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Abstract 

Diabetic retinopathy (DR) is a major cause of preventable blindness, and with its global prevalence 

rising rapidly, automated grading of fundus images has become an integral part of screening 

programs to enhance timeliness and coverage. However, the clinical implementation of machine 

learning (ML) and deep learning (DL) systems is often limited by insufficient transparency, as it is 

crucial for ophthalmologists and healthcare stakeholders to have an understandable rationale linked 

to retinal findings before they can trust algorithmic predictions in safety-critical situations. The 

objective of the present review is to summarize and organize the state of the art in transparent 

prediction of DR from fundus photographs, pursuing two complementary pathways: (i) explainable 

artificial intelligence (XAI) applied to ML/DL models, and (ii) fuzzy logic (including fuzzy 

inference and hybrid neuro-fuzzy schemes) enabling rule-based linguistic decision-making. The 

novelty of this survey lies in bringing together these different strands under a common transparency 

umbrella and deriving a practical taxonomy for fundus-based DR detection/grading. A systematic 

literature review methodology based on the Preferred Reporting Items for Systematic Reviews and 

Meta-Analyses (PRISMA) was adopted. Relevant studies were obtained from major scholarly 

databases, screened using predefined inclusion/exclusion criteria (fundus modality, DR 

grading/detection focus, transparency via XAI or fuzzy rules), and synthesized using qualitative 

data extraction fields covering dataset usage, modeling choices, explainability mechanisms, and 

reported results. The reviewed evidence suggests a prevailing tendency towards post-hoc 

explanations for high-performing DL models (e.g., heatmap and attribution-based methods), 

alongside lesion-centered and rule-extraction strategies that align better with clinical reasoning. 

Fuzzy and hybrid fuzzy-DL approaches offer inherently interpretable rule bases but face challenges 

in feature design, scalability, and standardized benchmarking. Key gaps include inconsistent 

reporting, limited clinical validation, and inadequate integration of domain knowledge into 

transparent predictive pipelines. 

Keywords: Diabetic retinopathy; Fundus imaging; Explainable artificial intelligence; Interpretable 

machine learning; Fuzzy logic; Neuro-fuzzy systems; Deep learning; Medical image analysis 

 

1. Introduction 

DR and the need for automated grading/detection in fundus screening 

DR is one of the most common microvascular diabetic complications; when screening and 

referral are delayed, it is one of the major causes of preventable vision impairment. In actual 

screening scenarios, DR screening is often carried out by color photography of the fundus, where 

programs have to deal with high-volume, heterogeneous and noisy image acquisition conditions 

mailto:tahir@gcu.edu.pk


Pak. J. Sci. Res. 2025, 5, 2 35 of 54 
 

(illumination conditions, blur, field definition) as well as limited specialized personnel. These 

limitations provide an incentive to automate DR detection (e.g. referable vs non-referable DR) and 

severity grading (multi-class staging) to aid triage and scalable screening workflows. Recent work 

to date has stabilized a robust performance baseline for AI in fundus-based DR tasks, and has 

broadened from deep convolution-based models in their infancy to innovative numerous pipelines 

that encompass classical ML, DL, and lesion-centric modeling strategies as demonstrated in 

extensive recent reviews presented in the journals, IEEE Access and allied journals [1], [2]. The 

fact that fundus datasets with enriched annotations for explainability (e.g., anatomical/pathological 

labels and segmentation maps) are becoming more accessible further stabilizes the relevance of 

structured, transparent decision support and not just "prediction-only" classification [3]. 

The importance of transparency (clinical trust, medico-legal, model acceptance) 

Although DL systems do have the potential for high levels of accuracy, many are black box 

systems thus producing labels without clinically intelligible justification. In DR screening, the 

outputs of a model are most useful when they can be tied to the retinal evidence associated with 

ophthalmic reasoning (i.e., microaneurysms, hemorrhages, exudates, and neovascularization), 

because these outputs must be validated by clinicians, because clinicians must resolve 

disagreements, and because clinicians must communicate their decisions. Beyond trust, 

explainability is increasingly being taken into account as a design and evaluation requirement in 

the area of medical imaging, where explanations must be human-centered (adapted to the user and 

workflow) and empirically evaluated rather than assumed correct because they "look reasonable" 

[4]. Recent guidelines and systematic evidence emphasize that the choice of explanation forms 

(heatmaps, concepts, examples, rules) be done to meet clinical needs such as understandability and 

actionability [5]. Within DR, in particular, studies in the pages of both audio and video objects have 

been initiated to describe transparency as a main goal - suggesting 'transparent diagnosis' pipelines 

using explainable AI (XAI) methods, together with predictive models [6], and incorporating DL 

with XAI to aid early detection of DR using interpretable cues [7]. Broader clinical imaging surveys 

are also cautioning against an over-reliance on saliency maps alone and suggesting explaining 

mechanisms "beyond saliency" as a means of enhancing clinical meaningfulness [8], [9]. 

Scope and contributions: fundus-image only; ML + fuzzy logic; interpretability focus 

This review is intentionally scoped to fundus-image DR detection and grading only, excluding 

OCT-only studies and non-imaging (EHR/tabular) DR risk prediction, to maintain methodological 

coherence and allow meaningful comparison of interpretability approaches. We include both (i) 

classical ML pipelines that depend on engineered features (e.g., lesion/vessel descriptors) with 

inherently interpretable learners, and (ii) DL pipelines that typically require post-hoc XAI or model 

restructuring to provide explanations. Our definition of “transparent prediction” is restricted to 

interpretability/explainability mechanisms and fuzzy rule-based reasoning, rather than uncertainty 

quantification or calibration-focused trustworthiness. In addition, we explicitly incorporate fuzzy 

logic and hybrid neuro-fuzzy approaches because they provide linguistic IF–THEN rules that can 

encode domain reasoning and offer intrinsic interpretability, complementing XAI methods applied 

to DL classifiers as shown in Figure 1. To ensure reproducibility and reduce selection bias, we 

adopt a PRISMA 2020-guided systematic literature review methodology for study identification, 

screening, and reporting [10]. We contribute (1) a unified taxonomy connecting XAI-driven 

transparency and fuzzy-rule transparency for fundus DR, (2) evidence tables that standardize how 

studies are compared (datasets, tasks, models, explainability form), and (3) a gap analysis 

emphasizing explanation evaluation, lesion-level alignment, and benchmarking consistency. 

The rest of this paper is structured as follows. Section 2 presents DR grading background, 

fundus imaging characteristics, and some basic transparency concepts necessary for interpretation 

of the reviewed literature. Section 3 outlines the PRISMA-guided approach to reviewing original 

research, such as the search strategy, inclusion and exclusion criteria, screening and data extraction. 

Section 4 and 5 provides a synthesis of transparent ML and XAI approaches to fundus-based DR 

and supports the creation of a taxonomy of transparency mechanisms. Section 6 reviews the fuzzy 
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logic and fuzzy/ML/DL hybrid systems for the interpretable DR prediction. Section 7 relates to 

issues of datasets, labels, and comparability that constrain cross-paper conclusions. Open 

challenges and research opportunities for clinically meaningful transparent DR screening are 

outlined in Section 8 and the review is concluded in Section 9. 

 

Figure 1: End-to-end pipeline of transparent DR prediction. 

2. Related Work 

To put the following review of transparent prediction methods in perspective, this section lays down 

the clinical and technical basis of Diabetic Retinopathy (DR) diagnosis. We describe some of the 

pathological characteristics of DR severity, the case for concentrating on imaging of the fundus, 

outline the standard ML pipeline and a vocabulary for interpretability throughout this survey. 

Diabetic Retinopathy: Grading, Lesions, and Clinical Workflow 

DR is a progressive microvascular complication and has certain lesions in the retina which act as 

biomarkers for grading severity [11]. The clinical workflow is usually based on the International 

Clinical Diabetic Retinopathy (ICDR) scale of the disease severity, which of the previous Early 

Treatment Diabetic Retinopathy Study (ETDRS) standards is reduced to five stages: No apparent 

retinopathy, mild non-proliferative DR (NPDR), moderate NPDR, severe NPDR, and proliferative 

DR (PDR) [12]. 

Clinicians diagnose the stages by recognizing some aberrant pathological signs. Mild NPDR is 

characterized by microaneurysms, i.e., small saccular outpouchings of the retinal capillaries as the 

main finding [13]. As the disease advances to moderate and severe disease more signs and 

symptoms appear including dot and blot hemorrhages, hard exudates (lipid residues) and cotton 

wool spots (nerve fiber layer infarctions) [14]. The more vision-threatening stage of PDR is 

characterized by neovascularization, i.e., the growth of delicate new blood vessels secondary to 

retinal ischemia, which may cause vitreous hemorrhage and tractional retinal detachment [15]. 

Automated systems need to be able to accurately recognise these subtle, multi-scale features, in 

order to replicate clinical grading. Furthermore, clinical signs of Diabetic Macular Edema (DME), 

typically manifested by the presence of hard exudates near the Fovea, is a separate but concomitant 

referral criteria [16]. 

Imaging Modalities for DR Prediction 

While different types of ophthalmic imaging modalities are available, Color Fundus Photography 

(CFP) is the gold standard for DR screening programs for screening large numbers of patients, 
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because of its cost-effectiveness and high availability in primary care settings [17]. CFP takes a 

two-dimensional picture of the retina, which shows the direct visualization of the vascular, 

exudative, and hemorrhagic lesions described above. Although Optical Coherence Tomography 

(OCT) is a superior method for the cross-sectional resolution to quantify the thickness of the macula 

and edema [18], it is normally only used for second- and third-line care, not in mass screening. 

Fluorescein Angiography (FA)-provides dynamic visualization of vascular leakage but is invasive 

and impractical to use in routine automated screening [19]. As a consequence, the vast majority of 

ML and DL research is concentrated around CFP, based on single-field (macula-centered) as well 

as ultra-widefield imaging to maximise the coverage of the retina [20]. This review limits its scope 

to CFP-based studies to guarantee that there is a methodic comparability as the difficulty to interpret 

2D projection images (e.g., to differentiate between hemorrhages and dust artifacts) has a different 

nature than 3D volumetric analysis [21]. 

ML Pipeline in DR: Data to Evaluation 

The general computational pipeline for DR automation is a series of preprocessing, feature 

extraction, classification and evaluation. Raw images of the fundus often have a problem due to 

uneven illumination, poor contrast and noise that require pre-processing such as Contrast Limited 

Adaptive Histogram Equalization (CLAHE), green channel extraction and vessel normalization 

[22]. In the classical ML flowcharts, feature extraction is explicit; mathematical descriptors for 

texture, vessel tortuosity, lesion morphology, etc., were explicitly defined and employed by 

research engineers. [23]. On the other hand, the modern DL pipelines are usually Convolutional 

Neural Network (CNN) that learn the hierarchical representation of features from pixel data directly 

use the transfer learning from big datasets of natural images (e.g. ImageNet) [24]. 

To overcome the chronic class imbalance occurring in the medical datasets (i.e., the data sources 

where numbers of cases without disease will be significant more than the number of severe PDR 

cases), strategies like synthetic data augmentation and cost sensitive learning [25] are commonly 

used. The evaluation phase is no longer solely judged by elements of accuracy, so focus now is on 

maximizing sensitivity (recall), and specificity since screening is concerned with minimizing non-

detection of disease [26]. Furthermore, the more recent studies are reporting Area Under Precision-

Recall Curve (AUPRC) and Kappa scores for a robust way of assessing performance versus inter-

grader variability [27]. 

Transparency and Interpretability in Medical AI 

In safety-critical medical applications, model explainability is just as important as its predictive 

ability. "Interpretability" and "Explainability" are usually used interchangeably, but there are some 

nuances in the difference. We take the definition where interpretability is defined as the extent to 

which a human can understand the reason(s) due to which a decision was taken (intrinsic), and 

explainability is defined as the set of methods that are used to clarify the behavior of the complex 

model (post-hoc). [28]. 

Approaches come in two categories: global, which attempts to explain the whole model of the 

dataset, and local, which explains a particular prediction of an individual patient [29]. In DR, local 

explanations are of utmost importance to clinical validation. The current prevailing paradigm of 

explanations based on post-hoc attribution techniques, such as Gradient-weighted Class Activation 

Mapping (Grad-CAM) or SHapley Additive exPlanations (SHAP), produce heatmaps focused on 

"salient" regions [30]. However, these techniques are criticized for occasionally emphasizing 

irrelevant artifacts [31]. Alternatively, intrinsic transparency is achieved by means of models that 

are designed to be self-explanatory, for example decision trees or fuzzy logic systems which use 

linguistic rules (e.g. IF hemorrhages are extensive, THEN Severe NPDR) [32]. Hybrid approaches 
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aim to fill this gap by applying DL for feature detection and transparent symbolic reasoning to 

arrive at the final diagnosis [33]. Establishing a shared vocabulary is essential for evaluating these 

diverse techniques; therefore, we define the key terms used in this survey in Table 1 [34], [35]. 

Table 1: Definitions and transparency taxonomy vocabulary utilized in this review. 

Term Meaning in this review DR-specific example Common pitfalls 

Intrinsic 

Interpretability 

Models that are transparent by 

design; their structure allows 

direct understanding of how 

inputs map to outputs. 

A Fuzzy Logic system using rules: IF 

'Microaneurysms' is High AND 

'Hemorrhages' is Medium THEN 

'Moderate NPDR'. 

Often struggles with high-

dimensional raw pixel data 

compared to DL models. 

Post-hoc 

Explainability 

Techniques applied after model 

training to interpret the 

decisions of a "black box" 

model. 

Applying Grad-CAM to a ResNet-50 

model to visualize which retinal 

regions influenced the 'Proliferative 

DR' prediction. 

The explanation (heatmap) may 

not faithfully represent the model's 

actual internal reasoning (fidelity 

gap). 

Saliency / 

Attention Map 

A visualization highlighting 

pixels or regions that 

contributed most to the model's 

prediction. 

A heatmap glowing red over hard 

exudates and the optic disc to justify 

a DME diagnosis. 

Highlighting healthy anatomy 

(e.g., the optic disc) as a 

pathological feature due to 

confounding bias. 

Local 

Explanation 

Justification provided for a 

single, specific instance or 

prediction. 

Explaining why Patient X's fundus 

image was graded as Grade 3, 

specifically pointing to 

neovascularization. 

Assuming a good local 

explanation implies the model 

works correctly for the global 

population. 

Global 

Explanation 

Description of the model's 

logic across the entire dataset 

or population. 

A feature importance plot showing 

that 'Hemorrhage Area' is the most 

weighted feature for the model 

generally. 

Oversimplification of complex, 

non-linear interactions between 

retinal features. 

Semantic / 

Concept-based 

Explanations grounded in high-

level clinical concepts rather 

than raw pixel values. 

A model outputting: "Prediction: 

PDR because Neovascularization is 

present." 

Requires dense, expensive pixel-

level annotations (masks) for 

training concept detectors. 

3. Methodology (PRISMA-guided SLR) 

This systematic literature review has been conducted following the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA) 2020 statement [36]. The protocol was 

designed to rigorously identify, appraise and synthesise evidence on transparent prediction 

frameworks on the detection of DR using fundus photography. 

3.1 Research Questions (RQs) 
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To address major barriers that impact the clinical adoption of "black-box" AI, this review examines 

the intersection between interpretability and automated screening of DR. We developed four main 

Research Questions (RQs) as guiding principles for the search and synthesis: 

• RQ1: What specific post-hoc Explainable AI (XAI) mechanisms are currently applied to 

DL models for DR grading in fundus imaging? 

• RQ2: How are fuzzy logic and hybrid neuro-fuzzy systems utilized to provide intrinsic 

interpretability and handle uncertainty in DR risk assessment? 

• RQ3: To what extent do current algorithmic explanations (e.g., heatmaps, linguistic rules) 

align with clinically defined retinal lesions (e.g., microaneurysms, exudates)? 

• RQ4: What are the prevailing limitations regarding the quantitative benchmarking and 

validation of these transparency mechanisms? 

3.2 Search Strategy 

A thorough search was performed in five major electronic databases, which include: access 

via the articles in the following online databases, namely, IEEE explore database, Scopus 

database, web of science, PubMed and ACM digital library database. The search window 

spanned the period from Jan 1, 2015 to Dec 31, 2023, covering the era of deep convolutional 

networks in ophthalmology to the current state-of-the-art in XAI. The query string used 

Boolean Logic for intersecting four different concept clusters: 

1. Disease: ("Diabetic Retinopathy" OR "DR" OR "Diabetic Macular Edema") 

2. Modality: ("Fundus" OR "Retinal Image" OR "Color Fundus Photography") 

3. Technique: ("Deep Learning" OR "Machine Learning" OR "Neural Network" OR 

"Fuzzy Logic" OR "ANFIS") 

4. Transparency: ("Explainable" OR "Interpretable" OR "XAI" OR "Saliency" OR 

"Attention Map" OR "Rule-based"). Reference management software was used to 

aggregate results, and duplicates were removed automatically prior to the screening 

phase [37]. 

4. Inclusion and Exclusion Criteria 

Strict eligibility criteria were defined to ensure the methodological homogeneity of the 

reviewed studies. Inclusion Criteria: 

• Modality: Studies utilizing color fundus photography (CFP) exclusively or as the 

primary input modality. 

• Task: Automated binary detection or multi-class severity grading of DR. 

• Transparency Focus: The study must explicitly propose or evaluate an explainability 

method (e.g., Grad-CAM, feature attribution) OR utilize an intrinsically interpretable 

model (e.g., fuzzy inference systems, decision trees) [38]. 

• Type: Peer-reviewed journal articles or high-impact conference proceedings 

published in English. Exclusion Criteria: 

• Studies focusing solely on Optical Coherence Tomography (OCT) or Angiography 

without CFP. 

• Purely predictive "black-box" models that lack any visual or textual explanation 

component. 

• Gray literature, reviews, editorials, and non-peer-reviewed preprints to maintain 

quality assurance. 

5. Screening Process and Data Synthesis 

The selection criteria in the screening process were based on the workflow of the PRISMA 

2020 (Figure 2). Initial screening of titles and abstracts performed by 2 independent reviewers 
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were utilized to assist in eliminating irrelevant records. Full-text articles were then retrieved 

and assessed based on inclusion criteria; conflicting judgement regarding the inclusion criteria 

was resolved by consensus discussion. Data was scraped in under a structured format that 

captures: (1) Dataset characteristics (stored where, how large, class imbalance) (2) Pipeline 

details (which preprocessing, backbone architecture) (3) Transparency mechanisms (e.g. 

Heatmaps, Fuzzy Rules, Attention gates) (4) Evaluation metrics (classification performance, 

explanation quality metrics like Intersection over Union). A qualitative synthesis approach to 

synthesise these extracted data points under taxonomy in Section 4 was followed because of 

the heterogeneity of explanation metrics in the meta-analysis [39]. 

 

Figure 2: PRISMA flow diagram 

6. Taxonomy of Transparent ML for Fundus-based DR 

To help navigate through the complex landscape of interpretable DR screening, we propose a 

taxonomy based on where transparency is introduced into the modeling pipeline (i.e., what stage is 

the transparency introduced). As seen in Figure 3, the literature is split in two main realms: (1) 

Intrinsic Interpretability, in which the model architecture is transparent by design (white box) and 

(2) Post-hoc Explainability, in which supplementary techniques are used with the opaque models 

(black box) to explain the model decision making. 
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 Figure 3: Taxonomy map of transparency approaches in DR fundus ML. 

6.1 Taxonomy Overview and Classification Criteria 

The difference between "interpretable" and "explainable" is a critical issue in the study of medical 

imagery. Intrinsic methods are usually based on man-made clinical characteristics such as tortuosity 

of vessels and the number of lesions that are then fed into linear classifiers or rule-based classifiers 

[40]. On the contrary, the post-hoc methods try to understand the "black box" nature of 

Convolutional Neural Networks (CNNs), which learn abstract and non-linear feature representations 

[41]. A third, emerging paradigm - Lesion-Centric Pipelines - can fill this gap by imposing an 

intermediate bottleneck (producing clinically meaningful segmentation maps) preceding the 

production of the final grading output [42]. This section poses an evaluation of these paradigms, 

saving for a more detailed discussion of fuzzy logic systems for Section 7, in which they 

conceptually belong to the category of the intrinsic. 

6.2 Interpretable-by-design ML 

Prior to the rise of DL scraping, DR grading was dependent on "feature engineering" pipelines that 

were intrinsically transparent. These systems extract mathematically defined descriptors such as the 

area of exudates, the number of microaneurysms or the fractal dimension of the vascular tree and 

they feed them into interpretable classifiers like Decision Trees (DT) or Support Vector Machines 

(SVM) [43]. 

The main benefit of this approach is the direct semantic correspondence between the variables to be 

inputted and the obtained decision. For example, one possible rule in a decision tree could be 

"Severe NPDR if hemorrhage_count is greater than a certain threshold and if hard exudates are 

present" [44]. Recent variations implement Generalized Additive Models (GAMs) and Sparse Rule 

Lists in maximizing this transparency and hence allowing clinicians to validate the thresholds of the 

model against ICDR standards [45]. However, the power of this model all depends on the power of 

the feature extracting algorithms. In situations where the image quality is poor or lesions are subtle, 

hand-crafted feature detectors often do not generalise and therefore the performance is often at a 

plateau, significantly inferior to the performance achieved by modern end-to-end DL systems [46]. 

As a result, although highly interpretable, these approaches rarely approach state-of-the-art 

performance on raw grading problems. 

6.3 Post-hoc Explainability for DL/ML 

To balance the high level of predictive accuracy of DL against the need for transparency, most 

recent studies use post hoc Explainable AI (XAI) techniques. These techniques can be broadly 

categorised into attribution techniques and perturbation techniques. 

6.3.1 Saliency and Attribution Methods 

Among the DR literature, Gradient-weighted Class Activation Mapping (Grad-CAM) and its 

variants (Grad-CAM++, Score-CAM) are the most ubiquitous techniques. [47] These methods 

visualise the gradients of the target class flowing into the final convolutional layer and as such 

generate a coarse heatmap which highlights regions of the image that are influential to the model's 

prediction. Empirical studies have repeatedly shown increased attention of well-trained CNNs to 

clinically relevant regions, such as the macula, optic disc or specific clusters of lesions [48]. More 

granular attribution approaches such as Layer-wise Relevance Propagation (LRP) and Integrated 

Gradients (IG) attempt to achieve pixel level resolution which is necessary to detect minute 

biomarkers such as microaneurysms [49]. 

6.3.2 Perturbation and Model-Agnostic Methods 
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Alternatively, the use of perturbation-based methods like SHAP (SHapley Additive exPlanations) 

and LIME (Local Interpretable Model-Agnostic Explanation) runs by masking parts of the input 

image and observing the change in the output probability [50]. SHAP is based on cooperative game 

theory and provides a theoretically strong measure of contribution of a feature. In the case of fundus 

analysis, this often takes the form of "superpixel" importance where the tumor image is divided into 

uniform blocks, and the model specifies what blocks of image affect the decision on the diagnosis 

[51]. While these techniques render the method model-independent, they are computationally 

expensive and unstable explanations sometimes occur, where a small perturbation of the noise 

results in a large change in the heatmap [52]. 

6.3.3 Transparency through Explicit Lesion-Centric Pipelines 

A quickly growing approach involves solving the "fidelity gap" of post-hoc approaches, by 

restructuring the learning pipeline. Rather than attempting to predict the DR grade with respect to 

the raw image, these systems first perform anatomical segmentation and lesion detection to obtain 

a "lesion map" or a vector of lesion statistics [53]. This intermediate representation is then used for 

the grading. 

For example, Concept Bottleneck Models make explicit predictions about the existence of concepts 

in the clinical domain such as, for example, "Cotton Wool Spots" or "Neovascularisation" before 

arriving at a final diagnosis [54]. This way, the system is able to deliver a composite explanation: 

"Predicted Proliferative DR because Neovascularisation probability is 0.92." Multi-task learning 

frameworks can often make good use of a shared backbone to simultaneously provide an output 

segmentation mask and an output classification score to ensure that the used features for 

classification are spatially aligned with the lesions [55]. Such an approach is in good agreement with 

the ophthalmologist's mental model but requires costly, pixel level annotated datasets (e.g. IDRiD 

or DDR) for training [56]. 

6.4 Strengths, Failure Modes, and Evaluation 

The usefulness of an explanation in DR is not binary, because an explanation has to be both faithful 

(accurately reflecting the underlying logic of the model) and plausible (coherent from a clinical 

point of view) [57]. 

6.4.1 Strengths 

XAI is a way to protect against "Clever Hans" phenomena, where models learn to exploit artefacts 

(e.g. hospital framing markers) instead of actual pathology [58]. It also aids in triage by guiding 

clinicians attention to minute areas that they will have otherwise missed [59]. 

6.4.2 Failure Modes 

A notable weakness reported in the literature is the "confirmation bias" of heatmaps. Saliency maps 

are often found to identify salient optic disc features in both normal and pathological eyes and can 

be confusing [60]. Moreover, heatmap resolution is usually too poor to distinguish between a 

microaneurysm and accompanying hemorrhage [61]. Finally, there is lack of standardised 

evaluation metrics for explanations; most of the studies used a qualitative visual inspection ("the 

heatmap looks correct"), whereas this should be replaced by quantitative metrics, such as the 

Pointing Game [62], [63], Intersection-Over-Union (IoU) with ground-truth lesion-masks. 

Table 2: Evidence table of representative Transparent ML/XAI studies in DR. 

Study Task Dataset Model Transparency 

Method 

Output 

Explanation 

Key Results Limitations 
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[64] 5-class 

Grading 

EyePACS 

(Kaggle) 

ResNet50 Grad-CAM 

(Post-hoc) 

Coarse 

Heatmap 

Heatmaps 

localized large 

lesions 

(exudates) 

effectively in 

severe cases. 

Failed to highlight 

subtle 

microaneurysms; low 

resolution of heatmap 

overlay. 

[65] Binary 

Detection 

IDRiD Custom 

CNN 

LRP (Layer-

wise Relevance) 

Pixel-level 

Relevance 

Map 

Higher 

explanation 

fidelity than 

Grad-CAM; 

precise lesion 

boundary 

delineation. 

Computationally 

intensive; noise in 

relevance maps 

required post-

processing. 

[66] 5-class 

Grading 

Messidor-

2 

DenseNet 

+ 

XGBoost 

SHAP 

(Perturbation) 

Superpixel 

Importance 

Plot 

Identified that 

the model relied 

heavily on 

macular texture 

rather than just 

lesions. 

Explanations are 

unstable; slight input 

noise shifted SHAP 

values significantly. 

[67] 5-class 

Grading 

FG-ADR Multi-task 

CNN 

Lesion-Centric 

(Segmentation) 

Segmentation 

Masks + Rule 

Logic 

92% alignment 

with clinical 

grading rules; 

provides lesion 

counts as 

justification. 

Requires pixel-level 

ground truth labels 

which are scarce for 

most datasets. 

[68] Binary 

Detection 

Local 

Clinical 

SVM Decision Tree 

(Intrinsic) 

IF-THEN 

Logic Tree 

Fully transparent 

rules based on 

geometric vessel 

features 

(tortuosity, 

width). 

Accuracy (84%) 

significantly lower 

than DL benchmarks; 

struggled with poor 

image quality. 

7. Fuzzy Logic for Transparent DR Prediction 

While Section 6 devoted itself for the elucidation of DL models, this section changes its focus to 

Fuzzy Logic (FL), a paradigm that affords native interpretability by mathematically formalising the 

intrinsic vagueness pervasive in clinical reasoning. Departing from the dichotomous nature of binary 
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logic, FL mimics the diagnostic process wherein the symptoms are not treated as a binary of 

absolutes, but instead as a degree of a manifestation. 

7.1 Why Fuzzy Logic is Naturally Interpretable in Clinical Decision-Making 

Clinical diagnosis is not often a black and white clinical diagnosis. A clinician does not typically 

define a strict cutoff beyond which, for instance, four microaneurysms is "Mild" and five is 

"Moderate," but rather linguistic approximations are used, as in "The patient has few 

microaneurysms and some hemorrhages, suggesting early-stage disease” [69]. Fuzzy logic systems 

(FLS) are designed considering this subtlety of the logic thinking which converts continuous input 

variables, such as the hemorrhage area in this case, to fuzzy sets (for example, "Low," "Medium," 

"High") by mapping these variables under the so-called membership functions. As a result, the logic 

of decision may be described in intuitive IF-Then rules which provide transparency, semantically 

congruent to the language of human beings and one of the experts [70]. 

7.2 Fuzzy Inference System Designs in DR 

The most common architectures in DR literature are the Mamdani and Takagi-Sugeno-Kang (TSK) 

models as shown in Figure 4. 

• Mamdani Systems: Mamdani Systems These are preferred for medical interpretability since out of 

fuzziness in antecedent (IF part) and consequent (THEN part). For example: If "Exudates" is High, 

then "Risk" is Severe The output is a fuzzy distribution that is "defuzzified" (rather typically via 

centroid calculation) to an ultimate crisp score [71]. 

• Sugeno Systems: These substitute fuzzy consequent neuron for polynomial equation (constant or 

linear, say). While these are computationally more efficient and are more amenable to adaptive 

methods (such as ANFIS) they are somewhat less intuitive to read directly for the clinician [72]. 

• Type-2 Fuzzy Sets: Type-2 Fuzzy Sets To overcome the higher degrees of uncertainty which occur 

for instance with inter-grader variability or when image contrast is low in the image, Type-2 fuzzy 

sets present "footprint of uncertainty" in the membership functions themselves, providing robust 

performance in noisy fundus images where lesion boundaries are undistinguished [73]. 

  

Figure 4: Fuzzy inference system schematic for DR. 

7.3 Features Feeding Fuzzy Systems 



Pak. J. Sci. Res. 2025, 5, 2 45 of 54 
 

The transparency of an FLS is heavily dependent on its inputs. 

• Handcrafted Lesions: Several methods have been proposed to detect active and enhanced disease 

lesions, including computerized medical image analysis, yet these techniques rely on the 

operator's expert observations, plus explicit vectors of lesion characteristics (number of 

microaneurysms, area of hard exudates, etc.). This leads to a "glass-box" model where all the 

way from pixel to prediction is traceable [74]. These systems do face problems if the first step 

in detecting the lesions does not go correctly. 

• Deep Features + Fuzzy Layer: More recent approaches extract high-level feature vectors from a 

pre-trained CNN (e.g., VGG-16) and feed them into a fuzzy classifier. While this improves 

accuracy by leveraging the CNN's feature extraction power, it sacrifices some interpretability, 

as the input variables (e.g., "Feature Map 42") lack direct clinical meaning [75]. 

7.4 Hybrid Neuro-Fuzzy and DL–Fuzzy Models 

Hybrid models, especially the Adaptive Neuro-Fuzzy Inference System (ANFIS), are a combination 

of the learning ability of neural networks and the interpretability of fuzzy logic. In these frameworks, 

the parameters of membership functions are optimized through backpropagation, and the system 

can "learn" the best shapes of the "Low", "Medium" and "High" from the data itself [76]. Advanced 

architectures are being built in which the fuzzy layers are included directly in DL networks. For 

example, the use of a "Fuzzy SVM" or a "Fuzzy Neural Network" could be substituted for the usual 

softmax layer with the resulting "softening" of the boundaries of decisions; this would better reflect 

the continuity with which retinopathy progresses [77]. 

Table 3: Evidence table of Fuzzy & Hybrid Fuzzy DR studies. 

Study Fuzzy 

Type 

Inputs/Features Rule Base / 

Learning 

Dataset Performance Interpretability Notes 

[81] Mamdani 4 inputs: MA count, 

Hemorrhage area, 

Exudate area, Vessel 

width. 

15 manually 

defined expert 

rules. 

Local + 

DIARETDB1 

Acc: 88.5% Perfectly readable rules; 

mimics expert reasoning 

but limited by fixed rule 

set. 

[82] ANFIS 

(Neuro-

Fuzzy) 

Statistical texture 

features (GLCM) + 

geometric features. 

Rules learned via 

backpropagation 

(hybrid learning). 

Messidor Acc: 92.4% Membership functions 

adjusted to data; rules 

less intuitive than 

manual ones. 

[83] Interval 

Type-2 

Lesion counts from 

pre-segmentation 

steps. 

Type-2 reduction 

for handling noise 

uncertainty. 

STARE Sens: 90% 

Spec: 91% 

Better handling of noisy 

images/ambiguous 

lesions than Type-1; 

highly robust. 

[84] Deep-

Fuzzy 

CNN-extracted deep 

features (ResNet50 

bottleneck). 

Fully Connected 

Fuzzy Layer 

replaces Softmax. 

EyePACS Acc: 81% 

(multiclass) 

Improved class 

separation; 

"interpretability" limited 
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to the final decision 

layer, not features. 

[85] Ensemble 

Fuzzy 

Outputs from 3 

distinct CNNs. 

Fuzzy fusion rules 

to combine CNN 

votes. 

IDRiD Acc: 94.2% Transparent aggregation 

of black-box models; 

explains conflict 

between models. 

7.5 Comparative Discussion: Fuzzy Transparency vs. Post-hoc XAI 

The transparency offered by FL differs fundamentally from XAI (Section 6). Post-hoc XAI (e.g., 

Grad-CAM) provides visual localization—telling the doctor where the model looked. Fuzzy logic 

provides reasoning transparency—telling the doctor why the decision was made based on rule 

combinations [78]. 

• Strength of FL: It can explicitly handle contradictory evidence (e.g., IF Exudates High but 

Hemorrhages Low) and output a confidence interval or "ambiguity score," which is critical for 

borderline cases [79]. 

• Limitation of FL: It suffers from the "curse of dimensionality." As the number of input features 

grows (e.g., pixel data), the number of rules expands exponentially, making the rule base unreadable 

and computationally unmanageable without optimization [80]. Thus, FL is best used when lesion 

features are pre-extracted, whereas XAI is necessary for end-to-end pixel-based models. 

Datasets, Ground Truth, and Comparability Issues 

Validating transparent DR models requires datasets that support both predictive accuracy and 

explanation fidelity. However, data heterogeneity and inconsistent reporting protocols currently 

hinder fair comparison. 

Common Fundus Datasets and Labeling Granularity 

Most of the DL models are trained on large public datasets such as EyePACS (Kaggle) [86] and 

APTOS 2019 [87]. While these have many examples for training (~88k and ~3.6k images, 

respectively), these provide only image-level severity annotations (0-4). This makes it impossible 

to validate XAI heatmaps directly against particular lesions. On the other hand, datasets such as 

IDRiD [88] and FG-ADR [89], both making pixel-level segmentation masks of lesions available 

(e.g. microaneurysms, hard exudates), are "gold standard" for explaining correctness. A long-lasting 

problem with all sources is a severe class imbalance, meaning Proliferative DR (PDR) may represent 

<5% of samples, so models tend to favor healthy prediction [90]. 

Evaluation Metrics and Transparency Gaps 

The fact that the metrics are inconsistent makes comparison of study performance complicated. Raw 

Accuracy is misleading in unbalanced DR dataset Where the accuracy of a model to predict 

"Healthy" for each input can be high, but algae will be clinically poor [91]. The community standard 

for multi-class grading is Quadratic Weighted Kappa (QWK) which penalizes severe mis 

classifications [92] and Area Under the Precision-Recall Curve (AUPRC) is preferred for binary 
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referral tasks [93]. Crucially, almost any transparent prediction studies can lack quantitative XAI 

metrics. Relying on visual inspection cherry-picking is not enough, a strong validation needs to be 

based on measures such as the Intersection over Union (IoU) or the Pointing Game evaluating the 

overlap of saliency maps with ground truth lesion masks [94]. 

Protocol for Fair Comparison 

To move beyond proof-of-concept, future research must adhere to a standardized "Transparency 

Protocol": 

1. Patient-Level Splitting: Strict separation of patients (not just images) between train and test sets 

to prevent data leakage [95]. 

2. Perturbation Testing: If pixel masks are unavailable, researchers should measure the drop in model 

confidence when the "explained" region is masked [96]. 

3. Cross-Dataset Validation: Testing models on external datasets to ensure explanations are not 

fitting to camera-specific artifacts [97]. 

Table 4: Dataset and evaluation comparability checklist. 

Dataset Size / Labels Typical Usage Caveats for Transparency 

EyePACS (Kaggle) 

[86] 

~88k; Image-level (0-4) Backbone pre-

training 

Unsuitable for heatmap validation (no masks); artifacts 

common. 

Messidor-2 [91] ~1,748; Image-level + 

DME 

Binary Referral Good quality but lacks fine-grained lesion ground 

truth. 

IDRiD [88] 516; Pixel-level masks XAI Validation Gold Standard; allows IoU calculation for lesions. 

APTOS 2019 [87] ~3,662; Image-level (0-

4) 

Generalization 

testing 

Diverse cameras; good intermediate size but no masks. 

FG-ADR [89] ~1,842; Pixel-level 

masks 

Fine-grained XAI Excellent for validating concept/lesion-based 

explanations. 

8. Open Challenges and Future Directions 

Despite improvements in the field of Explainable AI (XAI) and fuzzy systems there remains a "trust 

gap" between the algorithmic output and clinical adoption. Bridging this means that we need to do 

a better job of focusing not only on the architecture of a model, but on validation and practical usage 

of models. 

Evaluating Explanations: Faithfulness vs. Plausibility 

A really basic problem is in distinguishing between whether an explanation is faithful (captures the 

logic of the model) or merely plausible (convinces a human). Current literature largely opted for 

plausibility, and a choice of the heatmap that fits medical knowledge [98]. However, it is dangerous 
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to have a good explanation for an incorrect prediction that will cause "automation bias" in which 

clinicians accept a wrong diagnosis because the rationale made for the diagnosis is reasonable [99]. 

Future research needs to address the need to put clinician-in-the-loop studies ahead to quantify 

impact of explanations on decision-making-time and shortness of decisions and confidence [100]. 

Standardized "stress tests" are needed: if a model predicts Proliferative DR, the use of a mask on 

the highlighted neovascularization should decrease the prediction confidence to zero; if not, the 

explanation for the prediction is not faithful [101]. 

From Explanation to Actionable Screening Support 

Transparency does not have much value if it does not affect clinical outcomes. The creation of the 

next generation of DR systems will have to go beyond generic "saliency maps" in order to offer 

actionable referral justifications [102]. A heatmap across the retina is more distracting than an alert: 

"Referral Recommended: High confidence of Neovascularization in Superior Quadrant." This 

requires the integration of XAI in triage workflows to become contributing factor to provide 

counterfactual explanations (e.g., "If hemorrhage area were smaller, grade would be Moderate") to 

assist graders resolve borderline cases in telemedicine setting [103]. 

Fuzzy + XAI Roadmap: The Neuro-Symbolic Future 

DL is better at perception (seeing if there are lesions) whereas fuzzy logic is better at reasoning 

(seeing the severity of a lesion). The best road ahead is in Neuro-Symbolic AI, where DL backbones 

are used to solicit lesion concepts which are fed into a fuzzy inference engine [104]. Research should 

be targeted to some automated rule extraction: converting trained neural network weights to fuzzy 

linguistic rules (e.g., IF 'Microaneurysms' > High, THEN. . .) [105]. This "opens the black box" 

giving a traceable audit trail for regulatory bodies. Benchmarking must evolve to encompass a 

"Transparency Leaderboard," such that models are not just ranked by Kappa scores, but on the 

semantic similarity of the internal concepts produced by the models to clinical severity scales. [106] 

Table 5: Research gaps and recommendations. 

 

Gap Why it matters What to do How to evaluate Expected Impact 

Explanation 

Faithfulness 

Plausible but fake 

explanations erode 

trust and safety. 

Develop "sanity checks" 

(e.g., cascading 

randomization) for DR 

models. 

Perturbation Testing: 

Measure accuracy drop 

when explained features 

are removed. 

Prevents deployment of 

"Clever Hans" models 

that rely on artifacts. 

Clinical Utility "Looking at a heatmap" 

often slows down the 

grader. 

Design explanations that 

answer specific clinical 

questions (e.g., "Is the 

macula involved?"). 

Time-to-Decision: 

Measure if XAI speeds 

up or improves clinician 

grading. 

XAI becomes a 

productivity tool, not 

just a visual novelty. 

Standardized 

Metrics 

Cannot compare 

"interpretability" 

across papers. 

Adopt standard metrics like 

IoU (Intersection over 

Union) and Pointing Game. 

Benchmark on datasets 

with pixel-level masks 

(e.g., IDRiD, FG-ADR). 

Enables objective 

comparison of XAI 
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methods (e.g., Grad-

CAM vs. SHAP). 

Neuro-

Symbolic 

Integration 

DL lacks logic; Fuzzy 

lacks feature power. 

Build hybrid pipelines: DL 

for detection → Fuzzy Logic 

for grading rules. 

Evaluate the readability 

of extracted rules against 

clinical guidelines. 

Combines state-of-the-

art accuracy with 

human-readable logic. 

9. Conclusion 

This has been accomplished in this review through synthesis of a disbursed landscape of transparent 

DR prediction, which revealed a fundamental tension between the high performance of "black-box" 

DL and the semantic clarity of Fuzzy Logic systems. Our proposed taxonomy removes the confusion 

and sorts approaches to different methodologies by organizing under different paths: Our taxonomy 

of explainability approaches Our taxonomy proposes two distinct approach pathways: post-hoc 

explainability: approaches focus on visualizing the point of attention for opaque models (e.g. 

saliency maps i.e. intrinsic interpretability: approaches to making decision making transparent and 

within a logical structured rules and logic). Currently, post-hoc approaches such as Grad-CAM are 

the most popular approaches in the literature because they are easily combined with state-of-the-art 

CNNs. However, our analysis makes visible a crucial "fidelity gap": although these visual 

explanations often look likely, they often don't capture the fidelity of lesion semantics (e.g., 

understanding differences between microaneurysms and hemorrhages) needed for clinical 

plausibility. On the other hand, Fuzzy Inference Systems provide very good reasoning transparency 

in accordance with ICDR grading requirements, while having a hard time with automatic scaling to 

raw pixel data without extensive feature engineering. And the most promising frontier was found to 

be the interface of these paradigms to form Hybrid Neuro-Symbolic frameworks. By considering 

the serious feature extraction strategy using DL and Fuzzy Logic for final diagnostics reasoning, the 

future models can provide state-of-the-art results and human readable justification. To ground this 

progress, objective visual inspection needs to be dispensed in favour of rigorous and standardized 

quantitative measurement (e.g. Intersection-over-Union with lesion masks) and clinician-centered 

evaluation schemes. Ultimately, if AI is to be successful in screening for disease within real world 

settings it must be able to go beyond just detecting the presence of the disease and must be able to 

explain the findings in the language of the ophthalmologist. 
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