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ABSTRACT 

Diabetic Retinopathy (DR) is a major retinal disease that can lead to vision loss if not detected 

at an early stage. Automated diagnosis using Artificial Intelligence has shown promising 

results; however, most existing systems rely on black-box deep learning models that lack 

transparency and interpretability. This limitation reduces clinical trust and makes medical 

validation difficult. To address this challenge, this project proposes an Explainable Artificial 

Intelligence (XAI) based framework for transparent diabetic retinopathy diagnosis using a 

structured evidence-driven approach.The proposed system consists of six major modules: 

Adaptive Retinal Structure Normalization (ARSN), Retinal Region Sensitivity Mapper 

(RRSM), Spatial Feature Transparency Extractor (SFTE), Evidence-Driven Diagnostic 

Reasoner (EDDR), Explainability Fusion and Attribution Layer (EFAL), and Clinical 

Interpretation Generator (CIG). Initially, retinal fundus images are preprocessed to enhance 

structural visibility and normalize illumination variations. The retina is then divided into 

central, mid, and peripheral regions to enable region-aware analysis. Interpretable spatial 

features are extracted from each region and combined using evidence- driven reasoning to 

predict the diabetic retinopathy stage. The system further generates visual explainability 

heatmaps highlighting diagnostic attention regions and produces clinical interpretation reports 

containing prediction results, confidence scores, and reasoning summaries.The proposed 

framework improves transparency, interpretability, and reliability compared to conventional 

black-box approaches, making it suitable for explainable medical decision support and 

research-oriented clinical applications. 

Keywords Explainable Artificial Intelligence (XAI), Diabetic Retinopathy, Retinal Image 
Processing, Evidence-Driven Diagnosis, Region-Based Analysis, Explainability Heatmap, 
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Medical Image Analysis. 

    

INTRODUCTION 

1.1 General Introduction 

Diabetic Retinopathy (DR) is a progressive retinal disease caused by long-term diabetes and is 

one of the major reasons for vision impairment worldwide. The condition affects retinal blood 

vessels and gradually damages vision if not detected and treated at an early stage. Early 

diagnosis plays a vital role in preventing blindness and improving treatment outcomes. 

Traditionally, retinal diagnosis is performed manually by ophthalmologists through visual 

examination of fundus images. However, manual screening is time-consuming, requires expert 

knowledge, and may lead to variations in diagnosis. Recent advancements in Artificial 

Intelligence have enabled automated analysis of retinal images for disease detection. Many 

existing approaches rely on deep learning models that provide high accuracy but operate as 

black-box systems. These models do not clearly explain how decisions are made, which reduces 

trust in medical environments. Therefore, there is a strong need for transparent and explainable 

diagnostic systems that provide both accurate predictions and understandable reasoning. 

1.2 Problem Definition 

Most existing AI-based diabetic retinopathy diagnosis systems focus mainly on prediction 

accuracy without providing sufficient interpretability. Black-box models fail to explain the 

diagnostic reasoning process, making it difficult for clinicians to validate results. The absence 

of transparency limits real-world clinical adoption. Hence, a structured and explainable 

framework is required to perform reliable diagnosis while providing clear reasoning and visual 

explanations. 

1.3 Objective of the Project 

The main objective of this project is to design and implement an Explainable Artificial 

Intelligence based system for diabetic retinopathy diagnosis using transparent evidence-driven 

reasoning and region-aware analysis. 

1.3.1 Specific Objectives 

 To preprocess retinal images and improve structural clarity. 
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 To divide retinal images into meaningful anatomical regions. 
 

 To extract transparent and interpretable spatial features. 
 

 To perform evidence-driven diagnostic reasoning. 
 

 To generate visual explainability maps highlighting diagnostic regions. 
 

 To produce human-readable clinical interpretation reports. 
 

1.4 Scope of the Project 

The proposed system focuses on explainable diagnosis using retinal fundus images. The scope 

includes image preprocessing, region-based analysis, feature extraction, diagnostic reasoning, 

and explainability generation. 

1.4.1 Scope Includes 

 Retinal image preprocessing and normalization 
 

 Region-based retinal analysis 
 

 Feature-driven diagnostic reasoning 
 

 Explainability heatmap generation 
 

 Clinical interpretation reporting 
 

1.4.2 Limitations 

 System performance depends on image quality. 
 

 Limited to fundus image analysis. 
 

 Clinical validation with large datasets is outside current scope. 
 

1.5 Existing System 

Existing automated diabetic retinopathy detection systems primarily use machine learning or 

deep learning models. These systems focus on classification accuracy but often lack 

interpretability. Most approaches use end-to-end neural networks where feature learning and 

decision making are hidden inside the model. 

 

 
1.5.1 Limitations of Existing System 
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 Lack of transparency in decision-making. 
 

 Difficult to interpret diagnostic reasoning. 
 

 Limited clinician trust. 
 

 No clear region-wise explanation. 
 

1.6 Proposed System 

To overcome the limitations of existing systems, an explainable and transparent diagnostic 

framework is proposed. The system follows a modular pipeline where each stage performs a 

clearly defined operation. 

1.6.1 System Workflow 

The overall workflow of the proposed system is: 
 

ARSN → RRSM → SFTE → EDDR → EFAL → CIG 
 

1.6.2 Features of Proposed System 

 Transparent evidence-driven diagnosis 
 

 Region-based retinal analysis 
 

 Interpretable feature extraction 
 

 Visual explainability heatmaps 
 

 Clinical interpretation generation 
 

 Modular and scalable architecture 
 

1.7 Explainability and Transparency in AI-Based Diagnosis 

Explainability is an important requirement in medical AI systems. Clinicians need to 

understand why a diagnosis is generated rather than simply accepting a prediction. Transparent 

systems improve reliability and allow medical experts to validate results. The proposed system 

integrates explainability directly into the diagnostic pipeline rather than applying it as a separate 

post-processing step. 

1.7.1 Advantages of Explainable AI in Medical Diagnosis 

 Improves clinician trust 
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 Enables validation of AI decisions 
 

 Enhances interpretability 
 

 Supports safer medical decision-making 
 

 Reduces black-box dependency 
 

1.8 Applications of the Proposed System 

The proposed system can be applied in: 
 

 Automated diabetic retinopathy screening 
 

 Clinical decision support systems 
 

 Medical research and analysis 
 

 AI explainability studies 
 

 Educational and training purposes 

 
2 LITERATURE REVIEW 

 
2.1 Overview 

Diabetic Retinopathy (DR) is a major complication of diabetes that affects retinal blood vessels 

and may lead to permanent vision loss if not diagnosed early. Over the past decade, researchers 

have proposed various automated diagnosis techniques using image processing, machine 

learning, and deep learning methods. The primary goal of these systems is to improve screening 

efficiency and reduce manual workload for ophthalmologists. This chapter reviews existing 

approaches, identifies their limitations, and highlights the need for explainable and transparent 

diagnostic frameworks. 

2.2 Review of Existing Systems 

2.2.1 Traditional Image Processing and Machine Learning Approaches 

Early diabetic retinopathy detection systems relied on conventional image processing 

techniques such as contrast enhancement, thresholding, morphological operations, and 

handcrafted feature extraction. Features like texture, intensity, and vessel structure were 



International Journal of Scientific Research and Engineering Development-– Volume 9 Issue 2, Mar-Apr 2026   
               Available at www.ijsred.com                                 

ISSN : 2581-7175                             ©IJSRED: All Rights are Reserved Page 2941 

extracted and classified using machine learning algorithms such as Support Vector Machines 

(SVM), Decision Trees, and Random Forests. These methods provided interpretable features 

but often lacked robustness and scalability when handling large and complex datasets. 

2.2.2 Deep Learning-Based Diagnosis Systems 

With the advancement of deep learning, Convolutional Neural Networks (CNNs) became 

widely used for automated retinal disease detection. CNN-based models automatically learn 

hierarchical features from retinal images and achieve high classification accuracy. Several 

studies demonstrated strong performance in DR grading using pretrained networks and transfer 

learning. However, these systems operate as black-box models where internal decision-making 

processes are difficult to interpret, limiting their acceptance in clinical environments. 

2.2.3 AI-Based Automated Screening Systems 
Recent research introduced AI-based screening frameworks designed for large-scale 

diagnosis. These systems focus on improving detection speed and reducing dependency on 

manual screening. Although they provide efficient automated diagnosis, many systems 

prioritize performance metrics over interpretability and fail to provide detailed reasoning 

behind predictions. 

2.2.4 Explainable AI in Medical Imaging 

Explainable Artificial Intelligence (XAI) has emerged as a promising research area to address 

the transparency limitations of black-box models. Techniques such as Grad-CAM, saliency 

maps, and attention visualization attempt to highlight regions influencing predictions. While 

these methods improve visualization, they are often post-hoc explanations and do not 

fundamentally change the underlying black-box nature of the model. 

2.2.5 Summary of Existing Systems 

From the literature, it is observed that traditional methods provide interpretability but limited 

accuracy, while deep learning approaches offer higher accuracy but poor transparency. Existing 

explainability techniques mainly provide visual overlays without fully integrating 

interpretability into the diagnostic reasoning process. 

2.3 Observations from Literature 

The following key observations were identified: 
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 Most systems prioritize classification accuracy over interpretability. 

 
 Black-box deep learning models reduce clinician trust. 

 
 Region-wise retinal analysis is limited in many studies. 

 
 Existing explainability methods are mostly post-processing techniques. 

 
 There is a need for structured, evidence-driven diagnostic frameworks. 

 
2.4 Summary 

The literature review indicates that current diabetic retinopathy diagnosis systems lack a 

balanced combination of accuracy, transparency, and interpretability. While deep learning 

improves performance, explainability remains a critical challenge. Therefore, a structured 

explainable pipeline that combines region-based analysis and evidence-driven reasoning is 

required. 

2.5 Detailed Explanation of Comparative Study 

2.5.1 Traditional Machine Learning–Based DR Detection 

Traditional systems depend on manually engineered features and simple classifiers. These 

approaches provide understandable results but suffer from limited adaptability and lower 

performance on complex datasets. 

2.5.2 Deep Learning CNN-Based Models 

CNN-based models automatically extract deep features and achieve high diagnostic accuracy. 

However, their black-box nature makes clinical interpretation difficult, creating challenges in 

trust and adoption. 

2.5.3 Explainable AI-Based Models 

Explainable AI models attempt to visualize attention regions or feature importance. Although 

these methods improve interpretability, they usually explain predictions after classification 

rather than integrating explainability into the core reasoning process. 

2.5.4 Proposed Explainable AI-Based DR Diagnosis System 
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The proposed system introduces a fully transparent pipeline combining preprocessing, region- 

based analysis, feature transparency, evidence-driven reasoning, and explainability fusion. 

Instead of relying on black-box classification, diagnosis is generated through interpretable 

evidence fusion, improving reliability and clinical trust. 

2.6 Summary of Findings 

Based on the literature analysis, the following conclusions are drawn: 
 

 Traditional methods provide transparency but limited performance. 
 

 Deep learning methods provide accuracy but lack interpretability. 
 

 Existing explainability approaches are mostly visualization-based. 
 

 A structured evidence-driven framework is needed for reliable medical diagnosis. 

The proposed system addresses these gaps by integrating explainability into every stage of the 

diagnostic pipeline. 

SYSTEM ANALYSIS 

2.7 Existing System 

Existing diabetic retinopathy diagnosis systems mainly rely on conventional image processing 

or deep learning–based classification approaches. Traditional methods use handcrafted features 

and classical classifiers, while modern systems use Convolutional Neural Networks (CNNs) 

for automated diagnosis. Although these systems provide acceptable accuracy, most of them 

operate as black-box models without transparent reasoning. 

Many automated systems focus only on classification output and do not provide detailed 

evidence or explanation for the diagnostic decision. This limits their acceptance in real clinical 

environments where interpretability and trust are essential. 

2.8 Common Characteristics of Existing Systems 
 

 
 Dependence on deep learning classification models 

 
 

 End-to-end prediction without intermediate reasoning 

 
 Limited region-wise analysis 
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 Lack of transparent feature contribution 
 
 

 Explainability applied only as post-processing 
 

 
2.8.1 Limitations of Existing System 

 

 
 Black-box decision-making

 
 Poor interpretability for clinicians

 
 No structured evidence reasoning

 Limited transparency in feature usage

 
 Reduced trust in medical deployment

 

 
2.9 Proposed System 

The proposed system introduces a structured Explainable Artificial Intelligence framework 

designed to overcome the limitations of existing approaches. Instead of using black-box 

classification, the system follows a modular evidence-driven pipeline where each stage 

contributes interpretable outputs. 

Proposed Pipeline 

ARSN → RRSM → SFTE → EDDR → EFAL → CIG 
 

 
Each module performs a clearly defined function: 

 
 ARSN: Image normalization and enhancement 

 
 RRSM: Region-wise retinal segmentation 
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 SFTE: Transparent feature extraction 

 
 EDDR: Evidence-driven diagnosis 

 
 

 EFAL: Explainability heatmap generation 
 
 

 CIG: Clinical interpretation report 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 3-1 Proposed System Workflow 

 

 
Input Image 

↓ 
ARSN 

↓ 
RRSM 

↓ 
SFTE 

↓ 
EDDR 
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↓ 
EFAL 

↓ 
CIG 
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Feature Existing Systems Proposed System 

Diagnostic Approach Black-box classification Evidence-driven reasoning 

Explainability Limited Integrated 

Region Analysis Minimal Central, Mid, Peripheral 

Feature Transparency Low High 

Clinical Interpretation Not available Included 

Trustworthiness Moderate High 

 
Table 3-1 Existing vs Proposed System Comparison 

 

 
2.10 Feasibility Study 

The feasibility study evaluates whether the proposed system can be successfully implemented 

and deployed. 

2.10.1 Technical Feasibility 

The system is technically feasible because: 
 
 

 Uses standard Python libraries (OpenCV, NumPy).

 
 Runs on normal computing systems without specialized hardware.

 
 

 Modular architecture allows easy development and testing.
 

 
2.10.2 Operational Feasibility 

 
 

The system is user-friendly and suitable for research and clinical assistance: 
 
 

 Automated processing pipeline 

 
 Visual explainability outputs 
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 Human-readable reports 

2.10.3 Economic Feasibility 
 
 

The proposed system uses open-source tools and libraries, reducing development cost. No 

expensive proprietary software is required. 

 
2.10.4 Schedule Feasibility 

 
 

The modular design enables incremental implementation: 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 3-2 Explainable diagnostic workflow 

 
 

 
This structure ensures manageable development time. 
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Region-wise segmentation 

Image preprocessing 

 

Feasibility Type Status Remarks 

Technical Feasible Standard tools used 

Operational Feasible Easy workflow 

Economic Feasible Open-source 

implementation 

Schedule Feasible Modular development 

 
Table 3-2 Feasibility Analysis Summary 

2.11 System Requirements 

 
2.11.1 Hardware Requirements 

 
Processor: Intel i5 or above 

RAM: Minimum 8 GB 

Storage: 50 GB free space 

Display: Standard monitor 

 
2.11.2 Software Requirements 

 
Operating System: Windows / Linux 

Programming Language: Python 

Libraries: OpenCV, NumPy, CSV 

Development Environment: VS Code / Jupyter 

 
2.11.3 Functional Requirements 

 

 



International Journal of Scientific Research and Engineering Development-– Volume 9 Issue 2, Mar-Apr 2026   
               Available at www.ijsred.com                                 

ISSN : 2581-7175                             ©IJSRED: All Rights are Reserved Page 2950 

Feature extraction 

Evidence-based diagnosis 

Explainability heatmap generation 

Clinical report generation 

 
2.11.4 Non-Functional Requirements 

 

 
Transparency 
Reliability 
Scalability 
Maintainability 
Interpretability 

 
 

 

Functional Requirements Non-Functional Requirements 

Preprocessing Reliability 

Region Mapping Transparency 

Feature Extraction Maintainability 

Diagnosis Scalability 

Explainability Interpretability 

 
Table 3-3 Functional vs Non-Functional Requirements 

 

2.12 Functional Requirements 
 
 

The system must: 

 
 Accept retinal images as input. 

 
 

 Perform preprocessing automatically. 
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 Generate region masks. 

 
 Extract interpretable features. 

 
 

 Predict DR stage using evidence fusion. 

 
 Produce visual explanation outputs. 

 

 
2.13 Non-Functional Requirements 

 
The system should: 

 
 Provide transparent reasoning. 

 
 

 Maintain consistent outputs. 

 
 Support future extension. 

 
 

 Operate efficiently on standard systems. 
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CHAPTER 4 

3 SYSTEM DESIGN 
 
 

3.1 Overview 
This chapter presents the design of the proposed Explainable Artificial Intelligence based 

diabetic retinopathy diagnosis system. The system is designed as a modular and transparent 

pipeline where each module performs a clearly defined operation. Unlike traditional black-box 

models, the proposed design focuses on interpretability, region-aware analysis, and evidence- 

driven reasoning. 

The complete architecture consists of six major modules: 

 Adaptive Retinal Structure Normalization (ARSN) 

 Retinal Region Sensitivity Mapper (RRSM) 

 Spatial Feature Transparency Extractor (SFTE) 

 Evidence-Driven Diagnostic Reasoner (EDDR) 

 Explainability Fusion and Attribution Layer (EFAL) 

 Clinical Interpretation Generator (CIG) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4-1 Overall System Architecture of the Proposed Explainable Diagnostic System 
 

 
3.1.1 System Design Objectives 

The main design objectives are: 
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 To ensure transparent diagnostic reasoning

 To enable region-based retinal analysis

 To provide interpretable feature extraction

 To generate visual explainability outputs

 To support clinical decision interpretation
 

 
3.1.2 High-Level Architecture 

The system follows a sequential pipeline design where output from one module becomes input 

for the next module. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
3.2 Working Flow 

Input Image 

↓ 

ARSN 

↓ 

RRSM 

↓ 

SFTE 

↓ 

EDDR 

↓ 

EFAL 

↓ 

CIG 

The working flow consists of six sequential stages: 

Step 1: Image Acquisition 

Retinal fundus images are collected and used as system input. 

Step 2: Image Preprocessing (ARSN) 

Image quality is improved using normalization and enhancement techniques. 

Step 3: Region Mapping (RRSM) 

Retinal image is divided into central, mid, and peripheral regions. 
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Step 4: Feature Extraction (SFTE) 

Interpretable spatial features are extracted from each region. 

Step 5: Diagnostic Reasoning (EDDR) 

Evidence from features is fused to predict DR stage. 

Step 6: Explainability and Reporting (EFAL + CIG) 

Heatmaps and clinical interpretation reports are generated. 
 

 
Module Purpose Output 

ARSN Image normalization Enhanced image 

RRSM Region segmentation Region masks 

SFTE Feature extraction Feature vectors 

EDDR Evidence reasoning DR stage + confidence 

EFAL Explainability generation Heatmap 

CIG Clinical reporting Diagnostic report 

 

 
Figure 4-2 Proposed System Module Description 

 
3.2.1 Advantages of the Architecture 

 Modular design for easy maintenance

 Transparent diagnostic reasoning

 Region-aware analysis improves interpretability

 Explainability integrated into pipeline

 Suitable for medical research applications
 

3.3 ARSN Module Design 

 Purpose 

To normalize retinal images and enhance structural visibility. 

 Design Components 

Image resizing 

Contrast enhancement (CLAHE) 

Bilateral filtering 

Intensity normalization 
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3.4 RRSM Module Design 

 Purpose 

To divide retinal images into anatomically meaningful regions. 

 Region Definition 

Central region 

Mid-peripheral region 

Peripheral region 

3.5 SFTE Module Design 

 Purpose 

To extract transparent and interpretable spatial features. 

 Extracted Features 

Mean intensity 

Standard deviation 

Texture variance 

Edge density 

Vessel lesion score 
 

3.6 EDDR Module Design 

 Purpose 

To perform evidence-driven diagnostic reasoning. 

 Evidence Fusion Strategy 

Fused Evidence = Σ (Region Weight × Region Evidence) 
 

3.7 EFAL Module Design 

 Purpose 

To generate explainability heatmaps. 

 Process 

Combine region masks 

Apply evidence weights 

Generate attribution map 

3.8 CIG Module Design 

 Purpose 
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To generate human-readable clinical reports. 

 Report Contents 

Predicted DR stage 

Confidence score 

Region contribution summary 

Explanation text 

 
Component Description 

Stage 

Prediction 

DR severity level 

Confidence 

Score 

Diagnostic certainty 

Region 

Evidence 

Contribution of regions 

Explanation Human-readable summary 

 
 

Figure 4-3 Clinical Report Components 

 
3.9 System Architecture Integration 

3.9.1 Integrated Architecture Overview 

All modules operate sequentially and exchange structured outputs. 

3.9.2 Data Flow Across Modules 

Each module receives processed data and generates interpretable outputs. 

3.9.3 Module Interaction Design 

Modules remain independent for scalability. 

3.9.4 Architecture Benefits 

 Transparency

 Reliability

 Expandability

3.9.5 Reliability and Expandability 
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The modular architecture supports future model improvements. 

3.9.6 Overall System Architecture Summary 

The proposed design integrates preprocessing, region analysis, feature extraction, evidence 

reasoning, explainability, and reporting into a unified explainable framework. 
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CHAPTER 5 

4 IMPLEMENTATION 

4.1 Overview 
This chapter explains the implementation of the proposed Explainable Artificial Intelligence 

based diabetic retinopathy diagnosis system. The implementation follows a modular pipeline 

consisting of six sequential modules: 

ARSN → RRSM → SFTE → EDDR → EFAL → CIG 
 

Each module generates structured outputs which are used by the next stage. 
 

4.1.1 Implementation Environment 

 Programming Language: Python
 

 Libraries: OpenCV, NumPy, CSV
 

 Platform: Windows
 

 Development Tool: VS Code

 
4.1.2 Implementation Pipeline Structure 

1. Adaptive Retinal Structure Normalization (ARSN) 
 

2. Retinal Region Sensitivity Mapper (RRSM) 
 

3. Spatial Feature Transparency Extractor (SFTE) 
 

4. Evidence-Driven Diagnostic Reasoner (EDDR) 
 

5. Explainability Fusion and Attribution Layer (EFAL) 
 

6. Clinical Interpretation Generator (CIG) 
 

4.2 Adaptive Retinal Structure Normalization (ARSN) 

4.2.1 Objective 

To normalize retinal images and enhance structural visibility. 
 

4.2.2 Input and Output 

 Input: Raw retinal images
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 Output: Normalized grayscale images
 

4.2.3 Processing Steps 

 Image resizing
 

 Grayscale conversion
 

 CLAHE enhancement
 

 Bilateral filtering
 

 Intensity normalization
 
 
 
 
 
 
 
 
 
 

 
Figure 5-1 Input image 

 
 
 
 
 
 
 
 
 
 
 

Figure 5-2 ARSN Output 

4.3 Retinal Region Sensitivity Mapper (RRSM) 

4.3.1 Objective 

To divide retinal images into central, mid, and peripheral regions. 
 

4.3.2 Output 

Binary masks representing different retinal zones. 
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Figure 5-3 Retinal Region Sensitivity Mapper (RRSM) Central mid and peripheral 

 
4.4 Spatial Feature Transparency Extractor (SFTE) 

4.4.1 Objective 

To extract interpretable region-wise features. 
 

Image Mean 

Intensity 

Std 

Intensity 

Texture 

Variance 

Edge 

Density 

Vessel Lesion 

Score 

image_01.png 142.35 38.42 112.56 0.245 0.612 

image_02.png 136.72 41.08 118.94 0.261 0.587 

 
Table 5-1 Central Features 

 

 
Image Mean 

Intensity 

Std 

Intensity 

Texture 

Variance 

Edge 

Density 

Vessel Lesion 

Score 

image_01.png 128.44 35.21 102.34 0.198 0.503 

image_02.png 132.10 36.77 108.66 0.205 0.529 

 
Table 5-2 Mid Features 
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Image 

Mean 

Intensity 

Std 

Intensity 

Texture 

Variance 

Edge 

Density 

Vessel 

Lesion 

Score 

image_01.png 120.25 30.11 95.47 0.156 0.421 

image_02.png 118.80 31.42 97.82 0.162 0.438 

 
Table 5-3 Peripheral Features 

 
 
 

Region 
Average Mean 

Intensity 

Average Edge 

Density 

Average Vessel 

Score 

Central 139.53 0.253 0.599 

Mid 130.27 0.201 0.516 

Peripheral 119.52 0.159 0.429 

 
Table 5-4Final Feature Summary 

 

 
4.5 Evidence-Driven Diagnostic Reasoner (EDDR) 

4.5.1 Objective 

To generate diagnostic predictions using weighted evidence fusion. 
 

4.5.2 Evidence Fusion Equation 

Fused Score = Σ (Region Weight × Region Evidence) 
 

4.5.3 Diagnostic Output 
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Image Central 

Evidence 

Mid 

Evidence 

Peripheral 

Evidence 

Fused 

Score 

Predicted 

Stage 

Confidence 

image_01.png 0.78 0.62 0.41 0.64 Stage 3 0.82 

image_02.png 0.72 0.58 0.39 0.59 Stage 2 0.76 

 
Table 5-5 EDDR Diagnostic Results 

 
 

4.5.4 Interpretation 

The central region contributes higher diagnostic evidence, validating the region-based 

sensitivity strategy. 

4.6 Explainability Fusion and Attribution Layer (EFAL) 

4.6.1 Objective 

To generate visual explainability maps. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 5-4 Heatmap explanation 
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Image Heatmap Generated Overlay Generated 

image_01.png Yes Yes 

image_02.png Yes Yes 

 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 5-5 Explanation overlay - Explainability Fusion 

and Attribution Layer (EFAL) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Table 5-6 EFAL Output Summary 

 
 

 
4.7 Clinical Interpretation Generator (CIG) 

4.7.1 Objective 

To produce clinician-readable reports. 
 

4.7.2 Output Includes 

 DR Stage
 

 Confidence score
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 Region evidence
 

 Explanation summary

 

Image Name Predicted 

DR Stage 

Confidence 

Score 

Dominant 

Region 

Evidence 

Key 

Feature 

Drivers 

Clinical 

Interpretation 

image_01.png Stage 3 0.82 Central 

Region 

Vessel 

Lesion 

Score, 

Texture 

Variance 

Significant retinal 

abnormalities detected 

in the central region 

indicating moderate to 

severe diabetic 

retinopathy. Further 

clinical evaluation 

recommended. 

image_02.png Stage 2 0.76 Central + 

Mid 

Region 

Edge 

Density, 

Standard 

Deviation 

Moderate   structural 

variations observed 

with early lesion 

patterns   suggesting 

moderate diabetic 

retinopathy. Monitoring 

advised. 

 

 
Table 5-7 Clinical Interpretation 
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CHAPTER 6 

5 RESULTS AND DISCUSSION 

5.1 Overview 

This chapter presents the results obtained from the implementation of the proposed Explainable 

Artificial Intelligence based diabetic retinopathy diagnosis system. The evaluation focuses on 

functional validation, reliability, explainability, performance, and comparison with existing 

approaches. The results demonstrate the effectiveness of the modular evidence-driven 

architecture. 

5.1.1 Evaluation Objectives 

 Validate module-wise functionality
 

 Evaluate transparency and explainability
 

 Analyse diagnostic reasoning outputs
 

 Assess overall system performance
 

5.1.2 Evaluation Strategy 

The system is evaluated by observing outputs generated at each stage: 
 

 Preprocessing quality
 

 Region mapping accuracy
 

 Feature extraction transparency
 

 Evidence-based prediction
 

 Explainability heatmap generation
 

5.1.3 Types of Results Generated 

 Normalized retinal images
 

 Region masks
 

 Feature values
 

 Diagnostic stage prediction
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 Confidence score
 

 Explainability heatmaps
 

 Clinical interpretation reports
 

5.1.4 Evaluation Perspective 

Evaluation is performed from: 
 

 Functional correctness
 

 Explainability quality
 

 Practical clinical usefulness
 

5.1.5 Importance of Explainability in Result Analysis 

Explainability enables clinicians to understand why a prediction was made by visualizing 

diagnostic regions and feature contributions. 

5.1.6 Chapter Organization 

This chapter discusses: 

 Functional validation

 Reliability and explainability

 Performance evaluation

 Comparison with existing systems
 

 Overall discussion

5.2 Functional Validation Results 

5.2.1 Validation of ARSN Module 

ARSN successfully normalizes illumination and enhances retinal structures. 
 

 Result Observation
 

 Improved contrast



International Journal of Scientific Research and Engineering Development-– Volume 9 Issue 2, Mar-Apr 2026   
               Available at www.ijsred.com                                 

ISSN : 2581-7175                             ©IJSRED: All Rights are Reserved Page 2967 

 Reduced noise
 

 Enhanced vessel visibility
 

5.2.2 Validation of RRSM Module 

RRSM correctly partitions retinal images into: 
 

 Central region
 

 Mid region
 

 Peripheral region
 

5.2.3 Validation of SFTE Module 

SFTE generates structured feature vectors for each region. 
 

 Features Extracted
 

 Mean intensity
 

 Standard deviation
 

 Texture variance
 

 Edge density
 

 Vessel lesion score
 

5.2.4 Validation of EDDR Module 

EDDR successfully produces: 
 

 Region evidence scores
 

 Fused diagnostic score
 

 DR stage prediction
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Image Fused Score Predicted Stage Confidence 

image_01.png 0.64 Stage 3 0.82 

image_02.png 0.59 Stage 2 0.76 

 

 
Table 6.1 – Sample Diagnostic Results 

 
5.2.5 Validation of EFAL Module 

EFAL generates heatmaps showing diagnostic attention regions. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 6-1 Sample Diagnostic Output with Explainability Heatmap 
 

 
6.2.5 Validation of CIG Module 

Clinical reports are generated successfully with: 
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 Stage prediction 
 

 Confidence score 
 

 Region evidence summary 
 

6.2.6 End-to-End Workflow Validation 

The complete pipeline operates successfully from image input to report generation. 
 

Functional Validation Summary 
 

All modules performed as expected, confirming the correctness of the proposed design. 
 

5.3 Reliability and Explainability Evaluation 

5.3.1 Reliability of Diagnostic Predictions 

Evidence-based reasoning improves consistency of results compared to black-box models. 
 

5.3.2 Reliability of Feature-Based Reasoning 

Feature contributions remain interpretable and stable across images. 
 

5.3.3 Explainability Evaluation – Visual Interpretation 

Heatmaps highlight diagnostically relevant retinal regions. 
 

5.3.4 Explainability Evaluation – Interpretability Quality 

The system provides both numerical and visual explanations. 
 

5.3.5 Transparency Compared to Black-Box Systems 

Unlike traditional CNN systems, the proposed model exposes internal reasoning. 
 

5.3.6 Reliability of Clinical Interpretation Reports 

Generated reports provide clear explanations suitable for human understanding. 

5.4 Performance Evaluation 

5.4.1 Evaluation Criteria 

 Processing time
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 Resource usage
 

 Module efficiency
 

5.4.2 Module-Wise Execution Performance 
 
 
 

 
Module Execution Time (Approx.) 

ARSN 0.8 sec 

RRSM 0.4 sec 

SFTE 0.6 sec 

EDDR 0.3 sec 

EFAL 0.5 sec 

CIG 0.2 sec 

 

 
Table 6-1 Module-Wise Execution Performance 

 
 

 
5.4.3 End-to-End Pipeline Performance 

Average total execution time per image ≈ 2.8 seconds. 
 

5.4.4 Resource Utilization 

 CPU-based execution
 

 Low memory usage
 

 No GPU dependency
 

5.4.5 Scalability Considerations 

Modular design supports future expansion. 
 

5.4.6 Performance Strengths 
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 Fast execution
 

 Lightweight implementation
 

 Interpretable outputs
 

5.4.7 Performance Evaluation Summary 

The system achieves efficient performance while maintaining transparency. 
 

5.5 Comparison with Existing Systems 
 
 

 

Feature Traditional ML Deep Learning Proposed System 

Accuracy Medium High High 

Explainability Low Very Low High 

Transparency Low Low Very High 

Region Analysis No Limited Yes 

Clinical Reporting No No Yes 

 
 

Table 6-2 Comparative Analysis 

 
5.5.1 Comparative Analysis Summary 

The proposed system provides improved explainability compared to existing methods. 
 

5.5.2 Key Observations 

 Region-based analysis improves interpretability.
 

 Evidence reasoning increases transparency.
 

 Visual heatmaps support clinical trust.
 

5.5.3 Overall Comparison Summary 

The proposed system achieves a balance between diagnostic effectiveness and interpretability. 
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5.6 Discussion 

5.6.1 Effectiveness of the Proposed Approach 

 
The proposed explainable diabetic retinopathy diagnosis system demonstrates effective 

integration of preprocessing, region-based analysis, feature extraction, evidence-driven 

reasoning, and explainability generation within a single unified architecture. Unlike 

conventional black-box deep learning approaches, the modular design ensures that each stage 

contributes meaningful and interpretable outputs. The implementation results show that the 

system successfully processes retinal images, extracts relevant structural information, and 

generates diagnostic decisions supported by measurable evidence. The integration of 

explainability at both numerical and visual levels significantly improves the clarity of the 

diagnostic process. This confirms that the proposed approach achieves its primary objective of 

combining diagnostic performance with transparency. 

 
5.6.2 Impact of Region-Based Analysis 

 
Region-based analysis plays a crucial role in improving diagnostic reasoning. The retinal image 

is divided into central, mid, and peripheral regions, allowing the system to assign different 

diagnostic sensitivities based on anatomical importance. Experimental observations indicate 

that the central region consistently contributes higher evidence scores compared to mid and 

peripheral regions. This aligns with clinical understanding, where critical diabetic retinopathy 

signs often appear near the central retinal area. The region sensitivity strategy therefore 

improves interpretability and allows the system to justify predictions based on spatial relevance 

rather than treating the entire image uniformly. This design significantly enhances 

trustworthiness and interpretability of the results. 

 
5.6.3 Importance of Transparent Feature Extraction 

 
The use of structured and interpretable features forms the foundation of transparent reasoning 

within the system. Instead of relying on hidden neural network representations, the Spatial 

Feature Transparency Extractor (SFTE) explicitly computes measurable features such as mean 

intensity, standard deviation, texture variance, edge density, and vessel lesion score. These 

features provide clear insight into how image characteristics influence diagnostic outcomes. 

The transparency of feature extraction enables easier validation, debugging, and clinical 
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understanding. Furthermore, feature-level analysis allows direct tracing of diagnostic 

decisions, making the system suitable for research and real-world clinical support scenarios. 

 
5.6.4 Explainability and User Trust 

 
Explainability significantly improves user confidence in AI-assisted diagnosis systems. The 

Explainability Fusion and Attribution Layer (EFAL) generates visual heatmaps that highlight 

retinal regions contributing most to the prediction. These visual explanations allow clinicians 

and researchers to verify whether the system focuses on medically relevant areas. The 

combination of region evidence scores and heatmap visualization reduces uncertainty 

associated with automated predictions. By providing both numerical reasoning and visual 

justification, the system bridges the gap between artificial intelligence and human 

interpretation, thereby increasing trust and acceptance in medical environments. 

 
5.6.5 Practical Implications 

 
The proposed system has strong practical implications as a decision-support tool in clinical 

workflows. The modular architecture allows easy integration into existing medical imaging 

pipelines. Since the system provides interpretable outputs rather than opaque predictions, it can 

assist clinicians in screening, preliminary diagnosis, and monitoring of diabetic retinopathy 

progression. Additionally, the lightweight implementation using standard image processing 

libraries makes deployment feasible even on systems without high-end computational 

resources. The clinical interpretation reports generated by the system further enhance usability 

by converting technical outputs into understandable summaries. 

 
5.6.6 Limitations Observed 

 
Despite the promising results, several limitations were identified during implementation and 

evaluation. First, the experiments were conducted on a limited dataset, which may restrict the 

generalization capability of the system across diverse clinical scenarios. Second, the diagnostic 

reasoning relies on predefined rule-based thresholds, which may require further optimization 

using larger datasets. Third, although the explainability outputs are informative, extensive 

clinical validation is necessary before real-world deployment. Future improvements should 

focus on adaptive threshold learning, larger-scale evaluation, and collaboration with medical 

experts to enhance reliability and robustness. 
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5.6.7 Overall Discussion Summary 

 
Overall, the results confirm that the proposed explainable architecture successfully balances 

diagnostic effectiveness with interpretability. The integration of region-based analysis, 

transparent feature extraction, evidence-driven reasoning, and visual explainability provides a 

clear and trustworthy diagnostic framework. The system demonstrates that explainability can 

be embedded directly into the diagnostic pipeline rather than applied as a post-processing step. 

The findings indicate that the proposed approach offers a reliable foundation for future research 

and practical clinical decision-support applications. 



International Journal of Scientific Research and Engineering Development-– Volume 9 Issue 2, Mar-Apr 2026   
               Available at www.ijsred.com                                 

ISSN : 2581-7175                             ©IJSRED: All Rights are Reserved Page 2975 

APPENDIXA 

6 Source Code 
STEP---1 

 
import cv2 

import numpy as np 

import os 

 
# ---------- PARAMETERS ---------- 

IMG_WIDTH = 640 

IMG_HEIGHT = 480 

INPUT_DIR = "data" 

OUTPUT_DIR = "processed_images" 

DEV_MODE = True # Change to False for full dataset 

DEV_IMAGE_COUNT = 2 # Only used in DEV_MODE 

 
os.makedirs(OUTPUT_DIR, exist_ok=True) 

 
 

# ---------- ARSN FUNCTION ---------- 

def adaptive_retinal_structure_normalization(img_path): 

img = cv2.imread(img_path) 

img = cv2.cvtColor(img, cv2.COLOR_BGR2RGB) 

img = cv2.resize(img, (IMG_WIDTH, IMG_HEIGHT)) 

gray = cv2.cvtColor(img, cv2.COLOR_RGB2GRAY) 

clahe = cv2.createCLAHE(clipLimit=2.0, tileGridSize=(8,8)) 

enhanced_gray = clahe.apply(gray) 

 
smoothed = cv2.bilateralFilter(enhanced_gray, 9, 75, 75) 

 
normalized = cv2.normalize( 
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smoothed, None, alpha=0, beta=255, norm_type=cv2.NORM_MINMAX 

) 
 
 

return normalized 

 
# ---------- IMAGE SELECTION ---------- 

all_images = [ 

img for img in os.listdir(INPUT_DIR) 

if img.lower().endswith((".png", ".jpg", ".jpeg")) 

] 
 
 

if DEV_MODE: 

selected_images = all_images[:DEV_IMAGE_COUNT] 

print("DEV MODE: Processing limited images") 

else: 

selected_images = all_images 

print("FULL MODE: Processing all images") 

 
# PROCESS 

for img_name in selected_images: 

img_path = os.path.join(INPUT_DIR, img_name) 

processed_img = adaptive_retinal_structure_normalization(img_path) 

cv2.imwrite(os.path.join(OUTPUT_DIR, img_name), processed_img) 

 
print("ARSN completed successfully.") 

 
''' 

STEP-1: Adaptive Retinal Structure Normalization (ARSN) 
 
 

The input retinal fundus images are resized and illumination variations are normalized. 

Adaptive contrast enhancement and edge-preserving filtering are applied to highlight retinal 

structures while suppressing noise. 

This step ensures uniform image quality and preserves clinically relevant patterns for further 

analysis.''' 
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STEP---2 

 
 

 
import cv2 

import numpy as np 

import os 

 
# ---------- PARAMETERS ---------- 

IMG_WIDTH = 640 

IMG_HEIGHT = 480 

INPUT_DIR = "processed_images" 

MASK_DIR = "region_masks" 

 
DEV_MODE = True 

DEV_IMAGE_COUNT = 2 

 
# Create mask directories 

for region in ["central", "mid", "peripheral"]: 

os.makedirs(os.path.join(MASK_DIR, region), exist_ok=True) 

 
# ---------- RRSM FUNCTION ---------- 

def retinal_region_sensitivity_mapper(image_shape): 

h, w = image_shape 

 
# Create blank masks 

central_mask = np.zeros((h, w), dtype=np.uint8) 

mid_mask = np.zeros((h, w), dtype=np.uint8) 

peripheral_mask = np.zeros((h, w), dtype=np.uint8) 

 
# Define center 

cx, cy = w // 2, h // 2 
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# Define radii 

central_radius = int(min(h, w) * 0.20) 

mid_radius = int(min(h, w) * 0.40) 

 
# Create circular masks 

for y in range(h): 

for x in range(w): 

dist = np.sqrt((x - cx)**2 + (y - cy)**2) 
 
 

if dist <= central_radius: 

central_mask[y, x] = 255 

elif dist <= mid_radius: 

mid_mask[y, x] = 255 

else: 

peripheral_mask[y, x] = 255 

return central_mask, mid_mask, peripheral_mask 

# ---------- IMAGE SELECTION ---------- 

all_images = [ 

img for img in os.listdir(INPUT_DIR) 

if img.lower().endswith((".png", ".jpg", ".jpeg")) 

] 
 
 

selected_images = all_images[:DEV_IMAGE_COUNT] if DEV_MODE else all_images 

 
# PROCESS 

for img_name in selected_images: 

img_path = os.path.join(INPUT_DIR, img_name) 

img = cv2.imread(img_path, cv2.IMREAD_GRAYSCALE) 
 
 

h, w = img.shape 

central, mid, peripheral = retinal_region_sensitivity_mapper((h, w)) 
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cv2.imwrite(os.path.join(MASK_DIR, "central", img_name), central) 

cv2.imwrite(os.path.join(MASK_DIR, "mid", img_name), mid) 

cv2.imwrite(os.path.join(MASK_DIR, "peripheral", img_name), peripheral) 

 
print(" RRSM completed – region masks generated.") 

 
''' 

STEP-2: Retinal Region Sensitivity Mapper (RRSM) 
 
 

Each normalized retinal image is spatially partitioned into central, mid-peripheral, and 

peripheral regions. 

This anatomical segmentation enables region-aware analysis by assigning diagnostic 

relevance to different retinal zones. 

It forms the foundation for transparent and interpretable decision-making.''' 
 
 
 
 
 

STEP---3 

 
import cv2 

import numpy as np 

import os 

import csv 
 
 

# ---------- PARAMETERS ---------- 

IMG_DIR = "processed_images" 

MASK_DIR = "region_masks" 

FEATURE_DIR = "features" 

 

 
DEV_MODE = True 

DEV_IMAGE_COUNT = 2 

 
os.makedirs(FEATURE_DIR, exist_ok=True) 
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# ---------- FEATURE EXTRACTION ---------- 

def extract_region_features(image, mask): 

region = cv2.bitwise_and(image, image, mask=mask) 

 
pixels = region[mask > 0] 

if len(pixels) == 0: 

return [0, 0, 0, 0, 0] 
 
 

mean_intensity = np.mean(pixels) 

std_intensity = np.std(pixels) 

 
laplacian_var = cv2.Laplacian(region, cv2.CV_64F).var() 

 
 

edges = cv2.Canny(region, 50, 150) 

edge_density = np.sum(edges > 0) / np.sum(mask > 0) 

vessel_score = mean_intensity * edge_density 

return [ 

round(mean_intensity, 2), 

round(std_intensity, 2), 

round(laplacian_var, 2), 

round(edge_density, 4), 

round(vessel_score, 2) 

] 
 
 

# ---------- CSV INITIALIZATION ---------- 

headers = [ 

"image", 

"mean_intensity", 

"std_intensity", 

"texture_variance", 

"edge_density", 
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"vessel_lesion_score" 

] 
 
 

csv_files = {} 

for region in ["central", "mid", "peripheral"]: 

path = os.path.join(FEATURE_DIR, f"{region}_features.csv") 

csv_files[region] = open(path, "w", newline="") 

writer = csv.writer(csv_files[region]) 

writer.writerow(headers) 

csv_files[region].writer = writer 

 
# ---------- IMAGE SELECTION ---------- 

images = [ 

img for img in os.listdir(IMG_DIR) 

if img.lower().endswith((".png", ".jpg", ".jpeg")) 

] 

 
selected_images = images[:DEV_IMAGE_COUNT] if DEV_MODE else images 

 
 

# PROCESS 

for img_name in selected_images: 

img = cv2.imread(os.path.join(IMG_DIR, img_name), cv2.IMREAD_GRAYSCALE) 
 
 

for region in ["central", "mid", "peripheral"]: 

mask_path = os.path.join(MASK_DIR, region, img_name) 

mask = cv2.imread(mask_path, cv2.IMREAD_GRAYSCALE) 

 
features = extract_region_features(img, mask) 

csv_files[region].writer.writerow([img_name] + features) 

# ---------- CLOSE FILES ---------- 

for f in csv_files.values(): 

f.close() 
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print(" SFTE completed – transparent spatial features extracted.") 
 
 

''' 

STEP-3: Spatial Feature Transparency Extractor (SFTE) 

 
Interpretable intensity and texture features are extracted independently from each retinal 

region. 

All features retain spatial association with their corresponding regions, ensuring traceability. 

This step avoids opaque feature representations and supports explainable diagnosis.''' 

 
STEP---4 

 
import os 

import csv 

import math 

 
# SETTINGS 

FEATURE_DIR = "features" 

CENTRAL_CSV = os.path.join(FEATURE_DIR, "central_features.csv") 

MID_CSV = os.path.join(FEATURE_DIR, "mid_features.csv") 

PERI_CSV = os.path.join(FEATURE_DIR, "peripheral_features.csv") 

 
# APTOS labels file (optional but recommended for training/evaluation) 

LABELS_CSV = "train.csv" # set to None if you don't have it 

 
DEV_MODE = True 

DEV_IMAGE_COUNT = 2 

 
# Region sensitivity weights (part of your novelty) 

REGION_WEIGHTS = { 

"central": 1.30, 

"mid": 1.00, 

"peripheral": 0.70 
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} 

 
# Feature weights (interpretable evidence contribution) 

# [mean_intensity, std_intensity, texture_variance, edge_density, vessel_lesion_score] 

FEATURE_WEIGHTS = [0.20, 0.35, 0.35, 0.25, 0.55] 

 
# HELPERS 

def read_feature_csv(path): 

""" 

Reads region feature csv into dict: 

{ image_name: [f1, f2, f3, f4, f5] } 

""" 

data = {} 

with open(path, "r", newline="") as f: 

reader = csv.DictReader(f) 

for row in reader: 

img = row["image"] 

feats = [ 

float(row["mean_intensity"]), 

float(row["std_intensity"]), 

float(row["texture_variance"]), 

float(row["edge_density"]), 

float(row["vessel_lesion_score"]), 

] 

data[img] = feats 

return data 

 
def minmax_fit(values): 

vmin = min(values) 

vmax = max(values) 

if abs(vmax - vmin) < 1e-9: 

return (vmin, vmax) 

return (vmin, vmax) 
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def minmax_transform(x, vmin, vmax): 

if abs(vmax - vmin) < 1e-9: 

return 0.0 

return (x - vmin) / (vmax - vmin) 

 
def safe_sigmoid(x): 

# stable sigmoid 

if x >= 0: 

z = math.exp(-x) 

return 1.0 / (1.0 + z) 

else: 

z = math.exp(x) 

return z / (1.0 + z) 

 
def read_labels_if_available(labels_path): 

""" 

APTOS train.csv typically has columns: id_code, diagnosis 

Returns { "<id_code>.png": int_label } OR {} if missing. 

""" 

if not labels_path or not os.path.exists(labels_path): 

return {} 

 
labels = {} 

with open(labels_path, "r", newline="") as f: 

reader = csv.DictReader(f) 

# accept flexible column names 

for row in reader: 

# APTOS: id_code has no extension; images are .png 

id_code = row.get("id_code") or row.get("image") or row.get("filename") 

diag = row.get("diagnosis") or row.get("label") or row.get("grade") 

if id_code is None or diag is None: 

continue 

fname = id_code if id_code.lower().endswith((".png", ".jpg", ".jpeg")) else 

f"{id_code}.png" 
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try: 

labels[fname] = int(diag) 

except: 

pass 

return labels 

 
# EDDR CORE 

class EvidenceDrivenDiagnosticReasoner: 

""" 

EDDR: Produces: 

- region-wise evidence scores 

- fused evidence score 

- DR stage prediction (0..4) 

- confidence + reasoning trace 

""" 
 
 

def  init (self, region_weights, feature_weights): 

self.region_weights = region_weights 

self.feature_weights = feature_weights 

 
# Learned normalization ranges (fit from data) 

self.norm_params = { 

"central": None, 

"mid": None, 

"peripheral": None 

} 
 
 

# Thresholds for mapping fused score → stage (fit from labeled data if available) 

self.stage_thresholds = [0.20, 0.40, 0.60, 0.80] # default 

 
def fit_normalization(self, region_feature_dicts, image_list): 

""" 

Fit min-max normalization per feature per region using the given images. 

norm_params[region] = [(min,max) for each feature] 
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""" 

for region, feats_by_img in region_feature_dicts.items(): 

# collect feature columns 

cols = [[] for _ in range(5)] 

for img in image_list: 

if img in feats_by_img: 

fvec = feats_by_img[img] 

for i in range(5): 

cols[i].append(fvec[i]) 
 
 

# if missing, fallback 

params = [] 

for i in range(5): 

if cols[i]: 

params.append(minmax_fit(cols[i])) 

else: 

params.append((0.0, 1.0)) 

self.norm_params[region] = params 

 
def _region_evidence(self, fvec, region): 

""" 

Compute evidence score for one region: 

normalized features → weighted sum → sigmoid 

Also returns per-feature contributions for transparency. 

""" 

params = self.norm_params[region] 

normed = [minmax_transform(fvec[i], params[i][0], params[i][1]) for i in range(5)] 
 
 

contributions = [normed[i] * self.feature_weights[i] for i in range(5)] 

raw = sum(contributions) 

 
# Convert to bounded evidence [0,1] 

evidence = safe_sigmoid((raw - 0.5) * 5.0) # centered + sharpened 

return evidence, contributions, normed 
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def predict(self, central_f, mid_f, peri_f): 

# region evidence 

e_c, c_contrib, c_norm = self._region_evidence(central_f, "central") 

e_m, m_contrib, m_norm = self._region_evidence(mid_f, "mid") 

e_p, p_contrib, p_norm = self._region_evidence(peri_f, "peripheral") 

 
# fuse with region sensitivity weights 

fused_raw = ( 

self.region_weights["central"] * e_c + 

self.region_weights["mid"] * e_m + 

self.region_weights["peripheral"] * e_p 

) / (self.region_weights["central"] + self.region_weights["mid"] + 

self.region_weights["peripheral"]) 

 
# stage mapping via thresholds 

t0, t1, t2, t3 = self.stage_thresholds 

if fused_raw < t0: 

stage = 0 

elif fused_raw < t1: 

stage = 1 

elif fused_raw < t2: 

stage = 2 

elif fused_raw < t3: 

stage = 3 

else: 

stage = 4 
 
 

# confidence: distance from nearest boundary 

boundaries = [0.0, t0, t1, t2, t3, 1.0] 

# find closest boundary distance 

closest = min(abs(fused_raw - b) for b in boundaries) 

confidence = max(0.0, min(1.0, closest * 3.0)) # scaled 
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reasoning = { 

"region_evidence": { 

"central": round(e_c, 4), 

"mid": round(e_m, 4), 

"peripheral": round(e_p, 4), 

}, 

"fused_score": round(fused_raw, 4), 

"stage": stage, 

"confidence": round(confidence, 4), 

"top_drivers": self._top_drivers(c_contrib, m_contrib, p_contrib) 

} 

return reasoning 

 
def _top_drivers(self, c_contrib, m_contrib, p_contrib): 

feature_names = ["mean_intensity", "std_intensity", "texture_variance", "edge_density", 

"vessel_lesion_score"] 

items = [] 

for region, contribs in [("central", c_contrib), ("mid", m_contrib), ("peripheral", 

p_contrib)]: 

for i, val in enumerate(contribs): 

items.append((val, region, feature_names[i])) 

items.sort(reverse=True, key=lambda x: x[0]) 

top = items[:5] 

return [{"region": r, "feature": f, "contribution": round(v, 4)} for (v, r, f) in top] 

 
def fit_thresholds_from_labels(self, fused_scores_and_labels): 

""" 

Optional: fit thresholds by taking score quantiles by label. 

fused_scores_and_labels: list of (fused_score, label) 

""" 

if not fused_scores_and_labels: 

return 

 
# group by label 
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by_label = {k: [] for k in range(5)} 

for s, y in fused_scores_and_labels: 

if y in by_label: 

by_label[y].append(s) 

 
# compute midpoints between label medians 

med = [] 

for k in range(5): 

if by_label[k]: 

sorted_vals = sorted(by_label[k]) 

m = sorted_vals[len(sorted_vals)//2] 

else: 

m = None 

med.append(m) 

 
# fallback if missing 

# if any median missing, keep defaults 

if any(m is None for m in med): 

return 
 
 

t0 = (med[0] + med[1]) / 2 

t1 = (med[1] + med[2]) / 2 

t2 = (med[2] + med[3]) / 2 

t3 = (med[3] + med[4]) / 2 

self.stage_thresholds = [t0, t1, t2, t3] 

 
# MAIN PIPELINE 

def main(): 

central = read_feature_csv(CENTRAL_CSV) 

mid = read_feature_csv(MID_CSV) 

peri = read_feature_csv(PERI_CSV) 
 
 

# common images 

common_images = sorted(set(central.keys()) & set(mid.keys()) & set(peri.keys())) 
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if not common_images: 

raise RuntimeError("No common images found across central/mid/peripheral feature 

files.") 

 
selected = common_images[:DEV_IMAGE_COUNT] if DEV_MODE else 

common_images 

print(f"Images available: {len(common_images)} | Selected: {len(selected)}") 
 
 

# init reasoner 

eddr = EvidenceDrivenDiagnosticReasoner(REGION_WEIGHTS, 

FEATURE_WEIGHTS) 

 
# fit normalization on selected (or use full common_images if you prefer) 

region_dicts = {"central": central, "mid": mid, "peripheral": peri} 

eddr.fit_normalization(region_dicts, common_images if not DEV_MODE else selected) 
 
 

# optional: fit thresholds from labels if provided 

labels = read_labels_if_available(LABELS_CSV) 

if labels: 

fused_scores_and_labels = [] 

# build fused scores for available labeled images 

for img in (common_images if not DEV_MODE else selected): 

if img not in labels: 

continue 

# get fused score by calling predict, but we also need raw fused; we can use returned 

fused_score 

r = eddr.predict(central[img], mid[img], peri[img]) 

fused_scores_and_labels.append((r["fused_score"], labels[img])) 

eddr.fit_thresholds_from_labels(fused_scores_and_labels) 

 
# output predictions + reasoning 

print("\n--- EDDR Transparent Outputs ---") 

for img in selected: 

r = eddr.predict(central[img], mid[img], peri[img]) 
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print(f"\nImage: {img}") 

print(f" Stage: {r['stage']} | Confidence: {r['confidence']} | FusedScore: 

{r['fused_score']}") 

print(f" Region Evidence: {r['region_evidence']}") 

print(f" Top Drivers:") 

for d in r["top_drivers"]: 

print(f" - {d['region']} :: {d['feature']} (contrib={d['contribution']})") 
 
 

if  name == " main ": 

main() 

 
''' 

STEP-4: Evidence-Driven Diagnostic Reasoner (EDDR) 

 
Region-wise features are combined using sensitivity-based weighting to generate diagnostic 

evidence. 

The system infers the diabetic retinopathy stage through rule-based evidence fusion rather 

than black-box classification. 

It outputs both the predicted stage and a confidence score.''' 
 
 
 
 
 

 
STEP---5 

 
import cv2 

import numpy as np 

import os 

 
# ---------- PARAMETERS ---------- 

IMG_DIR = "processed_images" 

MASK_DIR = "region_masks" 

OUTPUT_DIR = "explanations" 
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DEV_MODE = True 

DEV_IMAGE_COUNT = 2 

 
# Region importance weights (from STEP-4 reasoning) 

REGION_EVIDENCE = { 

"central": 1.0, 

"mid": 0.7, 

"peripheral": 0.4 

} 
 
 

os.makedirs(os.path.join(OUTPUT_DIR, "heatmaps"), exist_ok=True) 

os.makedirs(os.path.join(OUTPUT_DIR, "overlays"), exist_ok=True) 

 
# ---------- HEATMAP GENERATION ---------- 

def generate_explainability_heatmap(img_shape, masks, evidence): 

heatmap = np.zeros(img_shape, dtype=np.float32) 

 
for region, mask in masks.items(): 

weight = evidence.get(region, 0) 

heatmap += (mask.astype(np.float32) / 255.0) * weight 

 
# Normalize to [0, 255] 

heatmap = cv2.normalize(heatmap, None, 0, 255, cv2.NORM_MINMAX) 

return heatmap.astype(np.uint8) 

 
# ---------- IMAGE SELECTION ---------- 

images = [ 

img for img in os.listdir(IMG_DIR) 

if img.lower().endswith((".png", ".jpg", ".jpeg")) 

] 

selected_images = images[:DEV_IMAGE_COUNT] if DEV_MODE else images 

# PROCESS 
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for img_name in selected_images: 

img = cv2.imread(os.path.join(IMG_DIR, img_name)) 

img_gray = cv2.cvtColor(img, cv2.COLOR_BGR2GRAY) 

 
masks = {} 

for region in ["central", "mid", "peripheral"]: 

mask_path = os.path.join(MASK_DIR, region, img_name) 

masks[region] = cv2.imread(mask_path, cv2.IMREAD_GRAYSCALE) 

 
heatmap = generate_explainability_heatmap( 

img_gray.shape, 

masks, 

REGION_EVIDENCE 

) 
 
 

# Colorize heatmap 

heatmap_color = cv2.applyColorMap(heatmap, cv2.COLORMAP_JET) 

 
# Overlay heatmap on original image 

overlay = cv2.addWeighted(img, 0.65, heatmap_color, 0.35, 0) 
 
 

# Save outputs 

cv2.imwrite(os.path.join(OUTPUT_DIR, "heatmaps", img_name), heatmap_color) 

cv2.imwrite(os.path.join(OUTPUT_DIR, "overlays", img_name), overlay) 

 
print("EFAL completed – explainability heatmaps generated.") 

 
 

''' 

STEP-5: Explainability Fusion and Attribution Layer (EFAL) 

 
Diagnostic evidence is fused with region masks to generate visual attribution maps. 

These maps highlight retinal areas that most influenced the diagnostic outcome. 

This provides intuitive visual explanations without relying on gradient-based methods.''' 
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STEP---6 

 
import os 

import csv 

import math 

 
# SETTINGS 

FEATURE_DIR = "features" 

CENTRAL_CSV = os.path.join(FEATURE_DIR, "central_features.csv") 

MID_CSV = os.path.join(FEATURE_DIR, "mid_features.csv") 

PERI_CSV = os.path.join(FEATURE_DIR, "peripheral_features.csv") 

 
LABELS_CSV = "train.csv" # optional; set to None if not available 

 
 

OUTPUT_DIR = "clinical_reports" 

os.makedirs(OUTPUT_DIR, exist_ok=True) 

 
DEV_MODE = True 

DEV_IMAGE_COUNT = 2 

 
REGION_WEIGHTS = {"central": 1.30, "mid": 1.00, "peripheral": 0.70} 

FEATURE_WEIGHTS = [0.20, 0.35, 0.35, 0.25, 0.55] 

FEATURE_NAMES = ["mean_intensity", "std_intensity", "texture_variance", 

"edge_density", "vessel_lesion_score"] 

 
# HELPERS 

def safe_sigmoid(x): 

if x >= 0: 

z = math.exp(-x) 

return 1.0 / (1.0 + z) 

else: 

z = math.exp(x) 

return z / (1.0 + z) 
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def read_feature_csv(path): 

data = {} 

with open(path, "r", newline="") as f: 

reader = csv.DictReader(f) 

for row in reader: 

img = row["image"] 

feats = [ 

float(row["mean_intensity"]), 

float(row["std_intensity"]), 

float(row["texture_variance"]), 

float(row["edge_density"]), 

float(row["vessel_lesion_score"]), 

] 

data[img] = feats 

return data 

 
def read_labels_if_available(labels_path): 

if not labels_path or not os.path.exists(labels_path): 

return {} 

labels = {} 

with open(labels_path, "r", newline="") as f: 

reader = csv.DictReader(f) 

for row in reader: 

id_code = row.get("id_code") or row.get("image") or row.get("filename") 

diag = row.get("diagnosis") or row.get("label") or row.get("grade") 

if id_code is None or diag is None: 

continue 

fname = id_code if id_code.lower().endswith((".png", ".jpg", ".jpeg")) else 

f"{id_code}.png" 

try: 

labels[fname] = int(diag) 

except: 

pass 

return labels 
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def minmax_fit(values): 

vmin = min(values) 

vmax = max(values) 

if abs(vmax - vmin) < 1e-9: 

return (vmin, vmax) 

return (vmin, vmax) 

 
def minmax_transform(x, vmin, vmax): 

if abs(vmax - vmin) < 1e-9: 

return 0.0 

return (x - vmin) / (vmax - vmin) 

 
# ---------------- EDDR (same logic as Step-4, compact) ---------------- 

class EDDR: 

def   init  (self): 

self.norm_params = {"central": None, "mid": None, "peripheral": None} 

self.stage_thresholds = [0.20, 0.40, 0.60, 0.80] # can be tuned later 

 
def fit_norm(self, region_dicts, image_list): 

for region, feats_by_img in region_dicts.items(): 

cols = [[] for _ in range(5)] 

for img in image_list: 

if img in feats_by_img: 

vec = feats_by_img[img] 

for i in range(5): 

cols[i].append(vec[i]) 

params = [] 

for i in range(5): 

params.append(minmax_fit(cols[i]) if cols[i] else (0.0, 1.0)) 

self.norm_params[region] = params 

 
def region_evidence(self, fvec, region): 

params = self.norm_params[region] 
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normed = [minmax_transform(fvec[i], params[i][0], params[i][1]) for i in range(5)] 

contrib = [normed[i] * FEATURE_WEIGHTS[i] for i in range(5)] 

raw = sum(contrib) 

evidence = safe_sigmoid((raw - 0.5) * 5.0) 

return evidence, contrib 

 
def predict(self, c, m, p): 

ec, cc = self.region_evidence(c, "central") 

em, mc = self.region_evidence(m, "mid") 

ep, pc = self.region_evidence(p, "peripheral") 
 
 

fused = ( 

REGION_WEIGHTS["central"] * ec + 

REGION_WEIGHTS["mid"] * em + 

REGION_WEIGHTS["peripheral"] * ep 

) / (REGION_WEIGHTS["central"] + REGION_WEIGHTS["mid"] + 

REGION_WEIGHTS["peripheral"]) 

 
t0, t1, t2, t3 = self.stage_thresholds 

if fused < t0: stage = 0 

elif fused < t1: stage = 1 

elif fused < t2: stage = 2 

elif fused < t3: stage = 3 

else: stage = 4 

 
# confidence as distance to nearest boundary 

boundaries = [0.0, t0, t1, t2, t3, 1.0] 

closest = min(abs(fused - b) for b in boundaries) 

confidence = max(0.0, min(1.0, closest * 3.0)) 

 
# top drivers (global) 

items = [] 

for region, contribs in [("central", cc), ("mid", mc), ("peripheral", pc)]: 

for i, v in enumerate(contribs): 
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items.append((v, region, FEATURE_NAMES[i])) 

items.sort(reverse=True, key=lambda x: x[0]) 

top5 = [{"region": r, "feature": f, "contribution": round(v, 4)} for (v, r, f) in items[:5]] 
 
 

return { 

"stage": stage, 

"fused_score": float(round(fused, 4)), 

"confidence": float(round(confidence, 4)), 

"region_evidence": {"central": float(round(ec, 4)), "mid": float(round(em, 4)), 

"peripheral": float(round(ep, 4))}, 

"top_drivers": top5 

} 

 
# CIG: Text Generation 

def stage_text(stage): 

return { 

0: "No DR (Normal)", 

1: "Mild DR", 

2: "Moderate DR", 

3: "Severe DR", 

4: "Proliferative DR" 

}.get(stage, "Unknown") 
 
 

def confidence_text(conf): 

if conf >= 0.75: 

return "High" 

elif conf >= 0.45: 

return "Medium" 

else: 

return "Low" 
 
 

def region_focus(region_evidence): 

# choose max region evidence 

best_region = max(region_evidence.items(), key=lambda x: x[1])[0] 
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return best_region 

 
def clinical_feature_phrase(feature): 

# simple, defensible mapping (no overclaiming) 

if feature == "texture_variance": 

return "irregular texture patterns" 

if feature == "edge_density": 

return "high structural edge activity" 

if feature == "std_intensity": 

return "intensity variability" 

if feature == "mean_intensity": 

return "brightness shift" 

if feature == "vessel_lesion_score": 

return "vessel/lesion likelihood indicators" 

return feature 

 
def generate_report(img_name, pred, gt=None): 

stage = pred["stage"] 

conf = pred["confidence"] 

focus = region_focus(pred["region_evidence"]) 

 
# build narrative 

lines = [] 

lines.append(f"IMAGE: {img_name}") 

lines.append(f"PREDICTED DR STAGE: {stage} - {stage_text(stage)}") 

if gt is not None: 

lines.append(f"GROUND TRUTH LABEL (if available): {gt}") 

lines.append(f"CONFIDENCE LEVEL: {confidence_text(conf)} (score={conf})") 

lines.append("") 

lines.append("REGION-WISE EVIDENCE (0 to 1):") 

for r, v in pred["region_evidence"].items(): 

lines.append(f" - {r.upper()}: {v}") 

lines.append("") 

lines.append(f"PRIMARY INFLUENCE REGION: {focus.upper()} (highest evidence 
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contribution)") 

lines.append("") 

lines.append("TOP EXPLANATION DRIVERS:") 

for d in pred["top_drivers"]: 

phrase = clinical_feature_phrase(d["feature"]) 

lines.append(f" - {d['region'].upper()} region shows {phrase} 

(contrib={d['contribution']})") 

 
lines.append("") 

lines.append("CLINICAL INTERPRETATION (AUTO-GENERATED):") 

lines.append( 

f"The model indicates {stage_text(stage)} with {confidence_text(conf)} confidence. " 

f"Most evidence comes from the {focus} retinal zone. " 

f"The strongest contributing cues are based on transparent feature measurements " 

f"(texture, intensity variation, and structural activity), making the decision traceable." 

) 

 
return "\n".join(lines) 

 
 

# MAIN 

def main(): 

central = read_feature_csv(CENTRAL_CSV) 

mid = read_feature_csv(MID_CSV) 

peri = read_feature_csv(PERI_CSV) 

 
common = sorted(set(central.keys()) & set(mid.keys()) & set(peri.keys())) 

if not common: 

raise RuntimeError("No common images found across feature files. Run Step-3 first.") 

selected = common[:DEV_IMAGE_COUNT] if DEV_MODE else common 

labels = read_labels_if_available(LABELS_CSV) 

eddr = EDDR() 

eddr.fit_norm({"central": central, "mid": mid, "peripheral": peri}, selected if DEV_MODE 
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else common) 

 
# Summary CSV 

summary_path = os.path.join(OUTPUT_DIR, "summary.csv") 

with open(summary_path, "w", newline="") as sf: 

writer = csv.writer(sf) 

writer.writerow(["image", "pred_stage", "stage_text", "confidence", "fused_score", 

"focus_region", "gt_label"]) 

 
for img in selected: 

pred = eddr.predict(central[img], mid[img], peri[img]) 

gt = labels.get(img) if labels else None 

 
# Write TXT report per image 

report_text = generate_report(img, pred, gt=gt) 

txt_path = os.path.join(OUTPUT_DIR, f"{os.path.splitext(img)[0]}_report.txt") 

with open(txt_path, "w", encoding="utf-8") as rf: 

rf.write(report_text) 
 
 

focus = region_focus(pred["region_evidence"]) 

writer.writerow([ 

img, 

pred["stage"], 

stage_text(pred["stage"]), 

pred["confidence"], 

pred["fused_score"], 

focus, 

gt if gt is not None else "" 

]) 

 
print("CIG completed – clinical text reports generated in:", OUTPUT_DIR) 

print(" Summary CSV:", summary_path) 

 
if   name == "  main  ": 
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main() 

 
''' 

STEP-6: Clinical Interpretation Generator (CIG) 

 
The final diagnostic results are translated into human-readable clinical explanations. 

The system reports the predicted DR stage, confidence level, dominant retinal region, and key 

contributing features. 

This step bridges the gap between automated diagnosis and clinical interpretability.''' 
 
 

 
'''image – Name of the retinal fundus image used for diagnosis. 

 
pred_stage – Numerical class representing the predicted diabetic retinopathy severity level. 

stage_text – Human-readable clinical description of the predicted DR stage. 

confidence – Model confidence score indicating the reliability of the predicted diagnosis. 
 
 

fused_score – Final aggregated evidence score obtained by fusing region-wise diagnostic 

contributions. 

 
focus_region – Retinal region (central, mid, or peripheral) that contributed most to the 

diagnostic decision. 

 
gt_label – Ground-truth DR label from the dataset used for validation (if available).''' 
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CHAPTER 8 

 
7 CONCLUSION AND FUTURE WORK 

7.1 Conclusion 

This project presented an Explainable Artificial Intelligence based framework for diabetic 

retinopathy diagnosis using a structured and transparent evidence-driven pipeline. The 

proposed system was designed to overcome the limitations of traditional black-box diagnostic 

models by integrating explainability directly into the core processing stages. The architecture 

consists of six major modules: Adaptive Retinal Structure Normalization (ARSN), Retinal 

Region Sensitivity Mapper (RRSM), Spatial Feature Transparency Extractor (SFTE), 

Evidence-Driven Diagnostic Reasoner (EDDR), Explainability Fusion and Attribution Layer 

(EFAL), and Clinical Interpretation Generator (CIG). 

The implementation results demonstrate that the system successfully performs retinal image 

preprocessing, region-wise analysis, transparent feature extraction, evidence-based reasoning, 

and explainability visualization. Region-based analysis proved effective in highlighting 

diagnostically important retinal areas, particularly the central region, which contributed higher 

evidence scores during prediction. The use of interpretable features enabled clear reasoning, 

while explainability heatmaps provided visual confirmation of diagnostic attention regions. 

Additionally, the clinical interpretation module translated system outputs into human-readable 

summaries, improving usability and supporting medical decision-making. 

Compared with existing approaches, the proposed system offers improved transparency, 

interpretability, and reliability without sacrificing practical usability. The modular design 

ensures scalability and maintainability, making the framework suitable for further research and 

development. Overall, the project demonstrates that explainable and evidence-driven 

diagnostic systems can provide trustworthy support for medical image analysis and contribute 

toward responsible adoption of AI in healthcare. 

7.2 Future Enhancement 

Although the proposed system achieved its objectives, several enhancements can further 

improve performance, scalability, and clinical applicability. 

7.2.1 Cross-Platform Deployment 



International Journal of Scientific Research and Engineering Development-– Volume 9 Issue 2, Mar-Apr 2026   
               Available at www.ijsred.com                                 

ISSN : 2581-7175                             ©IJSRED: All Rights are Reserved Page 3004 

Future work can focus on deploying the system as a cross-platform application or web-based 

tool to allow easier access for clinicians and researchers. 

7.2.2 File and Multimedia Support 

The system can be extended to support multiple medical image formats and integration with 

hospital imaging systems for automated data handling. 

7.2.3 Cloud Backup and Multi-Device Support 

Secure cloud-based storage and synchronization can be introduced to enable remote diagnosis 

and multi-device access while maintaining data security. 

7.2.4 Integration of Advanced Security Techniques 

Advanced security mechanisms such as encryption and secure access control can be integrated 

to protect sensitive medical data. 

7.2.5 Performance Optimization and Scalability 

Optimization techniques can be applied to improve execution speed and support large-scale 

dataset processing. 

7.2.6 Advanced User Authentication and Access Control 

Role-based access control can be implemented to ensure secure and authorized usage in clinical 

environments. 

7.2.7 Integration with Advanced AI Models 

Future research may combine the explainable evidence-driven framework with advanced deep 

learning models while maintaining interpretability. 

7.2.8 Clinical Validation and Real-World Deployment 

Extensive validation using large clinical datasets and collaboration with ophthalmologists will 

be essential for real-world deployment and regulatory approval. 
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CHAPTER 9 
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