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Background

Diabetes is a chronic condition that reflects body’s inability to produce or respond 
to insulin and is characterized by abnormal glucose levels in the blood.

• WHO reports that it is the fifth most common reason for mortalities worldwide [1].
• The IDF statistics show that after every six seconds one person dies of diabetes [2].
• In 2019, approximately 425 million adults were living with diabetes; and it is 

projected to be 629 million by 2045 [3].
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Current AI Focus

Numerous AI/ML techniques are proposed to classify diabetic vs. non-diabetic 
cohorts using:
• Electronic Health Records (EHRs)
• Genetic data
• Imaging data (e.g., retinal fundoscopy)
• Other clinical/omics modalities

Several detection models exist that integrate retinal images with other modalities to 
capture vascular/metabolic signals.
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Clinical Reality of Diabetes Diagnosis Using AI

Diabetes Diagnosis is not the real problem.
Diabetes can already be detected cheaply and reliably using:

• HbA1c
• Fasting Plasma Glucose (FPG)
• Oral Glucose Tolerance Test (OGTT)

Replacing these with AI is unlikely to happen and AI-based detection adds little 
clinical value in diabetes diagnosis, since these gold-standard methods are already 
effective and inexpensive.

The true challenge is identifying who will become diabetic in the future.



5

Diabetes Risk Prediction Using AI

Current clinical tools for predicting who will develop diabetes are limited.
Value of AI lies not in classification of diabetes.
Instead, the value of AI lies in identifying risk factors using longitudinal analysis of 

patients, enabling early prediction.
Uncovering longitudinal risk factors is crucial for prevention and early intervention.
AI offers unique potential to model these risk trajectories by fusing multimodal 

data, such as (EHR, genetics, imaging, lifestyle).
True clinical value lies in shifting from diagnosis to early prediction.
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Clinical and Genetic Risk Factors

Genetic factors [4] Clinical factors [4]

Studies have identified 
diabetes risk factors, such 
as:
• Genetic risk factors
• Clinical risk factors

However, most of these 
studies are unimodal. 
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Gaps in the Literature

Many studies are retrospective and cross-sectional; few address prediction before 
onset using longitudinal data.

Unimodal approaches dominate (EHR-only, genetics-only, imaging-only).
Very limited multimodal approaches exist, especially those fusing retinal 

fundoscopy, EHR, genetic, and clinical measures.
Question: Can ML models capture longitudinal risk trajectories of diabetes using 

multimodal fusion?
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Research Aim

Addressing this gap, we:
Develop a pipelined architecture that combines XGBoost with a Vision 
Transformer (ViT) to predict diabetes onset in the Qatari population and 
identify longitudinal risk factors through multimodal data fusion.



Objectives

Task 1 – Explore longitudinal associations between fundoscopy features (e.g., 
vessel morphology) and T2DM onset in the Qatari cohort.

Task 2 – Develop an interpretable AI pipeline by fusing XGBoost with ViT for 
longitudinal diabetes risk prediction.

Task 3 – Assess how age and gender influence diabetes prediction accuracy 
by analyzing model performance across distinct age cohorts and quantifying 
gender-specific susceptibility patterns for diabetes onset

9
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Qatar BioBank (QBB) Data

Longitudinal 
timeframe (years)

# of Samples

4 4

5 1118

6 798

7 293

8 113

9 50

10 22

11 2

• Diabetic patients
• Pre-diabetic patients
• Normal/controlled people

Longitudinal 
data

• Age
• Gender
• Nationality

Demographics

• Retinal fundoscopy images
• Clinical dataType of data
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Data Annotation

 
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Data Annotation cont…

A total of 2,043 participants have their longitudinal follow-up retinal imaging data 
with the following specifications: 
• Diabetic: 430 and Healthy: 1,633
• Male: 1,252 participants (diabetic: 246, healthy: 1,006)
• Female: 791 participants (diabetic: 184, healthy: 607).

Longitudinal Period
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Methodology



Prediction of Future Risk of Diabetes
Step 1 – Labeling Strategy

• Baseline data (EHR, genetics, retinal images, etc.) is linked with follow-up outcomes.
• If a participant develops diabetes at follow-up → their baseline record is labeled 

“future diabetic.”
• If not → their baseline record is labeled “non-diabetic.”

Step 2 – Data Preparation
• Baseline data is now paired with future outcomes.
• Dataset is split into training and testing cohorts.

Step 3 – Model Training & Evaluation
• AI model is trained on the training set to learn patterns in baseline data that predict 

future diabetes.
• Model performance is evaluated on the testing set to assess predictive accuracy.
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Feature Extraction

● We applied fractal geometry to retinal images 
to calculate patterns from these images. 

● Fractal geometry studies objects or patterns 
that exhibit self-similarity at different scales. 
These patterns can be described using 
fractals, which often have complex structures, 
but are generated by simple recursive 
processes

● We applied the box-counting method to 
fundoscopy images, where the goal was to 
estimate the fractal dimension of the image, 
which can capture texture, roughness, and 
other complex features.

Fractal features
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Hardware and Software Specs

The experiments were performed on Google Coalab with A100 40GB SXM, 83 GB of 
RAM, and an NVIDIA A100 Tensor Core GPU. 

Scikit-learn was used for shallow models, while TensorFlow-Keras was employed for 
ViT.

Table. Different parameters selected for ViT to train and evaluate
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Results
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Comparative Analysis

To compare our model with other benchmark models and datasets, 
We selected the work of Mohsen et al. [5], that also utilized the same Qatari 

Cohort for research analysis. 
The Indian Diabetic Retinopathy dataset used by Saxena et al. [6].
Kaggle datasets: Messidor-1, Messidor-2, and EyePACS
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Age-group vs Model Performance

●We stratified test data into three distinct age cohorts as shown in Table. 
●For younger participants (22 — 40 years), the models achieved higher prediction 

accuracy and recall values for healthy participants. Prediction metrics (precision 
values) were lower for diabetic cases within this age group.

●For older cohorts (41 — 55 years and 56 — 69 years), precision and recall values 
increased for diabetic participants and decreased for healthy participants in the 
QBB dataset.
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Clinical factors vs Diabetes Onset

● We investigated multiple clinical factors such as 
HbA1c, gender, and age that influencing diabetes 
onset in Qatari adults. 

● Diabetes incidence was higher in males during the 
follow-up period. This gender disparity was high in 
the Qatari population.

● Demographic analysis revealed that approximately 
one in nine participants from other Arab 
nationalities (Yemen, Lebanon, Jordan, Oman, etc.) 
developed diabetes during follow-up, while the 
majority of diabetic cases occurred among Qatari 
adults, predominantly males.

● Age and HbA1c levels emerged as critical risk 
factors. Diabetes susceptibility increased with age, 
with notably higher risk for individuals over 40 
years and a marked increase for those 70 and older.
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Clinical Factors vs Fractals

● After analyzing fractal values in relation to demographic and clinical factors, a 
steady change in fractal values was observed for HbA1c level ≥ 4. 

● In contrast, an abrupt change was noted in participants older than 55 years, 
suggesting that older individuals in the QBB dataset may be more susceptible to 
diabetes onset.
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Research Implications

From a clinical perspective, 
• It will assist both the patients and practitioners to decide about the 

development of diabetes in future using his/her current clinical examination 
results

• To suggest medications and lifestyle guidelines based on his/her future health 
status

From a computer science community perspective
• To fuse different data modalities and achieve higher diabetes prediction 

capabilities
• To perform longitudinal analysis of fundoscopy images and clinical data 

modalities to perform diabetes prediction
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Limitation

The dataset is sourced exclusively from QBB, containing only Qatari participants, 
which limits the generalizability to other populations.

The sample size is relatively small (2,043 participants) and highly imbalanced, 
increasing the risk of model overfitting.

The follow-up period is short, with only 23 participants having eight years of medical 
history, limiting insights into long-term diabetes risk factors.

The exclusion of prediabetic individuals, and type 1 diabetes patients may affect the 
study’s comprehensiveness.
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Conclusion

This research work presents an approach for diabetes onset prediction using artificial 
intelligence and multi-modal data. 

After fusing ophthalmoscopic imaging features with EHR, we employed both conventional 
and transformer-based model to perform predictions. 

During experimental analysis, it was observed that integrated model (DiabEye-Q) 
outperformed both standalone ViT and XGBoost, achieving 88.08% accuracy, 93% AUROC, 
and 88% recall values.

Our analysis revealed distinct diabetes prediction patterns across demographic segments. 
Among younger participants (22—40 years), the model demonstrated elevated false positive 
rates when classifying healthy individuals. In contrast, prediction accuracy significantly 
improved for diabetic participants in older cohorts, with peak performance observed in the 
56 — 69 years age period. 

Additionally, analysis of the QBB dataset indicated that male participants exhibited markedly 
higher susceptibility to diabetes onset compared to their female counterparts.
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