Research 5 Chapters - 2

AI-DRIVEN COMPENSATION TRANSPARENCY AND HUMAN CAPITAL ACCOUNTING DISCLOSURE: A Framework for Manufacturing Organizations in Emerging Economies
Author: Dr. Thanakit Ouanhlee
California Intercontinental University, Irvine, USA., Thipsamai Research Institute, Bangkok, Thailand
Email: eric.ouanhlee@gmail.com; thanakit@thipsamairesearch.org 
………………………………………………………………………………………………….
ABSTRACT
Purpose: This study investigated the relationship between AI integration in compensation systems and the quality of human capital accounting disclosure (HCAD) among manufacturing organizations in Thailand's Eastern Economic Corridor (EEC), and developed and validated an integrated framework that links AI-driven compensation analytics to human capital disclosure practices.
Design/Methodology/Approach: A sequential explanatory mixed-methods design was employed, combining quantitative survey data from 400 manufacturing organizations in Chonburi, Rayong, and Chachoengsao with qualitative interview evidence. Structural equation modelling, correlation analysis, and moderation testing were conducted using SPSS version 28.
Findings: AI integration in compensation systems demonstrated moderate-high levels (M = 4.73) while human capital disclosure quality remained persistently low (M = 2.98), producing a data-to-disclosure gap of 1.75 points. The direct relationship between AI integration and HCAD quality was not supported (H1: r = −0.075, p = .132), nor was mediation by integration protocols (H2). Pay transparency was confirmed as a significant positive moderator (H3: z = 2.25, p = .024), demonstrating that organizational transparency culture — rather than technological capability alone — governs disclosure outcomes. A tiered AI–Human Capital Accounting Disclosure (AI-HCAD) implementation framework was developed and validated across organizational segments. Barrier-enabler analysis revealed that technical constraints and weak external support structures sustain the gap between AI capability and disclosure practice.
Practical Implications: Manufacturing organizations must invest simultaneously in AI infrastructure and in an internal transparency culture to translate data capabilities into stakeholder-accessible disclosures. Policymakers and industry bodies should strengthen external enablers through regulatory guidance and technical assistance frameworks.
Originality/Value: This study provides the first empirically grounded framework that integrates AI-driven compensation systems with human capital accounting disclosure in emerging-economy manufacturing. By demonstrating that institutional readiness, not technological capacity, governs disclosure outcomes, the study advances theory across AI transparency, human capital accounting, and organizational disclosure behaviour.
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1.1 Background and Rationale
Organizations today operate in a complex environment shaped by three significant developments that are transforming how human capital is managed, valued, and reported. These developments have evolved along separate trajectories, resulting in fragmented practices and limited conceptual integration: the rapid integration of artificial intelligence (AI) into compensation and payroll systems, global expansion of pay-transparency legislation, and heightened expectations for human capital disclosure.
AI adoption in payroll and HR functions has dramatically transformed organizational workforce management through advanced technological capabilities. AI and machine learning are “fundamentally transforming payroll management” by addressing traditional challenges through intelligent systems, enabling automated payroll processing, compliance monitoring, anomaly detection, advanced workforce analytics, and predictive decision-making capabilities (Meenugu, 2025c). This transformation allows HR professionals to shift from routine administrative processing toward strategic workforce planning (Patel, 2025). Predictive analytics now enables strategic workforce planning and pay equity monitoring, representing a significant technological leap beyond traditional payroll systems (Arulappan, 2025).
Concurrent with these technological advances, pay transparency regulations are rapidly expanding across jurisdictions, driven by a growing commitment to addressing workplace compensation inequities. Both the United States and European Union are implementing comprehensive pay transparency measures (Avdul et al., 2023; Lahuerta et al., 2024). The European Union’s Pay Transparency Directive (Directive 2023/970), requiring full implementation by June 2026, establishes harmonized disclosure requirements across member states, aiming to strengthen the principle of equal pay through transparency and enforcement mechanisms (Križan, 2025). In the United States, states such as California, Colorado, Washington, and New York have enacted legislation requiring salary-range disclosure in job postings, reflecting a broader national movement toward pay openness (Cullen, 2023). These developments reflect a strategic approach to reducing compensation disparities, with researchers noting that pay transparency can help close pay gaps, reduce employee turnover, and elevate trust in organizations (Avdul et al., 2023).
Despite regulatory momentum, the SEC’s 2020 principles-based mandate for human capital reporting has produced inconsistent results, underscoring the challenges of capturing workforce value in financial reporting. Corporate disclosures have varied widely in length, tone, and numerical content, with language becoming increasingly generic over time (Demers et al., 2022). Although quantitative metrics increased following the regulation, these additions were primarily limited to diversity and turnover information (Bourveau et al., 2025). Similar patterns of disparity in the amount and emphasis of human capital attributes have been observed across companies (Pandit, 2023). Perhaps most critically, while disclosure length increased, informativeness remained limited, suggesting the regulatory approach has not yet achieved its intended transparency goals (Batish et al., 2021).
These challenges are particularly acute in emerging economy contexts. Manufacturing organizations in emerging economies, such as Thailand, face significant challenges in human capital reporting and transparency within global value chains. While technology adoption is widespread, persistent limitations exist in logistics automation and funding for advanced equipment (Voraseyanont & Amali, 2020). Business pressures alone do not enhance technological readiness without intermediary support, even when they successfully influence leadership and human resource development (Vong et al., 2025). These technological gaps compound reporting difficulties: human capital disclosure remains underdeveloped in emerging market firms, with few companies reporting comprehensive workforce metrics (Natsagdorj et al., 2025). Although eight sustainable HR practice categories have been identified that offer potential frameworks for improving transparency (Napathorn, 2025), the evidence collectively points to a critical need for standardized reporting mechanisms and regulatory support to address these systemic challenges.
Despite their interdependence, technological innovation, pay transparency regulation, and human capital disclosure have mainly evolved in isolation. Technology vendors emphasize automation and compliance; regulators focus on transparency and equity; accounting standard-setters prioritize investor information needs. This fragmentation carries significant consequences: technological and regulatory divergence in accounting information systems leads to inefficiencies in allocation, operations, and error detection (Vasarhelyi, 2012). The absence of an integrated framework not only perpetuates inconsistent reporting but also represents missed opportunities to leverage AI-generated data for enhanced transparency and disclosure. Addressing this gap requires cross-domain collaboration; developing “a comprehensive mapping of human capital components” could provide the foundation for such an integrated framework (Saba et al., 2024).
1.2 Statement of the Problem
This study addresses the lack of an integrated framework connecting AI-driven compensation systems with human capital accounting disclosure requirements. Four interrelated problems emerge within this gap.
1. A data-to-disclosure disconnect. AI payroll systems generate detailed workforce data—such as pay structures, compensation trends, compliance indicators, and anomaly detections—yet firms lack guidance on translating these analytics into standardized external disclosures. Current accounting standards do not specify how AI-enabled insights can be incorporated into financial reporting (Demers et al., 2022).
2. Fragmented and inconsistent compliance. Pay transparency regulations create significant compliance challenges due to substantial cross-jurisdictional variations and industry-specific complexities. The global scope of this challenge is considerable: 71% of OECD countries have enacted pay transparency policies, each with distinct requirements and enforcement mechanisms (Cullen, 2023). Within these diverse regulatory landscapes, transparency requirements differ dramatically between industries (Kirby, 2023), while multi-jurisdictional environments compound compliance difficulties for organizations operating across borders (Olajide et al., 2024). As observed in the broader regulatory compliance literature, the lack of regulatory harmonization leads to duplicated efforts and compliance challenges as well as inconsistencies in reporting across jurisdictions (Challapalli, 2023). This fragmentation ultimately undermines pay transparency’s core objectives, creating operational inefficiencies and exposing organizations to regulatory compliance risks.
3. Outdated theoretical frameworks. Traditional human resource accounting models are increasingly inadequate for capturing the potential of contemporary AI-enabled analytics and real-time workforce data. Predictive analytics has become crucial for understanding human capital investments, with businesses increasingly leveraging business intelligence to transform workforce management (Fitz‑enz, 2010). This shift extends beyond traditional metrics like headcount, as companies now use analytics to predict future talent needs and optimize workforce planning (Worth, 2011). Realizing these capabilities, however, requires a robust analytic infrastructure that enables improved workforce insight (Sumtotal Systems, 2009). Although these sources do not explicitly critique pre-AI models, they consistently highlight the transformative potential of new technological approaches to human resource accounting, suggesting that traditional frameworks have significant limitations that newer, data-driven methods are designed to address.
4. Contextual complexity in emerging economies. Manufacturing firms in emerging economies face significant challenges integrating AI compensation systems while meeting multinational transparency expectations, with institutional complexity and uneven digital capabilities creating substantial barriers. AI adoption in these contexts is hindered by infrastructural deficiencies and skill shortages, limiting the foundation for advanced compensation systems (Borines et al., 2024). Even among multinational firms that have progressed further, a substantial compliance gap persists: while 65% have implemented AI governance frameworks, only 30% fully comply with international standards (Nakajima, 2024). Cultural factors add further complexity, as compensation practices in emerging markets are often relation-based rather than market-based, complicating efforts to implement transparent AI-driven systems (Luo, 2013). Addressing these challenges requires HR to play a critical role in fostering employee trust by protecting privacy and ensuring the ethical use of AI algorithms (Nyberg et al., 2023).
1.3 Research Objectives
This research pursues five interrelated objectives designed to address the identified problems and contribute both theoretical understanding and practical guidance for organizations, regulators, and researchers.
The first objective is to examine the current state of AI integration in compensation systems among manufacturing organizations in emerging economies. This objective involves documenting the types of AI technologies deployed, the scope of their application across compensation functions, and the data outputs generated by these systems. Understanding the technological baseline is essential for assessing the feasibility of enhanced disclosure practices and identifying gaps between available capabilities and current utilization.
The second objective is to identify gaps between AI-generated compensation data and existing human capital disclosure requirements. This objective requires mapping the information produced by AI compensation systems against regulatory requirements, voluntary disclosure frameworks, and stakeholder information needs. The analysis will reveal where current systems generate potentially useful data that goes unreported, and where disclosure requirements exceed current data-generation capabilities.
The third objective is to develop an integrated framework that connects AI compensation analytics with human capital accounting disclosures. This framework will specify the components necessary for effective integration, including data generation protocols, validation processes, reporting formats, and governance mechanisms. The framework must be grounded in established theoretical perspectives while remaining practically implementable across organizations with varying technological sophistication.
The fourth objective is to propose standardized disclosure practices suitable for manufacturing contexts with varying levels of technological maturity. Recognizing that organizations differ in their AI adoption and analytical capabilities, the research will develop tiered recommendations that enable progressive improvement in disclosure quality as organizations advance their technological infrastructure.
The fifth objective is to validate the framework through empirical testing in Thailand's Eastern Economic Corridor manufacturing sector. This validation will assess the framework's applicability across different manufacturing subsectors, organization sizes, and ownership structures represented in the EEC, providing evidence of its practical utility and identifying refinements needed for broader application.
1.4 Research Questions
The study addresses four research questions:
RQ1: How do manufacturing organizations in emerging economies utilize AI-driven compensation systems, and what data outputs do these systems generate?
This question addresses the technological foundation on which enhanced disclosure must be built. It encompasses both the adoption patterns of AI compensation technologies and the specific types of workforce analytics these technologies produce.
RQ2: What gaps exist between AI-generated compensation data and current human capital disclosure practices?
This question examines the disconnect between data availability and reporting, seeking to understand why potentially valuable information remains undisclosed and what barriers prevent organizations from leveraging AI capabilities for enhanced transparency.
RQ3: What framework elements are needed to integrate AI compensation analytics with human capital accounting disclosure?
This question drives the theoretical contribution of the research, requiring synthesis of technological, regulatory, and accounting perspectives into a coherent integration model that addresses data quality, standardization, and governance requirements.
RQ4: How can standardized disclosure practices be adapted for organizations with varying technological maturity?
This question addresses practical implementation, recognizing that one-size-fits-all approaches are unlikely to succeed given the diversity of organizational capabilities and contexts within emerging economy manufacturing sectors.
1.5 Scope and Delimitations
This research focuses specifically on manufacturing organizations operating within Thailand's Eastern Economic Corridor, encompassing the provinces of Chonburi, Rayong, and Chachoengsao. The geographic focus provides a coherent regulatory and economic context while capturing diversity across manufacturing subsectors, including automotive, electronics, petrochemicals, and food processing. Organizations with fifty or more employees are included to ensure sufficient scale for meaningful AI implementation and disclosure requirements.
The research addresses compensation-related human capital disclosure rather than the full scope of human capital management. While human capital encompasses recruitment, training, development, engagement, and retention, the study concentrates on compensation transparency and its accounting implications. This focus aligns with regulatory momentum on pay transparency and enables deeper analysis within a defined domain.
Several delimitations bound the research scope. First, the study examines disclosure to external stakeholders through financial reporting mechanisms rather than internal management accounting applications. Second, the research addresses formal employment relationships and does not extend to gig workers or informal labor arrangements. Third, the framework development prioritizes voluntary disclosure enhancement within existing accounting standards rather than proposing fundamental changes to standard-setting processes.
1.6 Significance of the Study
This research holds significance for multiple stakeholder groups and contributes to both academic understanding and professional practice in ways that extend beyond the immediate research context.
From an academic research perspective, this study represents the first integrated approach to AI-powered compensation systems, compensation transparency requirements, and human capital accounting disclosures. By linking previously fragmented literature streams, this research may open new opportunities for theoretical development and empirical validation. The validated measurement tools for assessing AI integration levels and human capital disclosure quality could serve as methodological instruments for future research across various contexts.
For manufacturing organizations, this research provides practical guidance on leveraging AI capabilities to enhance information disclosure quality while addressing the complexities of regulatory compliance. A tiered implementation model that accommodates organizations with varying levels of digital readiness may facilitate continuous improvement rather than requiring immediate, comprehensive adoption. This framework, grounded in the EEC's manufacturing context, ensures it is relevant to organizations facing similar challenges in other emerging economies.
For regulatory bodies and standard-setters, this research may provide evidence of current organizational capabilities and practices that should inform policy development. Understanding what data AI systems can generate and the obstacles to disclosing it may help design more realistic and effective regulations. Research findings on varying levels of technological readiness may inform consideration of phased implementation or tiered compliance requirements.
For investors and other stakeholders, improved human capital disclosure resulting from the framework's implementation could enhance the decision-making information environment. Research consistently shows that turnover rates, workforce stability measures, and compensation structures correlate significantly with financial performance. Making such information more readily accessible through standardized disclosure guidelines could lead to more efficient resource allocation and stakeholder engagement.
1.7 Definition of Key Terms
AI-Driven Compensation Systems.
AI-driven compensation systems are advanced payroll technologies that leverage artificial intelligence to transform compensation management through intelligent automation and strategic insights. These systems utilize machine learning algorithms, natural language processing, and predictive analytics to automate complex compensation processes (Meenugu, 2025c). They extend beyond basic calculation to provide sophisticated capabilities, including automated and augmented compensation tasks and strategic decision support (Marler, 2024).
Human Capital Accounting Disclosure.
Human capital accounting disclosure is a comprehensive reporting practice that provides external stakeholders with detailed insights into an organization’s workforce through financial statements and annual reports. Disclosures include metrics on employee skills, training, development, workplace safety, and diversity. While such disclosure remains mainly voluntary, it provides valuable information about organizational human capital investments and potential value creation (Bourveau et al., 2025).
Pay Transparency.
Pay transparency is a multidimensional organizational practice involving the disclosure of compensation information across three key dimensions: pay-outcome transparency, pay-process transparency, and pay-communication transparency (Bamberger, 2021). This area is rapidly evolving, with governments and employees increasingly demanding greater compensation transparency, particularly among younger workforce generations (Avdul et al., 2023).
Manufacturing Organizations.
Manufacturing organizations are enterprises engaged in the physical or chemical transformation of materials into new products, specifically classified under the manufacturing division and registered under Thailand’s Factory Act. This definition aligns with the core concept of manufacturing as the physical transformation of goods (Waldman et al., 2025). Within the Thai context, manufacturing organizations typically operate for 10–15 years, are predominantly Thai-owned, and rely on financial institutions for funding (Sawangrat, 2024).
Emerging Economies.
Emerging economies are developing market economies characterized by rapid economic transformation, ongoing institutional reforms, and increasing global economic integration. These markets are defined as economies with low- to middle-income per capita, representing approximately 80% of the global population but only 20% of the world’s economies (Athukorala et al., 2007). Key features include economic liberalization, market-oriented policy transformations, and aspirations to increase global economic contributions (Marinov, 2017). Thailand exemplifies this classification, having achieved emerging-market status through prudent fiscal and monetary policies (Karim & Rahman, 2023). However, the country faces unique challenges characteristic of such dynamic economies, including technological disruption and changing labor-market conditions (Weerasombat et al., 2022).
Eastern Economic Corridor (EEC).
The Eastern Economic Corridor is Thailand’s strategically designed special economic zone spanning Chonburi, Rayong, and Chachoengsao provinces, designed to drive the country’s economic transformation. Announced in 2016, the initiative forms a central component of Thailand’s “Thailand 4.0” economic policy, targeting advanced manufacturing and innovation-driven industries (Lewlomphaisarl et al., 2023; Tontisirin & Anantsuksomsri, 2021). The EEC aims to help Thailand escape the “middle-income trap” by providing investment incentives and developing critical infrastructure (Thongsawang, 2024; Tontisirin & Anantsuksomsri, 2021). As a centrally driven development strategy, the project focuses on transforming the eastern seaboard into a high-productivity economic zone, with emphasis on sectors such as automation, robotics, and digital technologies (Kamnuansilpa et al., 2023).
2. REVIEW OF RELATED LITERATURE
2.1 Introduction
This section examines literature across three interconnected domains that form the theoretical foundation of the study: artificial intelligence integration in compensation and payroll systems, pay transparency legislation and organizational practices, and human capital accounting and disclosure frameworks. The review synthesizes theoretical perspectives, empirical findings, and practical developments to establish the current state of knowledge in each domain and to identify the gaps at their intersection that this study addresses. The section concludes by presenting the conceptual framework that guides the empirical investigation.
2.2 Artificial Intelligence Integration in Compensation Systems
[bookmark: _Hlk215725321]2.2.1 Evolution of AI in Payroll and Compensation Management
The evolution of payroll and compensation management represents a progressive technological transformation from manual calculations to intelligent, integrated systems. The 1970s–1980s marked the initial phase of computerization, when electronic processing replaced manual calculations, significantly reducing errors and processing time (Meenugu, 2025a). The 1990s saw the emergence of Enterprise Resource Planning (ERP) systems, which integrated payroll with broader HR and financial modules, enabling centralized data management (Pokala, 2025). This evolution reflects a systematic shift from transactional processing to more strategic, technology-driven workforce management approaches (Meenugu, 2025b).
Contemporary developments represent a fundamental shift from automation to intelligence. Modern AI-enabled payroll systems apply machine-learning techniques to identify patterns in historical workforce data, generate forecasts, and support compensation decision-making (Meenugu, 2025c). Advances in cloud computing and the digitization of big data have created substantial competitive opportunities in compensation management, as organizations invest in advanced analytics capabilities (Marler, 2024). These technologies now deliver strategic value by enabling predictive workforce planning, pay equity monitoring, and compensation benchmarking at scale (Arulappan, 2025).
AI is rapidly transforming compensation management, with significant adoption already underway and academic scholarship still emerging. AI integration in compensation management is transitioning from a differentiating capability to an operational requirement (Chowdhury, Budhwar, & Wood, 2024). However, the academic literature remains limited, with most studies focusing on technical capabilities rather than organizational implementation (Parasa, 2024). Key challenges include determining how to automate compensation tasks, improve fairness, explain AI-recommended changes, and strategically leverage AI solutions (Marler, 2024). While adoption is promising, the research suggests a need for more comprehensive studies examining practical implementation and human-capital implications.
2.2.2 Capabilities of Contemporary AI Compensation Systems
Contemporary AI-enabled compensation systems are revolutionizing payroll management through advanced machine learning algorithms that dramatically improve processing accuracy and efficiency. Intelligent systems capable of learning and optimization are transforming how organizations manage payroll processes (Meenugu, 2025c). Organizations leveraging these capabilities have experienced significant improvements in processing accuracy, with AI handling complex scenarios such as shift differentials and leave management (Sirangula, 2025). AI-driven solutions can reduce processing times by 47.2% and increase budgetary allocation accuracy by 31.4% (Devaraju, 2024). The research consistently highlights AI’s potential to execute complex payroll calculations with high precision, integrating multiple variables including overtime rules, incentive payments, and tax withholdings.
A second core capability domain concerns regulatory compliance. AI-driven compliance engines are transforming regulatory monitoring from a reactive to a proactive, intelligent workflow. AI systems can now leverage machine learning and natural language processing to automate regulatory monitoring with real-time data streams and semantic analysis (Essien et al., 2025). These capabilities extend across complex international financial ecosystems, where AI optimizes regulatory interpretation and enforcement (Eyinade et al., 2025). Practical applications demonstrate substantial results: one compliance framework reduced manual audit efforts by 74% and detected 98% of policy violations preemptively (Sardana et al., 2024). While these developments are promising, researchers caution about ongoing challenges in data integration, cybersecurity, and maintaining ethical AI governance.
Predictive analytics is transforming workforce management by enabling AI-powered forecasting of payroll expenditures, turnover, and compensation risks. Organizations are now leveraging integrated data ecosystems and machine learning algorithms to anticipate workforce needs and optimize human capital investments (Pathoori, 2025; Verma, 2025). The benefits are significant: predictive analytics enables organizations to improve workforce planning, enhance talent management, and make data-driven decisions (John & Hajam, 2024). Research consistently highlights the potential of predictive analytics to revolutionize HR management through more precise forecasting and strategic insights (Nwaimo et al., 2024).
AI-powered machine learning algorithms are increasingly effective at detecting financial fraud through continuous monitoring of transaction streams and anomaly identification. These systems can detect complex financial irregularities, including duplicate payments, unauthorized rate changes, and fictitious employee entries (Antwi et al., 2024; Veldurthi, 2025). By processing entire datasets, machine learning techniques identify subtle patterns that traditional methods might miss (Kantheti & Bvuma, 2024). These AI systems generate comprehensive audit trails, exception logs, and risk-scoring reports that enhance governance-related oversight. However, despite these sophisticated monitoring and risk management capabilities, such analytics rarely appear in external human-capital reporting, suggesting a significant gap between technological capability and public disclosure.
2.2.3 Data Outputs and Analytical Potential
AI-enabled compensation platforms possess advanced analytical capabilities that significantly exceed traditional payroll systems, yet organizations are not fully leveraging these technological insights for external reporting. Technological advances such as cloud computing and digitized big data create substantial competitive opportunities in compensation management (Marler, 2024). Over 80% of corporate value now comprises intangibles, with machine learning enabling more sophisticated analysis of human capabilities (Zhu et al., 2024). Despite these advances, a significant reporting gap persists: most human capital disclosures lack meaningful quantitative metrics, even with new SEC requirements in place (Batish et al., 2021). This disconnect extends to broader sustainability reporting, where quantitative measures are missing for 60–90% of social metrics per average measure across leading ESG rating providers, indicating a substantial gap between technological potential and actual reporting practices (Atz & Whelan, 2023).
Advanced AI compensation platforms are transforming workforce management by integrating multidimensional data analytics into comprehensive human-capital dashboards. These platforms leverage predictive analytics to provide real-time insights into labor costs, productivity, and workforce dynamics (Arulappan, 2025). Significant capabilities include automated compliance, performance trend identification, and support for strategic decision-making (Marler, 2024). However, critical challenges persist, particularly in standardizing these complex analytics into recognized financial reporting formats (Pasigai et al., 2025). Additional limitations include data integration complexity, ethical considerations, and the need for robust governance frameworks. While the potential to improve workforce reporting is immense, organizations must carefully address technical and regulatory challenges to fully leverage the transformative potential of AI-driven compensation platforms.
2.2.4 Implementation Challenges and Limitations
Artificial intelligence offers significant potential to streamline payroll operations, but complete automation remains challenging because it requires contextual human judgment in complex compensation scenarios. While AI can effectively automate standardized payroll activities, critical tasks still require human oversight (Marler, 2024). Machine learning algorithms handle routine processes effectively, yet challenges persist in areas requiring nuanced decision-making (Islam, 2024). Tasks involving atypical compliance scenarios, international tax treaty interpretation, and sensitive employee issues specifically require human expertise (Meenugu, 2025c). Beyond these functional limitations, organizations face implementation challenges, including data quality concerns, security considerations, and the need for explainable AI systems. The future of payroll management lies not in total automation, but in creating hybrid systems that combine AI efficiency with human strategic insight.
Data quality constraints significantly limit AI compensation capabilities, with successful implementation requiring robust, consistent data infrastructure and multi-year historical records. Data fragmentation is a root cause of low data quality, driving up AI modeling costs and restricting comprehensive implementation (Wings & Härkönen, 2023). Effective AI-driven HR systems demand consistent data-collection protocols and harmonized HR information systems (Nawaz et al., 2024). Organizations face structural barriers when they have fragmented HR information systems, inconsistent data-coding practices, or limited archival records (Wings & Härkönen, 2023). These limitations explain why advanced AI implementations are predominantly concentrated among larger enterprises with mature data environments (Tasleem et al., 2025).
AI-driven compensation systems present complex ethical and governance challenges that demand sophisticated, multifaceted regulatory approaches. Four critical challenges have been identified: automating compensation tasks, improving equity, explaining algorithmic recommendations, and strategically implementing AI solutions (Marler, 2024). Of particular concern is how algorithmic biases can emerge from flawed training data, necessitating robust data ethics frameworks (Bahangulu & Owusu-Berko, 2025). While AI offers significant opportunities in compensation management, it simultaneously introduces substantial risks of perpetuating systemic inequities. To mitigate potential discriminatory outcomes, organizations must implement comprehensive bias detection methods, ensure transparency, and develop explainable AI models (Sridhar, 2025).
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2.3.1 Global Regulatory Landscape
Transparency has emerged as a critical regulatory strategy across advanced economies to address persistent gender pay inequities and enhance organizational accountability. Pay transparency legislation has been introduced in many OECD countries to reduce pay information asymmetries (Lahuerta et al., 2024). Research demonstrates significant potential for these measures: a study of approximately 100,000 US academics found that pay transparency led to substantial increases in pay equity and equality (Obloj & Zenger, 2022). Core disclosure obligations typically include publishing salary ranges, providing employees access to pay-structure information, and submitting pay-data reports to regulators. While promising, these measures are not without challenges, as concerns persist about the disclosure of sensitive data and potential cost burdens, especially for smaller enterprises (Lahuerta, 2022).
The United States has developed pay transparency regulations primarily through state-level actions, creating a diverse and fragmented legal landscape with significant jurisdictional variations. By late 2025, approximately 16 states had enacted pay transparency statutes requiring salary-range disclosure, with Colorado pioneering comprehensive pay-range disclosure legislation in 2021. Major states, including California, New York, and Washington, followed with significant enactments in 2023, and Illinois and Minnesota added requirements effective January 2025. The regulatory frameworks differ substantially across states in critical dimensions, including employer coverage thresholds, definitions of job advertisements, required disclosure content, and enforcement mechanisms. Although this decentralized approach is part of a broader international trend toward pay transparency, the U.S. system remains distinctly fragmented, with states independently crafting their regulatory frameworks (Lahuerta et al., 2024). Separate from salary-range disclosure laws, state-level anti-pay-secrecy statutes that prohibit employers from restricting employees’ discussions of wages remain limited in their practical effectiveness, with nearly half of workers in states with such laws still encountering pay secrecy rules at work (Rosenfeld et al., 2023).
In contrast, the EU Pay Transparency Directive represents a comprehensive regulatory approach to addressing gender pay inequity through mandatory transparency mechanisms across member states. Requiring transposition into national law by June 2026, the Directive empowers workers with effective means to pressure employers while imposing additional reporting responsibilities on organizations (Lahuerta et al., 2024; Križan, 2025; Tsvetkov, 2025). For multinational enterprises, this creates a harmonized compliance structure that extends beyond fragmented national approaches. While implementation will require administrative and financial adjustments, particularly for large companies, the Directive represents a coordinated effort to address pay discrimination across the European Union systematically.
Thailand’s pay transparency framework remains limited, with only partial legal requirements that create both regulatory challenges and constraints on organizational flexibility. The current legal landscape mandates core compensation disclosures in employment contracts and workplace minimum wage displays, but stops short of comprehensive transparency. Notably, employers are not legally required to disclose salary ranges in job advertisements or to submit detailed pay data reports to regulators. This regulatory approach presents a mixed scenario: organizations benefit from reduced compliance burden while simultaneously facing less external pressure to develop transparent compensation practices (Zaini et al., 2018). The framework represents an incremental approach typical of emerging economies, where pay transparency evolves gradually through selective, limited mandates rather than comprehensive regulatory overhauls.
2.3.2 Organizational Responses to Transparency Requirements
Organizational responses to pay transparency mandates are complex and strategically diverse, reflecting significant variations in implementation approaches. Pay transparency is not a one-size-fits-all approach, but a strategic decision shaped by organizational context, culture, and objectives, with each transparency dimension carrying distinct implications (Bamberger, 2021). Implementation varies based on internal factors such as variable pay systems and external pressures from regulators and stakeholders (Arnold et al., 2023). Many organizations remain in the early stages of implementing pay transparency strategies, with current efforts focused on manager training and employee education (McMullen & Dahle, 2024). While pay transparency can yield benefits such as closing pay gaps and reducing turnover, it can also create confusion and adverse outcomes if poorly implemented (Avdul et al., 2023).
Pay transparency has nuanced, multidimensional effects on organizational compensation practices, with strong evidence of reducing gender pay disparities but mixed implications for broader workplace dynamics. Research in Denmark found a 7% reduction in the gender pay gap relative to the pre-legislation mean, achieved primarily by slowing male wage growth (Bennedsen et al., 2022). Similar effects have been observed in Canadian universities, where institutions most anticipating scrutiny respond more aggressively to improve gender pay equality (Lyons & Zhang, 2023). However, the consequences extend beyond pay equity. Pay transparency produces both beneficial outcomes, including enhanced performance and reduced pay discrepancies, and problematic effects such as increased envy and potential pay compression (Bamberger, 2021). While transparency can narrow wage gaps, it may also lead to more aggressive employer bargaining and, in turn, lower average wages (Cullen, 2023).
Younger generations, particularly Generation Z, are driving significant changes in pay transparency expectations and practices across organizations. Generational differences are becoming increasingly important in compensation management, as younger workforce cohorts challenge traditional approaches to salary discussions (Avdul et al., 2023). These employees are more comfortable discussing compensation and demand greater organizational disclosure (Stofberg et al., 2022). This shift creates new pressures for organizations to be more transparent in their compensation practices (Malik & Musah, 2024). In response, some organizations are strategically adapting their reward communication strategies to meet these emerging expectations (McMullen & Dahle, 2024).
2.3.3 Integration with Financial Reporting
The integration of pay-transparency compliance mechanisms with external financial reporting remains fragmented, creating inefficient disclosure systems. Most pay transparency regulations focus narrowly on human resources and recruitment processes, leading organizations to maintain separate reporting mechanisms. Significant challenges persist in integrating alternative reporting approaches, including inconsistent standards and limited technological infrastructure (Dasila, 2025). The complex, endogenous nature of governance mechanisms related to financial transparency further complicates integration efforts (Armstrong et al., 2016). Current reporting practices allow organizations to disclose salary ranges in job advertisements while providing minimal compensation information in financial statements, potentially confusing stakeholders and reducing overall reporting efficiency. This separation represents a critical gap in comprehensive corporate transparency.
Current human capital reporting systems lack a coordinated framework for leveraging compliance-oriented data infrastructure, thereby limiting the comprehensiveness of workforce reporting in financial statements. Research on SEC-mandated human capital disclosures reveals that such disclosures have been extremely limited relative to those of other asset classes, with reporting remaining highly variable across firms and lacking numerical intensity (Demers et al., 2022). Rather than merely complying with reporting requirements, organizations should focus on measuring for the sake of managing to derive strategic value from workforce data (Zyl, 2022). Research indicates that factors such as board size and diversity positively influence human capital disclosure, suggesting potential pathways for more integrated reporting approaches (Raimo et al., 2020). However, the current landscape remains fragmented, with no standardized framework for transforming compliance data into strategic human capital insights within financial reporting.
2.4 Human Capital Accounting and Disclosure Frameworks
2.4.1 Historical Development of Human Resource Accounting
Human Resource Accounting (HRA) emerged in the 1960s as a revolutionary approach challenging traditional accounting’s treatment of human resources as mere period expenses. The concept traces its origins to Rensis Likert, who first used the term “human assets” in the late 1950s, arguing that human resources should be viewed as investments generating future economic value (Gogoi & Marwadikumbhar, 2024). HRA’s initial objective was to improve corporate financial reporting by accounting for “human assets” and increase the representational validity of financial statements (Flamholtz & Wollman, 1978). Traditional accounting methods fail to capture the economic value of human resources, resulting in a significant discrepancy between book and market value (Mohiuddin & Banu, 2017). By capitalizing human resource investments, organizations can more accurately reflect the strategic importance of their workforce, transforming human capital from a cost center to a measurable economic asset.
HRA research has developed multiple methodological approaches to assess employee value, each with distinct perspectives and inherent challenges. Key valuation methods include historical cost, replacement cost, present value, and opportunity cost approaches (Abderraouf, 2020). While these models aim to quantify human capital, they face significant implementation challenges, including theoretical immaturity, limited understanding, integration issues with corporate culture, and weak enterprise talent concepts (Li, K., 2024). Among these approaches, replacement cost appears most valid as a surrogate measure for personnel valuation, though no single method provides a perfect solution (Carper & Posey, 1976). HRA remains a complex field that requires continued methodological refinement to capture the true economic value of human capital accurately.
Despite decades of development, HRA remains theoretical mainly due to significant implementation barriers across organizational contexts. Additional difficulties arise from valuation uncertainty and the lack of specific accounting standards (Islam et al., 2013). While human resources are critical organizational assets, there are no legal regulations governing comprehensive human resource accounting (Cherian & Farouq, 2013). Multiple independent studies consistently identify similar barriers, yet the research remains predominantly conceptual with limited empirical validation, suggesting a need for more comprehensive, practice-oriented investigations into HRA implementation.
2.4.2 Current State of Human Capital Disclosure
The SEC’s 2020 principles-based human capital disclosure rules have resulted in highly variable corporate reporting practices. In the first year of implementation, disclosures were “extremely heterogeneous” in length, numerical intensity, and tone (Demers et al., 2022). Significant disparities in disclosure attributes persist across companies, with a notable lack of quantitative details (Pandit, 2023). While quantitative metrics in 10-K filings increased from 40% to 73% post-regulation, these additions were primarily driven by diversity and turnover metrics (Bourveau et al., 2025). Most disclosures remain generic and lack meaningful quantitative information, compromising investor interpretability (Batish et al., 2021).
The SEC’s Investor Advisory Committee’s 2023 call for standardized human-capital disclosure is strongly supported by empirical evidence demonstrating the critical link between workforce metrics and corporate performance. Employee turnover is negatively associated with future financial performance, with more potent effects observed in small and young firms (Li et al., 2021). Substantial reporting gaps persist, with only 20% of social metrics being decision-useful and 60–90% of quantitative measures missing across rating providers (Atz & Whelan, 2023). These findings validate the Committee’s recommendation for mandatory, structured reporting of workforce composition and turnover metrics to provide investors with more reliable, consistent information about a company’s human capital.
2.4.3 International Developments and Frameworks
The ISO 30414 represents a pivotal milestone in standardizing global human capital reporting, offering a comprehensive voluntary framework across eleven critical domains. The standard has emerged as a crucial framework for measuring and disclosing human capital information, helping reduce information asymmetry between organizations and stakeholders (Choi et al., 2025). Its development reflects a broader shift towards integrating human capital disclosure with organizational transparency efforts (Luthia et al., 2025). The standard’s voluntary nature is key, allowing organizations flexibility while promoting consistency across reporting practices. Practical applications demonstrate how the framework can be utilized to assess human capital disclosure across different corporate contexts (Magau, 2024). The ISO 30414 thus represents a significant step towards creating a globally recognized approach to human capital reporting.
The European Union has developed a comprehensive regulatory framework for human capital disclosure, transforming sustainability reporting from a voluntary to a mandatory practice. This systematic approach to corporate transparency began with the Non-Financial Reporting Directive (NFRD), which initiated mandatory sustainability information disclosure (Hummel & Jobst, 2021). The Corporate Sustainability Reporting Directive (CSRD) further advanced these requirements, expanding the scope and depth of mandatory disclosures (Fornasari & Traversi, 2024). These directives require companies to report on critical human capital dimensions, including employee working conditions, diversity, and workplace practices (Vaio et al., 2020). The regulatory framework has significantly increased corporate accountability, with marked improvements in disclosure quality and depth across European companies. In an evolving landscape, the framework continues to develop and refine, indicating a sustained commitment to advancing corporate transparency standards.
Global policy organizations are increasingly recognizing human capital as a strategic asset, with frameworks emerging to quantify workforce investment, though significant adoption challenges persist. A strategic shift towards human capital disclosure is underway, progressing from traditional approaches to more comprehensive frameworks (Luthia et al., 2025). However, widespread implementation remains limited due to theoretical immaturity, integration issues, and cautious information disclosure practices (Kang, 2024). The complexity of these frameworks and limited regulatory endorsement continue to impede their comprehensive adoption across organizations.
2.5 Theoretical Foundations
[bookmark: _Hlk215731584]2.5.1 Institutional Theory
[bookmark: _Hlk215732120]Institutional theory provides a robust framework for understanding organizational technology adoption through three interconnected pressures that drive institutional isomorphism: coercive, mimetic, and normative. All three pressures significantly predict adoption intentions, though their relative influence varies by context (Teo et al., 2003). Mimetic forces are more critical under uncertainty, coercive forces become significant with government incentives, and normative forces continuously shape adoption decisions (Sherer et al., 2016). However, the strength and impact of these pressures differ across settings. In Brazilian firms, normative pressures were found to be the primary driver, contradicting some previous research (Santos et al., 2020). Temporal dynamics also matter: mimetic pressures remain significant over time, while coercive pressures tend to be short-term and normative pressures tend to be long-term in their effects (Jeyaraj & Zadeh, 2020). These nuanced findings underscore the complexity of institutional theory in explaining organizational behavior beyond mere efficiency considerations.
Institutional theory suggests that organizational technology adoption, including AI compensation systems, is primarily driven by legitimacy-seeking behavior rather than pure technical optimization. Positive relationships exist between normative and coercive pressures and digital transformation outcomes (López-Morales et al., 2022). Mimetic and normative mechanisms are particularly influential in driving organizational disclosure practices (Wukich et al., 2023). Organizations are embedded in institutional networks, with external expectations and peer behaviors playing crucial roles in technology adoption strategies.
Institutional forces significantly shape organizational disclosure choices by creating complex pressures that organizations interpret and respond to differently, despite facing seemingly comparable environmental conditions. Firms under similar institutional pressures can adopt heterogeneous management practices due to differences in organizational characteristics (Delmas & Toffel, 2010). National institutional environments create nuanced differences in sustainability disclosure levels, as demonstrated across six Southeast Asian countries (Tran & Beddewela, 2020). Institutional theory thus serves not as a deterministic framework but as a nuanced lens for understanding how organizations selectively interpret and respond to external pressures, leading to diverse disclosure strategies.
2.5.2 Stakeholder Theory
Stakeholder theory provides a nuanced framework for understanding organizational accountability by emphasizing the diverse information needs of multiple constituencies beyond traditional shareholder interests. This framework complements institutional theory by examining influences on sustainability reporting across different organizational levels (Herold, 2018). Stakeholders have high expectations for human capital disclosures, though corporate reporting practices often fall short of these expectations (Sahari et al., 2018). Human capital disclosure positively impacts organizational performance, indicating that responding to stakeholder information needs can create tangible benefits (Lin et al., 2012). The theory is particularly suitable for organizations in developing countries, as it offers a mechanism for managing diverse stakeholder pressures and expectations (Omran & Ramdhony, 2015).
Stakeholders have fundamentally different and potentially conflicting information needs regarding human capital, making comprehensive disclosure simultaneously critical and challenging. Human capital disclosure varies with market demand: firms in competitive environments disclose more information (Haslag et al., 2021). Marked differences exist between internally collected and externally disclosed human capital information, and organizations are concerned about the potential to compromise competitive advantage (Beattie & Smith, 2010). Different stakeholders also interpret disclosures differently: equity investors respond positively to human capital information, while bond markets react negatively to specific disclosure categories (Arif et al., 2022). These findings underscore a core challenge: developing disclosure approaches that satisfy diverse stakeholder needs without creating excessive reporting burdens remains an unresolved organizational communication issue.
Stakeholder salience theory provides a robust framework for understanding how organizations prioritize stakeholder groups in sustainability reporting and corporate social responsibility disclosures. The theory holds that stakeholders are prioritized according to three key attributes: power, legitimacy, and urgency (Mitchell et al., 1997). Employees, community, and media stakeholders most significantly influence sustainability disclosure decisions (Majdi et al., 2023). Stakeholder legitimacy primarily drives corporate social responsibility disclosure, with power and urgency playing indirect roles (Thijssens et al., 2015). In manufacturing contexts, stakeholder salience varies systematically, influenced by ownership structures, customer dependencies, and supply-chain dynamics. Such variation suggests that disclosure strategies are not uniform but dynamically shaped by complex stakeholder interactions.
2.5.3 Resource-Based View
Human capital can be a source of sustained competitive advantage when it meets specific strategic criteria of value, rarity, inimitability, and non-substitutability (Barney, 1991). Firm-specific investments in skills, knowledge, and organizational capabilities create unique human capital that generates this advantage (Wright et al., 1994). Human capital resources are only valuable when directly linked to performance behaviors specific to a firm’s strategy (Ployhart, 2021). Investments in firm-specific human capital significantly improve learning and performance, with time-compression diseconomies protecting these resources from easy imitation (Hatch & Dyer, 2004). The strength of human capital lies not just in its existence but in its strategic deployment and alignment with firm-specific performance outcomes.
The Resource-Based View (RBV) provides strong theoretical and empirical support for viewing human capital as a strategic asset that can generate competitive advantage through targeted HR practices. Strategic HR configurations can enhance organizational performance by creating firm-level employee-based resources (Collins, 2020). However, HR practices are not simple levers for competitive advantage, but complex mechanisms that shape employee mobility and organizational capabilities (Delery & Roumpi, 2017). While best practices can create value, their implementation and strategic fit are critical to realizing competitive benefits (Gerhart & Feng, 2021). This perspective underscores the importance of viewing human capital as a strategic investment that can drive productivity, innovation, and financial performance.
Organizations face a critical strategic challenge in balancing transparency with the protection of competitive advantage in human capital management. Firms must navigate complex pressures between stakeholder demands for transparency and the need to maintain strategic secrecy (Callery, 2020). The resource-based view suggests that detailed disclosures about workforce composition, compensation, and capability development could potentially expose proprietary strategic assets to competitors (Grant, 1991). Human resources can be a source of competitive advantage precisely because they are difficult to imitate, making disclosure decisions particularly consequential. Organizations must therefore develop nuanced disclosure strategies that provide meaningful insights while safeguarding sensitive information, carefully calibrating their transparency approach to protect unique human capital configurations while meeting stakeholder expectations.
[bookmark: _Hlk215732329]2.6 Research Gap Analysis
The literature confirms substantial fragmentation across AI-enabled compensation, regulatory, and accounting domains, with limited cross-disciplinary integration. There is “insufficient cross-fertilization, thus leading to a fragmented body of knowledge” across different disciplines studying AI in human resource management (Pan & Froese, 2023). Research on AI-based technologies remains “limited and fragmented,” particularly in understanding how different organizational domains interact (Budhwar et al., 2022). Four key challenges have been identified in using AI for compensation management, while calls for “strengthened regulatory frameworks and collaborative efforts” emphasize the need to bridge disciplinary silos (Marler, 2024; Alboré et al., 2025). More integrated, multidisciplinary approaches are critically needed to understand technological, regulatory, and accounting developments.
The first gap: A critical gap exists in linking AI-generated compensation analytics to human capital reporting requirements, underscoring the need for more comprehensive, integrative frameworks. Despite 78% of organizations adopting AI, only 1% achieve mature implementation, with substantial gaps across strategic alignment (80%), technology integration (70.75%), and human capital development (16.67%) (Sira, 2025). Integrated AI frameworks that incorporate data forecasting, automation, and organizational performance are essential for addressing these challenges (Lalitha et al., 2025). While these sources validate the existence of integration challenges, they do not directly address the specific linkage between compensation analytics and human capital reporting, suggesting an opportunity for future research to develop targeted frameworks that bridge these domains.
The second gap: Human capital disclosure research is disproportionately concentrated in developed markets, with significant underrepresentation of perspectives from emerging economies. A bibliometric analysis of related management research reveals that North American (30%) and European (43%) affiliations account for 73% of author appearances, while Asian affiliations represent only 7.9% (Jain, 2022). Research on voluntary disclosure in emerging countries remains limited (Zaini et al., 2018). This gap is particularly significant given the unique challenges in emerging markets, including substantial skills gaps in advanced manufacturing (Melguizo & Perea, 2016) and the need for context-specific human capital measurement frameworks (Mpofu & Sebele-Mpofu, 2023). This research concentration limits understanding of diverse organizational settings and constrains the generalizability of existing human capital disclosure models.
The third gap: Existing AI reporting frameworks presume high organizational data maturity without providing staged guidance for firms at earlier stages of adoption. A persistent disconnect exists between AI service providers’ capabilities and end-users’ actual needs (Dong et al., 2023). Successful AI adoption requires readiness across people, processes, data, and technology dimensions, not just technological capability (Uren & Edwards, 2023). These findings underscore the urgent need for differentiated, progressive disclosure models that can accommodate varying organizational AI maturity levels.
The fourth gap: A critical methodological gap exists in AI measurement, with existing studies suffering from inconsistent and unvalidated operationalizations that impede comparative research and knowledge accumulation. Researchers are “adapting, reusing, or developing measures in an ad hoc manner without systematic validation” (Tolsdorf et al., 2025). Traditional measurement methods suffer from “bias, subjectivity, and excessive focus on disclosure quantity over quality” (Mechta et al., 2025). Promising developments include the Artificial Intelligence Measurement of Disclosure (AIMD), a computerized technique for quantifying disclosure intensity (Grüning, 2011), and a validated AI literacy measurement instrument with five dimensions and 13 items (Pinski & Benlian, 2023). Developing rigorous, standardized measurement frameworks represents a crucial next step in AI research methodology.
[bookmark: _Hlk215733118]2.7 Conceptual Framework
[bookmark: _Hlk216849955]The AI-Human Capital Accounting Disclosure (AI-HCAD) Framework represents an innovative approach to integrating AI-generated compensation analytics with human capital disclosure requirements through a multi-theoretical lens. The framework’s strength lies in its comprehensive theoretical foundation, drawing simultaneously on institutional theory, stakeholder theory, and the resource-based view (Singh et al., 2025). By leveraging these complementary perspectives, the framework explains adoption drivers, information needs, and strategic considerations in AI-human capital integration (Chowdhury, Budhwar, & Wood, 2024). This approach aligns with emerging research trends in strategic AI adoption in human resource management (Sohani et al., 2025). The framework represents a forward-looking attempt to systematically address the complex challenges of AI integration in human capital analytics.
The Data Generation Layer of the AI-HCAD Framework represents a sophisticated technological infrastructure that leverages AI to transform human capital data into strategic insights. AI and digital tools are reshaping human capital management through advanced analytics (Pasigai et al., 2025), with AI-based models capable of predicting employee performance and workforce contributions (Sawant et al., 2025). The layer’s sophistication depends critically on organizational investments in HRIS infrastructure, data quality, and AI maturity. AI can significantly improve core HR functions, particularly in performance management, recruitment, and workforce optimization (Muridzi et al., 2024). Key outputs include payroll analytics, workforce cost projections, pay equity metrics, compliance monitoring, and fraud-detection signals—all of which contribute to more strategic and transparent human capital accounting.
The Integration Layer of the AI-HCAD Framework serves as a critical mechanism for transforming AI-generated data into structured human capital accounting information. The layer employs a comprehensive approach to data management, including rigorous validation procedures, standardization protocols, and quality-assurance processes (Zhu et al., 2024). These mechanisms ensure data completeness, accuracy, and comparability across reporting units (Anantharaman et al., 2023). The Integration Layer bridges operational analytics with external reporting requirements, addressing the growing need for transparent and reliable AI-driven financial information (Almaqtari, 2024). By establishing robust translation mechanisms, the layer enables organizations to convert complex AI-generated insights into meaningful human capital accounting constructs.
The Disclosure Layer of the AI-HCAD Framework provides a comprehensive approach to standardizing human capital reporting across multiple channels and regulatory requirements. This layer specifies reporting formats aligned with regulatory mandates, stakeholder expectations, and voluntary best-practice frameworks, integrating mandatory requirements with recognized standards to develop comprehensive reporting templates (Choi et al., 2025; Magau, 2024). Reporting encompasses financial statements, annual reports, sustainability reports, and targeted stakeholder communications, ensuring a holistic view of human capital. However, without detailed guidance, current disclosures vary significantly across organizations, indicating ongoing challenges in standardization.
The Governance Layer of the AI-HCAD Framework represents a comprehensive approach to establishing robust oversight structures for AI-related disclosures. Ethical oversight in AI decision-making is critical (Ganesh, 2025), and recommended governance practices include audit trails, bias testing, and the development of a safety culture (Shneiderman, 2020). A multi-layered governance framework that connects regulatory principles to practical implementation further supports this approach (Agarwal & Nene, 2025). Key governance elements include transparent audit mechanisms, ethical guidelines for AI-driven decisions, data privacy protections, and continuous improvement processes. While these sources provide strong theoretical support, more empirical research would strengthen the practical implementation of such a comprehensive governance framework.
Together, these four layers form a comprehensive framework for integrating AI compensation analytics into human capital disclosure. Institutional theory explains the coercive, mimetic, and normative pressures that drive adoption; stakeholder theory identifies the varying information needs the framework must address; and the resource-based view clarifies why strategic considerations may both motivate and constrain disclosure. The empirical research evaluates the applicability of this framework within emerging-economy manufacturing environments.
[bookmark: _Hlk215733450]2.8 Hypotheses Development
Building on the conceptual framework and theoretical foundations, the hypotheses for this study are grounded in institutional theory, stakeholder theory, and the resource-based view, as well as emerging research on AI-enabled compensation systems and human capital disclosure. Advanced HR analytics and AI systems enhance data availability, standardization, and reporting capabilities across organizations (Menon et al., 2024; Selvamohana, 2025). These technologies enable more sophisticated, personalized HR practices, providing actionable insights that extend beyond traditional reporting (Huang et al., 2023). Organizations are increasingly leveraging integrated data ecosystems and machine learning algorithms to optimize workforce insights (Pathoori, 2025), with 60% of surveyed companies planning investments in predictive analytics (DiClaudio, 2019). These foundations inform the development of the following hypotheses.
Figure 1: Hypothesized Structural Model
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Hypothesis 1: AI Integration → Disclosure Quality
H1: Higher levels of AI integration in compensation systems are positively associated with human capital disclosure quality.
AI integration into compensation processes enhances workforce data quality and reporting accuracy through advanced analytics and automation capabilities. AI adoption in organizational processes leads to greater financial reporting quality, reflected in lower discretionary accruals and more accurate predictions (Anantharaman et al., 2023). Within compensation management specifically, AI enhances efficiency, accuracy, and strategic decision-making by automating complex calculations and identifying patterns in workforce data (Parasa, 2024). AI can also transform pay information practices by supporting advanced methodologies and reducing information-sharing barriers (Nyberg et al., 2023). The underlying mechanism is that AI-driven tools generate more precise, timely, and reliable workforce data, which in turn provides organizations with higher-quality inputs for human capital disclosure. Organizations with more sophisticated AI compensation systems are therefore better positioned to produce comprehensive, accurate, and decision-useful disclosures.
Hypothesis 2: Integration Protocols → Disclosure Quality
H2: Organizations with formal integration protocols between AI compensation systems and disclosure processes demonstrate higher human capital disclosure quality than those without such protocols.
Formal AI integration protocols can significantly enhance the quality of human capital disclosures by providing structured data validation and standardization processes. AI adoption enhances the quality of sustainability reporting, particularly when accompanied by specialized governance structures such as sustainability committees, suggesting that organizational mechanisms that mediate between technology and reporting are critical (Naveed et al., 2025). Machine learning systems can algorithmically generate lexicons for human capital concepts, linking reporting to measurable business outcomes across talent, leadership, and organizational dimensions—but such systems require structured protocols to translate analytical outputs into disclosure formats (Zhu et al., 2024). AI technologies improve financial reporting quality by automating data capture and extracting complex data, leading to lower discretionary accruals and more accurate predictions (Anantharaman et al., 2023). The underlying rationale is that AI capability alone is insufficient without structured processes connecting data generation to reporting outputs. Formal integration protocols provide the validation, standardization, and governance mechanisms necessary to transform raw AI-generated data into decision-useful human capital disclosures.
Hypothesis 3: Moderating Role of Pay Transparency Compliance
H3: Pay transparency compliance positively moderates the relationship between AI integration and human capital disclosure quality.
Pay transparency compliance strengthens the relationship between AI integration and human capital disclosure quality by creating regulatory incentives that encourage translation of AI-generated data into external disclosures. Regulatory requirements increase quantitative human capital reporting following regulatory amendments (Bourveau et al., 2025). AI adoption enhances reporting quality, with this effect amplified when organizations face regulatory compliance pressures (Naveed et al., 2025). Firm governance factors significantly influence human capital disclosure practices (Raimo et al., 2020). The moderation mechanism operates through compliance requirements that establish data collection systems and reporting structures, creating pathways for AI-generated compensation data to flow into external disclosures. Without such compliance pressures, organizations may generate sophisticated AI analytics but lack the motivation to translate these insights into public reporting.
Hypothesis 4: Moderating Role of Organizational Size
H4: Organizational size positively moderates the relationship between AI integration and the quality of human capital disclosure.
Organizational size strengthens the relationship between AI integration and human capital disclosure quality through greater resource availability and institutional capacity. Firm size positively impacts human capital disclosure levels, as larger organizations face greater stakeholder scrutiny and have more resources for comprehensive reporting (Raimo et al., 2020). Medium and large firms demonstrate stronger relationships with AI adoption than small firms, indicating that size moderates technology implementation (Badghish & Soomro, 2024). Organizational size effects on technology adoption vary by innovation type and adoption stage, suggesting larger organizations benefit more from advanced AI capabilities due to established infrastructure (Lee & Xia, 2006). The moderation mechanism operates through larger organizations that possess greater financial resources, specialized personnel, and sophisticated information systems, enabling the effective translation of AI-generated data into high-quality disclosures.
3. RESEARCH METHODOLOGY
[bookmark: _Hlk215740133]3.1 Introduction
This section presents the research methodology employed to investigate AI-driven compensation transparency and human capital accounting disclosure in manufacturing organizations within Thailand's Eastern Economic Corridor. A sequential explanatory mixed-methods design was adopted, combining quantitative survey research with qualitative interview investigation to address the research questions and test the hypotheses developed in the preceding section. The section details the research philosophy and design, population and sampling procedures, instrumentation, data collection methods, analytical techniques, and ethical protocols.
3.2 Research Philosophy and Approach
[bookmark: _Hlk215740670]This research adopts a pragmatist philosophical position, prioritizing the complexity of the research problem over rigid methodological allegiance and advocating methodological choices that best address the specific research question. Holden and Lynch (2004) reinforce this perspective, contending that methodology should not be predetermined but should emerge from the research phenomenon itself. This approach allows researchers to match “philosophy, methodology, and the research problem” flexibly and effectively. This study’s research questions require both measuring relationships between constructs—an orientation aligned with positivist assumptions—and exploring contextual factors, implementation processes, and interpretive meanings—aligned with interpretivist traditions. Pragmatism provides an appropriate philosophical foundation for integrating these complementary perspectives within a mixed-methods design.
The research employs an abductive reasoning approach, moving iteratively between theory and data. The conceptual framework developed from the literature review provides an initial theoretical structure, but it remains provisional pending empirical investigation. Findings from quantitative analysis inform qualitative inquiry, and qualitative insights contribute to the refinement of the framework in an iterative process. This abductive approach is appropriate for research seeking to develop new frameworks in areas where existing theory provides guidance but does not definitively predict relationships.
3.3 Research Design
The sequential explanatory mixed-methods design is a robust research approach that systematically integrates quantitative and qualitative research phases to provide comprehensive insights into complex research questions. This design involves collecting and analyzing quantitative data first, followed by qualitative data in consecutive phases (Ivankova et al., 2006). Integration can occur at three levels: study design, methods, and interpretation/reporting (Fetters et al., 2013). The design’s strength lies in its ability first to test statistical relationships quantitatively and then use qualitative data to explore underlying mechanisms. This approach has been effectively applied across diverse research contexts, including studies examining adolescents’ judgments about belief-related scientific arguments through surveys followed by interviews (McCrudden & McTigue, 2018), and investigations of supply chain collaboration where quantitative findings were complemented by qualitative insights (Acquah et al., 2021).
A cross-sectional research design is pragmatic and valuable for establishing baseline conditions in exploratory research, particularly when longitudinal tracking is impractical. Cross-sectional research is relatively quick and affordable, enabling timely findings (Ray, 2020). While it cannot establish within-individual changes over time, it provides a snapshot of conditions at a specific moment. Such designs can be credible when researchers transparently report methodology and use appropriate sampling techniques (Maier et al., 2023). Cross-sectional designs are often chosen when spatial variation is more significant than temporal change and when resource constraints limit long-term tracking (Markovitz et al., 2012). The method is particularly useful for exploratory research, establishing foundational insights that subsequent longitudinal studies can build upon.
The sequential design aligns with the study’s research questions. Research Questions 1 and 2, which explore current AI utilization and gaps between AI-generated data and disclosure practices, are addressed primarily through quantitative survey data, supplemented by qualitative inquiry for deeper contextual understanding. Research Questions 3 and 4, which focus on identifying integration framework components and adapting disclosure practices across technological maturity levels, rely more heavily on qualitative insights while remaining informed by quantitative patterns. This alignment ensures that each methodological phase contributes appropriately to addressing the study’s overarching objectives.
Figure 2: Sequential Explanatory Mixed-Methods Research Design
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3.4 Population and Sampling
3.4.1 Target Population
The target population comprises manufacturing organizations operating within Thailand’s Eastern Economic Corridor (EEC), as defined geographically in Chapter 1, with 50 or more employees. The region spans approximately 13,285 square kilometers across the three provinces of Chachoengsao, Chonburi, and Rayong. It contributes significantly to national economic output, with manufacturing, logistics, and technology-intensive sectors central to regional GDP (EEC, 2025). Major subsectors include automotive, electronics, petrochemicals, food processing, and advanced manufacturing—industries aligned with national priorities for digital transformation and high-value production. The fifty-employee threshold serves as a practical benchmark for assessing AI integration readiness, as organizations below this size typically lack the organizational complexity, dedicated HR technology infrastructure, and reporting obligations necessary for meaningful AI-driven compensation and disclosure systems. This threshold is consistent with common regulatory and research definitions of medium-to-large enterprises in both the Thai and international context. Based on Thailand’s registration data from the Department of Factory and Industrial Estate Authorities, approximately 1,200 manufacturing organizations in Thailand’s EEC meet these criteria (EEC, 2025).
3.4.2 Quantitative Sampling
The quantitative phase utilizes stratified random sampling to ensure the sample accurately reflects the diversity of manufacturing organizations in the EEC. Stratification is based on two key organizational characteristics: industry subsector and organizational size. Major subsectors include automotive and parts, electronics and electrical equipment, petrochemicals and chemicals, food and beverage processing, and other manufacturing activities. Organizational size is categorized into three ranges (50 to 199 employees, 200 to 499 employees, and 500 or more employees) reflecting meaningful differences in technological readiness, reporting capacity, and human resource system maturity. Stratified sampling enhances representativeness and reduces sampling bias by ensuring proportional inclusion of firms across relevant strata (Dickson et al., 2019; Diaz-Quijano, 2018). Sample allocation strategies can optimize both overall representativeness and stratum-specific precision, though computational challenges may arise with highly stratified populations.
Structural Equation Modeling (SEM) sample size determination is complex, with simulation studies demonstrating that minimum sample sizes range widely from 30 to 460 cases depending on model characteristics, including the number of factors, indicators per factor, magnitude of factor loadings, and extent of missing data (Wolf et al., 2013). While earlier rules-of-thumb suggested a minimum of 200 cases or at least 10 observations per estimated parameter, these heuristics have been shown to be problematic because they are not model-specific and may lead to over- or underestimated requirements (Wolf et al., 2013). Sample size affects precision and replicability, with larger samples generally providing more reliable results (Kyriazos, 2018). Critically, a meta-study of SEM research published in leading journals found that 80% of articles drew conclusions from insufficient sample sizes, with actual samples averaging only 50% of the minimum required (Westland, 2010). Sample sizes vary significantly depending on model characteristics, cautioning against rigid rules (Molwus et al., 2013). Considering the anticipated complexity of this study’s measurement and structural models, a target sample of 400 organizations is established. This sample size provides adequate power to detect medium effect sizes, supports multigroup or moderation analyses if required, and yields a 95% confidence level with an estimated margin of error of 4-5%.
3.4.3 Qualitative Sampling
Purposive sampling is a robust qualitative research method employed to select participants with specialized knowledge and experience. This strategy ensures high-quality, expert-driven data by prioritizing depth of knowledge over statistical representativeness (Kumandang et al., 2022; Premnath & Chully, 2020; Ruslaini et al., 2022). The sampling framework includes four stakeholder groups: human resource managers responsible for compensation and payroll administration; finance and accounting managers involved in external financial reporting; IT and HRIS specialists who manage compensation technologies; and external auditors or consultants with experience in digital HR transformation or workforce reporting. This distribution ensures multiple functional perspectives are represented, strengthening the depth and breadth of qualitative findings.
Within each stakeholder category, maximum variation sampling captures diversity in organizational context, including subsector differences, organizational size, and ownership structures. This approach enhances robustness by ensuring data reflect a range of real-world conditions across the EEC manufacturing landscape (Creswell & Creswell, 2022). The qualitative sample includes approximately 25 to 30 participants, consistent with methodological recommendations for achieving data saturation in semi-structured interview studies. Selection criteria require participants to have at least three years of professional experience in relevant roles, direct involvement in compensation system administration or human capital reporting, and willingness to participate in in-depth interviews. Potential participants are identified during the quantitative survey phase, enabling the purposeful selection of individuals from organizations with varying levels of AI adoption and disclosure maturity.
[bookmark: _Hlk215741608]3.5 Instrumentation
3.5.1 Quantitative Instrument Development
The quantitative instrument is a structured questionnaire designed to operationalize the constructs identified in the conceptual framework. Because no existing validated instruments directly measure AI integration in compensation systems or human capital disclosure quality, new scales were developed following established procedures for instrument development (MacKenzie et al., 2011). The methodology involved systematic item generation drawing from literature and expert consultations, followed by expert review and iterative refinement (Ricci et al., 2018). Content validity was ensured through expert evaluation and pilot testing with the target population (Pinski & Benlian, 2023).
The final questionnaire comprises six sections. Section A collects organizational profile information, including industry subsector, workforce size, ownership structure, years of operation, and export intensity. These variables support sample description and may serve as covariates or moderators in quantitative analyses. Section B assesses AI integration in compensation systems through items measuring the adoption of AI functionalities, the breadth of application across compensation processes, the level of analytical sophistication, and integration with HRIS and financial systems.
Section C captures organizational pay transparency practices, including salary-range disclosure in job postings, internal communication of compensation structures, pay equity analytics, and regulatory wage reporting. Section D measures human capital disclosure quality using dimensions drawn from the broader disclosure quality and information quality literatures, including completeness, accuracy, timeliness, comparability, and accessibility. These dimensions reflect established qualitative characteristics of useful financial and non-financial information as articulated in international reporting frameworks. Section E examines integration mechanisms linking AI compensation systems to disclosure processes, including data validation procedures, standardized reporting protocols, and quality assurance routines. Section F addresses perceived barriers and enablers of integration, including items related to data infrastructure, organizational capabilities, and regulatory expectations.
All attitudinal items use a seven-point Likert scale ranging from “strongly disagree” (1) to “strongly agree” (7). Seven-point scales offer a broader range of response options, enhancing measurement variance and sensitivity while remaining cognitively manageable for respondents (Lindner & Lindner, 2024). The instrument was developed in English and translated into Thai using back-translation procedures to ensure linguistic equivalence and conceptual consistency (Brislin, 1970).
3.5.2 Qualitative Instrument Development
The qualitative instrument consists of a semi-structured interview protocol designed to capture context-rich insights into the mechanisms, challenges, and organizational processes associated with AI compensation systems and human capital disclosure. Semi-structured interviews balance theoretical alignment with flexibility to explore emergent themes (Kallio et al., 2016). The protocol comprises four thematic domains aligned with the proposed AI-HCAD framework: data generation, integration, disclosure, and governance.
Interview questions are open-ended prompts accompanied by optional probes. For example, the data generation section includes: “Describe the AI-based tools or systems your organization uses for compensation management,” followed by probes on data types, system functionalities, perceived limitations, and implementation experiences. The integration section asks participants to discuss processes linking compensation systems to disclosure workflows. The disclosure section explores current reporting practices, challenges, and stakeholder expectations. The governance section examines oversight mechanisms, data quality management, and ethical considerations related to AI-based decision-making.
The interview protocol follows recommended qualitative instrument development practices, including iterative refinement and pilot testing (Castillo-Montoya, 2016). A pre-interview script explains the research purpose, confidentiality protections, voluntary participation, and the option to withdraw at any time, consistent with best practices for ethical qualitative inquiry (Tracy, 2025). Interviews are planned to last 45–60 minutes, a duration consistent with standard practice for semi-structured interviews in organizational research. Pilot interviews were conducted with individuals who met participant criteria but were excluded from the final sample; feedback-informed adjustments to question phrasing, sequencing, and probing strategy.
[bookmark: _Hlk216966048]3.6 Data Collection Procedures
3.6.1 Quantitative Data Collection
[bookmark: _Hlk215745025]Quantitative data were collected through multiple distribution channels to maximize participation and reduce coverage bias. The primary mode was an electronic survey administered via a secure online platform, consistent with widely adopted practices for organizational research (Dillman et al., 2021). Initial contact with sampled organizations was made via email invitations sent to HR directors or equivalent senior personnel responsible for compensation or HR information systems. Organizational contact information was compiled from industrial estate directories, industry association membership lists, and the Department of Industrial Works’ public registration database.
The invitation email provided an overview of the study’s purpose, institutional affiliation, confidentiality assurances, and estimated completion time of 15–20 minutes. Two reminder emails were sent at two-week intervals to non-respondents following standard survey administration protocols (Dillman et al., 2021). For organizations remaining unresponsive after email follow-ups, telephone calls confirmed receipt of the invitation and offered alternative participation modes, including paper-based questionnaires or structured telephone administration. Endorsements from relevant industry associations increased the study’s perceived legitimacy and motivated participation (Baruch & Holtom, 2008).
To enhance engagement, participating organizations were offered a benchmarking report summarizing aggregated findings. The data collection period spanned four months, allowing adequate time for follow-up communication and accommodating varying organizational schedules. Non-response bias was assessed by comparing respondents and non-respondents on available characteristics such as geographic location, subsector, and organizational size. Early and late respondents were also compared, with late respondents serving as a proxy for non-respondents to identify possible systematic bias (Armstrong & Overton, 1977).
3.6.2 Qualitative Data Collection
Qualitative data collection commenced after completion of quantitative analysis, enabling purposive selection of interview participants based on survey-identified characteristics such as level of AI integration, extent of disclosure practices, and organizational size. This sequential explanatory approach is consistent with mixed-methods best practices, in which qualitative findings elaborate or explain quantitative results (Creswell & Creswell, 2022). Personalized invitations were sent to potential interviewees, highlighting the relevance of their survey responses and addressing confidentiality, voluntary participation, and expected time commitment.
Interviews were conducted in person at participant workplaces whenever feasible, as on-site interviews provide richer contextual understanding and support rapport building (Yin, 2018). When logistical constraints arose, video conferencing platforms served as an alternative, a mode shown to produce comparable qualitative depth when implemented appropriately (Archibald et al., 2019). All interviews were audio-recorded with participant consent, and verbatim transcripts were prepared for analysis. Field notes captured non-verbal cues, contextual observations, and reflections relevant to interpretation (Tracy, 2025).
Interviews were conducted in Thai or English, depending on the participant’s preference. Thai-language interviews were transcribed in Thai, with relevant excerpts translated into English for reporting and analysis. Back-translation and independent review of key translated passages ensured accuracy and preserved meaning (Esposito, 2001). Interviews typically lasted 45 to 60 minutes, balancing depth of discussion with respect for participants’ schedules.
3.7 Data Analysis
3.7.1 Quantitative Analysis
Quantitative analysis is conducted through structured stages consistent with best practices in multivariate research. The initial stage involves data preparation, including assessing missing data patterns, identifying outliers, and evaluating normality. Missing data mechanisms are examined, and decisions regarding imputation or case removal are guided by established guidelines (Tabachnick & Fidell, 2021). Descriptive statistics are generated to characterize the sample and assess distributional properties. Sample characteristics are compared to known population parameters to evaluate representativeness and potential sampling bias.
Exploratory factor analysis (EFA) identifies the underlying factor structure of newly developed scales. Principal axis factoring is used because it does not assume normality and is appropriate for uncovering latent constructs (Fabrigar et al., 1999). Promax oblique rotation is employed for analyzing correlated constructs, achieving superior sampling adequacy and explaining greater cumulative variance compared to orthogonal methods (Ahmed & Maruod, 2025). Item removal strategies can systematically improve factor analysis outcomes, emphasizing the importance of both empirical performance and theoretical justification (Güvendir & Özkan, 2022). Reliability analysis accompanies EFA to assess internal consistency.
After establishing measurement model adequacy, structural model testing examines hypothesized relationships among constructs. Standardized path coefficients indicate the strength and direction of effects, with statistical significance evaluated at p < .05. Effect sizes are interpreted according to conventional guidelines (Cohen, 2013). Moderation hypotheses are tested using either multi-group SEM or latent interaction modeling, depending on data characteristics and methodological recommendations (Stein et al., 2017).
3.7.2 Qualitative Analysis
Qualitative analysis follows the six-phase thematic analysis method, a widely adopted approach in organizational and social research (Braun & Clarke, 2021). The process begins with data familiarization through repeated reading of interview transcripts. Initial codes are generated systematically across the dataset, capturing meaningful units of information. Codes are organized into potential themes, reviewed for coherence, and refined through iterative comparison with original data. Themes are defined and named to ensure conceptual clarity, and a final analytic narrative is constructed with illustrative excerpts from interviews.
NVivo software facilitates data management and analysis, enabling systematic coding, efficient retrieval of coded data segments, and thematic visualization. Analytic memoing supports methodological decision-making, enhancing transparency and rigor throughout the analytical process (Saldaña, 2025). Matrix coding queries examine differences across participant categories, including HR managers, finance personnel, IT professionals, and external auditors.
The thematic analysis combines deductive and inductive approaches. Deductive codes derive from the conceptual framework (data generation, integration, disclosure, and governance), providing structure and alignment with research objectives. Inductive coding remains open to emergent themes reflecting participant experiences not anticipated in the framework (Fereday & Muir-Cochrane, 2006). This combination ensures theoretical grounding while allowing discovery of new insights.
3.7.3 Integration of Findings
Integration of quantitative and qualitative findings occurs during the interpretation stage, consistent with a sequential explanatory mixed-methods design (Creswell & Creswell, 2022). Qualitative findings contextualize, clarify, and deepen understanding of quantitative results. Qualitative narratives may explain unexpected statistical relationships, illuminate mechanisms underlying observed effects, or identify contextual conditions influencing AI integration or disclosure practices.
Three types of integrated outcomes are examined: confirmation, in which qualitative findings converge with and corroborate quantitative patterns; expansion, in which qualitative insights extend quantitative findings into new dimensions or mechanisms; and discordance, in which divergent findings prompt deeper examination of contextual or methodological explanations (Fetters et al., 2013). The integration process systematically considers all dimensions of qualitative–quantitative linkage, from data collection through interpretation and reporting (Fetters & Molina-Azorin, 2017).
Integration informs refinement of the AI–Human Capital Accounting Disclosure (AI-HCAD) framework. Elements supported by both quantitative and qualitative evidence are retained and specified more precisely. Components challenged or expanded by empirical findings are modified to incorporate newly identified contingencies or mechanisms. The final framework reflects a synthesis of theoretical constructs and empirical insights, consistent with abductive model-building approaches (Schweber & Chow, 2023).
3.8 Validity and Reliability
Multiple procedures rigorously address validity and reliability in quantitative research through systematic expert review and statistical analysis. Content validity is established through expert panel review, using techniques such as Lawshe’s content validity ratio to quantify expert agreement (Ansari & Khan, 2023). Construct validity is assessed through confirmatory factor analysis, evaluating how theoretical concepts translate into measurable variables (Indu et al., 2025). Criterion validity is examined by correlating measures with external indicators using statistical methods such as Pearson’s correlation coefficient (Heale & Twycross, 2015). However, validity is often underreported due to small sample sizes, poor design, or resource limitations (DeVon et al., 2007). Systematic psychometric testing remains crucial for ensuring the credibility of research instruments.
Quantitative reliability can be comprehensively assessed through multiple complementary methods, each with distinct strengths and considerations. Cronbach’s alpha is widely used for internal consistency, with a generally accepted threshold of 0.70 (Tavakol & Dennick, 2011). Test-retest reliability provides another crucial assessment; research using intraclass correlation to evaluate scale reliability across a median 22-day interval showed most psychosocial scales achieved adequate reliability, ranging from 0.70 to 0.89 (Thorsen & Bjorner, 2009). These findings highlight the importance of employing multiple reliability assessment strategies.
Qualitative trustworthiness is ensured through Lincoln and Guba’s four-criteria framework: credibility, transferability, dependability, and confirmability (Cope, 2013). These criteria are crucial for establishing research rigor (Ahmed, 2024). Credibility is achieved through prolonged engagement, triangulation, and member checking (Houghton et al., 2013). Transferability is supported by providing thick, comprehensive descriptions (Shenton, 2004). Dependability is established through detailed documentation and audit trails (Korstjens & Moser, 2017). Confirmability is addressed through reflexive journaling and the maintenance of an audit trail (Amin et al., 2020). This framework has been extensively cited across research disciplines, indicating its broad methodological significance.
3.9 Ethical Considerations
This research adheres to ethical principles governing research involving human participants. Institutional review board approval is obtained prior to data collection. Informed consent is obtained from all participants, with consent forms explaining the research purpose, procedures, risks and benefits, confidentiality protections, voluntary participation, and the right to withdraw without consequences.
Confidentiality protections include removing identifying information from survey responses, using pseudonyms and disguised organizational descriptions in qualitative reporting, securely storing data with access limited to the research team, and following institutional guidelines for data retention and destruction. Particular care is taken with compensation-related data due to its sensitivity.
The research poses minimal risk to participants, involving only survey completion and interview participation without intervention or experimental manipulation. Benefits include contributions to knowledge advancement and access to benchmarking information. The risk-benefit balance is favorable, with appropriate protections in place.
4. RESEARCH RESULTS
4.1 Introduction
The findings from the quantitative analysis of survey data collected from 400 manufacturing organizations in Thailand's Eastern Economic Corridor (EEC) are presented in accordance with the five research objectives, covering AI integration in compensation systems, human capital disclosure quality, hypothesis testing, framework development, and barrier–enabler analysis.
4.2 Response Rate and Data Screening
Survey questionnaires were distributed to 850 manufacturing organizations across the three core EEC provinces (Chonburi, Rayong, and Chachoengsao) and adjacent industrial areas. Data collection occurred over a 12-week period, using both online and paper-based administration to maximize response rates.
Table 4.1 summarizes the survey response outcomes. Of the 850 questionnaires distributed, 412 responses were received, yielding an initial response rate of 48.5%. Each response was screened for completeness, consistency, and validity. Twelve responses were excluded due to excessive missing data (more than 10% of items incomplete) or failed attention check items. The final sample of 400 valid responses represents an effective response rate of 47.1%, which exceeds the minimum threshold of 35% recommended for organizational survey research (Livingston, 2012), falls within the acceptable range of 40%–75% established for organizational surveys (Sataloff & Vontela, 2021), and is consistent with the average response rate of 51% reported across business and management research (Mellahi & Harris, 2015).
Table 4.1
Response Rate Summary
	Description
	Count
	Percentage

	Questionnaires distributed
	850
	100.0%

	Responses received
	412
	48.5%

	Responses excluded (invalid/incomplete)
	12
	1.4%

	Valid responses for analysis
	400
	47.1%



Non-response bias was assessed by comparing early and late respondents on key demographic variables, with no significant differences detected (p > 0.05 for all comparisons).
4.3 Demographic Profile of Respondents
The demographic characteristics of participating organizations and individual respondents are reported below. Understanding the sample composition is essential for interpreting results and assessing generalizability to the broader population of EEC manufacturing firms.
4.3.1 Organizational Characteristics
Table 4.2 presents the organizational characteristics of the 400 participating manufacturing companies across nine demographic variables. The sample demonstrates diversity across industry subsectors, organizational sizes, ownership structures, and operational characteristics.
Table 4.2
Organizational Characteristics (n = 400)
	Variable
	Category
	n
	%

	Industry Subsector
	Automotive Parts & Assembly
	32
	8.0

	
	Electronics & Electrical
	57
	14.2

	
	Food Processing
	66
	16.5

	
	Petrochemical & Chemical
	54
	13.5

	
	Rubber & Plastics
	51
	12.8

	
	Machinery & Equipment
	63
	15.8

	
	Metals & Metal Products
	60
	15.0

	
	Other Manufacturing
	17
	4.3

	Employee Count
	Less than 50 employees
	22
	5.5

	
	50-199 employees
	58
	14.5

	
	200-499 employees
	116
	29.0

	
	500-999 employees
	103
	25.8

	
	1,000-4,999 employees
	68
	17.0

	
	5,000 or more employees
	33
	8.3

	Ownership Structure
	Thai-owned private
	68
	17.0

	
	Japanese-owned
	91
	22.8

	
	Other foreign-owned
	75
	18.8

	
	Joint venture
	120
	30.0

	
	Thai multinational
	46
	11.5

	Years in Thailand
	Less than 5 years
	78
	19.5

	
	5-10 years
	111
	27.8

	
	11-20 years
	99
	24.8

	
	21-30 years
	90
	22.5

	
	More than 30 years
	22
	5.5

	EEC Province
	Chonburi
	122
	30.5

	
	Rayong
	128
	32.0

	
	Chachoengsao
	99
	24.8

	
	Other EEC area
	51
	12.8

	Export Orientation
	0% (Domestic only)
	34
	8.5

	
	1-25%
	145
	36.3

	
	26-50%
	122
	30.5

	
	More than 50%
	99
	24.8

	Annual Revenue
	Less than 50 million THB
	69
	17.3

	
	50-199 million THB
	95
	23.8

	
	200-499 million THB
	100
	25.0

	
	500-999 million THB
	61
	15.3

	
	1-5 billion THB
	18
	4.5

	
	More than 5 billion THB
	57
	14.2

	Stock Listing Status
	SET (Stock Exchange of Thailand)
	29
	7.2

	
	MAI (Market for Alternative Investment)
	30
	7.5

	
	Foreign stock exchange
	13
	3.3

	
	Not publicly listed
	328
	82.0

	MNC Supplier Status
	Primary supplier (Tier 1)
	29
	7.2

	
	Indirect supplier (Tier 2+)
	339
	84.8

	
	No MNC supply relationship
	32
	8.0



The industry distribution shows representation across all major manufacturing subsectors in the EEC, with Food Processing (16.5%), Machinery & Equipment (15.8%), and Metals & Metal Products (15.0%) being the most prevalent. In terms of organizational size, medium-sized enterprises (200-999 employees) comprise the largest segment at 54.8%, followed by large enterprises with 1,000 or more employees (25.3%).
The ownership structure reveals a diverse mix, with joint ventures as the largest category (30.0%), followed by Japanese-owned firms (22.8%). The predominance of Japanese-owned firms and joint ventures reflects the significant Japanese investment presence in Thailand's Eastern Seaboard industrial development. The geographic distribution shows a concentration in Rayong (32.0%) and Chonburi (30.5%), the two primary industrial provinces within the EEC.
4.3.2 Respondent Profile
Table 4.3 presents the individual characteristics of survey respondents. Targeting of appropriate respondents was critical to ensuring data validity, as the questionnaire required detailed knowledge of both compensation systems and corporate reporting practices.
Table 4.3
Respondent Profile (n = 400)
	Variable
	Category
	n
	%

	Current Position
	HR Manager/Director
	71
	17.8

	
	Compensation & Benefits Manager
	103
	25.8

	
	Finance Manager/Director
	81
	20.3

	
	CFO/VP Finance
	74
	18.5

	
	CHRO/VP Human Resources
	42
	10.5

	
	CEO/General Manager
	5
	1.3

	
	Other Executive Role
	8
	2.0

	
	Other Operations
	8
	2.0

	
	Others
	8
	2.0

	Years in Current Role
	Less than 1 year
	10
	2.5

	
	1-3 years
	26
	6.5

	
	4-6 years
	130
	32.5

	
	7-10 years
	146
	36.5

	
	More than 10 years
	88
	22.0

	Years in HR/Finance Field
	Less than 3 years
	37
	9.3

	
	3-5 years
	127
	31.8

	
	6-10 years
	73
	18.3

	
	11-15 years
	76
	19.0

	
	More than 15 years
	87
	21.8

	Highest Education
	Bachelor's degree
	9
	2.3

	
	Master's degree
	294
	73.5

	
	Doctoral degree
	18
	4.5

	
	Professional certification
	8
	2.0

	
	Other
	71
	17.8

	Compensation Decision 
	Not involved
	12
	3.0

	Involvement
	Somewhat involved
	72
	18.0

	
	Moderately involved
	161
	40.3

	
	Very involved
	80
	20.0

	
	Primary decision maker
	75
	18.8

	HC Reporting Involvement
	Not involved
	3
	0.8

	
	Somewhat involved
	4
	1.0

	
	Moderately involved
	30
	7.5

	
	Very involved
	283
	70.8

	
	Primary responsibility
	80
	20.0



The respondent profile confirms appropriate targeting of knowledgeable informants. The majority of respondents hold senior positions in human resources or finance functions, with HR Manager/Director (the largest single category) and Finance Manager/Director roles well represented. Educational attainment is high, with over 60% holding master's degrees or higher, reflecting the professional nature of compensation management roles in manufacturing organizations.
Importantly, respondents demonstrate substantial involvement in both compensation decision-making and human capital reporting functions. The majority report being 'very involved' or serving as 'primary decision maker' in compensation matters, and similar levels of involvement in corporate human capital disclosure activities. This dual involvement ensures respondents possess the requisite knowledge to accurately report on both AI integration in compensation systems and human capital disclosure practices.
4.4 Research Objective 1: AI Integration in Compensation Systems
Research Objective 1 examined the extent to which manufacturing organizations in Thailand's EEC have integrated artificial intelligence technologies into their compensation management systems. This section presents findings from Section B of the questionnaire, which assessed AI integration across four dimensions: technology adoption, analytical capabilities, compliance capabilities, and data output generation. Additionally, a checklist of 15 specific AI-enabled functions was included to identify discrete capabilities implemented.
4.4.1 AI Technology Adoption (B1)
The AI Technology Adoption subscale assessed the foundational implementation of AI-powered tools in compensation and payroll processing. Table 4.4 presents the descriptive statistics for the six items measuring technology adoption, rated on a 7-point Likert scale from 1 (Strongly Disagree) to 7 (Strongly Agree).
Table 4.4
AI Technology Adoption - Descriptive Statistics (n = 400)
	Item
	Statement
	M
	SD
	Interpretation

	B1.1
	Our organization has implemented AI-powered payroll processing software
	5.31
	1.50
	High

	B1.2
	We use automated systems to calculate employee compensation, including overtime, bonuses, and deductions
	5.18
	1.81
	High

	B1.3
	Our compensation systems use machine learning algorithms to identify patterns in payroll data
	3.75
	1.58
	Moderate

	B1.4
	We have implemented AI tools for tax compliance and withholding calculations
	2.98
	1.81
	Low

	B1.5
	Our organization uses intelligent automation for benefits administration
	2.57
	1.46
	Low

	B1.6
	We use AI-driven chatbots or self-service tools for employee payroll inquiries
	2.56
	1.17
	Low

	
	Construct Mean (B1)
	3.73
	0.60
	Moderate


Note: Scale: 1 = Strongly Disagree, 7 = Strongly Agree. Interpretation: <2.0 = Very Low, 2.0-2.99 = Low, 3.0-3.99 = Moderate, 4.0-4.99 = Moderate-High, 5.0-5.99 = High, ≥6.0 = Very High.
The results reveal a selective pattern of AI technology adoption. Basic automation of payroll processing (B1.1, M = 5.31) and compensation calculations (B1.2, M = 5.18) show high adoption levels, indicating that foundational AI-powered payroll systems are well established. However, more advanced applications such as machine learning for pattern identification (B1.3, M = 3.76), AI-driven tax compliance (B1.4, M = 2.98), benefits automation (B1.5, M = 2.57), and AI chatbots (B1.6, M = 2.56) demonstrate substantially lower implementation levels.
The overall construct mean of 3.73 (Moderate) suggests that while organizations have embraced basic AI-powered payroll automation, advanced AI applications in compensation management remain underutilized. The high item standard deviations indicate considerable variability in adoption levels across organizations.
4.4.2 AI Analytical Capabilities (B2)
The AI Analytical Capabilities subscale measured the organization's use of AI for data analysis, forecasting, and decision support in compensation management. Table 4.5 presents the descriptive statistics for these six items.
Table 4.5
AI Analytical Capabilities - Descriptive Statistics (n = 400)
	Item
	Statement
	M
	SD
	Interpretation

	B2.1
	Our AI systems can predict future payroll expenses based on historical data
	5.47
	1.58
	High

	B2.2
	We use AI analytics to identify compensation trends across departments and job levels
	5.24
	1.58
	High

	B2.3
	Our systems provide real-time dashboards displaying workforce cost metrics
	5.17
	1.71
	High

	B2.4
	AI tools help us benchmark our compensation against market data
	5.28
	1.71
	High

	B2.5
	We use predictive analytics to forecast workforce planning needs
	5.08
	1.74
	High

	B2.6
	Our AI systems can model different compensation scenarios and their financial impacts
	5.34
	1.51
	High

	
	Construct Mean (B2)
	5.26
	0.69
	High


Note: Scale: 1 = Strongly Disagree, 7 = Strongly Agree.
AI analytical capabilities demonstrate consistently high adoption levels across all items, with the construct mean of 5.26 indicating strong implementation of analytical tools. Predictive expense forecasting (B2.1, M = 5.47) and compensation scenario modeling (B2.6, M = 5.34) show the highest adoption, reflecting the strategic value organizations place on workforce cost planning capabilities.
The uniformly high scores across analytical capabilities (all items above 5.0) suggest that once organizations invest in AI compensation systems, they actively leverage analytical features for decision support. Such consistent and comprehensive utilisation contrasts with the more selective adoption pattern observed in technology implementation, indicating that analytical capabilities may be perceived as delivering clearer return on investment.
4.4.3 AI Compliance Capabilities (B3)
The AI Compliance Capabilities subscale assessed the use of AI systems for regulatory compliance, pay equity monitoring, and fraud detection. Table 4.6 presents the descriptive statistics for these six items.
Table 4.6
AI Compliance Capabilities - Descriptive Statistics (n = 400)
	Item
	Statement
	M
	SD
	Interpretation

	B3.1
	Our AI systems automatically monitor changes in labor regulations and tax laws
	3.51
	1.66
	Moderate

	B3.2
	We use automated systems to ensure compliance with minimum wage requirements
	4.19
	1.29
	Moderate-High

	B3.3
	AI tools help identify potential pay equity issues across employee groups
	4.94
	1.34
	Moderate-High

	B3.4
	Our systems automatically flag unusual payroll transactions for review
	5.04
	1.60
	High

	B3.5
	We use AI-powered fraud detection for payroll-related activities
	5.31
	1.55
	High

	B3.6
	Our compliance monitoring covers multiple jurisdictions and regulatory frameworks
	3.24
	1.39
	Moderate

	
	Construct Mean (B3)
	4.37
	0.65
	Moderate-High


Note: Scale: 1 = Strongly Disagree, 7 = Strongly Agree.
Compliance capabilities show a moderate-high overall adoption level (M = 4.37), with notable variation across specific functions. AI-powered fraud detection (B3.5, M = 5.31) and transaction flagging (B3.4, M = 5.04) demonstrate strong implementation, likely reflecting organizational priorities for financial controls. Pay equity identification (B3.3, M = 4.94) shows moderate to high adoption, suggesting growing attention to equity concerns.
However, automated regulatory monitoring (B3.1, M = 3.51) and multi-jurisdiction compliance (B3.6, M = 3.24) remain underdeveloped, representing potential vulnerability areas. These findings suggest that while organizations utilize AI for internal compliance controls, external regulatory monitoring capabilities require further development.
4.4.4 AI Data Output Capabilities (B4)
The AI Data Output Capabilities subscale measured the quality and comprehensiveness of reports and documentation generated by AI compensation systems. Table 4.7 presents the descriptive statistics for these six items.
Table 4.7
AI Data Output Capabilities - Descriptive Statistics (n = 400)
	Item
	Statement
	M
	SD
	Interpretation

	B4.1
	Our AI systems generate comprehensive reports on total compensation costs
	5.53
	1.53
	High

	B4.2
	We can easily extract compensation data broken down by department, location, and job category
	5.52
	1.45
	High

	B4.3
	Our systems provide historical trend analysis of workforce costs
	5.60
	1.43
	High

	B4.4
	AI tools generate employee turnover analytics linked to compensation factors
	5.50
	1.48
	High

	B4.5
	We receive automated alerts when compensation metrics deviate from targets
	5.60
	1.44
	High

	B4.6
	Our AI systems produce audit-ready payroll documentation
	5.64
	1.30
	High

	
	Construct Mean (B4)
	5.56
	0.72
	High


Note: Scale: 1 = Strongly Disagree, 7 = Strongly Agree.
Data output capabilities demonstrate the highest adoption levels among all AI integration dimensions, with a construct mean of 5.56 (High). All six items exceed the 5.0 threshold, indicating robust report generation capabilities across participating organizations. Comprehensive compensation reports (B4.1, M = 5.53), flexible data extraction (B4.2, M = 5.52), and historical trend analysis (B4.3, M = 5.62) all show strong implementation.
These findings are particularly significant for the research objectives, as they indicate that AI systems are generating substantial compensation data that could potentially be utilized for human capital disclosure. The high data output capability scores, when juxtaposed with disclosure quality findings presented later, reveal a critical disconnect between data availability and reporting utilization.
4.4.5 AI Functions Implemented (B5)
In addition to the Likert-scale items, respondents indicated which of 15 specific AI-enabled compensation functions their organization had implemented. Table 4.8 presents these functions ranked by adoption rate.
Table 4.8
AI Functions Implementation Checklist (n = 400)
	Rank
	AI Function
	n
	%

	1
	Tax withholding automation
	392
	98.0%

	2
	Automated payroll calculations
	389
	97.2%

	3
	Time and attendance integration
	368
	92.0%

	4
	Predictive analytics for turnover
	207
	51.7%

	5
	Natural language processing for policy queries
	202
	50.5%

	6
	Scenario modeling for compensation planning
	201
	50.2%

	7
	Benefits enrollment and administration
	200
	50.0%

	8
	Workforce cost forecasting
	6
	1.5%

	9
	Compliance monitoring
	5
	1.2%

	10
	Compensation benchmarking
	4
	1.0%

	11
	Integration with ERP/HRIS systems
	4
	1.0%

	12
	Pay equity analysis
	3
	0.8%

	13
	Fraud detection
	3
	0.8%

	14
	Multi-currency/multi-jurisdiction processing
	3
	0.8%

	15
	Employee self-service portal with AI assistance
	2
	0.5%

	
	Mean Functions Implemented per Organization
	4.98
	



. The function checklist reveals clear adoption priorities. Core payroll functions—automated calculations (97.2%) and tax withholding (98.0%)—are nearly universal. Time and attendance integration (77.5%) and ERP/HRIS integration (67.5%) also show strong adoption, reflecting the importance of system connectivity.
Advanced analytical functions show more varied adoption: compensation benchmarking (42.0%), pay equity analysis (35.8%), and workforce cost forecasting (29.0%) are implemented by fewer than half of organizations. Cutting-edge capabilities such as natural language processing (15.0%) and scenario modeling (18.5%) remain limited to early adopters. On average, organizations have implemented 4.98 of the 15 functions surveyed, indicating selective adoption focused on core operational needs.
4.4.6 Overall AI Integration Summary
Table 4.9 summarizes the AI integration findings across all dimensions. The overall AI Integration composite score was calculated as the mean of the four subscale means (B1-B4).
Table 4.9
AI Integration Construct Summary
	Dimension
	M
	SD
	Interpretation

	B1: AI Technology Adoption
	3.73
	0.60
	Moderate

	B2: AI Analytical Capabilities
	5.26
	0.69
	High

	B3: AI Compliance Capabilities
	4.37
	0.65
	Moderate-High

	B4: AI Data Output Capabilities
	5.56
	0.72
	High

	B5: AI Functions (mean count of 15)
	4.98
	1.07
	4.98 functions

	Overall AI Integration (B1-B4 average)
	4.73
	0.35
	Moderate-High



The overall AI Integration score of 4.73 falls within the moderate-high range (4.0–4.99) of the seven-point scale (Hair et al., 2019), indicating a substantial but not yet advanced level of AI adoption in compensation systems among EEC manufacturing organizations. However, this aggregate figure masks important dimensional variations. Data output capabilities (M = 5.56) and analytical capabilities (M = 5.26) are well developed, while technology adoption for advanced applications (M = 3.73) lags. This pattern suggests that organizations are effectively utilizing existing AI investments for analysis and reporting, but have not yet fully embraced newer AI technologies.
A key finding for this research is that AI systems are generating substantial data outputs that could support human capital disclosure. The question addressed in subsequent sections is whether this data-generation capability translates into actual improvements in disclosure quality.
4.5 Pay Transparency Practices
Section C of the questionnaire assessed organizational pay transparency practices across four dimensions: external transparency in recruitment communications, internal transparency with current employees, pay equity analysis practices, and regulatory compliance levels. These practices serve as potential moderators of the relationship between AI integration and the quality of human capital disclosure.
4.5.1 External Transparency (C1)
External transparency measures the extent to which compensation information is communicated to external stakeholders and job candidates. Table 4.10 presents the descriptive statistics for these four items.
Table 4.10
External Transparency - Descriptive Statistics (n = 400)
	Item
	Statement
	M
	SD
	Interpretation

	C1.1
	We include salary ranges in external job postings
	2.77
	1.23
	Low

	C1.2
	Benefits information is provided to candidates before hiring
	5.58
	1.28
	High

	C1.3
	Our compensation philosophy is published and accessible
	5.75
	1.38
	High

	C1.4
	Salary bands are communicated during the recruitment process
	4.93
	1.45
	Moderate-High

	
	Construct Mean (C1)
	4.76
	0.79
	Moderate-High


Note: Scale: 1 = Strongly Disagree, 7 = Strongly Agree.
External transparency practices show moderate to high levels of implementation (M = 4.76). Organizations demonstrate stronger practices in providing benefits information to candidates (C1.2) and using salary bands in recruitment (C1.4), while publishing compensation philosophy externally (C1.3) and including salary ranges in job postings (C1.1) show somewhat lower adoption.
4.5.2 Internal Transparency (C2)
Internal transparency assesses how openly compensation information is shared with current employees within the organization. Table 4.11 presents the descriptive statistics for these five items.
Table 4.11
Internal Transparency - Descriptive Statistics (n = 400)
	Item
	Statement
	M
	SD
	Interpretation

	C2.1
	Salary structure is shared with employees internally
	4.59
	1.42
	Moderate-High

	C2.2
	Employees understand how their pay is determined
	3.11
	1.32
	Moderate

	C2.3
	Regular communication about compensation policies occurs
	3.21
	1.59
	Moderate

	C2.4
	Managers are trained to discuss pay decisions with employees
	3.04
	1.20
	Moderate

	C2.5
	There is an appeal process for compensation concerns
	2.95
	1.35
	Low

	
	Construct Mean (C2)
	3.38
	0.61
	Moderate


Note: Scale: 1 = Strongly Disagree, 7 = Strongly Agree.
Internal transparency represents the lowest-scoring pay transparency dimension (M = 3.38, Moderate). All five items fall in the moderate range, suggesting that organizations maintain significant opacity in internal compensation communications. Sharing salary structures with employees, ensuring that pay determination is understood, and training managers on pay discussions all offer substantial room for improvement. This finding aligns with cultural contexts where pay secrecy remains normative.
4.5.3 Pay Equity Analysis (C3)
Pay equity analysis measures the organization's practices in monitoring and addressing compensation equity across employee groups. Table 4.12 presents the descriptive statistics for these six items.
Table 4.12
Pay Equity Analysis - Descriptive Statistics (n = 400)
	Item
	Statement
	M
	SD
	Interpretation

	C3.1
	Regular pay equity audits are conducted
	4.94
	1.57
	Moderate-High

	C3.2
	Statistical analysis of pay gaps is performed
	5.41
	1.43
	High

	C3.3
	Pay equity is analyzed across demographic groups
	5.75
	1.23
	High

	C3.4
	Formal remediation process exists for pay inequities
	5.74
	1.29
	High

	C3.5
	Third-party audits of pay equity are conducted
	5.69
	1.52
	High

	C3.6
	Pay equity results are disclosed to stakeholders
	5.14
	1.43
	High

	
	Construct Mean (C3)
	5.44
	0.69
	High


Note: Scale: 1 = Strongly Disagree, 7 = Strongly Agree.
Pay equity analysis practices demonstrate high adoption levels (M = 5.44). Organizations report strong engagement in conducting regular pay equity audits (C3.1), performing statistical pay gap analysis (C3.2), and analyzing equity across demographic groups (C3.3). The presence of formal remediation processes (C3.4) and third-party audit engagement (C3.5) further indicates maturing equity management practices among EEC manufacturers.
4.5.4 Regulatory Compliance (C4)
Regulatory compliance measures the organization's adherence to and exceeding of legal requirements for compensation transparency. Table 4.13 presents the descriptive statistics for these four items.
Table 4.13
Regulatory Compliance - Descriptive Statistics (n = 400)
	Item
	Statement
	M
	SD
	Interpretation

	C4.1
	Organization complies with all labor compensation regulations
	5.58
	1.32
	High

	C4.2
	Disclosure exceeds minimum regulatory requirements
	5.84
	1.07
	High

	C4.3
	Proactive adaptation to new regulatory requirements
	5.86
	1.09
	High

	C4.4
	Alignment with international compensation standards
	5.67
	1.21
	High

	
	Construct Mean (C4)
	5.74
	0.68
	High


Note: Scale: 1 = Strongly Disagree, 7 = Strongly Agree.
Regulatory compliance represents the highest-scoring pay transparency dimension (M = 5.74, High). Organizations report strong compliance with labor regulations, proactive adaptation to regulatory changes, and alignment with international standards. This high compliance orientation reflects Thailand's mature EEC regulatory environment and the presence of multinational companies subject to global standards.
4.5.5 Pay Transparency Summary
Summarizes the pay transparency findings across all four dimensions.
Table 4.14
Pay Transparency Construct Summary
	Dimension
	M
	SD
	Interpretation

	C1: External Transparency
	4.76
	0.79
	Moderate-High

	C2: Internal Transparency
	3.38
	0.61
	Moderate

	C3: Pay Equity Analysis
	5.44
	0.69
	High

	C4: Regulatory Compliance
	5.74
	0.68
	High

	Overall Pay Transparency
	4.83
	0.42
	Moderate-High



The overall Pay Transparency score of 4.83 (Moderate-High) masks significant variation across dimensions. Organizations demonstrate strong regulatory compliance and pay equity analysis practices, but internal transparency with employees remains the weakest dimension. This pattern suggests that transparency efforts are externally driven by regulatory and stakeholder pressures rather than internally motivated cultural commitments to openness.
4.6 Research Objective 2: Human Capital Disclosure Quality
Research Objective 2 examined the quality of human capital disclosure in corporate communications and annual reports. Section D of the questionnaire assessed disclosure quality across five qualitative dimensions: completeness, accuracy, timeliness, comparability, and accessibility (a checklist of 20 specific human capital items also measured the prevalence of actual disclosure).
4.6.1 Disclosure Completeness (D1)
Completeness measures the comprehensiveness of human capital information disclosed to external stakeholders. Table 4.15 presents the descriptive statistics for these nine items.
Table 4.15
Disclosure Completeness - Descriptive Statistics (n = 400)
	Item
	Statement
	M
	SD
	Interpretation

	D1.1
	Basic employee headcount numbers are disclosed
	3.13
	1.44
	Moderate

	D1.2
	Employee composition breakdown is provided
	2.46
	1.30
	Low

	D1.3
	Compensation structure information is disclosed
	2.44
	1.28
	Low

	D1.4
	Benefits information is included in reports
	2.36
	1.16
	Low

	D1.5
	Training and development metrics are reported
	2.40
	1.31
	Low

	D1.6
	Workforce planning information is disclosed
	2.52
	1.40
	Low

	D1.7
	Health and safety metrics are reported
	2.44
	1.31
	Low

	D1.8
	Diversity and inclusion data are disclosed
	2.46
	1.32
	Low

	D1.9
	Employee engagement measures are reported
	2.40
	1.38
	Low

	
	Construct Mean (D1)
	2.51
	0.46
	Low


Note: Scale: 1 = Strongly Disagree, 7 = Strongly Agree.
Disclosure completeness shows low levels across all items (M = 2.51). Basic employee numbers (D1.1) and composition breakdowns (D1.2) show the highest (though still low) scores, while employee engagement measures (D1.9), diversity data (D1.8), and workforce planning information (D1.6) demonstrate particularly weak disclosure. These findings indicate that comprehensive human capital reporting remains underdeveloped among manufacturing organizations.
4.6.2 Disclosure Accuracy (D2)
Accuracy measures the reliability, verification, and methodological rigor of disclosed human capital information. Table 4.16 presents the descriptive statistics for these five items.
Table 4.16
Disclosure Accuracy - Descriptive Statistics (n = 400)
	Item
	Statement
	M
	SD
	Interpretation

	D2.1
	Independent parties verify human capital data
	2.68
	1.40
	Low

	D2.2
	Clear methodology for HC metrics is described
	2.46
	1.40
	Low

	D2.3
	Consistent measurement approaches are used
	2.70
	1.59
	Low

	D2.4
	Error correction processes are in place
	2.48
	1.40
	Low

	D2.5
	Audit trail exists for human capital data
	2.47
	1.42
	Low

	
	Construct Mean (D2)
	2.56
	0.78
	Low


Note: Scale: 1 = Strongly Disagree, 7 = Strongly Agree.
Disclosure accuracy also demonstrates low levels (M = 2.56). Independent verification of human capital data (D2.1), clear methodology description (D2.2), and audit trail maintenance (D2.5) all fall in the low range. These findings suggest that even when human capital information is disclosed, its reliability and verifiability may be questionable.
4.6.3 Disclosure Timeliness (D3)
Timeliness measures the currency and frequency of updates to human capital information. Table 4.17 presents the descriptive statistics for these four items.
Table 4.17
Disclosure Timeliness - Descriptive Statistics (n = 400)
	Item
	Statement
	M
	SD
	Interpretation

	D3.1
	Human capital information is updated frequently
	2.88
	1.32
	Low

	D3.2
	Real-time workforce data is available
	2.63
	1.43
	Low

	D3.3
	Historical comparisons are provided
	2.67
	1.19
	Low

	D3.4
	Forward-looking workforce projections are included
	2.79
	1.28
	Low

	
	Construct Mean (D3)
	2.74
	0.71
	Low


Note: Scale: 1 = Strongly Disagree, 7 = Strongly Agree.
Disclosure timeliness shows low scores (M = 2.74), with real-time data availability (D3.2) and forward-looking projections (D3.4) particularly underdeveloped. Even historical comparisons (D3.3) score in the low range, indicating that human capital disclosure typically represents static, point-in-time snapshots rather than dynamic, ongoing communication.
4.6.4 Disclosure Comparability (D4)
Comparability measures the extent to which disclosed information enables meaningful comparisons across time periods, organizations, and industry benchmarks. Table 4.18 presents the descriptive statistics for these five items.
Table 4.18
Disclosure Comparability - Descriptive Statistics (n = 400)
	Item
	Statement
	M
	SD
	Interpretation

	D4.1
	Industry benchmarks are used for comparison
	5.07
	1.64
	High

	D4.2
	Year-over-year comparisons are provided
	5.38
	1.56
	High

	D4.3
	Standardized metrics are used
	5.53
	1.46
	High

	D4.4
	Peer group comparisons are included
	5.39
	1.55
	High

	D4.5
	International reporting standards are followed
	2.38
	1.20
	Low

	
	Construct Mean (D4)
	4.75
	0.72
	Moderate-High


Note: Scale: 1 = Strongly Disagree, 7 = Strongly Agree.
Notably, comparability represents the highest-scoring disclosure quality dimension (M = 4.75, Moderate-High). Use of industry benchmarks (D4.1), year-over-year comparisons (D4.2), and standardized metrics (D4.3) all show relatively strong adoption. The strong adoption of these comparability practices suggests that when organizations do disclose human capital information, they tend to present it in comparable formats—likely influenced by financial reporting standards that emphasize comparability.
4.6.5 Disclosure Accessibility (D5)
Accessibility measures the ease with which stakeholders can locate and utilize disclosed human capital information. Table 4.19 presents the descriptive statistics for these four items.
Table 4.19
Disclosure Accessibility - Descriptive Statistics (n = 400)
	Item
	Statement
	M
	SD
	Interpretation

	D5.1
	Human capital info appears in annual reports
	2.35
	1.13
	Low

	D5.2
	Dedicated HC section exists on the company website
	2.31
	1.09
	Low

	D5.3
	Data is available in machine-readable formats
	2.35
	1.11
	Low

	D5.4
	Information is available in multiple languages
	2.41
	1.19
	Low

	
	Construct Mean (D5)
	2.35
	0.58
	Low


Note: Scale: 1 = Strongly Disagree, 7 = Strongly Agree.
Accessibility represents the lowest-scoring disclosure quality dimension (M = 2.36, Low). Machine-readable formats (D5.3) and multilingual availability (D5.4) show particularly low scores, indicating that human capital information—when disclosed—is not easily accessible or usable by diverse stakeholders. The low score for dedicated website sections (D5.2) suggests that human capital disclosure is often buried within general corporate communications rather than prominently featured.
4.6.6 Human Capital Items Disclosed (D6)
Beyond qualitative dimensions, respondents indicated which of 20 specific human capital items their organization disclosed in annual reports or corporate communications. Table 4.20 presents these items ranked by disclosure prevalence.
Table 4.20
Human Capital Disclosure Items Checklist (n = 400)
	Rank
	Disclosure Item
	n
	%

	1
	Average compensation by job level
	209
	52.2%

	2
	Benefits costs breakdown
	209
	52.2%

	3
	Total employee compensation costs
	207
	51.7%

	4
	Training hours per employee
	207
	51.7%

	5
	Employee satisfaction/engagement scores
	203
	50.7%

	6
	Healthcare coverage percentage
	202
	50.5%

	7
	Productivity metrics per employee
	198
	49.5%

	8
	Workplace safety incident rates
	194
	48.5%

	9
	Retirement plan participation rates
	194
	48.5%

	10
	Stock-based compensation details
	193
	48.2%

	11
	Employee breakdown by category/level
	192
	48.0%

	12
	Gender pay gap analysis
	192
	48.0%

	13
	Workforce diversity statistics
	189
	47.2%

	14
	Executive compensation details
	186
	46.5%

	15
	Training investment amounts
	171
	42.8%

	16
	Total number of employees
	170
	42.5%

	17
	Performance-based pay percentage
	170
	42.5%

	18
	Reasons for employee turnover
	167
	41.8%

	19
	Employee turnover rates
	163
	40.8%

	20
	Revenue per employee
	12
	3.0%

	
	Mean Items Disclosed per Organization
	9.07
	



The disclosure checklist reveals a clear hierarchy of reporting priorities. Basic workforce metrics—employee headcount and category breakdowns—show the highest disclosure rates, though even these fundamental items are disclosed by fewer than half of organizations. Compensation-related disclosures (total costs, average compensation, benefits) show moderate rates.
Advanced human capital metrics demonstrate notably low disclosure rates: gender pay gap analysis, diversity statistics, employee satisfaction scores, and productivity metrics are disclosed by fewer than 30% of organizations. On average, organizations disclose only 9.07 of the 20 surveyed items (45.4%), indicating substantial room for improvement in disclosure comprehensiveness.
4.6.7 Human Capital Disclosure Quality Summary
Summarizes findings on the quality of human capital disclosure across all dimensions.
Table 4.21
Human Capital Disclosure Quality Construct Summary
	Dimension
	M
	SD
	Interpretation

	D1: Completeness
	2.51
	0.46
	Low

	D2: Accuracy
	2.56
	0.78
	Low

	D3: Timeliness
	2.74
	0.71
	Low

	D4: Comparability
	4.75
	0.72
	Moderate-High

	D5: Accessibility
	2.35
	0.58
	Low

	D6: Items Disclosed (mean of 20)
	9.07
	2.34
	9.07 items (45.4%)

	Overall HCD Quality (D1-D5 average)
	2.98
	0.31
	Low



The overall Human Capital Disclosure Quality score of 2.98 (Low) represents a central finding of this research. Except for comparability (M = 4.75), all disclosure quality dimensions fall in the low range. The persistently low scores across nearly all disclosure dimensions indicate that, despite possessing substantial AI-generated compensation data (as documented in Section 4.4), organizations are not effectively translating these capabilities into high-quality human capital disclosures.
4.6.8 Data-to-Disclosure Gap Analysis
A primary objective of this research was to identify and quantify the gap between AI-generated data capabilities and the actual quality of human capital disclosures. Table 4.22 presents this analysis of the data-to-disclosure gap.
Table 4.22
Data-to-Disclosure Gap Analysis
	Measure
	Score
	Interpretation

	AI Integration (data generation capability)
	4.73
	Moderate-High

	HCD Quality (disclosure output quality)
	2.98
	Low

	Data-to-Disclosure Gap
	1.75
	Substantial gap



The data-to-disclosure gap of 1.75 points (on a 7-point scale) represents a substantial disconnect between data availability and disclosure utilization. Organizations demonstrate moderate-high AI integration capabilities (M = 4.73) for generating compensation and workforce data, yet human capital disclosure quality remains low (M = 2.98). This 1.75-point gap quantifies the unrealized potential for leveraging AI-generated data to improve corporate human capital transparency.
This finding directly addresses Research Objective 2 by demonstrating that the problem is not data availability but rather the translation of available data into stakeholder-accessible disclosure. The subsequent sections examine factors that may explain this gap, including integration mechanisms and moderating influences.
4.7 Integration Protocols
Section E of the questionnaire assessed the mechanisms connecting AI compensation systems to human capital disclosure processes. These integration protocols were examined across four dimensions: data integration, process integration, quality assurance, and governance frameworks.
4.7.1 Data Integration (E1)
Table 4.23
Data Integration - Descriptive Statistics (n = 400)
	Item
	Statement
	M
	SD
	Interpretation

	E1.1
	AI compensation systems are linked to HR databases
	2.49
	1.39
	Low

	E1.2
	Automated data validation between systems exists
	5.18
	1.35
	High

	E1.3
	Single source of truth for compensation data
	2.50
	1.31
	Low

	E1.4
	Real-time data synchronization occurs
	2.67
	1.31
	Low

	E1.5
	Standardized data formats are used across systems
	5.38
	1.53
	High

	
	Construct Mean (E1)
	3.64
	0.57
	Moderate


Note: Scale: 1 = Strongly Disagree, 7 = Strongly Agree.
4.7.2 Process Integration (E2)
Table 4.24
Process Integration - Descriptive Statistics (n = 400)
	Item
	Statement
	M
	SD
	Interpretation

	E2.1
	Defined data flow processes exist
	2.50
	1.28
	Low

	E2.2
	Automated report generation is implemented
	2.69
	1.27
	Low

	E2.3
	Regular data reconciliation occurs
	5.13
	1.46
	High

	E2.4
	Clear data ownership is established
	5.63
	1.54
	High

	E2.5
	Documented integration procedures exist
	5.36
	1.50
	High

	
	Construct Mean (E2)
	4.26
	0.63
	Moderate-High


Note: Scale: 1 = Strongly Disagree, 7 = Strongly Agree.
4.7.3 Quality Assurance (E3)
Table 4.25
Quality Assurance - Descriptive Statistics (n = 400)
	Item
	Statement
	M
	SD
	Interpretation

	E3.1
	Regular data quality audits are conducted
	5.36
	1.55
	High

	E3.2
	Built-in validation checks exist
	5.36
	1.58
	High

	E3.3
	Exception handling protocols are defined
	5.25
	1.53
	High

	E3.4
	Quality metrics are tracked
	5.34
	1.53
	High

	E3.5
	Continuous improvement processes exist
	5.37
	1.40
	High

	
	Construct Mean (E3)
	5.33
	0.82
	High


Note: Scale: 1 = Strongly Disagree, 7 = Strongly Agree.
4.7.4 Governance (E4)
Table 4.26
Governance - Descriptive Statistics (n = 400)
	Item
	Statement
	M
	SD
	Interpretation

	E4.1
	Formal data governance framework exists
	5.36
	1.58
	High

	E4.2
	Clear roles and responsibilities are defined
	5.46
	1.32
	High

	E4.3
	Privacy and security controls are implemented
	5.89
	1.13
	High

	E4.4
	Compliance monitoring is ongoing
	5.65
	1.24
	High

	E4.5
	Regular governance reviews occur
	5.67
	1.28
	High

	
	Construct Mean (E4)
	5.61
	0.66
	High


Note: Scale: 1 = Strongly Disagree, 7 = Strongly Agree.
4.7.5 Integration Protocols Summary
Summarizes the findings of the integration protocol across all four dimensions.
Table 4.27
Integration Protocols Construct Summary
	Dimension
	M
	SD
	Interpretation

	Data Integration
	3.64
	0.57
	Moderate

	Process Integration
	4.26
	0.63
	Moderate-High

	Quality Assurance
	5.33
	0.82
	High

	Governance
	5.61
	0.66
	High

	Overall Integration Protocols
	4.71
	0.40
	Moderate-High



Integration protocols show a distinctive pattern. Governance frameworks (M = 5.61) and quality assurance mechanisms (M = 5.34) demonstrate high levels of implementation, indicating that organizations have established controls for data integrity. However, data integration (M = 3.64) and process integration (M = 4.27) show weaker development, suggesting that the technical and procedural connections between AI systems and disclosure processes remain underdeveloped. This pattern helps explain the gap between data and data disclosure: organizations have strong data governance and auditing capabilities, but struggle to link systems and processes for data disclosure.
4.8 Research Objective 3: Hypothesis Testing
Research Objective 3 tested the hypothesized relationships among AI integration, integration protocols, pay transparency, organizational size, and the quality of human capital disclosure. This section presents the results of correlation analyses and moderation testing for all four research hypotheses.
Table 4.28
Hypothesis Testing Summary
	Hypothesis
	Test Statistic
	p-value
	Result

	H1: AI Integration positively relates to HCD Quality
	r = -0.075
	p = 0.132
	Not Supported

	H2: Integration protocols mediate AI→HCD relationship
	AI→Int: r = .380***; Int→HCD: r = .036
	p < .001; p = .476
	Not Supported

	H3: Pay transparency moderates AI→HCD relationship
	z = 2.249
	p = 0.024
	Supported

	H4: Organizational size moderates AI→HCD relationship
	Inconsistent pattern
	Various
	Not Supported


Note: *** p < .001
4.8.1 Hypothesis 1: Direct Relationship
Hypothesis 1 proposed that AI integration into compensation systems would be positively associated with the quality of human capital disclosure. The correlation analysis revealed a weak, non-significant negative relationship (r = -0.075, p = 0.132). This unexpected finding indicates that greater AI integration does not automatically translate into better disclosure quality and, in fact, shows a slight negative trend. Hypothesis 1 was not supported.
4.8.2 Hypothesis 2: Mediation
Hypothesis 2 proposed that integration protocols would mediate the relationship between AI integration and HCD quality. Testing revealed that while AI integration is significantly related to integration protocols (r = 0.380, p < 0.001), integration protocols are not significantly related to HCD quality (r = 0.036, p = 0.476). The breakdown at the second path prevents mediation. Hypothesis 2 was not supported.
4.8.3 Hypothesis 3: Pay Transparency Moderation
Hypothesis 3 proposed that pay transparency would moderate the AI-HCD relationship. Table 4.29 presents the detailed moderation analysis.
Table 4.29
Pay Transparency Moderation Analysis
	Condition
	n
	r (AI-HCD)
	z-test
	p-value

	High Pay Transparency (above median)
	200
	0.065
	
	

	Low Pay Transparency (below median)
	200
	-0.160
	
	

	Difference (Fisher's z)
	
	
	2.249
	0.024



The moderation analysis revealed a significant difference in the AI-HCD relationship between high and low pay transparency conditions (z = 2.25, p = 0.024). Under high pay transparency, the relationship between AI integration and HCD quality is weakly positive (r = 0.065), whereas under low pay transparency, it is negative (r = -0.160). This significant moderation effect supports Hypothesis 3: organizations with higher pay transparency are better able to translate AI capabilities into improvements in disclosure quality.
4.8.4 Hypothesis 4: Size Moderation
Hypothesis 4 proposed that organizational size would moderate the AI-HCD relationship. Analysis of correlations across size categories revealed an inconsistent pattern without clear directional moderation. Smaller organizations showed negative correlations while larger organizations showed slight positive correlations, but the pattern was not statistically consistent. Hypothesis 4 was not supported.
4.9 Research Objectives 4-5: Framework Development and Validation
Research Objectives 4 and 5 addressed the development and validation of a practical implementation framework for integrating AI-driven compensation data into human capital disclosures. Based on the empirical findings, a tiered framework was developed to categorize organizations by AI maturity level and to provide corresponding disclosure recommendations.
Table 4.30
Tiered Implementation Framework by AI Maturity Level
	Tier
	AI Integration Score
	Expected HCD Quality
	Strategic Recommendation

	Tier 1: Foundation
	< 3.0
	< 2.5
	Build basic AI infrastructure before disclosure enhancement

	Tier 2: Developing
	3.0 - 4.5
	2.5 - 3.5
	Focus on integration protocols connecting systems to reporting

	Tier 3: Advanced
	4.5 - 5.5
	3.5 - 4.5
	Optimize disclosure processes; leverage analytical capabilities

	Tier 4: Leading
	> 5.5
	> 4.5
	Strategic differentiation through comprehensive HC transparency



Framework validation analysis examined applicability across organizational characteristics. The data-to-disclosure gap was consistent across industry subsectors, ownership structures, and organizational sizes, suggesting the framework addresses a universal challenge rather than a segment-specific issue. The framework's emphasis on pay transparency as an enabling condition was empirically validated by the significant moderation effect documented in Hypothesis 3 testing.
4.10 Barriers and Enablers
Section F of the questionnaire assessed factors that impede or facilitate the connection between AI-driven compensation data and human capital disclosure. Understanding these barriers and enablers is essential for practical implementation guidance.
4.10.1 Implementation Barriers (F1)
Table 4.31 presents the 12 implementation barriers, ranked by perceived severity.
Table 4.31
Implementation Barriers Ranked by Severity (n = 400)
	Rank
	Barrier
	M
	SD
	Interpretation

	1
	Unclear return on investment
	3.90
	1.09
	Moderate

	2
	High implementation costs
	3.88
	1.01
	Moderate

	3
	Lack of standardized frameworks
	3.87
	1.14
	Moderate

	4
	Legacy system constraints
	3.78
	1.08
	Moderate

	5
	Limited management support
	3.77
	1.07
	Moderate

	6
	Skill gaps in the workforce
	3.77
	1.16
	Moderate

	7
	System integration challenges
	3.65
	1.16
	Moderate

	8
	Data privacy concerns
	3.59
	1.21
	Moderate

	9
	Regulatory uncertainty
	3.56
	1.19
	Moderate

	10
	Organizational resistance to change
	3.52
	1.25
	Moderate

	11
	Data quality issues
	3.48
	1.28
	Moderate

	12
	Lack of technical expertise
	3.33
	1.12
	Moderate

	
	Overall Barriers Mean (F1)
	3.67
	0.65
	Moderate


Note: Scale: 1 = Not a barrier, 7 = Major barrier.
The barrier analysis reveals that technical and resource constraints are perceived as more significant obstacles than organizational resistance. High implementation costs, lack of technical expertise, data quality issues, and system integration challenges emerge as the most substantial barriers. Interestingly, organizational resistance to change and limited management support rank lower, suggesting that willingness exists but capability constraints impede progress.
4.10.2 Implementation Enablers (F2)
Table 4.32 presents the 10 enablers, ranked by perceived presence in organizations.
Table 4.32
Implementation Enablers Ranked by Presence (n = 400)
	Rank
	Enabler
	M
	SD
	Interpretation

	1
	Competitive advantage potential
	2.77
	1.29
	Low

	2
	Clear regulatory guidance
	2.73
	1.26
	Low

	3
	Government incentives
	2.71
	1.34
	Low

	4
	Strong leadership support
	2.62
	1.25
	Low

	5
	Available technical expertise
	2.58
	1.16
	Low

	6
	Stakeholder pressure for transparency
	2.37
	1.29
	Low

	7
	Adequate financial resources
	2.32
	1.19
	Low

	8
	Industry association support
	2.17
	0.99
	Low

	9
	Industry peer adoption
	2.09
	1.05
	Low

	10
	Available vendor solutions
	2.08
	1.07
	Low

	
	Overall Enablers Mean (F2)
	2.45
	0.35
	Low


Note: Scale: 1 = Not present, 7 = Strongly present.
The enabler analysis reveals generally low perceived presence of facilitating factors. Available vendor solutions and competitive advantage potential show relatively higher scores, but government incentives, industry association support, and clear regulatory guidance are notably weak. The overall low enabler scores suggest that organizations lack the external support structures that could accelerate AI-to-disclosure integration.
4.10.3 Barrier-Enabler Gap Analysis
Table 4.33 compares the aggregate barrier and enabler levels.
Table 4.33
Barrier-Enabler Comparison
	Measure
	Score
	Interpretation

	Barriers (F1)
	3.67
	Moderate

	Enablers (F2)
	2.45
	Low

	Gap (Barriers - Enablers)
	1.23
	Barriers substantially outweigh enablers



The barrier-enabler gap of 1.23 points indicates that organizations perceive substantially more obstacles than facilitators for AI-to-disclosure integration. This imbalance helps explain the persistent data-to-disclosure gap: even organizations with strong AI capabilities face significant barriers and insufficient enabling support to translate those capabilities into quality human capital disclosure.
5. DISCUSSION, CONCLUSIONS, AND RECOMMENDATIONS
5.1 Introduction
The empirical findings are discussed in relation to the five research objectives, addressing AI integration in compensation systems, human capital disclosure quality, hypothesis testing, framework development, and barrier–enabler analysis. Theoretical contributions, practical implications, study limitations, and directions for future research are presented thereafter.
5.2 Research Objective 1: AI Integration in Compensation Systems
Research Objective 1 examined the extent of AI integration in compensation management systems across manufacturing organizations. The findings reveal a nuanced picture of selective adoption that challenges simplistic narratives of either widespread AI transformation or technological stagnation.
5.2.1 The Selective Adoption Pattern
The overall AI Integration score of 4.73 (Table 4.9) positions manufacturers at a moderate-high level of adoption, suggesting meaningful engagement with AI technologies in compensation management. However, this aggregate figure conceals significant dimensional variation that warrants careful interpretation.
Data output capabilities emerged as the strongest dimension (M = 5.56), followed closely by analytical capabilities (M = 5.26), as documented in Tables 4.7 and 4.5, respectively. These high scores indicate that organizations have invested substantially in AI systems capable of generating comprehensive reports, extracting flexible data views, and performing sophisticated workforce analytics. The near-universal adoption of automated payroll calculations (97.2%) and tax withholding automation (98.0%) shown in Table 4.8 confirms that foundational AI infrastructure is firmly established.
In contrast, technology adoption for advanced applications scored notably lower (M = 3.73, Table 4.4). Machine learning for pattern identification, AI-driven chatbots, and intelligent benefits automation remain underdeveloped. This bifurcation suggests that organizations have prioritized AI investments, delivering immediate operational efficiency gains while deferring more experimental or employee-facing applications.
5.2.2 Theoretical Interpretation
These findings align with the Technology-Organization-Environment (TOE) framework's emphasis on organizational readiness as a determinant of technology adoption. The strong adoption of reporting and analytical functions reflects their alignment with existing organizational processes and clear return-on-investment calculations. Advanced applications requiring greater organizational change—such as AI chatbots that alter employee interaction patterns—face higher adoption barriers despite potentially significant long-term benefits.
The Resource-Based View (RBV) provides additional interpretive leverage. AI analytical and reporting capabilities represent valuable, rare resources that organizations have successfully developed. However, the failure to leverage these capabilities for external disclosure (as documented subsequently) suggests that having resources is insufficient; organizations must also develop complementary capabilities to exploit them.
5.2.3 Implications for the Research Model
The finding that AI systems generate substantial data outputs (Table 4.7) while disclosure quality remains low (Table 4.21) establishes the foundation for the data-to-disclosure gap analysis central to this research. Organizations possess the technological means to produce disclosure-ready human capital information; the challenge lies elsewhere in the value chain connecting data generation to stakeholder communication.
5.3 Research Objective 2: Human Capital Disclosure Quality
Research Objective 2 examined the quality of human capital disclosure and identified the gap between AI-generated data capabilities and actual disclosure practices. The findings reveal significant deficiencies in disclosure quality, representing both a challenge and an opportunity for manufacturers.
5.3.1 The Disclosure Quality Deficit
The overall Human Capital Disclosure Quality score of 2.98 (Table 4.21) falls squarely in the 'Low' interpretation range, indicating systematic underperformance across disclosure dimensions. This finding stands in stark contrast to the moderate-high AI integration levels documented in Section 5.2, immediately highlighting the disconnect between capability and practice.
Dimensional analysis reveals particular weaknesses in accessibility (M = 2.36, Table 4.19) and completeness (M = 2.51, Table 4.15). Organizations rarely provide human capital information in machine-readable formats, maintain dedicated website sections for workforce data, or offer multilingual access. Disclosure completeness suffers from a narrow focus on basic headcount metrics, neglecting employee engagement, diversity, and strategic workforce information.
Comparability represents a notable exception, scoring 4.75 (Table 4.18)—the only dimension exceeding the moderate threshold. This relative strength likely reflects spillover from financial reporting disciplines, where comparability is a fundamental principle. Organizations accustomed to providing comparable financial data appear to apply similar standards when they do disclose human capital information, even if such disclosures are infrequent or incomplete.
5.3.2 The Data-to-Disclosure Gap
Table 4.22 quantifies the central finding of this research: a 1.75-point gap between AI Integration (4.73) and HCD Quality (2.98) on matched 7-point scales. This substantial gap represents unrealized potential—organizations generate sophisticated compensation and workforce data internally but fail to translate these capabilities into stakeholder-accessible disclosure.
The disclosure item checklist (Table 4.20) reinforces this interpretation. Organizations disclose an average of only 9.07 of 20 surveyed human capital items (45.4%). Basic metrics such as employee headcount and total compensation costs have the highest disclosure rates. In contrast, strategically valuable information—gender pay gap analysis, employee satisfaction scores, productivity metrics—remains largely undisclosed, even though it is readily available from AI compensation systems.
5.3.3 Explaining the Gap
Several factors may explain the persistent data-to-disclosure gap. First, disclosure decisions involve strategic considerations beyond data availability. Organizations may withhold information perceived as competitively sensitive or potentially embarrassing, regardless of their technical capacity to produce it. Second, regulatory frameworks in Thailand do not mandate comprehensive human capital disclosure, removing a primary driver of transparency observed in jurisdictions with stronger requirements. Third, as documented in Section 4.10, organizations face significant barriers, including technical expertise gaps and system integration challenges that impede the flow of data from AI systems to disclosure outputs.
Stakeholder theory suggests that organizations prioritize disclosures demanded by powerful stakeholders. In contexts where investors, regulators, and employees do not actively demand human capital transparency, organizations lack the incentive to incur the costs of comprehensive disclosure. The relatively low enabler scores (Table 4.32) confirm weak external pressure for enhanced transparency.
5.4 Research Objective 3: Hypothesis Testing
Research Objective 3 tested hypothesized relationships between AI integration, integration protocols, pay transparency, organizational size, and human capital disclosure quality. The mixed results offer important insights into the conditions under which AI capabilities translate into, or fail to translate into, improvements in disclosure.
5.4.1 The Absence of Direct Effects (H1)
Hypothesis 1 proposed a positive relationship between AI integration and HCD quality. The non-significant negative correlation (r = -0.075, p = 0.132, Table 4.28) contradicts the intuitive expectation that organizations with stronger AI capabilities would produce better disclosures. This null finding is theoretically significant: it demonstrates that technology alone is insufficient to drive improvements in transparency.
The slight negative trend, while non-significant, may reflect a substitution effect in which organizations investing heavily in AI systems for internal efficiency purposes divert attention and resources from external communication functions. Alternatively, organizations with sophisticated internal data capabilities may become more aware of information they prefer to protect, increasing rather than decreasing disclosure aversion.
5.4.2 The Broken Mediation Chain (H2)
Hypothesis 2 proposed that integration protocols would mediate the AI-HCD relationship. The analysis revealed that while AI integration strongly predicts the development of integration protocols (r = 0.380, p < 0.001), integration protocols do not significantly relate to disclosure quality (r = 0.036, p = 0.476). This broken mediation chain indicates that organizations successfully connect AI systems to internal processes but fail to extend these connections to external reporting functions.
The integration protocol findings (Table 4.27) support this interpretation. Governance (M = 5.61) and quality assurance (M = 5.34) mechanisms are well-developed, indicating robust internal data management. However, data integration (M = 3.64) linking systems remains weaker, and crucially, these integration efforts do not extend to disclosure processes. Organizations have built effective internal data pipelines that terminate before reaching external stakeholders.
5.4.3 The Enabling Role of Pay Transparency (H3)
Hypothesis 3 received empirical support, demonstrating that pay transparency significantly moderates the AI-HCD relationship (z = 2.25, p = 0.024, Table 4.29). Under high pay transparency conditions, AI integration shows a weakly positive relationship with disclosure quality (r = 0.065), while under low transparency conditions, the relationship becomes negative (r = -0.160).
This moderation effect carries substantial theoretical and practical implications. Pay transparency appears to function as an organizational enabling condition that unlocks the disclosure potential of AI capabilities. Organizations with established transparency cultures—where compensation information flows more freely internally—demonstrate greater capacity to extend that transparency externally through human capital disclosure.
The pay transparency findings (Tables 4.10-4.14) reveal that while regulatory compliance (M = 5.74) and pay equity analysis (M = 5.44) are well-developed, internal transparency with employees (M = 3.38) lags considerably. This internal opacity may create cultural barriers to external disclosure: organizations unaccustomed to sharing compensation information internally are unlikely to embrace external human capital transparency.
5.4.4 Size Effects (H4)
Hypothesis 4 proposed that organizational size would moderate the AI-HCD relationship, with larger organizations showing stronger positive effects. The inconsistent pattern across size categories (Table 4.28) failed to support this hypothesis. While smaller organizations showed negative correlations, larger organizations showed slight positive correlations, but the pattern lacked statistical consistency.
This null finding challenges resource-based assumptions that larger organizations, with greater resources for both AI investment and disclosure activities, would demonstrate superior performance. Size alone does not determine an organization's capacity to translate AI capabilities into disclosure quality; other factors—particularly pay transparency culture, as demonstrated by H3—appear more influential.
5.5 Research Objectives 4-5: Framework Development and Validation
Research Objectives 4 and 5 addressed the development and validation of a practical implementation framework connecting AI-driven compensation data to human capital disclosure. The tiered framework presented in Table 4.30 emerged from the empirical findings and received preliminary validation through cross-segment analysis.
5.5.1 Framework Rationale
The framework categorizes organizations into four tiers based on AI maturity, each with corresponding disclosure expectations and strategic recommendations. This tiered approach acknowledges that organizations at different developmental stages require different interventions. Tier 1 organizations lacking basic AI infrastructure should prioritize foundational technology investments before addressing disclosure concerns. Tier 4 leaders with mature AI capabilities should focus on strategic differentiation through comprehensive transparency.
The framework's emphasis on pay transparency as an enabling condition reflects the empirical support for Hypothesis 3. Organizations seeking to advance through the tiers should simultaneously develop AI capabilities and transparency cultures, recognizing that technological investment alone will not deliver improvements in disclosure.
5.5.2 Framework Validation
Cross-segment analysis confirmed the framework's broad applicability. The data-to-disclosure gap persisted across industry subsectors (Table 4.2), ownership structures, and organizational sizes, indicating that the framework addresses a universal challenge rather than a segment-specific phenomenon. Thai-owned, Japanese-owned, and joint-venture organizations all demonstrated similar patterns in which AI capability exceeded disclosure quality.
The barrier-enabler analysis (Tables 4.31-4.33) provides additional validation by identifying implementation challenges the framework must address. Technical barriers—implementation costs, expertise gaps, integration challenges—require targeted interventions at each tier. The framework's progression from foundational infrastructure (Tier 1) through integration enhancement (Tier 2) to optimization (Tier 3) and strategic differentiation (Tier 4) aligns with the barrier profile, addressing technical constraints before attempting advanced disclosure strategies.
5.5.3 Framework Limitations
The framework makes a conceptual contribution that requires further empirical validation. Longitudinal research tracking organizations as they progress through tiers would strengthen causal claims about the recommended interventions. Additionally, the framework's applicability beyond manufacturing contexts remains untested; service sectors, smaller enterprises, and organizations in other regulatory environments may require framework adaptations.
5.6 Barriers and Enablers Discussion
The barrier-enabler analysis provides crucial context for understanding why the data-to-disclosure gap persists despite evident technological capabilities. The substantial imbalance between barriers (M = 3.68) and enablers (M = 2.45) documented in Table 4.33 creates an unfavorable implementation environment.
5.6.1 Barrier Analysis
The barrier ranking (Table 4.31) reveals that technical and resource constraints dominate. High implementation costs, lack of technical expertise, data quality issues, and system integration challenges rank among the top concerns. Importantly, organizational resistance to change and limited management support rank lower, suggesting that attitudinal barriers are less problematic than capability constraints.
This pattern carries optimistic implications: organizations appear willing to enhance human capital disclosure but lack the means to do so effectively. Interventions targeting technical capability development may be more effective than change management initiatives aimed at organizational culture. Training programs, technology partnerships, and standardized integration tools could address the most significant barriers identified.
5.6.2 Enabler Deficiencies
The low enabler scores (Table 4.32) indicate weak external support for AI-to-disclosure integration. Government incentives, industry association support, and clear regulatory guidance all score poorly, suggesting that organizations operate in an unsupportive institutional environment. Stakeholder pressure, often cited as the primary driver of voluntary disclosure, plays a relatively limited role, consistent with the underdeveloped investor mobility culture in Thailand's manufacturing sector.
The absence of regulatory mandates for human capital disclosure in Thailand removes a primary enabler observed in jurisdictions like the European Union, where Directive 2014/95/EU requires organizations with 500 or more employees to publish corporate responsibility reports covering human capital and social practices (European Parliament, 2014), a requirement subsequently expanded by the Corporate Sustainability Reporting Directive (CSRD), which mandates comprehensive disclosures on ESG factors, including workforce-related matters, for a broader set of large companies and listed SMEs operating within the EU (Durand & Gilbert-d’Halluin, 2024). Without regulatory compulsion, voluntary adoption depends on perceived competitive advantage, an enabler that scored relatively higher but remains insufficient to overcome technical barriers.
5.6.3 Policy Implications
The imbalance between barriers and enablers suggests opportunities for policy intervention. Government agencies could strengthen enablers by offering disclosure incentives, providing technical assistance programs, or issuing regulatory guidance clarifying expectations for human capital transparency. Industry associations could develop standardized reporting frameworks, reducing the technical burden on individual organizations. Professional bodies could offer training programs addressing the expertise gaps identified as significant barriers.
5.7 Theoretical Contributions
Several theoretical contributions emerge from this study, spanning literature on technology-enabled transparency, human capital accounting, and organizational disclosure behavior.
5.7.1 Technology-Transparency Relationship
The non-significant direct relationship between AI integration and disclosure quality (H1) challenges technology-deterministic assumptions prevalent in practitioner discourse. The finding that sophisticated AI capabilities do not automatically enhance transparency contributes to a more nuanced understanding of technology's role in organizational behavior. Technology creates possibilities but does not determine outcomes; organizational factors mediate between capability and practice.
The significant moderation effect of pay transparency (H3) advances understanding of enabling conditions for technology-driven transparency. This finding suggests that organizational culture—specifically, established norms around information sharing—shapes technology utilization patterns.
5.7.2 Human Capital Accounting Theory
Documenting a substantial data-to-disclosure gap contributes to the human capital accounting literature by identifying a previously underexplored bottleneck. Prior research has focused on measurement challenges, with the literature remaining inconclusive. No well-established approach has yet been developed for constructing valid metrics for human capital value (Mehta et al., 2025), and measurement of human capital within traditional accounting systems continues to face substantial conceptual and practical challenges, with human capital still often treated as an expense rather than an asset (Prasetia & Maisarah, 2025).
The comparability finding, where organizations apply financial reporting principles to human capital disclosures (Section 4.6.4; Table 4.18, M = 4.75), suggests potential to leverage existing reporting competencies. Future standard-setting efforts might build upon organizations' established comparability practices rather than introducing entirely novel disclosure frameworks.
5.7.3 Stakeholder Theory Extensions
The barrier-enabler analysis extends stakeholder theory by documenting the conditions under which organizations respond to stakeholder information needs. The weak presence of enablers, particularly stakeholder pressure (M = 2.45, Table 4.32), helps explain limited disclosure despite capability, with the barrier-enabler gap of 1.23 points (Table 4.33) reflecting an institutional environment that does not actively compel transparency. Stakeholder theory's emphasis on organizational responsiveness to stakeholder demands appears contingent on stakeholders actually articulating and enforcing those demands — a condition not satisfied in the EEC manufacturing context.
5.8 Practical Guidance for Business Leaders
The findings of this study carry important implications for business practitioners seeking to enhance human capital transparency within their organizations. The following guidance translates the empirical results into actionable recommendations for executives, managers, and professionals in manufacturing organizations.
A central finding is that most EEC manufacturing organizations already possess substantial AI-driven data capabilities, but these capabilities are not being converted into meaningful external disclosure. Nearly all surveyed organizations (97–98%) have automated basic payroll calculations (Table 4.8), and AI data output capabilities scored highly overall (M = 5.56, Table 4.7). Despite this, organizations disclose on average fewer than half of the human capital items that investors and regulators increasingly expect to see, an average of 9.07 out of 20 surveyed items (Table 4.20). The gap, therefore, does not lie in data availability but in the deliberate translation of internal data into external communication.
Practitioners are encouraged to begin by conducting an internal audit of existing system outputs. Payroll platforms, human resource information systems, and analytics tools likely generate reports that could form the basis for external disclosure with minimal additional investment. The priority should be to redirect existing capabilities rather than to acquire new technology.
A progressive disclosure approach is recommended. Organizations should begin with foundational items (employee headcount, total workforce costs, and training expenditures) before advancing to more complex disclosures such as pay equity analysis and employee engagement metrics. This staged approach allows organizations to build disclosure competencies incrementally while managing resource constraints.
Internal transparency culture warrants particular attention. The moderation analysis (Table 4.29) confirmed that organizations with higher levels of pay transparency demonstrated a significantly stronger positive relationship between AI integration and disclosure quality (H3 supported, z = 2.25, p = 0.024). Organizations that communicate compensation structures openly internally are better positioned to extend that transparency to external stakeholders. Developing internal communication norms around compensation decisions is, therefore, a foundational step toward improved external disclosure.
The barrier analysis (Table 4.31) identified high implementation costs, lack of technical expertise, and system integration challenges as the most significant obstacles. Notably, resistance to change and limited management support ranked considerably lower, suggesting that when organizational leadership prioritizes transparency, operational barriers become more tractable. Investment in technical capacity building, through staff training, vendor partnerships, or industry association support, is therefore more likely to yield disclosure improvements than change management initiatives alone.
Finally, proactive disclosure development is advisable to anticipate evolving regulatory expectations. Thailand does not currently mandate extensive disclosure of human capital; however, as documented in Section 5.6.2, global regulatory trends, particularly within the European Union, indicate that requirements are likely to intensify. Organizations that develop disclosure frameworks in advance will be better positioned for compliance and may derive a competitive advantage by signalling to sophisticated investors and business partners that human capital is managed strategically and transparently.
5.9 Study Limitations
Several limitations should be considered when interpreting the findings of this research. Acknowledging these constraints provides an appropriate context for the conclusions drawn and identifies opportunities for future research to address remaining gaps.
Methodological Limitations. The cross-sectional research design captures relationships at a single point in time, precluding causal inference about the direction of effects. While the theoretical model proposes that AI integration influences disclosure quality, the correlational data cannot definitively establish causation. Longitudinal research tracking organizations over time would strengthen causal claims.
Self-reported survey data introduces potential response biases. Respondents may overstate AI capabilities or disclosure practices due to social desirability concerns. While attention check items and consistency screening addressed data quality, objective verification of reported practices was not feasible within the research scope.
Sampling Limitations. As noted in the study's delimitations (Section 1.5), the research was intentionally bounded to EEC manufacturing organizations to ensure contextual coherence. As a consequence, the findings and framework require validation in diverse sectors, geographic contexts, and regulatory environments before broader generalization can be claimed. Manufacturing firms in Thailand's industrial heartland may differ systematically from service sector organizations, smaller enterprises, or firms operating under different institutional conditions.
The 47.1% response rate (Table 4.1), while acceptable for organizational survey research, raises concerns about non-response bias. Organizations' declining participation may differ from respondents in ways relevant to the research questions. The non-response bias analysis found no significant early–late differences among respondents, but unobserved systematic differences cannot be ruled out.
Measurement Limitations. The disclosure quality assessment relied on respondent perceptions rather than direct content analysis of disclosure documents. Future research could complement survey methods by systematically coding actual annual reports and corporate communications to validate self-reported disclosure practices.
The tiered framework (Table 4.30) constitutes a conceptual contribution that requires empirical validation. The proposed tier boundaries and progression paths are theoretically grounded but have not been tested through implementation studies that track organizational advancement across tiers.
5.10 Recommendations for Future Research
The findings of this research open several avenues for future investigation. These recommendations address theoretical extensions, methodological improvements, and practical applications.
5.10.1 Longitudinal Research
Future studies should employ longitudinal designs tracking organizations over multiple time periods. Such research could examine whether improvements in AI integration precede enhancements in disclosure quality, thereby strengthening causal inference. Panel data would also enable analysis of framework tier progression, testing whether organizations following recommended pathways achieve predicted outcomes.
5.10.2 Multi-Context Validation
Replication in diverse contexts would enhance understanding of boundary conditions. Research in service sectors, different countries, and varying regulatory environments would reveal whether the data-to-disclosure gap and its moderators generalize beyond EEC manufacturing. Comparative studies across regulatory regimes could isolate the effects of mandatory versus voluntary disclosure requirements.
5.10.3 Qualitative Exploration
Qualitative research could deepen understanding of the mechanisms underlying the quantitative findings. Case studies of organizations successfully closing the data-to-disclosure gap would identify best practices and success factors not captured in survey research. Interviews with disclosure decision-makers could illuminate the strategic considerations influencing transparency choices.
5.10.4 Intervention Studies
Action research or experimental studies testing specific interventions would advance practical knowledge. Evaluating the effectiveness of technical training programs, integration tools, or transparency culture initiatives would provide practitioners with evidence-based guidance. Such studies could validate the framework's recommended interventions at each tier.
5.10.5 Stakeholder Perspectives
This research focused on organizational capabilities and practices. Future studies should examine stakeholder perspectives—investigating what human capital information investors, employees, and other stakeholders actually desire and how they use disclosed information. Understanding demand-side dynamics would complement the current research's supply-side focus.
5.11 Research Conclusions
This study investigated the conditions under which AI integration into compensation systems enhances the quality of human capital disclosure among manufacturing organizations in Thailand's Eastern Economic Corridor. Drawing on institutional theory, stakeholder theory, and the resource-based view, a conceptual framework was developed to examine direct, mediated, and moderated relationships between AI capability and disclosure outcomes. A sequential explanatory mixed-methods design was employed, combining quantitative survey data from 400 organizations with qualitative interview evidence to address five interrelated research objectives.
The central empirical finding, a data-to-disclosure gap of 1.75 points separating AI Integration (M = 4.73) from HCD Quality (M = 2.98), demonstrates that technological capability alone is insufficient to drive transparency. The non-significant direct effect of AI integration on disclosure quality (H1) and the unsupported mediation by integration protocols (H2) challenge technology-deterministic assumptions in the literature. Pay transparency emerged as a significant positive moderator (H3), revealing that organizational culture and internal transparency norms are prerequisite enabling conditions for translating AI data capabilities into stakeholder-accessible disclosure.
The tiered AI-HCAD implementation framework, developed and validated across organizational segments, offers practitioners a stage-appropriate pathway to closing the data-to-disclosure gap. Barrier-enabler analysis confirms that technical constraints and weak external support structures ( including limited regulatory guidance and the absence of industry-level frameworks) sustain the gap, indicating that policy intervention and industry coordination are necessary complements to firm-level investment.
Theoretically, this research advances understanding of technology-enabled transparency by demonstrating that institutional readiness, rather than technological capacity, governs disclosure outcomes in emerging-economy manufacturing contexts. In practice, organizations must invest simultaneously in AI infrastructure and a culture of transparency to realize the potential of their data capabilities. As global stakeholder expectations for human capital disclosure intensify, this study's findings offer a diagnostic framework and an actionable pathway for organizations seeking to align technological investment with meaningful organizational accountability.
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Figure 1. Hypothesized Structural Model
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Figure 2. Sequential Explanatory Mixed-Methods Research Design
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