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Abstract. The integration of Artificial Intelligence (AI) into ocular diagnostics has led to substantial 
improvements in predictive accuracy. However, a persistent gap remains between technical 
performance and clinical accountability. The present study addresses the "accuracy trap" and the lack 
of transparency in current deep learning models for ocular disease classification. The objective of the 
research is twofold: firstly, to identify methodological deficiencies in extant literature and, secondly, to 
propose a standardised evaluative framework to ensure model auditability. A systematic evidence 
mapping (SEM) approach, combined with design science research methodology (DSRM), was utilised 
to scrutinise 10 high-impact Scopus-indexed studies published between 2023 and 2026. The findings 
reveal a critical "predictive validity gap," where 80% of the evidence base relies on aggregate accuracy 
while 90% remains "black box" without functional Explainable AI (XAI) layers. The synthesis of these 
gaps resulted in the formulation of a conceptual roadmap that mandated multi-metric evaluation, 
incorporating Cohen's Kappa, and pathophysiological traceability. In conclusion, this research 
establishes that clinical deployment of AI must transition from model-centric success to a governance-
oriented paradigm that prioritises decision utility and auditable audit trails. This roadmap provides a 
rigorous blueprint for the future implementation of transparent and accountable medical AI systems. 
 
Keywords: Design Science Research;  Evidence Mapping;  Explainable AI;Model Auditability; Ocular 
Disease Classification. 

1. Introduction 

Early identification of ocular pathologies is a critical determinant in clinical 
interventions aimed at preventing irreversible vision loss and improving global public health 
outcomes. Chronic conditions, including cataracts, glaucoma, and diabetic retinopathy, persist 
as the predominant causes of visual impairment, underscoring the necessity for precise 
diagnostic instruments to facilitate large-scale screening initiatives [1], [2], [3]. Although 
fundus imaging has become the accepted standard for non-invasive ocular assessment, the 
shortage of ophthalmologists relative to the growing patient population has led to increased 
reliance on Artificial Intelligence (AI) to improve diagnostic efficiency and consistency [4], 
[5], [6]. 

A substantial corpus of literature documents the efficacy of Convolutional Neural 
Networks (CNNs) in extracting complex pathological features from retinal images, with 
various architectures reporting accuracy levels exceeding 90% [7]. However, a fundamental 
deficiency exists in contemporary research regarding the handling of severe class imbalance 
within medical datasets, such as the ODIR-2019 benchmark [8]. The majority of studies rely 
heavily on aggregate accuracy as a primary performance indicator. However, this is a metric 
that is statistically deceptive in imbalanced scenarios, as it systematically masks classification 
failures in minority disease classes. The persistence of accuracy-centric reporting without 
rigorous validation of agreement levels, such as Cohen's Kappa, reflects a critical lack of 
evaluative integrity in current ocular AI research [9], [10]. 

Moreover, the clinical adoption of deep learning models is significantly hindered by 
their inherent "black box" nature, which lacks the transparency required for high-stakes 
medical decision-making [11]. A significant disparity, or "governance gap", has been identified 
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between the technical complexity of algorithmic systems and the auditable decision trails that 
are required in formal healthcare settings. The majority of extant frameworks prioritise 
hyperparameter optimisation over model traceability and pathophysiological interpretability. 
In the absence of an evaluative structure capable of deconstructing prediction errors and 
providing localized explanations, AI-driven diagnostics remain challenging to defend in 
clinical audits. This predicament underscores the fact that the primary challenge in the field 
is no longer a deficit in predictive power, but rather a crisis of accountability and transparency. 

2. Literature Review 

The present section has been developed for the purpose of establishing the theoretical 
and empirical foundations of ocular disease classification, with a particular focus on the policy 
and technical risks of current diagnostic frameworks. The study examines the critical role of 
predictive analytics and the necessity of accountability through Explainable Artificial 
Intelligence (XAI). 
Ocular Disease Classification and the Class Imbalance Problem 

 The utilization of convolutional neural networks (CNNs) has revolutionized 
ocular imaging by enabling the automated detection of various pathologies from retinal 
fundus images. Current research typically leverages architectures such as ResNet, Inception, 
and EfficientNet to extract visual features associated with cataracts, glaucoma, and diabetic 
retinopathy [12]. However, a significant challenge remains in the form of class imbalance 
within public datasets like ODIR-2019. In such datasets, the prevalence of "Normal" images 
often dwarfs pathological samples, leading to a biased optimization process [13]. Most 
existing studies focus on achieving high aggregate accuracy, yet this metric fails to represent 
the model’s efficacy in recognizing minority classes, which often represent the most critical 
clinical cases [14]. 
Predictive Integrity and Metric Diversity 

Predictive analytics is regarded as a cornerstone for anticipatory diagnostics in 
ophthalmology [15]. Within the overarching paradigm of accountable public health, predictive 
accuracy constitutes a necessary yet insufficient condition for effective clinical decision-
making. In high-stakes medical environments, transparency and justification are mandatory 
requirements; thus, model outputs must be interpretable and defensible during official audit 
processes [16]. Previous works have frequently overlooked metric diversity, resulting in a 
paucity of reporting on agreement levels such as Cohen's Kappa or detailed F1-scores per 
class. This phenomenon, termed the "evaluation vacuum," impedes the transition of AI 
models from experimental prototypes to policy-ready clinical instruments [17]. 
Explainable AI (XAI) in Accountable Decision Making 

Explainable Artificial Intelligence (XAI) is a field of study that aims to address the 
"black box" nature of deep learning by producing explanations of model behaviours that are 
comprehensible to stakeholders [11]. The integration of frameworks such as SHAP or Score-
CAM enables diagnostic systems to generate an audit-trail of decisions, thereby establishing 
a correlation between each risk score and its primary pathological drivers [18]. This technical 
layer provides the logical justification required to defend medical decisions during official 
audits. Notwithstanding its significance, evidence mapping discloses a pivotal misalignment 
in extant literature, wherein merely a negligible proportion of studies formally delineate 
explainability as a fundamental prerequisite for system implementation [19]. 
Research Gaps and Novelty 

The extant evidence base remains dominated by studies that are demand- and 
performance-oriented, which prioritise technical success over practical policy impact [20]. 
The present study identifies four interconnected gaps that contribute to the issue, namely the 
lack of formalisation in addressing underutilisation and diagnostic risk, insufficient data 
quality control in multi-source integration, a disconnect from bureaucratic and clinical 
workflows, and the absence of decision-quality evaluation beyond technical accuracy. In order 
to address these shortcomings, the study proposes a theoretical framework for developing an 
auditable architectural roadmap [21]. The aim of this roadmap is to ensure transparency and 
accountability through the integration of Explainable AI (XAI)-enabled traceability [22]. 

3. Proposed Method 

The present study adopts a hybrid methodological framework combining Systematic 
Evidence Mapping (SEM) and Design Science Research Methodology (DSRM). The 
integration of these two approaches ensures that the identification of research gaps is 
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conducted through a rigorous, reproducible screening process, while the resulting conceptual 
roadmap is structured as a formal design artefact. 

 
Figure 1. Integrated research framework synthesizing Systematic Evidence Mapping (SEM) and 

Design Science Research Methodology (DSRM). 

Systematic Evidence Mapping Protocol 

 The evidence mapping process adheres to the PRISMA 2020 statement (Preferred 
Reporting Items for Systematic Reviews and Meta-Analyses), ensuring transparency in study 
selection. The protocol is executed through four distinct phases: identification, screening, 
eligibility, and inclusion. 

 
Figure 2. PRISMA flow diagram for the systematic literature selection process. 

The primary search was conducted across the Scopus database, a decision that was 
made for the following reasons: first, its rigorous peer-review standards; and second, its 
comprehensive coverage of medical informatics. The search string employed Boolean 
operators to target specific intersections of deep learning and ocular diagnostics: The 
following search terms were utilised: 'CNN' OR 'Deep Learning' AND 'Ocular Disease' OR 
'Fundus Image' AND 'ODIR' OR 'Imbalanced Data' AND 'Evaluation Metrics' OR 'XAI'. 
The temporal scope of the study was restricted to publications between 2022 and 2026, with 
the objective of capturing the most recent advancements in architecture and governance 
standards. 

In order to ensure the maintenance of high-resolution evidence, studies were selected 
based on the following criteria: The primary focus of this study is on the classification of 
multi-class ocular diseases. The utilisation of benchmark datasets with inherent class 
imbalance (for example, ODIR-5K) is also a key element of the research. In addition, the 
performance of the system is reported beyond aggregate accuracy. The exclusion criteria 
applied to the studies included those that focused exclusively on binary classification (for 
example, diabetic retinopathy only) or lacked adequate technical metadata with regard to 
model evaluation and auditability. 
Design Science Research Framework 

Subsequent to the evidence mapping phase, the study progresses by adopting the 
Design Science Research Methodology (DSRM) to formalise the findings into a conceptual 
artefact. The process commences with the identification of the problem, wherein the study 
delineates the issue of the "accuracy trap" in conjunction with the paucity of transparency in 
contemporary ocular AI models, as evidenced by the mapped evidence. The subsequent 
section outlines the objectives of the solution, which include the establishment of a 
standardized evaluation pipeline that integrates Cohen's Kappa and Explainable AI (XAI) to 
enhance reliability and interpretability. 
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Figure 3. The applied Design Science Research Methodology (DSRM) cycle for developing 

the auditable roadmap. 
During the design and development stage, the extracted metadata are synthesised into 

a conceptual roadmap with the aim of constructing auditable decision support systems. This 
is followed by the demonstration phase, in which the proposed roadmap is illustrated through 
a comparative analysis of ten selected Scopus-indexed studies. The subsequent evaluation 
stage is then employed to undertake a critical examination of the effectiveness of this roadmap 
in addressing the governance gap that was identified in Section 1. The final stage of the 
process is the communication stage. At this point, the synthesised evidence and the resulting 
design artefact are presented to the academic and clinical community. The purpose of this 
step is to ensure that the proposed framework can be understood, validated, and potentially 
implemented in real-world settings. 
Data Extraction and Synthesis 

A structured mapping scheme was developed to extract metadata from the final set of 
10 included studies. The extraction process concentrated on three primary dimensions: The 
integrity of the architectural design process (CNN types and fusion techniques), the predictive 
validity of the metrics employed, and the utility of the decision-making process (the presence 
of interpretability layers). The synthesised data thus serves as the empirical foundation for the 
discussion of research gaps and the final architectural proposal. 

 
Figure 4. The three-dimensional data extraction scheme and its synthesis into the final 

conceptual roadmap. 

4. Results and Discussion 

This section presents the synthesised evidence from the ten selected Scopus-indexed 
studies published between 2022 and 2026. The results obtained are to be categorised into 
three primary evaluative dimensions: architectural trends, predictive metric integrity, and the 
integration of explainability layers.  
Systematic Mapping of Selected Literature 

The mapping process identified a diverse range of deep learning approaches applied to 
ocular disease classification, primarily utilising the ODIR-2019 and other public benchmark 
datasets. Table 1 provides a comprehensive extraction of the technical metadata from the 
included studies.  
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Table 1. Systematic mapping of selected ocular disease classification literature (N=10). 
No. Study 

Reference 
Primary 

Architectu
re 

Performance 
Metrics (E1) 

Decision Utility 
& Audit (E2) 

XAI Integration 

1. [23] ShuffleNet 
V2 (WOA-

Adam) 

Accuracy: 
99.4%; Kappa: 

96.5 

Failure analysis not 
detailed 

None 

2. [24] ResNet50 
& 

MobileNet 

AUC: 99.9%; 
Accuracy: 

92.4% 

Minimal None 

3. [25] EfficientNe
tB0 Fusion 

Accuracy: 
97.9%; AUC: 

0.999 

Class-wise 
heatmap analysis 

Score-CAM 

4. [26] Swin 
Transforme

r (L) 

Kappa: 0.86; 
F1; AUC 

Performance vs 
Baselines 

None 

5. [27] Custom 
ML-CNN 

Accuracy: 
94.3%; Dice: 

99% 

Multi-label 
probability 

None 

6. [28] Transforme
r-CNN 
Hybrid 

Bal. Acc: 
81.9%; TNR: 

95.6% 

TPR per disease 
class 

Mentioned for DSS 

7. [29] CNN 
Ensemble 

Kappa & F1 
(30% increase) 

Qualitative Error 
Analysis 

None 

8. [30] MobileNet
V2, 

VGG19/16 

Accuracy: 
97.93% 

Robustness 
analysis 

Grad-CAM 
(Proposed) 

9. [31] Ocular Net 
(Transfer 
Learning) 

Accuracy: 
98.89% 

Parametric testing None 

10 [32] Inception-
ODIR 

Accuracy: 
98.94% 

Coexisting disease 
analysis 

None 

Analysis of Performance Metric Trends 

The evidence mapping reveals a significant reliance on aggregate Accuracy as the 
dominant reporting metric, appearing in 80% of the selected studies. However, the analysis 
highlights a critical "predictive validity gap": only 30% of the studies (Studies 1, 4, and 7) 
explicitly report Cohen’s Kappa or Balances Accuracy to mitigate the influence of class 
imbalance. Studies that integrated Kappa scores (e.g., Study 7) reported a substantial 
improvement in model reliability, demonstrating that Accuracy alone often masks suboptimal 
performance in minority disease categories such as glaucoma or rare macular conditions. 
Transparency and Explainability Gaps 

A systematic deficit in model auditability was observed across the evidence base. While 
100% of the studies claim to assist clinical decision-making, only 10% (Study 3) implemented 
a functional Explainable AI (XAI) layer using Score-CAM to validate pathophysiological 
focus points. The majority of contemporary research (90%) maintains a "black box" 
approach, prioritizing predictive output over localized interpretability. This finding 
underscores the identified "governance gap," where models with high technical accuracy lack 
the traceable audit trails required for formal medical integration and clinical accountability. 

Comparison 
The synthesis of evidence from 10 high-impact studies reveals a persistent misalignment 

between technical predictive success and clinical accountability standards. This section 
discusses the implications of these findings and provides a comparative analysis of the 
proposed evaluative roadmap against the current state-of-the-art in ocular AI diagnostics. 
The Accuracy Paradox and Metric Integrity 

A primary finding in this mapping is the "accuracy paradox," where models reporting 
near-perfect accuracy (e.g., Studies 2, 9, and 10) often fail to provide evidence of reliability 
under class imbalance. Comparative analysis shows that while 80% of current literature 
prioritizes aggregate Accuracy, only 30% incorporates Cohen’s Kappa to validate model 
agreement. This lack of metric diversity suggests that many contemporary models are 
optimized for majority-class recognition, potentially leading to catastrophic failures in 
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detecting rare but vision-threatening pathologies. The proposed roadmap addresses this by 
mandating a two-layer evaluation (E1 and E2) that couples technical performance with 
decision utility. 
Accountability through Explainability (XAI) 

The comparative mapping highlights a severe "transparency deficit." While Study 3 
demonstrates the successful application of Score-CAM for pathophysiological validation, 
90% of the evidence base remains within a "black box" paradigm. In contrast to existing state-
of-the-art approaches that treat Explainable AI (XAI) as an optional post-hoc analysis, our 
framework positions XAI as a core architectural requirement for auditable decision trails. This 
shift is mandatory for transitioning AI models from experimental prototypes to legally 
defensible clinical support systems. 
Comparison with State-of-the-Art 

Table 2 summarizes the comparative advantages of the proposed DSRM-based 
roadmap against the dominant trends identified in the Scopus evidence base. 
Table 1. Comparative analysis: Proposed evaluative roadmap vs. Current State-of-the-Art. 

Dimension State-of-the-Art 
Trends (N=10) 

Proposed Evaluative 
Roadmap 

Contribution 

Primary Metric Aggregate Accuracy 
(80%) 

Multi-Metric (Kappa, F1, 
AUC) 

Mitigates "Accuracy 
Trap" in imbalanced 

data 
Decision Logic Black Box / Non-

traceable (90%) 
Mandatory XAI Layer 

(SHAP/CAM) 
Ensures clinical 

auditability 
Data Integrity Descriptive 

Preprocessing 
Auditable ETL & 
Provenance Logs 

Guarantees data-
decision traceability 

Focus Hyperparameter 
Optimization 

Evaluative Governance & 
DSRM 

Bridges technical-
governance gap 

Implications for Clinical Governance 

The findings of the present study demonstrate that the prevailing research trajectory in 
ocular AI exhibits a marked tendency to prioritise model-centric success over policy-ready 
implementation. By formalising underutilisation and predictive risk through the 
implementation of auditable metrics, local governments and healthcare providers can enhance 
the justification of resource allocation and infrastructure spending. The present study 
establishes that a policy-ready Decision Support System (DSS) must integrate not only high-
performance algorithms but also the technical and administrative justifications necessary to 
prevent policy failure in public health. 

5. Conclusions 

This study has systematically mapped the research landscape of AI-driven ocular disease 
classification, revealing a significant divergence between technical predictive performance and 
clinical accountability. The evidence mapping of 10 high-impact Scopus-indexed studies 
indicates that while convolutional neural network (CNN) architectures have achieved high 
accuracy, 80% of current literature fails to provide balanced performance validation through 
metrics such as Cohen's Kappa. Furthermore, a critical transparency deficit was identified, 
with 90% of contemporary models operating as "black box" systems without functional 
explainability (XAI) layers. 

The findings lend support to the argument that a "per kapsis akurasi" (accuracy trap) 
exists within the field, where aggregate metrics mask suboptimal performance on minority 
disease classes in imbalanced datasets. This study synthesises these gaps into a conceptual 
roadmap grounded in Design Science Research Methodology (DSRM), establishing that a 
policy-ready decision support system must integrate multi-metric evaluation and 
pathophysiological traceability as core requirements. The primary contribution of this 
research lies in its establishment of an evaluative framework that is both auditable and capable 
of bridging the gap between theoretical algorithmic success and the rigorous transparency 
standards required for governance within both clinical and public-sector contexts. 

Despite the robust conceptual foundation provided by the study, it is limited to a 
qualitative synthesis of existing evidence. It is imperative that future research endeavours 
employ empirical validation to substantiate the proposed roadmap. This validation should be 
achieved through longitudinal testing and expert elicitation, which are recognised as the most 
effective methods for assessing the generalisability of the roadmap across a range of clinical 
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settings. Subsequent studies should also investigate the integration of localized government 
data to refine the predictive risk targets and ensure the socio-economic impact of AI-driven 
ocular diagnostics. 
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