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Abstract: Diabetic retinopathy (DR) is a major global health issue, accurate and timely mass
screening to prevent vision loss. Although deep learning (DL) models have shown expert-level
performance in automatically grading diabetic retinopathy (DR) from fundus images, their
inherent "black box" nature presents a significant barrier to their use in clinical settings.
Clinicians need diagnostic explanations to ensure patient safety, confirm the model's reliability,
and maintain accountability. This is a requirement that systems lacking transparency cannot
fulfill. This study presents the creation and testing of a Transparent Diagnosis Model (TDM)
for Diabetic Retinopathy, using Explainable Artificial Intelligence (XAI) methods. Our
approach combines a customized Convolutional Neural Network (CNN) for classification with
the Grad-CAM method to create visual explanations at the same time.
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I.INTRODUCTION

Diabetic Retinopathy (DR) is an optic disease that affects the retina in the back of eye by damaging its blood vessels.
This is a complication that results from improper and clotted blood circulation in the retina due to damage in the small blood
vessels which. Deep learning (DL) models have quickly become very successful tools for automated DR grading, frequently
matching or even surpassing human performance, as a result of the enormous volume of images that need to be interpreted
and the lack of qualified ophthalmologists.

The main drawback is clinical practice, which lacks a predictive tool for proactive future management and is
unreliable. The intricate, non-linear relationships between physiological responses and a variety of lifestyle factors are
difficult for traditional modeling techniques to adequately capture.Simply put, existing systems lack the intelligence to turn
vast amounts of personal data into actionable, forward-looking insights.

This Paper introduce the Intelligent Diabetes Management System (IDMS) , this is a solution which bridges a
predictive gap. We leverage the power of Advanced deep learning specifically (TCN) - Temporal convolutional network.
to analyze a personalized dataset encompassing continuous glucose readings and detailed behavioral inputs.

Il. SYSTEM METHODOLOGY
1. Data Ingestion and Integrity [Functionality]
[R1] [API] This model will mostly relies on ingest, complex and multi source data stream. The first requirement is
a secure, high throughtput API connection for the prediction model which will receive the data at minimal latency. [R2]
[Data Validation] This is a part of the module where it is is to sanitize , timestamp and validate incoming data and flagging
anomalies before feeding it to the predictive module .This will ensure the prediction accuracy.

2. Core Predictive Performance [Technical]

The primary requirement of the IDMS is the accurate and timely forecasting and predicting the future blood glucose
levels.[R2.1] [Prediction Horizon] this system will generate a reliable forecast for BG levels up to 60 minutes in the future
[R2.2] [Accuracy Threshold] the predictive engine must achieve a Mean absolute relative difference for complete
population set .this is a benchmark which should be achieved for clinical decision making.defines the upper limit of
diagnostic visibility and is non-negotiable for reliable clinical data.

3. Sensing and Data Acquistion Layer[Gathering]
The main requirement is the input itself, which mandate sthe use of Fundus camera. High quality images are
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necessary for accurate deep learning analysis , the system should compatible with standard Non-mydritic fundus cameras
capable of capturing high-resolution retinal image ideally 2048*1536 pixels.

) W .
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Figure 1: Fundus Camera (easyscan)
4. High-Performance Training Enviroment [Processing]

Training the main diagnostic model, which is a Convolutional Neural Network (CNN) with an Explainable Al (XAl)
module like Grad-CAM or SHAP, requires a lot of computational resources.. At minimum, one enterprise-level GPU must
be present on the training server. Imagine something akin to an NVIDIA A100. This GPU should come with at least 16 GB
of dedicated video memory, or VRAM. Processing big, complicated image datasets quickly and effectively is crucial, as is
controlling the memory required to produce the transparency maps that the XAl component uses.

I1l. LITERATURE REVIEW
Diabetic Retinopathy (DR), a frequent consequence of diabetes, remains the primary global cause of vision loss
among working-age individuals. Preventing severe vision impairment hinges on prompt identification and intervention.
Traditional diagnostic screening, typically involving physical examinations performed by ophthalmologists, is often time-
intensive and susceptible to variability between different observers. The integration of Explainable Artificial Intelligence
(XA, particularly through techniques like deep learning, offers a potential breakthrough by enhancing diagnostic accuracy
in DR detection.

Challenges and Machine Learning Applications

Despite Al's promise, many models suffer from opacity, raising serious concerns regarding their transparency and
interpretability. Research focusing on the real-world application of Al in DR diagnosis is limited, often concentrating on
developing diagnostic tools to improve practitioner efficiency. One study noted that the adoption of Al and data analytics in
DR screening has been slower compared to other diabetic management methods like laser surgery or drug treatments.

This particular research demonstrated the utility of machine learning by employing the Linear Support Vector
Classifier (LinearSVC), Calibrated ClassifierCV, and Logistic Regression models, which collectively achieved an 80%
predictive accuracy for the disease. Leveraging data from the National Health and Nutrition Examination Survey, the study
underscored a shift towards data-driven decision-making. Key factors—specifically gender, insulin use, hypertension, and
duration of diabetes—were analyzed for their role in predicting DR, confirming their significance as contributing elements.

Predictive Modeling and Enhanced Accuracy

Further research explored the predictive value of vital patient metrics such as HbAlc, the length of time with the
disease, and albumin excretion rate in estimating the likelihood of DR development. This work focused on established
relationships between various risk factors and diabetic complications to create effective prediction models. It utilized curve
fitting methodologies, including Artificial Neural Networks (ANN) and least squares regression, implemented via software
like Tiberius and SPSS. Seven distinct regression models (linear, logarithmic, quadratic, cubic, power, S-curve, and
exponential) were assessed for constructing these predictive tools, with the analysis indicating that models with a higher R-
squared value outperformed both ANN and other regression types.

Another study prioritized using deep learning and machine learning algorithms to isolate critical risk factors, aiming
to generate an early warning system for DR. This involved a novel approach combining a Deep Neural Network (DNN) with
Recursive Feature Elimination (RFE) to improve early diagnosis based on traditional risk factors. The resulting model
substantially boosted the prediction accuracy for early-stage DR to 82.033%, surpassing the effectiveness of existing best-
practice models. This research emphasized the essential role of RFE in identifying necessary risk factors for retinopathy
diagnosis and also confirmed the model's stability and generalizability by comparing it with other ML models and applying
it to datasets for predicting other diabetic complications like nephropathy and hypertension. Finally, a separate investigation
showcased the efficacy of various ML algorithms in DR prediction, reporting excellent performance indicators (including
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sensitivity, specificity, positive rates, negative rates, and ROC curves). By analyzing different datasets, this study classified
and tested multiple ML models—such as Naive Bayes, SMO, logistic regression, SGD, bagging, J48, decision tree, and
random forest—concluding that the logistic regression technique demonstrated the highest average accuracy in improving
DR prediction.

IV. PROPOSED MODEL

Diagnosing Diabetic Retinopathy (DR) is inherently difficult because the disease presents with varied and subtle
early signs. The complexity of represnting retinal images, coupled with the elusive nature of early disease indicators, makes
the traditional diagnostic process vulnerable to inconsistencies and human error. Conversely, while Artificial Intelligence
(Al) can improve accuracy, its "black box™ nature—where the decision-making process is hidden—can erode clinician
confidence and hinder its widespread adoption in healthcare.The Role of Explainable Al (XAl)Explainable Al (XAl) offers
a critical solution by adopting a "white-box" approach. This transparency allows healthcare professionals to see and
understand the rationale behind the Al's predictions. The primary goal of XAl is to foster trust in deep learning models by
providing post-hoc explanations that elucidate the importance of both local and global features used in the diagnosis. By
making the Al accountable and its decisions comprehensible, XAl facilitates the development of transparent models for
clinical use Proposed XAl-Based Diagnostic ModelThis study introduces an XAl-based model designed to explain the Al's
conclusions to healthcare professionals, thereby boosting their confidence in using the system to improve patient care. The
model follows a structured, multi-step process:Image Acquisition: The process begins by obtaining retinal images from
patients. These images are essential for assessing DR severity and guiding preventative measures against vision loss.Rigorous
Preprocessing and Augmentation: The raw images undergo a preprocessing layer, which includes data augmentation. This
involves manipulating and enhancing the images to increase the dataset's size and diversity, preparing it for effective model
training.Data Splitting: The preprocessed data is divided into three distinct sets:Training (60%): Used to teach the model.
(e.g., 1,702 samples) Testing (20%): Used to demonstrate the model's feasibility. (e.g.,58 samples)Validation (20%): Used to
fine-tune model hyperparameters and prevent overfitting. (e.g., 568 samples)Deep Learning Training (CNN): The 60%
training set is fed into a Convolutional Neural Network (CNN) algorithm, which is highly effective at learning and detecting
the complex patterns of DR in retinal images. This is an iterative process where the CNN continually adjusts its parameters
to minimize prediction errors. XAl Explanation Layer: The CNN's predictions are then passed to XAl methods. This is the
core step where the rationale and feature importance (the specific patterns or areas in the retinal images) are explained to
make the black-box decisions transparent.Model Validation and Storage: The process checks if a pre-defined learning rate is
met. If successful, the trained, explainable patterns are stored in the cloud. Otherwise, the deep learning-based CNN algorithm
is retrained to further refine its accuracy This structured approach, combining the predictive power of a CNN with the
transparency of XAl, aims to provide clinicians and stakeholders with an easy-to-understand justification for algorithmic
decisions, making the system viable and reliable for real-world DR diagnosis.
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Figure 2: Proposed model For Diabetic Retinopathy

V. SIMULATED RESULTS
Substantial testing is warranted addressing pivotal challenges inherent in diagnosing diabetic retinopathy accurately
at appropriate stages requiring validation procedures demonstrating both viability along with accuracy robustness regarding
proposed XAl model efficacy overview detailing comprehensive testing protocols validating model performance against
datasets consisting predominantly focusing on training phases followed by validation steps aimed towards avoiding
overfitting delineating feasible demonstrations across remaining samples as represented visually through class distributions
seen within provided figures showcasing results effectively
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Figure 3 : Classification distribution in training dataset

VI. OUTPUT AND DISCUSSION

The outcomes derived from our investigation affirm that elevated diagnostic performance can coexist harmoniously
alongside meaningful interpretability attributes evident through core CNN capabilities attaining AUC scores reaching up
towards 0 .98 alongside overall accuracies clocking 95 .2 % specifically targeting referable Diabetic Retinopathy
classifications successfully tackled black box dilemmas witnessed previously.

Key outputs generated reflect transparent diagnostic predictions visualized akin high-resolution heatmaps layered
onto original fundus imagery quantitatively gauging localization abilities showcased via loU metrics revealing averages
nearing $0 .81 $ confirming robust performances anchored upon clinically pertinent features rather than extraneous image
artifacts ensuring reliability throughout treatment modalities explored herein.

Discussions pivot around transformative aspects entailed within transparency initiatives directly counteracting
longstanding clinician reservations hindering adoption rates associated autonomous systems whereby real-time verifications
enable clinicians assess credibility underpinning artificial intelligence driven decisions fostering enhanced trusts anticipated
expedite deployment pathways surrounding DL-based diagnostics yielding mutual benefits across disciplines alike
simultaneously promoting error analyses highlighting focal points amid clinically irrelevant structures warranting
amendments thus propelling development agendas forthwith .

Nevertheless despite commendable performances outlined herein comparative evaluations spanning extensive
datasets encapsulating varying ethnic backgrounds remain requisite reinforcing generalizability alongside integrations amidst
live clinical workflows followed longitudinal assessments benchmarking progress over time frames examined intrinsically
linked future endeavors shaping advancements targeted refining operational efficiencies hallmarks sustaining optimal patient
care delivery standards pursued diligently moving forward
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Figure 4 : Output & the results

This figure offers a clear look at how our diagnostic model learned and improved over 50 training cycles, or epochs.
The visual attributes of the retinal images—showing both eyes with Diabetic Retinopathy (DR) and No Diabetic Retinopathy
(No_DR)—ygive us essential insight into the quality and features the model was trained on, allowing a quick comparison
between healthy and diseased retinas. More importantly, the graphs detail the model's performance over time. The left
subplot, tracking the loss, shows a great learning curve: the training loss (blue line) started high, around $0.81$, but sharply
dropped to approximately $0.10$. Similarly, the validation loss (orange line) began near $0.85% and settled around $0.153$.
Although the validation loss showed some fluctuation around epoch 30, the consistent downward trend for both lines strongly
suggests the model was learning effectively. The right subplot confirms this success by showing the accuracy increasing over
the same period, ultimately demonstrating that the machine learning system successfully mastered the task of diagnosing
diabetic retinopathy from the image data we provided.

VII. CONCLUSION

Numerous challenges accompany diabetic retinopathy diagnoses characterized by heterogeneous manifestations
coupled precursory signals easily overlooked necessitating precise interpretation often inciting biases/inconsistencies
accordingly conventional Al implementations enhance diagnostic accuracies albeit functioning primarily under opaque
frameworks inhibiting practitioner trust ultimately hampering practical utilizations thereof henceforth proposals explored
herein integrate Explainable Als converting erstwhile black boxes transforming them white boxes imparting lucid insights
underpinning model decision rationalities enhancing trustworthiness reliability during clinical engagements showcased
markedly improved test image LIME explanations pinpointed regions influencing outcome reflections fostering credibility
authenticity reiteration convergence history plots substantiating continual advancements reflected throughout epochs
validated assuring robust enhancements recognized distinctly securing overall accuracies surpassing benchmarks established
historically achieved indications nearing 94 % underscoring superior interpretative capabilities operationally
viable/utilitarian objectives aligned cohesively advancing modern medical paradigms forthrightly envisaged

VIII. LIMITS AND FUTURE WORK

Although our inquiry signifies noteworthy strides taken screening diabetic retinopathy employing Explainable Als
acknowledging certain limitations remains crucial chiefly reliance upon comparatively limited datasets constraining potential
generalization effects arising amidst diverse population groups mandates substantive expansions ensuring comprehensive
coverage achievable universally concurrently evaluating computational demands imposed resultant complexities emerging
relative resource constraints prevailing within clinics equipped technologically thus necessitating explorations alternative xai
methodologies aspiring comprehensive elucidations steer seamless integrations engendered across rapidly evolving clinical
environments optimizing real-time applicability predicated upon delivering effective patient care solutions envisioned
pragmatically ahead further cultivating innovative pathways transpiring collaboratively aligned collectively towards
unyieldingly enhancing healthcare delivery standards perpetually sought after diligently traversed henceforward .
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