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Abstract 

Digital accessibility compliance in insurance platforms presents complex challenges requiring sophisticated technical 
solutions to ensure WCAG 2.1 AA compliance while maintaining optimal user experience. This paper presents an 
innovative deep learning-enhanced automation framework for comprehensive accessibility testing and compliance 
verification in web-based insurance applications. The proposed system utilizes computer vision techniques combined 
with natural language processing to automatically identify accessibility violations, suggest remediation strategies, and 
validate compliance across diverse user interaction scenarios. Our approach employs Convolutional Neural Networks 
(CNNs) for visual element analysis, Recurrent Neural Networks (RNNs) for content structure evaluation, and 
transformer models for semantic understanding of accessibility requirements. The framework integrates with popular 
assistive technologies including NVDA, JAWS, and Dragon NaturallySpeaking to simulate real-world usage patterns and 
validate compliance effectiveness. Implementation results from Guidewire PolicyCenter and ClaimCenter applications 
demonstrate 89% accuracy in automated accessibility violation detection, 76% reduction in manual accessibility testing 
effort, and 94% compliance achievement rate. The system incorporates advanced image processing algorithms to 
analyze color contrast ratios, visual hierarchy, and interactive element accessibility. Machine learning models are 
trained on extensive datasets comprising accessibility patterns, user behavior analytics, and assistive technology 
interaction logs. The research addresses critical gaps in automated accessibility testing including dynamic content 
evaluation, complex user workflow accessibility, and multi-modal interaction validation. Performance benchmarking 
against commercial accessibility testing tools shows superior detection rates for complex violations and reduced false 
positive occurrences. The proposed solution provides actionable insights for development teams through intelligent 
reporting mechanisms and integration with popular development workflows, significantly improving accessibility 
compliance efficiency in enterprise insurance applications. 
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Technology 

1. Introduction

The digital transformation of insurance services has necessitated robust accessibility compliance mechanisms to ensure 
equitable access for users with disabilities. With over 61 million adults in the United States living with a disability [1], 
insurance platforms must adhere to stringent accessibility standards while maintaining complex business 
functionalities. Traditional accessibility testing approaches rely heavily on manual processes and rule-based automated 
tools, which often fail to capture the nuanced requirements of modern web applications [2]. 

Web Content Accessibility Guidelines (WCAG) 2.1 AA compliance has become a critical requirement for insurance 
platforms, particularly following landmark legal cases such as Target Corp. v. National Federation of the Blind [3] and 
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the increasing emphasis on digital inclusion in financial services. However, achieving comprehensive accessibility 
compliance in complex insurance workflows presents unique challenges including multi-step claim processes, dynamic 
content generation, and integration with legacy systems [4]. 

Current automated accessibility testing tools demonstrate significant limitations in detecting context-dependent 
violations, evaluating user workflow accessibility, and providing actionable remediation guidance. Commercial 
solutions such as axe-core, WAVE, and SiteImprove achieve average detection rates of 57-62% for complex accessibility 
violations [5], leaving substantial gaps in compliance verification. 

This research introduces a novel deep learning-enhanced framework that addresses these limitations through advanced 
computer vision, natural language processing, and machine learning techniques. The system provides comprehensive 
accessibility testing capabilities specifically designed for insurance platform requirements, including policy 
management, claims processing, and customer service interfaces. 

2. Related work 

2.1. Traditional Accessibility Testing Approaches 

Early accessibility testing methodologies focused on rule-based automation and manual evaluation processes. Abascal 
et al. [6] proposed systematic evaluation frameworks for web accessibility, establishing foundational principles for 
automated testing. However, these approaches demonstrated limited scalability and accuracy in complex application 
scenarios. 

2.2. Machine Learning in Accessibility 

Recent research has explored machine learning applications for accessibility improvement. Gorski et al. [7] investigated 
neural network approaches for automated alt-text generation, achieving 72% accuracy in image description tasks. 
Similarly, Zhang et al. [8] developed deep learning models for predicting accessibility barriers in mobile applications, 
demonstrating promising results in violation detection. 

2.3. Computer Vision for Web Analysis 

Computer vision techniques have been increasingly applied to web application analysis. Chen and Liu [9] proposed 
CNN-based approaches for UI element classification, achieving 84% accuracy in component identification. These 
foundational works provide the technical basis for visual accessibility analysis in web platforms. 

2.4. Insurance Platform Accessibility 

Limited research has specifically addressed accessibility challenges in insurance platforms. Rodriguez et al. [10] 
conducted empirical studies on accessibility barriers in financial services applications, identifying critical gaps in 
current compliance approaches. This work highlights the need for specialized solutions addressing insurance platform 
requirements. 

3. Methodology 

3.1. System Architecture 

The proposed deep learning-enhanced accessibility compliance automation framework comprises five integrated 
components: Visual Analysis Engine, Content Structure Analyzer, Semantic Understanding Module, Assistive 
Technology Simulator, and Compliance Validation System. The architecture employs a microservices approach to 
ensure scalability and maintainability in enterprise environments. 
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Figure 1 Deep Learning-Enhanced Accessilility Compliancd Framework Architecture 

3.2. Deep Learning Models 

3.2.1. Convolutional Neural Network for Visual Analysis 

The visual analysis component utilizes a modified ResNet-50 architecture trained on extensive datasets of web interface 
elements. The model processes screenshot data to identify visual accessibility violations including insufficient color 
contrast, missing focus indicators, and inadequate visual hierarchy. 

3.2.2. Recurrent Neural Network for Content Structure  

A bidirectional LSTM network analyzes HTML DOM structures to evaluate semantic markup quality, heading hierarchy 
compliance, and navigation structure accessibility. The model processes sequential element relationships to identify 
structural violations. 

3.2.3. Transformer Models for Semantic Understanding 

BERT-based transformer models process textual content to evaluate readability, identify missing alternative text, and 
assess semantic markup appropriateness. The models are fine-tuned on accessibility-specific datasets to improve 
domain accuracy. 

3.3. Training Data Preparation 

Training datasets comprise 47,000 web page samples from insurance platforms, including 23,000 manually annotated 
accessibility violations across WCAG 2.1 guidelines. Data augmentation techniques generate additional samples through 
programmatic accessibility violation injection and synthetic content generation. 

3.4. Integration with Assistive Technologies 

The framework integrates with screen readers (NVDA, JAWS), voice recognition software (Dragon NaturallySpeaking), 
and keyboard navigation tools through automated testing interfaces. This integration enables real-world usage pattern 
simulation and validation of accessibility improvements. 

4. Implementation and Experimental Setup 

4.1. Development Environment 

The system is implemented using Python 3.8 with TensorFlow 2.6 for deep learning components, Selenium WebDriver 
for browser automation, and OpenCV for image processing. The framework supports integration with popular CI/CD 
pipelines including Jenkins, GitLab CI, and Azure DevOps. 
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4.2. Test Platform Configuration 

Experimental validation was conducted on two major insurance platforms: Guidewire PolicyCenter for policy 
management workflows and ClaimCenter for claims processing operations. Test environments included responsive 
design variations across desktop, tablet, and mobile interfaces. 

4.3. Performance Metrics 

Evaluation metrics include violation detection accuracy, false positive rates, compliance verification effectiveness, and 
processing time efficiency. Baseline comparisons utilize commercial accessibility testing tools including axe-core 4.2, 
WAVE 3.1, and SiteImprove Accessibility Checker. 

Table 1 Performance Comparison of Accessibility Testing Tools 

Tool Violation 
Detection 
Accuracy (%) 

False Positive 
Rate (%) 

Processing Time 
(min/page) 

WCAG 2.1 
Coverage (%) 

Integration 
Support 

Proposed 
Framework 

89.3 8.2 4.7 94.1 Full 

axe-core 4.2 62.1 18.7 2.3 78.4 Partial 

WAVE 3.1 58.9 22.1 3.1 71.2 Limited 

SiteImprove 65.4 15.3 6.8 82.7 Full 

Lighthouse 54.2 25.6 1.9 68.9 Partial 

Pa11y 51.7 28.3 2.8 65.3 Limited 

JAWS Inspect 67.8 12.4 8.2 85.1 Limited 

Colour Contrast 
Analyser 

45.3 8.9 1.2 32.1 None 

4.4. Validation Methodology 

Cross-validation employs stratified sampling across violation types, platform components, and user workflow 
scenarios. Independent accessibility experts manually verified 2,847 detected violations to establish ground truth 
accuracy measurements. 

5. Results and Analysis 

5.1. Violation Detection Performance 

The proposed framework achieved 89.3% accuracy in automated accessibility violation detection, representing a 27% 
improvement over the best-performing commercial tool (axe-core: 62.1%). False positive rates remained below 8.2%, 
significantly outperforming existing solutions. 
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Table 2 Violation Detection Results by WCAG 2.1 Guidelines 

WCAG Guideline Principle Total 
Violations 

Detected by 
Framework 

Detection 
Rate (%) 

Manual Effort 
Reduction (%) 

1.1.1 Non-text 
Content 

Perceivable 1,247 1,143 91.7 87.3 

1.3.1 Info and 
Relationships 

Perceivable 892 814 91.3 82.1 

1.4.3 Contrast 
(Minimum) 

Perceivable 1,156 1,089 94.2 91.8 

1.4.6 Contrast 
(Enhanced) 

Perceivable 634 567 89.4 78.9 

2.1.1 Keyboard Operable 743 661 88.9 84.2 

2.4.1 Bypass Blocks Operable 298 276 92.6 89.1 

2.4.3 Focus Order Operable 521 454 87.1 76.4 

2.4.6 Headings and 
Labels 

Operable 687 623 90.7 85.3 

3.1.1 Language of 
Page 

Understandable 189 178 94.2 92.1 

3.2.1 On Focus Understandable 234 203 86.8 78.7 

4.1.1 Parsing Robust 456 398 87.3 81.2 

4.1.2 Name, Role, 
Value 

Robust 823 731 88.8 83.6 

5.2. Processing Efficiency 

Average processing time for comprehensive accessibility analysis was 4.7 minutes per web page, including deep 
learning inference and assistive technology simulation. This represents a 76% reduction in manual testing effort 
compared to traditional approaches. 

5.3. Compliance Achievement 

Implementation of automated remediation suggestions resulted in 94.1% WCAG 2.1 AA compliance achievement across 
tested insurance platform components. Critical violations were reduced by 91.7%, with substantial improvements in 
keyboard navigation and screen reader compatibility. 

5.4. User Experience Impact 

Post-implementation user testing with 127 participants (including 43 users with disabilities) demonstrated 87% 
satisfaction improvement and 73% task completion time reduction for accessibility-critical workflows. 

6. Discussion 

6.1. Technical Contributions 

The research demonstrates significant advancement in automated accessibility testing through deep learning 
integration. The multi-modal approach combining visual analysis, structural evaluation, and semantic understanding 
provides comprehensive coverage of accessibility requirements previously unachievable through rule-based systems. 
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6.2. Practical Implications 

The framework's integration capabilities enable seamless adoption in existing development workflows, reducing 
barriers to accessibility compliance implementation. Automated remediation suggestions provide actionable guidance 
for development teams, addressing a critical gap in current accessibility tools. 

6.3. Limitations and Future Work 

Current limitations include dependency on training data quality and processing overhead for large-scale applications. 
Future research directions include federated learning approaches for privacy-preserving model training and real-time 
accessibility monitoring capabilities. 

6.4. Industry Impact 

The proposed solution addresses critical compliance requirements for insurance platforms while reducing 
implementation costs and improving user experience for individuals with disabilities. The framework's modular 
architecture enables adaptation to other financial services applications.  

7. Conclusion 

This research presents a comprehensive deep learning-enhanced framework for accessibility compliance automation 
in web-based insurance platforms. The system demonstrates superior performance compared to existing commercial 
solutions, achieving 89.3% violation detection accuracy and 94.1% compliance rates. The integration of computer 
vision, natural language processing, and assistive technology simulation provides unprecedented coverage of 
accessibility requirements in complex insurance workflows. 

The framework addresses critical gaps in current accessibility testing approaches while providing practical benefits 
including reduced manual testing effort, improved compliance outcomes, and enhanced user experience for individuals 
with disabilities. The modular architecture and comprehensive API support enable seamless integration with existing 
development workflows and CI/CD pipelines. 

Future research will focus on expanding the framework's capabilities to include real-time accessibility monitoring, 
predictive violation analysis, and adaptive remediation strategies. The continued development of specialized deep 
learning models for accessibility applications promises further improvements in automated compliance verification and 
user experience optimization. 
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