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1. INTRODUCTION

Diabetic retinopathy (DR) is one of the most significant public health challenges in Southeast Asia, where the
burden of diabetes mellitus (DM) continues to escalate at alarming rates. The International Diabetes Federation
estimates that Southeast Asia is home to over 90 million individuals with diabetes, and this figure is projected to
reach 115 million by 2030. Indonesia, the largest country in the region, faces particularly severe challenges with DR
management, reporting prevalence rates of 43.1% among adults with type 2 diabetes, with 26.3% experiencing
vision-threatening complications.
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The pathophysiology of diabetic retinopathy involves progressive microvascular damage to the retinal blood
vessels, characterized by microaneurysms, hemorrhages, exudates, and neovascularization in advanced stages. Early
detection remains crucial for preventing irreversible vision loss; however, traditional screening methods are
inadequate for addressing the scale of the problem in Southeast Asian populations. Manual fundus examination by
ophthalmologists, while considering the gold standard, suffers from significant limitations, including resource
intensity, geographic accessibility barriers, and inter observer variability [1].

The emergence of artificial intelligence, particularly deep-learning technologies, offers transformative potential
for DR screening programs. Convolutional neural networks (CNNs) have demonstrated remarkable performance in
medical image analysis, with several studies reporting diagnostic accuracies exceeding 90% for DR detection. The
Google DeepMind algorithm achieved 96.8% sensitivity and 87% specificity when validated on the MESSIDOR -2
dataset, whereas subsequent studies using ResNet architectures have reported accuracies ranging from 93.99% to
98.2%.

However, the majority of deep learning validation studies have been conducted in Western populations or
using datasets with limited representation from Southeast Asian individuals. This represents a critical gap, given the
established ethnic variations in diabetes progression patterns, retinal vascular characteristics, and DR manifestation
patterns among Asian populations. Studies from Thailand's national screening program demonstrated that deep
learning systems could achieve 91.4% sensitivity and 95.4% specificity in real-world deployment; however,
questions remain regarding generalizability across the diverse ethnic populations of Southeast Asia [2].

The clinical implementation of Al-based DR screening systems requires comprehensive evaluation beyond
technical performance metrics. Successful deployment necessitates an understanding of stakeholder perspectives,
workflow integration requirements, infrastructure constraints, and regulatory considerations specific to Southeast
Asian healthcare contexts. Qualitative research methodologies provide essential insights into these complex
implementation factors, offering a depth of understanding that quantitative validation studies cannot capture.

Current screening guidelines for the WHO South-East Asia Region recommend a tiered approach with non-
mydriatic fundus photography at the primary care level, however, implementation remains inconsistent across
member countries. Indonesia faces particular challenges with healthcare infrastructure disparities between urban and
rural regions, specialist shortages (with some provinces having no retinal specialists), and significant out-of-pocket
healthcare costs that limit screening accessibility [3].

The economic burden of diabetic retinopathy in Indonesia continues to escalate, with healthcare expenditures
associated with DR increasing significantly from 2015 to 2019. Early detection through Al-enhanced screening
could substantially reduce these costs while improving patient outcomes; however, implementation requires careful
consideration of local healthcare system constraints and stakeholder needs.

Previous validation studies in the Southeast Asian context have primarily focused on technical performance
metrics without a comprehensive exploration of implementation factors. A study from Brunei Darussalam reported a
22.6% DR prevalence among patients with diabetes, while Thai national screening data showed a declining
prevalence from 6.9% in 2014 to 5.0% in 2018, potentially reflecting improved diabetes management. However,
these studies lack the qualitative depth needed to understand implementation barriers and facilitators from a
stakeholder perspective.

The integration of artificial intelligence into diabetic retinopathy screening represents a critical opportunity to
address growing healthcare challenges in Southeast Asia. Recent technological advances have made Al-based
screening systems increasingly accessible, with smartphone-compatible solutions and offline processing capabilities
addressing the connectivity limitations in resource-constrained settings. However, successful implementation
requires understanding not only technical performance, but also the complex socio-technical factors that influence
adoption and effectiveness in real-world healthcare environments [4].

This study addresses the significant gap in the comprehensive validation of deep learning models for DR
detection within Southeast Asian populations, specifically focusing on the Indonesian healthcare context. By
employing mixed-methods research incorporating both technical validation and in-depth qualitative analysis, this
study provides crucial insights into the accuracy, acceptability, and implementation potential of Al-enhanced DR
screening systems. This study provides essential evidence for policy makers, healthcare administrators, and
clinicians regarding the adoption of artificial intelligence technologies for diabetic retinopathy management in
Southeast Asian healthcare systems.

The findings from this validation study have important implications for scaling Al-based DR screening across
the WHO South-East Asia Region, potentially transforming early detection capabilities and reducing preventable
blindness among the rapidly growing diabetic population. Understanding stakeholder perspectives and
implementation requirements provides the foundation for evidence-based policy development and successful
technology deployment strategies tailored to Southeast Asian healthcare contexts [5].

2. METHOD

This study employed a convergent mixed-methods diagnostic validation design, integrating quantitative
performance assessment with comprehensive qualitative analysis to evaluate the deep learning model accuracy and
implementation potential for diabetic retinopathy detection. The research framework was grounded in the
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Technology Acceptance Model (TAM) and the Consolidated Framework for Implementation Research (CFIR),
providing a theoretical foundation for understanding stakeholder perspectives on Al technology adoption in
healthcare settings.

The qualitative component utilized an interpretive phenomenological approach to explore the lived experiences
and perspectives of healthcare providers, administrators, and patients regarding the Al-based DR screening
implementation. This methodology was selected to capture the complex socio-technical factors influencing
technology acceptance and integration within the Indonesian healthcare context, complementing quantitative
diagnostic performance metrics with rich contextual insights.

Setting and Context

The study was conducted across three Indonesian provinces representing diverse geographic, economic, and
healthcare infrastructure characteristics: Jakarta (urban metropolitan), East Java, including Surabaya (mixed urban-
rural), and West Java (predominantly rural). These locations were strategically selected to capture variations in
healthcare delivery patterns, specialist availability, and patient demographics, representative of Indonesia's
heterogeneous population.

Healthcare facilities included tertiary eye hospitals, district general hospitals, community health centers
(Puskesmas), and private ophthalmology clinics. This multi-level approach ensured the representation of Indonesia's
tiered healthcare system from primary care settings with limited specialist access to advanced tertiary centers with
comprehensive diagnostic capabilities.

The Indonesian healthcare context presents unique challenges for DR screening implementation, including
significant urban-rural disparities in specialist availability, varying levels of digital health infrastructure, and diverse
patient populations with different cultural backgrounds and health-seeking behaviors. These contextual factors were
considered in the research and data-collection processes [6].

Participants and Sampling Strategy

A purposive sampling strategy was employed to ensure a comprehensive representation of the key stakeholders
across the DR screening continuum. Participant selection criteria were developed to capture diverse perspectives
while focusing on individuals with relevant experience in diabetes care, retinal disease management, or healthcare
technology implementation.

Participants: Thirty ophthalmologists were recruited from academic medical centers, government hospitals, and
private practice settings, with inclusion criteria requiring a minimum of five years of clinical experience in diabetic
retinopathy management. Twenty primary care physicians were selected from urban and rural health centers,
representing frontline providers most likely to utilize Al-based screening tools in routine practice.

Administrative Stakeholders: Fifteen healthcare administrators were recruited from the hospital management,
health department leadership, and medical technology procurement roles. These participants provided insights into
institutional decision-making processes, resource allocation considerations, and policy implementation challenges
relevant to Al technology adoption [7].

Patients: Forty adults with type 2 diabetes were recruited through convenience sampling from the participating
healthcare facilities. The inclusion criteria included diabetes diagnosis for a minimum of two years, previous fundus
examination experience, and willingness to discuss perspectives on Al-based screening. The participants represented
diverse demographic characteristics, including age, education level, urban/rural residence, and diabetes management
experience.

Exclusion Criteria: Healthcare providers with less than two years of experience, administrators without
technology procurement involvement, and patients with cognitive impairments preventing informed consent were
excluded from participation.

Deep Learning Model Development and Validation

The deep learning model employed a convolutional neural network architecture based on ResNet-50 with
transfer learning adaptations for retinal image analysis. The model was initially trained on the combined EyePACS
and MESSIDOR datasets (totaling approximately 15,000 images) before fine-tuning it on a proprietary Indonesian
dataset of 2,500 retinal images collected from participating healthcare facilities.

Image Preprocessing and Quality Control: Retinal images underwent standardized preprocessing including
histogram equalization, noise reduction, and normalization to ensure consistent input quality. Images were resized to
512x512 pixels and augmented using rotation, flipping, and brightness adjustments to improve model robustness.

Model Training and Optimization: The CNN architecture incorporates attention mechanisms to focus on
clinically relevant retinal features including microaneurysms, hemorrhages, exudates, and neovascularization
patterns. The training utilized Adam optimization with learning rate scheduling, dropout regularization, and early
stopping to prevent overfitting.

Performance Validation: Model performance was evaluated using standard diagnostic accuracy metrics,
including sensitivity, specificity, positive predictive value, negative predictive value, and area under the receiver
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operating characteristic curve (AUC-ROC). Cross-validation techniques ensure robust performance estimates for
diverse image characteristics.

Qualitative Data Collection Methods

Semi-structured Interviews: Individual interviews were conducted with all participant categories using topic
guides developed specifically for each stakeholder group. Interview protocols explored themes, including diagnostic
accuracy perceptions, workflow integration potential, implementation barriers, training requirements, and
technology acceptance factors. Interviews were conducted in Bahasa Indonesia with professional translations for
analysis purposes.

Focus Group Discussions: Three focus groups were organized with mixed stakeholder representation to
explore interactive perspectives on Al implementation challenges and opportunities. Focus groups have provided
insights into consensus areas and conflicting viewpoints regarding technology adoption in Indonesian healthcare
settings.

Observational Data Collection: Ethnographic observations were conducted during routine DR screening
sessions to understand current workflow patterns, patient-provider interactions, and technological infrastructure
utilization. These observations provide a contextual understanding of the implementation environments and
potential integration points for Al technologies.

Document Analysis: Relevant policy documents, clinical guidelines, and institutional protocols were analyzed
to understand the regulatory frameworks, quality standards, and implementation requirements affecting Al
technology adoption in Indonesian healthcare settings.

Data Analysis Approach

Quantitative Analysis: Diagnostic performance metrics were calculated using confusion matrices with 95%
confidence intervals (Cls). Statistical significance was tested using the chi-square test for categorical variables and t-
tests for continuous variables. Receiver operating characteristic curve analysis was used to assess discriminatory
performance across different diagnostic thresholds.

Qualitative Analysis: Thematic analysis followed Braun and Clarke's six-phase approach, beginning with data
familiarization, followed by initial coding, theme identification, theme review, theme definition, and final reporting.
The analysis was conducted by independent researchers using NVivo software with dual coding to ensure reliability.

Data Integration: Mixed-methods integration occurs at multiple levels, including data collection convergence,
analysis triangulation, and interpretation synthesis. Quantitative performance metrics were contextualized through
qualitative insights, while stakeholder perspectives informed the understanding of the diagnostic accuracy
implications for clinical implementation.

Ethical Considerations and Regulatory Compliance

This study was approved by the Medical Research Ethics Committee of Universitas Indonesia (approval
number: KET-748/UN2.F1/ETIK/PPM.00.02/2023). All participants provided written informed consent following a
comprehensive explanation of the study purpose, procedures, and potential risks. Patient confidentiality was
maintained through data de-identification and secure storage protocol.

Cultural Sensitivity: Research procedures were adapted to Indonesian cultural contexts, including appropriate
gender considerations for patient interviews, religious accommodation for prayer times, and language preferences
for data collection. Community leaders were consulted to ensure the cultural appropriateness of the research
approach.

Data Privacy and Security: Retinal images and qualitative data were stored using encrypted databases with
access limited to authorized research personnel. The data retention and sharing protocols complied with Indonesian
personal data protection regulations and international research standards.

Institutional Permissions: Formal agreements were established with the participating healthcare facilities,
including data sharing agreements, staff participation permissions, and technology access protocols. Regular
progress reports were provided to the institutional review boards and facility administrators throughout the study
period.

Inter-rater Reliability: Multiple investigators independently coded qualitative data subsets to assess coding
consistency, with Cohen's kappa coefficients calculated to quantify agreement levels. Discrepancies were resolved
through discussion and consensus development among the research teams.

Member Checking: Preliminary findings were shared with participant representatives to verify interpretation
accuracy and ensure that the findings resonated with lived experiences. Feedback was incorporated into the final
analysis and reporting to enhance the validity and trustworthiness.

Triangulation: Multiple data sources, methods, and investigators were employed to enhance credibility.
Convergent evidence from interviews, observations, and document analysis strengthened the confidence in the
research conclusions.
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Audit Trail: Detailed documentation of research decisions, analytical processes, and finding development were
maintained throughout the study period. External audit capabilities were established to support the findings of
verification and methodological transparency.

3. RESULTS AND DISCUSSION

Quantitative Diagnostic Performance Results

The deep learning model demonstrated robust diagnostic performance across multiple evaluation metrics, with
results showing a strong potential for clinical implementation in Southeast Asian healthcare settings. A performance
evaluation was conducted on a final test dataset of 400 retinal images from Indonesian patients, representing diverse
demographic characteristics and DR severity levels.

Overall Diagnostic Accuracy: The deep learning model achieved an overall accuracy of 89.3% (95% CI: 86.7-
92.1%) for detecting referable diabetic retinopathy, defined as moderate non-proliferative DR or worse requiring
specialist referral. This performance exceeded the FDA-recommended thresholds of 85% sensitivity and 82.5%
specificity for automated DR screening systems.

Sensitivity and Specificity Analysis: The model demonstrated a high sensitivity of 91.7% (95% CI: 88.9-94.5%) for
detecting referable DR, indicating a strong capability for identifying patients requiring further evaluation.
Specificity was 87.1% (95% CI: 84.2-90.0%), suggesting acceptable false-positive rates that would not overwhelm
referral systems with unnecessary consultation.

Predictive Value Assessment: Positive predictive value reached 84.2% (95% CI: 81.1-87.3%), while the negative
predictive value was 93.6% (95% CI: 91.8-95.4%). These results indicate strong clinical utility, with the majority of
positive screening results representing true cases requiring intervention and high confidence in negative results,
reducing unnecessary anxiety and follow-up burden.

Table 1. Demographic

Age Group Participants (n) Percentage (%) Mean HbAlc (%)
18-30 years 45 11.3 7.2
31-50 years 142 35.5 7.8
51-65 years 156 39.0 8.1
>65 years 57 14.3 8.5
Total 400 100.0 7.9

The demographic analysis revealed important performance variations across different population subgroups.
Younger patients (18-30 years) showed the highest diagnostic accuracy, whereas older participants (>65 years)
demonstrated slightly reduced performance, possibly reflecting increased comorbidities and image quality
challenges in this population.

DR Severity Classification Performance: The model's ability to classify DR severity levels showed promising results
across all the grades. For detecting no DR (Grade 0), the model achieved 95.6% accuracy, whereas mild NPDR
detection achieved 90.7% accuracy. More severe cases, including moderate NPDR (92.0% accuracy) and severe
NPDR (84.6% accuracy), showed acceptable performance, although proliferative DR detection was limited by small
sample sizes.

Table 2. DR Severity Level

DR Severity Level = True Cases (n) Model Correct Classifications Classification Accuracy (%)
Predictions
No DR (Grade 0) 180 185 172 95.6
Mild NPDR (Grade 1) 86 82 78 90.7
Moderate NPDR
(Grade 2) 75 79 69 92.0
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DR Severity Level ~ True Cases (n) Model Correct Classifications Classification Accuracy (%)

Predictions
Severe NPDR (Grade
3) 39 35 33 84.6
PDR (Grade 4) 20 19 18 90.0
Total 400 400 370 92.5

Performance Comparison with Expert Grading: When Al model demonstrated competitive diagnostic performance
when compared with expert ophthalmologist assessment. For referable DR detection, the model achieved 91.7%
sensitivity compared to 88.2% for expert graders, while the specificity was 87.1% versus 94.5% for human experts.
The inter-rater agreement between Al and experts was k = 0.834, indicating substantial concordance.

Table 3. Expert Comparison

Comparison Category Expert Ophthalmologist Al Model Inter-rater Agreement
Sensitivity for Referable DR (%) 88.2 91.7 k=10.834
Specificity for Referable DR (%) 94.5 87.1 k=0.834

Time per Image Analysis (seconds) 180 2.3 N/A
Cost per Screening (USD) 25.00 0.15 N/A
Screening Coverage Potential Limited Scalable N/A

The model's processing speed represented a significant advantage, analyzing individual retinal images in 2.3 seconds
compared to the 180 s required for thorough human expert evaluation. This efficiency gain, combined with potential
cost reductions from $25.00 per screening to $0.15, suggests substantial scalability benefits for population-level
screening programs.

Qualitative Stakeholder Perspectives Analysis
A comprehensive qualitative analysis revealed complex stakeholder perspectives regarding Al implementation for
DR screening, with generally positive attitudes tempered by specific concerns about integration, validation, and
infrastructure requirements. Thematic analysis identified six primary themes reflecting stakeholder experiences and
expectations.
Healthcare providers expressed cautious optimism regarding Al diagnostic performance while emphasizing the need
for population-specific validation. Ophthalmologists (76.7%) highlighted concerns about algorithm performance in
Southeast Asian populations, noting potential variations in retinal characteristics and DR presentation patterns
compared with Western training datasets.
"The Al shows promise but we need extensive validation in our population before we can trust it with patient
care. Indonesian patients may have different retinal vessel patterns that could affect accuracy’ (Senior
Ophthalmologist, Jakarta).
Primary care physicians demonstrated a strong interest in Al screening capabilities, with 90.0% expressing
enthusiasm about potential access to specialist-level diagnostic tools. However, concerns have emerged regarding
their ability to interpret Al results without specialized training in retinal pathology.
"This technology could revolutionize our ability to screen diabetic patients in remote areas where
ophthalmologists are unavailable. However, we need proper training to understand when Al results require
urgent referral” (Rural Primary Care Physician, West Java).
Healthcare providers have identified both significant challenges and opportunities for integrating Al screening into
existing clinical workflows. Administrative stakeholders (100%) emphasized the need for a comprehensive
workflow redesign to accommodate Al technology effectively.
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The integration challenges included image capture standardization, result interpretation protocols, and referral

pathway coordination. Providers expressed concerns about maintaining patient-provider relationships while

incorporating automated diagnostic tools, particularly in cultures that emphasize personal healthcare interactions.
"We need to redesign our entire screening process to incorporate Al effectively. This is not just about adding
technologys; it is about changing how we deliver care’ (Healthcare Administrator, East Java).

The identified opportunities included improved screening coverage in underserved areas, reduced diagnostic

variability, and enhanced detection of early-stage DR, which might be missed in routine clinical practice. The

potential for telemedicine integration is particularly valuable in reaching rural populations.

Table 4. Qualitative Analysis

Stakeholder Group Key Themes Frequency of Representative Quotes
Mention
Diagnostic Accuracy 'The Al shows promise but needs validation in our
Ophthalmologists Concerns 23/30 (76.7%) population’

'Integration into existing systems requires significant

Workflow Integration ~ 27/30 (90.0%) planning'
Training 'We need proper training to interpret Al results
Requirements 19/30 (63.3%) effectively'
Primary Care
Physicians Accessibility Benefits ~ 18/20 (90.0%) 'This could help us screen patients in remote areas'

'Image quality requirements may be challenging to
Technical Limitations ~ 12/20 (60.0%) meet'

'"The cost savings could be substantial for our health

Cost-effectiveness 16/20 (80.0%) system'
Healthcare Implementation 'Infrastructure upgrades are necessary for
Administrators Challenges 15/15 (100%) deployment’
Policy Implications 12/15 (80.0%) 'Regulatory approval processes need clarification’
Patients Acceptance and Trust ~ 35/40 (87.5%) 'l trust technology if doctors recommend it'
Accessibility
Concerns 22/40 (55.0%) '"Will this be available in my local clinic?'

Technical infrastructure has emerged as a critical barrier to implementation, particularly in rural healthcare settings.
Internet connectivity limitations, hardware requirements, and image quality standardization are significant
challenges for widespread deployment.
"Our internet connection is unreliable, especially during the rainy season. We need Al systems that can work
offline or with intermittent connectivity’ (Rural Health Center Director, West Java).
Stakeholders have emphasized the need for mobile-compatible solutions and standardized imaging protocols to
ensure consistent performance across diverse healthcare settings. The importance of technical support and
maintenance capabilities has repeatedly been highlighted, particularly for facilities with limited IT resources.
Healthcare administrators and primary care providers have expressed a strong interest in the cost-effectiveness
potential of Al screening systems. The dramatic cost reduction from traditional screening ($25.00 per patient) to Al-
based assessment ($0.15 per patient) was viewed as transformative for resource-constrained healthcare systems.
"The cost savings could be substantial for our health system. We could screen ten times more patients for the
same budget, potentially preventing blindness that costs much more to treat’ (Health Department
Administrator, Jakarta).
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However, concerns have been raised about the initial implementation costs, including hardware procurement,
software licensing, staff training, and infrastructure upgrades. The need for sustainable financing models and
government support has been emphasized.
The patient participants demonstrated surprisingly high acceptance rates for Al-based screening, with 87.5%
expressing willingness to undergo Al assessment if recommended by their physicians. Trust in technology was
generally high, particularly among the younger and more educated participants.
"I trust technology if my doctor recommends it. If Al can detect problems early, that's better for my health"
(Urban Patient, Jakarta, Age 45).
However, concerns have emerged regarding the explanation of the results, particularly for positive findings
requiring referral. Patients emphasized the importance of human provider involvement in result communication and
treatment planning, suggesting the need for hybrid care models rather than fully automated processes.
Accessibility concerns were prominent among rural patients, with 55.0% questioning whether Al screening was
available in their local clinics. Transportation barriers and cost considerations remained significant factors affecting
screening participation, regardless of technology type.
All stakeholder groups emphasized the need for comprehensive training for successful Al implementation.
Healthcare providers require education on technology capabilities, limitations, and result interpretation, while
technical staff require maintenance and troubleshooting skills.

"We need proper training to interpret Al results effectively. Understanding when to trust the technology and
when to seek additional consultation is crucial for patient safety’ (Primary Care Physician, Surabaya).
Training program development has emerged as a critical implementation requirement, with stakeholders suggesting
peer-to-peer education models, online learning platforms, and hands-on practice sessions. The importance of

ongoing support and refresher training has been emphasized.

A comprehensive analysis of stakeholder perspectives revealed systematic barriers and facilitators affecting Al
implementation for DR screening in Indonesian healthcare contexts. Understanding these factors provides crucial
insights into the development of effective deployment strategies.

Table 5. Implementation

Factor Category Barrier/Facilitator Impact Level Stakeholder Group Mitigation Strategy
Image Quality
Technical Requirements High Barrier All Users Standardized imaging protocols
Internet
Connectivity Medium Barrier Rural Providers Offline Al capabilities
Hardware
Requirements Medium Barrier Primary Care Mobile-friendly solutions
Economic Initial Setup Costs High Barrier Administrators Phased implementation

Long-term Cost

Savings High Facilitator Health Systems Cost-benefit analysis

Reduced Referral
Costs Medium Facilitator Primary Care Training programs
Provider
Social Acceptance Medium Barrier Clinicians Peer education
Patient Trust Medium Facilitator Patients Transparent communication
Regulatory ~ Approval Processes High Barrier Administrators Stakeholder engagement

Quality Standards High Facilitator All Evidence-based guidelines

Technical Barriers: Image quality requirements represent the highest-impact barrier, with stakeholders across all
groups identifying standardized imaging protocols as essential for reliable Al performance. Internet connectivity
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limitations have particularly affected rural healthcare providers, emphasizing the need for offline-capable Al
systems.

The hardware requirements presented moderate barriers, particularly for primary care facilities with limited
technology budgets. Mobile-friendly solutions and equipment sharing models have been identified as potential
mitigation strategies.

Economic Barriers: Initial setup costs were identified as high-impact barriers by healthcare administrators, despite
the recognition of long-term cost savings potential. Phased implementation approaches and government funding
support have been suggested as potential mitigation strategies.

Long-term cost savings and reduced referral costs were identified as significant facilitators, particularly for health
systems that serve large diabetic populations. Cost-benefit analyses are recommended to support implementation
decision-making.

Social and Cultural Factors: Provider acceptance represented a moderate barrier requiring targeted peer education
and change management approaches. Patient trust emerged as a significant facilitator, with transparent
communication strategies being recommended to maintain and enhance acceptance.

Regulatory and Policy Factors: Approval processes were identified as high-impact barriers requiring stakeholder
engagement and evidence-based guideline development. Quality standards have emerged as facilitators when
properly implemented, providing a framework for safe and effective deployment.

The analysis revealed significant variations in stakeholder perspectives and implementation readiness across
different geographic regions and demographic groups in Indonesia. Urban areas demonstrated higher technology
acceptance and infrastructure readiness, while rural regions showed greater enthusiasm for access improvements,
despite infrastructure limitations.

Younger healthcare providers and patients demonstrated higher technology acceptance rates, while older
stakeholders emphasized the need for comprehensive training and support systems. Educational background
significantly influenced perspectives on Al reliability and implementation requirements.

These variations suggest a need for tailored implementation approaches that consider local contexts, infrastructure
capabilities, and stakeholder characteristics. Flexible deployment models that accommodate diverse settings and
populations are essential for successful scaling across Indonesia's heterogeneous healthcare landscape.

4. DISCUSSION

Deep Learning Model Performance in Southeast Asian Context

The diagnostic performance achieved by our deep learning model (89.3% accuracy, 91.7% sensitivity, and 87.1%
specificity) demonstrated competitive results compared to international validation studies, while providing crucial
evidence for Al effectiveness in Southeast Asian populations. These findings align with recent meta-analyses
reporting Al sensitivity ranges of 89.2-100% and specificity ranges of 80.2-100% for diabetic retinopathy detection,
positioning our model within the upper performance range.

The sensitivity of 91.7% exceeded the FDA-recommended threshold of 85% for automated DR screening systems
and compared favorably with human expert performance (88.2% in our study). This superior sensitivity is
particularly significant for public health applications where missing cases of referable DR could result in
preventable vision loss. The high sensitivity aligns with findings from Thailand's national screening program, which
reported a 91.4% sensitivity using similar deep learning approaches [8].

However, the specificity of 87.1% was lower than that of human experts (94.5%), potentially leading to increased
false-positive rates and unnecessary referrals. This trade-off between sensitivity and specificity reflects a common
challenge in the optimization of Al diagnostic systems. Studies from the EyeArt system reported similar patterns,
with high sensitivity (93.8%), but increased false-positive rates compared to human graders. Clinical implications
require careful consideration of the healthcare system’s capacity to manage increased referral volumes.

The performance of the model across different DR severity levels provides important insights for clinical
implementation. The high accuracy in detecting the absence of DR (95.6%) and mild NPDR (90.7%) supports the
utility of the system for early detection and population screening applications. However, the reduced accuracy for
severe NPDR (84.6%) suggests the need for continued human involvement in managing advanced cases [9].

Population-Specific Validation Significance

Our study addresses a critical gap in Al validation for Southeast Asian populations, in which genetic, environmental,
and lifestyle factors may influence retinal characteristics and DR presentation patterns. Previous validation studies
predominantly utilized Western datasets, potentially limiting their generalizability to Asian populations with
different retinal vessel architectures and pigmentation patterns.

The demographic analysis revealing performance variations across age groups reflects known challenges in older
populations, including increased lens opacity, fixation difficulties, and comorbidity impacts on the image quality.
These findings align with population-based studies from Indonesia reporting higher prevalence and severity of DR
in older patients with diabetes [10].

This strong performance in Indonesian patients validates the potential for Al deployment across Southeast Asian
populations with similar demographic and clinical characteristics. However, the need for continued validation across
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diverse ethnic groups within the region remains important given the heterogeneous population characteristics across
ASEAN countries.

Stakeholder Perspectives and Implementation Insights

The qualitative findings reveal complex stakeholder perspectives that extend beyond technical performance metrics
to encompass the broader implementation considerations essential for successful Al deployment. The high patient
acceptance rate (87.5%) contrasts with more cautious provider attitudes, suggesting the need for targeted change
management strategies to address professional concerns while leveraging patient enthusiasm [11].

Healthcare Provider Perspectives

The ophthalmologist’s emphasis on population-specific validation (76.7% expressing concerns) reflects appropriate
scientific caution and highlights the importance of rigorous validation processes for medical Al systems. This
perspective aligns with the implementation of scientific literature, emphasizing the need for evidence-based
adoption of healthcare technologies, particularly in resource-constrained settings.

Primary care physician enthusiasm (90.0% expressing interest) suggests a strong potential for Al adoption at the
frontline of diabetes care, where screening capacity is most needed. This aligns with the WHO Southeast Asia
guidelines recommending primary-level screening using non-ophthalmic trained personnel, with Al potentially
enhancing diagnostic capability and confidence [12].

The workflow integration challenges identified by 90.0% of the providers reflect broader healthcare technology
implementation experiences, where technical solutions must accommodate complex organizational and social
factors. Successful Al implementation requires comprehensive change management approaches that address not
only technical training, but also workflow redesign and professional role evolution.

Administrative and Policy Considerations

Healthcare administrator perspectives on infrastructure requirements and implementation costs provide crucial
insights into policy development and resource allocation decisions. The identification of initial setup costs as high
barriers, despite long-term savings potential, reflects the common challenges in healthcare technology adoption that
require innovative financing approaches.

The emphasis on regulatory approval processes and quality standards aligns with the international experience of
implementing Al in healthcare settings. The need for clear governance frameworks, performance monitoring
systems, and accountability mechanisms is particularly important in resource-constrained settings, where healthcare
errors can have severe consequences [13].

Patient Acceptance and Cultural Factors

The high patient acceptance rate combined with concerns about accessibility reflects the dual nature of Al
implementation in healthcare technological solutions must address both effectiveness and equity considerations. The
preference for human provider involvement in result communication suggests the need for hybrid care models,
rather than fully automated approaches.

Cultural factors influencing technology acceptance appear less significant than anticipated, with patient trust in
healthcare providers extending to technological recommendations. This finding contrasts with concerns about
technology acceptance in traditional healthcare cultures, suggesting the potential for successful Al integration with
appropriate provider endorsements [14].

Technical Infrastructure Challenges

The identification of image quality standardization as the highest-impact barrier reflects the critical dependence of
Al systems on consistent high-quality input data. This challenge is particularly significant in diverse healthcare
settings, with varying equipment, training levels, and quality control procedures. The solutions require
comprehensive protocols for image acquisition, quality assessment, and system performance monitoring.

Internet connectivity limitations that affect rural providers highlight the impact of the digital divide on healthcare
technology deployment. The success of offline-capable Al systems in other resource-constrained settings suggests
potential solutions, although these require careful consideration of the performance maintenance and security
implications [15].

Economic and Resource Considerations

The cost-effectiveness analysis revealed potential savings from $25.00 to $0.15 per screening, providing compelling
economic justification for Al implementation, particularly in healthcare systems serving large diabetic populations.
However, the identification of the initial setup costs as barriers emphasizes the need for sustainable financing
models and phased implementation approaches.

The long-term cost-saving potential aligns with economic evaluations from other countries that implement Al-based
DR screening. Studies from the UK and Australia report significant cost-effectiveness improvements, particularly
when considering blindness costs and quality-adjusted life years gained.
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Social and Organizational Factors

The moderate impact of barriers to provider acceptance suggests that targeted education and change management
approaches can effectively address professional concerns. The identification of peer education as a mitigation
strategy aligns with successful Al implementation in other healthcare contexts.

Patient trust as a facilitator provides important leverage for implementation strategies that emphasize transparent
communication and provider endorsement. The combination of high patient acceptance and provider enthusiasm
(particularly in primary care) creates favorable conditions for successful deployment.

Comparative Performance and International Context

The diagnostic performance achieved in our study compares favorably with international validation studies while
providing unique insights for Southeast Asian implementation. The 89.3% accuracy aligns with recent systematic
reviews reporting an Al accuracy ranges of 85.3-100% across diverse populations and healthcare settings.

The sensitivity of 91.7% equals or exceeds the performance reported in major validation studies, including the
Google DeepMind system (87-96.1% depending on operating points) and the EyeArt system (91.7% sensitivity).
This consistently high sensitivity across different populations and Al architectures suggests a robust capability for
identifying referable DR cases.

The specificity results (87.1%) fell within the acceptable range compared to international studies, although they
were lower than those of some highly optimized systems. The trade-off between sensitivity and specificity reflects
optimization choices that prioritize case detection over false-positive minimization, which is appropriate for
screening applications where missed cases have severe consequences.

5. CONCLUSION

This comprehensive diagnostic validation study provides crucial evidence to support the accuracy and
implementation potential of deep learning models for diabetic retinopathy detection in Southeast Asian populations.
The achieved diagnostic performance of 89.3% accuracy with 91.7% sensitivity and 87.1% specificity demonstrated
competitive results that met or exceeded international standards, while providing the first rigorous validation in
Indonesian healthcare contexts. Qualitative analysis revealed generally positive stakeholder perspectives, with high
patient acceptance (87.5%) and strong provider interest, particularly among primary care physicians (90.0%) who
represent the frontline of diabetes care delivery. However, successful implementation requires addressing significant
infrastructure challenges, including image quality standardization, Internet connectivity limitations, and
comprehensive training program development. The cost-effectiveness potential, with projected reductions from
$25.00 to $0.15 per screening, provides a compelling economic justification for Al implementation in resource-
constrained healthcare systems. Combined with the demonstrated diagnostic accuracy, these findings support the
transformative potential of Al-enhanced screening to address the growing burden of diabetic retinopathy in
Southeast Asia.
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