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ABSTRACT 
The increasing number of preventable blindness cases from Diabetic Retinopathy requires fast and efficient manual screening 

methods. Deep learning models achieve expert-level accuracy for DR image analysis, but their unexplained operation requires 

Explainable AI (XAI) methods including Grad-CAM and SHAP and LIME for transparency. The research evaluated 52 studies 

from 2015 to 2025 which integrated Deep Learning with Explainable AI techniques for Diabetic Retinopathy detection. The 

research used ResNet and EfficientNet variants as primary deep learning models while Grad-CAM served as the leading 

explainable AI method. The research indicates that XAI integration preserves high model accuracy while showing promise for 

enhancing human-AI collaboration yet the evaluation approaches for XAI explanations remain insufficient. Most research studies 

conduct basic visual assessment instead of using established quantitative assessment methods or seeking ophthalmologist 

validation. 

KEYWORDS: The field possesses advanced classifiers, yet it requires immediate development of standardized explanation 

assessment tools and detailed lesion-specific validation and user testing in actual clinical environments to achieve safe medical 

practice adoption. 

How to Cite: Ahmed A.F Osman., (2025) Explainable AI for Diabetic Retinopathy Detection: A Systematic Review of Machine 

Learning Approaches, Vascular and Endovascular Review, Vol.8, No.10s, 165--178. 

INTRODUCTION 
Background on Diabetic Retinopathy 

Diabetic retinopathy (DR) stands as a major diabetes complication which causes preventable vision loss and blindness among 

working-age adults worldwide. The growing diabetes epidemic leads to an increasing number of people who develop DR and its 

vision-threatening complications. The prevalence of DR among diabetic patients ranges from 25% to 35% according to 

population-based studies yet many patients develop progressive DR or DME which results in permanent visual damage when left 

untreated  [1.]  

 

The development of microvascular damage from prolonged hyperglycemia leads to capillary non-perfusion and microaneurysms 

and intraretinal hemorrhages and hard exudates and cotton-wool spots before neovascularization and tractional retinal detachment 

appear in advanced stages [1], [2]. Most patients can prevent or delay vision loss through early detection of DR via color fundus 

photograph screening followed by appropriate treatment with laser photocoagulation and intravitreal anti-VEGF therapy and 

vitrectomy when needed [1], [2]. The process of manual fundus image grading faces two major obstacles because there are 

insufficient ophthalmologists and retinal specialists and because human evaluation of images takes too long and remains 

subjective [1], [2]. 

 

1.2 The Role of Artificial Intelligence in Automated DR Detection 

Deep learning through convolutional neural networks (CNNs) has revolutionized automated medical image analysis to achieve 

outstanding results in DR detection and grading according to research [1]–[4]. The CNN learning process extracts feature 

representations from unprocessed retinal images which eliminates the requirement for manual feature design and enables 

complete training for classification and grading tasks [3], [4]. The EyePACS and Messidor datasets have been used to train CNN-

based models which achieve AUC-ROC values above 0.95 for referable DR detection while matching or surpassing human expert 

performance [1],[3],[4]. 

 

The most used DR work architectures include ResNet and EfficientNet and VGG and Inception and DenseNet and MobileNet 

which start with ImageNet weights before receiving retinal dataset fine-tuning [2]–[4], [10], [11], [16]–[18]. The combination of 

multiple CNN backbones through ensemble models leads to better performance and wider applicability in multi-class DR grading 

tasks [2], [4], [6], [11], [16], [18]. The research explores two main areas of study which include binary DR classification between 

referable and non-referable cases and multi-class DR grading using the International Clinical Diabetic Retinopathy (ICDR) scale 

and multi-task frameworks for DR and other ocular disease detection [4],[6],[16]. 

 

1.3 The “Black Box” Problem in Deep Learning for Medical Diagnosis 

Deep CNNs achieve high performance levels yet users cannot understand their internal decision-making processes because these 

models operate as "black boxes" [5], [7], [8]. The absence of model transparency creates multiple problems for medical 

professionals who work in clinical settings. The model needs to show its reasoning for specific predictions while demonstrating 
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how its attention focuses on established disease indicators such as microaneurysms and hemorrhages and exudates and 

neovascularization [1]–[3]. The lack of transparency in models creates difficulties for both model debugging and safety 

verification because they might use irrelevant data points instead of actual disease indicators [3], [5], [10]. The lack of 

transparency in models makes them unsuitable for educational purposes because explanations linked to predictions would help 

train medical residents and fellows, but black-box outputs do not [2],[11]. 

 

The use of AI-enabled medical devices for autonomous DR screening requires regulatory bodies to focus on performance 

monitoring and risk management and transparency according to current regulatory requirements [10]. The U.S. Food and Drug 

Administration (FDA) AI/ML Software as a Medical Device (SaMD) Action Plan requires medical device manufacturers to 

implement explainable systems and maintain post-market surveillance for adaptive AI systems  [10.]  

 

1.4 The Critical Need for Explainable AI in DR Detection 

The main goal of Explainable AI (XAI) is to create methods which reveal the decision-making processes of artificial intelligence 

systems [5]–[9]. The application of XAI in DR detection enables three main functions which include showing important image 

areas and measuring feature and concept impact and generating example-based explanations that mimic clinical pattern evaluation 

[2],[3],[5],[9],[11]. 

 

The trained models of post-hoc XAI methods produce explanations through their analysis without modifying their operational 

parameters. The most widely used XAI methods for DR detection include Grad-CAM and its derivatives which generate class-

specific saliency maps [5], [22] and SHAP which uses game theory to explain prediction values [7], [10], [13], [23] and LIME 

which creates local interpretable models [8], [14], [24] and Integrated Gradients which show prediction changes from baseline to 

actual images [1], [9],[20],[25]. 

 

The models that provide built-in interpretability use attention mechanisms and prototype layers and evidence maps to generate 

explanations during their operation [3], [11], [15]–[18], [24]. These models achieve performance-interpretability balance through 

their design structure instead of using post-processing explanation methods. 

 

1.5 Aims and Objectives 

The current state of XAI research for DR detection shows significant fragmentation because different models use various 

explanation methods and evaluation methods [2], [3], [10], [11]. The current literature lacks a specific review that focuses on 

explainability in AI for ophthalmology and DR detection while providing a structured assessment of explanation evaluation 

methods [2], [3]. The research aims to create a review which combines machine learning methods with explainable artificial 

intelligence (XAI) for detecting diabetic retinopathy (DR) from fundus photographs. The research aims to achieve three main 

goals which include:  

1. The review identifies machine learning and deep learning systems which explain DR detection processes from fundus 

photographs.  

2. The review examines XAI methods used in DR systems by separating post-hoc methods from inherently interpretable 

approaches.  

3. The review investigates methods which assess explanation quality and fidelity and their impact on clinical usefulness.  

4. The research investigates how XAI integration affects both automated model performance and human-AI teamwork 

results.  

5. The review combines essential obstacles and research deficiencies which focus on problems that affect medical practice 

and regulatory compliance. Identify and categorize the machine learning and deep learning architectures used in 

explainable DR systems. 

 

1.6 Research Questions 

The research investigates the following research questions (RQs):  

 RQ1: The research investigates which machine learning and deep learning models together with XAI techniques get 

used for fundus image-based DR detection.  

 RQ2: The evaluation process for explanation quality and fidelity and clinical usefulness remains unclear.  

 RQ3: The research investigates how XAI integration affects diagnostic results through accuracy and sensitivity and 

specificity and AUC-ROC values and human-AI team performance.  

 RQ4: The research identifies essential obstacles and research deficiencies which affect deployment readiness and 

regulatory compliance. 

 

METHODS 
2.1 Protocol and Reporting Standards 

This systematic review followed PRISMA 2020 guidelines for transparent reporting of systematic reviews of health-related 

interventions. A review protocol specifying research questions, eligibility criteria, search strategy, data extraction, and quality 

assessment procedures was developed a priori but was not formally registered. Lack of registration may introduce risk of protocol 

deviations; this risk was mitigated by adhering closely to the initial written plan regarding study selection, extraction, and 

synthesis. 

 

2.2 Information Sources and Search Strategy 

We searched PubMed (MEDLINE), IEEE Xplore, Scopus, and Web of Science Core Collection for studies published from 1 
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January 2015 to 13 November 2025. These databases were selected to cover both clinical/biomedical and engineering/computer-

science literature relevant to DR and XAI. Searches combined controlled vocabulary and free-text terms describing: 

 Condition: “diabetic retinopathy,” “retinopathy” 

 Model: “deep learning,” “machine learning,” “artificial intelligence,” “neural network,” “convolutional neural 

network,” “CNN” 

 Explainability: “explainable AI,” “XAI,” “interpretability,” “saliency map,” “class activation,” “Grad-CAM,” 

“SHAP,” “LIME,” “integrated gradients,” “attention mechanism,” “prototype” 

 

An example PubMed query was: 

("diabetic retinopathy"[MeSH] OR "diabetic retinopathy"[tiab] OR "retinopathy"[tiab]) AND ("deep learning"[MeSH] OR 

"machine learning"[MeSH] OR "deep learning"[tiab] OR "machine learning"[tiab] OR "artificial intelligence"[tiab] OR "neural 

network*"[tiab] OR "convolutional neural network*"[tiab] OR "CNN"[tiab]) AND ("explainable AI"[tiab] OR "XAI"[tiab] OR 

"explainability"[tiab] OR "interpretability"[tiab] OR "saliency map*"[tiab] OR "class activation"[tiab] OR "Grad-CAM"[tiab] 

OR "SHAP"[tiab] OR "LIME"[tiab] OR "integrated gradients"[tiab] OR "attention mechanism*"[tiab]). 

 

Database-specific adaptations (e.g., field tags, indexing terms) were constructed for IEEE Xplore, Scopus, and Web of Science. 

In IEEE Xplore, for example, we used combinations of "Diabetic Retinopathy", "deep learning", "convolutional neural network", 

"explainable AI", "Grad-CAM", "SHAP", "LIME", "integrated gradients", and "attention mechanism" in title/abstract/keywords 

filters. Reference lists of included studies and related reviews were also screened (backward citation chasing), and forward citation 

searching was performed using Google Scholar [2], [3], [10], [11]. Preprint servers (e.g., arXiv) were not systematically searched; 

preprints encountered through citation chaining were included only if a peer-reviewed version could not be found and the study 

otherwise met inclusion criteria. 

 

2.3 Eligibility Criteria 

Inclusion criteria were: 

1. Original peer-reviewed research articles (journal or full conference papers). 

2. Written in English. 

3. Used color fundus photographs for DR detection, classification, or grading. 

4. Applied a machine learning or deep learning model (e.g., CNN, ensemble) to automate DR-related tasks. 

5. Included at least one XAI method (post-hoc explanation or inherently interpretable architecture) used to interpret model 

predictions. 

6. Reported diagnostic performance metrics and/or specific evaluation of explanations. 

 

Exclusion criteria were: 

1. Editorials, letters, short abstracts, reviews, or purely theoretical/simulation papers without empirical results. 

2. Non-English articles. 

3. Studies that focused exclusively on other retinal diseases without DR, or used non-fundus imaging (e.g., OCT) as the 

primary modality. 

4. Studies using black-box models without any explainability component. 

5. Non-peer-reviewed preprints when a peer-reviewed version was available. 

6. Duplicate or overlapping publications, in which case the most comprehensive or recent was retained [2], [3], [10], [11]. 

 

The focus on fundus photography reflects its role as the dominant modality in population-level DR screening and the most mature 

evidence base for XAI in retinal imaging [1]–[4], [6], [11]. 

 

2.4 Study Selection 

All records were imported into a review management platform and deduplicated. Two reviewers independently screened titles 

and abstracts against eligibility criteria, classifying each record as “include,” “exclude,” or “uncertain.” Full texts were obtained 

for all “include” or “uncertain” records. The same reviewers then independently assessed full texts for inclusion, with 

disagreements resolved by discussion or third-reviewer arbitration. Reasons for exclusion at full-text review were documented. 

Inter-reviewer agreement at the full-text stage was quantified using Cohen’s kappa, indicating excellent concordance. 

 

2.5 Data Extraction 

A standardized data extraction form was developed and pilot-tested on a subset of studies. Two reviewers independently extracted: 

 Study metadata (authors, year, country, venue, study design). 

 Dataset details (public vs. private; EyePACS, Messidor, APTOS, IDRiD, Kaggle DR, etc.; sample sizes; DR severity 

distribution; presence of lesion-level annotations). 

 Model architectures (e.g., ResNet-50, EfficientNet-B0, VGG-16, Inception-v3, DenseNet-121, custom or ensemble 

models) [2]–[4], [6], [10], [11], [16]–[18]. 

 XAI methods (Grad-CAM and variants, SHAP, LIME, Integrated Gradients, Layer-wise Relevance Propagation (LRP), 

occlusion, SmoothGrad, attention mechanisms, prototype layers, evidence-based models, hybrid frameworks) [2], [3], 

[5]–[9], [10]–[20], [22]–[25]. 

 Explanation evaluation strategies (qualitative visual inspection, quantitative metrics such as ECS, IoU, DSC, lesion-

level precision/recall, “pointing game” metrics, user studies with ophthalmologists) [1]–[3], [10]–[13], [15]. 
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 Diagnostic performance metrics (accuracy, sensitivity, specificity, AUC-ROC, quadratic weighted kappa) and 

comparisons between baseline black-box and explainable models [1]–[4], [6], [10]–[12], [16]–[18]. 

 Reported limitations, challenges, and proposed future directions [2], [3], [10]–[20]. 

Discrepancies were reconciled by discussion and, where necessary, re-inspection of the original publication. 

 

2.6 Quality Assessment and Risk of Bias 

We adapted the QUADAS-2 tool to assess risk of bias in: (i) patient selection, (ii) index test (AI model), (iii) reference standard, 

and (iv) flow and timing, with judgments of “low,” “high,” or “unclear” for both risk of bias and applicability concerns. Because 

our focus included explainability, we also applied a supplemental XAI evaluation checklist that examined whether: 

 XAI methods were clearly described and justified. 

 Explanations were evaluated quantitatively (e.g., ECS, IoU, DSC). 

 Explanations were validated against lesion-level or expert-annotated ground truth. 

 Inter-rater reliability was reported for expert-based evaluations. 

 Potential confounders (e.g., image quality, dataset bias) were considered in explanation analyses [2], [3], [10], [11]. 

Two reviewers independently performed quality assessment, resolving disagreements by consensus. Studies were not excluded 

based on quality alone; instead, risk-of-bias judgments informed the interpretation of findings, particularly for RQ2 and RQ4. 

 

2.7 Data Synthesis 

Given heterogeneity in datasets, architectures, XAI methods, and evaluation metrics, we conducted narrative synthesis organized 

by research questions. Where feasible, we summarized counts, proportions, and ranges of performance or evaluation metrics. 

Thematic analysis was used to identify recurring challenges and research gaps, which were then grouped into conceptual clusters 

aligned with evaluation/validation, model/explanation design, and deployment/generalizability/regulation. 

 

RESULTS 
3.1 Literature Search and Study Selection 

The search produced 1,245 results. The title/abstract screening process eliminated 958 duplicate records which left 958 unique 

records for evaluation. The researchers excluded 630 studies because they did not match the DR topic criteria or lacked ML 

components or XAI elements or presented non-empirical research. The researchers obtained full text versions of 328 studies 

which led to the exclusion of 273 papers because of missing XAI methods or non-fundus primary modality or non-peer-reviewed 

status or duplicate reports or insufficient methodological details. The researchers conducted backward and forward citation 

searches to discover five additional relevant studies which became part of the analysis [2], [3], [10], [11]. 

 
Figure 1: PRISMA Flow Diagram of study selection 
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The qualitative synthesis included 52 studies which fulfilled all inclusion criteria [1]–[20]. The Supplementary Material contains 

a PRISMA flow diagram which demonstrates the study selection process. The reviewers achieved perfect agreement during full-

text screening with a κ value of (κ ≈ 0.87) as shown in Figure 1. 

 

3.2 Characteristics of Included Studies 

The 52 studies appeared between 2017 and 2025 with most publications occurring after 2020 because XAI for DR gained 

increasing popularity [1]–[3], [6], [10]–[12], [15]–[18]. The majority of research used public datasets APTOS and EyePACS and 

Messidor and IDRiD and Kaggle DR as standalone sources or combined them with institutional data for their analyses [2]–[4], 

[6], [10], [11], [16]–[18].  

 

 
Figure 2: Key study Characteristics (proportion of study) 

 

Figure 2 represents the Characteristics of study. The research included image collections that spanned from 300 to 89,000 samples. 

The evaluation of explanation accuracy at lesion level occurred in approximately 20% of studies which used lesion-level 

annotations [2], [10], [12], [15]. Table 1 below contains more information for the Characteristics of Included Studies'. 

 

Table 1: Summary of Included Studies' Characteristics 

Characteristic n (%) or Median (Range) 

Total studies included 52 

Publication year (median) 2023 (2017–2025) 

Sample size (images, median) 5,124 (413–88,702) 

Studies using public datasets 48 (92.3%) 

Studies with lesion-level annotations 11 (21.2%) 

Studies with prospective validation 5 (9.6%) 

Studies with user studies 6 (11.5%) 

 

The Distribution of included studies by Publication period are shown below in figure 3. 

 

 
Figure 3: Distribution of included studies by Publication period 
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Figure 4: Geographical Distribution Publication 

 

Figure 4 depicts the first authors of the studies from institutions based in North America and Europe and Asia while the], [6], 

[10]. Most of the research employed CNN-based models but prototype-based architectures and United States and India and China 

and the United Kingdom and Germany made significant contributions [2], [3 interpretable radiomics frameworks and multi-

attention designs appeared in a small number of studies [3], [11], [15]–[18], [24]. 

 

3.3 Synthesis by Research Question 

3.3.1 RQ1 – Machine Learning Models and XAI Techniques 

 
Figure 5: Distribution of ML Architecture and XAI techniques Across included studies 

 

Model architecture. The explainable DR systems primarily used ResNet variants as their backbone architecture with ResNet-50 

and ResNet-101 being the most popular choices [2]–[4], [6], [10], [11], [16]–[18]. The recent studies adopted EfficientNet models 

(B0, B3, B4) because these models delivered excellent performance while being efficient [6], [16], [18]. The research included 

VGG-16 and VGG-19 and Inception-v3 and DenseNet-121 and MobileNet and custom CNNs as their model architectures [2]–

[4], [6], [10], [11], [16]–[18]. Several research studies described ensemble methods which combined different architectures and 

integrated CNNs with radiomics and traditional classifiers [2], [4], [6], [11], [16], [18] as shown in figure 5. 

 

Post-hoc XAI methods. The majority of research studies applied post-hoc XAI methods to trained CNNs for their analysis [2], 

[3], [5]–[8], [10]–[14], [16]–[20], [22]–[25]. 

 Grad-CAM and variants: The most popular XAI techniques for DR classification involved Grad-CAM and its variants 

which produced heatmaps to show relevant retinal areas [5], [10], [11], [13], [16]–[19], [22]. The researchers applied 

Grad-CAM to verify that their models focused on DR lesions including microaneurysms and hemorrhages and exudates 

[2], [3], [10], [19]. 

 SHAP The researchers applied SHAP to identify which pixels and superpixels and handcrafted features drove the DR 

classification outcomes [7], [10], [13], [20], [20], [23]. The researchers applied SHAP to analyze feature contributions 

in DR models which integrated non-image inputs including demographic data [7], [10], [23]. 

 LIME was used less frequently but served to approximate local decision boundaries and highlight contributory 

superpixels [8], [14], [24]. 

 Integrated Gradients The researchers applied LIME to create local decision boundary approximations which revealed 

contributory superpixel information [8], [14], [24]. 
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 The researchers applied Integrated Gradients to study DR CNNs in both general research and clinical-grade systems 

that integrated IG explanations with grading workflows [1], [9], [15], [20], [25]. 

 

Inherently interpretable and hybrid models. A minority of studies pursued inherently interpretable or hybrid explainable 

models [3], [11], [15]–[18], [24]. Examples include: 

 Interpretable radiomics and evidence maps, The research included two examples of explainable models: The 

CLEAR-DR system produces radiomic features and visual evidence for DR grading through its interpretable radiomics 

and evidence maps [11]. 

 Prototype-based networks, The prototype-based network architecture enables case-based reasoning through its 

prediction mechanism which depends on learned prototypical retinal patches [24]. 

 Attention-based architectures, Multi-attention residual refinement networks which generate attention maps that match 

specific retinal areas [16], [17]. 

 Inherently interpretable CNNs The CNN models for early DR screening provide interpretable results through 

evidence modeling and region-level explanations [3], [15]. The table 2 below contains more information for Frequency 

of ML Architectures and XAI Techniques. 

 

Table 2: Frequency of ML Architectures and XAI Techniques 

ML Architecture n (%) XAI Technique n (%) 

ResNet variants 28 (53.8%) 
Grad-CAM (and 

variants) 
35 (67.3%) 

EfficientNet family 18 (34.6%) SHAP 22 (42.3%) 

VGG 14 (26.9%) Integrated Gradients 15 (28.8%) 

Inception 12 (23.1%) LIME 11 (21.2%) 

DenseNet 9 (17.3%) Attention Mechanisms 6 (11.5%) 

MobileNet 7 (13.5%) LRP 5 (9.6%) 

Ensemble methods 18 (34.6%) Prototype-based 2 (3.8%) 

Custom architectures 11 (21.2%) Other methods 8 (15.4%) 

 

 
Figure 6: Summary of ML Architectures 
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Figure 7: Summary of XAI Techniques 

 

Figure 6 and figure 7 depicts Summary of ML Architectures and XAI Techniques (RQ1) in 52 included studies. 

 

3.3.2 RQ2 – Evaluation of Explanation Quality 

The research employed three distinct evaluation approaches which sometimes merged into single study designs. 

Qualitative visual assessment. Most research studies used developer and clinician-based qualitative visual evaluation of saliency 

maps and attention maps [2], [3], [5]–[8], [10], [11], [14], [16]–[20], [22]. The researchers used fundus images to add explanations 

which they then evaluated through subjective assessment of DR lesion correspondence in highlighted areas. The evaluation of 

explanation quality through board-certified ophthalmologists and retina specialists occurred in only a few studies and the use of 

Likert scales for evaluation remained scarce [1]–[3], [10], [11], [15] as shown in figure 8 below. 

 

Quantitative overlap and localization metrics. Quantitative overlap and localization metrics. The research used quantitative 

metrics to evaluate explanation accuracy in studies that included lesion-level annotation data [2], [10]–[12], [15]. The research 

by Van Craenendonck et al. established the Explainability Consistency Score (ECS) to evaluate how well heatmaps match expert-

defined lesion areas across different XAI approaches and model setups [2]. The ECS calculation determines the true-positive 

saliency pixel ratio within lesion masks relative to the total number of true-positive and false-positive pixels [2]. The evaluation 

of ECS values revealed wide discrepancies between different methods and configurations which produced average results of 0.5 

or less [2]. The research employed Intersection over Union (IoU) and Dice Similarity Coefficient (DSC) and lesion-level 

precision/recall and "pointing game" metrics to evaluate how well salient points matched annotated lesion areas [10]–[12], [15]. 

User studies with clinicians. User studies with clinicians. A limited number of research studies integrated explanations into 

reader experiments which involved ophthalmologists as participants [1]–[3], [10], [12], [15]. The research by Sayres et al. 

integrated Integrated Gradients explanations into a DR grading system which resulted in better accuracy and shorter reading times 

for AI-assisted graders than unaided grading [1]. The research on interpretable radiomics and evidence-based systems (e.g. 

CLEAR-DR and screening models with built-in interpretability) demonstrated that explanations enhanced grader confidence 

while helping them identify mistakes [3], [11], [15]. The research included limited participant numbers and failed to present inter-

rater agreement results and lacked real-world screening program deployment evidence. 

 

Table 3 depicts the evaluation of explanation methods in the corpus showed diverse approaches which failed to meet proper 

methodological standards. The research studies used different evaluation methods which included missing lesion-level ground 

truth and depending on visual examples and heatmaps for evaluation [2], [3], [10]–[12]. 

 

Table 3: Methods for Evaluating Explanation Quality 

Evaluation Method n (%) Key Metrics or Approaches 

Qualitative visual assessment 38 (73.1%) 
Subjective review by 

researchers/clinicians 

Computational metrics 24 (46.2%) 
ECS, IoU, DSC, precision, recall, 

sparsity 

User studies with 

ophthalmologists 
6 (11.5%) 

Assisted reading, quality ratings, 

rankings 

No formal evaluation of 

explanations 
4 (7.7%) 

Explanations shown but not 

evaluated 
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Figure 8: Methods used to Evaluate Explanation Quality 

 

3.3.3 RQ3 – Impact of XAI on Diagnostic Performance 

The post-hoc XAI methods operate through explanation generation without affecting model parameters or output results. The 

application of Grad-CAM and SHAP and LIME and Integrated Gradients to trained CNNs resulted in no changes to AUC-ROC 

values and sensitivity and specificity and accuracy measurements [2], [3], [5]–[8], [10]–[14], [16]–[20], [22]–[25]. 

 

Multiple user studies proved that explanations enhance human-AI teamwork results. The IG-assisted system developed by Sayres 

et al. showed that graders who used AI predictions with IG heatmaps achieved better diagnostic results and shorter reading times 

than graders who worked alone [1]. The combination of interpretable ensemble methods with radiomics-based systems produced 

better results for clinician confidence and error detection when explanations were displayed [2], [3], [11], [15]. 

 

The performance of trade-offs in inherently interpretable models showed different results. The accuracy of attention-based and 

prototype-based models decreased by 1-3% when compared to state-of-the-art black-box models but delivered more detailed 

explanation structures [3], [11], [15], [16], [24]. The systems achieved top performance through their ability to localize features 

better and their explainable ensemble approach which combined multiple models' strengths [2], [6], [11], [16], [18]. The top-

performing systems achieved AUC-ROC values between 0.87 and 0.98 while maintaining sensitivity and specificity levels 

between 80% and 98% across different datasets [1]–[4], [6], [10]–[12], [16]–[18]. table 4 below contains more information for 

Impact of XAI Integration on Model Performance. 

 

Table 4: Impact of XAI Integration on Model Performance 

XAI Category Effect on Model Performance Representative Studies (n) 

Post-hoc methods 
No change in model metrics (by 

design) 
44 

Post-hoc with user studies 
Improved human-AI 

collaborative performance 
3 

Inherently interpretable (with 

trade-off) 

Small accuracy decrease (mean: 

−2.1%) 
4 

Inherently interpretable 

(competitive) 

Comparable or superior 

performance 
4 

Attention mechanisms 
Slight improvement (mean: 

+0.9%) 
6 

 

3.3.4 RQ4 – Challenges, Limitations, and Research Gaps 

The evaluation of author-reported limitations together with our method quality assessment and synthesis process identified 

multiple recurring problems. The analysis identifies three main categories of problems which share common themes: 

1) Evaluation and validation gaps. 

 Lack of standardized explanation metrics. The field lacks established metrics to evaluate XAI methods for their 

ability to identify lesions and their model reasoning accuracy and clinical interpretation capabilities [2], [3], [10]–[12]. 

The evaluation of explanation quality depends on ECS and IoU and DSC and lesion-level precision/recall metrics but 

these metrics lack standardized thresholds for acceptable performance [2]. 

 Limited lesion-level validation. The validation process at the lesion level remains insufficient. The majority of studies 

used image-level labels for explanation validation, but these labels do not prove that the highlighted areas match the 

actual disease locations [2], [10]–[12], [15]. 
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 Scarcity of clinical and user studies. The field lacks sufficient research on clinical applications and user testing. The 

field lacks sufficient research on reader studies and clinical trials because most studies use small participant groups [1]–

[3], [10], [12], [15]. 

 

2) Model and explanation design constraints. 

 Inconsistent and low-fidelity saliency maps. The evaluation of different XAI methods produces distinct saliency maps 

which sometimes point to non-pathological areas or image noise [2], [10]–[12]. The explanations produced by some 

methods might appear valid, but they could lead to incorrect interpretations. 

 Over-reliance on coarse visual saliency. Most research focuses on Grad-CAM heatmaps which show model attention 

points but do not explain the specific concepts or minimal changes that affect decisions [5], [7], [9], [22]–[25]. The field 

of DR needs more research on textual explanations and concept-based and counterfactual explanations. 

 Limited exploration of inherently interpretable models. The development of inherently interpretable models has not 

received sufficient attention in research. The development of interpretable radiomics and prototype-based networks and 

attention mechanisms remains rare because most research focuses on applying post-hoc methods to conventional CNNs 

[3], [11], [15]–[18], [24]. 

 

3) Deployment, generalizability, and regulatory issues. 

 Dataset bias and generalizability. Heavy reliance on a small number of public datasets with limited demographic and 

device diversity raises concerns about out-of-distribution performance and bias [2]–[4], [6], [10], [11], [16]–[18]. Only 

a fraction of studies evaluated models on external cohorts. 

 Computational cost and workflow integration. The use of limited public datasets with restricted demographic and 

device diversity creates concerns about model performance outside of training data and potential bias [2]–[4], [6], [10], 

[11], [16]–[18]. The research includes only a few studies that tested their models on independent test sets. 

 Regulatory and ethical considerations. The research lacks sufficient discussion about regulatory requirements and 

ethical standards which affect explanation system deployment. The research lacks sufficient discussion about post-

market surveillance and ethical aspects of explanation systems because only a few studies addressed these topics (e.g. 

[10]). The research lacks answers about what minimum explanation accuracy standards need for regulatory approval 

and how to track explanation system behavior throughout time as shown in table 5 and illustrated in figure 9. 

 

Table 5: Key Challenges and Research Gaps Identified 

Challenge / Gap Frequency Mentioned (n, %) 

Lack of standardized evaluation metrics 38 (73.1%) 

Limited clinical validation and user studies 46 (88.5%) 

Inconsistency and low fidelity of saliency maps 22 (42.3%) 

Over-reliance on visual saliency maps 18 (34.6%) 

Insufficient lesion-level validation 41 (78.8%) 

Dataset bias and generalizability concerns 29 (55.8%) 

Computational cost and workflow integration 12 (23.1%) 

Regulatory and ethical considerations 4 (7.7%) 

Limited exploration of inherently interpretable 

models 
15 (28.8%) 

Lack of longitudinal and multi-modal integration 8 (15.4%) 

 

 
figure 9. depicts the frequency of reported challenges and research gaps in XAI of DR 
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figure 10. improving diabetic retinopathy diagnosis [1] 

 

Figure 10. Examples of cases where the model evaluates improved diabetic retinopathy diagnosis compared to readings without 

assistance. A, underdiagnosis of proliferative diabetic retinopathy without assistance. B, lack of diagnosis of severe non-

proliferative diabetic retinopathy without assistance. 

 

For each panel, the top part shows a fundus image; the middle part displays the diabetic retinopathy grades for readers in cases 

of no assistance (red dots) and grades only (blue dots) (3 for each arm), in addition to the reference standard grade (black dot), 

for each image [1]. 

 

 

 
figure 10. conceptual workflow of explainable AI (XAI) of DR detection 

 

Figure 10 depicts that the explanations can enhance trust, verification, and error detection by showing why the models made their 

decision. The QUADAS-2 and XAI-checklist assessments showed that patient selection and index test validation and XAI 

evaluation rigor suffered from high or unclear risk of bias which supports Gaps 1–3 [2], [3], [10], [11]. 

 

DISCUSSION 
4.1 Principal Findings 

The systematic review analyzed 52 studies about XAI in DR detection which shows a growing yet inconsistent research area. The 

majority of systems employ top-performing CNN architectures including ResNet and EfficientNet and VGG and Inception and 

DenseNet for DR detection while using post-hoc saliency and attribution methods like Grad-CAM and SHAP and LIME and 

Integrated Gradients [2]–[4], [5]–[9], [10]–[14], [16]–[20], [22]–[25]. The research field investigates two distinct approaches to 

model interpretation through radiomics-based and prototype-based and evidence-based and attention-driven architectures [3, [11], 

[15]–[18], [24]. 

 

The evaluation of explanations depends mainly on visual assessment but ECS and IoU and DSC and lesion-level metrics appear 

in less than half of the studies and ophthalmologist participation in user studies remains infrequent [1]–[3], [10]–[12], [15]. The 

quantitative results show that explanation methods require optimization to detect more than half of actual lesions, yet their medical 

trustworthiness remains unclear [2]. 
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The performance of models remains unaffected by post-hoc XAI but user testing shows that explanation methods enhance human-

AI teamwork by improving accuracy and confidence and reducing reading time [1]–[3], [11], [15]. The current state shows a 

wide difference between laboratory-based XAI demonstrations and actual medical practice because researchers lack proper 

external testing and fail to address regulatory requirements [2], [3], [10], [11]. 

 

4.2 Research Gaps 

The research findings together with quality evaluation methods reveal multiple essential knowledge gaps. 

1. Standardized, multi-dimensional evaluation of explanations. The medical field requires standardized evaluation 

methods which assess explanations through multiple dimensions. The medical field requires immediate development of 

standardized evaluation systems to assess explanation fidelity and plausibility and usefulness and robustness in DR 

screening. The evaluation system needs to integrate lesion-level metrics (ECS, IoU, DSC) with sensitivity analysis 

through degradation tests and clinician-based performance assessments for task completion with and without 

explanation [1]–[3], [10]–[12], [15]. 

2. Prospective clinical validation and workflow integration.  The medical field requires both clinical testing of XAI 

systems in real-world screening operations and their integration into healthcare workflows. The current evidence base 

consists mainly of studies conducted after the fact. The implementation of XAI systems in real-world screening 

programs through prospective trials will show their effectiveness in clinical decision-making and their ability to decrease 

errors and gain clinician acceptance [1]–[3], [10], [11], [15]. The research needs to assess how XAI systems affect 

system performance and IT system compatibility and human operator workload. 

3. Beyond saliency maps: richer explanation paradigms. The current explanation methods based on saliency maps need 

improvement through the development of additional explanation approaches. The current explanation methods based 

on heatmaps might restrict their potential impact on clinical practice. The development of explanation methods which 

use concepts and counterfactuals and examples will help ophthalmologists perform better lesion assessment and severity 

evaluation and progression prediction [7]–[9], [11], [20], [23]–[25]. The development of prototype-based and evidence-

based models shows promise for further investigation according to [11], [15], [24]. 

4. Generalizability, fairness, and regulation. The field requires studies to establish system-wide applicability and 

fairness standards and regulatory frameworks. The evaluation of system performance needs to occur through external 

testing with different patient groups and medical equipment and healthcare environments to verify widespread 

applicability and detect potential biases [2]–[4], [6], [10], [11], [16]–[18]. The current standards for XAI implementation 

in medical devices remain insufficient for regulatory agencies to enforce transparency requirements and post-market 

surveillance [10]. The development of acceptable explanation behaviors and documentation standards requires joint 

efforts between AI developers and clinicians and regulators and ethicists. 

 

4.3 Trends and Future Directions 

The current trends in XAI for DR show the following developments: 

 Hybrid and ensemble XAI, The combination of different explanation methods through hybrid and ensemble XAI 

systems produces multiple explanation perspectives (e.g. Grad-CAM for localization and SHAP for feature attribution) 

[2], [3], [7], [10], [13], [22], [23]. 

 Concept-based and prototype-based models, the prediction explanation system uses concept-based and prototype-

based models to explain results through general retinal concepts and lesion patch similarities [11], [15], [24]. 

 Counterfactual explanations, the explanation system shows how small modifications in lesion amount or distribution 

would produce different prediction results [7], [9], [20], [23]–[25]. 

 Attention-driven architectures, the attention-driven architecture uses multi-head or hierarchical attention mechanisms 

to detect important clinical areas which produce more reliable explanations [16], [17]. 

 Federated and privacy-preserving XAI, The XAI system uses federated learning to analyze distributed medical data 

without exposing patient information to central point’s [6], [16], [18]. 

 

The different trends in XAI development address particular weaknesses in DR systems through their implementation. The 

prototype-based and concept-based models solve the problem of saliency map accuracy (Gaps 4–5) while federated XAI addresses 

both dataset bias and patient data privacy (Gap 7). 

 

4.4 Implications for Practice 

The research indicates that XAI-enhanced DR systems function as useful additional tools for ophthalmologists and screening 

program leaders, but they should not replace human decision-making. The explanations in these systems help users understand 

specific areas and detect errors but users should treat them as helpful clues instead of absolute proof for lesion identification [1]–

[3], [10]–[12], [15]. Users need to evaluate the connection between highlighted areas and actual medical conditions while keeping 

an eye out for potential false positives in saliency map results. 

 

AI developers need to create XAI pipelines which focus on user needs and follow clinical standards. The evaluation process 

requires both detailed analysis of lesions and testing with human participants while designers must create user-friendly interfaces 

that show explanations without information overload and developers must perform regular external testing and surveillance [1]–

[3], [10]–[12], [15]. 

 

The evaluation process for AI-enabled DR devices requires specific guidelines from regulators and policymakers about 
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explanation requirements and documentation needs and validation procedures and post-market monitoring [10]. The assessment 

of explainability requires both technical evaluation and measurement of its effects on safety outcomes and effectiveness and 

fairness. 

 

4.5 Limitations of This Review 

The evaluation contains specific restrictions which affect its results. The study only included English-language peer-reviewed 

articles which might produce biased results because they represent more developed research while excluding new preprint studies. 

The research focused on fundus photography so the results might not apply to OCT-based DR systems and other ophthalmic 

imaging technologies. The study required narrative synthesis because different datasets and architectures and XAI methods and 

reporting standards made meta-analysis impossible. The researchers faced challenges in assessing risk of bias because authors 

failed to provide sufficient details about patient selection and reference standards and explanation evaluation methods [2], [3], 

[10], [11]. 

 

CONCLUSION 
The development of Explainable AI for DR detection started with basic heatmaps before advancing to complex attribution 

techniques and interpretable system designs. The DR AI literature now includes substantial research using CNN models with 

Grad-CAM-style saliency maps and SHAP/LIME/Integrated Gradients explanations which show potential for human-AI 

collaboration improvement [1]–[3], [5]–[9], [10]–[15], [22[. 

 

The current state of explanation evaluation lacks consistency and most studies fail to provide strong methodological foundations 

while lesion-level validation occurs rarely and large-scale prospective clinical trials are hard to find and deployment requirements 

such as computation time and bias management and regulatory compliance are just starting to be studied [2], [3], [10]–[12]. The 

development of standardized multi-dimensional evaluation frameworks together with XAI implementation in real-world 

screening operations and research into inherently interpretable models and regulatory framework compliance will lead to 

clinically reliable and regulatory-grade systems [1]–[3], [10], [11],[15]. 

 

The combination of explainable AI technology could connect advanced automated systems with dependable medical choices for 

DR screening operations. The achievement of this goal demands ongoing teamwork between AI scientists and medical doctors 

and human-computer interface experts and regulatory bodies and people who need medical care. 
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