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PROBLEM STATEMENT



When doctors look into the human eye using a retinal camera,
they are not just seeing the eye they are seeing a living map of the
body’s blood vessels.

The retina is the only place in the body where micro-blood vessels
can be observed directly without surgery.
These tiny vessels supply oxygen and nutrients to retinal tissue
and are connected to the same vascular system that supplies the
brain and heart.

Because of this, changes in retinal blood vessels often reflect
systemic aging and disease.

BACKGROUND



WHY
EXAMINE
RETINA???

Many diseases such as stroke, cardiovascular disease, and
neurodegeneration originate from problems in the body’s microvascular
system.

However, studying blood vessels in major organs is difficult.
Brain: requires expensive imaging such as MRI or CT scans to observe
vascular structures.
Heart: coronary vessels are usually examined using invasive
procedures like angiography.

The retina is unique because it is the only place in the body where micro
blood vessels can be directly observed non invasively using retinal
imaging.

The retinal microvasculature shares strong anatomical and
physiological similarities with the brain’s vascular system, making the
retina a natural window into systemic vascular health.

Changes in retinal vessels such as tortuosity, narrowing, and branching
patterns often reflect aging and disease processes occurring
throughout the body.



A 
PEEK 
INTO
RETINAL
FUNDUS

Key Structures and Their Biological Role

Optic Disc:
The point where the optic nerve exits the eye
and connects the retina to the brain.
It contains the entry and exit of the central
retinal artery and vein.

Macula:
A specialized region responsible for central
vision and detailed visual tasks like reading.

Fovea:
Located at the center of the macula.
Contains a very high concentration of
photoreceptors, providing the sharpest vision.

Central Retinal Artery and Vein:
These vessels supply oxygen and nutrients to
the retina and remove metabolic waste.

Retinal Vessels (Arteries and Venules):
Form a dense microvascular network across
the retina.
Changes in their thickness, curvature, and
branching patterns often reflect systemic
vascular health.



CORE PROBLEM
Although modern deep learning models can predict retinal age
with good accuracy, there is a major limitation.

Current models operate as black box systems.

They take a retinal image as input and output a predicted age,
but they do not explain:

Which retinal regions influenced the prediction
Which vascular structures contributed to the age estimate
Which biological features indicate accelerated aging

In medical applications, interpretability is extremely important
because clinicians need to understand why the model made a
prediction.

Without this explanation, it is difficult for doctors to trust the
model or use it for clinical decision making.

Retinal Image
  ↓

Deep Learning Model
  ↓

Predicted Age

Cause?

Condition?

Monitoring?

Diagnosis??



APPLICATIONS+IMPACT

1. Clinically Trustworthy AI
Traditional models only output a predicted age.
 Our model explains which retinal regions and vascular features
influenced the prediction, making the system more trustworthy for
clinicians.

2. Early Risk Detection for Systemic Diseases
Because retinal vessels reflect systemic microvascular health,
interpretable predictions could help identify individuals at higher risk
for:
stroke,cardiovascular disease,neurodegenerative disorders

while also explaining which vascular abnormalities are responsible.

3. Identification of Biological Markers of Aging
By linking predictions to measurable features such as:
vessel tortuosity
vessel thickness
branching patterns
the model can help researchers discover new vascular
biomarkers of biological aging.



LITERATURE SURVEY



RetiphenoAge: Estimating Biological Aging from Retinal Images

RetiphenoAge is a deep learning framework developed to estimate biological aging
using retinal fundus images. Instead of relying only on chronological age, the model
predicts Phenotypic Age (PhenoAge), a clinically validated biomarker that reflects the
physiological condition of an individual.

Phenotypic Age represents the biological state of the body and is considered a
stronger indicator of mortality and disease risk than chronological age alone. It is
computed using chronological age along with nine blood-based biomarkers that
capture metabolic, inflammatory, and organ-function related health indicators.

Examples of these biomarkers include:
Albumin,Creatinine,Glucose,C-Reactive Protein (CRP),Alkaline Phosphatase,White Blood
Cell Count

The core idea behind RetiphenoAge is that the retina acts as a window to systemic
health, as retinal vasculature reflects changes in cardiovascular, metabolic, and
neurological conditions. By learning patterns present in retinal images, the model
attempts to infer the biological aging state of an individual non-invasively.

The predicted age is then compared to chronological age to estimate accelerated or
decelerated biological aging, enabling identification of individuals at higher systemic
health risk.
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 UK Biobank retinal imaging dataset

DATASET AND RETINAL IMAGE PROCESSING PIPELINE

The large scale of the dataset allows the
model to learn diverse retinal patterns
associated with systemic aging.

To ensure that the model generalizes well
beyond the training data, the framework was
also evaluated on external validation
datasets, demonstrating consistent
performance across different populations
and imaging conditions.

MODEL PIPELINE

Image Acquisition
Retinal fundus images are captured using specialized ophthalmic imaging
devices that photograph the interior surface of the eye.

Image Resizing
All images are resized to a uniform resolution so they can be efficiently
processed by the neural network.

Pixel Normalization
Pixel intensity values are normalized to reduce variations in brightness and
contrast across different images.

Color Normalization
Color variations caused by different imaging devices or illumination
conditions are corrected.

Data Augmentation
Various transformations such as image rotation, flipping, and brightness
adjustments are applied to increase dataset diversity and reduce model
overfitting.



The RetiPhenoAge framework uses a Convolutional Neural Network (CNN) to analyze retinal
fundus images and learn patterns associated with biological aging. CNNs are widely used in
medical imaging because they can automatically extract features from images.

As the image passes through the network:
Early layers detect basic patterns such as edges, textures, and vessel boundaries.
Intermediate layers identify retinal structures like vessel branching, tortuosity, and optic
disc features.
Deeper layers learn higher-level aging indicators such as microvascular abnormalities
and structural retinal changes.

Using these features, the model predicts phenotypic age from retinal images and classifies
individuals into different aging-risk groups.

However, a major limitation is that the model behaves as a black box.
It predicts biological age but does not explain which retinal regions or features drive the
prediction.
This lack of interpretability limits clinical trust and motivates the need for explainable,
attention-guided retinal aging models.

DEEP LEARNING ARCHITECTURE

Model Performance

Mean Absolute Error
(MAE) ≈ 3.5–5 years in

biological age prediction



Retinal Age Gap: A Predictive Biomarker for Mortality Risk

This study explores the concept of retinal age gap, a biomarker derived from retinal
fundus images that reflects the difference between an individual's predicted retinal
age and their chronological age.

The central hypothesis of the study is that the retina captures microvascular and
structural changes associated with systemic aging, making it possible to estimate
a person’s biological aging state from retinal images.

Retinal Age Gap Definition

Retinal Age Gap = Predicted Retinal Age − Chronological Age

Interpretation of the gap:

Positive Retinal Age Gap
Indicates accelerated biological aging and higher systemic health risk.

Negative Retinal Age Gap
Suggests healthier physiological aging compared to chronological age.

The study demonstrates that individuals with a larger positive retinal age gap show
significantly higher mortality risk, suggesting that retinal imaging can act as a non
invasive biomarker for predicting long-term health outcomes.

This approach highlights the potential of retinal fundus images as a scalable tool for
population level health monitoring and early disease risk assessment.
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 UK Biobank retinal imaging dataset

DATASET AND RETINAL IMAGE PROCESSING PIPELINE

The study utilizes retinal fundus images from
the UK Biobank dataset, which contains a
large population scale collection of retinal
images along with extensive clinical and
demographic information.

The dataset includes tens of thousands of
participants, enabling the model to learn
robust patterns linking retinal structure to
biological aging and mortality risk.

To ensure the model generalizes well across
populations, the trained model was also
validated using external cohorts, confirming
that retinal age predictions remain consistent
across different imaging conditions and
patient groups.

MODEL PIPELINE

Image Acquisition
Retinal fundus photographs are captured using specialized ophthalmic
cameras that provide detailed visualization of retinal structures.

Image Resizing
All images are resized to a consistent resolution to allow efficient
processing by the neural network.

Pixel Normalization
Pixel intensity values are normalized to reduce variations in brightness and
contrast across images.

Color Normalization
Color variations introduced by different imaging devices or lighting
conditions are corrected.

Data Augmentation
Various transformations such as rotations, flips, and brightness
adjustments are applied to increase dataset diversity and reduce
overfitting.



DEEP LEARNING ARCHITECTURE

The study uses a Convolutional Neural Network (CNN) to analyze retinal fundus images
and estimate an individual’s retinal age. CNNs are widely used in medical imaging
because they automatically learn visual patterns from images.

As the image passes through the network:
Early layers: detect basic patterns such as edges and vessel boundaries.
Intermediate layers: capture retinal structures like vessel branching, tortuosity, and optic
disc features.
Deeper layers: learn aging related biomarkers such as microvascular abnormalities and
macular texture changes.

The model predicts retinal age, which is compared with chronological age to compute
the Retinal Age Gap. Studies show that a larger positive age gap is associated with a
higher risk of mortality, highlighting its potential as a non-invasive biomarker of biological
aging.

However, the model functions as a black box system. It predicts retinal age but does not
explain which retinal regions or features influence the prediction, limiting clinical
interpretability and motivating the need for explainable retinal aging models.

Model Performance

Mean Absolute Error (MAE)
≈ 4.5 years in retinal age

prediction



DATASETS
BRSET
The primary dataset used in this project is the BRSET dataset, a publicly available
Brazilian retinal fundus image dataset collected for ophthalmological and
clinical research purposes.

The dataset contains retinal fundus images along with clinical and demographic
metadata obtained during medical examinations. Each image is associated with
information such as patient age, gender, and medical annotations.

Dataset statistics:

Total patients: ~8,500

Total images: ~16,266

Each patient typically has two images (left and right eye)

Observations:
 → Large and Diverse Retinal Fundus Dataset
 → Includes clinically relevant metadata
 → Variations in illumination and image quality
 → Suitable for retinal aging and biomarker analysis



DATASETS
The second datasets we are using in this project is the ODIR-5K, a publicly
available retinal fundus image dataset collected from clinical ophthalmology
examinations.

The dataset contains retinal fundus images captured using standard fundus
cameras and includes both left and right eye images of patients. Each image is
associated with metadata such as patient ID, age, gender, and diagnostic labels.

Key dataset characteristics:

Approximately 3500 patients

Around 7000 retinal fundus images (left and right eyes)

The dataset is skewed toward middle aged and older individuals, which is
expected because retinal diseases are more prevalent in older populations

Retinal images show variations in:
illumination
image quality
retinal orientation
disease conditions

ODIR-5K ~ Kaggle



DATASET PREPPROCESSING



BRSET Dataset Cleaning
Pipeline

Retinal Images + Clinical
Metadata

Image–Metadata Mapping

Missing values handling

Low quality scan removal

Image Standardization

Normalization 

Data Augmentation

Dataset Splitting



AUGMENTATION

CLAHE



METHODOLOGY



STAGE 1 STAGE 2 STAGE 3

Data Cleaning And
Preprocessing 

RETFound
 ( Vision

Transformer )

Vessel
Segmentation

( CLAHE + Frangi  )

Predicted Retinal
Age 

STAGE 5 STAGE 6STAGE 4

XGBoost Biomarker
 Analysis

SHAP ExplainabilityBiomarker Extraction

STAGE 7

Retinal Age Gap 
Analysis 



RETFOUND
VISION
TRANSFORMER
ARCHITECTURE

Model Architecture

Vision Transformer (ViT)-based retinal
foundation model
Pretrained RETFound weights
Input size: 224 × 224 retinal fundus
images
Fine-tuned for retinal age prediction

Training Objective

Predict retinal biological age
Learn global retinal vascular
representations

Output

Predicted Retinal Age

Transformer attention captures complex
 retinal aging patterns.



VESSEL 
SEGMENTATION

ORIGINAL IMAGE VESSEL SEGMENTATION
(CLAHE ENHANCEMENT

+
FRANGI VESSEL FILTERING)

CLAHE enhances vessel visibility

Frangi filtering extracts vascular structures

Skeletonization preserves vessel topology

BINARY VESSEL MASK



VASCULAR 
BIOMARKER
EXTRACTION

Segmented Vessel Mask
↓

 Skeletonization & Morphological Analysis
 ↓

 Quantitative Vascular Biomarkers

Extracted features:

Vessel Density             :   Vessel Coverage
Vessel Length              :  Total Vessel Span
Branching Points        :   Vascular Complexity
Fractal Dimension     :   Structural Irregularity
Tortuosity                    :   Vessel Curvature
Avg Thickness            :   Vessel Caliber



SHAP BASED
EXPLAINABILITY Feature Contribution Analysis

Explains model decisions

Quantifies feature importance

Improves clinical interpretability

Higher tortuosity increased retinal age
prediction
Lower vessel density contributed to vascular
aging indication
SHAP quantifies biomarker contributions to
model predictions

SHAP transforms the model from a black-box predictor into an interpretable clinical tool.



MODELS TRAINED



ATTEMPT 1-
EFFICIENT NET



Key Features
CNN-based deep learning architecture
Efficient compound scaling of depth, width,
and resolution
Captures local retinal textures and vascular
patterns
Computationally efficient and lightweight

Why EfficientNet?
Strong image feature extraction capability
Faster training with fewer parameters
Effective for retinal image analysis tasks

EfficientNet learns hierarchical retinal features associated with biological aging patterns.

Limitations of EfficientNet
CNNs primarily focus on local spatial features
Limited ability to capture global retinal relationships
Harder to interpret diffuse retinal aging patterns



ATTEMPT 1(B)-
B3 EFFICIENT NET



Why EfficientNet-B3?

Deeper and wider architecture
Better feature representation
Improved retinal texture learning

Improvement Over B0

Better MAE
Improved retinal feature extraction
Improved retinal feature representation

Limitation

Still limited in modeling global retinal
dependencies

B0 vs B3 mini comparison
Model                             MAE

B0                                    8.29
B3                                    7.73



ATTEMPT 2-
RETFound Linear Probe



Linear Probe Strategy

Pretrained RETFound encoder kept frozen
Only final linear regression layer trained
Preserves pretrained retinal representations
Reduces overfitting on smaller medical
datasets
Computationally efficient adaptation
strategy

Why Linear Probe?

Faster training compared to full fine-tuning
Leverages pretrained retinal feature
knowledge
Improves stability on limited retinal
datasets

Linear probing enables efficient adaptation of
pretrained RETFound representations for retinal
age prediction tasks.



ATTEMPT 2(B)-
RETFOUND



Key Features

Vision Transformer (ViT)-based
architecture
Pretrained retinal foundation model
Learns global retinal dependencies using
self-attention
Strong contextual representation learning

Why RetFound?

Captures long range retinal relationships
Better understanding of complex vascular
structures
Enhanced contextual understanding of retinal
vascular structures

RETFound fine-tuning improved contextual retinal
representation learning for vascular aging analysis.



RETFound-based architectures demonstrated superior retinal
representation learning compared to CNN-based approaches.
Linear probing achieved the lowest MAE, while full fine-tuning
enabled richer contextual retinal understanding for interpretability
analysis.”

MODEL COMPARISON



END-TO-END RETINAL AGING ANALYSIS

ORIGINAL IMAGE VESSEL SEGMENTATION
(CLAHE ENHANCEMENT

+
FRANGI VESSEL FILTERING)

BINARY VESSEL MASK





Limitations of our Model:

Biomarker extraction depends on segmentation quality

Simplified handcrafted vascular feature estimation

Variability in retinal image quality and illumination conditions

Vessel segmentation noise affecting biomarker extraction accuracy

Model generalization to real-world clinical settings requires further validation



THANK YOU
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