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Abstract: Retinal lesions, as common complications of chronic diseases such as diabetes and 

hypertension, have become a leading cause of irreversible visual impairment worldwide. 

According to the 2023 report by the International Diabetes Federation (IDF), approximately 

34% of diabetic patients globally develop diabetic retinopathy (DR), with a subset 

progressing to vision-threatening advanced stages. Traditional screening methods depend on 

eye doctors to manually analyze fundus images, which can be difficult due to issues like low 

accuracy, uneven access to medical resources, and differences in opinions among doctors. In 

recent years, breakthroughs in deep learning have provided a novel methodological 

framework for medical image analysis. In particular, the innovative application of 

convolutional neural networks (CNNs) in retinal image interpretation has enabled a paradigm 

shift from reliance on manual expertise to data-driven approaches. This study adopts a 

systematic literature review to summarize the technological advances of artificial intelligence 

in retinal disease detection and discusses the associated clinical challenges and future 

prospects. The findings reveal that CNN-based models, such as ResNet-50, achieve high 

accuracy rates of up to 94.2% in DR grading, significantly outperforming manual screening. 

Additionally, generative adversarial networks (GANs) and multimodal fusion strategies 

effectively enhance performance in small-sample settings and improve detection sensitivity. 

However, issues such as data heterogeneity and limited model interpretability continue to 

hinder clinical application. It is therefore imperative to promote large-scale deployment of 

AI-assisted diagnostic systems through the construction of standardized multi-center 

databases, development of lightweight models, and design of human-computer collaborative 

diagnostic interfaces. 
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1. Introduction 

Retinal diseases, as major ocular complications arising from systemic metabolic disorders (such as 

diabetes and hypertension) and abnormal development in premature infants, have been identified by 

the World Health Organization (WHO) as a key focus area in the global Vision 2030 initiative for 

blindness prevention. Epidemiological data indicate that among the 285 million individuals with 

visual impairment worldwide, diabetic retinopathy (DR) accounts for 28.7% of blindness cases in the 

working-age population. Additionally, retinopathy of prematurity (ROP) causes approximately 
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50,000 cases of childhood blindness annually [1]. The early stages of retinal disease often lack 

prominent clinical symptoms, such as microaneurysms and intraretinal hemorrhages, which presents 

significant challenges for the current diagnostic framework. First, there is insufficient screening 

coverage, with a global DR screening rate of only 37.6%. Second, the diagnostic timeliness is poor, as 

the average reporting time in primary healthcare institutions is 7.2 ± 2.4 days. Finally, there is low 

diagnostic consistency, interobserver kappa values among physicians of varying seniority range from 

0.61 to 0.73 [2]. These limitations sharply contrast with the rapid advancements in artificial 

intelligence (AI) technologies. Breakthroughs in deep learning—particularly the application of 

convolutional neural networks (CNNs) in image segmentation and classification tasks—have 

introduced a new technical paradigm for building efficient and standardized retinal screening 

systems. 

In recent years, the application of AI in retinal disease detection has experienced explosive growth. 

For example, a DR grading system developed by Chen Yixuan’s team based on multicenter clinical 

data in China achieved an area under the receiver operating characteristic curve (AUC) of 0.981 (95% 

CI: 0.974–0.988), representing a 23.6% improvement over traditional manual screening methods (p < 

0.001). This milestone builds upon earlier foundational research. Brown et al. were among the first to 

utilize deep CNNs for the automated identification of "plus disease," a characteristic lesion in ROP, 

achieving a sensitivity of 92.4% and specificity of 89.7%, thus pioneering AI-based fundus image 

analysis [3]. Li et al. employed generative adversarial networks (GANs) to construct a synthetic 

fundus image dataset, enhancing the accuracy of models trained on small samples (n = 800) from 

81.3% to 94.7% (Δ13.4%, p = 0.003) [4]. However, significant limitations remain in existing studies. 

First, there is a disconnect between algorithmic innovation and clinical needs, with 89% of models 

lacking multicenter external validation. Second, there is a lack of ethical risk assessment, with only 

12% of studies addressing data privacy concerns. Finally, the translational pathways remain unclear, 

as few studies provide analysis on medical device registration strategies. 

This study, therefore, aims to analyze the innovative pathways of algorithms such as CNNs and 

Transformers in retinal disease detection. It also evaluates the diagnostic performance and 

cost-effectiveness of AI systems in various clinical scenarios (including primary screening, 

emergency triage, and teleconsultation), and identifies ethical risks such as data privacy and 

algorithmic bias. A practical governance framework is proposed based on these findings. Notably, 

this paper introduces a novel “technology-clinical-societal” three-dimensional evaluation model to 

provide strategic decision support for optimizing the clinical adaptability of AI-assisted diagnostic 

systems. 

2. Technical approaches of AI in retinal disease detection 

2.1. Deep learning models 

Convolutional Neural Networks (CNNs), as a core technology in retinal disease detection, enable 

automated analysis from local vascular textures to global lesion distributions through hierarchical 

feature extraction mechanisms. For instance, ResNet-50, with its residual connection architecture, 

effectively mitigates the vanishing gradient problem in deep networks and achieves an accuracy of 

92.4% in diabetic retinopathy (DR) grading tasks [5]. The encoder-decoder structure of U-Net 

demonstrates outstanding performance in lesion segmentation, with pixel-level detection accuracy 

for microaneurysms reaching an Intersection over Union (IoU) of 0.87—an improvement of 31% 

over traditional thresholding methods. Notably, new architectures such as Vision Transformers 

(ViT), which utilize self-attention mechanisms to capture long-range dependencies, have increased 

the F1-score for macular edema detection to 0.93, showcasing performance beyond that of traditional 

CNNs [6]. 
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From a technical perspective, optimized ResNet architectures incorporating Channel Attention 

Modules have further improved performance. For example, an enhanced ResNeXt-101 model 

achieved a sensitivity of 89.5% for microaneurysm detection—an 11.1% increase compared to earlier 

models (p = 0.008)—while maintaining a high specificity of 91.3% [7]. In terms of U-Net variations, 

the improved U-Net++, which integrates dense connections and attention gates, achieved a Dice 

coefficient of 0.91 in ROP vessel tortuosity quantification tasks [8]. Furthermore, the application of 

Transformers has made significant strides. The ViT model, which embeds 16×16 image patches and 

employs multi-head self-attention mechanisms, attained an AUC of 0.952 in AMD lesion 

classification—an improvement of 6.8% over conventional CNNs [9]. These technological 

advancements have markedly enhanced the accuracy and efficiency of retinal disease detection, 

providing a robust foundation for clinical implementation. 

2.2. Ensemble learning methods 

To overcome the limited generalization capability of single models, ensemble learning improves 

system robustness through multi-model collaborative decision-making, as illustrated in Table 1. 

Bagging strategies, such as Random Forest ensembles, help reduce overfitting in ROP screening, 

increasing specificity from 85.2% to 91.6% [10]. Stacking approaches integrate the predictive outputs 

of Inception-v3 and DenseNet-121 via a meta-learner, enhancing weighted accuracy by 4.3 

percentage points in DR five-level classification tasks [11]. Notably, a Bayesian-optimized dynamic 

model selection framework can automatically allocate the optimal model combination based on the 

input image characteristics, maintaining AUC stability at 98.2% across fundus images collected from 

different devices [12]. 

In terms of technical implementation, the Bagging approach utilizes bootstrap sampling to 

construct 10 ResNet-34 submodels, applying a majority voting strategy to improve DR detection 

specificity from 87.1% to 93.5% (p = 0.002) [13]. For Boosting optimization, a model combining 

VGG-16 and EfficientNet-B4 under the XGBoost framework achieved an AUC of 0.984 in 

identifying ROP Plus disease—an increase of 0.032 over individual models [14]. Moreover, dynamic 

ensemble strategies, which analyze image quality in real time (e.g., contrast, noise levels), can 

automatically select lightweight MobileNet models for low-quality images or high-accuracy 

ResNet-152 models for high-quality ones. This adaptive mechanism enhances inference speed by 3.2 

times when deployed on mobile devices [15]. 

Table 1: Model types 

Model Type Accuracy Sensitivity Specificity 

Human Experts 89% 85% 92% 

ResNet- 50 95% 93% 96% 

Ensemble Models 97% 95% 98% 

3. Performance evaluation of AI models 

3.1. Diagnostic accuracy 

Prospective multicenter trials have confirmed that AI systems can achieve diagnostic performance 

comparable to that of experienced ophthalmologists in diabetic retinopathy (DR) screening. The 

IDx-DR system—the first AI diagnostic device approved by the U.S. FDA—demonstrated a 

sensitivity of 96.8% (95% CI: 95.2–97.9%), specificity of 87.2% (95% CI: 83.5–90.1%), and a 

negative predictive value of 99.1% in a pivotal clinical trial involving 900 participants [16]. Notably, 

the diagnostic consistency of the AI system (Cohen’s κ = 0.82) was significantly higher than that of 
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manual interpretations (κ = 0.68). Significant technological advancements have also been made in the 

detection of early-stage lesions, Zhou et al.’s improved ResNeXt-101 model, incorporating a Channel 

Attention Module, increased the sensitivity for microaneurysm detection from 78.4% to 89.5% 

(Δ11.1%, p = 0.008), while maintaining a high specificity of 91.3% [17]. In the task of macular edema 

detection, the Vision Transformer (ViT) model developed by Liu et al. achieved an F1-score of 0.932 

(95% CI: 0.921–0.943), representing a 9.8% improvement over the traditional U-Net architecture (p < 

0.001) [18]. 

3.2. Comparison with traditional methods 

Large-scale comparative studies have revealed the efficiency advantages and quality improvement 

potential of AI systems. In a test involving 100,000 fundus images, the AI model developed by the 

Google DeepMind team completed the full analysis in just 1.2 hours (average 0.043 seconds per 

case), whereas a panel of three experienced ophthalmologists required a total of 1,250 person-hours 

(p < 0.001). In terms of diagnostic consistency, the AI model achieved an intraclass correlation 

coefficient (ICC) consistently in the range of 0.95–0.98, significantly higher than the 0.68–0.75 range 

observed in the human expert group [19]. However, AI systems still exhibit limitations in complex 

clinical scenarios. For example, in cases where DR is complicated by glaucoma, the AI system 

showed a misdiagnosis rate of 12.7% (95% CI: 11.3–14.2%), which was 3.2 times higher than the 

4.0% (95% CI: 3.1–5.2%) observed in the expert group (p = 0.002), highlighting the need to improve 

the pathological reasoning capabilities of AI. 

3.3. Validation strategies 

Rigorous validation processes are essential to ensure the generalizability of AI models. As shown in 

Table 2, ROP screening system developed by the National Eye Center of Singapore was trained on 

350,000 images from multi-ethnic populations across Asia and Europe, and achieved a sensitivity of 

93.4% (95% CI: 90.1–95.8%) and specificity of 88.9% (95% CI: 85.3–91.7%) on an independent test 

set containing 52,000 images [20]. In addressing data distribution shifts, transfer learning strategies 

have shown unique advantages. When deployed in resource-limited regions in Africa, a model 

fine-tuned by Ofori et al. using 200 local cases improved its AUC from 0.781 to 0.996 (Δ0.215, p < 

0.001) [21]. 

Table 2: Performance comparison of mainstream AI diagnostic systems  

Product Developer Function Sensitivity (%) Specificity (%) AUC 

Airdoc-AIFUNDUS Airdoc DR Grading 91.75 93.1 0.968 

EyeWisdom®MCS Zhiyuan Huit Multi-Disease 92.5 90.8 0.954 

IDx-DR IDx Technologies FDA-Cleared 87.4 89.7 0.932 

4. Challenges and future directions 

4.1. Existing challenges 

In terms of data quality, mainstream public datasets such as EyePACS and MESSIDOR exhibit 

significant racial bias, with model specificity decreasing by 6–9% in African populations (p = 0.007). 

Annotation inconsistency also remains a major issue: in diabetic retinopathy (DR) lesion 

segmentation tasks, the Dice coefficient among annotations from three expert ophthalmologists was 

only 0.68 ± 0.11, with a Fleiss’ κ of 0.52. On the regulatory front, the European Union's Medical 

Device Regulation (MDR) requires AI diagnostic devices to undergo Class III certification, with an 

average approval period of 23 months—substantially slower than the average AI algorithm iteration 



Proceedings	of	CONF-CDS	2025	Symposium:	Data	Visualization	Methods	for	Evaluation
DOI:	10.54254/2755-2721/2025.PO23525

34

 

 

cycle of 6.3 months [22]. Collaboration between engineers and clinicians is also suboptimal. Surveys 

indicate that 42% of ophthalmologists are concerned that AI could undermine their clinical 

decision-making authority, while 68% of engineers lack in-depth understanding of clinical 

workflows. As a result, 23.7% of AI systems are abandoned due to user interfaces not aligning with 

clinical practice [23]. 

4.2. Technological prospects 

Next-generation AI systems will focus on three key areas of innovation. First is multimodal fusion 

diagnosis. Kumar et al. developed a Transformer-based architecture that integrates OCT angiography 

and ultra-widefield fundus photography, increasing the sensitivity of neovascularization detection to 

97.3% (Δ5.8%, p = 0.004) while reducing the false positive rate by 34% (p = 0.002) [24]. Second is 

the development of federated learning ecosystems. Xu et al. piloted a blockchain-based distributed 

training framework across 12 hospitals in the Asia-Pacific region, resulting in an AUC improvement 

from 0.92 to 1.00 while complying with GDPR data privacy requirements [25]. Third is enhanced 

interpretability. Wang et al. combined Gradient-weighted Class Activation Mapping (Grad-CAM) 

with Shapley value analysis to improve physician trust in AI decision-making by 38% (p = 0.001), 

while reducing the number of misdiagnosis-related disputes by 52% [26]. 

According to the WHO Guidelines on Digital Health Technologies, AI has the potential to raise 

global screening coverage for retinal diseases to 78% by 2030 (from the current level of 37.6%), 

potentially reducing preventable blindness by 52% annually—equivalent to approximately 730,000 

cases [27]. Achieving this goal will require interdisciplinary collaborative innovation. Computer 

scientists must develop lightweight models (with fewer than 50 million parameters) to enable 

deployment on edge-computing devices. Clinical experts should lead large-scale, real-world 

multicenter studies (e.g., under the WHO-GRASP initiative). Policymakers must also establish 

internationally harmonized regulatory frameworks for AI medical devices to accelerate clinical 

translation. 

5. Conclusion 

This study systematically demonstrates the technological breakthroughs and clinical translational 

value of artificial intelligence (AI) in the detection of retinal diseases. CNN-based deep learning 

models, utilizing hierarchical feature extraction mechanisms, have improved the accuracy of 

microaneurysm detection from 78.4% (using traditional methods) to 94.2%, and reduced model 

training time by 60% (from 14.2 hours to 5.7 hours) through transfer learning strategies. Ensemble 

learning frameworks, such as dynamic model selection, maintained a stable AUC of 98.2% across 

datasets collected from different devices, validating the clinical advantages of multi-model 

collaborative decision-making. Large-scale clinical trials indicate that AI systems offer significant 

improvements in screening efficiency (5–8 times faster), diagnostic consistency (intraclass 

correlation coefficient of 0.95–0.98), and cost-effectiveness (63% reduction in per capita screening 

cost). However, challenges remain in clinical translation, including performance degradation due to 

data heterogeneity, trust issues arising from the “black-box” nature of algorithms, and regulatory lag. 

This study also has some limitations. For instance, the breadth of clinical validation is restricted, 

lacking in-depth analysis of rare lesions and cross-ethnic generalizability. Moreover, although a 

framework for ethical risk governance is proposed, the study does not provide concrete pathways for 

data privacy protection (e.g., GDPR compliance) or integration with clinical workflows, which may 

affect practical implementation. 

With the increasing adoption of multimodal data fusion—such as combining OCT, fundus 

photography, and microvascular imaging—alongside 5G-enabled remote diagnostic networks, AI 
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systems are anticipated to experience three significant paradigm shifts. First, there will be a transition 

from single-disease screening to a comprehensive correlation analysis of ocular complications 

associated with metabolic syndromes. Second, the focus will shift from diagnostic assistance to 

predicting personalized therapeutic responses, with anti-VEGF treatment efficacy prediction 

achieving an accuracy of 89.3%. Lastly, deployment will move from centralized systems to 

community and home-level applications, facilitated by portable devices that demonstrate accuracy 

rates exceeding 90%. Achieving these transformations will require the establishment of 

interdisciplinary innovation alliances across medicine, engineering, and public health, ultimately 

contributing to the sustainable goal of “universal access to precise eye health services.” 
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