
threatening end-stage proliferative diabetic retinopathy (PDR) (level 4).

The dysfunction of the microvasculature arises from various pathological
mechanisms that leads to retinal ischemia. This causes the formation of fragile
new vessels prone to bleeding into the vitreous body, which can damage the
vision. It is important to diagnose and treat these new fragile vessels before
irreversible vision loss occurs. Patients are therefore invited for eye screening at
appropriate intervals based on their DR level and HbAlc.

This Ph.D. thesis aimed to investigate PDR from multiple perspectives, includ-
ing an epidemiological approach and the development of diagnostic methods for
identifying and predicting PDR.

We performed an epidemiological analysis of a nation-wide population of
201,945 patients in Paper |, which included estimates of prevalence and inci-
dence rates as well as risk factor for progression to PDR. In Paper Il and IlI, we
aimed to predict future development of PDR from retinal images prior to the
date of diagnosis. This included retinal imaging analysis with a semi-automatic
software to analyse retinal vessel diameters as predictors for PDR as well as
developing a deep learning (DL) model for the same purpose. In Paper IV, we
investigated whether a DL segmentation model could detect active PDR by
identifying new vessels and/or preretinal haemorrhages.

The first study identified key risk factors for PDR and found lower incidence
rates compared to earlier periods. However, the second and third studies did
not successfully predict PDR. The fourth study developed a high-performing DL

segmentation model for active PDR detection.
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The findings in this thesis provide valuable insights into PDR in a well-
regulated and low-risk population. The lower incidence rates are promising for
the future, but the growing prevalence of diabetes underscores the need for
continuous screening efforts. The projected workload increase could be man-
aged through the implementation of a DL model. The predictive potential for DL
requires further exploration, particularly through the incorporation of clinical and

demographic risk factors, as a clear opportunity to enhance accuracy.

DL is a promising method to implement to help manage the increase in work-
load projected with increasing diabetes prevalence. Further exploration of DL’s
predictive potential, incorporating additional risk factors, is essential for improv-

ing its accuracy in PDR prediction.
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5 Motivation

Several aspects convinced me to commit myself to this PhD project. | was
aware that during the process, there would be situations where | would find
myself in deep waters, but the possibility to strengthen my professional and
academic skills has been an essential driving force from the beginning.

The studies within this thesis and their potential for positive changes of the DR
screening program have been a strong source of motivation. The burden of DR
increases worldwide, and the need for screening is obvious, but the economic
resources for medical care are unevenly distributed®. Hopefully, the results from
this thesis can also provide insights for countries with limited medical resources.
Whether the focus has been on identifying risk factors for PDR predicting future
disease, detecting current disease, or freeing up healthcare resources to direct
focus for patients most in need, the goal of enhancing the quality of the Danish
screening program for DR, thereby preventing vision impairment and blindness,

has remained a key driving force.
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6 Background

6.01 Diabetes Mellitus

Diabetes is a chronic metabolic disorder characterized by impaired insulin pro-
duction or function that disrupts normal blood glucose levels. Type 1 diabetes is
an autoimmune disease that leads to destruction of the insulin producing beta
cells in the pancreas. Type 2 diabetes is a complex condition defined by insulin
resistance and/or decreased insulin production and accounts for more than 90%
of cases. The estimated global prevalence of both type 1 and 2 diabetes was
9.3% (463 million patients) in year 2019 projected to increase to 10.2% (578
million) in 2030 and 10.9% (700 million) in 20452, A more recent estimate from
2022 indicates that 828 million adults lives with diabetes, which suggest an

even greater disease burden than previously reported3.

6.02 Diabetic Retinopathy

DR is a common microvascular complication of diabetes that progresses
through two main stages: a non-proliferative stage and a proliferative stage. The
latter can be a serious threat to vision if not diagnosed and treated on a timely
manner*. In 2012, the estimated global prevalence of any form of DR was
77.2% in patients with type 1 diabetes and 25.2% in those with type 2 diabetes,
with a combined prevalence of 22.3% reported in a more recent study from
20215. PDR was reported in 32.4% of patients with type 1 and 3.0% of those
with type 2 diabetes®. The incidence of PDR has been declining in western
countries over the last few decades thanks to screening, early diagnosis and

better treatment options for diabetes per se, as shown in Figure 17.
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Figure 1: Trends in the incidence of proliferative diabetic retinopathy in population-
based studies of type 1° or 2 diabetes® and some including both types of diabetes".
The year marks the baseline date of each follow-up period and the uppercase num-

ber is the reference number. PDR = proliferative diabetic retinopathy. Reprinted from
Abou Taha et al [3] with allowance as a co-author and with permission from BMC.

The Wisconsin Epidemiologic Study of Diabetic Retinopathy (WESDR) identified
the association between hyperglycaemia and progression of DR in the late
1980’s8. Since then, the monitoring and treatment of diabetes have improved,
including long-term monitoring of blood glucose with glycosylated haemoglobin
(HbA1c)®, treatment regimens with basal and bolus-insulin, pumps with auto-
mated insulin infusion, patient education and implementation of screening pro-
grams*10. These improvements in controlling high or unstable blood glucose,
along with better regulation of other well-known risk factors for DR progression
such as hypertension, hypercholesterolemia, obesity and smoking, reasonably
explains the decline in the incidence of PDR in high income countries®.

Chronic hyperglycaemia causes the development of PDR through multiple
pathophysiological mechanisms, including vascular endothelial dysfunction,
inflammation and neurodegeneration*. Damage to the endothelial cells lining the
retinal vasculature compromises the inner blood-retina barrier, leading to vascu-

lar leakage and the formation of diabetic macular oedema, which can cause
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severe vision loss. Additionally, capillary occlusion causes retinal ischemia,
prompting the release of proangiogenic factors like vascular endothelial growth
factor (VEGF) in affected areas. VEGF stimulates the formation of new blood
vessels, typically on or around the optic disc or in the peripheral retina. New
vessels are fragile and a potential threat to vision as they can cause vitreous
haemorrhage, vitreous contraction and tractional retinal detachment*11,

Laser photocoagulation revolutionized the treatment of PDR 50 years ago? by
decreasing the ratio of proangiogenic to antiangiogenic factors, and remains
standard of care today used alongside VEGF inhibition and/or vitrectomy?*?,

6.03 Diabetic Retinopathy Screening

The purpose of this section is to introduce the Danish screening framework, as
the studies included in this thesis were designed specifically for this context.

The World Health Organization lists several criteria that must be fulfilled before
recommending screening for a given disease!®. DR meets all these criteria for
screening, and many countries have implemented DR screening programs. The
Danish program is a national solution, free of charge for the patients and based
on national clinical guidelines'#5, The purpose is to identify the pathological
changes that are threat to sight and to treat these before they result in irreversi-
ble vision loss.

The Danish screening program conducts more than 100,000 screening epi-
sodes every year. It offers lifelong attendance and the clinical examinations are
carried out by both practicing ophthalmologists and hospital departments. DR is
classified according to the International Clinical Diabetic Retinopathy (ICDR)
Severity Scale, which ranges from 0 to 4 with higher numbers indicating greater
disease severity (Figure 2)%. | applied the ICDR Severity Scale in the studies

forming this thesis.
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ICDR 1

One or more
microaneurysms

ICDR 2

More than
microaneutysms, but
less than ICDR level 3
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ICDR 3

> 20 haemorrhages in
each of 4 quadrants
or
venous beading = 2
quadrants
or
IRMA = 1 quadrant

ICDR 4

Neovascularization
and/or pre-retinal
bleeding

Figure 2: Six-field images of the retina displaying levels 1 to 4 on the International Clinical Diabet-
ic Retinopathy (ICDR) Severity Scale. Level 0, which indicates no diabetic retinopathy, is not
represented in the figure. Higher numbers on the scale indicates increasing severity. IRMA =
Intraretinal microvascular abnormalities. Image origin: Steno Diabetes Centre Odense. |
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The requirements for a Danish screening episode are measure of visual acuity
and a minimum of two 45-degree retinal images, but in hospital settings the
standard of care is six-field images. Optical coherence tomography is performed
if fundus photography raises suspicion of diabetic macular oedema. Although
diabetic macular oedema is mentioned here and is a central part of the clinical
assessment in the diabetic eye, it falls out of the scope of this thesis, and will
not be explored further.

Clinicians adjust the flexible and individual interval for screening episodes
based on the DR severity and the biomarker HbAlc. The screening intervals
listed below are the current recommendations by the Danish national guide-
lines415,

ICDR level O or 1

Screening every 24 months

ICDR level 2
Screening every 12 to 24 months

If HbAlc > 80mmol/mol: Screening every 6 to 12 months

ICDR level 3
Screening every 3 to12 months

If HbAlc > 80mmol/mol: Screening every 3 months
ICDR level 4 (Stable or treated PDR)
Screening every 6 to 12 months

If HbAlc > 80mmol/mol: Screening every 3 to 12 months

New or recurrent PDR

Direct referral to eye department at a hospital

18



6.04 Deep Learning

Machine learning technologies are present in many everyday situations in mod-
ern society, ranging from smartphones and websites to self-driving cars and
generative language models like the ChatGPT. Traditional machine learning
models were limited in their ability to extract features from raw data, but this
changed with representation learning methods that allowed machines to be fed
with raw data and automatically discover the features for classification!’. DL is
such a representation model based on artificial neural networks (ANN). This
type of Al enables machines to perform automatic extraction of features and
patterns from large datasets'’. DL has revolutionized several domains with its
applications. In computer vision, it performs object detection and classification
of images?®, while it transcripts from speech recognition®, and translates from
natural language processing°.

Artificial Neural Networks

ANNs mimic the structure and function of the human brain, being composed of
layers of interconnected nodes (neurons). For each connection, a linked weight
determines the strength of the signal passed from one neuron to the next. Three
types of layers define an ANN, where the first layer, the input layer, is responsi-
ble for processing the raw data. The second set of layers is the hidden layers,
and it is the depth of these (number of hidden layers) that defines a DL network,
which is characterized by having two or more hidden layers. The final layer, the
output layer, generates the relevant results based on the purpose of a given DL

modell’.
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Figure 3: Structure of a deep learning model. A standard feedforward concept con-
sisting of an input, multiple hidden layers and an output layer. The green dots repre-
sent the weights connected with each neuron. The right-sided diagram illustrates the
backpropagation process used to correct errors by adjusting the weights in the net-
work. Self-made figure with diagrams.net.

Learning Process

Forward propagation is the step where data flows through the different layers of
the DL network (Figure 3). Each neuron receives inputs from the neurons in the
previous layer to which it is connected. The strength of the signal transmitted
from a single neuron is determined by the weight assigned to the connection,
meaning that higher weight values have a greater impact on the output of the
neuron. A summation function calculates the values a neuron receives from its
connected neurons. This value passes through the activation function, which
determines whether the neuron will transmit a signal. The activation function is
non-linear, allowing a DL algorithm to learn and represent more complex and
abstract patterns. As for example, a DL algorithm analysing a retinal image of

PDR must be able to recognize a new vessel regardless of its position, orienta-
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tion or illumination. This is possible by the non-linearity introduced by the activa-
tion function'’.

The loss function plays an important role in the learning process by helping the
algorithm identify its errors. It generates a numerical value based on the DL
algorithms performance. If the results is far from the true answer, it produces a
high number indicating more error?’.

The backpropagation process sends the error information from the loss func-
tion backwards through the ANN to adjust the weights of the connections be-
tween neurons. This process is repeated many times to gradually improve the
models performance??.

Convolutional Neural Networks

Convolutional neural networks (CNN) are a type of DL model particularly de-
signed for computer vision tasks, such as image processing. They are called
“convolutional” because they rely on a convolutional mathematical operation as
a part of its key architecture. This process involves sliding a filter (also known as
a kernel) over the entire image to extract features from localized regions like
patterns, edges, textures or corners one image patch at a time. This is what
differentiates CNNs from other ANNs, namely that they analyse images in
smaller parts (patches) rather than the whole image at once. This allows CNNs
to recognize specific patterns, regardless of their location in the image, which is
important if you want to achieve automated detection and segmentation of new
vessels. The generated feature maps from the filter application highlight the
important features in the input image, and the connected weights are shared
across the entire image during the convolutional process. The weight sharing
reduces the number of parameters the CNN needs to learn, making it very effi-

cient?’.

The Black Box

The Black box phenomenon describes the lack of transparency in how DL mod-
els arrives at their predictions. The processes that transform input data into a
final model prediction (outcome) are hidden in traditional black box models,
which makes it difficult for humans to understand how it processes data and
makes a decision??,
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6.05 Danish Health Registers

Denmark has a long tradition of register-based research, which was strongly
enhanced in 1968 with the introduction of the Civil Personal Registration (CPR)
system. This system assigns a unique personal identifier to every individual
born in Denmark and enables data linkage across various registers (Figure 4).
The CPR register contains data on sex, date of birth, civil status, migration and

vital status.

The Danish Civil
Registry

The Danish Registry of
Diabetic Retinopathy The Danish National The Danish National

(DiaBaSe) atient egiste esC |Ft|0 ‘EgiSty
L,

Figure 4: The Danish registers forming Paper |. The Danish Civil Registry was used
to connect data across the three pictured registers at the individual level with the
unique civil personal register number. The figure was selfmade with diagrams.net.

The Danish Registry of Diabetic Retinopathy (DiaBase) is a national database
with information from individual clinical visits in the Danish screening program
for DR since 2013. The data included includes DR severity level, date of
screening episode and visual acuity?®. The DiaBase is reliable on the clinician’s
effort to report the results from a given screening episode and receives infor-

mation from both practicing ophthalmologists and hospitals.
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The Danish National Patient Registry was established in 1976 and includes
individual data on diagnosis, surgery and treatments from inpatients, outpatients
as well as emergency patients treated at a Danish hospital. Since year 1994,
the International Classification System of Disease (ICD) has been used as cod-
ing system?4. The register contains a primary (A) diagnosis or treatment code,

secondary (B) diagnosis or treatment codes in connection with the A-code?.

The Danish National Prescription Registry is a national database that contains
individual-level information on all prescription drugs dispensed in pharmacies.
The dispensed drugs are categorized by the Anatomical Therapeutic Chemical
classification (ATC) code, which enables specific drug identification?S.

The Funen Diabetes Database (FDDB) was established in 2003 and covers
80% of the patients diagnosed with diabetes in Funen area®®. It includes data
from routine clinical diabetes examinations including the CPR identifier, date of
contact, age, and sex. Clinical data encompass DR levels (ICDR levels 0 to 4),
foot examination results, blood pressure, weight, height, body mass index, and
smoking status. Biomarkers are automatically transferred from laboratory sys-
tems to the FDDB and include HbAlc, high-density lipoprotein cholesterol, low-
density lipoprotein cholesterol, total cholesterol, triglycerides, plasma creatinine,
urine creatinine, urine albumin concentration and the urine albumin to creatinine
ratio. Additionally, the database records information on prescribed insulin and
oral glucose-lowering medications, as well as diabetes-related complications,
including cardiovascular disease, diabetic nephropathy, hypoglycaemia, and

ketoacidosis.
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[/ Purpose

The overall purpose of this thesis was to enhance our understanding of PDR in
a nation-wide diabetes population. This included an epidemiological approach
to explore risk factors, prevalence, incidence rates and developing innovative
diagnostic methods for predicting and detecting PDR.
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Table 1: Overview of the studies included in the PhD thesis

Paper | Paper Il
Design Register-based cohort study Retrospective case-control study
Population 201,945 patients 128 patients
Sample size 401,462 eyes 128 retinal images
Subjects Patients with type 1 or 2 diabetes

Patients with type 1 or 2 diabetes

Cases: Subsequent PDR

Controls: No PDR

Inclusion period

2" of January 2013 to 30" of December

2018.

2" of January 2003 to 22" of November

2019.

Inclusion criteria

Type 1 or 2 diabetes, aged = 18 years of
age and index date between 2" January

2013 to 30" December 2018

Type 1 or 2 diabetes, ICDR-level 0 or 1 at
baseline and subsequent progression to

PDR (cases)

Data sources

DiaBase, The Danish National Patient
Register, The Danish National Prescription
Registry, The Danish Civil Registration

System

The Funen Diabetes Database,
Steno Diabetes Centre Odense image da-

tabase

Primary out-

come measures

Hazard ratios of markers of incident PDR

and 1, 3 and 5 year PDR incidence rates

Odds ratio for progression to PDR

Statistics

Uni- and multivariable Cox proportional
hazard models
&
Temporal analysis of the 1, 2 and 3 year

risk of progression to PDR

Uni- and multivariable logistic regression
models
&
Intergrader agreement: Two-way mixed-

effects model

PDR = proliferative diabetic retinopathy, ICDR scale = International Clinical Diabetic Retinopathy Severity Scale
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Paper Il

Paper IV

Deep learning diagnostic accuracy study

Deep Learning diagnostic accuracy study

960 patients

199 patients

26,828 retinal images

938 retinal images

Patients with type 1 or 2 diabetes
Cases: Subsequent PDR

Controls: No PDR

Patients with type 1 or 2 diabetes

2" of January 2013 to 30" of May

2022

24 of January 2003 to 22" of November

2019

Type 1 or 2 diabetes.

Type 1 or 2 diabetes, inactive (controls) or active

(active) PDR

DiaBase,

Steno Diabetes Centre Odense image database

The Funen Diabetes Database,

Steno Diabetes Centre Odense image database

Sensitivity and specificity for prediction of PDR

Sensitivity and specificity for detection of active

PDR

Sensitivity and specificity calculated as

measures of diagnostic accuracy

Sensitivity and specificity calculated as

measures of diagnostic accuracy
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8 Paper |

8.01 Objective

To evaluate the incidence of PDR and identify risk factors associated with pro-
gression to PDR in a national population of Danish patients with diabetes.

8.02 Methods

Study Design
This national five-year cohort study examined eyes from patients with and with-
out PDR progression, using data Danish registers, including the CPR system,

DiaBase, the National Patient and the National Prescription Registry.

Study Population and Data Sources

The study population consisted of patients aged 18 years or older with type 1 or
2 diabetes who participated in the Danish DR screening program and had their
visits recorded in the DiaBase from the 2" of January 2013 to the 31" of De-
cember 2018.

Inclusion and Exclusion Criteria

Patients were followed from their index date (first screening) until their last
screening or an endpoint: death, PDR progression, or emigration. Individuals
contributed one or both eyes, but were represented by their worst eye in Tables
2 and Al. Eyes with PDR at baseline, regression from PDR (if an individual is
reported with DR level 1 to 3 after diagnosed with PDR) or missing DR level

assessments at any screenings were excluded.

Statistical Analysis
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Table 2 shows the comparison of baseline characteristics for cases (PDR) ver-
sus controls (ICDR 0 to 3). Continuous variables are presented as medians with
interquartile ranges and categorical variables as counts with proportions.

We used a multivariable Cox proportional hazards model to evaluate associa-
tions between baseline variables and progression to PDR, adjusting for sex,
age, civil status, diabetes type, anti-hypertensive and cholesterol lowering med-
ications as well as a modified Charlson Comorbidity Index score excluding dia-
betes. Given that most patients (98.8%) contributed two dependent eyes, we
applied robust standard errors to account for the clustered structure.

We calculated the one, three and five-year incidences for progression to PDR

from the baseline DR level in a temporal analysis (Table 3)
A competing risk analysis was performed as we were suspicious of the low
progression rates from DR level 3. A Fine-Gray sub distribution hazard model
was applied to account for mortality as a competing risk in the progression to
PDR among patients with DR level 3, compared to those with DR level 2.

8.03 Results

The five-year cohort included 201,945 patients of whom 1,780 (0.9%) patients
and 2,384 (0.6%) eyes had progression to PDR. The rate of PDR progression
varied by baseline DR-level: 0.1% for level 0 (510 eyes), 2.7% for DR-level 1
(1,041 eyes), 4.7% for DR-level 2 (535 eyes) and 14.7% for DR-level 3 (298
eyes). The median number of visits per patient was three (interquartile range 1-
4).

The baseline characteristics categorized by DR levels can be studied in Table
Al (appendix). Table 2 presents the baseline differences between patients with
and without subsequent progression to PDR. Male sex (60.3 vs. 56.5%, p =
<0.001), lower age (59.6 vs. 65.8 years, p = <0.001), longer duration of diabetes
(type 1 diabetes: 19.9 vs. 14.9 years, p = <0.001; type 2 diabetes: 11.7 vs. 5.3
years, p = <0.001) and type 1 diabetes (28.7% vs. 7.6%, p = <0.001) were all
associated with PDR progression. Individuals who were never married (21.9 vs.
14.8%, p = <0.001), used insulin (86.3 vs. 31.5%, p = <0.001) and were pre-
scribed anti-hypertensive medicine (80.0 vs. 74.6%, p = <0.001) were also in
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increased risk for subsequent PDR incidence.

Table 2: Baseline Differences between Patients with and without Subsequent Progression to PDR

All Progression to No progression P-
PDR to PDR value

Number of patients, n 201,945 1,780 200,165
Male sex, n (%) 114,107 (56.5) 1,074 (60.3) 113,033 (56.5) 0.001
Age (y), median (IQR) 65.8 (55.6;73.2)  59.6 (48.0;68.9) 65.8 (55.6;73.2) 0.001
Diabetes type, n (%) <0.001
Type 1 diabetes 15,728 (7.8) 511 (28.7) 15,217 (7.6)
Type 2 diabetes 152,622 (75.6) 421 (23.7) 152,201 (76.0)
Unknown 33,595 (16.6) 848 (47.6) 32,747(16.4)
Duration of diabetes, years (IQR) <0.001
Type 1 diabetes 15.4 (6.7;20.2)  19.9 (19.1;21.3) 14.9 (6.5;20.2)
Type 2 diabetes 5.3 (2.0;9.7) 11.7 (5.8;17.4) 5.3(2.0;9.7)
Marital status, n (%) <0.001
Never married 30,042 (14.9) 390 (21.9) 29,652 (14.8)
Married 116,592 (57.7) 1,005 (56.5) 115,587 (57.7)
Widowed or divorced 55,311 (27.4) 385 (21.6) 54,926 (27.4)
Charlson Comorbidity Index score, n (%) <0.001
0 (low) 147,310 (72.9) 770 (43.3) 146,540 (73.2)
1 (moderate low) 25,987 (12.9) 698 (39.2) 25,289 (12.6)
2 (Moderate high) 18,153 (9.0) 163 (9.2) 17,990 (9.0)
2 3 (high) 10,495 (5.2) 149 (8.4) 10,346 (5.2)
Use of medication, n (%)
Insulin 64,672 (32.0) 1,536 (86.3) 63,136 (31.5) <0.001
Glucose-lowering 154,069 (76.3) 759 (42.6) 153,310 (76.6) <0.001
Anti-hypertensiva 150,825 (74.7) 1,424 (80.0) 149,401 (74.6) <0.001
Cholesterol lowering 149,219 (73.9) 1,294 (72.7) 147,925 (73.9) 0.29

IQR = Interquartile range. PDR = proliferative diabetic retinopathy. DR = diabetic retinopathy. Adapted and reprinted from
Paper 1.
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In a Cox proportional hazards model comparing baseline characteristics be-
tween patients with and without progression to PDR, we found that those who
progressed had a longer duration of diabetes (hazard ratio (HR) 4.66 per 10
years; 95% confidence interval (Cl), 4.05 to 4.37), Charlson Comorbidity Index
score over 0 (score 1: HR 4.62, 95% CI, 4.14 to 5.15; score 2: HR 2.28; 95%
Cl, 1.90 to 2.74; score =3: HR 4.28; 95% CI, 3.54 to 5.17) were more likely to
be unmarried (HR 1.36; 95% ClI, 1.19 to 1.56) and to have type 1 diabetes (HR
9.61; 95% CI, 8.01 to 11.53). In addition, patients who received insulin (HR
5.33; 95% ClI, 4.49 to 6.33) or anti-hypertensive (HR 2.23; 95% ClI, 1.90 to 2.61)
treatment showed an increased risk of progression to PDR.

Patients with lower age (HR 0.87; 95% ClI, 0.83 to 0.91) at their first screening
visit and those medicated with non-insulin glucose lowering drugs (HR 0.51;
95% ClI, 0.45 to 0.57) had a decreased risk of PDR progression. Sex and cho-

lesterol lowering medicine showed no difference in risk of progression.

Hazard ratio (95%-CI)

Sex (male) . 107

Age (years) - 0.87

Type of diabetes (ref. type 2 diabetes) —— 9.61

Duration of diabetes (years) : —e— 4.66

Never married (vs. married) —e— 1.36

CCl 1 (ref. CCI 0) . 4.62

CCI 2 (ref. CCI 0) —— 2.28

CCI =3 (ref. CCI 0) —— 4.28

Insulin (yes vs. no) —— 5.33

Glucose lowering (yes vs. no) —— 0.51

Anti-hypertensives (yes vs. no) — 223

Cholesterol lowering (yes vs. no) + 1.10
0.5 1I Hazard ratio 5 1I0

Figure 5: Forrest plot of hazard ratios for progression to proliferative diabetic
retinopathy by baseline characteristics. Shown are a multivariable Cox pro-
portional hazard model. Cholesterol lowering includes all cholesterol lower- :
ing medications. Glucose lowering is excluding insulins. CCl = Charlson
Comorbidity Index. Ref. = reference. Adanted and modified from paper 1. :

The temporal analysis demonstrated that the risk of progression to PDR in-

creased with higher baseline DR-levels and longer follow-up periods. Over a one-
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year period, eyes with baseline DR-level 0 had a low incidence rate of 0.6 per
1000 person-years compared to incidence rates of 8.3 per 1000 person-years for
DR level 1, 13.9 per 1000 person-years for DR-level 2., whereas those with DR-
level 3 had a markedly higher incidence rate of 52.7 per 1000 person-years. This
trend persisted over three- and five-year periods, as shown in Table 3.

Table 3: Incidence Rates of PDR Progression at One, Three and Five Years

One year
Leéﬂ of Ey_es at Events Obse_rvations p?rci%%%cgéfggn
risk time years
All 401,462 570 282,631 2.0
0 352,143 138 243,885 0.6
1 36,280 239 28,800 8.3
2 11,006 119 8,542 13.9
3 2,033 74 1,403 52.7
Three years
Legﬂ of E);tiasskat Events Obs%rr\r/laetions p?rci(%egrgréerggn
All 401,462 1,759 680,700 2.6
0 352,143 382 584,546 0.6
1 36,280 778 71,903 10.8
2 11,006 377 20,979 17.9
3 2,033 222 3,270 67.9
Five years
Levelof  Eyesat g Obsenaions IR,
years
All 401,462 2,384 817,743 2.9
0 352,143 510 696,917 0.7
1 36,280 1,041 89,823 11.6
2 11,006 535 26,900 19.9
3 2,033 298 4,101 72.7

PDR = proliferative diabetic retinopathy. Adapted and modified from Paper |
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The risk of mortality before progression to PDR was considered an alternative
event for those with baseline DR-level 3. Therefore, we compared the risk of
progression between DR-level 2 and 3 showing higher risk for progression with
DR-level 3 at baseline (HR 3.25; 95% ClI, 2.74-3.87). The HR remained unaf-
fected when we tested death as a competing event to PDR progression (HR
3.25; 95% CI, 2.74-3.87).

32



9 Paper Il to lll

9.01 Objective

The aim of the two studies was to explore whether PDR could be predicted from
retinal images using semi-automatic geometrical vessel analysis (Paper 1) and
DL (Paper IlI).

Paper Il aimed to predict the development of PDR from early-stage DR images
(ICDR levels 0 to 1) while Paper Ill aimed to predict PDR from images across
all DR stages (ICDR levels 0 to 3) and from subsets of ICDR levels 1, 2, and 3.

9.02 Methods

Study Designs
Paper Il used a retrospective matched case-control design while Paper Ill was
a DL-based diagnostic accuracy study.

Study Populations and Data Source

Paper Il: The FDDB supplied data from 2003 to 2019 forming the study popula-
tions while the retinal images originated from our local DR screening image
database at Odense University Hospital. It also utilized clinical and demograph-
ic data from the FDDB as detailed in Table A2.

Paper llI: The population consisted of patients with type 1 or 2 diabetes and
was established using data from the DiaBase®:. We defined the PDR endpoint
in DiaBase by identifying eyes classified with DR level 4 and also included date
of PDR diagnosis, date of first screening episode and baseline DR level. Eyes
from those without a PDR diagnosis were included as controls.

Inclusion and Exclusion Criteria
Both studies required cases to have PDR and we only included images from
screening episodes prior to the date of PDR diagnosis.

In Paper Il, we first identified cases as individuals registered in the FDDB with
PDR (DR level 4) and a baseline DR level of 0 or 1. Individuals could contribute
one or both eyes. We conducted retrospective manual searches in our local
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image database to retrieve the initial retinal image, ensuring date alignment
between the image database and the FDDB (Figure 6). It led to exclusion of
patients when the initial retinal image was unavailable. The first screening date
served as baseline date for our case population that we now matched 1:3 to
controls. The control patients had the same baseline DR-level, sex, age (+ five
years), type of diabetes and observation time (+ one year) in the FDDB.

@ Macthing with controls @ Identification of cases
2003 | L 2019
! Baseline PDR |
: Observation tim —

Retrospective identification of initial fundus images:

Figure 6: A timeline displaying the formation of the study population. 1:
Identification of patients with proliferative diabetic retinopathy in the Funen
Diabetes Database from year 2003 to 2019. 2: Retrospective identification
of initial fundus images. 3: Matching of cases to controls with the first
screening episode as baseline. Adapted and modified from paper I1.

For Paper Ill, we included retinal images from our localized database at
Odense University Hospital (OUH). The retinal images are labelled with CPR-
number and date of screening. When creating the PDR image dataset, we only
included images preceding the date of diagnosis and excluded those beyond
the date of diagnosis. An individual could contribute several images, but from
different screening dates, and could be included with both eyes. Images from
eyes without a PDR diagnosis were included as controls.

Retinal Image Preparation
A certified grader (SD) manually confirmed the PDR diagnosis in both studies.
Paper Il included an image quality assessment and an intergrader agreement
analysis. We evaluated the binary black-and-white vessel map to determine the
VAMPIRE software’s ability to accurately track vessels in the retinal images. No
images were excluded. Further, a VAMPIRE intergrader analysis of 38 (25%)
random images displayed high agreement of 90% for CRAE and 94% for
CRVE.
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In Paper lll, we split the images into training (70%), validation (20%), and
testing (10%) datasets for model development. In addition to developing a mod-
el using all DR levels combined, separate PDR prediction models were also
developed for ICDR levels 1, 2, and 3 (Table 4). An individual was allowed to
contribute more than one image, but could only represent one of the three da-
tasets.

Both studies included high-resolution (6,528 x 6,528 pixels) six-field retinal
images.

Retinal Image Analysis
This thesis applied two distinct methods to analyse retinal images as predictors
of progression to PDR.

In Paper Il, we used the Vessel Assessment and Measurement Platform for

Images of the Retina (VAMPIRE; version 3.2; The VAMPIRE Group; Edinburgh,
United Kingdom). The software can automatically identify retinal vessels and
anatomical landmarks such as the optic disc and macula. This facilitated the
construction of a grid with circular zones around the optic disc. These zones
were defined as follows: Zone A encompassed 0.0-0.5 disc diameters from the
optic disc margin, Zone B covered 0.5-1.0 disc diameters, and Zone C extend-
ed 0.5-2.0 disc diameters. We manually adjusted occasional inaccuracies in the
automated detection as necessary. Vessels were excluded from analysis under
specific circumstances, including ambiguous vessel classification, instances
where two vessels were incorrectly identified as a single vessel, or when a
vessel from the choroidal layer was misclassified as a retinal vessel by the
software. The central retinal arteriolar equivalent (CRAE) and central retinal
venular equivalent (CRVE) were derived from the six largest arterioles and
venules traversing Zone B. These metrics, calculated in pixels by the software,
have been validated in previous studies?’?%. To enhance interpretability, meas-
urements were converted from pixels to microns using a conversion factor. This
factor was determined based on an average adult optic disc diameter of 1800
pum?2° and the mean optic disc diameter across all included eyes.
In Paper lll, we used DL and implemented a stepwise strategy including vessel
segmentations, image feature extraction and additional numerical vessel fea-
tures. This was done to provide the DL model with as much information as pos-
sible to predict PDR.

The first step in our approach involved extracting vessel segmentations from
each input image using the FR-UNet model®*°. The FR-UNet is a DL model de-
signed for medical and biological image segmentation tasks trained on vessel
segmentation datasets, where the model learned to identify and extract vessel
structures from raw images. We then added the vessel segmentation masks as
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a fourth channel to the original retinal images. This enhanced the feature repre-
sentation by incorporating vessel-specific information (Figure 7).

Figure 7: Four examples of skeletonized vessels from pre-processed retinal
i images with the FR-Unet model before training the deep learning prediction
i model. Adapted and modified from Paper Iil.

To extract deep features from the processed images (original images and ves-
sel mask), we employed the InceptionV3 model that is a well-established CNN
initially trained on ImageNet for large-scale image classification3!. The Incep-
tionV3 is able to capture both fine-grained and high-level spatial patterns.

Since the primary goal was to adapt InceptionV3 to our specific classification
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task, we followed a transfer learning approach. Instead of training the entire
network from the start, we froze the early layers (which capture general image
features) and only fine-tuned the last layers with our images. This ensured that
the model retained its powerful feature extraction capabilities while adapting to
the vessel classification task.

We incorporated numerical features to the DL model extracted from the vessel
segmentation mask in addition to image-based features, which included vessel
density and tortuosity. The vessel density was calculated as the ratio of vessel
pixels to total image pixels:

. Number of vessel pixels
Vessel density =

Total image pixels

To assess the vessel tortuosity, we first applied skeletonized mask to obtain a
one-pixel-wide representation of the segmented vessels (Figure 7) and then
analysed the skeleton to detect bifurcation points where vessels split into
branches. We defined the vessel segments by tracing from each bifurcation
point until the next bifurcation point, the vessel reached its endpoint or if it ex-
tended beyond a predefined maximum distance. We then computed the tortuos-
ity for each segment as the ratio of segment length to Euclidean distance
(straight-line between start and endpoint):

Segment length

Tortuosity =
Y Euclidean Distance

Since we computed tortuosity for multiple vessel segments in each image, we
needed to summarize these values before passing them to the model. We used
maximum tortuosity, minimum tortuosity and average tortuosity of each image
as numerical features. These numerical features were processed separately
using a fully connected Multi-Layer Perceptron (MLP) feedforward neural net-
work. Finally, the extracted features from InceptionV3 (image-based features)
and the MLP (numerical features) were concatenated into a joint representation,
enabling the model to integrate both visual and numerical information for the
final classification.

The combined feature representation was passed through a final fully con-
nected classification layer, which predicted the target class. The model was
trained using Binary cross-entropy loss and optimized using Adam optimizer.
Since the dataset used for training was imbalanced with one class (PDR group)
having significantly fewer image samples. To address class imbalance, we
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adjusted the loss function by assigning higher weights to the minority class,
ensuring the model remained attentive to its correct classification.

Statistics

In Paper Il, categorical data were analysed using the Chi-square test and are
presented as numbers with percentages. Continuous data were analysed using
the Mann-Whitney U test was applied and are presented as medians with inter-
quartile ranges.

A multivariable logistic regression model was constructed to test for associa-
tions between independent clinical variables and PDR. We adjusted the model
for age, sex, HbAlc, blood pressure, duration of diabetes, LDL, and triglycer-
ides. To account for the inclusion of two eyes from some patients, we con-
structed the model as a mixed-effects regression with cluster robust standard
errors to address the non-independence of observations within clusters. We
assessed intergrader agreement by calculation intraclass correlation coeffi-
cients using a two-way mixed-effects model.

9.03 Results

In Paper I, the population consisted of 39 cases contributing 52 eyes and 89
controls contributing 107 eyes. The baseline differences between the two
groups can be studied in Table A2 (appendix).

The results of the multivariable logistic regression analysis are shown in Figure
8, where we examined whether independent parameters predict progression to
PDR. HbAlc (odds ratio (OR) 1.54 per 10 mmoL/moL; 95% CI: 1.15 to 2.07,
p=0.004), triglyceride (OR 1.39 per 1 mmol/L; 95% CI: 1.03 to 1.86; p=0.03)
and the duration of diabetes (OR 1.09 per 1 year; 95% CI: 1.03 to 1.16;
p=0.003) were statistic significant predictors of progression to PDR. Retinal
vascular diameters (CRAE and CRVE) and all other clinical and demographic
parameters were not predictive for PDR.
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Odds ratio (95%-ClI)

Sex (male) : . 1.30
Age (years) —0—— 0.77
Type of diabetes (Type 1 vs. 2) . 1.84
Duration of diabetes (years) ‘.- 1.09
Body mass index —— 1.00
Systolic blood pressure e 1.18
Diastolic blood pressure —— 1.00
HbA1c P 1.54
Serum-creatinine . 1.02
Low-density lipoprotein ® 1.06
High-density lipoprotein . 1.59
Triglyceride . S 1.39
Insulin . 1.48
CRAE —— 1.03
CRVE - 1.01
AVR ———— 0.98

0.5 ; 5 1I0

Odds ratio

Figure 8: Multivariable logistic regression analysis with odds ratio for association between independent
variables and proliferative diabetic retinopathy. CRAE and CRVE = central retinal arteriolar and venular
equivalent; AVR = arterio-to-venule ratio. Adapted and modified from Table 2 in paper II.
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For Paper lll, we included 627 retinal images in the PDR case group and
26,201 images in the control group. The DL models with prediction from each
individual DR level included 3,672 (ICDR level 1), 5,867 (ICDR level 2) and
1,693 (ICDR level 3) retinal images (Table 4).

Table 4: The Four Datasets and The Number of Images Dichotomized Into Training,
Validation and Testing Datasets.

All ICDR level 1 ICDR level 2 ICDR level 3
Subset,
N Control Cases Control Cases Control Cases Control Cases
Training 19,812 462 2,746 17 4,373 146 1,001 284
Validation 2,594 95 352 2 556 39 116 54
Testing 3,795 70 552 3 730 23 200 38
Total, n 26,201 627 3,650 22 5,659 208 1,317 376

ICDR = International Classification of Diabetic Retinopathy Severity Scale. Adapted and modified from Paper IlI.

Despite the efforts in feature engineering, model architecture design, and han-
dling class imbalance, the results indicate that the model is incapable of predict-
ing the development of PDR resulting in zero true positive predictions as shown
in Table 7.

Table 7: Performance for all of the Four Deep Learning Models for Predicting
Future PDR.

%

Sensitivity

Specificity

Positive predictive value

ol O o o

Negative predictive value

PDR = proliferative diabetic retinopathy. Adapted and modified from Paper Ill.

40



10 Paper IV

10.01  Objective

Our aim was to develop and validate a DL system able to identify patients with
active PDR and distinguish these, not only from those with DR level O to 3, but
also from those with stable inactive PDR (Figure 9). We aimed to achieve this
through the annotation of new vessels and preretinal haemorrhages with DL.
This approach will enable us to identify incident PDR, but also those already
diagnosed with PDR in need of treatment and then distinguish these from those
with inactive PDR stabilized by panretinal photocoagulation.

10.02 Methods

Study Design

This DL diagnostic accuracy study was conducted using retinal images from the
Danish screening program for DR. The study took place in the Island of Funen,
Denmark.

Study Population and Data Sources

The study population was defined within the FDDB from 2009 to 2019 and in-
cluded retinal images from patients with type 1 or 2 diabetes. The CPR num-
bers, screening dates and ICDR level were extracted from FDDB while retinal
images were retrieved from a local image database.

Inclusion and Exclusion Criteria

We included images representing DR level 4 from patients with a PDR diagno-
sis. Each patient could contribute multiple images but from different screenings
episodes. The included retinal were of 6,528 x 6,528 pixels and were six-field
mosaics. We included images of varying quality and excluded images if the
retina was unrecognisable (five images excluded for being ungradable).
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SEGMENTATION

CLASSIFICATION

v
| : |

ACTIVE PDR OR INACTIVE PDR

Figure 9: The figure illustrates the objective of Paper IV presenting an ex-
ample of an original six-field retinal image and the same image with pre-
segmentation of lesions from all ICDR levels 1 to 4. PDR = proliferative
diabetic retinopathy. Adapted and modified from Paper IV.
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Classification and Annotation of Retinal Images

The preparation of the retinal images began with a classification phase, fol-
lowed by a DR lesion annotation phase to prepare the image data for training of
the DL model. The grading team consisted of certified Grader 1 (SD) and two
independent certified Graders 2 and 3 both with ophthalmological experience.
All graders completed a DR grading course including video lessons and practi-
cal tasks to receive the VIOLA certification®2.

The initial process included categorizing the images as active or inactive PDR
cases performed by Grader 1. Graders 2 and 3 reassessed the images to en-
sure correct classification. A joint assessment and decision was carried out in
cases of disagreement between Grader 1 and one of the two remaining grad-
ers. This second classification changed 27 images from inactive to active PDR
and 14 images from active to inactive PDR.

The annotation phase started with uploading the images to the Computer
Vision Annotation Tool (CVAT) followed by applying our already developed DL
segmentation model with the purpose of annotating nine different DR lesions33,
These included microaneurysms, soft and hard exudates, intraretinal haemor-
rhages, intraretinal microvascular abnormalities (IRMA), peripheral and central
laser tracks, preretinal haemorrhages and new vessels. Grader 1 conducted a
manual review and refinement of the pre-segmented new vessels and preretinal
haemorrhages to ensure optimal precision. This process also involved the seg-
mentation of any missed preretinal haemorrhages or new vessels in the active
PDR images as well as removing incorrect annotations from the pre-
segmentation process. Additionally, Graders 2 and 3 evaluated the inactive
PDR images to identify and delete incorrect annotations of preretinal haemor-
rhages and new vessels.

Algorithm Development
To develop the DL model to detect new vessels and preretinal haemorrhages,
we allocated 70% of the retinal images for training, 10% for tuning and 20% for
testing. It was made sure that a unique individual contributed images to only
one of the allocations. The testing dataset also included retinal images of inac-
tive PDR to evaluate model performance. All images had detailed annotations
for new vessels, preretinal haemorrhages, and other relevant retinal features
such as microaneurysms, retinal haemorrhages, hard exudates, cotton wool
spots, IRMAs, peripheral plus central laser scars, and the optic disc (Figure A2).
All of these were generated by our previous developed segmentation model3.
We simplified the labels into four categories for training purposes that included
background, new vessels, preretinal haemorrhages, and other lesions.

Our segmentation model is based on a UperNet3* architecture with a Con-
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vNext3! backbone that was pre-trained on ImageNet. The training involved 440
images of active PDR with 1,381 manually annotated new vessels and prereti-
nal haemorrhages, while the tuning included the use of 63 images with 123
annotations. The model was implemented in PyTorch in which we utilized the
TorchSeg library®. The output was established by using convolutional layers of
different kernel sizes (1x1, 3x3, and 5x5) to enhance the ability to detect fea-
tures at various levels of detail. We merged the final probability maps from
these layers into a single probability map.

We applied a range of techniques to improve the models ability to recognize
and detect small or rare lesions as well as performing under different image
conditions. These included to handle class imbalance with the application of a
loss function as a combination of Log Cosh Dice Loss® and Focal Tversky
Loss?. It also included modification of the images to add variety with augmenta-
tion, which rotated and brightness adjusted the images, to help the model rec-
ognize lesions under different conditions®. The six-field retinal images were
processed in overlapping 288x288 pixel patches with smaller 256x256 pixel
crops randomly sampled during training. Additionally, we slightly modified the
lesion labels with morphological transformations to account for small uncertain-
ties in manual annotations to improve accuracy.

We prioritized the patches that contained new vessels and preretinal to pre-
vent bias toward background regions during training. We gradually increased
background patch inclusion as the training progressed. The Adam optimizer
with a cyclical learning rate fine-tuned the model and we selected the best-
performing weights based on the Dice coefficient score.

An initial test of the DL models ability to detect new vessels and preretinal
haemorrhages revealed a sensitivity of 100% and a low positive predictive value
(PPV) of 12%. The model obviously produced many false positive segmenta-
tions for new vessels and/or preretinal haemorrhages, which had us carry out a
qualitative review of the output images. We identified to main errors, with the
first being small dot-like detections in random areas (compared to the refer-
ence) and the second being confusion with irregular vascular structures like
IRMAs. We introduced a threshold to ignore detected regions smaller than
10,576 pixels (0.02% of the total retinal image area) to reduce the main error
type, which was small and random dot-like segmentations.

Statistics

We used STATAL7 to calculate sensitivity, specificity, PPV and negative predic-
tive value (NPV) and their respective 95%-confidence intervals.
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10.03 Results

We identified 3,263 PDR images divided as 638 with active PDR and 2,624 with
inactive PDR. All of the 638 active PDR images were included and allocated for
training (440 images), tuning (63 images) and testing (135 images) as shown in
Table 6. The training dataset contained of 1,381 new vessel and preretinal
haemorrhage lesions, the tuning dataset of 123 and the testing dataset of 374.
The testing dataset also included 301 images with inactive PDR.

Table 6: Numbers of Images and Segmentation Counts for Preretinal Haemor-
rhages and New Vessels across Dataset Splits

Patients, n Retinal imag- Active PDR New vessels
es, n images, n and preretinal
haemorrhages,
n
Training
105 440 440 (68.9) 1,381 (73.5)
(70%)
Tuning
29 63 63 (9.9) 123 (6.5)
(10%)
Testing
65 436 135 (21.2) 374 (19.9)
(20%)
Total 199 939 638 1,878

PDR = proliferative diabetic retinopathy. Adapted and modified from Paper IV.

The confusion matrix (Figure 10) represents the 426 images included in the
testing set, which revealed 121 true positives, 211 true negatives, 91 false posi-
tives and 13 false negatives.
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Deep Learning Predictions
0 1

91

o

False positive

Reference Standard

13

False negative

Figure 10: The confusion matrix shows the number of true negative, true
positive, false negative and true negative predictions by the deep learning
model compared to the reference standard. Adapted and modified from paper IV.

The DL model achieved a sensitivity of 90% (95%-ClI: 85% to 95%), a specificity
of 70% (95%-Cl: 65% to 75%), a PPV of 57% (95%-Cl: 50% to 64%) and a
NPV of 94% (95%-Cl: 91% to 97%).

Table 7: Diagnostic Performance of the Deep Learning Model for Detecting
Active PDR at the Image Level

% (95% Cl)

Sensitivity 90 (85 to 95)
Specificity 70 (65 to 75)
Positive predictive value 57 (50 to 64)
Negative predictive value 94 (91 to 97)

The definition of active PDR is the presence of one or more preretinal haemorrhages and/or new
vessels. The table shows diagnostic accuracy at the 0.9 lesion threshold of 10,576 pixel (0.02% of the
total image area). The reference is the established ground truth by the three certified graders. PDR =
proliferative diabetic retinopathy. 95% CI = 95% confidence interval.
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Overview

Zoom

Figure 11 shows an output example of our proposed model that consists of a
full mask overview and a zoomed region in the same image. The zoomed re-
gion shows two larger new vessels segmented by the DL model with a high
precision while it also exemplifies the dot-like error type as well as the segmen-
tation of a questionable irregular vascular formation in the right site of the im-
age.

Original Model output

Figure 11: An output image showing the annotations of new vessels by the
deep learning segmentation model. The blue annotations are new vessels
and all other annotations is in pink colour. Adapted and modified from paper IV.
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11 Discussion

This thesis investigated the detection and progression of PDR with the use of
DL, epidemiological analysis, and vascular imaging. The epidemiological study
of a nationwide diabetes cohort revealed much lower PDR incidence rates as
compared to earlier studies. The thesis confirmed the association between key
risk factors and progression to PDR, including systemic comorbidity, type 1
diabetes, use of insulin, triglycerides, HbAlc and longer duration of diabetes.
Retinal vascular calibres did not predict PDR development from early retinal
images with no or very minimal DR, but we achieved a sensitivity of 90% and a
specificity of 70% with our DL model to detect active PDR.

11.01 Methodological considerations

Retinal Vessel Geometry Analysis

Changes in retinal vessel diameters are described as the first detectable
changes in DR. CRAE and CRVE have been extensively investigated in relation
to vascular health, with research indicating wider venules and narrower arteri-
oles are associated with progression of DR and the development of PDR3.
However, these findings are based on eyes already in advanced disease stages
(ICDR levels 2 and 3). Given our unique dataset of retinal images from individu-
als with no or mild DR and a long follow-up time, we aimed to investigate if
CRAE or CRVE at this early stage could predict future PDR. If we could identify
patients at risk before they progress to more severe stages of DR (ICDR 2 and
3) it would be highly valuable and would allow early optimization of all modifia-
ble factors to prevent further disease progression.

This study was essential because no previous research has attempted to pre-
dict PDR from CRAE and CRVE at such an early stage of DR. Investigating this
measure in isolation provides valuable insight into disease pathology and helps
clarify its role in progression. Moreover, if CRAE and CRVE proved to be a
strong predictive factor, it could be integrated into a DL prediction model for
PDR alongside other known risk parameters, such as HbAlc, to improve long-
term prediction and early disease prevention.
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Deep Learning for Existing Disease Detection

Manual data preparation to establish a reference standard before algorithm
training is the most critical phase in diagnostic studies*?. To enhance label reli-
ability, we incorporated an adjudication process in image preparation, as it has
shown to reduce errors in DR classification®. This process included an initial
classification (Grader 1), independent secondary classifications (Grader 2 and
3), identification of disagreements and a final consensus review to determine
the reference label. While this approach is robust, there is always room for
optimization. First, retinal specialists are preferred for classification tasks, but
the availability as a recourse is sparse. Secondly, the challenge to classify ac-
tive versus inactive PDR often arises from distinguishing between IRMA versus
new vessels. The distinction can be challenging in the clinic, where a fluoresce-
in angiography is conducted in cases of doubt. This IRMA versus new vessel
issue also contributed to false positive predictions by the DL model. Label opti-
mization could be improved through manual review of patients' medical records
for clarification.

It is important to recognize the DL model as a segmentation model and not as
a classification model. We chose to train the model from active PDR images
alone, which can seem illogical since we aimed to distinguish active from inac-
tive PDR. The training set should be regarded as a composite of various lesions
from all included images, encompassing new vessels and preretinal haemor-
rhages that define active PDR, as well as lesions characteristic of other DR
levels, such as microaneurysms, soft exudates, intraretinal haemorrhages and
so on. We therefore considered this approach efficient to fulfil the purpose to
distinguish active from inactive PDR. Even though we only used active PDR
images, new vessels and preretinal haemorrhages are still underrepresented
compared to all other lesions, which is why we upsample (and undersample
inactive images) these to a certain degree before overfitting the model*!. How-
ever, the specificity could be better and it should be considered if retraining of
the model with a number of inactive PDR image could improve this performance
metric.

Careful consideration is required when modifying the DL model post hoc to
exclude lesions smaller than 10,576 pixels. The purpose was to balance the
model for clinical implementation by improving the specificity and prioritize fewer
false positive predictions at the cost of some missed active PDR predictions
(false negatives). We set the threshold to a sensitivity of 90% as this corre-
sponds an acceptable level of diagnostic accuracy compared to human graders
reported to range from 82.7% to 88.5% in other studies*>44.

It is important to determine whether the ignored false-positive lesions are un-
likely to have a clinical impact. The excluded lesions underwent qualitative re-
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view by human graders, but to ensure patient safety, it is essential to establish
evidence that early-stage disease is not being missed through follow-up evalua-
tion of the relevant cases. However, the NPV of 94% provides confidence in the
model’s ability to identify cases without disease.

Deep Learning for Long-Term Outcome Prediction

Several studies have successfully predicted various outcomes from retinal im-
ages. Poplin et al.*® reported an area under the curve (AUC) of 0.97 for sex
prediction and 0.71 for smoking status while Sabanayagam et al reported an
AUC of 0.84 for chronic kidney disease prediction*6. These all highlight the
potential of Al as a diagnostic tool, but common for these studies was that they
predicted existing sex, smoking status and disease status and not future out-
comes. Zhang et al., on the other hand, reported an AUC of 0.83 for predicting
chronic kidney disease four years before onset*’. This was achieved with a DL
model trained solely on retinal images, which included a total of 60,244 images
of which 10,977 (18.2%) were cases. A study by Dai et al*® predicted both time
to DR progression and onset of vision-threatening DR (ICDR level 3 to 4) from
non-vision-threatening DR in one to five years with AUCs reaching 0.77 to 0.86.
The model was developed from nearly a million fundus images used for pre-
training, development and internal validation of their DL model. This emphasiz-
es the need for large datasets as we did not near us the amount of case images
(or total images) compared to these studies*’#8. We tried to feed our model as
much information as possible by adding vessel segmentations, automatic image
feature extraction and additional numerical vessel features. We further tried to
predict from increasing DR levels without success. Future model development
should include demographic and clinical data in combination with the retinal
images to provide the DL model as much relevant information as possible.

11.02  Clinical Implications

The current Danish national DR screening system is effective, but many pa-
tients screened show no or minimal signs of DR pathology with the result of
unnecessary strain on the screening system and highlights the need for efficient
resource allocation. Epidemiological analysis is essential for understanding
disease patterns in large populations, to identify risk factors and to ensure that
any alterations are evidence-based. Of the technological approaches investi-
gated in this thesis, DL is by far the most promising for implementation. Retinal
geometric analysis using semi-automatic software like VAMPIRE is, first, too
time-consuming to be a practical solution in a clinical setting, second, results
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vary across studies and different platforms*® and, third, if retinal vessel geome-
try is important for DL predictions, the model will inherently learn these features,
which will make separate geometric analysis unnecessary.

The implementation of a DL system for classification of vision-threatening DR
(active PDR) is not intended a standalone solution for the Danish DR screening
program, where there are sufficient medical resources to take care of patients at
earlier DR stages. However, a targeted DL system to accurately and early de-
tect active PDR is still essential to prioritize patients requiring urgent treatment
to reduce risk of sight loss. Beyond its potential for clinical implementation in
Denmark, the proposed model could address the challenge of limited healthcare
resources in low- and middle-income countries, where insufficient DR screening
highlights a significant healthcare inequity®. DL systems with lower threshold for
referral to an ophthalmologist would not be beneficial in low- to middle income
countries as the medical resources needs to be allocated to those in need of
treatment.

Screening Intervals

We showed by investigating 201,945 patients with diabetes (Paper 1) that only
0.1% with ICDR level 0 had progression to PDR in a five-year period. This find-
ing, among others®, have resulted in prolonged screening intervals to a mini-
mum of 24 months for patients with no DR in the Danish screening program.
This is probably mostly due to advancements in diabetes management as de-
scribed in the background section, however, the screening program itself also
plays a crucial role as it enables early detection and timely intervention. To-
gether, these has reduced the proportion of blindness in the Danish diabetes
population by 78%51,

Deep Learning: From Bench to Bedside

Many DL models have demonstrated strong performance, but their clinical im-
plementation remains limited. There are several steps a diagnostic DL model
must go through before implementation, including data collection and pre-
processing, model development, internal and external testing, regulatory ap-
proval from healthcare authorities, clinical validation from prospective trials and
finally implementation, which require staff training, monitoring and continuous
improvements.

Several challenges arise at different stages with dataset homogeneity being an
issue that impairs a model's generalization potential®2. It is important to diversify
the dataset in terms of ethnicity, image quality and image modality to address
this issue®2.
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Another limitation is the reliance on small datasets during development, which
is particularly problematic for rare diseases. For example, the commercial algo-
rithm developed by Gulshan et al.>® was trained on a dataset where only 3.7%
of images contained PDR and did not distinguish between active and inactive
disease. While humans can learn to recognize features from only a few exam-
ples, DL algorithms require large datasets to achieve the same level of profi-
ciency®®. Although we provide a larger number of PDR images in Paper IV
compared to previous studies*?5®, our algorithm still faces challenges associat-
ed with limited data.

Several methods have been presented to deal with the small data problem. A
straightforward method is to balance the data, which involves to upsample the
rare classes (active PDR cases) and downsample the common classes (inactive
PDR cases)®. However, upsampling, as used in our DL model in Paper IV,
increases the risk of overfitting, making the model less generalizable to new
datasets. We used data augmentation to generate additional training data to
minimize the risk of this issue, which was done by random alterations of the
training data®. Another approach was the use of different kernel sizes to en-
hance the models ability to extract important features. This technique pre-
processes the images at multiple scales to capture fine details as well as
broader structural patterns. By applying varying kernel sizes, smaller kernels
focus on local textures and edges, while larger kernels capture more global
contextual information®’.

The black box phenomenon is a common concern among clinicians as the lack
of interpretability in traditional black box models can undermine trust and hinder
integration into clinical practice. It lies in the nature of health care professionals
that they seek to understand how decisions are made to ensure patient safety.
Therefore, several approaches to open the black box has been proposed. Heat-
mapping is one of the most commonly used in image recognition, which allows
visualization of the areas in an image that the DL model focuses on to make its
predictions?. However, the highlighted areas are often difficult for healthcare
professionals to interpret, as the model may predict from features beyond hu-
man understanding. We chose to develop a DL segmentation model (Paper V)
constrained to features within the realm of human comprehension to address
this problem. By aligning our DL model with human understanding of DR, we
developed a segmentation model that provides accurate visual annotations of
new vessels and preretinal haemorrhages, enhancing clinical decision-making
and eliminating the black box. This eases the clinical implementation, but there
are still some concerns to be addressed. Yu et al 58 reported that errors from an
Al assistance model for X-ray diagnostic tasks strongly affected clinicians’ deci-
sion-making and influenced treatment outcomes. It underscores the need for
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high-quality DL models and prospective clinical monitoring of treatment out-
comes when integrating Al into DR screening.

11.03 Limitations

Paper |

The unavailability of important information such as glycaemic control, blood
pressure, BMI, smoking status, and physical activity limits the ability to fully
adjust for important risk factors. Second, data on diabetic macular oedema were
inconsistently reported, and we therefore had to use anti-VEGF injections as a
proxy measure, which may not accurately reflect its presence or severity. Third,
S9while the study utilized high-quality national registries, variability in data entry
and intergrader differences in DR classification could introduce misclassification
bias. Additionally, the observational design prevents causal inferences, and
residual confounding cannot be excluded despite statistical adjustments. Final-
ly, the study population consisted of individuals who attended the national DR
screening, and we can therefore not rule out if selection bias is introduced by
excluding those who do not participate in the DR screening program.

Paper Il and Il

The major limitation of these studies was the lack of sufficient data to confident-
ly conclude that PDR cannot be predicted from retinal images alone. It was a
limitation that Paper Il only evaluated vascular diameters as other measures
such as vessel tortuosity, density and fractal dimension would have been of
high value to investigate. We chose to exclude these measures as the overlap-
ping edges of the six-field images made the analysis with VAMPIRE difficult to
replicate for other researchers. Vessel diameter was the only measure not con-
flicting with the edges of the six-field images. Similarly, we found no suitable
method for quantification of vascular diameters to be implemented in the DL
model. The class imbalance caused by the limited number of PDR cases and in
Paper Il weakens the foundation for DL model development, as the model
lacks sufficient exposure to features characteristic of future PDR progression
needed to predict a rare outcome like PDR. Additionally, the total number of
retinal images included is a limitation, as studies reporting successful results
have used substantially larger datasets to improve feature extraction*®5°,

Paper IV

A major limitation is the lack of external validation, which leaves us uncertain
about its ability to generalize to other populations. Furthermore, class imbal-
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ance, along with the challenges posed by data limitations, increases the risk of
overfitting. This is a recurring challenge when investigating rare diseases, yet
despite this, we achieved promising results as a foundation for future refine-
ments. The population mainly consisted of Caucasian individuals, which em-
phasizes the importance of validating the algorithm on external multi-ethnic
cohorts to ensure the model can be safely implemented without ethnic bias.

11.04 Conclusions

This thesis presents a comprehensive investigation into PDR with the use of DL
segmentation, epidemiological assessment, and vascular imaging. While DL
effectively detected existing disease, neither DL nor retinal vascular imaging
predicted incident PDR. We identified key risk factors associated with PDR
progression and confirmed a decreasing trend in PDR incidence rates, particu-
larly for well-regulated populations.

The developed DL segmentation model demonstrated a high sensitivity (90%)
and an acceptable specificity (70%) to distinguish active PDR from inactive PDR
cases. The DL segmentations model’s ability to annotate new vessels and pre-
retinal haemorrhages strongly enhances transparency and clinical decision-
making. Guidance from segmentations prior to training also appears to enhance
a DL model’s ability to extract important features. However, this approach is not
feasible when clinicians do not know which features to target in the retinal im-
ages, as is the case when predicting future PDR.

The findings from these studies underscores the potential for integrating DL
models into DR screening programs while maintaining a strong focus on sys-
temic disease management.
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12 Perspectives

These findings contribute to our understanding of the current status of PDR in a
Danish nation-wide population. We were encouraged to discover the low inci-
dence rates of PDR in this well-regulated low-risk population, but the need for
continuous DR screening should to be highlighted, as the prevalence of diabe-
tes is projected to increase worldwide. Future large scale cohort studies in the
next few decades is of huge importance to continuously evaluate the PDR sta-
tus.

The workload on the screening program for DR is expected to increase as the
prevalence of diabetes increases and changes in the demography with a grow-
ing proportion of older individuals. This underscores the importance of working
on innovative methods to reduce the workload on the healthcare system. DL
presents great potential in reducing the workload, but it is important that any
given model meets the quality standards we must uphold to ensure patient
safety.

The predictive potential of DL must be further explored despite our failure to
predict PDR in this thesis. Incorporating additional risk factors into a DL model
could enhance its performance given their crucial role in PDR progression.

55



13 Dansk Resumeé

P& verdensplan lever over 828 millioner mennesker med diabetes. Diabetisk
nethindesygdom er en velkendt komplikation til diabetes og udvikles hos mange
patienter i forskellig grad efter leengere tid med forhgjet blodsukker. Diabetisk
nethindesygdom forlgber over fem stadier startende med ingen nethindeforan-
dringer (niveau 0), minimale nethindeforandringer (niveau 1), moderate nethin-
deforandringer (niveau 2), sveere ikke synstruende nethindeforandringer (niveau
3) og et synstruende slutstadium kaldet proliferativ diabetisk nethindesygdom
(niveau 4).

Diabetisk nethindesygdom skyldes sygdom i nethindens sma blodkar, hvori
der opstar dysfunktion, der farer til iitmangel i nethinden og som en konsekvens
heraf dannelse af nye skrgbelige blodkar. De nye skrgbelige blodkar har ten-
dens til at blgde ud i gjets glaslegeme og udgar en reel risiko for synstab. Det
er vigtigt at diagnosticere disse, sa de kan behandles far et blivende synstab
opstar. Patienter med diabetes indkaldes derfor til gjenscreening med passende
intervaller bedgmt ud fra deres niveau af nethinde sygdom og langtidsblodsuk-
ker maling.

Ph.d. afhandlingen havde til formal at undersgge diabetisk nethindesygdom fra
flere perspektiver, herunder en epidemiologisk tilgang samt udvikling af diagno-
stiske metoder til at identificere og forudsige udviklingen af det synstruende
slutstadie proliferativ diabetisk nethindesygdom.

| Studie | udfgrte vi en epidemiologisk analyse af en national population pa
201.945 diabetes patienter, hvor vi undersggte nuveerende antal af patienter
med proliferativ diabetisk nethindesygdom og hvor mange der udviklede det
synstruende slutstadium i lgbet af et, tre og fem ar. Studie Il og Il til formal at
forudsige fremtidig udvikling af proliferativ diabetisk nethindesygdom analyseret
ud fra fotos af nethinden taget fagr diagnosetidspunktet. Vi undersggte om dia-
meteren for nethindens kar, analyseret med et semiautomatisk softwarepro-
gram, kunne benyttes til at forudsige udviklingen af proliferativ nethinde sygdom
og om en kunstig intelligens model udviklet fra nethinde fotos kunne benyttes til
samme formal. | Studie IV udviklede vi en kunstig intelligens model til diagnostik
af synstruende nethindesygdom ud fra nethinde fotos, hvor modellen skulle
leere at identificere og indtegne skrgbelige nye blodkar og blgdninger ud i gjets
glaslegeme fra de nydannede blodkar.

| den farste undersggelse fandt vi centrale risikofaktorer for udvikling af prolife-
rativ diabetisk nethinde sygdom, hvor feerre udvikler tilstanden sammenlignet
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med tidligere tiders opggrelser. | studie Il og Ill fandt vi at proliferativ diabetisk
nethindesygdom ikke kunne forudsiges ud fra de metoder vi benyttede og de
data vi havde til rAdighed. Kunstig intelligens modellen i det fijerde og sidste
studie kunne med stor sikkerhed identificere synstruende nethindesygdom ved
at diagnosticere og tilmed indtegne nye skrgbelige blodkar og blgdninger herfra.

Fundende for indevaerende ph.d. afhandling bidrager med et veerdifuldt indblik
i den nuveerende status for den proliferative diabetiske nethindesygdom. P&
trods af feerre nye tilfaelde af patienter, der nar det synstruende slutstadium er
lovende, understreger den globalt voksende gruppe af patienter der diagnosti-
ceres med diabetes, at behovet for screening fortsat er tilstede. Kunstig intelli-
gens er en lovende metode til at handtere den forventede ggning i arbejdsbyr-
den i takt med at flere patienter oplever at fa diabetes. Der er behov for mere
forskning, for at indfri potentialet til at forudsige proliferativ diabetisk nethinde
sygdom med kunstig intelligens, hvor de primaere risikofaktorer fra Studie | med
fordel kan inddrages, for at forbedre modellens ngjagtighed.
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Table Al (Paper 1): Baseline characteristics of patients in the Danish Registry of Diabetic

Retinopathy according to the level of diabetic retinopathy in the worst eye.

Overall Level O Level 1 Level 2 Level 3 Level 4
Number of patients, n 201,945 171,790 21,120 6,583 1,159 1,293
Sex, n (%) male 114,107 95,842 12,517 4,156 786 806
(56.5) (55.8) (59.3) (63.1) (67.8) (62.3)
Age, years (IQR) 65.8 66.2 63.5 62.0 56.0 64.1
(55.6;73.2) (56.3;73.4) (51.5;72.2) (51.4;70.7) (45.6;66.0) (52.2;72.0)
Type of diabetes, n (%)
Type 1 diabetes 15,728 9,490 (5.5) 4,567 1,131 227 313
(7.8) (21.6) 17.2) (19.6) (24.2)
Type 2 diabetes 152,622 139,696 9,494 2,678 418 336
(75.6) (81.3) (45.0) (40.7) (36.1) (26.0)
Unknown 33,595 22,604 7,059 2,774 514 644
(16.6) (13.2) (33.4) (42.1) (44.3) (49.8)
Duration of diabetes, years (IQR)
Type 1 diabetes 15.4 9.7 19.6 19.7 19.5 20.2
(6.7;20.2) (3.6;18.7)  (15.1;21.0) (16.4;21.4) (16.8;20.7) (19.5;21.5)
Type 2 diabetes 5.3 5.0 10.5 11.0 11.2 12.9
(2.0,9.7) (1.9;9.1) (5.3;15.4)  (5.4;15.8) (5.4;15.8)  (8.0;17.7)
Marital status, n (%)
Never married 30,042 24,524 3,775 1,245 283 215
(14.9) (14.3) (17.9) (18.9) (24.4) (16.6)
Married or living with 116,592 99,844 11,814 3,630 586 718
someone (57.7) (58.1) (55.9) (55.1) (50.6) (55.5)
Widowed or divorced 55,311 47,422 5,531 1,708 290 360
(27.4) (27.6) (26.2) (25.9) (25.0) (27.8)
Charlson Comorbidity Index, n (%)
0 (low) 147,310 129,905 12,726 3,548 575 556
(72.9) (75.6) (60.3) (53.9) (49.6) (43.0)
1 (moderate low) 25,987 18,245 5,005 1,889 386 462
(12.9) (10.6) (23.7) (28.7) (33.3) (35.7)
2 (Moderate high) 18,153 15,436 1,851 614 114 138
(9.0) (9.0) (8.8) 9.3) 9.8) (10.7)
23 (high) 10,495 8,204 1,538 532 84 137
(5.2) (4.8) (7.3) (8.1) (7.2) (10.6)
Use of medication, n (%)
Insulin 64,672 43,344 14,375 4,970 914 1,069
(32.0) (25.2) (68.1) (75.5) (78.9) (82.7)
Antidiabetic drugs 154,069 136,384 12,469 3,988 664 564
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(non-insulin) (76.3) (79.4) (59.0) (60.6) (57.3) (43.6)

Cholesterol lowering 149,219 127,681 15,073 4,686 778 1,001
drugs (73.9) (74.3) (71.4) (71.2) (67.1) (77.4)
Anti-hypertensive 150,825 127,955 15,853 5,063 859 1,095
drugs (74.7) (74.5) (75.1) (76.9) (74.1) (84.7)

Data are presented as percentage unless otherwise indicated. IQR = Interquartile range. PDR = proliferative diabetic
retinopathy. DR = diabetic retinopathy. Antidiabetic drug treatment refers to all anti-diabetic drugs exclusive insulin.

Adapted and modified from Paper I.
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Table A2 (Paper II): Baseline differences between cases with subsequent progression to PDR

and control patients with no or minimal progression in diabetic retinopathy (ICDR-level O or 1).

Cases Controls Total
Individuals, n 39 89 128
Eyes, n 52 107 159

Baseline DR-level 0, n (%)

33 (63.5%)

63 (59.9%)

96 (60.4%)

Demographics

Sex, n (%) female

21 (53.8%)

47 (52.2%)

68 (52.7%)

Age, years (IQR)

42.0 (24.0-60.0)

39.5 (25.0-60.0)

40.0 (25.0-60.0)

Diabetes type 1

25 (64.1%)

57 (63.3%)

82 (63.6%)

2

14 (35.9%)

33 (36.7%)

47 (36.4%)

Observation time, years (IQR)

10.8 (6.5-11.8)

10.4 (7.2-11.6)

10.5 (7.0-11.7)

Diabetes duration, years (IQR)

19.0 (12.0-29.0)

14.0 (10.0-21.0)

6.0 (2.0-13.0)

Para clinical measures

Body Mass Index, kg/m?

28.8 (23.9-33.8)

26.7 (24.2-30.1)

27.7 (24.0-31.4)

Systolic blood pressure, mmHg (IQR)

130 (120-140)

130 (118-137)

130 (120-140)

Diastolic blood pressure, mmHg (IQR) 80 (74-85) 75 (70-80) 77 (70-82)
Blood samples
HbAlc, mmol/mol (IQR) 73 (60-90) 55 (46-65) 57 (50-75)

Serum-creatinine, umol/l (IQR)

83.0 (76.0-92.0)

78.5 (66.0-91.0)

80.0 (68.5-91.5)

Low-density lipoprotein, mmol/l (IQR)

2.45 (2.10-2.90)

2.36 (1.90-2.80)

2.40 (1.90-2.80)

High-density lipoprotein, mmol/l (IQR)

1.49 (1.13-2.00)

1.35 (1.08-1.87)

1.39 (1.09-1.88)

Triglyceride, mmol/l (IQR)

1.32 (1.03-2.40)

1.16 (0.76-1.69)

1.21 (0.90-1.93)

Medications

Insulin, n (%) yes

34 (87.2%)

70 (77.8%)

104 (80.6%)

Retinal vascular geometry

CRAE, um (IQR)

229 (211-250)

227 (210-247)

228 (211-248)

CRVE, um (IQR)

289 (272-318)

290 (268-312)

290 (270-315)

Arterio-to-venule ratio

0.78 (0.74-0.85)

0.77 (0.72-0.85)

0.77 (0.72-0.85)

Continuous variables are medians (IQR), categorical as numbers (%). Case-control differences are individual-level, except
CRAE, CRVE, and AVR (eye-level). Observation time spans first to last screening or PDR diagnosis; diabetes duration is from
onset to last screening. Adapted and reprinted from Paper II.
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Purpose: To evaluate the proliferative diabetic retinopathy (PDR) progression rates and identify the de-
mographic and clinical characteristics of patients who later developed PDR compared with patients who did not
progress to that state.

Design: A national 5-year register-based cohort study including 201 945 patients with diabetes.

Subjects: Patients with diabetes who had attended the Danish national screening program (2013—2018) for
diabetic retinopathy (DR).

Methods: We used the first screening episode as the index date and included both eyes of patients with and
without subsequent progression of PDR. Data were linked with various national health registries to investigate
relevant clinical and demographic parameters. The International Clinical Retinopathy Disease Scale was used to
classify DR, with no DR as level 0, mild DR as level 1, moderate DR as level 2, severe DR as level 3, and PDR as
level 4.

Main Outcome Measures: Hazard ratios (HRs) for incident PDR for all relevant demographic and clinical
parameters and 1-, 3-, and 5-year incidence rates of PDR according to baseline DR level.

Results: Progression to PDR within 5 years was identified in 2384 eyes of 1780 patients. Proliferative diabetic
retinopathy progression rates from baseline DR level 3 at 1, 3 and 5 years were 3.6%, 10.9%, and 14.7%,
respectively. The median number of visits was 3 (interquartile range, 1—4). Progression to PDR was predicted in a
multivariable model by duration of diabetes (HR, 4.66 per 10 years; 95% confidence interval [Cl], 4.05—5.37), type
1 diabetes (HR, 9.61; 95% ClI, 8.01—11.53), a Charlson Comorbidity Index score of > 0 (score 1: HR, 4.62; 95%
Cl, 4.14-5.15; score 2: HR, 2.28; 95% ClI, 1.90—2.74; score > 3: HR, 4.28; 95% ClI, 3.54—5.17), use of insulin (HR,
5.33; 95% ClI, 4.49—6.33), and use of antihypertensive medications (HR, 2.23; 95% ClI, 1.90—2.61).

Conclusions: In a 5-year longitudinal study of an entire screening nation, we found increased risk of PDR
with increasing baseline DR levels, longer duration of diabetes, type 1 diabetes, systemic comorbidity, use of
insulin, and blood pressure—lowering medications. Most interestingly, we found lower risk of progression from DR
level 3 to PDR compared with that in previous studies.

Financial Disclosure(s): Proprietary or commercial disclosure may be found in the Footnotes and
Disclosures at the end of this article. Ophthalmology Science 2023;3:100291 © 2023 by the American Academy of
Ophthalmology. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/
licenses/by-nc-nd/4.0/).

Diabetic retinopathy (DR) is the most common long-term
complication of diabetes mellitus'* and the most common
cause of vision loss in the adult population.'” We offer
systematic DR screening to reduce the risk of vision
impairment and blindness as a free, tax-funded service in
Denmark performed according to evidence-based national
guidelines.” Trained ophthalmologists perform the grading,
and 2-field or more fundus photography is the standard of care.

Systematic reviews conducted to clarify the risk factors
for development of DR and incident proliferative DR (PDR)

© 2023 by the American Academy of Ophthalmology
This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/). Published by Elsevier Inc.

showed that a longer duration of diabetes, higher levels of
blood glucose, type 1 dlabetes and hypertension are most
commonly associated.”

Few prospective population-based studies have investi-
gated the incidence of and associated risk factors for r pro-
gression to PDR in both type 1 and type 2 diabetes.’

The study group investigated the existing incidence and risk
factors for progression to PDR according to baseline charac-
teristics in a national 5-year cohort of Danish patients with type
1 or type 2 diabetes. Previous studies that included both
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patients with type 1 and those with type 2 diabetes were either
of older date,'"*!? investigated relatively small g)o(g)ulations,w
or were focused on specific ethnic populations.”'

Our aim was to evaluate the rate of progression to PDR
and identify the demographic and clinical characteristics of
patients with subsequent progression to PDR compared with
patients who did not progress to that state. We based the
study on data from the Danish Registry of Diabetic Reti-
nopathy (DiaBase) between 2013 and 2018.

Methods

This was a cohort study based on data from Danish national reg-
isters that investigated eyes from patients with and without pro-
gression to PDR. Data from all patients with diabetes aged > 18
years who attend the Danish national screening program for DR are
collected in DiaBase, which is a national clinical-quality data-
base.'* It contains information on the level of DR, visual acuity,
date for screenings, indication for screening, and recommended
time interval to next eye screening. Selected hospital departments
and practicing opthalmologists offer the screening service
performed in accordance with Danish guidelines for DR.* We
included data on DR level and dates for screening.

The Danish National Patient Register includes all patient con-
tacts within all Danish hospital facilities. It contains codes in the
form of International Classification of Diseases 10 and Related
Health Problems codes,'” operations codes, treatment codes, date
of admission, hospital codes, and geographical information; of
these, we included data on diagnostic and treatment codes along
with the date of admission.

The Danish National Prescription Registry holds information on
medical prescriptions coded according to Anatomical Therapeutic
Chemical Classification System codes.'® We included Anatomical
Therapeutic Chemical Classification System codes and dates for
medical prescriptions dispensed at Danish pharmacies.

The Danish Civil Registration System'’ includes the unique
identification numbers assigned to all individuals living in
Denmark, which allows for the linking of data between registers.
From this register, we extracted data on sex, age, marital status,
death, and migration.

Our study population (Figure 1) included all Danish patients with
diabetes aged > 18 years who attended the Danish screening
program. The patients needed a registration in DiaBase with their
first visit between January 2, 2013, and December 30, 2018. We
allowed the inclusion of data from both eyes if eligible; however,
these data are not shown in Tables 1 and 2, in which the patients
were represented by the level of DR in their worst eye.

We used the first screening episode as the index date, and each
patient contributed, from the first screening episode to their last
episode of screening, reach of the end point (PDR), death, or
emigration, which could be at any time between January 2, 2013,
and December 30, 2018.

The distribution of diabetes types in the population was deter-
mined by combining diagnostic codes (International Classification
of Diseases 10 codes) for diabetes and codes for prescription
(Anatomical Therapeutic Chemical Classification System codes) of
insulin. Pedersen et al'® published supplementary material with a
detailed description of the diabetes distribution.

The definition of progression to PDR (level 4) was set as a
progression to DR level 4 in DiaBase from any other DR level
(levels 0—3) at baseline according to the International Clinical
Diabetic Retinopathy disease severity scale.

Increased severity is indicated with higher numbers, with no
DR indicating level O, mild nonproliferative DR (NPDR)
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indicating level 1 (microaneurysms and/or dot hemorrhages only),
moderate NPDR indicating level 2 (more than just microaneurysms
and/or dot hemorrhages but less than severe NPDR), severe NPDR
indicating level 3 (> 20 intraretinal hemorrhages in each of 4
quadrants or prominent intraretinal microvascular abnormalities in
> 1 quadrant and no PDR), and PDR indicating level 4 (neo-
vascularization [active or treated] or vitreous/preretinal
hemorrhage)."

We measured progression in both eyes separately. Conse-
quently, some patients contribute with 1 eye and some with 2 eyes.
We excluded eyes with the presence of PDR at baseline, with
subsequent regression from PDR, and if DR level assessment was
absent at all screening visits.

We included a number of covariates that originated from the
aforementioned databases and registers. They were measured at the
index date and comprised sex (female or male), age at the index date
(in years), duration of diabetes (in years), type of diabetes (type 1,
type 2, or unknown), marital status (never married or married), pa-
tient comorbidity according to Charlson Comorbidity Index score”
(0 = low, 1 = moderate low, 2 = moderate high, or > 3 = high),
and use of medication (insulin, noninsulin glucose-lowering treat-
ment, antihypertensives, and cholesterol-lowering medications).

We compared the clinical and demographic baseline charac-
teristics (Table 1) of patients who had subsequent progression to
PDR (cases) with those of patients who did not have
progression, defined as International Clinical Retinopathy
Disease Severity Scale level 0 to 3 (controls). Descriptive data
are presented as medians with interquartile ranges for continuous
variables and counts with proportions for categorical variables.

We used the k-sample test for the equality of medians and chi-
square test for continuous and categorical variables to test for
differences between groups (Table 2).

The principal end points were defined as the adjusted hazard
ratios (HRs) of markers of incident PDR according to baseline
differences between patients with and without progression to PDR
and 1-, 3-, and 5-year incidence rates of PDR according to the level
of DR at baseline.

We displayed the HR for subsequent progression to PDR in
Figure 2, estimated for all independent variables using the Cox
proportional hazard model. We fitted a crude model as a
semiadjusted (sex and age) and a multivariable model adjusted
for sex, age, civil status, type of diabetes, blood pressure-
lowering medications, cholesterol-lowering medications, and a
modified Charlson Comorbidity Index score (excluding diabetes).
Patients entered the analyses at the index date and were observed
until progression to PDR, death, emigration, or their last screening
episode, whichever occurred first. We accounted for the presence
of patients with progression in 2 eyes using the robust standard
errors.

We modeled a competing risk analysis (Fine-Gray sub-
distribution hazard methods) with death as a competing cause of
progression to PDR among patients registered with DR level 3 at
baseline compared with patients with DR level 2 at baseline. This
was consequently done because of the findings in the study.

We used Stata 17 (StataCorp) for statistical analyses, with P
values of < 0.05 and 95% confidence intervals (CIs) that did not
include 1.0 considered statistically significant.

The study is a part of the Ocular and Systemic complications in
DR project that originates from the Danish Excellence Centre in
Ophthalmic Epidemiology Study.”' We performed the study in
accordance with the preconditions of the Declaration of Helsinki.
We obtained all relevant permissions from the Region of
Southern Denmark’s record of data processing activities (Journal
nr. 18/61231) and the Danish Clinical Registries (DIABASE-
2018-12-11). The requirement of individual consent from each
patient was not applicable.



Table 1. Baseline Characteristics of Patients in the Danish Registry of Diabetic Retinopathy According to the Level of Diabetic Retinopathy in the Worst Eye

Number of patients, n

Male sex, n (%)

Age (y), median (IQR)

Type of diabetes, n (%)
Type 1 diabetes
Type 2 diabetes
Unknown

Duration of diabetes (y), median (IQR)
Type 1 diabetes
Type 2 diabetes

Marital status, n (%)
Never married
Married or living with someone
Widowed or divorced

Charlson Comorbidity Index, n (%)
0 (low)
1 (moderate low)
2 (Moderate high)
> 3 (high)

Use of medication, n (%)
Insulin
Antidiabetic drugs (noninsulin)*
Cholesterol-lowering drugs
Antihypertensive drugs

IQR = interquartile range.

Overall

201 945
114 107 (56.5)

65.8 (55.6—73.2)

15 728 (7.8)
152 622 (75.6)
33 595 (16.6)

15.4 (6.7-20.2)
5.3 (2.0-9.7)

30 042 (14.9)
116 592 (57.7)
55311 (27.4)

147 310
25 987
18 153
10 495

72.9)
12 9)
0)
2)

[kt

5

64 672 (32.0
154 069 (76.3
149 219 (73.9
150 825 (74.7

—_—_ =

136 384 (79.4
127 681 (74.3
127 955 (74.5

Level O

171 790
95 842 (55.8)

66.2 (56.3—73.4)

9490 (5.5)

139 696 (81.3)

22 604 (13.2)

9.7 (3.6—18.7)

5.0 (1.9-9.1)

24 524 (14.3)
99 844 (58.1)
47 422 (27.6)

129 905 (75.6)

18 245 (10.6)
15 436 (9.0)
8204 (4.8)

43 344 (25.2

NS

* Antidiabetic drug treatment refers to all antidiabetic drugs exclusive insulin.

Level 1

21 120
12 517 (59.3)

63.5 (51.5-72.2)

4567 (21.6)
9494 (45.0)
7059 (33.4)

19.6 (15.1-21.0)
10.5 (5.3—15.4)

3775 (17.9)
11 814 (55.9)
5531 (26.2)

Level 2

6583
4156 (63.1)
62.0 (51.4=70.7)

1131 (17.2)
2678 (40.7)
2774 (42.1)

19.7 (16.4-21.4)
11.0 (5.4—15.8)

1245 (18.9)
3630 (55.1)
1708 (25.9)

3548 (53.9)

1889 (28.7)

614 (9.
(8.1

532

3)
)

4970 (75.5)
3988 (60.6)
4686 (71.2)
5063 (76.9)

Level 3

1159
786 (67.8)
56.0 (45.6—66.0)

227 (19.6)
418 (36.1)
514 (44.3)

19.5 (16.8—20.7)
11.2 (5.4-15.8)

283 (24.4)
586 (50.6)
290 (25.0)

575 (49.6)

386 (33.3)

114 (9.8)
4 (1.2)

914 (78.9)
664 (57.3)
778 (67.1)
859 (74.1)

Level 4

1293
806 (62.3)
64.1 (52.2-172.0)

313 (24.2)
336 (26.0)
644 (49.8)

20.2 (19.5-21.5)
12.9 (8.0—17.7)

215 (16.6)
718 (55.5)
360 (27.8)

1069 (82.7
564 (
1001 (77.4

(

1095 (84.7

—_— 2 =

NANdd JO 2°uapIduy 189 [ -9A1 . 119 Jo uasoul(]
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Table 2. Baseline Differences between Patients with and without Subsequent Progression to PDR in > 1 Eye in the Danish Registry of
Diabetic Retinopathy

All

201 945
114 107 (56.5)
65.8 (55.6—73.2)

Number of patients, n
Male sex, n (%)
Age (y), median (IQR)
Type of diabetes, n (%)
Type 1 diabetes
Type 2 diabetes
Unknown
Duration of diabetes (y), median (IQR)
Type 1 diabetes
Type 2 diabetes
Marital status, n (%)
Never married
Married
Widowed or divorced
Charlson Comorbidity Index score, n (%)

15 728 (7.8)
152 622 (75.6)
33 595 (16.6)

15.4 (6.7-20.2)
5.3 (2.0-9.7)

30 042 (14.9)
116 592 (57.7)
55 311 (27.4)

0 (low) 147 310 (72.9)
1 (moderate low) 25987 (12.9)
2 (Moderate high) 18 153 (9.0)
> 3 (high) 10 495 (5.2)
Use of medication, n (%)
Insulin 64 672 (32.0)
Antidiabetic drugs (noninsulin) 154 069 (76.3)
Antihypertensive drugs 150 825 (74.7)
Cholesterol-lowering drugs 149 219 (73.9)

IQR = interquartile range; PDR = proliferative diabetic retinopathy.

Results

We found that 201 945 patients were eligible for inclusion,
of which we identified 1780 (0.9%) patients and 2384
(0.6%) eyes with progression to PDR in 5 years of follow-
up. There were 510, 1041, 535, and 298 eyes with pro-
gression from baseline DR levels O, 1, 2, and 3, respectively,
which equaled to rates of 0.1%, 2.7%, 4.7%, and 14.7%,
respectively. The median number of visits was 3 (inter-
quartile range, 1—4).

The population (Table 1) consisted predominantly of
men (56.5%) and elderly individuals (median age, 65.8
years). Type 2 diabetes (75.6%) was more prevalent than
type 1 diabetes (7.8%), and the last proportion (16.6%)
had an unknown type of diabetes. The duration of
diabetes at baseline was longer in patients with type 1
diabetes (median, 15.4 vs. 5.3 years) than in those with
type 2 diabetes. The duration of diabetes increased with
higher DR levels at baseline for type 2 diabetes (5.0 vs.
10.5 vs. 11.0 vs. 11.2 vs. 12.9 years), but this was not
consistent for type 1 diabetes (9.7 vs. 19.6 vs. 19.7 vs.
19.5 vs. 20.2 years). Patients with higher DR levels at
baseline were more likely to have never been married
(14.3% vs. 17.9% vs. 189% vs. 24.4% vs. 16.6%).
Increasing DR levels (4.8% vs. 7.3% vs. 8.1% vs. 7.2%
vs. 10.6%) were associated with higher Charlson
Comorbidity Index scores (> 3). Insulin treatment was
more prevalent (25.2% vs. 68.1% vs. 75.5% vs. 78.9% vs.

Subsequent Progression

No Subsequent Progression

to PDR to PDR P Value
1780 200 165
1074 (60.3) 113 033 (56.5) 0.001
59.6 (48.0—68.9) 65.8 (55.6—73.2) 0.001
< 0.001
511 (28.7) 15 217 (7.6)
421 (23.7) 152 201 (76.0)
848 (47.6) 32 747(16.4)
< 0.001
19.9 (19.1-21.3) 14.9 (6.5—20.2)
11.7 (5.8—17.4) 5.3 (2.0-9.7)
< 0.001
390 (21.9) 29 652 (14.8)
1005 (56.5) 115 587 (57.7)
385 (21.6) 54 926 (27.4)
< 0.001
770 (43.3) 146 540 (73.2)
698 (39.2) 25 289 (12.6)
163 (9.2) 17 990 (9.0)
149 (8.4) 10 346 (5.2)
1536 (86.3) 63 136 (31.5) < 0.001
759 (42.6) 153 310 (76.6) < 0.001
1424 (80.0) 149 401 (74.6) < 0.001
1294 (72.7) 147 925 (73.9) 0.29

82.7%), whereas use of noninsulin glucose-lowering medi-
cations (79.4% vs. 59.0% vs. 60.6% vs. 57.3% vs. 43.6%)
was lower with increasing levels of DR. There was no
consistent decrease or increase in the use of antihyperten-
sives and cholesterol-lowering drugs in relation to
increasing DR levels.

Baseline differences between patients with and without
subsequent progression to PDR (Table 2) showed that male
sex (60.3 vs. 56.5%, P = 0.001) and lower age (59.6 vs.
65.8 years, P = 0.001) were associated with incident
PDR. Furthermore, progression to PDR was associated
with longer duration of diabetes (type 1 diabetes: 19.9 vs.
14.9 years, P < 0.001; type 2 diabetes: 11.7 vs. 5.3 years,
P < 0.001), type 1 diabetes (28.7% vs. 7.6%, P < 0.001),
never being married (21.9 vs. 14.8%, P <0.001), and use
of insulin (86.3 vs. 31.5%, P < 0.001) and blood
pressure—lowering medication (80.0 vs. 74.6%, P < 0.001).

We compared patients without PDR progression with
patients with subsequent progression to PDR in a Cox
proportional hazard model, and the latter (Figure 2) had a
longer duration of diabetes at baseline (HR, 4.66 per 10
years; 95% CI, 4.05—5.37) and a Charlson Comorbidity
Index score of > 0 (score 1: HR, 4.62; 95% CI,
4.14—5.15; score 2: HR, 2.28; 95% CI, 1.90—2.74; score
> 3: HR, 4.28; 95% CI, 3.54—5.17) and were more likely
to never have been married (HR, 1.36; 95% CI,
1.19—1.56), to have type 1 diabetes (HR, 9.61; 95% CI,
8.01—11.53), to receive insulin (HR, 5.33; 95% CI,
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DiaBase
n=205970

Patients excluded:

—»{PDR at both eyes at

baseline
n=3657
\ 4
Patients
| n=202 313 |
Lefl Eye Right Eye
Eyes excluded: Eyes excluded:
PDR at baseline PDR at baseline
n =844 n =866
Regression after PDR Regression after PDR
n=110 n=112
DR level not assesed at DR level not assesed at
any screenings any screenings
n=623 n =609
Patients included with:
One eye
—> n=2428 <«
Two eyes
n=199 517
Patients included:
n=201945

Figure 1. A flowchart displaying the selected study population. DiaBase = The Danish Registry of Diabetic Retinopathy; DR = diabetic retinopathy;
PDR = proliferative diabetic retinopathy.
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Semi-adjusted model (sex and age) HR

Sex (male) : 1.20

Age (years)- - 0.79

Type 1 diabetes (ref. type 2 diabetes) i 8.61

Duration of diabetes (years) - il 8.17

Never married (vs. married)- il 1.36

CCl 1 (ref. CCI 0)4 HEH 4.82

CClI 2 (ref. CCI 0)+ i 2.40

CCl >3 (ref. CCI 0) — 454

Insulin (yes vs. no)-| - 10.69

Glucose lowering (yes vs. no)4  HilH 0.27

Anti-hypertensives (yes vs. no)— : i 213

Cholesterol lowering (yes vs. no)- E—H 1.13
0.5 Hazard ratio 5 10

Multivariable model HR

Sex (male)- I—I4 1.07

Age (years)- ; 0.87

Type 1 diabetes (ref. type 2 diabetes)] —— 9.61

Duration of diabetes (years) - - 4.66

Never married (vs. married)- il 1.36

CCl 1 (ref. CCI 0) - 462

CClI 2 (ref. CCI 0)+ i 2.28

CCl >3 (ref. CCI 0) —— 4.28

Insulin (yes vs. no) - 5.33

Glucose lowering (yes vs. no)- HlH 0.51

Anti-hypertensives (yes vs. no)-| : - 2.23

Cholesterol lowering (yes vs. no)- m 1.10
0.5 Hazard ratio 5 10

Figure 2. Forrest plots of the hazard ratio for subsequent progression to proliferative diabetic retinopathy according to baseline characteristics. The figure
shows a semiadjusted (sex and age) and a multivariable Cox proportional hazard model. Cholesterol lowering refers to all types of cholesterol-lowering

medications. Glucose lowering refers to glucose-lowering medications exclusive of insulins. CCI =

ref. = reference.

4.49—6.33), and to be treated with blood pressure—lowering
medication (HR, 2.23; 95% CI, 1.90—2.61).

There was a decreased risk with age at first eye screening
per 10-year increment (HR, 0.87; 95% CI, 0.83—0.91) and
noninsulin glucose-lowering treatment (HR, 0.51; 95% CI,
0.45—0.57) but no differences in risk regarding cholesterol-
lowering drugs (HR, 1.10; 95% CI, 0.97—1.26) and sex
(HR, 1.07; 95% CI 0.97—1.19).

Patients with DR level 3 at baseline had an increased risk
of progression to PDR when compared with that in those
with DR level 2 (HR, 3.25; 95% CI, 2.74—3.87), and when
death was examined as a competing cause to PDR, the
findings indicated no effect of death on the risk of pro-
gression (HR, 3.25; 95% CI, 2.74—3.87).

We performed temporal analysis (Table 3), which
showed the incidence rates of PDR within 1, 3, and 5
years according to the patients’ baseline DR level. One-,
3- and 5-year incidence rates were 0.6, 0.6, and 0.7 events
per 1000 person-years for patients with DR level 0; 8.3,
10.8, and 11.6 events per 1000 person-years for patients
with DR level 1; 13.9, 17.9, and 19.9 events per 1000

6

Charlson Comorbidity Index; HR = hazard ratio;

person-years for patients with DR level 2; and 52.7, 67.9,
and 72.7 events per 1000 person-years for patients with DR
level 3, respectively.

A total of 4237 (2.1%) patients with DR levels O to 3 at
baseline had VEGF inhibitor injections at any time from
2007 to 2018. The treatment was distributed as 2260 (1.3%),
1100 (5.5%), 631 (10.6%), and 246 (26.9%) patients with
DR levels 0, 1, 2, and 3, respectively, at baseline.

Discussion

This was a national 5-year prospective cohort study of 201
945 patients with type 1 or type 2 diabetes who attended the
national screening program for DR. We identified type 1
diabetes, duration of diabetes, and insulin treatment as the
most prevalent risk factors for subsequent progression to
PDR.

We found that 0.9% of the cohort progressed to PDR over
a 5-year period. A meta-analysis, performed by Wong et al,”
included 27 120 patients with diabetes (48% with type
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Table 3. Risk of Progression to Proliferative DR within 1, 3, and 5 Years According to the Level of DR at the Time of the First
Registration in the Danish Registry of Diabetic Retinopathy*

1 Year
Incidence
Observation  Rate per 1000
Level of DR Eyes at Risk ~ Events Time person-years
All 401 462 570 282 631 2.0
0 352 143 138 243 885 0.6
1 36 280 239 28 800 8.3
2 11 006 119 8542 13.9
3 2033 74 1403 52.7

DR = diabetic retinopathy.

3 Years 5 Years
Incidence Incidence

Observation  Rate per 1000 Observation  Rate per 1000

Events Time person-years Events Time person-years
1759 680 700 2.6 2384 817 743 2.9
382 584 546 0.6 510 696 917 0.7
718 71 903 10.8 1041 89 823 11.6
377 20979 179 535 26 900 19.9
222 3270 67.9 298 4101 72.7

*A total of 2384 eyes had progression to proliferative DR over 5 years. The individuals at risk were 201 945.

2 diabetes) and reported a 5-year risk of progression to PDR
of 6.4% on the basis of studies from 1986 to 2008. Thus, they
reported substantially higher rates of progression to PDR
than those in our study. This study contributes new knowl-
edge about the rate of progression in well-controlled patients
with diabetes. The study was performed nationwide and
consisted of both patients with type 1 diabetes and patients
with type 2 diabetes, of which a large proportion were rela-
tively healthy patients with type 2 diabetes. Older studies
consisted of poorly regulated high-risk populations with
diabetes, as in the meta-analysis by Wong et al,”> among
which, some studies solely investigated patients with type
1 diabetes. Our results indicate that good systemic control
helps with reducing diabetic eye complications.

It was difficult to compare our study with others because
of differences in the follow-up time, method, and study
population. A prospective cohort study from 2007 to 2014
by Romero-Aroca et al”’ of 15 396 patients with type 1
(6.6%) and type 2 (93.4%) diabetes reported 19 PDR
progression patient cases (0.1%) from any baseline DR
level in 8 years of follow-up time. In comparison, we re-
ported 1780 patients (0.9%). They included 6.6% of patients
with type 1 diabetes compared with 9.5% in our study.

A 5-year (2005—2009) prospective study from Scot-
land®* reported an overall PDR progression rate of 0.9%,
solely investigating 49 763 patients with type 2 diabetes,
whereas a prospective study from England® reported a
17-year (1990—2006) PDR progression rate of 0.9% from
any baseline DR level, including both type 1 (1%) and type
2 diabetes (99%).

The current study found lower 1-, 3-, and 5-year PDR
progression rates for individuals with baseline DR level 3
(severe NPDR) compared with those in earlier reports.z(’
The ETDRS Research Group, which laid the foundation
for the development of the International Clinical
Retinopathy Disease Severity classification scale,'” found
1-, 3-, and 5-year risks of progression to high-risk PDR to
be 17.1%, 44.4%, and 57.8%, respectively. We found the 1-,
3- and 5-year risks to be 3.6%, 10.9%, and 14.7%, respec-
tively. Although the current recommendations” on screening
intervals for patients with DR level 3 are based on much
higher progression rates,”® > our study indicates that
screening intervals can be reconsidered if all systemic

factors (blood pressure and hemoglobin Alc) are known and
can be taken into account. Our results strengthen the notion
that clinicians should control systemic factors appropriately
(hemoglobin Alc and blood pressure), treat diabetic macular
edema, and care for patients in need of special care (preg-
nancy, bariatric surgery, and mental or physical vulnera-
bility) when proposing individual screening intervals.”

We performed a competing risk analysis with mortality as
a competing outcome for individuals with DR level 3
(compared with DR level 2) to assess whether the low inci-
dence rates were due to death occurring before the in-
dividuals had progression to PDR. The HR from the
competing risk analysis was compared with the HR for
progression to PDR between DR levels 2 and 3 and could not
explain the low incidence rates. These findings add further
substance to the trend that PDR progression rates are
declining compared with those in previous decades in pop-
ulations with relatively good control and well-characterized
and cared for risk factors.”*” This seems particularly true
for those with DR level 3 at baseline, which gives a strong
argument for better prevention, monitoring, and treatment
of diabetes to reduce the risk of PDR.

The risk of progression to PDR within 1, 3, and 5 years
was found to increase with higher DR levels at baseline
(Table 3). The findings from a }Population-based 5-year
cohort study by Janghorbani et al® align with our findings
showing that baseline DR level is the main risk factor for
incident PDR regardless of diabetes type. They also found
that insulin-treated diabetes compared with noninsulin-
treated diabetes, duration of diabetes, and poor glycemic
control were all risk factors for subsequent progression to
PDR, with the first 2 being statistically significant risk
factors in this study as well.

Although it is well known that duration of diabetes is a
strong risk factor for DR and that every patient with onset of
diabetes before the age of 15 years will develop PDR,"” we
were encouraged by the observation that duration of
diabetes as a risk factor was mostly driven by the larger
difference in patients with type 2 diabetes (Table 2).

The study represents an entire national screening popu-
lation, which is considered a major strength; however, we
need to address the limitations. First, the reports of DR
grading in DiaBase rely on data input from many different
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sources. To address this, the accuracy has recently been
validated by Thykjer et al.’’ In 458 randomly chosen eyes,
there was a full 5-step DR grading agreement of 93% be-
tween ophthalmologists reporting to DiaBase and a certified
expert grader, corresponding to an overall agreement of
96% (K, 0.89) and 90% (K, 0.76) for practicing ophthal-
mologists and hospital-based grading centers, respectively.
Likewise, a virtual ocular learning platform has been na-
tionally launched to support training in DR grading of
Danish ophthalmologists.”’

Second, data on glycaemic control, hypertension, body
mass index, smoking, and physical activity were not
included because of unavailability. Third, it was not possible
to include data on diabetic macular edema because of
inconsistent reporting in DiaBase. As a sensitivity analysis,
we used intravitreal treatment with VEGF inhibitors as a
proxy marker for diabetic macular edema. Only 2.1% of
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patients received intravitreal injections between 2007 and
2018, with the highest number administered to patients with
severe NPDR at baseline, of which 26.9% subsequently
received intravitreal treatment. Hence, we cannot exclude
the possibility of a potential causal pathway between dia-
betic macular edema and PDR for a minority of patients.

This 5-year longitudinal study of a national cohort con-
sisted of patients with diabetes attending the screening
program for DR. We identified, with the first screening
episode as the baseline, that patients with subsequent pro-
gression to PDR differed from patients with no or minimal
progression. Duration of diabetes, type of diabetes, and use
of insulin were all identified as the most important risk
factors for incident PDR. Finally, the incidence rates of
progression to PDR were lower than those reported previ-
ously and in particular for patients with DR level 3 at
baseline.
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1 | INTRODUCTION

Jan Erik Henriksen

Jakob Grauslund?*?

Abstract

Purpose: To evaluate if retinal vascular calibers and systemic risk factors in
patients with no or minimal diabetic retinopathy (DR) can predict risk of long-
term progression to proliferative diabetic retinopathy (PDR).

Methods: This was a matched case—control study of patients with diabetes hav-
ing no or minimal DR at baseline with (cases) or without (controls) subsequent
development of PDR. We collected six-field, 45-degree retinal images, demo-
graphic and clinical data from the Funen Diabetes Database.

Results: We included 52 eyes from 39 cases and 107 eyes from 89 controls
matched on sex, age, type of diabetes, time from first to last screening epi-
sode and baseline DR level. Cases had higher HbAlc (73 vs. 55mmolL/molL;
p<0.001), triglycerides (1.32 vs. 1.16mmoL/L; p=0.02) and longer duration of
diabetes (19 vs. 14 years; p=0.01), but the groups did not differ in calibers of reti-
nal arterioles (229 vs. 227 um; p=0.49), venules (289 vs. 290 um; p=0.83) or the
arterio-to-venule ratio (0.78 vs. 0.77; p=0.86).In a multivariable logistic regres-
sion model with cluster robust standard error, HbAlc (OR 1.54 per 10 mmolL/
moL; 95%-CI: 1.15-2.07; p=0.004), triglyceride (OR 1.39 per 1 mmoL/L; 95%-
CI: 1.03-1.86; p=0.03) and duration of diabetes (OR 1.09 per year; 95%-CI:
1.03-1.16; p=0.003) were independent risk factors for PDR.

Conclusion: Retinal vascular calibers did not predict long-term development of
PDR in contrast to well-established risk factors like HbAlc, triglyceride and
duration of diabetes.

KEYWORDS
proliferative diabetic retinopathy, prediction, retinal vascular calibers, risk factor

An objective measure of retinal vascular calibre has been

Proliferative diabetic retinopathy (PDR) is a vision-threat-
ening complication of diabetes and is among the leading
causes of preventable blindness (Carstensen et al., 2020).
Early identification of patients at risk of PDR would be
important in order to address modifiable risk factors
(Yau et al., 2012) such as haemoglobin-Alc (HbAlc),
blood lipids and blood pressure. In the last two decades,
structural analysis of the retinal vascularity (Cheung
et al., 2015) has been suggested as new clinical predictive
measures for incidence and progression of diabetic reti-
nopathy (DR).

developed along with improvements in imaging the retina al-
lowing evaluation of vessel calibre in DR (Ikram et al., 2013)
and other vascular diseases (Ikram, de Jong, Bos, et al., 2006;
Ikram, de Jong, van Dijk, et al., 2006; Ikram, Witteman,
et al., 2006; Wong et al., 2001). Retinal venular diameter has
been shown to predict DR progression and incident PDR,
while retinal arteriolar narrowing has been seen to predict
DR onset, but not more advanced DR stages (Wong, 2011).

The purpose of this study was to investigate the asso-
ciation of retinal vascular calibers and systemic factors
with long-term PDR development in a population with
diabetes but no or minimal DR at baseline.

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and distribution in any
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2 | METHODS
2.1 | Design

This was a matched case—control study that investigated
retinal vascular calibers and systemic markers in eyes
with no or minimal DR at baseline with (cases) or with-
out (controls) subsequent development of PDR.

2.2 | Database

The Funen Diabetes Database (FDDB) is a regional da-
tabase containing demographic and clinical data from
the Danish DR screening program for patients with
diabetes mellitus that resides on Funen in Denmark
(Adelborg et al., 2020).

We collected essential demographic information such
as age and sex as well as clinical data including Interna-
tional Clinical Diabetic Retinopathy (ICDR) level, type
of diabetes, screening dates, body mass index, systolic
and diastolic blood pressure. Additionally, we obtained
blood test results for low-density lipoprotein (LDL),
high-density lipoprotein (HDL), triglyceride, serum-
creatinine and HbAlc as well as medication prescrip-
tions for insulin.

2.3 | Study population

We included patients of all ages with type 1 or 2 diabetes
who attended the Danish DR screening program from
2003 to 2019 (Larsen et al., 2017).

The cases had to be registered in the FDDB with one
or two eyes having ICDR-Ievel 0 (No DR) or 1 (microan-
eurysms and/or dot haemorrhages only) and develop
PDR during the observation period from 2003 to 2019.
When these criteria were fulfilled for one or both eyes,
the local image database was retrospectively checked for
availability of the initial retinal images with ICDR-level
0 or 1 and the agreement between the screening dates/
grades in the image database and FDDB was ascer-
tained. The patients were excluded when initial fundus
images were unavailable (Figure 1: flowchart).

The first screening episode registered served as base-
line for the study population from which we matched
cases with controls (Figure 2). Case patients were individ-
ually matched to control patients with the same baseline
level of DR, who did not progress beyond ICDR-level 0
(baseline DR-level 0) or ICDR-level 1 (baseline DR-level
I). Further matching included age, sex, type of diabetes
and time from first to last screening (observation time).
The study was designed for each case to be matched with
three controls, but we only managed to match 11 of the
case patients to a third suitable control patient that ful-
filled the criteria for matching.

2.4 | Assessment of DR

All mydriatic digital fundus photos were obtained as six
field, 45-degree images with Topcon TRC-50X (Topcon).
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The Funen Diabetes
Database
n = 17,372 patients

No 16,487 patients
excluded

Yes

>ICDR 2
atbaseline | 770 patients
excluded

885 patients

Baseline ICDR-level = 0 Baseline ICDR-level = 1

48 patients 67 patients
Initial fundus foto Initial fundus foto
available in image No available in image

database and correct database and correct
ICDR-grading? \ ICDR-grading?
76 patients
Ye Ye
s excluded e
25 patients included 14 patients included
with: with:
One eye One eye
n=16 n=10
Two eyes Two eyes
n=9 A4 n=4
39 cases included
with:
52 eyes
I
Matching
v
89 controls
included with:
107 eyes

FIGURE 1 Flowchart for identification of case patients from the
Funen Diabetes Database. ICDR, International Clinical Diabetic
Retinopathy scale; PDR, proliferative diabetic retinopathy.

All fundus images were re-assessed for correct ICDR-
grading by a certified grader according to the ICDR
guidelines (Wilkinson et al., 2003) before enrolment in
the study.

2.5 | Retinal vascular calibre analysis

The semi-automatic software VAMPIRE (version 3.2;
Vessel Assessment and Measurement Platform for Im-
ages of the Retina; The Vampire Group; Edinburgh
United Kingdom) was used to evaluate the retinal vas-
cular calibers according to the VAMPIRE grading
protocol. The method is described in details elsewhere
(Emanuele Trucco et al., 2015; Perez-Rovira et al., 2011)
but will be briefly outlined below.

The software automatically detected retinal vessels
and landmarks including the optic disc and the macula,
which enabled the creation of a grid around the margin
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2003

, Baseline

Retrospective identification of initial fundus images

Observation time

@ Identification of cases

L 2019

PDR

—

FIGURE 2 A timeline displaying the formation of the study population starting with (1) identification of patients with proliferative
diabetic retinopathy in the Funen Diabetes Database from year 2003 to 2019 followed (2) by retrospective identification of initial fundus images

and finally (3) matching of cases to controls with the first screening episode as baseline. PDR, proliferative diabetic retinopathy.

TABLE 1

Clinical and demographic differences at the first screening episode for 39 case patients with subsequent progression PDR and 89

control patients with no or minimal (ICDR-level 1) progression in diabetic retinopathy. The patients in both groups had ICDR-level 0 or 1 at
baseline.

Individuals, n

Eyes, n
Baseline DR-level, n (%) DR-level 0

Demographics

Sex, n (%) female
Age, years (IQR)
Diabetes type
1
2
Observation time, years (IQR)
Diabetes duration, years (IQR)

Para clinical measures

Body Mass Index, kg/m’

Systolic blood pressure, mmHg (IQR)
Diastolic blood pressure, mmHg (IQR)
Blood samples

HbAlc, mmoL/moL (IQR)
Serum-creatinine, pmoL/L (IQR)
LDL, mmoL/L (IQR)

HDL, mmoL/L (IQR)

Triglyceride, mmoL/L (IQR)

Medications

Insulin, n (%) yes

Retinal geometry

CRAE, pm (IQR)
CRVE, pm (IQR)
AVR

Cases

39

52

33 (63.5%)

21 (53.8%)
42.0 (24.0-60.0)

25 (64.1%)
14 (35.9%)

10.8 (6.5-11.8)
19.0 (12.0-29.0)

28.8(23.9-33.8)
130 (120-140)
80 (74-85)

73 (60-90)
83.0 (76.0-92.0)
2.45 (2.10-2.90)
1.49 (1.13-2.00)
1.32 (1.03-2.40)

34 (87.2%)

229 (211-250)

289 (272-318)
0.78 (0.74-0.85)

Controls Total p-Value
89 128

107 159

63 (59.9%) 96 (60.4%)

47 (52.2%) 68 (52.7%) 0.87
39.5 (25.0-60.0) 40.0 (25.0-60.0) 0.93
57 (63.3%) 82 (63.6%) 0.93
33 (36.7%) 47 (36.4%)

10.4 (7.2-11.6) 10.5 (7.0-11.7) 0.81
14.0 (10.0-21.0) 6.0 (2.0-13.0) 0.01
26.7 (24.2-30.1) 27.7 (24.0-31.4) 0.13
130 (118-137) 130 (120-140) 0.13
75 (70-80) 77 (70-82) 0.20
55 (46-65) 57 (50-75) <0.001
78.5 (66.0-91.0) 80.0 (68.5-91.5) 0.16
2.36 (1.90-2.80) 2.40 (1.90-2.80) 0.73
1.35(1.08-1.87) 1.39 (1.09-1.88) 0.30
1.16 (0.76-1.69) 1.21 (0.90-1.93) 0.02
70 (77.8%) 104 (80.6%) 0.21
227 (210-247) 228 (211-248) 0.49
290 (268-312) 290 (270-315) 0.83
0.77 (0.72-0.85) 0.77 (0.72-0.85) 0.86

Note: Continuous variables are presented as medians with interquartile ranges. Categorical variables are presented as numbers with percentages. Case and control
differences are calculated at the individual level except for CRAE, CRVE and AVR that are calculated at eye level. Observation time was defined as time from first
to last screening or until reach of PDR. Diabetes duration refers to duration of diabetes from debut to last screening episode.

Abbreviations: AVR, arteriole-to-venule ratio; CRAE, central retinal arteriolar equivalent; CRVE, central retinal venular equivalent; DR, diabetic retinopathy;
HbAlc, glycosylated haemoglobin; HDL, high-density lipoprotein cholesterol; ICDR, International Clinical Diabetic Retinopathy scale; LDL, low-density
lipoprotein cholesterol; PDR, proliferative diabetic retinopathy.

of the optic disc with circular zones A (0.0-0.5 disc di-
ameters from the optic disc margin), B (0.5-1.0) and C
(0.5-2.0). The automatic detection was not always on
point and manual corrections were made. Retinal ves-
sels were deleted when the vessel type was unclear, two

RIGHTS

i
L

IR

vessels graded as one or if a choroid layer vessel was mis-
interpreted as a retinal vessel by the software.

The central retinal arteriolar equivalent (CRAE) and
central retinal venular equivalent (CRVE) represents a
summarization of the six largest arterioles and venules
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coursing through zone B. These are automatically cal-
culated in pixels by the VAMPIRE software and has
previously been validated by other researchers (Lupascu
et al., 2013; McGrory et al., 2018; Project, 2021). We ap-
plied conversion from pixels to absolute measurements
in microns to ease the interpretation, in which we calcu-
lated the conversion factor based on the assumption of
an average optic disc diameter of 1800 um in adult hu-
mans (Jonas et al., 1988) and the mean optic disc diame-
ter for all included eyes.

2.6 | Image quality

Every image was manually assessed for quality to ex-
clude ungradable images. Image quality was finally as-
sessed using a binary white and black vessel map as an
expression of the software's availability to track the reti-
nal vascularity. Eyes were excluded when the software
was unable to track a single quadrant or the majority of
the retinal vascularity. No images were excluded due to
image quality, which can be related to the fact that pa-
tients had no to minimal (ICDR-level 1) when the fundus
images were captured.

2.7 | Reliability of retinal vascular analysis

A random sample of 38 (25%) retinal images were in-
cluded in an intergrader agreement analysis performed
between two trained and independent VAMPIRE ana-
lysers. The consistency of agreement between the in-
dependent analysers was 90% and 94% for CRAE and
CRVE, respectively.

2.8 | Statistics

Descriptive statistics are presented as medians with in-
terquartile ranges (continuous data) and numbers with
percentages (categorical data). We used the Mann—-Whit-
ney U test for continuous independent samples and the
Chi-square test for categorical independent samples.

We constructed two logistic regression models to test
for association between clinical variables (independent)
and PDR (dependent): a uni- and a multivariable logis-
tic regression model adjusted for age, sex, HbAlc, blood
pressure, duration of diabetes, LDL and triglyceride.
The models were performed as mixed-effects regres-
sions with cluster robust standard error to account for
the symmetry introduced given that some patients were
included with two eyes. We accounted for clustering to
address the potential non-independence of observations
within each cluster.

Two-way mixed-effects model was used to estimate
intraclass correlation coefficients for intergrader agree-
ment on individual measurements for retinal vascular
calibers.

Statistical significance was considered with p-values
under 0.05 and when 1.0 was not included in the 95%-con-
fidence intervals (CI). We performed statistical analyses
using STATA17 (StataCorp).
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2.9 | Permissions

Approval was given by The Danish Data Agency (jour-
nal number: 22/9016) and the study was performed ac-
cording to the Declaration of Helsinki.

3 | RESULTS

Table 1 shows the baseline characteristics of the 128 indi-
viduals included in the study as 39 cases and 89 controls.

Cases had longer duration of diabetes (19 vs. 14 years;
p=0.01) as well as higher levels of HbAlc (73 vs. 55 mmoL/
moL; p<0.001) and triglyceride (1.32 vs. 1.16 mmoL/L;
p=0.02) compared to controls. Cases and controls did not
differ according to calibers of retinal arterioles (229 vs.
227pum; p=0.49), venules (289 vs. 290 um; p=0.83) or the
arterio-to-venule ratio (0.78 vs. 0.77; p=0.86). Likewise,
no differences were found in sex (53.8 vs. 52.2% female;
p=0.87), age (median 42 vs. 40 years; p=0.93), rate of type
1 diabetes (64.1 vs. 63.3%; p=0.93), observation time (10.8
vs. 10.4years; p=0.81), body mass index (28.8 vs 26.7kg/
m%; p=0.13), serum-creatinine (83.0 vs. 78.5pmoL/L;
p=0.16), LDL (2.45 vs. 2.36 mmoL/L; p=0.73), HDL (1.49
vs. 1.35mmoL/L; p=0.30), use of insulin (87.2 vs. 77.8%;
p=0.21) as well as in systolic (130 vs. 130mmHg; p=0.13)
and diastolic blood pressure (80 vs. 7SmmHg; p=0.20)
between the two groups.

Table 2 shows if independent parameters are asso-
ciated with PDR in a uni- and a multivariable logistic
regression model of 52 case eyes and 107 control eyes.
Development of PDR was predicted by HbAlc (OR
1.54 per 10mmoL/moL; 95%-CI: 1.15-2.07; p=0.004),
triglyceride (OR 1.39 per | mmoL/L; 95%-CI: 1.03-1.86;
p=0.03) and duration of diabetes (OR 1.09 per 1year;
95%-CI: 1.03-1.16; p=0.003). No other clinical or demo-
graphic markers were predictive for upcoming PDR.

4 | DISCUSSION

In this case—control study of patients with no or minimal
DR at baseline, long-term development of PDR was pre-
dicted by HbAlc, triglycerides, and duration of diabetes,
but not by retinal vascular changes.

Previous studies reported that increased CRVE
(Klein et al., 2004; Roy et al., 2011; Wong, 2011) predicts
incident PDR, whereas CRAE (Cheung et al., 2008; Rog-
ers et al., 2008; Wong, 2011) appears to predict incidence
of more mild stages of DR in patients with type 1 dia-
betes. The findings in the current study did not support
these previous findings for CRVE as an early predictor
for PDR (64.1% had type 1 diabetes). We were unable to
reliably comment on CRAE as a predictor for incident
DR due to our selection criteria, in which some patients
had mild DR at baseline.

While Klein et al. (Klein et al., 2004) found that
larger CRVE was associated with increased 4-, 10- and
14-year PDR incidence in patients with type 1 diabe-
tes, our data suggest otherwise. The difference is likely
to be due to the fact that, our cohort consisted of pa-
tients with no to mild DR while Klein et al. included
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TABLE 2 Uni- and multivariable logistic regression models with odds ratios for association between independent variables and dependent
variable PDR. The models include 52 eyes from case patients with subsequent incidence of PDR and 107 eyes from control patients.

Univariable logistic regression
odds ratios (95%-confidence

Characteristic Increment interval)

Sex Male vs. female  0.89 (0.40-1.98)
Age 10years 0.97 (0.79-1.20)
Diabetes type Type 1 vs. 2 1.09 (0.47-2.51)
Diabetes duration lyear 1.06 (1.02-1.10)
Body mass index 1%-point 1.06 (0.99-1.14)
Systolic blood pressure SmmHg 1.09 (0.96-1.23)
Diastolic blood pressure  SmmHg 1.20 (0.99-1.46)
HbAlc 10 mmoL/mol 1.51 (1.22-1.86)

Serum-creatinine 1 pmolL/litre 1.01 (0.99-1.03)

LDL I mmolL/litre 1.24 (0.71-2.16)
HDL I mmolL/litre 1.57 (0.82-2.98)
Triglyceride I mmolL/litre 1.69 (1.17-2.44)
Insulin Yes vs. no 2.06 (0.67-6.35)
CRAE 10 pm 0.99 (0.91-1.08)
CRVE 10 pm 0.99 (0.94-1.05)
AVR 1SD 0.95 (0.68-1.33)

Multivariable logistic regression
odds ratios (95%-confidence

p-Value interval) p-Value
0.78 1.30 (0.45-3.73) 0.63
0.80 0.77 (0.55-1.08) 0.13
0.20 1.84 (0.45-7.43) 0.40
0.001 1.09 (1.03-1.16) 0.003
0.07 1.00 (0.89-1.13) 0.94
0.17 1.18 (0.96-1.45) 0.11
0.06 1.00 (0.75-1.33) 0.98

<0.001 1.54 (1.15-2.07) 0.004
0.25 1.02 (0.99-1.04) 0.19
0.45 1.06 (0.54-2.08) 0.86
0.17 1.59 (0.65-3.92) 0.31
0.005 1.39 (1.03-1.86) 0.03
0.21 1.48 (0.32-6.87) 0.62
0.82 1.03 (0.92-1.14) 0.64
0.91 1.01 (0.94-1.10) 0.76
0.75 0.98 (0.66-1.46) 0.93

Note: The multivariable model was adjusted for sex, age, HbAlc, diastolic blood pressure, systolic blood pressure, triglyceride and duration of diabetes.

Abbreviations: AVR, arterio-to-venule ratio; CRAE, central retinal arteriolar equivalent; CRVE, central retinal venular equivalent; HbAlc, glycosylated
haemoglobin; HDL, high-density lipoprotein cholesterol; LDL, low-density lipoprotein cholesterol; PDR, proliferative diabetic retinopathy; SD, standard

deviation.

all patients free of PDR at baseline, meaning that we
investigated our population at an earlier stage of DR.
The onset of the pathophysiological mechanisms as-
sociated with changes in retinal vascular calibre may
be related with higher levels of DR. This statement is
consistent with CRVE becoming larger as the degree
of DR increases reported by several studies (Cheung
et al., 2010, 2012; Nguyen et al., 2008).

In a short-term study restricted to African Americans
with type-1 diabetes, Roy et al. (Roy et al., 2011) found
larger CRVE to be predictive for progression to PDR
after 6years of follow-up. Larger CRVE was found to be
a more important PDR predictor in eyes with lower DR
grades at baseline, but, again, the patients had higher
DR grade than ours (ETDRS <53) at basecline (Roy
et al., 2011).

In contrast to investigating progression to PDR
from all baseline DR levels, Klein et al. and Roy et al.
did also investigate the incidence of any DR in patients
without DR at baseline, which showed no associa-
tion with changes in CRAE or CRVE. This is closely
comparable to our study suggesting that incident DR
or PDR may be difficult to predict with CRVE long
before onset of DR in patients with type 1 diabetes
(Wong, 2011). In contrast to these findings of CRVE as
a predictor for PDR, a long-term study from Denmark
in young individuals with type 1 diabetes included with
any DR at baseline (Rasmussen et al., 2017), showed
that narrower CRAE was associated with 16-year pro-
gression to PDR. A pilot study of patients with type
1 and 2 diabetes having minimal DR at baseline (mi-
croancurysms or mild haemorrhages only), found no
difference in retinal arteriolar or venular diameter
after 4 days of follow-up. This short timeframe is most
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likely inadequate to develop measurable changes in
vessel diameter as a result of vascular endothelial dys-
function (Mlcak et al., 2022).

Only a few studies examined patients with type 2 di-
abetes exclusively (Cheung et al., 2017; Crosby-Nwaobi
et al.,, 2012). A short-term prospective study by Cheung
et al. (Cheung et al., 2017) and a study of 30 eyes by
Nwaobi et al. (Crosby-Nwaobi et al., 2012) both reported
wider CRAE as predictive for incident PDR while
Nwaobi et al. also found that wider CRVE was predic-
tive for PDR in patients with type 2 diabetes who were
investigated before onset of any DR.

In comparison to these studies in patients with type 2
diabetes, larger CRAE was associated with progression
in DR by Klein et al. (Klein et al., 2004) while narrower
CRAE was associated with PDR reported by Broe et al.
in type 1 diabetes, which emphasizes that the scientific
field maintains a large discrepancy for inexplicable rea-
sons limiting the comparability. These differences in-
clude variations in sample size, age, type of diabetes, DR
grade at baseline, follow-up periods and potentially in
the selection of which semi-automatic computer-assisted
software programs was used.

The clinical implementation of CRAE and CRVE as
predictors for DR and PDR has so far been unsuccess-
ful due to several challenges. The variety of available
semi-automatic software for retinal vascular analysis
are time-consuming and, therefore, difficult to imple-
ment in a busy clinical setting. Secondly, the lack of
clear scientific consensus as well as the small differ-
ences of the measured values between study groups
makes the clinical interpretation difficult (Cros-
by-Nwaobi et al., 2012; Klein et al., 2004; Rasmussen
et al., 2017; Roy et al., 2011).
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We matched the two groups on age, sex, baseline
DR-level, type of diabetes and time from first to last
screening, which we consider a strength since these are
considered risk factors for PDR (Dinesen et al., 2023; Sa-
banayagam et al., 2019; Wong et al., 2009).

Limitations for the study include that we were unable
to find suitable control patients when matching for dura-
tion of diabetes leaving the case group with longer dura-
tion of diabetes.

In order to be able to match cases and controls in
regards to comparability of disease duration and thus
a more equal risk-time to develop PDR, we decided to
match on time in the screening program as a surrogate
measure for duration of diabetes, which is a well-known
risk factor for PDR (Song et al., 2018; Yau et al., 2012).
We were encouraged to be able to find suitable control
patients with this matching criteria and was done to min-
imize the risk of selecting incomparable controls, which
is considered a major weakness in case—control studies.

Examination for signs of diabetic macular oedema
(DME) from fundus images is standard of care in the
Danish DR screening, but optical coherence tomogra-
phy is not performed unless it is indicated. Therefore,
DME is unfortunately poorly reported in the FDDB and
thus we were not able to report the prevalence of DME as
a sign of retinal endothelial vascular dysfunction.

We were furthermore unable to calibrate the retinal
measurements for axial length, refractive error and cor-
neal curvature as this information is not a part of the
Danish DR screening program and is, therefore, absent
in the FDDB. The arterio-to-venular ratio is, however,
independent of the refraction problem, since the ratio
between the two will always be constant regardless of the
magnification (Liew et al., 2006).

The calibers of larger vessels in the retina were exam-
ined for alterations in relation to diabetes, but it would
have been of high interest to study if alterations occur in
the even smaller vessels of the retina at this early stage
of diabetes. Unfortunately, we were not able to include
data from optical coherence tomography angiography or
fluorescein angiography due to the register-based nature
of the study design that relied on data from the Danish
screening program, which only includes six-field fun-
dus imaging as standard examination. Future research
should use newer methods, such as optical coherence to-
mography angiography, to investigate if early capillary
dropout increases the risk of long-term progression to
PDR.

5 | CONCLUSION

In a long-term study of patients at an early stage of dia-
betes with no or minimal DR, calibers of the retinal ar-
terioles or venules were not able to predict the incidence
of PDR in contrast to well-established risk factors like
HbAIc, triglyceride and duration of diabetes.
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Abstract
Objective

We aimed to develop and validate a deep learning algorithm to predict future development of proliferative
diabetic retinopathy (PDR) from six-field retinal images. The study also aimed to develop prediction models

from baseline DR levels 1 to 3.

Design

A diagnostic accuracy study using deep learning on retrospectively collected retinal images.
Subjects

We included retinal images from patients with type 1 or type 2 diabetes attending the Danish screening

program for diabetic retinopathy (DR).
Methods

We included retinal images from the Danish Registry of Diabetic Retinopathy (DiaBase), which is a Danish
national DR screening program containing the DR level, date of screening and more from each clinical
screening episode. The patients registered with PDR in the DiaBase were included as case patients while
those with DR level 0 to 3 as control patients. All images prior to the diagnosis of PDR were included for the
cases while all available images for the controls were included. We split the images into training (70%),
validation (10%) and testing (20%) datasets. The development of the algorithm included a multi-step
approach, which included vessel segmentation with the FR-Unet model to enhance feature representation,

numerical vessel features density and tortuosity and extraction of features from raw images.

Main Outcome Measures

Sensitivity, specificity, positive predictive value and negative predictive value for prediction of PDR.
Results

We included 26,828 retinal images in the first model that comprised all DR levels with 627 case images and
26,201 control images. The deep learning model with prediction from ICDR level 1 included 3,672 images
with 22 cases and 3,650 controls. The model based on ICDR level 2 included 5,867 images with 208 cases and
5,659 controls. The model based on ICDR level 3 included 1,693 images with 376 cases and 1,317 controls.
None of the models succeeded to perform any positive predictive values equal to 0% for all main outcome

measures.
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Conclusion

This study did not succeed in the prediction of PDR from a dataset of 26,828 retinal images. It outlines
methodological challenges and potential solutions related to class imbalance, limited data, and longitudinal

data with fixed time points.
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Introduction

The global burden of diabetes continues to rise with an estimation of 828 million adults affected in 2022,
which is an increase of 630 million since 1990%. Diabetic retinopathy (DR) is a well-known microvascular
complication to diabetes, with its sight-threatening end-stage, proliferative diabetic retinopathy (PDR),
affecting 32.4% of the patients with type 1 diabetes and 3.0% of those with type 2 diabetes in 20122 While
the incidence of PDR has shown a downward trend in Western countries?, the overall demand for DR
screening is expected to rise due to the increasing prevalence of diabetes. To manage this growing workload,
it is crucial to allocate medical resources toward individuals at risk of progressing to PDR. This approach is
supported by studies that generally advocate for extended screening intervals for a large proportion of low-
risk patients, with minimal risk of delayed PDR detection*®. Despite these recommendations, it has been
challenging to extend screening intervals due to difficulties in predicting an individual’s risk of and time to
progression. A major limitation of current DR screening programs is the lack of individualized risk prediction
and in particular the identification of patients at high risk of developing sight-threatening DR. The risk of
progression is influenced by both non-modifiable and modifiable factors and varies considerably between
individuals”. Current screening strategies rely primarily on population-based intervals rather than

personalized assessments, which may result in over-screening of low-risk individuals.

Artificial intelligence (Al) has shown great potential and promising results in addressing challenges within
healthcare systems worldwide®. Deep learning (DL), a branch of Al, utilizes artificial neural networks that
mimic the human central nervous system and holds great potential for healthcare solutions. Convolutional
neural networks (CNN) are a subclass of DL models designed to detect patterns and features in visual data®.

10-15

Current DL models in the field of DR primarily focus on detecting existing disease*®*>, while only a few aim to

predict the onset or progression of DR%'2,

We hypothesized that progression to PDR could be predicted from retinal images obtained before the date
of PDR diagnosis. The purpose of this study was to develop a DL model to predict progression to PDR from
all DR levels combined and to create separate predictive DL models for retinal images stratified by DR levels

1to 3.

Methods

Design and Setting
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This is a DL diagnostic accuracy study based on retrospective register data. We included patients from the

Southern Region of Denmark screened at a public hospital facility from January 2013 to December 2022.

Study Population

The study population included individuals with type 1 or type 2 diabetes identified through the Danish
Registry of Diabetic Retinopathy (DiaBase)'®. The patients with a PDR diagnosis in the DiaBase were included

as case patients while those with levels of DR from 0 to 3 were included as control patients.

Danish Health Registries

The Civil Registration System (CRS)

Since April 2, 1968, every child born to a registered mother in Denmark has been assigned a ten-digit Civil
Personal Register (CPR) number. This identifier is used across all Danish medical and administrative
databases, which makes it essential for linking information across registers. The Central Population Register

(CRS) includes variables such as date of birth, sex, citizenship, civil status, migration history, and vital status.

The Danish Registry of Diabetic Retinopathy (DiaBase)

The DiaBase is a nationwide clinical quality database that collects data from individuals with type 1 and type
2 diabetes who participate in the Danish DR screening program?®. The database records the severity of DR as
graded by ophthalmologists based on the International Clinical Diabetic Retinopathy Severity Scale (ICDR),
ranging from level 0 (no DR) to level 4 (proliferative DR). The database also includes screening dates,

recommended follow-up intervals, visual acuity, and screening indications.

Identification of Retinal Images

Retinal images from the DR screening program in the Southern Region of Denmark, tagged with the CPR
number and screening date, are stored in a local database at Odense University Hospital (OUH). We included
all available images captured prior to the date of PDR diagnosis for the case group, regardless of how long
before the diagnosis they were obtained, and excluded any images captured after the diagnosis. The retinal
images from those without a PDR diagnosis were included as controls. We included all levels of DR for model
development, while also creating smaller datasets stratified by DR levels 1, 2, and 3 to develop individual PDR
prediction DL models for each (Table 1). The images were allocated for training (70%), validation (10%) and
testing (20%) datasets. Each individual could contribute several images, but only represent one of the three

datasets.

Algorithm Development
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We designed a multi-step pipeline to enhance the model’s ability to predict progression to PDR by
incorporating both image-based and vessel-specific features. The first stage involved segmenting the retinal
vasculature from each image using the FR-UNet model'’, a DL architecture specialized for segmenting
biological structures. Trained on datasets containing annotated vessel images, FR-UNet generated vessel
masks highlighting the vascular network. These masks were then integrated as an additional input channel

alongside the original RGB image to enrich the input data with explicit vascular information.

We utilized the InceptionV3 CNN?® for feature extraction, which originally was pre-trained on the ImageNet
dataset for large-scale image classification tasks. InceptionV3 is capable of capturing both fine details and
broader spatial structures within images. To tailor the model to our classification task, we adopted a transfer
learning approach where the lower layers, responsible for general feature extraction, were kept frozen, while

only the final layers were fine-tuned using our dataset.

We calculated numerical vessel-related metrics to further guide the model in addition to deep features
extracted from the retinal images and vessel mask. These included vessel density that was computed as the

proportion of vessel pixels relative to the total image area

Number of vessel pixels

Vessel density =
essel density Total image pixels

We also assessed vessel tortuosity by first generating a skeletonized representation of the segmented vessels
(Figure 2). By using this one-pixel-wide vessel map, we identified bifurcation points and defined vessel
segments as paths between consecutive bifurcations, vessel endpoints, or up to a predefined maximum
length. For each segment, tortuosity was calculated as the ratio of the actual path length to the straight-line

distance between endpoints:

Segment length

Tortuosity =
y Euclidean Distance

We now extracted the maximum, minimum, and mean tortuosity values across all segments in order to
summarize the tortuosity at the image level. These numerical features were processed separately through a

fully connected multi-layer perceptron (MLP).



| Manuscript |

The deep features from the InceptionV3 network and numerical features from the MLP were combined into
a single representation. This joint feature vector was passed through a final fully connected classification
layer to generate the prediction. Model training was performed using binary cross-entropy loss that we
optimized with the Adam optimizer®. Due to class imbalance in our image dataset, with fewer samples
representing the PDR group, we applied class weighting to the loss function to increase the model’s sensitivity

toward the minority class®.

Results

We included 26,828 retinal images in the first model comprising all DR levels divided as 627 case images and
26,201 control images. The DL model with prediction from ICDR level 1 included 3,672 images allocated as
22 case and 3,650 control images, while we included 5,867 images to the DL model with images stratified to
ICDR level 2 allocated as 208 case and 5,659 control images. The last DL model predicting from ICDR level 3

included 376 case images and 1,317 control images equal to 1,693 images in total (Table 1).

All of the DI models failed to perform any positive predictions resulting in sensitivities, specificities, positive

predictive values and negative predictive values of 0% (Table 2).

Discussion

This study utilized 26,828 images to develop and test a DL model for predicting future progression to PDR.
The model failed to generate any positive predictions, likely due to the limited number of case images and
the inherent challenges of a relatively small dataset. As a result, the extracted image and vascular geometry

features may have contained insufficient predictive signal.

Several studies have explored the potential of DL models to predict systemic conditions and patient
characteristics from retinal images, but many of these were cross-sectional predictions of factors such as
HbA1c levels, kidney disease or sex?*?2, While these findings demonstrated the rich information embedded
in retinal images, their clinical utility remains limited, as many of these conditions are easily assessed through
standard laboratory tests. Fewer studies have attempted to predict future disease progression, which holds
greater clinical relevance by enabling early interventions and personalized care. Dai et al published a paper
in 2024 presenting a study in which they succeeded to predict individualized time to DR progression over a

five-year period using 717,308 retinal images for pre-training and 118,868 baseline retinal images for model



| Manuscript |

development®. They predicted the one to five year risk of vision-threatening DR (defined as ICDR level 3 to
ICDR level 4) with AUCs ranging from 0.825 to 0.860 from retinal images alone. They also predicted the time
to progression of DR, which extended screening intervals from 12 to 32 months, resulting in a 62.5%

reduction in screening frequency with only a 0.18% delayed VTDR detection.

Another study?* developed and tested two versions of a DL system (one field image model and a three field
image model) to predict the onset of DR within two years in patients without DR at baseline. The models
were trained on 575,431 images and evaluated through internal (3,678 images) and external (2,345 images)
testing. The AUC was 0.77 for the one-field model and 0.79 for the three-field model. Adding baseline
characteristics such as HbAlc, duration of diabetes, self-reported diabetic control, and insulin use did not
significantly improve performance. The clinical value of the system is limited, as patients with diabetes are
expected to develop DR at some point over time, and the model does not support extending screening

intervals beyond two years, which was the study's follow-up period.

Developing DL models for rare outcomes like PDR is challenging because CNNs require large amounts of data
to learn disease-specific features. Although methods exist to address small data challenges, insufficient data
remains a reasonable explanation for the limited performance of our proposed model?. We included 26,828

I2 used a total nearly one million images for pre-training, development

images, whereas the study by Daieta
and validation of their DeepDR Plus model. Their approach to predict vision-threatening DR is comparable to
ours, although they defined vision-threatening DR as ICDR levels 3 and 4, while we focused specifically on
predicting PDR (ICDR level 4). They used baseline retinal images to predict vision-threatening DR and also
developed a combined model incorporating clinical and demographic data. Their findings showed no
improvement in performance when adding these additional data, which indicates that the predictive
information is already contained within the retinal images. The few PDR cases compared to controls, which
introduces class imbalance may have been a major challenge. Dai et al. did on the other hand not include
overwhelming number of PDR cases either, as they reported 681 eyes with progression to PDR and 1,382
eyes with progression to severe non-PDR compared to 627 PDR images in our study. Therefore, pre-training
on a large dataset of retinal images may be valuable for optimizing feature extraction, even though both our

study (using InceptionV3) and the study by Dai et al. (using ResNet-50) employed transfer learning from a

pre-trained CNN as a backbone.

The severe class imbalance was a major challenge in this study, as the primary outcome was to predict PDR
and only a small fraction of images represented patients who progressed. Weighting the loss function is a

common method to address class imbalance by assigning higher penalties to errors on the minority class as
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this will force the model to focus more on rare cases during training. However, the imbalance in this study
may have been so severe that even weighted loss could not compensate for the limited number of PDR cases.
With so few progression events and an overall limited data volume, the model may have struggled to learn

meaningful patterns associated with future PDR.

Our study was limited by the cross-sectional nature of the data and the absence of fixed follow-up time
points. Ideally, the dataset would include a baseline image from each eye and track progression at predefined
intervals, such as 3 months to 5 years. Incorporating cases with long-term follow-up is important in a chronic

disease like DR because the progression often occurs slowly over time.

Future studies should shift focus toward the prediction of less rare outcomes, but with equal clinical
relevance as that introduced with the PDR prediction, such as time to DR progression, which offers a more
individualized approach and allows every patient in longitudinal datasets to contribute to the outcome. This
strategy may help overcome challenges related to small data and severe class imbalance. To further
overcome small data issues, incorporation of baseline clinical and demographic data, such as HbAlc levels,

age, duration of diabetes, type of diabetes and more, could potentially strengthen the predictive

|23 |24

performance even though the DL systems in the studies by Dai et al**> and Bora et al** did not improve much

by adding complementary data.

Conclusion

This study did not succeed in predicting PDR from a dataset of 26,828 retinal images. It highlights important
methodological challenges and presents potential solutions, such as handling class imbalance, small data

problems and managing longitudinal data structures with fixed time points for future research to build upon.
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Figure Legends
Figure 1

The figure illustrates the retrospective identification of early retinal images (1) from patients who later
developed proliferative diabetic retinopathy (PDR). The six-field retinal images were collected prior to the

PDR event and deep learning was applied to these early images (2) to predict future PDR development (3).
Figure 2

The figure illustrates four examples of vessel segmentation applied to retinal images using the FR-Unet

model.
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Table 1: The Number of Images Dichotomized into Training, Validation and Testing Datasets for each of the

four deep learning prediction models.

All ICDR level 1 ICDR level 2 ICDR level 3

Subset, n Control Cases Control Cases Control Cases Control Cases
Training 19,812 462 2,746 17 4,373 146 1,001 284
Validation 2,594 95 352 2 556 39 116 54
Testing 3,795 70 552 3 730 23 200 38
Total, n 26,201 627 3,650 22 5,659 208 1,317 376

ICDR = International Clinical Diabetic Retinopathy Severity Scale.

Table 2: Performance of the Four Deep Learning Models for Predicting Future PDR

% All ICDR level 1 ICDR level 2 ICDR level 3
Sensitivity 0 0 0 0
Specificity 0 0 0 0
PPV 0 0 0 0
NPV 0 0 0 0

PDR = proliferative diabetic retinopathy. ICDR = International Clinical Diabetic Retinopathy Severity Scale. All
refers to all diabetic retinopathy levels combined.
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Figure 2:
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ABSTRACT

Introduction: Existing deep learning (DL) algo-
rithms lack the capability to accurately identify
patients in immediate need of treatment for pro-
liferative diabetic retinopathy (PDR). We aimed
to develop a DL segmentation model to detect
active PDR in six-field retinal images by the
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annotation of new retinal vessels and preretinal
hemorrhages.

Methods: We identified six-field retinal images
classified at level 4 of the International Clini-
cal Diabetic Retinopathy Disease Severity Scale
collected at the Island of Funen from 2009 to
2019 as part of the Danish screening program
for diabetic retinopathy (DR). A certified grader
(grader 1) manually dichotomized the images
into active or inactive PDR, and the images
were then reassessed by two independent certi-
fied graders. In cases of disagreement, the final
classification decision was made in collabora-
tion between grader 1 and one of the secondary
graders. Overall, 637 images were classified as
active PDR. We then applied our pre-established
DL segmentation model to annotate nine lesion
types before training the algorithm. The seg-
mentations of new vessels and preretinal hemor-
rhages were corrected for any inaccuracies before
training the DL algorithm. After the classifica-
tion and pre-segmentation phases the images
were divided into training (70%), validation
(10%), and testing (20%) datasets. We added 301
images with inactive PDR to the testing dataset.
Results: We included 637 images of active
PDR and 301 images of inactive PDR from 199
individuals. The training dataset had 1381 new
vessel and preretinal hemorrhage lesions, while
the validation dataset had 123 lesions and the
testing dataset 374 lesions. The DL system dem-
onstrated a sensitivity of 90% and a specificity
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of 70% for annotation-assisted classification of
active PDR. The negative predictive value was
94%, while the positive predictive value was
57%.

Conclusions: Our DL segmentation model
achieved excellent sensitivity and acceptable
specificity in distinguishing active from inac-
tive PDR.

Keywords: Deep learning; Proliferative
diabetic retinopathy; Black box elimination;
New vessels; Preretinal hemorrhages

Key Summary Points

Why carry out this study?

A deep learning (DL) model capable of iden-
tifying patients in urgent need of treatment
and distinguishing active proliferative dia-
betic retinopathy (PDR) from stable inactive
PDR could help optimize resource allocation
and improve patient care.

Existing DL models lack the ability to accu-
rately differentiate between active and inac-
tive PDR.

Can a DL segmentation model accurately
identify active PDR by detecting new retinal
vessels and preretinal hemorrhages?

What was learned from the study?

The DL segmentation model demonstrated
high sensitivity in detecting active PDR,
which makes it a promising tool for screen-
ing and clinical decision support.

The high sensitivity and negative predictive
value suggest that the model could be valu-
able in ruling out inactive cases and poten-

tially improve screening workflows.

Further optimization is needed to enhance
specificity and positive predictive value to
ensure more precise identification of patients
requiring urgent treatment.

INTRODUCTION

The current prevalence of patients with diabetes
is 463 million and increases worldwide [1] and
the associated systemic complications, includ-
ing diabetic retinopathy (DR), are projected to
remain high [2]. Proliferative diabetic retinopa-
thy (PDR) develops from chronic hyperglycemia,
which causes endothelial dysfunction and capil-
lary occlusion, leading to retinal ischemia. This
triggers the release of the proangiogenic vascular
endothelial growth factor (VEGF) to form new
vulnerable and potentially sight-threatening
vessels in the retina [3].

The global prevalence of PDR is estimated
to be 32.4% in patients with type 1 and 3.0%
in type 2 diabetes [4]. Screening for DR and
improved management of systemic factors has
decreased the risk of vision loss from PDR [5, 6],
but the rising prevalence of diabetes increases
the number of patients at risk of DR, which
underscores the need for continued screening
efforts.

Deep learning (DL) is a machine learning
technique particularly suited for image recogni-
tion that has shown promising diagnostic poten-
tial [7-9]. While classification models assign a
diagnosis without revealing their reasoning, DL
segmentation models go further by highlighting
pathological lesions directly within the image
[10]. This added transparency helps clinicians
see the model’s decision-making process and
better interpret the results (Fig. 1).

Several research groups have developed DL
models demonstrating excellent performance
in detecting sight-threatening DR with sensitiv-
ity and specificity rates exceeding 90% [11-17],
while human graders achieve a sensitivity of
88.5% and a specificity of 99.6% [11]. However,
these DL models are trained to identify those
with International Clinical Diabetic Retinop-
athy Disease Severity Scale (ICDR) level 2 or
more as screening positive. This motivated us
to develop a DL algorithm to detect eyes with
active PDR that require immediate treatment,
as moderate NPDR does not need treatment
intervention. In many low- to middle-income
countries with limited healthcare resources,
referring mild NPDR cases would overburden
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SEGMENTATION

CLASSIFICATION

1

ACTIVE PDR OR INACTIVE PDR

Fig. 1 The figure illustrates the objective of the study pre-
senting an example of an original six-field retinal image
and the same image with pre-segmentation of new vessels
(dark blue), preretinal hemorrhages (not present), periph-
eral laser tracks (purple), central laser tracks (light blue),
intraretinal hemorrhages (pink), microaneurysms (green),
soft exudates (yellow), hard exudates (red), and intraretinal
microvascular abnormalities (turquoise) before training of
the new model to distinguish active from inactive PDR.
Certified grader 1 evaluated the segmentations of all new
vessel in the presented image and reannotated all of the
pre-segmentations made by the DL system to ensure com-
plete precision. PDR proliferative diabetic retinopathy, DL
deep learning

screening systems. A DL system that identi-
fies those in urgent need of treatment could
help optimize these resources. Our team has
previously developed a DL model that clas-
sifies DR on the ICDR scale from O to 4 and
annotates eight specific DR lesions [10]. This
model detected ICDR level 4 with an accuracy
of 96.2%, but it did not differentiate between
already treated inactive PDR and referable
active PDR. It would be of high value for a
DL model to separate those with active PDR
from those with stable inactive PDR to ensure
that healthcare resources are directed toward
patients requiring urgent intervention.

We aimed to develop and validate a DL seg-
mentation model to detect referable active PDR
by annotating new vessels (NV) and preretinal
hemorrhages (PRH) (Fig. 1).

METHODS

Design and Setting

The development and validation of the DL sys-
tem was conducted as a diagnostic accuracy
study using retinal images from patients living
on the island of Funen, Denmark. We retrospec-
tively collected retinal images from patients
with type 1 or 2 diabetes, which were obtained
through the Danish screening program for DR
[18].

Study Population

The study population was identified using The
Funen Diabetes Database (FDDB) to which all
screening episodes are reported at Odense Uni-
versity Hospital, Odense, Denmark [19]. The
FDDB contains data of screening dates, DR sever-
ity levels, and demographic and clinical data.
We included patients with PDR from 2009 to
2019 from a local image database. Data linkage
for each individual is possible using the Civil
Personal Register (CPR) number, a unique ten-
digit number assigned to every child born in
Denmark since year 1968.
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Classification of Retinal Images

Figure 2 illustrates the process from the initial
set of PDR images to the final dataset prepared
for training and testing of the DL algorithm.
Three medical doctors were all trained and cer-
tified by a Virtual Ocular Learning Platform
(VIOLA) to become certified DR graders before
establishing the reference standard in the pre-
sent study [20]. The classification process started
with grader 1 identifying and manually classi-
fiying 3262 retinal images as active or inactive
PDR from the entire population of patients with
ICDR level 4. We defined a retinal image with
active PDR if it exhibited at least one NV and/
or at least one PRH. Out of the 3262 included
ICDR level 4 images, no exclusion were made
for images not meeting the ICDR level 4 cri-
teria. Secondly, certified graders 2 and 3 each

K 3,262 PDR images \
Certified Grader 1:

Manual classification of retinal images in to
active versus inactive PDR

|
!} |

625 images with active PDR ) C 2,637 images with inactive PDR )

| |
!

Certified Graders 2 and 3:
Re-assessment of retinal images
Certified Grader 1:
Joined re-assessment of cases with disagreement between Grader 1 and either Grader 2 or 3
on the classification of active versus inactive PDR

L

/ Number of classification changes \

From inactive PDR to active PDR: 27

From active PDR to inactive PDR: 14

638 active PDR images for DLA 2,624 inactive PDR images for DLA
development and validation. development and validation.

Fig.2 Flowchart for the preparation of image data in the
study. PDR proliferative diabetic retinopathy, DLA deep
learning algorithm

reassessed a randomly picked half of the images
to ensure correct classification and ensure a
high-quality reference standard. In cases of disa-
greement between grader 1 and either grader 2
or 3 on the classification of active versus inactive
PDR, grader 1 reassessed the image with either
grader 2 or 3 for a final decision. The dataset
consisted of high-resolution 6528 x 6528 pixel
six-field retinal images from a TopCon camera
(Fig. 1) from which we included images of vary-
ing quality. Five images were excluded for not
being gradable.

Pre-segmentation of DR Lesions

Following the classification process, this step
involved segmentation of DR lesions before
training of the DL model. We applied our estab-
lished DL segmentation system to the retinal
images, which can annotate nine different DR
lesions, including microaneurysms, soft exu-
dates, hard exudates, intraretinal hemorrhages,
intraretinal microvascular abnormalities (IRMA),
NVs, PRHs and central as well as peripheral pho-
tocoagulation tracks [10].

A review of the pre-segmented retinal images
then took place, which included assessing all
segmentations of PRHs and NVs by reviewing
and refining the automated visual drawings.
Grader 1 evaluated the segmentations of all
NVs and PRHs in the active PDR images, which
included redrawing all of the pre-segmentations
made by the DL system to ensure complete pre-
cision. Additionally, grader 1 identified and seg-
mented any missed NV and PRH lesions that the
DL system failed to annotate and deleted wrong
segmentations. If the DL segmentation system
incorrectly annotated NVs and PRHs in the
images classified as inactive PDR, grader 2 and 3
manually corrected these errors. No images were
reclassified after the pre-segmentation process.

We utilized the Computer Vision Annotation
Tool (CVAT) version 2.3.0, which is an open-
source software platform. The process began
with uploading the retinal image data and the
pre-annotations generated by the DL system. We
zoomed in on the lesions to ensure optimal pre-
cision during the annotation of NVs and PRHs
using the polygon segmentation tool within
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CVAT. Finally, we extracted both the images and
the refined annotation data from the CVAT plat-
form ready for algorithm development.

Definition of Active PDR Detection

The DL model was developed as a segmentation
model, meaning that it highlights DR lesions
with visual overlays for clinicians to review.
Rather than directly classifying active PDR, the
DL model detects NVs and PRHs, which we then
defined as a positive active PDR classification.

Outcome Measures

Primary outcome measures included the sensi-
tivity, specificity, positive predictive value (PPV),
and negative predictive value (NPV) of the DL
system to detect active PDR through segmenta-
tion of NVs and/or PRHs. Secondary outcome
measures included an initial sensitivity and PPV
for the DL system’s ability to correctly detect
NVs and PRHs on a lesion-by-lesion basis.

Algorithm Development

The active PDR images were split into train-
ing (70%), validation (10%), and testing (20%)
datasets as shown in Table 1. We made sure that
images from a unique individual only figured
in one of the three datasets to prevent the DL
overperforming on formerly seen data. A total
of 301 inactive PDR images were additionally
included in the testing dataset for validation of
the diagnostic performance of the DL model. All
images had detailed pixel-level annotations for

NVs, PRHs, microaneurysms, hemorrhages, hard
exudates, cotton wool spots, IRMA, photocoagu-
lation scars, and the optic disc. The annotations
for all images were produced by a previously
developed segmentation model as described in
Sect. “Pre-segmentation of DR Lesions” [10]. All
annotations were reclassified into four categories
to train the model for segmentation of NVs and
PRHs: background, NV or PRH, and other. The
“other” category included the aforementioned
lesion types as well as noise arising from incor-
rect segmentations by the pre-segmentation
model.

The DL segmentation model based on Unet++
[21] with an ImageNet pre-trained ConvNext
backbone [22] was trained using 440 retinal
images of active PDR with 1381 pixel-level anno-
tations of NVs and PRHs, and tuned using 63
images with 123 NV and PRH annotations. The
model was implemented in Pytorch using the
TorchSeg library [23], and the model’s output
was generated using three convolution kernels
of sizes 1x1, 3x3, and 5Sx35. Each kernel pro-
duced a separate probability map, which were
then combined into a single prediction map
used for loss computation.

We combined Log Cosh Dice Loss [24] and
the Focal Tversky Loss [25] into a single loss
function referred to as Focal Log Cosh Tversky
Loss to address the challenge of imbalanced
data. In this loss function, the Dice component
of the Log Cosh Dice Loss was replaced with
the Focal Tversky Loss using default weight and
focusing parameters. Together, the Log Cosh
component and Focal Tversky component cre-
ates a smooth optimization path that handles
the class imbalance inherent in the data. We

Table 1 Numbers of images and segmentation counts for preretinal hemorrhages and new vessels across dataset splits

Patients, Retinal images, 7 Active PDR images, 7 New vessels and pre-
(%) retinal hemorrhages,
7 (%)
Training 105 440 440 (68.9) 1381 (73.5)
Validation 29 63 63(9.9) 123 (6.5)
Testing 65 436 135(21.2) 374(19.9)
Total 199 939 638 1878

PDR proliferative diabetic retinopathy
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split the images into patches of 288 x 288 pix-
els with an overlap of 20 pixels to avoid loss
of information from the edges of the patches.
Random 256 x256 pixel crops were sampled
from these in each iteration before training the
model. Images were augmented with the albu-
mentations library [26] using different spatial
and pixel-level transforms. The labels were also
augmented using random morphological ero-
sion and dilation to handle label uncertainty
and increase the robustness of the model.

In the beginning of the training process, we
upsampled the patches with NVs or PRHs to
match the number of patches with annotations
for the other lesion types only. We randomly
subsampled patches containing only back-
ground to match the same quantity at each
epoch’s start. For every tenth epoch, the frac-
tion of background patches was increased until
100% of background patches were included.
We optimized the model with the Adam opti-
mizer using a cyclical learning rate schedule
with learning rates ranging from 5x 107° to
5x107* The model was check pointed during
training. We included the weights yielding the
highest Dice coefficient score at the point after
all background patches for validation on the
testing dataset. Segmentations on the entire
six-field validation images were produced using
overlapping tiles and edge cropping.

The initial NV and PRH lesion detection test
revealed a sensitivity of 100% and a PPV of
12% that resulted in a high number of false
positive cases. We then conducted a qualita-
tive review of the model segmentations and
identified two types of errors compared to
the reference standard. The qualitative review
included scrolling through testing images with
the DL segmentation masks (Fig. 4) to iden-
tify errors contributing to the low PPV. The
first involved dot-like segmentations of very
tew pixels in random areas. The second type
of error involved misinterpretation of irregular
structures, such as IRMA. To address this, we
adjusted the DL system at the image level to a
sensitivity threshold of 0.9 causing the model
to ignore lesions smaller than 10,576 pixels,
which represented approximately 0.02% of the
total area of a six-field retinal image.

Statistics

The DL model’s performance metrics and 95%
confidence intervals (95% CI) for sensitivity,
specificity, PPV, and NPV were calculated using
STATA17 (StataCorp, College Station, Texas,
USA).

Approvals

We obtained approval for the study from the
Danish Data Agency (journal number 22/9016)
and the Regional Council of the Region of
Southern Denmark (journal number 23/10823).
The study adhered to the tenets of the Declara-
tion of Helsinki. The register-based data used in
this study were non-identifiable.

RESULTS

The study included 638 images with active PDR
and 301 images with inactive PDR from 199
individuals. After the initial manual classifica-
tion of active versus inactive PDR, the second
classification process resulted in 27 images origi-
nally classified as inactive PDR and 14 images
originally classified as active PDR being reclas-
sified (Fig. 2). The prevalence of active PDR was
19.5% in the full dataset of 3262 images.

The training dataset consisted of 440 active
PDR images with 1381 active PDR lesions from
105 patients, the validation dataset of 63 active
PDR images with 123 active PDR lesions from 29
patients, and the testing dataset consisted of 135
active PDR images with 374 active PDR lesions
and 301 inactive PDR images from 65 patients.
The exact percentage distribution of images and
lesions is provided in Table 1.

The confusion matrix in Fig. 3 shows that the
DL model correctly identified 121 true positives
and 211 true negatives from the total of 436
images in the testing dataset. It incorrectly clas-
sified 91 inactive PDR images as false positives
and 13 active PDR images as false negatives.

The DL model’s diagnostic performance
at the image level for detection of active PDR
reached a sensitivity of 90% (95% CI 85-95%),
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Deep Learning Predictions
0 1
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False positive

Reference Standard

13
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Fig.3 Confusion matrix showing true positive, false posi-
tive, false negative, and true negative predictions by the
deep learning model compared to the reference standard.
The values represent absolute counts

a specificity of 70% (95% CI 65-75%), a PPV
of 57% (95% CI 50-64%), and an NPV of 94%
(95% CI 91-97%) (Table 2). The DL model’s out-
put masks from a six-field image and a smaller
region of the same image are illustrated in Fig. 4.
The zoomed region demonstrates that while the

Table 2 Diagnostic performance of the deep learning
model for detecting active PDR at the image level

% (95% CI)
Sensitivity 90 (85-95)
Specificity 70 (65-75)
Positive predictive value 57 (50-64)
Negative predictive value 94 (91-97)

The definition of active PDR is the presence of one or
more preretinal hemorrhages and/or new vessels. The table
shows diagnostic accuracy at the 0.9 lesion threshold of
10,576 pixel (0.02% of the total image area). The reference
is the established ground truth by the three certified grad-

€rs

PDR proliferative diabetic retinopathy, 95% CI 95% confi-
dence interval

Original

Model output

Overview

Fig.4 An output image showing the annotations of new
vessels by our deep learning segmentation model. The blue
annotations are new vessels and all other annotations are in
pink color

model segments with reasonable precision, it
also exhibits a tendency for dot-like segmenta-
tions, as described in Sect. “Algorithm Develop-
ment”. However, from the example in Fig. 4, the
dot segmentation occurs within an NV, making
it a true positive at the lesion level.

DISCUSSION

We developed a DL segmentation model with
the ability to mark sight-threatening DR lesions
and identify active PDR with a sensitivity of
90% and a negative predictive value of 94%.
This feature not only enhances transparency
but also improves the decision-making process
for clinicians. We are encouraged by the sensi-
tivity, which reached 90%, a critical threshold
that ensures patient safety by reliably identify-
ing those in need of further ophthalmological
evaluation.

Early studies that investigated the DL clas-
sification of referable DR reported sensitivities
of 87.2-97.5% and specificities of 85.3-93.4%
[11-13, 15-17, 27]. However, given the inclusion
of a very limited number of 16-70 images with
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PDR [11, 27], these have not been developed to
detect PDR nor distinguish between active and
inactive disease. The studies utilized a variety
of grading scales including the ICDR, the NHS
guideline scale [28], and the Early Treatment
Diabetic Retinopathy Study (ETDRS) scale [29].
They all applied the same threshold for referable
DR corresponding to moderate non-proliferative
DR (ICDR level 2). They also investigated the
classification of vision-threatening DR with DL
defined as severe non-proliferative DR (ICDR
level 3) or above, achieving sensitivities from
95.2% to 100% and specificities from 89.5% to
97.4% [11, 12, 15, 16, 27]. In contrast, our study
employs a more stringent threshold for both ref-
erable and vision-threatening DR by identifying
those in need of immediate treatment.

Other DL systems have been developed to
detect NVs [30-32], with two of them also incor-
porating segmentation models for NVs [31, 32].
The majority of the models are trained on rela-
tively small datasets because of a general lack of
retinal images with NVs. Small datasets increase
the risk of overfitting and restrict a model’s abil-
ity to generalize, as it may not be exposed to dif-
ferent morphologic variations of NVs and PRHs,
which potentially impacts the performance in
some clinical scenarios [33]. A study by Tang
et al. [31] used 20 one-field retinal images and
divided them into 20 patches per image. They
reported an average sensitivity of 87.7% and a
specificity of 99.7% for NV segmentation, while
the sensitivity for classifying active PDR was
94.6% and the specificity 97.7%. In another
study conducted by Setiawan et al. [30], features
from pre-trained neural networks were extracted
and used for classification of NVs in the optic
disc area resulting in an accuracy of 90-100%
from three different models. They used publicly
available retinal images and developed their DL
system restricted to 100 patches of the optic disc
region with and without NVs. The study most
comparable to ours was published by Alam et al.
[32], which also pre-processed retinal images
using a segmentation model before training a
DL model for the classification of active PDR
and the segmentation of NVs, but not PRHs.
They included 1163 macula-centered 30° reti-
nal images, of which 52% were non-PDR images.
Of the remaining images, 418 were classified as

active PDR and the last 141 images as inactive
PDR. Their DL model achieved an accuracy of
87.7% in detecting active PDR in macula-cen-
tered images. These DL systems demonstrated
high sensitivities and specificities for detecting
vision-threatening DR. However, most of the
studies rely on less stringent thresholds or were
tailored to image modalities that do not align
with the Danish clinical setting.

It was essential for us to develop a DL sys-
tem tailored to the specific requirements of the
national DR screening program of Denmark and,
in general, a DL system with a clinical conse-
quence when a patient is identified as screening
positive (active PDR). This included aligning to
the recommended threshold for referral to the
hospital, with ethnic and systemic characteris-
tics of the Danish population as well as the six-
field retinal image modality.

It is widely believed that artificial intelligence
can optimize resource allocations and reduce
costs in healthcare. To fulfill this potential, DL
models must first accurately identify patients in
need of treatment. Secondly, to reduce health-
care costs, a model must also be trusted to iden-
tify healthy individuals. DL systems are shown
to achieve sensitivity comparable to human
expert graders for vision-threatening DR, but
humans still excel in specificity [11]. Our DL
model demonstrated sensitivity comparable
to the 82.7-88.5% achieved by human expert
graders for detecting vision-threatening DR, but
exhibited a specificity of 70% largely due to false
positive segmentations of NVs, which was low
compared to human specificity for vision-threat-
ening PDR of the 90.3-99.6% reported in two
studies [11, 17]. It became evident that many of
these false positives were caused by random and
small dot-like segmentations of NVs. By remov-
ing small NV segmentations under 10,576 pix-
els from the analysis, we were able to achieve a
specificity of 70%. Despite this improvement,
our model still produces a fair number of false
positives, primarily due to misinterpreting IRMA
as NVs. The irregular shapes of both lesions pose
a challenge for differentiation by the DL model,
a task that can also be difficult for human retinal
experts. Fluorescein angiography is sometimes
required to confirm the diagnosis of NVs, which
highlights the inherent difficulty of this task.
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Improving specificity would require more image
data, which is generally sparse for active PDR,
and training of the model on inactive images
might further enhance its positive predictive
value.

A particular strength of our DL model lies in
its integrated capability to provide visual seg-
mentations of NVs and PRHs, which distin-
guishes it from many other models in the field
of detecting vision-threatening DR [11-13, 16].
Unlike typical DL models that function as black
boxes, our model not only classifies retinal
images for vision-threatening DR but also leaves
an argument for the clinician, and this feature
could have an effect on the overall acceptance
of artificial intelligence in clinical use. However,
this segmentation, guided by initial human
annotations, may constrain the model’s poten-
tial to that of a human understanding, as it is
trained to focus on predefined features of active
PDR. Thus, while enhancing interpretability, our
approach may inherently limit the ability of the
DL model to discover novel patterns beyond cur-
rent human knowledge such as contours of the
optic disc, changes in retinal vascular diameter,
tortuosity, and more. The present study is lim-
ited by a lack of external validation and also by
the general lack of images representing active
PDR. Although we only train the model on
cases, NVs and PRHs examples remain underrep-
resented, which necessitates the use of upsam-
pling techniques. However, further upsampling
could lead to an increased risk of overfitting, as
the model may become too specialized to the
training set examples. We assume that the back-
ground and other lesion examples in the images
are sufficiently representative for the model to
learn to differentiate effectively. Future research
will need focus on external testing of the devel-
oped DL algorithm to ensure its generalizability.

CONCLUSION

The DL model demonstrated an excellent
sensitivity (90%) and an acceptable specific-
ity (70%) for detecting active PDR, meeting
the stringent requirements of the Danish DR

screening program. The model provides insight
into its decision-making and enhances clinical
decision-making of patients requiring urgent
treatment by providing lesion-level annota-
tions of NVs and PRHs.
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