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EXECUTIVE SUMMARY 

This exploratory study investigated the potential use of AI-based analyses of retinal fundus 
images for vascular risk stratification among patients with diabetes attending a specialist 
endocrinology practice in South Africa. The study forms part of the Retinography Project, an 
initiative aimed at improving the accessibility and efficiency of diabetic retinopathy 
screening using portable retinal imaging devices and automated AI-supported image 
analysis. 

A total of 200 adult diabetic patients consented to participate. Retinal fundus images were 
analysed using automated deep learning pipelines to extract quantitative vascular features, 
including vessel calibre, tortuosity, vessel density, and fractal dimension. These retinal 
parameters were then examined in relation to systemic biomarkers and clinically 
documented diabetic complications, including chronic kidney disease, cardiovascular 
disease, and peripheral neuropathy. 

The findings provide preliminary evidence that retinal vascular morphology is associated 
with several important systemic indicators of diabetic disease severity and vascular 
dysfunction. Reduced kidney function, reflected by lower estimated glomerular filtration 
rate (eGFR) and higher serum creatinine levels, was associated with increased venular 
calibre and tortuosity. Poor glycaemic control, measured through HbA1c, was associated 
with reduced fractal dimension and vessel density, suggesting loss of vascular complexity 
and microvascular rarefaction. Measures of venular tortuosity were also associated with 
adverse lipid profiles. 

The study further developed a proof-of-concept deep learning model for the identification of 
chronic kidney disease directly from retinal fundus images. Although model performance 
was modest (mean AUC = 0.73), the results demonstrate the feasibility of using retinal 
imaging as a low-cost, non-invasive adjunct tool for systemic vascular risk stratification in 
diabetic populations. Attention analyses using Grad-CAM suggested that the model relied 
on biologically plausible retinal regions and vascular structures during prediction. 

The study was exploratory in nature and should primarily be interpreted as a proof-of-
concept investigation conducted in a real-world clinical environment. The sample size was 
relatively small, and the analyses involved multiple comparisons without formal correction 
procedures. Consequently, the reported associations should not be interpreted as definitive 
evidence of causality or clinical utility. Instead, they provide important signals and 
hypotheses for future studies. 
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Despite these limitations, the findings align with the growing field of oculomics, which 
conceptualises the retina as a readily accessible biomarker of systemic vascular health. The 
results support the feasibility of integrating AI-assisted retinal imaging into broader diabetic 
care pathways, particularly in resource-constrained settings where traditional laboratory-
based risk stratification may be difficult to implement at scale. 
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INTRODUCTION 

Diabetes and vascular disorders 

Both microvascular and macrovascular disorders –which are different manifestations of the 
same underlying pathological atherosclerotic mechanism– are common complications of 
diabetes and primary causes of morbidity and mortality in diabetic patients.1–3 The frequency 
of complications4 and the globally rising number of diabetic people result in an already 
enormous and rapidly growing societal cost.5 A variety of studies in different geographical 
contexts have provided ample evidence that both type 1 and type 2 diabetes cause 
substantial direct and indirect financial burden on the economy of countries, with a global 
economic burden estimated at 1.31 trillion USD, or 1.8% of the world gross domestic 
product in 2015.6 At the individual level, the onset of complications reduces the quality of 
life, particularly when microvascular and macrovascular disorders coexist5,7–9  

Microvascular alterations associated with diabetes result in damage at the level of the retina 
(Diabetic retinopathy), kidneys (Diabetic nephropathy) and the peripheral nervous system 
(Diabetic neuropathy). Organ damage can be extensive and cause severe disability and 
death. Diabetic retinopathy is a leading cause of vision loss globally, and, in many countries, 
it is the most frequent cause of acquired vision loss in middle-aged people.10–13 A 2012 
systematic review and meta-analysis of population-based studies on prevalence and risk 
factors for DR estimated that 34.6% of diabetic patients have some degree of DR, and more 
than 10% are afflicted by vision-threatening forms of the disease (vision-threatening diabetic 
retinopathy [VTDR], defined as severe non-proliferative DR, proliferative PD [PDR] or the 
presence of diabetic macular oedema [DME]).14 Diabetic nephropathy is the most common 
reason for renal replacement therapy worldwide.5 It affects approximately 40% of type 1 and 
type 2 diabetic patients.15  Diabetic neuropathy is associated with a host of severe 
outcomes, such as foot amputations (as the most frequent non-traumatic cause of lower 
limb amputation),  chronic pain, muscle weaknesses and atrophy.16  

Macrovascular disorders of relevance for diabetic patients include ischaemic heart disease, 
peripheral arterial disease and stroke (cardiovascular diseases, CVDs) which, globally, 
affect almost a third of patients with type 2 diabetes,7 and are the primary cause of death in 
people with either type 1 or type 2 diabetes.17,18 In the last four decades, since the first 
suggestions arising from the Framingham study,19 investigations conducted in diverse 
populations and contexts have repeatedly confirmed the heightened risk of CVDs among 
diabetic patients.17,20,18 Results from a large meta-analysis of 102 prospective studies from 
the Emerging Risk Factors Collaboration, including data on more than 650 000 individuals 
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indicate that, overall, diabetes is associated with about a two-fold excess risk for a wide 
range of cardiovascular diseases, independently from other risk factors.21  

The time of onset of vascular complications in patients with diabetes has been shown to be 
a function of age, population group and genetic background, type of treatment and level of 
glycaemic control, with microvascular complications generally showing an early onset 
compared to macrovascular complications.22 Coherently with their hypothesised common 
pathogenesis (endothelial dysfunction and atherosclerosis), studies have shown significant 
associations between the different categories of vascular disease, with large commonalities 
in terms of coexistence, development and response to intervention against metabolic 
abnormalities.2,23 

Fundus examination in diabetic patients 

Periodic, systematic examination of the interior surface of the eye opposite the lens (fundus, 
which includes the retina, optic disc, macula, fovea, and posterior pole) for detection of 
microvascular alterations has long since recognised and standardised procedures have 
been included in major national and international clinical management guidelines for 
diabetic patients.24–27 The recommendations are supported by robust evidence that fundus 
examination can detect early signs of diabetic retinopathy and that various treatments exist 
(laser treatment, intravitreal injections, and eye surgery among others) which are effective in 
preventing progression to severe vision-threatening forms of the disease (vision-threatening 
diabetic retinopathy, severe non-proliferative retinopathy, proliferative retinopathy and the 
presence of macular oedema).28,29,12  

Various techniques are used to screen for diabetic retinopathy, with different levels of 
sensitivity and specificity, requirements in terms of training of health professionals and cost. 
The most common techniques include direct and indirect ophthalmoscopy, slit-lamp 
biomicroscopy, mydriatic and nonmydriatic retinal photography, and optical coherence 
tomography.30 

In recent years, advances in wide-field non-mydriatic camera technology and artificial 
intelligence (AI) diagnostic algorithms have opened new possibilities for implementing low-
cost screening programs for the early detection of diabetic retinopathy. The interpretation of 
retinal images obtained with portable cameras which do not require pharmacologic dilation 
of the pupil and can be operated by non-specialists through AI deep learning algorithms has 
achieved excellent diagnostic performance in detecting early stages of diabetic retinopathy, 
with diagnostic accuracy comparable to the grading by retinal specialists.31 Commercial AI 
screening systems have recently obtained regulatory approval in many countries. In South 
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Africa, two screening systems are commercially available and accepted for reimbursement 
under the chronic illness benefit for diabetes by the leading private health insurer.32 AI 
systems offer substantial benefits for health care by (1) reducing the reliance on manual 
specialist work, (2) ensuring homogeneous and adequate performance (in terms of 
sensitivity and specificity in identifying early stages of diabetic retinopathy) which compare 
favourably with manual screening performed by non-specialists, (3) reducing the overall 
cost. AI systems can be deployed at the primary/secondary level of care, increasing 
accessibility and reducing reliance on healthcare provider engagement and patient 
compliance with referrals.33–35 

Current available, regulatory-approved, AI systems for the analysis of fundus images for 
clinical and screening use only focus on the detection of high-incidence ocular diseases, 
such as diabetic retinopathy, age-related macular degeneration, glaucoma, and retinopathy 
of prematurity.34,36,37 However, the research on the automatic analysis of fundus images for 
disease detection (often grouped under the umbrella term of oculomics) has recently 
broadened its scope to encompass applications to more general vascular risk stratification, 
including cardiovascular risk stratification. This new area of study founds its rationale in the 
cited strict etiologic and epidemiological relationships between different categories of 
vascular alterations and the repeated finding that microvascular alterations in the retina are 
strongly predictive of future cardiovascular events, including coronary heart disease and 
stroke, the development of neurogenerative conditions, and associated with all-cause 
mortality.38–43 Analytical techniques or the automatic extraction of retinal vascular 
parameters based on machine learning/deep learning (ML/DL) have shown high accuracy in 
predicting cardiometabolic risk factors and major cardiovascular events in selected 
populations,44–50 and created the basis for the development of rapid, reliable, and cost-
effective cardiovascular risk stratification tools for high risk (such as diabetic) patients, with 
potential further applicability as more general screening tools in primary health care. These 
tools are potentially advantageous alternatives to current risk assessment tools based on a 
combination of blood test results and/or multiple anthropometric measurements such as 
the Framingham51 and the WHO cardiovascular risk scores52, which have shown limitations 
in specific ethnic groups and intermediate risk profile patients53,54.  

Despite these encouraging results from studies in highly controlled environments, 
implementation of AI based risk stratification methods in clinical routine is still in its infancy. 
It is generally acknowledged that, before routine implementation, more research is needed 
(1) to develop algorithms with higher accuracy and predictive abilities, (2) to improve the 
understanding of the predictive mechanisms beyond the ‘black-box approach of most 
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ML/DL tools, (3) to improve the ‘robustness’ of the current algorithm when applied to fundus 
images acquired with different hardware and of varying technical characteristics and quality 
levels, (4) and to evaluate their performance and limitations in real-world 
environments.36,45,50,55 

The retinography project 

At the beginning of 2023, the Diabetic Evaluation Clinic (DEC) in the Somerset Eye practice 
of Dr Eric Falletisch Inc (https://www.somerseteye.co.za/) initiated a project aimed at 
improving the timeliness and cost-effectiveness of screening for retinopathy among diabetic 
patients in their catchment area, by modifying the current situation where the DEC acts as 
the first level of screening for patients referred by their primary care providers or self-
referred. While the service has the resources to thoroughly evaluate the diabetic eye, the 
type of evaluation (an hour-long appointment scheduling, requiring patients to travel to the 
Clinic) makes it not well suited to mass screening, for reasons of cost and ease of access for 
patients in different locations.  

The Retinography project (www.retinography.co.za), aims to implement an integrated 
screening model, where the DEC (1) supports primary healthcare providers of diabetic 
patients (physicians, general practitioners) in establishing easily accessible screening 
facilities for signs of diabetic retinopathy (including providing training to optometrists, 
general practitioners and other health workers for the correct use of fundus cameras) and 
(2) provides specialised diagnostic and therapeutic support for those at risk according to the 
preliminary screening.  

 

 

Figure 1: The Retinography project logo 

For diabetic care facilities with high numbers of patients (such as specialist endocrinology 
practices), fundus cameras are directly deployed to the facility, while in case of relatively low 
diabetic patient load (such as for general practitioners), the facility is associated with a 
nearby optometrist with the availability of adequate hardware. In both cases, standardised 

https://www.somerseteye.co.za/
http://www.retinography.co.za/
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retinal photos taken with the cameras within the practice (or nearby optometrist) are 
screened in real-time by an AI system and only patients failing the screening are referred to 
the DEC, which is more appropriately functioning at the secondary level, with only those who 
fail both primary and secondary screening being referred onto ophthalmology (tertiary level) 
for treatment. With this approach, screening is more efficiently delegated at the primary eye 
care level with the AI system standardising the quality of the assessment, and a network of 
cameras distributed throughout the territory, together with the lower cost of the screening, 
improving accessibility.  

The first phase of the project started in March 2023 with the deployment of a fundus camera 
(iCare Centervue DRS Plus, https://www.icare-world.com/product/icare-drsplus/) at a 
specialist endocrinologist practice (https://internalmed.co.za/). Since then, the standard 
assessment procedure for all new adult diabetic patients attending medical consultation at 
the practice (and for all old patients who did not have an eye screening in the previous 12 
months) includes an AI-based screening administered by the practice nurse, who has 
undergone training on the use of the fundus camera. The automatic report generated in real-
time by the AI system is used for referral to specialist ophthalmologic evaluation and 
treatment for those failing the screening test.  

The flowchart in Figure 2 illustrates the various phases of the process.  

 

 

Figure 2: Summary representation of the screening process 

https://www.icare-world.com/product/icare-drsplus/
https://internalmed.co.za/
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The retinal photographs taken during the assessment are saved in the electronic individual 
patient folders, together with the assessment report, blood test results and medical history, 
thus offering the possibility of further analyses.  

This study aimed at using the available information to 1) investigate the relationships 
between retinal parameters, presence/absence of comorbidities/complications and 
laboratory biomarkers and 2) develop a proof-of-concept predictive model for systemic 
diabetes complications, quantify its performance and gain insights on its decision 
mechanisms.  

METHODS 

Population and sample 

The target population for this study consists of all adult patients (18 years and over) of the 
endocrinologist practice with a diagnosis of Diabetes Mellitus (ICD-10 diagnostic codes E10-
E11) who underwent AI-based screening for diabetic retinopathy between March 2023 and 
February 2025.  

The sampling took a census approach, and all eligible patients were contacted for 
participation and enrolled in the study if they consented. Formal eligibility and exclusion 
criteria were:  

Eligibility criteria: 

• 18 years and older 
• Diagnosis of diabetes mellitus  
• Underwent AI-based screening during the study period 
• Able and willing to provide informed consent 

Exclusion criteria: 

• Minor 
• Already in the care of an ophthalmologist  
• AI-screening carried out outside the study period 
• Unwilling or unable (for severe mental illness or disability) to provide informed 

consent. 

Eligible patients were contacted by email by the practice nurse. The email contained (1) a 
plain language description of the study, its objectives, potential benefits and risks, (2) 
clarification that participation/non participation in the study had no effect regarding the 
clinical services received in the practice, (3) the contact numbers/email of the PI for further 
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information, and (4) the request of consent for extraction of anonymised demographic and 
clinical data from their electronic folder, including retinal photographs and the AI report.  A 
reply to the email including a signed, scanned copy of the declaration of consent was 
regarded as a valid expression of consent. Alternatively, the patients were able to express 
their consent by filling out an online form. No response was followed by a reminder after 2 
weeks, and further lack of reply was considered a refusal.  

Data extraction 

The practice nurse extracted demographic (age, gender) and clinical characteristics (date of 
diabetes diagnosis, type of diabetes, general medical history and presence of other chronic 
diseases) of the consenting patients from their paper folders and entered the data in an 
electronic spreadsheet. The spreadsheet did not include any direct identifier of the 
participants, who were assigned a unique identification code for the purpose of the study. 

A locally deployed large language model was used to extract information included in PDF 
format in the electronic patient folders, namely the results of the AI screening and the 
laboratory results (blood and urine tests). When multiple series of laboratory results were 
available, the tests carried out on the date closest to the date of the AI report were 
considered. The extracted data were manually checked for inconsistencies and corrected 
when necessary. The extracted results were linked to the demographic and clinical data by 
means of the study identification code.  

The original, high-resolution, retinal images associated with the AI report were extracted and 
linked to the demographic and clinical data by means of the study identification code. Four 
images (2 per eye, centred in the optic disc in the macula as per common practice) were 
available for each patient.  

All extraction and anonymisation procedures were carried out in the practice, and only the 
anonymised datasets (demographic and clinical information, AI screening results, 
laboratory results and retinal images) were uploaded to protected cloud storage and made 
available to the investigators for the analyses. The documents linking anonymised unique 
identifiers with personal information, allowing for the identification of patients (necessary in 
case of findings requiring referral), were kept at the practice, with the exclusive availability 
to the PI and clinical supervisor of the study.  
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Data analysis 

Descriptives 

Sociodemographic and clinical characteristics of participants were described as median 
and interquartile range (IQR) for continuous variables and percentages for categorical 
variables, separately for males and females.  

Relationships between vascular parameters, comorbidities and biomarkers 

Extraction of vascular features 
We used  a validated deep learning pipeline (AutoMorph56) for automated segmentation and 
analysis of retinal vascular morphology on fundus photographs to extract a comprehensive 
panel of quantitative vascular parameters with clinically-relevant interpretation, as 
summarised in Figure 3.  

 

 

Figure 3: Extraction of vascular parameters 

 

Parameters were extracted for the overall vasculature as well as separately for the arterial 
and venous networks. The parameter set included measures of: 

1. Vascular network complexity: fractal dimension (FA); 
2. Vascular network sparseness: vessel density (VD); 
3. Vascular calibre: average vessel width (AVW), central retinal artery equivalent (CRAE) 

and central retinal vein equivalent (CRVE), the latter two calculated with both the 
Hubbard and Knudtson formulae; 

4. vascular tortuosity: distance tortuosity, squared curvature tortuosity, and tortuosity 
density. 
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The cup-to-disc ratio (CDR) was also included, measured in both the vertical and horizontal 
planes.56,57  

Parameters were extracted across two retinal regions of interest (ROIs): Zone B (the 
peripapillary ring, one to two disc diameters from the optic disc margin) and Zone C (the mid-
peripheral zone, two to three disc diameters from the disc margin), in addition to a global 
measurement without zone stratification. (Figure 4)  

 

 

Figure 4: Regions of interest for the calculation of vascular parameters 

 

In total, 62 retinal vessel parameters were included in the analysis (Table 1).  

Table 1: Retinal parameters  

  Zone  Vessel type 
Class Parameter B C All  Arteries Veins All 

Tortuosity 
measures 

Distance tortuosity x x x  x x x 
Tortuosity density x x x  x x x 
Squared curvature tortuosity x x x  x x x 

Complexity 
measures Fractal dimension x x x  x x x 

Sparseness 
measures Vessel density x x x  x x x 

Calibre 
measures 

Average vessel width x x x  x x x 
CRAE Hubbard  x x   x   
CRAE Knudtson  x x   x   
CRVE Hubbard x x    x  
CRVE Knudtson  x x    x  
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The analysis pipeline included a preliminary assessment of image quality, with categorization 
of each image in one of three mutually exclusive quality categories (Good, Usable, Reject) 
based on the estimated probability of belonging to each class.56 Only images rated as 'Good' 
or 'Usable' were retained; images classified as ‘Reject” were excluded.  

Systemic biomarkers 
The following laboratory biomarkers were included as outcome variables: glycated 
haemoglobin (HbA1c), serum creatinine, estimated glomerular filtration rate (eGFR), total 
cholesterol, high-density lipoprotein cholesterol (HDL-C), low-density lipoprotein 
cholesterol (LDL-C), serum triglycerides, urine creatinine, urine albumin, and urine albumin-
to-creatinine ratio (ACR). These were selected to cover key dimensions of metabolic and end-
organ function relevant to diabetes: glycaemic control, renal function, and lipid metabolism. 

Complication variables 
Three groups of systemic complications were considered in the relevant analyses: 
Cardiovascular complications (including Heart Disease, Stroke, Heart Failure, 
Cardiomyopathy, Myocardial Infarction, Ischaemic Heart Disease, Deep Vein Thrombosis, 
Transcatheter Aortic Valve Implantation, Coronary Artery Bypass Grafting, Coronary Artery 
Disease as noted in the practice clinical folders), Kidney Disease and Neuropathies 
(including peripheral neuropathy and neuralgia as reported in the clinical folders).  All 
variables were coded as binary indicators (presence/absence). 

Zone comparison (Zone B vs Zone C) 
For each retinal parameter measured in both Zone B and Zone C, differences between zones 
were assessed using a paired-samples t-test, pairing observations from the same patient. 
The mean value in each zone, the absolute and percentage difference between zones, the t-
statistic, and the corresponding p-value were recorded. Parameters with a significant 
difference (p < 0.05) between zones are reported. 

Relationship between vascular parameters, biomarkers and complications 
A series of linear regression models was fitted, with each of the systemic biomarkers as 
outcomes, one of the vascular parameters as a predictor and age, gender and image 
centering (central vs nasal) as covariates for basic confounding adjustment. Statistically 
significant (P < 0.05) regression coefficients for the main predictors are reported, together 
with scatter plots showing graphically the relationships between the parameters and the 
outcome.  

Similarly, the association between vascular parameters and systemic diabetic 
complications was investigated by fitting a series of logistic regression models with the  
complications as binary outcomes, one of the vascular parameters as a predictor and 
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adjustment as above. Statistically significant odds ratios (OR) were reported for the main 
predictors . 

In all models the vascular parameters were standardized for ease of comparisons, and a 
sandwich estimator was used to adjust the standard errors for the non-independence 
originating from the presence of multiple images for the same patient. In the estimation, data 
points were weighted with the squared values of the image quality coefficients (Automorph-
estimated probability of good quality image).  Given the exploratory nature of the analyses, 
no adjustment was considered for multiple comparisons. 

Predictive model for chronic kidney disease  

As a proof-of-concept predictive model for systemic diabetes complications we developed 
and assessed the performance of a model aimed at identifying patients with high risk of 
chronic kidney disease (CKD). We focus on the identification of early stages of CKD, defined 
as eGFR < 60 ml/min/1.73m2 and/or ACR ≥ 3 mg/mmol (Figure 5).  
 

 
Figure adapted from 58 

 

Figure 5: Chronic Kidney Disease categories and risk of adverse outcomes 
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Modelling approach 
We developed a deep learning–based binary image classification model in Python using the 
PyTorch deep learning framework and employed transfer learning with convolutional neural 
network (CNN) architectures pretrained on the ImageNet dataset.  

Transfer learning was employed using pretrained CNN architectures available in the 
Torchvision library. The primary architecture used was EfficientNet-B0 with the original 
classification layer replaced with a custom binary classification head consisting of:  

1. A dropout layer with dropout probability (p = 0.2) 
2. A fully connected linear layer with a single output neuron 

The final output represented the probability of kidney disease present. 

Dataset preparation 
Retinal fundus images were organized into training (80% of records) and validation (20%) 
datasets with corresponding binary labels representing the presence or absence of kidney 
disease as defined above. All images were converted to RGB format and resized to 224 x 224 
pixels prior to model training. To improve model generalization and reduce overfitting, data 
augmentation techniques were applied to the training dataset. These augmentations 
included: 

• Random horizontal and vertical flipping 
• Random rotation up to 15° 
• Colour jittering (brightness, contrast, saturation, and hue adjustments) 
• Random affine transformations including translation and scaling 

Following augmentation, images were converted to tensors and normalized using ImageNet 
mean and standard deviation values (μ= [0.485, 0.456, 0.406], σ = [0.229, 0.224, 0.225]).  

Validation images underwent only resizing and normalization without augmentation. 

Training strategy 
We use a two-phase fine-tuning strategy: 

1. Phase 1 – Classifier Head Training 

The pretrained backbone was frozen, and only the classifier head was trained for 5 epochs 
using a learning rate of 10-3. 

2. Phase 2 – Full Model Fine-Tuning: 

All network layers were unfrozen, and the entire model was fine-tuned for up to 45 additional 
epochs using a lower learning rate of 10-5. 
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A ReduceLROnPlateau learning-rate scheduler was used to reduce the learning rate when 
validation performance plateaued. 

Predictions were converted to binary outputs (presence/absence of outcome) using a 
classification threshold of 0.5. The best-performing model was selected based on validation 
AUC. 

Early stopping was implemented with a patience value of 10 epochs to prevent overfitting. 
Model checkpoints corresponding to the highest validation AUC were saved during training. 

Model evaluation 
Model performance was evaluated on the validation dataset using the following metrics:  

• Accuracy 
• Precision 
• Recall (Sensitivity) 
• F1-score 
• Area Under the Receiver Operating Characteristic Curve (AUC-ROC) 

In order to quantify the uncertainty in the performance metrics, we repeated the entire 
process (training + evaluation) 50 times with random split between training and evaluation 
datasets, and summarised graphically and analytically the distribution of the various 
metrics. 

Attention analyses  
To improve the interpretability of the deep learning model and gain insights on the underlying 
mechanisms, Gradient-weighted Class Activation Mapping (Grad-CAM) was implemented to 
visualize image regions contributing most strongly to model predictions.  

The Grad-CAM framework generated heatmaps highlighting retinal areas that influenced the 
classification of kidney disease from the images. For each input image, the trained 
convolutional neural network generated prediction probabilities and corresponding Grad-
CAM activation maps. The Grad-CAM heatmaps represented the spatial distribution of 
model attention by highlighting regions with the highest contribution to the final prediction. 
The generated heatmaps were normalized to values between 0 and 1 and superimposed onto 
the original retinal fundus images to provide an interpretable overlay of the model’s attention 
patterns. 

To quantitatively analyse model attention, the retinal image was partitioned into five 
anatomical attention regions:  

• Central region 
• Quadrant 1 (top-right) 



AI-BASED ANALYSES OF FUNDUS IMAGES, REPORT 2 (JUNE 2026): VASCULAR RISK STRATIFICATION           16 

 

• Quadrant 2 (top-left) 
• Quadrant 3 (bottom-left) 
• Quadrant 4 (bottom-right) 

The central region was defined using a circular mask centered on the image, while the 
remaining image area was divided into four quadrants using horizontal and vertical axes 
through the image centre. For each region, the proportion of Grad-CAM activation intensity 
was computed to quantify the distribution of model attention. The region receiving the 
highest activation score was identified as the primary focus region. 

Anomaly detection 
An experimental pipeline for the identification of vascular abnormalities was also 
implemented. The detector was designed to identify three categories of lesion: exudates, 
haemorrhages, and microaneurysms. Arteriole-venule (AV) nicking was included in the 
framework but was not activated in the current analysis due to algorithmic complexity. All 
processing steps were applied to the green channel of the RGB fundus image, which provides 
the highest contrast for retinal structures, except where colour information from additional 
channels was specifically required (haemorrhage detection). 

Prior to lesion detection, each image underwent a standardised preprocessing pipeline. 
First, a binary mask delineating the valid fundus region was created to exclude the dark 
background periphery. The green channel was thresholded at an intensity of 10 to generate 
an initial foreground mask; morphological closing with an elliptical kernel (21 × 21 pixels) was 
then applied to fill internal holes. Only the largest connected component was retained, and 
the mask was eroded slightly (15 × 15 pixels) to eliminate edge artefacts. All subsequent 
processing was restricted to pixels within this fundus mask. 

The green channel within the fundus region was then enhanced using Contrast Limited 
Adaptive Histogram Equalisation (CLAHE) with a clip limit of 1.5 and a tile grid size of 8 × 8. 
Background illumination variation was reduced by Gaussian unsharp masking: a Gaussian-
blurred version of the enhanced image (σ = 15 pixels) was subtracted from the original with 
equal and opposite weights (factor 2.5 for both), yielding a locally normalised image centred 
on 128. 

To minimise false positives arising from normal anatomical structures, the optic disc and 
retinal vessel network were identified and excluded from all lesion detection steps. The optic 
disc was detected by thresholding the green channel at an intensity of 180 to isolate bright 
regions, applying the fundus mask, and identifying connected components. The largest 
bright component was accepted as the optic disc if its area fell between 0.5% and 5% of the 
total image area (a range selected to correspond to the typical size of the optic disc across 
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fundus image resolutions). The resulting binary mask was dilated with an elliptical kernel 
scaled to 8% of the image width to create a conservative exclusion margin around the disc. 

Retinal vessels were segmented using a multi-scale morphological black-hat transform 
applied to the CLAHE-enhanced green channel. Horizontal and vertical oriented rectangular 
structuring elements were applied at four scales (kernel lengths 5, 7, 9, and 11 pixels), and 
the resulting responses were summed to capture vessels of varying calibre. The combined 
vessel response image was normalised and thresholded at 15; small connected components 
smaller than 200 pixels were removed, and the remaining binary vessel map was dilated with 
a 5 × 5 elliptical kernel to ensure full coverage. The optic disc and vessel masks were 
combined into a single exclusion mask applied uniformly across all subsequent lesion 
detectors. 

Exudates, which appear as bright lipid deposits in the retina, were detected using a 
morphological top-hat transform applied to the green channel with a 7 × 7 elliptical 
structuring element, which highlights bright structures smaller than the kernel relative to 
their local background. The resulting top-hat image was thresholded at an intensity of 40. The 
fundus and exclusion masks were applied to remove detections within the optic disc or along 
vessel borders, and objects smaller than 50 pixels were discarded. Each candidate region 
was characterised by three properties: (1) mean green-channel intensity, (2) circularity 
(computed as 4π × area / perimeter² from the region contour), and (3) area. A composite 
confidence score was computed as a weighted sum: 0.5 × normalised intensity score + 0.3 × 
circularity + 0.2 × normalised area score. Regions with a confidence score below the 
minimum threshold (set to 0.4) were excluded. Retained exudates were further classified as 
hard exudates (circularity > 0.65) or soft exudates (circularity ≤ 0.65). The maximum 
candidate area was capped at 5,000 pixels to exclude large artefacts. 

Haemorrhages, which appear as dark, reddish lesions, were detected using a combined 
criterion incorporating both the morphological appearance and spectral colour properties of 
candidate regions. A black-hat transform with a 9 × 9 elliptical structuring element was 
applied to the green channel to enhance dark, localised regions. Red channel dominance 
was quantified for each pixel as the ratio of the red channel intensity to the green channel 
intensity (clipped to a maximum of 3.0). The black-hat response and red dominance map 
were multiplied to produce a combined response image that was thresholded at 20. After 
applying the fundus and exclusion masks, objects smaller than 80 pixels were removed. Each 
candidate haemorrhage was characterised by: (1) mean red-to-green channel ratio (red 
dominance score), (2) darkness score (1 minus the normalised mean green intensity), and 
(3) area. A confidence score was computed as 0.4 × red dominance score + 0.3 × darkness 
score + 0.3 × normalised area score. Candidates with confidence below 0.4 were excluded. 
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Accepted regions were classified as flame haemorrhages (aspect ratio > 2.5) or dot 
haemorrhages (aspect ratio ≤ 2.5). The maximum candidate area was capped at 5,000 pixels. 

Microaneurysms appear as tiny, dark, circular spots. Detection was performed using a black-
hat transform with a small (3 × 3) elliptical structuring element to enhance punctate dark 
spots, followed by thresholding at 15. After applying exclusion masks, connected 
component analysis was performed. Only components with an area between 8 and 150 
pixels were considered, consistent with the expected size range of microaneurysms. 
Candidate regions were required to meet a strict circularity criterion: the circularity score (4π 
× area / perimeter²) was computed from the region contour and used directly as the 
confidence score. Only candidates with circularity ≥ 0.7 and confidence ≥ 0.4 were retained. 
This strict shape requirement was intended to reduce false positives from elongated vessel 
fragments. 

Figure 6 depicts a graphical summary of the modelling strategy. 

 

 
 

Figure 6: Predictive model for chronic kidney disease: strategy 

Computation 

All analyses were performed in Python (version 3.10) using the following libraries: pandas and 
NumPy for data management and array operations; SciPy for statistical tests (Spearman 
correlation, Mann-Whitney U, paired t-test, chi-squared distribution) and image processing 
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utilities; scikit-learn for linear and logistic regression, random forest modelling, and cross-
validation; OpenCV for image input/output, morphological transforms, thresholding; 
matplotlib and seaborn for visualization. 

Computations were run on a Linux machine with the following specifications:  

• OS: Ubuntu 24.04.3 LTS x86_64 (Kernel: 6.8.0-124-generic) 
• Motherboard: Z790M AORUS ELITE 
• CPU: Intel i7-14700K (28) @ 5.500GHz (20 cores) 
• Memory: 96 Gb 
• GPU: NVIDIA GeForce RTX 5070 Ti, 16 Gb (Cuda version 13.0) 

Ethics 

This study received ethics approval from the South African Medical Research Council 
Human Research Ethics Committee (Protocol ID: EC019-9/2024). All participants provided 
informed consent to provide information to the study.  

RESULTS 

Sample characteristics 

Of the 320 adult diabetic patients who were screened for diabetic retinopathy in the first 2 
years of implementation of the screening program, 200 (63%, 107 males and 93 females) 
responded to the invitation and provided informed consent to participate in the study. Their 
demographic and main clinical characteristics are summarised in Table 2.  

 

Table 2: Sample characteristics  

 
Characteristics N Females  

(N = 90)1 
Males  

(N = 110)1 
Demographics 

    Age [Years] 200 52 (36, 60) 57 (45, 65) 
    Age category 200   
    <25  6 (6.7%) 5 (4.5%) 
    25-34  14 (16%) 8 (7.3%) 
    35-44  17 (19%) 12 (11%) 
    45-54  16 (18%) 18 (16%) 
    55-64  23 (26%) 35 (32%) 
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Table 2: Sample characteristics  

 
Characteristics N Females  

(N = 90)1 
Males  

(N = 110)1 
    65-74  9 (10%) 22 (20%) 
    75+  5 (5.6%) 10 (9.1%) 

Diabetes 
    Type 200   
    Type 2  51 (57%) 84 (76%) 
    Type 1  36 (40%) 25 (23%) 
    LADA  3 (3.3%) 1 (0.9%) 
    Duration [Years] 196   
    <5  5 (5.7%) 13 (12%) 
    [5,10)  34 (39%) 23 (21%) 
    [10-15)  17 (19%) 22 (20%) 
    [15-20)  21 (24%) 26 (24%) 
    20+  11 (13%) 24 (22%) 

Comorbidities 
    Hypertension 200 59 (66%) 94 (85%) 
    Peripheral neuropathy 200 14 (16%) 39 (35%) 
    Kidney disease 200 7 (7.8%) 24 (22%) 
    Heart disease 200 1 (1.1%) 21 (19%) 
    Stroke 200 1 (1.1%) 8 (7.3%) 
    MAFLD 200 4 (4.4%) 0 (0%) 
Treatment    
    Insulin 200 69 (77%) 65 (59%) 
    Oral antidiabetic 200 50 (56%) 85 (77%) 
    GLP-1 200 12 (13%) 19 (17%) 
    Statins 200 49 (54%) 85 (77%) 
    Antihypertensives 200 47 (52%) 75 (68%) 

Anthropometry & biomarkers 
    Body Mass Index [Kg/m2] 200 29.8 (25.0, 36.0) 29.1 (27.0, 32.0) 
    BMI Category 200   
    Normal weight  20 (22%) 15 (14%) 
    Overweight  25 (28%) 46 (42%) 
    Obese I  20 (22%) 30 (27%) 
    Obese II  12 (13%) 13 (12%) 
    Obese III  13 (14%) 6 (5.5%) 
    Systolic Blood Pressure [mmHg] 200 134 (128, 145) 138 (130, 146) 
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Participants were predominantly males (55%). Age ranged from 19 to 88 years (median 55 
years, interquartile range 42 to 63 years). The majority of participants  were diagnosed with 
type II diabetes (67%), which was especially frequent among men. Type I diabetes affected 
30% of participants, and only 4 had a diagnosis of Latent Autoimmune Diabetes in Adults 
(LADA).  

All participants had some form of comorbidity with other chronic diseases. Hypertension 
was the most common condition in both sexes.  Other cardiovascular conditions (heart 
disease and stroke) were significantly more frequent among men.  Peripheral neuropathy 
and kidney disease were the most reported complications. The large majority of patients 
were either overweight or obese according to the WHO cutoffs for Body Mass Index,59 with 
only 22% of women and 14% of men in the normal weight range. Glycaemic control 
according to the cutoff commonly used in South Africa (HbA1c < 7%) was achieved by 39% 
of women and 44% of men. Only a minority of participants (8% of women and 21% of men) 
were current or past smokers. 

Image quality  

Of the 360 images in the female sample, 298 were classified as ‘Good’, 15 as ‘Usable’ and 
47 excluded because of low quality. Of the 440 images in the male sample, 348 were 
classified as ‘Good’, 20 as ‘Usable’ and 72 of inadequate quality (Figure 7). In 4 cases (3 

Table 2: Sample characteristics  

 
Characteristics N Females  

(N = 90)1 
Males  

(N = 110)1 
    Diastolic Blood Pressure [mmHg] 200 85 (81, 92) 89 (83, 93) 
    HbA1c [%] 200 7.2 (6.5, 8.5) 7.1 (6.3, 7.9) 
    HbA1c < 7% 200 35 (39%) 48 (44%) 

Other 
    Smoking 199   
    Current  4 (4.5%) 13 (12%) 
    Former  3 (3.4%) 8 (7.3%) 
    Never  82 (92%) 89 (81%) 

1Median (first quartile, third quartile); n (%) 

LADA = Latent Autoimmune Diabetes in Adults; MAFLD = Metabolic dysfunction-associated fatty 
liver disease; GLP-I = Glucagon-Like Peptide-1;  HbA1c  = Glycated haemoglobin; BMI = Body Mass 
Index. 
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males and 1 female) all 4 images of a patient were deemed of insufficient quality, leading to 
the exclusion of the patient form the analyses. The total sample consisted, therefore of 89 
females (with 313 images) and 107 males (368 images).  
 

 

Figure 7: Image quality distribution, by gender 
 

The quality of the images was affected by age, with a relatively stable probability of good 
quality until the age of 50, and a rapid decrease afterwards, more pronounced among women 
(-12%/decade) than men (-4.5%/decade). (Figure 8) 

 

Figure 8: Probability of good image quality according to age, by gender.  
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Vascular features and clinical characteristics  

On average, the between-zones differences in the vascular parameters were small in 
magnitude and in most cases not statistically significant (Figure 9).   
 

 

Figure 9: Average values of retinal parameters in Zone B vs Zone C. Significant differences. 
 

The statistically significant relationships between vascular parameters and biomarkers are 
shown in Figure 10 and Table 3. 

Biomarkers of reduced kidney function (low values of EGFR and high values of blood 
creatinine) are associated with high tortuosity and large calibres in the venular network (large 
average width and CVRE). Indicators of impaired lipid metabolism (high values of total and 
HDL cholesterol, low values of LDL cholesterol) are associated with high venular tortuosity 
and low artery calibre. Impaired glycaemic control (high values of HbA1c) is associated with 
reduced fractal dimension of both the venular and arterial network and sparseness of the 
arterial network.  

Reduced kidney function, impaired lipid metabolism and impaired glycaemic control are, in 
turn, major risk factors for the development of kidney disease, cardiovascular disease and 
peripheral neuropathy (among other conditions), as summarised in Figure 11.   
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Kidney function 
 

 
 

Lipid metabolism 
 

 
 

Glycaemic control 
 

 
 

Only plots corresponding to statistically significant (p < 0.05) relationships are shown.  

Figure 10: Relationships between retinal parameters and biomarkers.  
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Table 3: Relationships between vascular parameters and biomarkers 

Vascular parameter Biomarker 
Regression 
coefficient p-value 

Artery Average width zone b HDL 0.30 0.04 
Artery Fractal dimension HbA1c -0.35 0.00 
Artery Vessel density HbA1c -0.28 0.01 
CRVE Hubbard zone b eGFR -5.69 0.05 
CRVE Knudtson zone b eGFR -5.75 0.04 
Vein Average width zone b eGFR -6.57 0.00 
Vein Average width zone b Blood Creatinine 5.71 0.01 
Vein Average width zone c eGFR -6.03 0.02 
Vein Average width zone c Blood Creatinine 5.66 0.02 
Vein Fractal dimension HbA1c -0.26 0.01 
Vein Squared curvature tortuosity NonHDL 0.12 0.03 
Vein Squared curvature tortuosity LDL 0.12 0.01 
Vein Squared curvature tortuosity Total Cholesterol 0.11 0.05 
Vein Tortuosity density eGFR -1.32 0.04 
Only statistically significant (p < 0.05) coefficients shown. Adjustment for age, gender and 
centering of retinal images.  
 
 

 

Figure 11: Summary of relationships between retinal parameters and biomarkers.  
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Finally, Table 4 summarises the relationships between retinal parameters and major 
clinically diagnosed classes of diabetic complications considered as binary variables 
(present vs absent). 

 

Table 4: Relationship between vascular parameters and diabetic complications 

 

As expected form the results of previous studies, and in agreement with the hypothesized 
mediating role of the biomarker in Figure 11, low tortuosity of both the venular and arterial 
network (artery squared curvature tortuosity zone c, vein tortuosity density zone c) and large 
calibres in the arterial network (artery average width) showed a protective effect on 
cardiovascular diseases, and wider veins (vein average width zone b and c) width were 
associated with increases odds of peripheral neuropathy.  

The apparent protective effect on cardiovascular and kidney disease of increased tortuosity 
when measured on the whole vessel network with distinction between veins and artery 
(artery tortuosity density) is, however, contradictory, with a possible explanation being the 
fact that calculation over the whole image (rather than on specific zone) might have been 
affected by differences if the retinal areas included in the various images.  

The overall protective effect of large venular calibres on kidney disease, finally, is not 
necessarily in contradiction with the harmful effects of large veins on both eGFR and blood 
creatinine, as the relationship between venular calibre and kidney disease is quite complex.  
Wider retinal venules are frequently associated with systematic inflammation, endothelial 
dysfunction, and a higher risk of incident kidney disease, and, in diabetic populations, 
widening of the retinal veins often precedes the clinical onset of diabetic nephropathy and 
strongly predicts subsequent proteinuria.60,61 However, some clinical cohorts demonstrate 
significant narrowing of venules in patients with advanced chronic kidney disease, as result 
of structural remodelling and decreased blood flow as renal function deteriorates.62  An 

  Odds Ratio 

Vascular parameter Complication OR lb ub 

Artery Squared curvature tortuosity zone c Cardiovascular 2.92 1.59 5.39 

Vein Tortuosity density zone c Cardiovascular 8.65 1.82 41.11 

Artery Tortuosity density Cardiovascular 0.66 0.48 0.9 

Artery Average width Cardiovascular 0.61 0.38 0.98 

Vein Average width zone c Neuropathy 6.8 1.71 27.02 

Vein Average width zone b Neuropathy 5.99 1.39 25.89 

Vein Average width zone b Kidney  0.2 0.05 0.77 

Artery Tortuosity density Kidney 0.68 0.49 0.95 
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inverse relationship between venular calibre and kidney disease can be the result of 
advanced stages of disease in our sample.  

Proof of concept screening model for chronic kidney disease 

Table 5 and Figure 12 shows the results of the Montecarlo validation of the deep-learning 
screening model for early stages of chronic kidney disease. 

The model, unsurprisingly given the limited size of the training sample, shows modest 
performances, with an area under the ROC curve of 0.73, an accuracy of 62%.  

Table 5: Performance metrics for the screening model 

 
Metric Mean 

Standard 
Deviation 

Coefficient of 
variation (%) Min Max Median 

Accuracy 0.62 0.10 15.70 0.36 0.76 0.63 

Precision 0.32 0.10 31.78 0.06 0.55 0.32 

Recall 0.77 0.16 20.78 0.33 1.00 0.75 

F1 0.43 0.10 23.96 0.11 0.61 0.45 

AUC 0.73 0.07 9.62 0.54 0.85 0.73 
 

 

Figure 12: Performance metrics for the screening model 
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Figure 13 to Figure 17 show some examples of the attention analysis and anomaly detection.  

 

Figure 13: Attention analysis and anomaly detection: Patient 50, Right Eye, central 

 

Figure 14: Attention analysis and anomaly detection: Patient 82, Right Eye, central 
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Figure 15: Attention analysis and anomaly detection: Patient 51, Right Eye, central 

 

Figure 16: Attention analysis and anomaly detection: Patient 51, Right Eye, nasal 
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Figure 17: Attention analysis and anomaly detection: Patient 121, Right Eye, nasal 

 

DISCUSSION AND CONCLUSION 

This exploratory study investigated whether quantitative retinal vascular features extracted 
from fundus photographs could provide clinically relevant information regarding systemic 
vascular risk and diabetic complications. The findings contribute to the rapidly expanding 
field of oculomics, which proposes that the retinal microvasculature represents a visible and 
measurable extension of the systemic vascular system and may therefore offer insight into 
cardiovascular, renal, and metabolic disease processes. 

The study identified several statistically significant relationships between retinal vascular 
morphology and biomarkers of diabetic disease severity. In particular, reduced renal function 
was associated with wider venular calibre and increased venular tortuosity. These findings 
are broadly consistent with previous studies demonstrating associations between retinal 
venular widening, endothelial dysfunction, systemic inflammation, and chronic kidney 
disease progression.60–64 The observed relationships may reflect shared microvascular 
pathological mechanisms affecting both the retinal and renal circulations, including 
oxidative stress, chronic inflammation, and impaired endothelial autoregulation. 
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Poor glycaemic control, reflected by elevated HbA1c levels, was associated with lower 
fractal dimension and reduced vessel density. Reduced fractal dimension has previously 
been interpreted as evidence of microvascular rarefaction and loss of vascular branching 
complexity in diabetic populations. These findings are biologically plausible because chronic 
hyperglycaemia contributes to capillary dropout, vascular remodelling, and impaired 
angiogenic regulation. Similar associations between retinal vascular complexity and 
diabetes severity have been reported in prior oculomics and retinal vascular studies.42,48,65,66 

The observed relationships between retinal vascular parameters and clinically diagnosed 
complications further support the hypothesis that retinal morphology may reflect broader 
systemic vascular dysfunction. Wider venular calibre was associated with peripheral 
neuropathy, while selected measures of tortuosity and arterial calibre were associated with 
cardiovascular disease. These findings align with the broader literature demonstrating links 
between retinal microvascular abnormalities and cardiovascular outcomes, stroke, and all-
cause mortality in patients with diabetes.67–69 

At the same time, several findings require cautious interpretation. Some apparently 
protective associations involving tortuosity and kidney disease were inconsistent with 
established pathophysiological expectations. These discrepancies may reflect the 
complexity of retinal vascular remodelling across different stages of chronic disease, but 
they may also arise from methodological limitations, including variability in image regions 
analysed, residual confounding, or instability related to the relatively small sample size. 
Because this study was exploratory and hypothesis-generating, no correction for multiple 
testing was applied, increasing the possibility that some statistically significant findings may 
represent chance associations. 

A contribution of the study was the development of a proof-of-concept deep learning model 
for chronic kidney disease screening from retinal images. Although predictive performance 
was moderate, the model achieved a mean AUC of 0.73 despite being trained on a relatively 
limited dataset collected in routine clinical practice rather than highly standardised research 
settings. These findings are encouraging because most existing AI models for systemic 
disease prediction have been developed using large curated datasets under tightly 
controlled imaging conditions, which may limit their generalisability to real-world healthcare 
environments. 

The use of Grad-CAM attention analysis represents a further strength of the study because it 
partially addresses concerns regarding the “black-box” nature of deep learning systems. The 
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attention maps suggested that the model focused predominantly on vascular and 
anatomically plausible retinal regions when generating predictions, supporting the biological 
credibility of the learned features. Explainability remains critically important for the future 
implementation of AI-assisted decision support systems in clinical medicine, particularly in 
high-risk conditions such as diabetic vascular disease. 

The study also demonstrates the practical feasibility of implementing AI-supported retinal 
imaging workflows in South African clinical settings. The use of non-mydriatic cameras 
operated by trained non-specialists and integrated into routine diabetic consultations 
reflects a potentially scalable approach to diabetic screening and risk stratification. In 
resource-constrained health systems, retinal imaging could eventually function as a rapid, 
non-invasive adjunct screening tool capable of identifying patients who require further 
laboratory or specialist assessment. 

Several limitations should be acknowledged. First, the cross-sectional nature of the analyses 
prevents causal inference and limits conclusions regarding temporal relationships between 
retinal changes and systemic disease progression. Second, the sample size was modest and 
derived from a single specialist practice, which may limit generalisability. Third, although 
image quality assessment and weighting procedures were implemented, image quality 
variability remains an important source of measurement error in real-world retinal imaging 
studies. Fourth, comorbidity data were extracted from routine clinical records and may be 
affected by incomplete documentation or diagnostic heterogeneity. Finally, the exploratory 
analytical strategy involved numerous statistical tests without formal multiplicity 
adjustment, meaning that findings should be interpreted primarily as hypothesis-generating. 

Despite these limitations, the study provides valuable preliminary evidence supporting the 
potential role of retinal imaging and AI-assisted vascular analysis in systemic disease 
stratification among patients with diabetes. The findings reinforce the concept that retinal 
microvascular alterations may serve as accessible biomarkers of broader vascular 
dysfunction and systemic disease burden. 

Future work should focus on validating these findings in larger and more diverse cohorts, 
including longitudinal designs capable of evaluating the predictive value of retinal 
biomarkers for future disease outcomes. Further refinement of machine learning models, 
harmonisation across imaging platforms, and integration with conventional clinical and 
laboratory risk markers may substantially improve predictive performance. The continued 
development of explainable and clinically interpretable AI systems will also be essential 
before widespread implementation can occur. 
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In conclusion, this exploratory study demonstrates that AI-based analysis of retinal fundus 
images can identify meaningful associations between retinal vascular morphology and 
systemic diabetic complications, while also supporting the feasibility of proof-of-concept 
predictive modelling for chronic kidney disease. Although additional validation is required, 
the findings contribute to the growing evidence that retinal imaging may become an 
important component of future precision medicine and vascular risk stratification strategies 
in diabetes care. 
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