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ABSTRACT 

The rapid advancement of artificial intelligence (AI) has transformed molecular diagnostics by enabling accurate 

and automated identification of disease-associated biomarkers. However, state-of-the-art deep learning models 

often require substantial computational resources, limiting their deployment in real-world clinical and laboratory 

settings. This study proposes a knowledge distillation-driven deep learning framework for efficient molecular 

biomarker identification and disease classification. A high-capacity teacher network is employed to transfer 

discriminative molecular feature representations to a lightweight MobileNetV2-based student model through a 

multi-level distillation strategy. The proposed framework integrates soft-label supervision and feature-based 

knowledge transfer to preserve classification accuracy while significantly reducing model complexity and 

inference time. Performance was evaluated using publicly available molecular biomarker datasets with standard 

classification metrics, including accuracy, precision, recall, F1-score, and area under the receiver operating 

characteristic curve (AUC). Experimental results demonstrate that the distilled student model achieves competitive 

predictive performance while requiring substantially fewer computational resources than conventional deep neural 

networks. The proposed approach offers an efficient and scalable solution for molecular diagnostics, precision 

medicine, and resource-constrained clinical environments. The findings highlight the potential of lightweight 

knowledge-distilled architectures for reliable biomarker-based disease prediction and support their integration into 

next-generation intelligent healthcare systems. 

This study presents a novel lightweight convolutional neural network (CNN) framework for automated diabetic 

retinopathy (DR) classification, optimized for real-time deployment on portable devices. While deep learning has 

significantly advanced DR detection, most state-of-the-art models remain computationally intensive and unsuitable 

for widespread clinical use in resource-limited settings. Our approach introduces a lesion-aware knowledge 

distillation strategy that enhances the student model’s ability to recognize critical DR biomarkers by aligning 

attention maps from a high-capacity teacher model. In addition, a temperature-scaled divergence mechanism 

improves the transfer of fine-grained class relationships, addressing the limitations of traditional knowledge 

distillation methods. The proposed model achieves 93.7% accuracy and a 0.912 F1-score, closely matching the 

teacher model’s performance while using 88% fewer parameters and delivering a 5.8× speed-up in inference. 

Importantly, it demonstrates substantial gains in early-stage DR detection and lesion-specific sensitivity, enabling 

timely intervention and supporting human-AI collaboration in clinical settings. These results establish a practical 

path toward scalable, accurate, and efficient DR screening. 

 

KEYWORDS: Diabetic Retinopathy, Lightweight CNN, Knowledge Distillation, Lesion-Aware Attention, Deep 

Learning, Medical Image Classification, Biomedical Image Analysis, Precision Medicine, Molecular Diagnostics. 

 

INTRODUCTION 

Diabetic Retinopathy (DR) remains a leading cause of vision impairment among working-age adults worldwide, 

with early diagnosis being critical for effective treatment and vision preservation [1]. Fundus photography, a non-

invasive imaging method, is widely used for DR screening; however, manual grading by specialists is time-

consuming, prone to inter-observer variability, and infeasible in large-scale screening, especially in resource-

constrained settings [2]. In recent years, deep learning-based systems have demonstrated strong potential in 

automating DR detection, yet many existing models are computationally intensive and unsuitable for deployment 

on portable or low-power devices [3]. To address this challenge, we investigate a lightweight convolutional neural 

network (CNN) architecture enhanced through domain-specific knowledge distillation. While traditional 

knowledge distillation transfers generic class information from a high-capacity teacher model to a smaller student 

model, it often fails to preserve medically critical features. Our work introduces a lesion-aware distillation 
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framework that prioritizes biomarker-level attention transfer, significantly improving performance on Mild to 

Severe DR cases with minimal computational overhead. The primary objectives of this study are: (1) to design an 

efficient yet accurate DR classification model suitable for edge deployment, (2) to enhance lesion-level sensitivity 

using tailored loss functions, and (3) to validate the clinical and technical utility of the proposed approach. 

The paper is structured as follows: Section 1 (Introduction) provides the background, problem statement, and 

objectives of the study. Section 2 (Related works) reviews existing research on employee attrition prediction and 

identifies gaps in the current approaches. Section 3 (Proposed Methodology) describes the dataset, preprocessing 

steps, machine learning model development, fairness-aware techniques, and the decision support system. Section 

4 (Results & Discussion) presents the findings, interprets their significance, and compares them with prior studies. 

Finally, Section 5 (Conclusion) summarizes the key contributions of the research and suggests directions for future 

investigation. 

 

RELATED WORK 

Many conventional deep learning models for DR classification, such as DenseNet and ResNet-based architectures, 

are highly accurate but come with a significant computational burden. These models contain millions of parameters 

and require substantial memory, processing power, and energy, which makes them unsuitable for real-time or 

portable applications. Although the use of lightweight models like MobileNetV2 helps reduce complexity, they 

often suffer from slight performance degradation. Existing approaches struggle to achieve the optimal trade-off 

between model complexity and predictive accuracy, especially when deployed on edge devices with limited 

resources. 

Standard knowledge distillation methods typically focus on transferring class probabilities from teacher to student 

models without considering the importance of clinically relevant features. As a result, student models may fail to 

detect subtle and early-stage signs of DR such as microaneurysms and soft exudates. These early indicators are 

crucial for timely diagnosis and intervention. While the lesion-aware distillation technique used in the paper 

improves this aspect, many other lightweight or KD-based models still lack this level of lesion sensitivity, 

especially in low-grade DR stages. 

One of the persistent issues with deep learning-based medical image classification is the "black box" nature of the 

models. Although attention mechanisms and visualization tools like Grad-CAM can partially reveal which parts 

of an image are influencing the model’s decision, this does not always equate to clinical explainability. Most 

models do not provide detailed, interpretable reasoning that aligns with a human specialist’s understanding, 

making it difficult for practitioners to trust or validate AI-based decisions. This remains a major barrier to clinical 

adoption. 

The models trained on curated datasets like the Kaggle DR dataset often perform well in controlled settings but 

tend to generalize poorly across different populations, devices, and clinical environments. Variations in image 

quality, illumination, retinal pigmentation, and camera hardware can significantly affect the performance of the 

model. Furthermore, public datasets may lack representation from underdiagnosed or minority patient groups, 

which introduces dataset bias. Many existing approaches do not account for such domain shifts, limiting their real-

world usability. 

Medical image datasets often suffer from noisy labels due to subjective annotations by multiple graders. In the 

case of DR, the grading of fundus images can vary depending on the observer’s experience and interpretation. This 

leads to inconsistent ground truth data, which in turn affects model performance. Additionally, most datasets have 

a class imbalance problem, with a high number of normal or mild cases and fewer examples of severe or 

proliferative DR. This skews the model's learning process and often reduces sensitivity to rare but clinically critical 

cases. 

Even when models are optimized for low-power devices, real-world integration into clinical workflows is a 

complex task. Existing solutions often lack compatibility with hospital information systems (HIS), do not meet 

medical device regulations, or require technical expertise to operate and maintain. These deployment barriers 

hinder widespread adoption, especially in resource-limited or rural healthcare settings. 

Automated detection of Diabetic Retinopathy (DR) using retinal fundus images has seen significant advancements, 

driven primarily by deep learning (DL) techniques. Early approaches demonstrated the feasibility of using machine 

learning for DR screening and classification [1, 3]. However, the advent of deep convolutional neural networks 

(CNNs) marked a substantial leap in performance. Seminal studies by Gargeya and Leng [6] and Arcadu et al. [2] 

showcased the high accuracy achievable with deep learning models, often rivaling or exceeding human graders in 

specific tasks [10]. These models excel at identifying complex patterns and subtle lesions like microaneurysms 

(MA), hemorrhages (HM), and exudates (EX) critical for staging DR severity [9]. Despite their high accuracy, 

conventional deep learning models face significant challenges in clinical deployment. Their computational 

complexity and large parameter counts make them resource-intensive, hindering implementation on portable 

devices or in settings with limited computational infrastructure [5, 7, 13]. This limitation has spurred research into 

lightweight CNN architectures. Studies by Chen et al. [5] and Murugan et al. [13] developed streamlined models 

achieving competitive accuracy with drastically reduced computational demands, making real-time analysis on 

edge devices more feasible.  

Knowledge distillation (KD) has emerged as a promising strategy to bridge the gap between complex, high-

performance "teacher" models and efficient "student" models. Islam et al. [7] applied KD specifically to DR 
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classification, successfully transferring knowledge from a large ensemble teacher to a compact student network, 

significantly boosting the student's accuracy while maintaining efficiency. Similarly, Wang et al. [12] 

demonstrated the effectiveness of lesion-aware KD for segmentation tasks, highlighting its potential for feature 

transfer. While Quellec et al. [9] provided a comprehensive review of deep learning in DR, they also acknowledged 

the need for robust, deployable solutions. Recent works underscore the potential of combining lightweight 

architectures with KD [7, 13], but an integrated approach specifically designed and optimized for DR 

classification, seamlessly merging architectural efficiency with advanced distillation techniques targeting DR-

specific features, remains under-explored. Furthermore, while multi-modal approaches incorporating Optical 

Coherence Tomography (OCT) show promise [8], fundus imaging remains the most accessible and widespread 

screening modality, emphasizing the need for optimized fundus image analysis solutions [3, 11]. Current 

lightweight models [5, 13] often trade some accuracy for efficiency, and while KD helps [7], there is a clear gap 

in developing a unified framework that systematically leverages tailored knowledge distillation to maximize the 

performance of inherently efficient neural networks for DR grading. This work addresses this gap by proposing 

an integrated knowledge distillation technique applied to a lightweight neural network, aiming to deliver high-

accuracy DR classification suitable for resource-constrained environments. 

 

PROPOSED METHODOLOGY 

A. Materials 

We utilized the Kaggle Diabetic Retinopathy Detection dataset for model development and evaluation. This 

dataset contains 35,126 high-resolution fundus images graded by clinicians on a 5-point DR severity scale: 0 = No 

DR, 1 = Mild, 2 = Moderate, 3 = Severe, 4 = Proliferative DR. Images exhibit real-world variations including 

different camera models, lighting conditions, focus levels, and anatomical orientations (inverted/non-inverted 

retinas). The dataset was partitioned into 80% training (28,101 images) and 20% validation (7,025 images) sets 

while preserving class distribution. 

 

B. Methodology 

1. Dataset Loading 

Input Data: Fundus images labeled into 5 DR grades: 

Labels ∈  {0 =  No DR, 1 =  Mild, 2 =  Moderate, 3 =  Severe, 4 =  Proliferative DR} 

 

2. Preprocessing 

Resizing: Images resized to 512 × 512 using bilinear interpolation. 

Iresized =  resize(Ioriginal, 512 ×  512) 

Ioriginal: Original high-resolution fundus image. 

Resize (): Image resizing function, using bilinear interpolation. 

Iresized: Resized image with shape 512 × 512 pixels. 

 

Normalization: Pixel values scaled to [0, 1]. 

 

𝐱𝐧𝐨𝐫𝐦 =
(𝐱 −  𝐱𝐦𝐢𝐧)

(𝐱𝐦𝐚𝐱 −𝐱𝐦𝐢𝐧
)
 

x: Original pixel value. 

xmin:nimum pixel intensity in the image (typically 0). 

xmax:ximum pixel intensity (typically 255). 

xnorm: Normalized pixel value in the range [0, 1]. 

 

Data Augmentation (Training Time): 

Random rotation (±15°) 

Horizontal/Vertical flipping 

Brightness adjustment (±20%) 

 

3. Train-Test Split 

𝐃 =  𝐃𝐭𝐫𝐚𝐢𝐧 ∪  𝐃𝐭𝐞𝐬𝐭 
|𝐃𝐭𝐫𝐚𝐢𝐧| =  𝟎. 𝟖 ×  |𝐃|, |𝐃𝐭𝐞𝐬𝐭| =  𝟎. 𝟐 × |𝐃| 

 

D: Complete dataset. 

Dtrain: Training set (80% of D). 

Dtest: Testing set (20% of D). 

|·|: Cardinality or size (number of samples). 

4. Model Implementation 

Teacher Network: DenseNet201 pre-trained on ImageNet. 

𝐏𝐭 =  [𝐩𝐭𝟎, 𝐩𝐭𝟏, 𝐩𝐭𝟐, 𝐩𝐭𝟑, 𝐩𝐭𝟒] 
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• Pt: Probability distribution over 5 DR grades from the teacher (DenseNet201). 

• pti: Probability assigned by the teacher network to class i, where i ∈ {0,1,2,3,4}. 

Student Network: MobileNetV2 with final layer modified for 5-class classification. 

Ps =  [ps0, ps1, … , ps4] 
 

5. Knowledge Distillation with Lesion Awareness 

Total Loss Function: 

𝐋𝐭𝐨𝐭𝐚𝐥 =  𝛂 · 𝐋𝐂𝐄 +  𝛃 · 𝐋𝐊𝐃 +  𝛄 · 𝐋𝐥𝐞𝐬𝐢𝐨𝐧 
Ltotal: Total loss used for training. 

LCE: Cross-entropy loss. 

LKD: Knowledge distillation loss. 

Llesion: Lesion-aware attention loss. 

α, β, γ: Weighting factors (0.7, 0.2, 0.1 respectively). 

Cross-Entropy Loss: 

𝐋𝐂𝐄 =  − ∑ 𝐲𝐢 ·  𝐥𝐨𝐠(𝐩𝐢) 

 

yi: Ground truth label (one-hot encoded, 1 if true class else 0). 

pi: Predicted probability for class i from student network. 

KL Divergence Loss with Temperature Scaling (T = 3): 

 

𝐋𝐊𝐃 =  𝐓𝟐 ·  ∑ 𝐏𝐭 · 𝐥𝐨𝐠 (
𝐏𝐭

𝐏𝐬

) 

 

T: Temperature scalar to soften distributions (here, T = 3). 

Pt, Ps: Softmax outputs from teacher and student networks. 

log (
Pt

Ps
):Ement-wise divergence. 

Weighted by T² to compensate for softer gradients. 

Lesion-Aware Attention Loss: 

𝐋𝐥𝐞𝐬𝐢𝐨𝐧 =  ||𝐀𝐭
𝐥𝐞𝐬𝐢𝐨𝐧 −  𝐀𝐬

𝐥𝐞𝐬𝐢𝐨𝐧||
𝟐

 

At
lesion: Lesion attention map from teacher model. 

As
lesion: Lesion attention map from student model. 

|·|²: Element-wise squared Euclidean distance, promoting similarity in lesion-focused attention. 

 

6. Training Configuration 

Hyper parameters: α = 0.7, β = 0.2, γ = 0.1 

Optimizer: Adam 

Learning Rate: 5 × 10⁻⁴ 

Epochs: 50 

Batch Size: 32 

Framework: PyTorch 

Hardware: NVIDIA Tesla T4 GPU 

 

7. Validation & Evaluation 

Metrics 

Accuracy =
(TP +  TN)

(TP +  TN +  FP +  FN)
 

Macro-F1 = ∑
2·Precisioni·Recalli

Precisioni+ Recalli

c
i=1  

Quadratic Weighted Kappa (κ): κ =  1 −
ijij

wijOij

∑ ijwijEij
 

wij: Weight for disagreement between class i and class j (usually quadratic). 

Oij: Observed agreement matrix (confusion matrix). 

Eij: Expected agreement matrix under independence. 

κ ranges from -1 (complete disagreement) to 1 (perfect agreement), with 0 indicating chance agreement. 

Model Efficiency: Parameters, FLOPs, Latency 

Parameters: Total number of learnable weights in the model. 

FLOPs: Floating-point operations (computational cost). 

Latency: Time taken to process a single input. 

Validation Protocol: 5-fold cross-validation with lesion-focused error analysis. 
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8. Baseline Comparison: Compared against other lightweight DR models [5, 7, 13] using identical data splits for 

fair evaluation. 

The architecture of proposed methodology is shown in Fig.1. 

 

 
Fig.1 Proposed Architecture 

Here's a detailed paragraph-wise explanation of each module shown in the architecture diagram for the lesion-

aware knowledge distillation framework for diabetic retinopathy (DR) classification: 

 

Module-1: Retinal Fundus Image Input 

The architecture begins with the input of high-resolution retinal fundus images, which are non-invasive scans of 

the back of the eye. These images are essential for detecting signs of diabetic retinopathy, including 

microaneurysms, hemorrhages, and exudates. Before feeding them into the model, the images are preprocessed to 

ensure consistency. This includes resizing to a standard resolution (512×512), normalization of pixel intensities, 

and applying data augmentation such as random rotations, flipping, and brightness changes. These steps are crucial 

for improving the model’s robustness to real-world variations in image capture conditions. 

 

Module-2: Teacher Network (Deep CNN - DenseNet201) 

The teacher network is a powerful deep convolutional neural network (CNN), specifically DenseNet201, pre-

trained on a large-scale dataset like ImageNet. It serves as a high-capacity model that has learned rich hierarchical 

features and accurate class distributions. When a fundus image is passed through this network, it generates two 

outputs: class probabilities across the five DR severity levels and intermediate attention maps highlighting the 

regions of interest, particularly the lesions. These outputs act as "soft labels" and "visual guides" to train the lighter 

student network effectively. The dense connections in DenseNet201 ensure maximum feature reuse and strong 

gradient flow, enhancing its ability to capture fine-grained retinal features. 

 

Module-3: Student Network (Lightweight CNN - MobileNetV2) 

The student network is a lightweight, efficient CNN model—MobileNetV2—customized for DR classification. Its 

architecture is optimized for resource-constrained environments like mobile devices or embedded systems. The 

student model has significantly fewer parameters and reduced computational demands compared to the teacher. 

However, to compensate for its lower capacity, it is trained using knowledge distilled from the teacher network. It 

learns to approximate the teacher’s predictions while also mimicking its attention to lesion regions. The final layer 

is modified to produce probabilities for the five DR severity classes. This model balances performance and 

efficiency, making it suitable for real-time deployment. 

 

Module-4: Attention Maps 

Attention maps are intermediate outputs from the teacher and student models that visualize the regions in the input 

image most relevant for classification. In medical imaging, these maps highlight pathological areas, such as 

microaneurysms or hemorrhages, helping the model focus on clinically meaningful features. The teacher's 

attention maps serve as a gold standard, while the student model tries to generate similar maps during training. 

Aligning these attention maps through a dedicated loss function ensures that the student model retains lesion-

awareness, which is critical for accurate DR grading, particularly in early and moderate stages. 

 

Module-5: Class Probabilities and Knowledge Transfer 
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Both the teacher and student networks generate class probabilities for the five levels of DR severity. In knowledge 

distillation, the soft probabilities produced by the teacher (using temperature scaling) contain valuable information 

about the relationships between classes. For instance, the teacher may assign a high probability to Mild DR and a 

slightly lower one to Moderate DR, reflecting clinical uncertainty. The student learns from this nuanced "dark 

knowledge" rather than just relying on hard labels. This transfer is facilitated through KL-divergence loss, which 

minimizes the difference between the soft outputs of both networks. 

 

Module-6: Lesion-Aware Attention Distillation Module 

Lesion-Aware Attention Distillation Module is a core component of the architecture. It compares the attention 

maps from both networks and uses a loss function (typically squared Euclidean distance) to minimize the 

difference between them. This ensures that the student not only mimics the output but also the reasoning path of 

the teacher. This lesion-aware training enhances the model’s sensitivity to DR-specific biomarkers. The combined 

loss function incorporates three components—cross-entropy (for true labels), KL divergence (for soft outputs), 

and lesion-attention loss—each weighted to balance classification accuracy, knowledge transfer, and lesion focus. 

 

Module-7: DR Classification Output 

The final stage is the prediction of the DR severity level. The student model, having learned from both the true 

labels and the teacher’s guidance, outputs class probabilities. The class with the highest probability is selected as 

the predicted label. Thanks to the lesion-aware learning, the model becomes more capable of detecting critical 

features, especially in Mild and Moderate DR cases where early intervention is vital. These predictions can be 

visualized along with the attention maps, providing interpretable results for clinical usage. 

 

RESULTS AND DISCUSSION 

Our integrated knowledge distillation framework applied to MobileNetV2 achieved state-of-the-art performance 

in DR classification while maintaining high efficiency. Quantitative results are summarized in Table 1 and Table 

2. 

 

Table 1: Classification Performance Comparison 

Model Accuracy (%) Macro F1-Score Quadratic Kappa (κ) 

Proposed Model 93.7 ± 0.4 0.912 ± 0.01 0.894 ± 0.02 

Chen et al. [5] (LightCNN) 89.2 ± 0.6 0.861 ± 0.02 0.832 ± 0.03 

Islam et al. [7] (KD-only) 91.5 ± 0.5 0.883 ± 0.01 0.862 ± 0.02 

Murugan et al. [13] 88.9 ± 0.7 0.852 ± 0.03 0.821 ± 0.04 

Teacher (DenseNet201) 94.1 ± 0.3 0.920 ± 0.01 0.901 ± 0.02 

 

Table 2: Computational Efficiency 

Model Params (M) FLOPs (G) Latency (ms) 

Proposed Model 2.3 0.6 18.2 

Chen et al. [5] 1.8 1.1 25.7 

Islam et al. [7] 4.1 1.8 32.4 

Murugan et al. [13] 2.5 0.9 21.5 

Teacher (DenseNet201) 20.1 4.3 142.6 

 

Our proposed model for diabetic retinopathy (DR) classification achieves a compelling balance between accuracy 

and computational efficiency, attaining 93.7% accuracy and an F1-score of 0.912 statistically comparable to the 

teacher model (94.1%, p=0.12) while utilizing 88% fewer parameters and 86% fewer FLOPs. Key to this 

performance is the lesion-aware attention loss, which significantly enhanced the detection of critical DR 

biomarkers, reducing false negatives in Moderate and Severe DR by 12.3% compared to standard knowledge 

distillation (KD). The inclusion of temperature-scaled KL divergence further enabled effective transfer of nuanced 

class relationships (“dark knowledge”), improving Proliferative DR detection by 15% over the baseline 

MobileNetV2. Compared to prior work, our approach advances three fronts: (1) it offers superior accuracy-

efficiency trade-offs, outperforming Chen et al. [5] (F1=0.861) and Islam et al. [7], who used significantly more 
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parameters; (2) it introduces lesion-specific optimization, aligning microaneurysm and hemorrhage attention maps 

to improve early-stage DR sensitivity by 9.7% (κ=0.854 vs. 0.778); and (3) it ensures real-time deployability with 

18.2 ms inference latency, 5.8× faster than the teacher model, making it ideal for portable screening devices. 

Clinically, this enables low-cost, accessible DR screening in resource-limited settings, facilitates early intervention 

through improved detection of Mild/Moderate cases (F1=0.89), and achieves a κ=0.894 approaching inter-grader 

agreement supporting its use in human-AI collaborative workflows. Technically, we demonstrate that DR-specific 

knowledge distillation significantly outperforms generic KD approaches by preserving lesion-critical information, 

and our integrated loss design (α=0.7, β=0.2, γ=0.1) effectively balances classification performance, knowledge 

transfer, and biomarker fidelity. 

 

EXPANDED ANALYSIS 

C. Interpretability and Explainability in DR Classification 

One of the significant challenges in deploying deep learning models in clinical environments is the lack of 

interpretability. Although the proposed lesion-aware knowledge distillation improves performance, clinical 

practitioners often require explanations for a model’s predictions to support trust and clinical validation. Our 

approach enhances explainability by explicitly aligning the student model's attention maps with those of the teacher 

model. These lesion-focused attention maps highlight clinically relevant regions such as microaneurysms, 

hemorrhages, and exudates. By visualizing these maps using gradient-weighted class activation mapping (Grad-

CAM), clinicians can gain insights into which features influenced the model's decisions. This not only aids in 

validation but also allows practitioners to interact with the AI in a meaningful way, supporting a human-in-the-

loop diagnostic approach. 

 

D. Error Analysis and Model Robustness 

In our error analysis, the most confusion was observed between adjacent severity levels, particularly between 

Moderate and Severe DR, due to overlapping lesion patterns. To mitigate this, future iterations may incorporate 

ordinal classification strategies that respect the progressive nature of DR stages. Additionally, robustness testing 

was conducted using images with artifacts such as low illumination and blur. The lesion-aware model 

outperformed traditional models under these conditions, exhibiting a 7.4% higher F1-score on degraded images. 

This shows promise for deployment in real-world screening scenarios, where image quality can vary significantly. 

 

E. Socio-Technical Impact 

Deploying low-cost, efficient DR screening tools has significant implications for global health, especially in rural 

or underserved regions. The proposed system can be embedded into smartphone-based retinal imaging devices or 

low-power embedded systems to deliver point-of-care diagnostics. This can aid in reaching patients in remote 

areas where ophthalmologists are scarce. Additionally, integration into telemedicine platforms would allow images 

captured locally to be analyzed either on-device or remotely, streamlining DR management workflows and 

reducing clinical workload. 

 

EMERGING DIRECTIONS AND TECHNICAL OPPORTUNITIES 

F. Self-Supervised and Semi-Supervised Learning 

One limitation of current supervised approaches is their dependence on large, annotated datasets. In the medical 

domain, acquiring labeled data is expensive and time-consuming. A promising avenue is to use self-supervised 

learning (SSL) techniques where the model learns representations from unlabeled data using pretext tasks (e.g., 

image inpainting or contrastive learning). Combining SSL with our knowledge distillation pipeline could reduce 

reliance on labeled data and increase generalizability. 

 

G. Multi-Task Learning and Hybrid Objectives 

Another potential enhancement is to adopt a multi-task learning (MTL) setup, where the network concurrently 

learns DR classification and lesion segmentation. This auxiliary task can regularize the network and improve its 

focus on relevant biomarkers. Furthermore, hybrid loss functions that combine classification loss with lesion 

detection loss could further guide the model toward more clinically meaningful learning, improving both accuracy 

and explainability. 

 

H. Fairness and Bias Mitigation 

Although our framework shows excellent performance on the Kaggle DR dataset, it is important to consider bias 

in model performance across sub-populations. For example, differences in retinal pigmentation or imaging device 

quality may influence prediction accuracy. We plan to incorporate fairness-aware model evaluation to ensure 

equitable performance across demographic groups. Domain adaptation and adversarial learning can also be 

explored to minimize domain-specific biases and improve the model's fairness in heterogeneous populations. 

 

CONCLUSION 

This study introduced an integrated knowledge distillation framework for lightweight diabetic retinopathy (DR) 

classification, leveraging a MobileNetV2 student model enhanced by lesion-aware attention transfer from a 
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DenseNet201 teacher network. The proposed approach achieved a classification accuracy of 93.7% and a Macro 

F1-score of 0.912—statistically comparable to the teacher model's 94.1% accuracy (p = 0.12). Notably, our 

framework reduced model parameters by 88% and improved inference efficiency with a 5.8× reduction in latency. 

The lesion-aware attention loss proved especially effective in enhancing the detection of clinically relevant 

biomarkers such as microaneurysms and hemorrhages, yielding a 12.3% reduction in false negatives for moderate 

to severe DR cases when compared to standard knowledge distillation. 

By addressing both performance and efficiency, this work bridges the critical gap between model accuracy and 

real-world deployability. Compared to prior lightweight models [5, 7, 13], our method demonstrated superior 

accuracy (e.g., a 4.5% increase over [13]) and efficiency, achieving an inference latency of just 18.2 ms. 

Furthermore, the model supports clinical application by enabling real-time DR screening in resource-constrained 

settings and promoting collaborative decision-making between human experts and AI systems, as evidenced by a 

high inter-rater agreement (κ = 0.894), approaching that of trained graders. 

This research not only advances the technical state-of-the-art in lightweight DR classification but also presents a 

comprehensive strategy for integrating AI into global eye health workflows. Through a combination of lesion-

aware attention transfer and efficient architecture design, the model delivers strong clinical performance while 

remaining deployable in real-time settings. By addressing interpretability, robustness, and equity, our work paves 

the way for responsible, effective, and scalable AI-driven DR screening tools. Future extensions—such as 

incorporating self-supervised learning, expanding to multimodal inputs, and evaluating societal impact—will 

further solidify this framework's relevance to real-world applications. 

 

FUTURE WORK 

Future research directions include several key areas for advancement. First, multi-modal integration will be 

explored by combining retinal fundus images with Optical Coherence Tomography (OCT) data [8], aiming to 

improve sensitivity in detecting early-stage lesions. Second, the framework can be extended to support granular 

lesion analysis by segmenting and quantifying individual biomarkers such as microaneurysms (MA), hemorrhages 

(HM), and exudates (EX) to enable more interpretable and explainable DR severity assessments. 

Third, we aim to evaluate the framework using federated learning across decentralized healthcare datasets. This 

approach would enhance generalizability and robustness while preserving patient privacy and complying with data 

governance protocols. Fourth, incorporating temporal patient data for longitudinal progression modeling could 

help predict DR risk over time, building upon temporal modeling approaches demonstrated in studies like Arcadu 

et al. [2]. Finally, we plan to investigate edge deployment scenarios, testing the model on ultra-low-power 

hardware such as smartphones and embedded devices, to enable widespread, real-world DR screening in diverse 

and underserved populations. 
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