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Abstract 

The problem addressed in this study was the need to explore the adoption and understanding of 

artificial intelligence (AI) in developing leadership skills and competencies within American 

organizations. The purpose of this qualitative exploratory multiple-case study was to investigate 

how leaders and senior HR/L&D stakeholders in U.S. organizations perceive and adopt AI in 

leadership development. The technology acceptance model (TAM) and unified theory of 

acceptance and use of technology (UTAUT) served as the theoretical framework. Data were 

collected through semi-structured interviews with 12 leaders and senior HR/L&D, operational, 

and technology stakeholders across U.S. organizational contexts. Analysis used inductive coding, 

analytic memoing, cross-case synthesis, and post-coding comparison with TAM/UTAUT 

constructs; credibility was supported through transcript review, member checking, and summary 

validation. Findings showed that participants viewed AI adoption as conditional. AI was useful 

for speed, scale, coaching, simulation, practice, and personalization, but adoption depended on 

ethics, oversight, governance, communication, workflow fit, trust, and readiness. The study 

concluded that AI-enabled leadership development requires technical capability, human 

judgment, readiness, and responsible governance. Implications include clearer oversight, policy, 

communication, and implementation practices; future research should examine sector-specific 

adoption, employee perspectives, longitudinal outcomes, and specific AI use cases. 

Keywords: artificial intelligence, leadership development, technology acceptance model, 

UTAUT, qualitative research 
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Chapter 1: Introduction 

Artificial Intelligence (AI) has been recognized as a transformative force capable of 

significantly enhancing decision-making and operational efficiency across various industries 

(Sacavém et al., 2026; González-Reyes et al., 2026). This ongoing technological revolution has 

reached sectors such as healthcare, finance, manufacturing, and retail, creating new opportunities 

for growth and innovation (González-Reyes et al., 2026). Although AI is widely used across 

various domains, research indicates that its application within leadership development in 

American organizations remains limited, highlighting a significant gap that warrants further 

investigation (Abasaheb & Subashini, 2023; Sacavém et al., 2026). 

The role of AI in leadership development is multifaceted and transformative. Predictive 

analytics allowed leaders to anticipate trends and challenges, enabling more informed, data-

driven decisions (Park et al., 2024; Sacavém et al., 2026; Vargas Portillo, 2025). AI-powered 

real-time feedback systems can deliver immediate insights into leadership practices and team 

dynamics, driving continuous improvement and personalized learning (Abasaheb & Subashini, 

2023). Adaptive learning systems, for example, can customize training to individual leaders, 

maximizing development efficiency and organizational impact (Vargas Portillo, 2025). 

However, a variety of barriers prevents the full integration of AI into leadership 

development. Many leaders may perceive AI as too complex or irrelevant for their roles, 

believing it to be the province of technical experts rather than strategic decision-makers 

(Abasaheb & Subashini, 2023; Madanchian et al., 2024; Sacavém et al., 2026; Welch, 2025). As 

a result, the gap between the technological promise and practical adoption of AI in leadership has 

become a key area needing further exploration to keep organizations competitive in a fast-

evolving environment (Madanchian et al., 2024). 
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The increasing complexity of organizational leadership requires advanced technologies 

and refined strategies (Gupta, 2024). Future leaders are challenged to operate globally, lead 

diverse teams, and act decisively under conditions of volatility and uncertainty (Gupta, 2024). 

While traditional development approaches remain relevant, they may no longer suffice to prepare 

leaders for new digital challenges. Instead, AI-driven programs offered enhanced analytics and 

tailored feedback, fostering adaptability and developing new leadership competencies (Gupta, 

2024). 

This underutilization is further compounded by the lack of frameworks to address 

essential factors influencing organizational AI adoption. Key issues, such as the perceived 

usefulness and ease of use of AI tools, continue to be misunderstood by many leaders across 

industry contexts (Ajzen, 1991; Venkatesh et al., 2003). Organizational culture, social 

influences, and other dynamics that could either support or impede AI integration require greater 

scholarly focus to enable successful leadership development initiatives (Venkatesh et al., 2016). 

Without clear frameworks, leaders may avoid using AI-based development tools due to 

uncertainty, leading to limited experience and greater resistance to future adoption (Dahlander et 

al., 2023). This challenge is exacerbated by the constant evolution of AI tools. Organizations that 

do not act to blend AI with their leadership development processes risk losing ground to 

competitors adept at leveraging advanced technologies (González-Reyes et al., 2026). 

These ongoing barriers hinder the formation of adaptive leadership skills and reduce 

organizational agility. Effective organizations need leaders who can drive digital transformation 

and make sound judgments regarding the adoption of new technologies (Gupta, 2024). Those 

lacking exposure to AI in their own professional growth may be less effective in championing 
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AI-related projects or could make suboptimal technology investment decisions (Park et al., 

2024). 

The repercussions of neglecting AI in leadership extend to broader economic contexts; 

entire industries are being reshaped by disruption, necessitating leaders with greater 

technological fluency (Sacavém et al., 2026; González-Reyes et al., 2026). Addressing this issue 

is key to preparing leaders to operate effectively amid increasing technological complexity, 

while centering development on human leadership values. Modern leadership theory emphasizes 

adaptability, ongoing learning, and fluency with technology as central components of effective 

digital-age leadership (Klus & Müller, 2021; Madanchian et al., 2024). Existing development 

programs often lack the capacity to build these competencies in relation to AI and emerging 

technologies, amplifying the skills gap for those in senior roles. 

To guide examination of this underutilization, this study employed the technology 

acceptance model (TAM) and the unified theory of acceptance and use of technology (UTAUT). 

TAM offered a framework for understanding how perceived usefulness and ease of use shape 

attitudes toward technology (Davis, 1989). Meanwhile, UTAUT extends this framework by 

considering social influences and contextual conditions that can further affect technology 

adoption in organizations. These frameworks highlight adoption factors such as performance 

expectancy, the role of social influence, and challenges surrounding integration with current 

leadership systems (Davis, 1989; Venkatesh et al., 2016). For instance, whether leaders believe 

AI can improve their effectiveness, how peers and organizational culture support or discourage 

integration, and concerns over complexity or compatibility were all relevant (Venkatesh et al., 

2016). 
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Bridging the gap between AI's potential and its practical implementation in leadership 

requires understanding the psychological, social, and organizational factors influencing 

acceptance (Shaqra, 2023). Successful adoption hinges on both AI's technical capabilities and 

leaders' willingness to integrate these tools into their development. Research must explore both 

the technology and the human experiences shaping its adoption in leadership contexts 

(Madanchian et al., 2024; Welch, 2025). 

Through a qualitative, exploratory multiple-case study, this research examined leadership 

perceptions and integration of AI, as well as the obstacles and factors that enable successful 

adoption. The multiple-case study approach supported analysis across organizational types, 

cultures, and leadership levels, thus helping to reveal how contexts shape adoption (Yin, 2018). 

A qualitative emphasis enabled in-depth exploration of how leaders view, experience, and decide 

about AI in development settings. Interviews and case studies allowed the capture of nuanced 

perspectives not accessible through quantitative approaches, generating empirical insights into 

technology adoption as a social and psychological process (Yin, 2018). 

The completed study sought to provide actionable recommendations that organizations 

can employ to integrate AI into leadership programs. These strategies were designed to balance 

the technical and human aspects of implementation, thereby increasing acceptance and 

effectiveness (Russell & Norvig, 2021). 

This research sought to equip organizations with approaches aligned to the demands of 

continuous technological change, deepening understanding of how to foster effective AI 

adoption in leadership contexts. As organizations successfully embed AI in their leadership 

development pipelines, they stand to gain improvements in innovation, overall performance, and 

future readiness (González-Reyes et al., 2026). 
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Statement of the Problem 

The problem addressed in this study was the need to explore the adoption and 

understanding of Artificial Intelligence (AI) in developing leadership skills and competencies 

within American organizations, as existing research indicates gaps in its application and 

integration (González-Reyes et al., 2026; Nimon et al., 2024; Yasmeen, 2025). While AI has 

proven its ability to enhance leadership development through predictive analytics, real-time 

feedback, and adaptive learning systems, many leaders view it as overly complex or irrelevant to 

their needs (Abasaheb & Subashini, 2023; Madanchian et al., 2024). These challenges are 

intensified by the lack of comprehensive frameworks addressing perceived usefulness, ease of 

use, and the impact of organizational dynamics (Ajzen, 1991; Venkatesh et al., 2016). 

The failure to adopt AI affects leaders, organizations, and industries that rely on dynamic 

leadership to remain competitive in the rapidly evolving technological landscape (Sacavém et al., 

2026). Leaders who do not integrate AI into their practices miss critical opportunities to enhance 

decision-making, adaptability, and innovation through data-driven insights (Park et al., 2024). 

Consequently, organizations face increased risks of stagnation, limited agility, and diminished 

ability to respond to complexities in the global business environment (Dahlander et al., 2023). 

What remains unknown is how leaders’ perceptions of AI shape their adoption behaviors 

and the ways these perceptions can be positively influenced to encourage integration. Without 

addressing these gaps, organizations risk perpetuating outdated leadership development models, 

further reducing their ability to adapt to emerging challenges and opportunities (Shaqra, 2023). 

This study sought to identify barriers to AI adoption and offer actionable strategies to align 

leadership development practices with the demands of the digital era. The failure to adopt AI in 

leadership development practices has significant consequences for organizations and industries, 
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including stagnation, reduced agility, and diminished competitiveness in the global market 

(Madanchian et al., 2024; Park et al., 2024). Leaders who do not integrate AI into their decision-

making processes miss critical opportunities to enhance adaptability and innovation, which are 

essential in navigating the complexities of the global business environment (Park et al., 2024). 

This lack of integration leads to organizational stagnation, reduced agility, and an inability to 

respond effectively to market changes, resulting in diminished competitiveness and potential loss 

of market share (Dahlander et al., 2023; Sacavém et al., 2026). Perpetuating outdated leadership 

development models leaves organizations ill-equipped to address emerging opportunities and 

threats in a rapidly evolving technological landscape (Shaqra, 2023). By addressing these issues, 

the research seeks to empower leaders and organizations to fully leverage AI’s transformational 

potential, enabling them to thrive in an increasingly data-driven world. 

Purpose of the Study 

The purpose of this qualitative exploratory multiple-case study was to investigate how 

leaders and senior HR/L&D stakeholders in U.S. organizations perceive and adopt artificial 

intelligence (AI) in leadership development. 

This study addressed the need to explore the adoption and understanding of Artificial 

Intelligence (AI) in developing leadership skills and competencies within American 

organizations, as existing research indicates gaps in its application and integration (González-

Reyes et al., 2026; Yasmeen, 2025). While AI possesses transformative potential through 

adaptive learning systems and predictive analytics, its widespread adoption remains limited due 

to perceptions of complexity and irrelevance (Abasaheb & Subashini, 2023; Park et al., 2024). 

To address these challenges, this study was grounded in TAM and UTAUT constructs to explore 

how leaders' perceptions influence their willingness to adopt AI (Venkatesh et al., 2016). 
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The methodology employed a three-phase approach. Phase one included a literature 

review to establish the theoretical and empirical contexts for AI-enabled leadership development 

and TAM/UTAUT adoption constructs (Venkatesh et al., 2003). Phase two used semi-structured 

interviews with 12 leaders and senior HR/L&D stakeholders from varied U.S. organizational 

contexts to explore ethical concerns, usefulness, ease of integration, adoption decisions, and 

organizational influences (Creswell & Poth, 2016). Phase three used thematic analysis and cross-

case synthesis to identify patterns across participant accounts and generate practice-oriented 

recommendations (Braun & Clarke, 2006). 

The findings may provide practical solutions and theoretical contributions, empowering leaders 

to better understand and integrate AI into their development initiatives while positioning AI as a 

critical tool for enhancing competitiveness in modern organizational ecosystems (González-

Reyes et al., 2026). 

Introduction to Framework 

This study addressed the need to explore the adoption and understanding of Artificial 

Intelligence (AI) in developing leadership skills and competencies within American 

organizations by utilizing the technology acceptance model (TAM) and the unified theory of 

acceptance and use of technology (UTAUT) as guiding frameworks (Abasaheb & Subashini, 

2023; Davis, 1989; Venkatesh et al., 2003). These complementary frameworks were used to 

examine critical adoption factors, supporting the exploration of how leaders' perceptions, 

attitudes, and behaviors may influence the integration of AI into leadership training (Zahrani, 

2025; Weis et al., 2026). 

The technology acceptance model provides a foundational lens through its core 

constructs, perceived usefulness and perceived ease of use, which are expected to shape leaders' 
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attitudes and behavioral intentions toward AI adoption (Davis, 1989). Building on TAM, 

UTAUT expands this exploration by examining constructs such as performance expectancy, 

effort expectancy, social influence, and facilitating conditions (Venkatesh et al., 2003). Together, 

these frameworks offered a robust approach for investigating individual, social, and 

organizational factors expected to drive AI adoption in leadership development. 

The problem investigated was the need to explore the adoption and understanding of 

Artificial Intelligence (AI) in developing leadership skills and competencies within American 

organizations, as existing research indicates gaps in its application and integration (González-

Reyes et al., 2026; Yasmeen, 2025), which appears to stem from insufficient understanding and 

negative perceptions regarding its ease of use and practical value (Abasaheb & Subashini, 2023; 

Madanchian et al., 2024). Leaders may perceive AI as overly complex or irrelevant to their 

training strategies, which can contribute to its limited adoption in cultivating essential leadership 

competencies (Venkatesh et al., 2003, 2016). This study, therefore, examined how leaders' 

attitudes, beliefs, and organizational factors impacted their willingness to adopt AI in leadership 

programs (Davis, 1989; Venkatesh et al., 2016). 

The purpose of this qualitative exploratory multiple-case study was to investigate how 

leaders and senior HR/L&D stakeholders in U.S. organizations perceive and adopt artificial 

intelligence (AI) in leadership development. By integrating TAM and UTAUT as guiding 

frameworks, this study examined the critical constructs needed to understand how leaders’ 

perceptions, attitudes, and organizational environments may shape their willingness to 

implement AI tools (Shaqra, 2023; Venkatesh et al., 2016). 

The research questions were designed to explore the factors influencing AI adoption, 

focusing on anticipated ethical implications such as bias and fairness, perceptions of AI's long-
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term usefulness and ease of integration, and organizational and social factors that may affect 

adoption behaviors (Mittelstadt et al., 2016; Cath et al., 2018). The combined use of TAM and 

UTAUT helped ensure a comprehensive examination of both individual and contextual factors, 

supporting a systematic exploration of barriers and enablers that may affect leaders' integration 

of AI technologies, while fostering adaptive leadership practices (González-Reyes et al., 2026; 

Russell & Norvig, 2021). 

Introduction to Research Methodology and Design 

This research used a qualitative, exploratory multiple-case study design to investigate the 

need to explore the adoption and understanding of Artificial Intelligence (AI) in developing 

leadership skills and competencies within American organizations, as existing research indicates 

gaps in its application and integration (González-Reyes et al., 2026; Yasmeen, 2025). Qualitative 

research emphasizes understanding human experiences and perceptions, making it ideal for 

examining how leaders adopt and integrate AI into leadership practices (Creswell & Poth, 2016). 

The multiple-case study approach provided the opportunity to analyze distinct organizational 

contexts, revealing patterns and insights that might otherwise remain obscured (Yin, 2018; Stake, 

1995). 

This methodology allowed for an in-depth exploration of the perceptions, ethical 

dilemmas, and contextual factors influencing AI adoption. The approach supported examination 

of AI's long-term potential and its role in shaping adaptive and innovative leadership practices, 

as highlighted by recent advancements in technology research (González-Reyes et al., 2026). 

Through its alignment with the study's objectives, this methodology contributed significantly to 

understanding how AI can be effectively and ethically integrated into leadership practices. 
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Research Questions 

RQ1 

How do leaders describe the ethical implications of AI in leadership development? 

RQ1a. How do leaders describe the influence of those ethical perceptions on their willingness to 

adopt AI in leadership development? 

RQ2 

How do leaders describe the long-term usefulness and ease of integrating AI into 

leadership development programs? 

RQ2a. How do leaders describe the factors that influence their AI adoption decisions? 

RQ3 

How do leaders describe the organizational and social factors that influence their attitudes 

and behaviors toward adopting AI in leadership development? 

Significance of the Study 

Guided by the complementary frameworks of the technology acceptance model (TAM) 

and the unified theory of acceptance and use of technology (UTAUT), this study addresses the 

critical gap in understanding how Artificial Intelligence (AI) can be effectively integrated into 

leadership development. By exploring the impact of AI on leadership practices, this research 

highlights key constructs such as perceived usefulness, ease of use, performance expectancy, and 

social influence, alongside ethical considerations and leadership competency advancements. This 

dual-framework approach facilitates a nuanced examination of AI adoption while supporting the 

advancement of leadership strategies that leverage modern technologies (Davis, 1989; Venkatesh 

et al., 2003, 2016). 
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Using TAM and UTAUT as guiding lenses, this study sought to deepen the 

understanding of AI within the context of leadership by investigating real-world applications and 

leaders’ perceptions of AI’s usefulness and ease of integration. These insights addressed 

organizational barriers and ethical considerations leaders face while adopting AI tools. Previous 

works have emphasized the interplay between technology adoption constructs and leadership 

behaviors (Ajzen, 1991; Philip et al., 2023), which this research seeks to expand. Findings may 

inform strategies to overcome adoption obstacles, offering a comprehensive perspective on the 

integration of AI into leadership frameworks. 

This study contextualized TAM and UTAUT within AI-enabled leadership development 

by identifying how participants described social and organizational influences, ethical concerns, 

perceived usefulness, ease of integration, and practical adoption barriers. Rather than testing or 

revising the frameworks as a structural model, the study used them as sensitizing lenses for 

qualitative interpretation. 

Employing TAM and UTAUT, this study developed a qualitative understanding of how 

leaders perceive AI's potential usefulness and ease of integration in leadership development. The 

findings may inform ethical guidelines for transparent, fair, and accountable deployment of AI 

tools and may support practice-oriented decision-making for leadership development programs. 

Definitions of Key Terms 

Adaptive learning systems - Technological platforms that adjust learning content and pace based 

on individual learner performance and preferences, enabling personalized educational 

experiences that evolve in real-time (Vargas Portillo, 2025). 
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Artificial Intelligence (AI) - A field of computer science focused on creating systems capable of 

performing tasks that typically require human intelligence, including learning, reasoning, and 

problem-solving (Russell & Norvig, 2021). 

Bias - Systematic prejudice or unfairness in AI systems that can result in discriminatory 

outcomes or skewed decision-making processes (Mittelstadt et al., 2016). 

Data-driven insights - Information and conclusions derived from systematic analysis of large 

datasets that inform decision-making processes and strategic planning (Park et al., 2024). 

Digital transformation - The comprehensive integration of digital technology across all areas of 

an organization, fundamentally changing how operations are conducted and value is delivered 

(López-Figueroa et al., 2025). 

Fairness - The principle of ensuring equitable treatment and outcomes in AI systems, avoiding 

discrimination against individuals or groups (Cath et al., 2018). 

Leadership competencies - The essential skills, knowledge, and behaviors that enable effective 

leadership performance in organizational contexts (Madanchian et al., 2024). 

Organizational agility - An organization's capacity to rapidly adapt and respond to changing 

market conditions, technological advances, and emerging opportunities (Gupta, 2024). 

Predictive analytics - Advanced analytical techniques that use historical data, statistical 

algorithms, and machine learning to identify patterns and forecast future outcomes (Kayusi et al., 

2025). 

Real-time feedback - Immediate information provided to users about their performance or 

behavior, enabling instant adjustments and continuous improvement (Abasaheb & Subashini, 

2023). 
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Technological complexity - The intricate and multifaceted nature of advanced technologies that 

may create barriers to understanding and implementation (Shaqra, 2023). 

Underutilization - The insufficient or inadequate use of available resources, tools, or 

technologies relative to their potential benefits and capabilities (Abasaheb & Subashini, 2023). 

Summary 

The problem addressed in this study was the need to explore the adoption and 

understanding of Artificial Intelligence (AI) in developing leadership skills and competencies 

within American organizations, as existing research indicates gaps in its application and 

integration (González-Reyes et al., 2026; Yasmeen, 2025). This chapter provides a foundational 

overview of the study, addressing the persistent underutilization and limited understanding of 

Artificial Intelligence (AI) in leadership development within American organizations. Although 

AI demonstrates significant potential to enhance leadership practices through predictive analytics 

and adaptive learning systems, its adoption is hindered by perceptions of complexity and 

irrelevance (Abasaheb & Subashini, 2023; Madanchian et al., 2024). These challenges are 

compounded by the absence of comprehensive frameworks to guide AI's effective integration 

into leadership programs. 

The study leveraged the technology acceptance model (TAM) and the unified theory of 

acceptance and use of technology (UTAUT) as theoretical frameworks. These models emphasize 

perceived usefulness, ease of use, performance expectancy, and social influence, offering a 

robust basis for exploring the nuances of AI adoption (Davis, 1989; Venkatesh et al., 2003, 

2016). By combining these frameworks, the research aimed to understand how individual and 

organizational dynamics shape leaders’ attitudes toward AI in leadership contexts. 
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A qualitative exploratory multiple-case study design was employed to address the study’s 

objectives. The research focused on three primary questions: ethical implications such as bias 

and fairness, leaders' perceptions of AI's long-term usefulness and ease of integration, and the 

organizational and social factors influencing adoption (Mittelstadt et al., 2016; Cath et al., 2018). 

Semi-structured interviews with 12 leaders and senior HR/L&D stakeholders were the primary 

data collection method, ensuring a rich and detailed exploration of these themes (Braun & 

Clarke, 2006). 

The purpose of the study was to identify barriers and enablers to incorporating AI into 

leadership development, with the ultimate goal of bridging the gap between technology’s 

theoretical potential and its practical adoption. This research contributes to leadership 

development by offering actionable strategies, advancing the theoretical constructs of TAM and 

UTAUT, and addressing ethical concerns to create sustainable and innovation-focused leadership 

practices (González-Reyes et al., 2026; Russell & Norvig, 2021). 
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Chapter 2: Literature Review 

The problem addressed in this study was the need to explore the adoption and 

understanding of Artificial Intelligence (AI) in developing leadership skills and competencies 

within American organizations (Adewale & Ndwandwe, 2025; Aminov et al., 2023; González-

Reyes et al., 2026; Yasmeen, 2025). The purpose of this qualitative exploratory multiple-case 

study was to investigate how leaders and senior HR/L&D stakeholders in U.S. organizations 

perceive and adopt artificial intelligence (AI) in leadership development. As Artificial 

Intelligence (AI) continues to evolve, it has been increasingly positioned as a catalyst for 

transforming organizational capabilities and leadership practices (Vargas Portillo, 2025). Despite 

these advances, evidence suggests that the application of AI to leadership development within 

American organizations remains limited (Sacavém et al., 2026; González-Reyes et al., 2026; 

Abasaheb & Subashini, 2023; Pérez-Campdesuñer et al., 2025). Key AI technologies including 

predictive analytics, real-time feedback, and adaptive learning systems hold the potential to 

enhance leadership training and effectiveness, yet many organizations still grapple with 

significant challenges when integrating these tools into their leadership frameworks (Madanchian 

et al., 2024; Poisat et al., 2024). This persistent gap has been attributed to perceptions of 

complexity, uncertainty regarding AI’s usefulness, a lack of comprehensive adoption 

frameworks, and the presence of unresolved ethical and cultural considerations (Ajzen, 1991; 

Venkatesh et al., 2003; Mittelstadt et al., 2016). As organizational agility, adaptability, and 

competitiveness could become increasingly intertwined with technological innovation, 

addressing the root causes of potential AI underutilization in leadership development was critical 

(Gupta, 2024; Dahlander et al., 2023). 
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The main objective of this qualitative exploratory multiple-case study was to investigate 

how leaders perceive and adopt AI in leadership development. By leveraging the technology 

acceptance model (TAM) and the unified theory of acceptance and use of technology (UTAUT) 

as guiding frameworks, the study aimed to systematically examine key constructs such as 

perceived usefulness, ease of use, performance expectancy, and social influence. Through this 

lens, the research sought to uncover both the drivers and inhibitors of AI adoption in leadership 

contexts and generate actionable insights to bridge the gap between AI’s theoretical benefits and 

its practical integration in organizational leadership training. 

The context for this inquiry is shaped by rapid technological change and the increasing 

centrality of digital tools in leadership practice (Sacavém et al., 2026; González-Reyes et al., 

2026; Kayusi et al., 2025; Venkatesh et al., 2003; Madanchian et al., 2024; Dwivedi et al., 2021). 

While AI has demonstrated considerable promise within fields such as marketing, logistics, and 

customer service, its adoption within leadership development has thus far been limited and 

uneven (Madanchian et al., 2024; Alblooshi et al., 2023; Valle-Cruz et al., 2024; Yigitcanlar et 

al., 2025). This literature review situates the study within broader conversations about 

organizational adaptation, digital transformation, and the emerging demands on leaders in a data-

rich environment. It highlights the growing recognition among scholars and practitioners that 

leadership agility and effectiveness now hinge on the ability to harness advanced analytics and 

intelligent technologies (Adewale & Ndwandwe, 2025; Bollaert, 2025). However, organizational 

hesitation, ethical uncertainties, and cultural resistance continue to pose substantial barriers to 

meaningful adoption (Yigitcanlar et al., 2025). By investigating these dynamics in detail, the 

review established the relevance of the study for both academic understanding and practical 

advancement in the field of leadership development. 
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This literature review is organized to provide both a theoretical and practical foundation 

for the study. It begins by outlining the key theoretical frameworks, including TAM and 

UTAUT, that was used to analyze AI adoption in leadership. Next, it examined historical 

perspective, current practices, and exemplary applications of AI within leadership development. 

The review then addresses the primary barriers and challenges expected to impede AI 

integration, including technological, organizational, and ethical dimensions. Finally, it explored 

emerging opportunities and future directions for AI-driven leadership development, concluding 

with a synthesis of key insights that connects the literature to the central aims and research 

questions of this dissertation. 

Documentation 

The systematic literature review for this study employed a comprehensive search strategy 

across multiple academic databases and search engines to ensure thorough coverage of relevant 

scholarship on Artificial Intelligence in leadership development. This methodical approach 

enabled the identification and analysis of current research while maintaining scientific rigor in 

the documentation process. 

The primary search was conducted using three key academic resources that provided 

access to peer-reviewed scholarly content. Google Scholar served as the initial broad-spectrum 

search engine, offering comprehensive coverage across disciplines and providing access to 

citation networks that enabled the identification of seminal works and emerging research trends. 

EBSCO databases provided access to premium academic content, including specialized business 

and management journals relevant to leadership development research. The National University 

libraries’ databases offered additional institutional access to scholarly resources, including 

specialized collections and academic publications not readily available through other platforms. 
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These databases provided pathways to high-quality peer-reviewed journals and 

authoritative sources, including publications from the Harvard Business Review, which offered 

practitioner-oriented insights that complemented the academic literature. The combination of 

these resources ensured comprehensive coverage of both theoretical frameworks and practical 

applications of AI in leadership contexts (Davis, 1989; Venkatesh et al., 2003). 

The search strategy employed a systematic approach with carefully defined parameters to 

ensure comprehensive yet focused results. The temporal scope of the search prioritized recent 

publications, with the majority of sources published from 2013 onwards to ensure relevance to 

contemporary leadership challenges and current AI capabilities (Abasaheb & Subashini, 2023; 

Madanchian et al., 2024). This timeframe was selected to capture the evolution of AI 

technologies while maintaining focus on developments most applicable to current organizational 

contexts. 

The search encompassed multiple types of literature to provide comprehensive coverage 

of the research domain, spanning 1989 to 2025. Peer-reviewed academic articles served as the 

primary foundation, supplemented by industry reports that offered practical insights into AI 

implementation in organizational settings. Books from established publishers offered theoretical 

depth and historical context, while credible websites and conference proceedings provided access 

to emerging research and cutting-edge developments in the field (Goswami et al., 2023). 

The search strategy utilized a structured combination of keywords designed to capture the 

intersection of artificial intelligence and leadership development. Primary search terms included 

"Emotional Intelligence in Leadership", "Artificial Intelligence in Leadership", "EI and AI 

Integration", and "Future Leadership Trends". These broad terms established the foundational 

scope of the inquiry. 
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Secondary search combinations focused on specific applications and theoretical 

frameworks. Terms such as "technology acceptance model" and "TAM leadership" were used to 

identify literature related to technology adoption in leadership contexts (Davis, 1989; Martins et 

al., 2021). Similarly, searches for "UTAUT leadership development" and "unified theory of 

acceptance and use of technology" targeted research examining organizational factors in 

technology adoption (Venkatesh et al., 2003; Patnaik & Bakkar, 2024). 

Application-specific searches employed terms including "predictive analytics leadership", 

"AI-powered simulations", and "personalized coaching systems" to identify research on specific 

AI implementations in leadership development (Frimpong & Wolfs, 2024; Shaqra, 2023). 

Barrier-focused searches utilized combinations such as "AI adoption challenges", "organizational 

resistance technology", and "ethical AI leadership" to identify literature addressing 

implementation obstacles (Alblooshi et al., 2023; Mittelstadt et al., 2016). 

Advanced search strategies employed Boolean operators to create more precise queries. 

For example, searches combined terms using AND operators such as "artificial intelligence" 

AND "leadership development" AND "adoption barriers" to identify research at the specific 

intersection of these concepts (Fernandes et al., 2024). OR operators were used to capture 

variations in terminology, such as "artificial intelligence" OR "machine learning" OR "AI 

technologies" in leadership contexts (Almaiah et al., 2022). 

The selection process prioritized articles published in high-impact journals and those with 

significant citation frequencies to ensure academic rigor and scholarly influence. Abstracts and 

conclusions were systematically reviewed to verify alignment with research objectives before 

full-text analysis (Cotrim & Da Silva Gomes, 2024). The inclusion criteria emphasized empirical 

26 



 

 

 

 

 

 

 

 

 

 

studies, theoretical frameworks, and comprehensive reviews that contributed meaningful insights 

to understanding AI adoption in leadership development. 

This comprehensive documentation approach ensured that the literature review captured 

both the breadth and depth of current scholarship while maintaining methodological rigor 

essential for producing reliable and actionable research insights (Sharma et al., 2025). The 

systematic nature of this search strategy provides a solid foundation for understanding the 

complex landscape of AI integration in leadership development, establishing the empirical basis 

for the study's theoretical and practical contributions. 

Framework  

The theoretical foundation for this study rested on two complementary models that have 

proven instrumental in understanding technology adoption behaviors (Davis, 1989; Venkatesh et 

al., 2003): the technology acceptance model (TAM) and the unified theory of acceptance and use 

of technology (UTAUT). These frameworks served as the lens through which the study 

examined leaders' perceptions, attitudes, and behavioral intentions toward integrating AI into 

leadership development programs. By combining these models, the research captured both 

individual cognitive processes and broader organizational dynamics that influence technology 

adoption in leadership contexts. 

Technology Acceptance Model (TAM) 

The technology acceptance model (TAM) was developed by Fred D. Davis in 1989 to 

provide an empirically grounded framework for explaining and predicting user acceptance of 

new information technologies within organizations (Davis, 1989). The model is rooted in the 

Theory of Reasoned Action (Ajzen et al., 1980) and emerged at a time when workplaces were 

rapidly adopting computer systems and faced challenges related to employee acceptance and use 
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of these technologies (Venkatesh & Davis, 2000). Davis aimed to identify the underlying 

psychological mechanisms influencing the decision to embrace or resist innovations, with the 

goal of generating actionable insights to support smoother technology transitions in 

organizational contexts (Mat Rashid et al., 2024). 

At the heart of TAM are two key constructs: perceived usefulness (PU) and perceived 

ease of use (PEOU), which predict users' attitudes toward technology, intention to use, and actual 

system use (Davis, 1989; Venkatesh & Davis, 2000). In leadership development, PU describes 

how leaders evaluate the potential of AI technologies to enhance performance, decision-making, 

and skill acquisition, for example, through AI-powered analytics, personalized coaching, or 

adaptive learning environments (Madanchian et al., 2024; Mat Rashid et al., 2024). PEOU, on 

the other hand, assesses whether leaders consider AI-enabled tools intuitive and manageable, 

given that perceptions of complexity often hinder adoption (Abasaheb & Subashini, 2023; 

Alblooshi et al., 2023). 

Building on the original model, TAM2 (Venkatesh & Davis, 2000) introduced additional 

factorssuch as subjective norms (social influence and peer expectations), image (perception of 

how technology use affects status), job relevance (alignment with work tasks), output quality 

(users’ assessments of the system’s results), and result demonstrability (clarity and 

communicability of technology benefits) to better explain and predict technology acceptance in 

organizational settings. TAM2 emphasized the role of social influence and cognitive 

instrumental processes in shaping users’ perceptions and intentions. Later, TAM3 (Venkatesh & 

Bala, 2008) further expanded the theory by integrating determinants of perceived ease of use, 

including anchor factors (such as computer self-efficacy and perceptions from early experience; 

these reflect initial confidence) and adjustment factors. For example, perceived enjoyment and 
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objective usability play an important role in ongoing ease-of-use improvements, shaping users’ 

continued interaction with new technologies over time (Venkatesh, 2000; Venkatesh & Bala, 

2008; Mat Rashid et al., 2024). These factors together clarify how perceived ease of use develops 

and changes over time, which is particularly important for understanding how leaders come to 

accept and consistently use AI-enabled tools within evolving learning environments (Mat Rashid 

et al., 2024; Weis et al., 2026). Both TAM2 and TAM3 offered expanded explanatory power for 

a broader range of technologies and laid the groundwork for the unified theory of acceptance and 

use of technology (UTAUT), which consolidated multiple technology acceptance models 

(Venkatesh & Davis, 2000; Venkatesh & Bala, 2008; Venkatesh et al., 2003). 

Over time, TAM has become a foundational model for research on technology adoption 

and continues to adapt to new technology contexts (Mat Rashid et al., 2024). Scholars have 

combined TAM with constructs from other theories or tailored its constructs to specific domains, 

including the adoption of advanced technologies in healthcare, education, e-commerce, and 

enterprise software (Mat Rashid et al., 2024; Martins et al., 2021). In particular, contemporary 

studies often integrate TAM with UTAUT to examine not only user-centered cognitive factors 

but also social and organizational influences, especially when evaluating complex technologies 

such as AI and analytics in leadership development (Venkatesh et al., 2003; Venkatesh & Bala, 

2008; Venkatesh, Thong, & Xu, 2016; Mat Rashid et al., 2024; Weis et al., 2026; Martins et al., 

2021). 

Recent scholarship has applied TAM to explore the adoption of AI-enabled leadership 

learning platforms. For instance, Gupta (2024) used an extended TAM framework to evaluate 

generative AI technology adoption among entrepreneurs, emphasizing the role of perceived 

usefulness and social influence as key determinants. Similarly, Baroni et al. (2022) investigated 
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user acceptance of human-in-the-loop AI applications, highlighting that ease of use and 

collaborative intention significantly influence engagement with AI tools. These exemplar studies 

demonstrate the ongoing relevance and adaptability of TAM and its derivatives for 

understanding leadership technology adoption in evolving digital contexts. 

TAM has been widely adopted as a foundational model for examining intention, usage, 

and also complex factors such as trust, ethics, and privacy in the context of AI adoption (Mat 

Rashid et al., 2024; Kessler, 2025; Madanchian et al., 2024). In leadership development research, 

TAM and subsequent extensions operationalize adoption antecedents (e.g., perceived usefulness, 

ease of use, social influence, facilitating conditions), allowing researchers to test barrier/enabler 

effects on intention and use with standardized measures (Mat Rashid et al., 2024; Venkatesh & 

Bala, 2008; Martins et al., 2021). Research has identified that TAM’s limited emphasis on social 

and contextual determinants, particularly in collaborative or organizational settings such as 

leadership development, has prompted scholars to incorporate broader models like UTAUT, 

which explicitly integrate variables related to organizational culture, social influence, and the 

multifaceted nature of contemporary technology adoption (Martins et al., 2021; Venkatesh et al., 

2003). 

Unified Theory of Acceptance and Use of Technology (UTAUT) 

The unified theory of acceptance and use of technology (UTAUT) originated with 

Venkatesh, Morris, Davis, and Davis in 2003, at a juncture when information systems research 

was marked by a proliferation of acceptance models, each emphasizing different antecedents to 

user adoption (Venkatesh et al., 2003). The authors developed UTAUT with the explicit 

motivation to unify and synthesize major constructs from prominent frameworks including the 

technology acceptance model (TAM), Theory of Reasoned Action (TRA), Innovation Diffusion 
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Theory (IDT), and others into a single, integrated theory that would offer robust predictive power 

and greater explanatory clarity for technology adoption in organizations. 

The historical impetus for UTAUT’s development was the increasing complexity of 

technology implementation in organizations during the late 1990s and early 2000s (Venkatesh et 

al., 2003). As enterprise systems became central to productivity and strategic operations, 

organizations and researchers noticed that earlier models, while insightful, failed to account for 

the full spectrum of social, infrastructural, and organizational factors shaping adoption on a 

larger scale (Venkatesh et al., 2003). UTAUT was thus constructed to remedy these gaps by 

introducing and empirically validating four core constructs: performance expectancy, effort 

expectancy, social influence, and facilitating conditions. Additionally, the model incorporated 

moderating influences such as age, gender, experience, and voluntariness of use to reflect the 

nuanced ways in which these variables interact in organizational contexts (Venkatesh et al., 

2003). 

Over time, UTAUT’s arc of use reflects both theoretical and practical evolutions. Initially 

applied to study new system rollouts in workplace settings, it provided a methodological 

foundation for analyzing not only direct predictors of behavioral intention but also the interplay 

of workplace culture and leadership support (Mat Rashid et al., 2024). As digital technology 

expanded into consumer and mobile domains, UTAUT was further refined most notably in 

UTAUT2 (Venkatesh, Thong, & Xu, 2012, 2016) to include additional factors such as hedonic 

motivation and price value, broadening its scope beyond the traditional organizational boundary. 

Scholars have since utilized UTAUT in diverse contexts, adapting its constructs and 

measurements for sectors like healthcare, education, e-government, finance, and, increasingly, 

artificial intelligence (Weis et al., 2026). Recent systematic reviews highlight both its empirical 

31 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

reliability and its ability to accommodate new variables relevant to evolving technologies, 

including trust, risk, and ethical considerations (Weis et al., 2026; Martins et al., 2021; 

Venkatesh et al., 2016). 

Current scholarship demonstrates UTAUT’s continued relevance and expansion in the 

study of AI adoption and digital transformation. Researchers are increasingly leveraging the 

model to explore how constructs like performance expectancy and social influence intersect with 

organizational readiness, leadership endorsement, and cultural dynamics to influence the uptake 

of AI-driven tools and analytics platforms (Goswami et al., 2023; Patnaik & Bakkar, 2024; 

Alblooshi et al., 2023). In contemporary applications, especially those involving collaborative or 

knowledge-intensive environments, UTAUT is frequently extended to capture agency, trust, risk 

perception, and the ethical landscape surrounding AI (Weis et al., 2026). Studies have shown that 

the probability of successful technology adoption increases when these broader influences are 

acknowledged and actively managed (Martins et al., 2021). 

Within this study, UTAUT sought to provide an anchor for examining the organizational, 

social, and contextual constructs essential for understanding AI adoption in leadership 

development contexts. Its flexible architecture supports both the inclusion of original core 

constructs and the integration of emerging factors relevant to modern, dynamic organizations. 

This allows for a comprehensive analysis of the enablers and barriers facing leaders and supports 

practitioners in designing targeted interventions grounded in empirical evidence (Mat Rashid et 

al., 2024; Venkatesh et al., 2003; Martins et al., 2021; Weis et al., 2026). 

UTAUT’s performance expectancy construct builds on TAM’s concept of perceived 

usefulness but broadens it to reflect anticipated organizational benefits and the impact of AI 

integration on strategic and team outcomes (Goswami et al., 2023). The framework’s effort 
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expectancy domain likewise mirrors perceived ease of use, yet incorporates considerations 

around learning curves and change management, which are increasingly relevant as 

organizations implement rapidly evolving digital tools. The social influence construct unique to 

UTAUT captures the influence of peer networks, professional communities, and institutional 

leaders, whose endorsement can accelerate or impede adoption (Alblooshi et al., 2023). 

facilitating conditions encompass the technical and organizational infrastructure that facilitates 

sustainable adoption, including access to technical support, training, and policies (Patnaik & 

Bakkar, 2024). 

Recent scholarship has applied UTAUT to both adoption intention and a broader scope of 

post-adoption phenomena, including user adaptation, sustained use, and value realization 

(Venkatesh et al., 2012; Dwivedi et al., 2021; Alblooshi et al., 2023; Goswami et al., 2023; 

Patnaik & Bakkar, 2024). In recent UTAUT-based studies, particularly those published after 

2020, researchers have explored leadership readiness for AI (Goswami et al., 2023), the 

moderating role of organizational culture in AI tool adoption (Alblooshi et al., 2023), and the 

impact of infrastructure and support systems on sustained use (Patnaik & Bakkar, 2024). Recent 

developments in UTAUT demonstrate its applicability as a framework for analyzing technology 

adoption across a range of traditional and emerging domains. In this study, UTAUT was used to 

systematically assess organizational, social, and individual factors influencing AI adoption in 

leadership development within contemporary technological contexts. 

Synthesis and Integration of Frameworks 

The combined application of TAM and UTAUT provided a comprehensive theoretical 

foundation that captures both micro-level cognitive processes and macro-level organizational 

dynamics (Davis, 1989; Venkatesh et al., 2003, 2016) influencing AI adoption in leadership 
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development. This integrated approach enabled the study to examine how individual perceptions 

interact with social pressures, organizational constraints, and environmental factors to shape 

leaders' technology adoption behaviors. 

The synthesis was particularly valuable in addressing the unique challenges associated 

with AI adoption in leadership contexts. Traditional technology adoption models often focus on 

straightforward utility applications, but AI technologies in leadership development involve 

complex considerations related to ethical implications, bias concerns, and the evolving nature of 

leadership roles in digital environments. The combined framework allowed the study to explore 

these nuanced factors while maintaining theoretical rigor. 

The integration supported the study's investigation of ethical and cultural considerations 

that influence AI adoption. While TAM and UTAUT provide strong foundations for 

understanding adoption behaviors, they was enhanced by incorporating contemporary concerns 

about AI transparency, accountability, and fairness that are particularly relevant in leadership 

contexts (Mittelstadt et al., 2016; Cath et al., 2018). This expanded perspective helped ensure 

that the theoretical framework adequately addresses the multifaceted nature of AI adoption in 

leadership development. 

Alignment with Research Questions and Methodology 

This alignment is guided by three research questions. First (RQ1), how leaders perceive 

AI’s ethical implications, such as bias and fairness, and how those views shape willingness to 

adopt AI in leadership development. Second (RQ2), how leaders assess long-term usefulness and 

integration effort, and which factors inform adoption decisions. Third (RQ3), which 

organizational and social influences shape leaders’ attitudes and behaviors toward adopting AI in 

leadership development. 
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In this study, several constructs from the technology acceptance model (TAM), together 

with constructs from the unified theory of acceptance and use of technology (UTAUT), informed 

understanding of leaders’ perspectives on AI adoption. perceived usefulness (PU) refers to the 

extent to which a leader believes that using AI enhanced outcomes in leadership development, 

while perceived ease of use (PEOU) captures how easy or intuitive they find AI tools to interact 

with and implement. attitude toward use (ATT) denotes leaders’ overall positive or negative 

disposition toward incorporating AI into their practices. performance expectancy (PE) highlights 

the belief that AI can improve job or developmental performance, and effort expectancy (EE) 

addresses the amount of effort leaders expect to be required to effectively use these technologies. 

social influence (SI) reflects the impact of peers, organizational culture, or external stakeholders 

on leaders’ intentions and attitudes. facilitating conditions (FC) represent the presence of 

organizational resources or safeguards that could support or hinder adoption. Finally, behavioral 

intention (BI) indicates the degree to which leaders are likely to actively embrace AI in 

leadership development initiatives. 

RQ1: Ethical Implications and AI Adoption 

This question is addressed through UTAUT constructs such as social influence (SI) and 

facilitating conditions (FC), together with TAM-related attitude toward use (ATT) and 

behavioral intention (BI). SI helps illuminate how organizational culture, peer perspectives, or 

external standards, especially around ethics, bias, and fairness, shape leaders’ views on AI 

adoption. FC accounts for the presence or absence of ethical guidelines, training, or institutional 

safeguards that might impact adoption decisions. These contextual factors, alongside leaders’ 

ATT toward AI, come together to influence BI. Methodologically, interview data assessing 
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perceived bias, fairness, SI, FC, ATT, and BI was analyzed through thematic coding to identify 

patterns in ethical consideration and adoption intent. 

RQ2: Long-Term Usefulness and Integration Ease 

To explore leaders’ perceptions of AI’s long-term value and integration ease, this study 

draws on perceived usefulness (PU), performance expectancy (PE), perceived ease of use 

(PEOU), effort expectancy (EE), ATT, and BI. PU and PE reflect the perceived benefits AI can 

bring to leadership programs; PEOU and EE capture the anticipated complexity or simplicity of 

integrating these tools. Together, these constructs shape leaders’ attitudes (ATT) and ultimate 

intentions (BI) regarding adoption. The methodology applies qualitative inquiry to connect 

specific perceptions about usefulness and ease to participants’ reported adoption intentions. 

RQ3: Organizational and Social Influences 

Organizational and social dynamics are examined primarily through SI and FC, with 

additional attention to their impact on ATT and BI. SI captures the role of peer, managerial, or 

industry pressures and endorsements, while FC investigates practical enablers or obstacles, such 

as training, support, and infrastructure, within the organizational landscape. Both constructs link 

closely to individual attitudes and intentions, providing a comprehensive view of how broader 

contexts facilitate or obstruct leaders’ willingness to embrace AI. The research design includes 

thematic coding to systematically map these influences and their interplay with attitudes and 

behaviors. 

The integrated framework illustrated in Figure 1 demonstrates how TAM and UTAUT 

converge to form a comprehensive structure for understanding AI adoption in leadership 

development. TAM’s constructs align with UTAUT’s expanded variables, while additional 

dimensions such as social influence and facilitating conditions enrich the model’s explanatory 
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capacity (Davis, 1989; Venkatesh et al., 2003). This synthesis provides the analytical basis for 

the present study, linking leaders’ perceptions of AI with organizational and social factors that 

collectively shape behavioral intention and actual use. Building on this theoretical foundation, 

the following section reviews current practices and applications of AI in leadership development 

to contextualize how these constructs manifest in real-world organizational settings (Frimpong & 

Wolfs, 2024). 

Figure 1 

Integrated technology acceptance model (TAM) and unified theory of acceptance and use of 

technology (UTAUT) framework applied to leaders' adoption of Artificial Intelligence (AI) in 

leadership development 

Note. PU = perceived usefulness; PEOU = perceived ease of use; ATT = attitude toward use; 

PE = performance expectancy; EE = effort expectancy; SI = social influence; FC = facilitating 

conditions; BI = behavioral intention. Adapted from Davis (1989) and Venkatesh, Morris, 

Davis, & Davis (2003). 

This integrated framework not only illustrates the theoretical convergence of TAM and 

UTAUT but also establishes the analytical foundation for the current study by linking leaders’ 

perceptions of AI’s usefulness and ease of use with the organizational, social, and environmental 

factors that shape adoption behaviors. Building on this foundation, the next section examines 

leadership from a historical perspective, then explores current practices and applications of AI in 
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leadership development to contextualize how these theoretical constructs manifest in real-world 

organizational settings. 

Subtopics for Literature Review 

Historical Perspective 

Examining the historical development of leadership theories and practices is crucial for 

understanding the current research questions related to AI integration in leadership development. 

The progression from the 19th-century Great Man Theory, which attributed leadership to innate 

traits and limited structured development opportunities, to today’s data-enabled environment 

illustrates how the field has shifted to emphasize measurable outcomes and continuous growth 

(Suhaimi et al., 2025). This evolution sets the stage for research questions exploring leaders’ 

perceptions of new technologies, including AI, and the organizational factors that shape adoption 

and use. 

Early approaches such as the Great Man Theory relied mainly on informal mentorship, 

confining leadership development to select groups and offering minimal opportunities for 

systematic improvement (Suhaimi et al., 2025). By contrast, Frederick Taylor’s Scientific 

Management introduced formalized training and standardized processes in the early 20th 

century, reflecting a response to organizational complexity and raising questions relevant to the 

study: How do new methods and technologies become embedded in leadership practice, and 

what promotes or hinders their adoption (Suhaimi et al., 2025)? 

As organizational psychology and behavioral science advanced in the mid-20th century, 

models like Lewin’s Leadership Styles Framework and Transformational Leadership Theory by 

Burns and Bass drew attention to adaptability, motivation, and team dynamics. The development 

of tools such as 360-degree feedback and personality assessments introduced broader but mostly 
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qualitative evaluations. These innovations relate directly to questions about leaders’ willingness 

to adopt evidence-based or data-driven approaches, a precursor to queries about AI-enhanced 

practices (Suhaimi et al., 2025; Abasaheb & Subashini, 2023; Alblooshi et al., 2023; Ejjami, 

2024). 

The advent of digital technology further expanded the reach and scalability of leadership 

development (Suhaimi et al., 2025; Rasool, 2025). Platforms like Coursera, LinkedIn Learning, 

and Skillsoft allowed a much larger audience to access content, while analytics solutions such as 

Tableau and Google Analytics enabled organizations to monitor engagement and skill 

progression quantitatively (Suhaimi et al., 2025). This shift directly informs research questions 

examining the perceived usefulness and ease of technology-enhanced training, as well as the 

measurable impact of these interventions (Rasool, 2025). Initially, digital initiatives mostly 

digitized existing curricula, but recent advances in big data and AI have fundamentally 

transformed ongoing development (Rasool, 2025; Suhaimi et al., 2025). Platforms like BetterUp 

and SAP SuccessFactors employ AI to analyze communication and performance trends, targeting 

development needs and delivering actionable feedback based on established theories such as 

transformational and situational leadership (Rasool, 2025). This capability to deliver 

personalized recommendations aligns with research questions about the practical application of 

AI, leaders’ perceptions of AI’s value, and the organizational and social influences on AI 

adoption. 

Theoretical contributions have grown alongside these platforms and analytics. For 

example, AI-aided coaching systems now operationalize constructs from models like 

transformational leadership by tracking communication patterns, team engagement, and 

adaptability, producing data-driven reports that inform ongoing growth (Rasool, 2025). 
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Similarly, analytics reveal which leadership behaviors are most effective in specific contexts, 

supporting inquiries into the situational and contextual factors emphasized in the technology 

acceptance model (TAM) and unified theory of acceptance and use of technology (UTAUT) 

frameworks at the center of the current study (Suhaimi et al., 2025). 

Contemporary platforms such as Degreed and CoachHub incorporate adaptive feedback 

and real-time analytics, allowing leaders to receive continuous, personalized guidance that 

reflects both individual performance and organizational goals (Rasool, 2025). These tools 

address research questions related to leaders’ acceptance of emerging technologies, the 

effectiveness of data-rich solutions, and the interplay between social influences and individual 

attitudes highlighted by TAM and UTAUT (Rasool, 2025). 

These developments provide a foundation for understanding how the evolution from 

general, static approaches to dynamic, data-driven leadership development relates to current 

research questions examining the factors that shape AI integration in leadership contexts 

(Sacavém et al., 2026; Abasaheb & Subashini, 2023). Research has documented the impact of 

progressive digital tools and adaptive platforms on leadership practices, highlighting how 

technology adoption, user perceptions, and organizational readiness are critical to successful 

integration of AI in development programs (Gupta, 2024; Rasool, 2025; Suhaimi et al., 2025). 

Studies on technology acceptance further reinforce that factors such as perceived usefulness, 

ease of use, and social influence have a significant influence on leaders’ willingness to adopt 

new technologies (Ajzen, 1991; Venkatesh et al., 2003; Venkatesh et al., 2016). This historical 

lens grounds the study’s investigation into these constructs, specifically technology adoption, 

user perceptions, and preparedness for organizational change, which are core aspects defined by 
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the research questions and vital for advancing both leadership theory and practice (González-

Reyes et al., 2026; Madanchian et al., 2024; Shaqra, 2023; Suhaimi et al., 2025; Rasool, 2025). 

Current Practices and Applications of AI in Leadership Development 

The landscape of leadership development has been increasingly transformed as 

organizations begin to recognize and implement the sophisticated capabilities that Artificial 

Intelligence (AI) and its integration with Emotional Intelligence (EI) offer. Growing evidence 

suggests that combining the analytical power of AI with the nuanced human skills of EI creates a 

multifaceted approach to developing future-ready leaders (Abasaheb & Subashini, 2023; 

Alblooshi et al., 2023; Ejjami, 2024). This section examined the primary applications through 

which AI and EI together may reshape how leaders develop their capabilities, focusing on three 

critical areas: predictive analytics, AI-powered simulations, and personalized coaching systems. 

These applications represent not merely incremental improvements to existing training methods 

but paradigm shifts toward more effective, human-centric, and data-informed leadership 

development (Bollaert, 2025; Dash et al., 2023; Almaiah et al., 2022). 

Applications of AI for Leadership Enhancement 

The literature on AI for leadership enhancement includes several application areas that connect 

directly to leadership development outcomes. The following subtopics move from predictive 

analytics to coaching, continuous development, skill development, and organizational barriers so 

the review narrows from broad applications to the specific adoption issues addressed in the 

study. 

Predictive Analytics in Leadership Development 

Predictive analytics, a data-driven approach utilizing statistical algorithms and machine 

learning techniques to generate probabilistic models and forecasts from historical data, underpins 
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many current strategies in leadership development (Abasaheb & Subashini, 2023; Alblooshi et 

al., 2023). Within the scope of this study, predictive analytics connects directly to the core 

investigation of how advanced AI technologies shape leadership pipeline management and 

strategic talent decisions. These analytics enable organizations to detect workforce trends, 

identify potential high performers, and anticipate skill gaps, thus grounding leadership 

development in empirical evidence rather than intuition or anecdotal experience (Dash et al., 

2023; Almaiah et al., 2022). 

This focus closely aligns with the study’s central research questions and its theoretical 

grounding in the technology acceptance model (TAM) and unified theory of acceptance and use 

of technology (UTAUT). Specific constructs such as perceived usefulness and performance 

expectancy (Davis, 1989; Venkatesh et al., 2003) link to how HR professionals and leaders 

engage with predictive tools. For example, leaders assessing succession readiness may rely on 

predictive models to analyze data from promotion history, learning management systems, and 

360-degree reviews to identify employees who meet criteria for advancement. These applications 

highlight the role of TAM’s perceived usefulness, as decision-makers observe tangible benefits 

in faster, more accurate talent identification. 

Scenario modeling with predictive analytics offers further illustration. Organizations 

employ AI-enabled platforms to simulate outcomes of strategic decisions, such as market entry 

or mergers and acquisitions, by providing probabilistic forecasts and quantified risk assessments 

(Abasaheb & Subashini, 2023; Alblooshi et al., 2023). The ability to evaluate multiple pathways 

empowers decision-makers to ground choices in transparent, evidence-based analysis, supporting 

UTAUT’s constructs of performance expectancy and facilitating conditions (Dash et al., 2023; 

Almaiah et al., 2022). 
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The present practice landscape demonstrates that predictive analytics informs a range of 

talent management strategies, including leadership selection, targeted development, and resource 

allocation. Empirical work by Frimpong and Wolfs (2024) documents measurable improvements 

in organizational performance where predictive analytics guides HR strategy, talent cultivation, 

and succession planning. Similarly, studies by Abasaheb and Subashini (2023) and Alblooshi et 

al. (2023) highlight the role of AI-driven predictive tools in enhancing decision-making 

processes and aligning leadership strategies with organizational goals. Predictive analytics serves 

as a critical integrative mechanism within the study’s theoretical framework, clearly connecting 

the adoption and impact of AI-driven technologies to leadership development outcomes, and 

offering concrete, evidence-based pathways for addressing the central research questions on 

technological acceptance and organizational effectiveness. 

Initially, such simulations were limited to static, pre-programmed scripts and multiple-

choice branching paths. Over time, technological advances have enabled a shift toward truly 

adaptive systems that integrate generative AI and real-time analytics, allowing scenarios to 

change fluidly based on user input and contextual variables. Today, organizations use these 

simulations for a range of purposes, including leadership assessment, individualized coaching, 

scenario-based decision-making practice, and feedback analytics, all aimed at fostering more 

effective and agile leaders (Abasaheb & Subashini, 2023; Baroni et al., 2022; Alblooshi et al., 

2023; Dash et al., 2023). 

AI-powered simulations are advanced digital environments that leverage artificial 

intelligence to create interactive, adaptive scenarios for leadership development and skill-

building. These platforms use machine learning and natural language processing to dynamically 

respond to users’ decisions, providing tailored feedback and evolving challenges that closely 
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mimic real-world complexities (Abasaheb & Subashini, 2023; Baroni et al., 2022). For instance, 

a leader might engage in a virtual negotiation or crisis response, where the AI adapts its 

responses based on the leader’s actions, communication style, and problem-solving approach. 

Currently, organizations use these tools to develop leadership skills such as critical 

thinking, communication, crisis management, and emotional intelligence. Simulations are often 

integrated into executive training programs, talent development initiatives, and even succession 

planning, allowing leaders to practice decision-making and receive immediate, data-driven 

feedback in a safe environment. AI-powered simulations represent a revolutionary approach to 

leadership development, especially when enhanced by principles of Emotional Intelligence. 

These immersive platforms offer training environments that not only replicate real-world 

challenges but also account for complex interpersonal and emotional dynamics (Abasaheb & 

Subashini, 2023; Baroni et al., 2022). Leaders can role-play difficult conversations, manage team 

conflicts, or navigate crisis situations, all while receiving real-time, emotionally nuanced 

feedback from the AI (Alblooshi et al., 2023; Dash et al., 2023; Almaiah et al., 2022). 

Recent research demonstrates the value of tools such as GPT-4 in providing simulated 

coaching scenarios in which executives interact with AI as both a coach and conversational 

partner (Abasaheb & Subashini, 2023; Almaiah et al., 2022). When fine-tuned using established 

frameworks such as John Heron’s coaching styles, AI can assess and expand leaders’ 

communication, empathy, and conflict resolution skills, key competencies of Emotional 

Intelligence (Alblooshi et al., 2023; Philip et al., 2023). These simulations empower leaders to 

explore the impact of their behaviors in a safe, adaptive learning environment, and to build 

stronger self-awareness and social skills (Bollaert, 2025; Dash et al., 2023; Aminov et al., 2023). 
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AI-driven simulations can continuously adjust scenario complexity based on the leader’s 

demonstrated skills, ensuring engaging experiences for both novice and experienced participants. 

The integration of Emotional Intelligence (EI) into these simulations encourages development 

that is not just technically robust, but also attuned to human emotions and team dynamics 

(Abasaheb & Subashini, 2023; Alblooshi et al., 2023). This combination fosters a leadership 

style that balances data-driven execution with emotional and social intelligence (Philip et al., 

2023; Bollaert, 2025; Aminov et al., 2023). 

Personalized Coaching Systems and Continuous Development 

Personalized coaching systems are AI-enabled digital platforms that deliver 

individualized, real-time feedback tailored to each leader’s strengths, emotional intelligence (EI) 

profile, and evolving development needs (Fernandes et al., 2024). Continuous development 

describes the ongoing, adaptive learning process these systems support, where leaders receive 

regular, targeted input aligned with organizational goals to facilitate progressive improvement 

(Fernandes et al., 2024). 

These concepts are central to the topic under study, which investigates how emerging AI-

powered tools advance leadership growth and EI capacities. The research questions focus on the 

extent to which personalized coaching systems promote measurable gains in EI and leadership 

effectiveness, as well as how continuous development influences sustained behavioral change. 

The analysis is grounded in social-cognitive learning theory and the ability model of emotional 

intelligence, which together suggest that leadership and EI skills are developed iteratively 

through meaningful, context-specific feedback. 

For example, AI-based coaching platforms analyze a leader’s live or recorded 

communications, decision-making approaches, and behavior in high-pressure scenarios. These 
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platforms generate actionable feedback, such as noting a pattern of directive communication or 

identifying instances where empathetic responses could be strengthened (Baidwan et al., 2024; 

Chen et al., 2023). The data synthesized by these systems may include peer feedback, AI 

recommendations, and reflective prompts, encouraging leaders to refine interpersonal skills and 

analytical competencies over time (Cotrim & Da Silva Gomes, 2024; Appoh et al., 2025; 

Aminov et al., 2023). 

Personalized coaching systems augment, rather than replace, human mentors (Vargas 

Portillo, 2025). Leaders engage with these digital tools before, during, or after complex 

situations to test strategies and process feedback. For instance, after challenging team meetings, 

an AI platform can highlight active listening behaviors and suggest targeted EI-based reflection 

exercises. This cyclical, evidence-driven process embeds continuous development in routine 

leadership activities and fosters authentic learning experiences. 

Empirical studies demonstrate that individualized, adaptive approaches increase leader 

self-awareness, enhance team functioning, and promote organizational agility (Fernandes et al., 

2024). By uniting AI-enabled coaching with emotional intelligence frameworks, leaders are 

better equipped to address complex interpersonal and organizational demands, thus directly 

aligning with the guiding questions and frameworks of this study. The application of AI in 

leadership development targets specific competencies that are crucial for success in modern 

organizational environments. These enhanced capabilities represent fundamental improvements 

in how leaders approach their roles, make decisions, and manage their teams. 

Key Leadership Skills Enhanced by AI 

The application of AI in leadership development targets defined competencies such as 

coaching quality, conflict management, inclusive communication, and decision clarity, which 
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align with contemporary organizational demands (Madanchian et al., 2024; Malatesta & Ciani, 

2022; Fernandes et al., 2024). These capabilities translate into observable changes in how leaders 

conduct one-on-ones, structure feedback, and facilitate team dialogue, with measurable effects 

on trust, psychological safety, and performance outcomes (Frimpong & Wolfs, 2024; Fullan et 

al., 2023; Park et al., 2024). 

Strategic Decision-Making and Predictive Capabilities 

Strategic decision-making and predictive capabilities represent a central focus of AI’s 

influence on leadership development, directly addressing the research questions and aligning 

with core constructs of the TAM and UTAUT frameworks. Within the context of AI-enabled 

leadership, predictive analytics systems support leaders as they synthesize large volumes of 

organizational and market data, apply advanced machine learning algorithms, and generate 

actionable insights for complex decision-making (Frimpong & Wolfs, 2024). For example, AI-

powered dashboards such as IBM Cognos Analytics and Tableau can integrate both internal 

metrics and external signals, like competitor trends or employee engagement scores, to present 

scenario-based projections that help leaders anticipate risks and opportunities not always 

detectable through traditional methods (Almaiah et al., 2022). 

The TAM concept of perceived usefulness is directly reflected in leaders’ adoption of 

predictive analytics platforms that identify emerging opportunities, flag potential threats, or 

simulate outcomes for initiatives like mergers, resource reallocations, or new market entries 

(Venkatesh et al., 2003). In real-world practice, global organizations use platforms integrated 

with AI-driven modules to support scenario modeling, such as simulating the financial and 

operational impacts of strategic choices in uncertain environments (Fernandes et al., 2024; 

Frimpong & Wolfs, 2024). For instance, multinational corporations deploy AI-powered 
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simulation tools to compare different market entry strategies, leveraging real-time analysis of 

financial data, workforce capacity, and regulatory conditions. 

Effort expectancy and facilitating conditions, as articulated by UTAUT, impact whether 

leaders fully utilize these tools; dashboards that feature intuitive visualizations and clear 

explanations bridge the interpretation gap for users without specialized analytics backgrounds 

(Venkatesh et al., 2012; Almaiah et al., 2022). This usability is essential for driving engagement 

and ensuring data-driven decision-making reaches the leadership level. 

AI-enabled predictive technologies have practical applications in core leadership tasks 

such as crisis management, HR planning, and risk mitigation. For example, Almaiah et al. (2022) 

document cases where predictive models inform talent strategy by identifying turnover risks and 

pinpointing high-potential employees. Madanchian et al. (2024) outline how strategic risk 

analysis powered by AI supports transition scenarios during organizational transformation. These 

applications serve as real-world anchors for the proposed investigation, demonstrating how 

strategic AI tools relate directly to the study’s research questions on digital transformation, 

effectiveness of leadership decision-making, and adoption factors as explained by TAM and 

UTAUT. 

Emotional Intelligence and Interpersonal Skills 

AI applications support the development of leaders’ emotional intelligence and 

interpersonal skills in ways that align directly with this study’s focus on how leaders in 

American organizations perceive and adopt AI for leadership development. Emotional 

intelligence refers to the ability to perceive, understand, regulate, and use emotions to guide 

thought and behavior in social contexts, and in leadership it relates to relationship quality, team 

performance, and well-being (Madanchian et al., 2024; Malatesta & Ciani, 2022; Frimpong & 
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Wolfs, 2024).The section addresses the research questions by clarifying how leaders evaluate the 

usefulness and ease of use of AI tools that claim to improve empathy, conflict management, and 

coaching quality, and by explaining how social norms and facilitating conditions shape adoption. 

Within TAM and UTAUT, perceived usefulness maps to measurable improvements in 

communication quality and team climate, effort expectancy maps to the interpretability and 

usability of AI feedback within daily workflows, social influence reflects cultural expectations 

for emotionally intelligent leadership, and facilitating conditions include data access, privacy 

safeguards, and integration with existing coaching and HR systems (Davis, 1989; Venkatesh et 

al., 2003). 

AI-enabled coaching platforms provide structured practice and actionable feedback that 

target core components of emotional intelligence through natural language processing, sentiment 

analysis, and behavioral analytics. These systems analyze tone, speaking ratios, interruption 

patterns, perspective-taking language, and clarity of feedback to produce concise insights that 

leaders apply in subsequent interactions, which strengthens perceived usefulness and helps form 

intention to use within the guiding frameworks (Milfelner et al., 2023). Simulation and role-play 

environments present difficult conversations, performance reviews, and conflict resolution cases, 

while capturing response patterns and providing immediate feedback on empathy, clarity, and 

emotion regulation. Evidence from simulation-based training research shows gains in 

interpersonal skill development and transfer, which supports the claim that leaders view these 

systems as useful and actionable for improving relationship outcomes (Milfelner et al., 2023). 

Conversation analytics extend this mechanism by evaluating recorded one-on-ones and team 

meetings for participation equity and inclusive language, which leaders use to adjust behaviors 

that support psychological safety and learning behavior, both of which associate with team 
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effectiveness and thus with perceived usefulness in TAM and performance expectancy in 

UTAUT (Almaiah et al., 2022). 

Adoption depends not only on usefulness but also on effort expectancy and facilitating 

conditions. Human-centered design and interpretable feedback reduce cognitive load, increase 

trust in recommendations, and make it easier for leaders to embed small behavioral adjustments 

in their routine, which supports intention to use (Davis, 1989; Baroni et al., 2022). Microlearning 

modules and just-in-time nudges align the timing of insights with upcoming interactions and 

reflect established principles of motivational design and e-learning, which further strengthens 

ease of use perceptions (Ajzen, 1991; Venkatesh et al., 2003). Integration with 360 feedback 

allows platforms to synthesize rater inputs and highlight specific emotional intelligence 

behaviors with greater diagnostic value, which encourages continued use and aligns with the 

facilitating conditions construct through workflow fit and system interoperability (Bracken & 

Rose, 2011; Milfelner et al., 2023). 

The connection to leadership outcomes appears in studies that link emotionally intelligent 

leadership to trust, coordination, and team performance. When AI systems surface missed 

opportunities for reflective listening, acknowledgment of emotions, or strengths-based framing, 

leaders apply targeted adjustments that relate to higher trust and improved team functioning, 

reinforcing perceived usefulness and increasing the likelihood of ongoing use (Madanchian et al., 

2024; Malatesta & Ciani, 2022; Frimpong & Wolfs, 2024; Park et al., 2024).Cultural context and 

organizational norms also shape social influence. Organizations that value empathy and inclusive 

leadership tend to signal stronger expectations for adoption, which affects leaders’ intentions in 

ways predicted by UTAUT (Hofstede, 2001;Venkatesh et al., 2003). The mechanisms by which 

AI systems assess and develop emotional intelligence align with the constructs that guide this 
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study. As leaders perceive tangible interpersonal benefits, experience low friction in use, observe 

supportive social cues, and operate within robust enabling conditions, their intentions and 

behaviors conform to the pathways articulated by TAM and UTAUT. 

Whether emotional intelligence would emerge as a distinct participant-language theme was 

treated as an empirical question rather than as an assumed finding. The interview and analysis 

process therefore remained open to EI-related language while allowing participants' own 

descriptions of leadership development, coaching, trust, communication, and human judgment to 

determine the final thematic structure. 

Team Management and Communication Enhancement 

AI applications shape how leaders develop and apply team management and 

communication skills, connecting directly to this study’s examination of AI adoption in 

American organizational leadership. This section draws explicit links to the research questions 

by analyzing how leaders perceive the utility and ease of AI tools for managing people and 

communication, and how organizational culture and infrastructure support or inhibit adoption. 

Within the frameworks of TAM and UTAUT, perceived usefulness corresponds to observed 

improvements in team interaction and communication clarity; effort expectancy is reflected in 

how well these systems fit into leaders’ workflows; social influence captures the extent to which 

leadership supports AI-driven management practices; and facilitating conditions depend on the 

robustness and accessibility of technological infrastructure (Davis, 1989; Venkatesh et al., 2003). 

AI-enabled management platforms monitor and interpret team dynamics using digital 

communication records, meeting transcripts, and collaborative tool data. For example, AI 

systems analyze meeting participation patterns, flag instances when particular team members are 

routinely silent, and assess sentiment to pinpoint the early signs of group tension or 
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disengagement (Qwaider et al., 2024; Rukadikar & Khandelwal, 2024). Actionable feedback 

includes summaries that show when information flows stall between teams or when informal 

subgroups dominate discussion, prompting leaders to realign team structures or encourage 

broader participation (Madanchian et al., 2024). By applying these objective insights, leaders 

adjust management strategies to better address issues such as subgroup silos or declining morale, 

which supports timely interventions and demonstrates the pathway from data to action articulated 

by TAM and UTAUT (Venkatesh et al., 2003). 

Several empirical examples illustrate the practical utility of these systems. Collaboration 

analytics platforms alert leaders to bottlenecks in cross-functional communication, enabling 

targeted interventions, such as team-building activities or schedule adjustments, to resolve 

obstacles and restore effective information flow (Qwaider et al., 2024). Sentiment analysis 

applied to asynchronous communication highlights dips in morale, which leaders address by 

introducing check-ins or shifting resource allocations in response to team needs (Rukadikar & 

Khandelwal, 2024). These actions correlate with higher team cohesion, increased psychological 

safety, and stronger organizational engagement, reinforcing the perceived usefulness and 

performance expectancy constructs in both TAM and UTAUT (Venkatesh et al., 2003). 

Inclusion and engagement are influenced by AI-powered analytics that allow leaders to 

monitor participation rates by demographic or functional group. Qwaider et al. (2024) report that 

such dashboards make it easier for leaders to identify and address underrepresentation in group 

discussions or decision-making. Adjustments based on these metrics promote transparent and fair 

management practices and foster engagement within diverse and geographically dispersed teams, 

aligning with the social influence and facilitating conditions elements of the guiding frameworks. 
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AI’s integration into team management and communication grounds leaders' decision-

making in objective feedback and supports the formation of data-driven, inclusive, and adaptive 

management practices (Van Quaquebeke & Gerpott, 2023; Shaqra, 2023). This process directly 

engages the constructs and pathways defined in the research questions and theoretical models, 

illustrating how AI adoption in leadership development both enhances existing management 

skills and enables new competencies attuned to technology-rich work environments. 

Barriers to AI Adoption in Leadership Development 

Barriers to adopting AI for leadership development in American organizations intersect 

directly with the study’s central focus on how leaders perceive and implement AI-enabled tools 

for growth. These obstacles relate to the research questions by shaping how leaders evaluate the 

usefulness, ease of use, and organizational support for AI, which are critical dimensions within 

the technology acceptance model (TAM) and the unified theory of acceptance and use of 

technology (UTAUT) (Davis, 1989; Venkatesh et al., 2003). Data privacy concerns, complexity 

of system integration, skill gaps among users, and governance limitations are prominent 

challenges that influence perceived usefulness, effort expectancy, and facilitating conditions 

(Alblooshi et al., 2023; Fernandes et al., 2024). For example, leaders often encounter difficulties 

aligning AI platforms with existing HR technologies, securing sensitive employee data, and 

ensuring sufficient organizational knowledge for deployment. These issues reduce the likelihood 

of successful implementation and affect the intention to use AI as framed by TAM and UTAUT. 

This section defines and analyzes three key categories of barriers: technological challenges, 

organizational and cultural resistance, and ethical dilemmas in integrating AI into leadership 

development. Each barrier connects to the adoption landscape by informing specific constructs in 
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the guiding theoretical frameworks and by shaping leaders’ choices and experiences with AI in 

practice. 

AI output reliability and hallucination risk were also treated as relevant adoption barriers. In 

leadership development, inaccurate or fabricated AI outputs can undermine trust, distort 

coaching feedback, and create risks when leaders rely on AI-generated recommendations without 

human review (Ferrara, 2023). This concern aligned with the study's focus on ethical 

implications, perceived usefulness, and facilitating conditions because reliable use depends on 

verification practices, human oversight, and clear boundaries for AI-supported developmental 

work. 

Technological Challenges 

Technological challenges represent a central barrier to adopting AI in leadership 

development and have direct implications for the focus and research questions of this study. 

These barriers are defined by limitations in system interoperability, difficulties in data 

integration, challenges in deploying and monitoring AI models, and strict information security 

requirements, particularly when sensitive leadership data and strategic information are involved 

(Goswami et al., 2023). Each aspect of technological challenge corresponds to key constructs in 

the technology acceptance model (TAM) and the unified theory of acceptance and use of 

technology (UTAUT), influencing perceived usefulness, effort expectancy, and facilitating 

conditions (Davis, 1989; Venkatesh et al., 2003). 

Compatibility and Integration Challenges 

The integration of AI systems with existing organizational infrastructures presents a 

significant technological barrier to adoption. This challenge, defined by the difficulty of 

connecting new AI tools with an organization's current software and data systems, directly 
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impacts user adoption by influencing both the perceived ease of use and the perceived usefulness 

of the technology (Davis, 1989). Fragmented technological ecosystems often prevent seamless 

AI integration, limiting the practical application of AI in leadership development frameworks 

(Goswami et al., 2023). These barriers manifest in several ways, each mapping to key constructs 

within the technology acceptance model (TAM) and the unified theory of acceptance and use of 

technology (UTAUT). 

System interoperability issues, particularly with legacy systems not designed to interface 

with modern AI, increase the perceived effort required to use a new tool, thus lowering effort 

expectancy (Almaiah et al., 2022; Venkatesh et al., 2003). For example, if an AI coaching 

platform cannot automatically pull performance data from a company’s legacy Human 

Resources Information System (HRIS), leaders must manually enter this information, making the 

tool seem cumbersome and less useful. 

Furthermore, a lack of data standardization across disparate systems, such as a Learning 

Management System (LMS) and a talent analytics platform, hinders the AI's ability to generate 

meaningful insights (Martins et al., 2021). Without harmonized data from various sources, an AI 

tool for personalized development planning cannot provide holistic recommendations, which 

decreases its perceived usefulness. The absence of effective workflow integration and cross-

platform consistency also creates a disjointed user experience, requiring leaders to navigate 

multiple, non-integrated applications. This lack of technical support and streamlined processes 

points to poor facilitating conditions, which can discourage use (Venkatesh et al., 2003). These 

integration barriers directly inform this study’s research questions by examining how system-

level challenges shape leaders' perceptions and adoption intentions through the lenses of TAM 

and UTAUT. 
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Data Privacy and Security Concerns 

The sensitive nature of data in leadership development creates significant privacy and 

security barriers to AI adoption. This challenge is defined by the need to protect confidential 

information, such as strategic plans, personnel evaluations, and executive coaching notes, from 

unauthorized access or misuse. Inadequate cybersecurity measures contribute to organizational 

hesitancy in adopting AI, as leaders fear potential data breaches could damage their credibility 

and the organization's reputation (Hasija & Esper, 2022). These concerns map directly to core 

constructs in user adoption models, influencing perceptions of trust and risk, which are 

antecedents to perceived usefulness (Davis, 1989). 

Managing a broad threat surface and implementing robust cybersecurity controls, data 

governance, and access protocols shape the effectiveness of AI applications in leadership 

development. Without strong, role-based access controls aligned with information security 

management standards, an AI system that analyzes 360-degree feedback could expose sensitive 

peer assessments, eroding trust and social influence among leadership teams (Venkatesh et al., 

2003). When leaders perceive the system as insecure, they are less likely to trust its outputs or 

view it as helpful in enhancing performance, which lowers perceived usefulness. 

Balancing data access for AI model training with privacy protection demands 

sophisticated data governance and privacy-preserving machine learning techniques. Methods 

such as differential privacy and federated learning enable AI tools to learn from sensitive data, 

such as succession planning files, without exposing the raw information (Mäntymäki et al., 2023; 

Srinivasan & González, 2021). The presence of technical safeguards acts as a facilitating 

condition, assuring leaders that the system is secure; their absence increases perceived risk and 

reduces intention to use the technology. These privacy and security barriers directly inform this 
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study’s research questions by highlighting how security perceptions shape leaders' adoption 

intentions through the lenses of TAM and UTAUT. 

Solutions and Mitigation Strategies 

Addressing technological barriers requires comprehensive readiness strategies, defined as 

coordinated technical and organizational actions that create an environment conducive to AI 

implementation. Implementing scalable and adaptable systems enhances AI integration across 

diverse technological platforms, maintaining consistent performance and user experience 

(Martins et al., 2021). Such architectural flexibility, for instance through modular AI services 

that connect to an existing Learning Management System (LMS) or Human Resources 

Information System (HRIS), improves an organization's facilitating conditions. A phased 

integration approach allows leaders to adapt gradually, which can increase their comfort and 

reduce the perceived effort required, thereby positively influencing effort expectancy (Venkatesh 

et al., 2003). 

Effective data protection protocols are also essential for building trust and addressing 

security concerns. Establishing advanced cybersecurity frameworks, designed to safeguard 

sensitive leadership development data, is a critical component of this strategy (Goswami et al., 

2023). These frameworks incorporate multiple layers of security, such as encryption for 360-

degree feedback data, role-based access controls for succession planning files, and real-time 

security monitoring for AI coaching platforms, all aligned with standards like ISO/IEC 27001. 

Robust security measures directly impact trust, a key antecedent to perceived usefulness, as 

leaders must believe a system is secure to view it as beneficial (Steinhoff, 2021; Davis, 1989). 

Investing in technical infrastructure and organizational capabilities, like site reliability 

engineering practices, ensures these complex AI systems are managed and maintained effectively 
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over time. These readiness strategies directly relate to this study’s research questions by 

demonstrating how proactive organizational and technical measures can shape the core TAM and 

UTAUT constructs that drive leaders' adoption intentions. 

Organizational and Cultural Resistance 

The human and cultural dimensions of AI adoption present significant challenges, often 

proving more difficult to overcome than technological barriers due to their deeply embedded 

nature in organizational cultures and individual beliefs (Aminov et al., 2023; Fernandes et al., 

2024). This organizational and cultural resistance is defined as human-centered opposition rooted 

in established norms, beliefs, and routines. Effective navigation of these challenges requires 

thoughtful change management and sustained organizational commitment (Goswami et al., 

2023), as they directly influence key perceptual drivers of technology acceptance. 

Resistance often stems from a perceived threat to professional autonomy and identity. 

When leaders feel that an AI tool, such as an automated coaching analytics platform, undermines 

their decision-making authority or devalues their expertise, its perceived usefulness declines 

(Davis, 1989). Similarly, concerns about fairness and algorithmic bias in AI systems used for 

talent identification can create a trust deficit. If leaders believe an algorithm may perpetuate 

biases, they are less likely to see it as a valuable or equitable tool for succession planning (Lima 

& Rahman, 2025). 

Change fatigue and a misalignment with existing workflows also contribute to resistance. 

If an AI-driven content recommendation engine within a Learning Management System (LMS) 

requires significant deviation from a leader's established development routine, the perceived 

effort increases, lowering its effort expectancy (Venkatesh et al., 2003). The opinions of 

influential peers who are skeptical of AI-supported 360-degree feedback tools can also create 
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negative social influence, discouraging adoption among their colleagues. These forms of 

organizational and cultural resistance directly relate to this study’s research questions by 

illustrating how social, psychological, and normative factors shape leaders’ technology adoption 

intentions through the primary constructs of TAM and UTAUT. 

Fear of Job Displacement and Role Transformation 

A significant cultural barrier to AI adoption is the perceived threat to human leadership, 

defined as the concern that AI technologies could diminish or replace traditional leadership roles, 

capabilities, or professional status (Aminov et al., 2023). This fear, which creates skepticism 

among leaders, directly impacts the cognitive calculus of adoption by shaping perceptions of the 

technology's purpose and value (Fernandes et al., 2024). These concerns are especially 

pronounced among leaders whose careers are built on skills they believe AI might automate, 

such as strategic judgment or interpersonal influence. 

This perceived threat to professional identity and career prospects strongly influences 

perceived usefulness (Davis, 1989). When a leader views an AI tool, such as an algorithm that 

provides coaching feedback, as a replacement for human mentorship rather than a supplement, 

they are less likely to find it useful (Steinhoff, 2021). The fear that AI devalues human judgment 

and experience creates resistance even when the tools are designed to augment human 

capabilities. This resistance is amplified by inadequate communication from the organization 

about AI's intended supportive role, which undermines the facilitating conditions necessary for 

positive adoption experiences (Debrah et al., 2022; Venkatesh et al., 2003). 

The psychological impact of this threat can create a culture of resistance. When teams 

believe AI is a risk to their roles, the resulting negative social influence can discourage 

participation in AI-enhanced development programs, such as those using automated development 
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plans in an LMS (Venkatesh et al., 2003). This dynamic shows that even technologically sound 

systems can fail if they are perceived as a threat to the user's fundamental role and value. This 

perceived threat directly informs this study’s research questions by examining how concerns 

over professional identity and role replacement shape leaders' adoption intentions through the 

core constructs of TAM and UTAUT. 

Limited Awareness and Understanding 

A fundamental barrier to AI adoption is the widespread lack of awareness and 

understanding of its potential benefits for leadership development (Fernandes et al., 2024). This 

knowledge gap arises from limited comprehension of AI's relevance, value, and practical 

application. Many organizational stakeholders remain unconvinced of AI's utility, viewing it as 

overly complex, irrelevant to leadership challenges, or a transient trend (Goswami et al., 2023). 

These misconceptions directly suppress the primary driver of adoption: perceived usefulness 

(Davis, 1989). 

The perceived complexity of AI technologies contributes significantly to this knowledge 

gap. When leaders feel overwhelmed by technical concepts that seem disconnected from their 

daily responsibilities, their self-efficacy for using the technology diminishes, which in turn 

elevates the perceived effort required and lowers effort expectancy (Debrah et al., 2022; 

Venkatesh et al., 2003). Insufficient exposure and inadequate training exacerbate this issue. 

Without clear demonstrations of AI's tangible benefits, such as how an AI tool can synthesize 

360-degree feedback or generate personalized learning paths in an LMS, leaders struggle to see 

its value (Qwaider et al., 2024). 

In organizations with strong cultures of traditional, experience-based leadership, the 

absence of compelling evidence and visible support from senior advocates weakens social 
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influence and the perception of facilitating conditions. Leaders who do not understand how AI 

can enhance their effectiveness are naturally reluctant to invest time and resources in these new 

tools (Steinhoff, 2021). These awareness and knowledge gaps directly relate to this study’s 

research questions by showing how a lack of understanding and exposure fundamentally shapes 

the perceptual constructs of TAM and UTAUT, thereby influencing leaders' adoption intentions. 

Change Management and Educational Strategies 

Overcoming organizational and cultural resistance requires comprehensive change 

management strategies, defined as coordinated actions that address both intellectual and 

emotional barriers to AI adoption (Goswami et al., 2023). These strategies are crucial for shaping 

user perceptions and fostering acceptance. Structured communication initiatives that frame AI as 

a supportive tool for leadership development, rather than a replacement for human judgment, can 

positively alter organizational perceptions (Debrah et al., 2022; Fernandes et al., 2024). For 

example, positioning an AI-driven 360-degree feedback tool as an augmentative instrument for 

providing deeper insights, not as a final verdict on performance, increases its perceived 

usefulness (Davis, 1989). Sustaining these messages through multiple channels reinforces this 

positive framing (Qwaider et al., 2024). 

Educational programs are also vital for building AI literacy and managing expectations 

about AI's capabilities and limitations (Steinhoff, 2021). Tailored training that includes hands-on 

demonstrations, such as allowing leaders to interact with an AI recommendation engine in a 

Learning Management System (LMS), can demystify the technology. This practical experience 

reduces apprehension and lowers effort expectancy by building user confidence (Venkatesh et 

al., 2003). 
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Creating an inclusive and transparent culture around AI adoption establishes 

psychological safety, which acts as a key facilitating condition. When organizations create 

environments where leaders can ask questions and express concerns, for example through 

dedicated forums or Q&A channels, they foster trust and encourage participation (Steinhoff, 

2021). This positive social influence from leadership encourages broader acceptance. These 

change management and capability-building strategies directly relate to this study’s research 

questions by showing how targeted interventions can influence the perceptual constructs of TAM 

and UTAUT to encourage AI adoption among leaders. 

Transparency and Algorithmic Accountability 

The opaque nature of many AI algorithms creates significant challenges related to 

transparency and accountability in leadership development. Transparency is defined as the 

degree to which the inner workings of an AI system are understandable, while accountability 

refers to the governance structures that assign responsibility for AI outcomes (Srinivasan & 

González, 2021). A lack of algorithmic transparency can erode stakeholder confidence, making 

leaders question the validity and fairness of AI-generated insights (De Cremer & Narayanan, 

2023). This issue is particularly pressing in leadership development, where individuals must trust 

the basis of developmental recommendations to find them useful (Mittelstadt et al., 2016). 

This challenge is compounded by the technical complexity of advanced AI models, 

whose decision-making processes are often difficult to interpret, even for experts (Sharma et al., 

2025). To address this, systems need clear explainability. For example, an AI tool that 

recommends developmental activities based on 360-degree feedback should include an 

explanation interface that shows which data points influenced the suggestion. Without this, 
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leaders may not understand the logic, which lowers the system's perceived usefulness and 

increases the perceived effort needed to interpret its advice (Davis, 1989; Venkatesh et al., 2003). 

To ensure accountability, organizations must implement clear governance structures and 

auditable processes. This includes providing documentation like model cards for an AI-powered 

competency model or maintaining decision logs for AI-assisted succession planning 

recommendations. Establishing clear oversight, such as a human-in-the-loop review board, acts 

as a crucial facilitating condition that builds trust (Venkatesh et al., 2003). When leaders see that 

a system is transparent and that there is clear accountability, their confidence in its integrity and 

fairness grows. The issues of transparency and accountability directly inform this study’s 

research questions by examining how governance and explainability influence leaders' trust and 

subsequent adoption intentions through the constructs of TAM and UTAUT. 

Ethical and Cultural Considerations 

Integrating Artificial Intelligence into leadership development is not merely a technical 

endeavor; it introduces profound ethical and cultural questions that require deliberate attention 

(Mittelstadt et al., 2016). These dimensions, defined as the governance and context factors 

shaping AI adoption, must be built on a foundation of fairness, transparency, and cultural 

adaptability to avoid reinforcing biases and undermining organizational trust (Sharma et al., 

2025). How an organization handles these issues directly impacts leaders' perceptions of AI 

tools. 

Fairness and bias mitigation are central ethical concerns. An AI-driven leadership 

assessment model that contains algorithmic bias can produce inequitable outcomes, damaging its 

credibility. When leaders perceive a system as unfair, they question its validity, which severely 

diminishes its perceived usefulness (Davis, 1989). Conducting regular bias audits and ensuring 
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transparency are essential for building trust. Transparency, coupled with accountability, provides 

leaders with insight into how an AI tool arrives at its conclusions, such as why it recommends a 

specific development path. This clarity acts as a facilitating condition, making the technology 

feel more reliable and less like an opaque "black box" (Venkatesh et al., 2003). 

Cultural adaptability is another critical factor (Hofstede, 2001). A competency model 

developed for one cultural context may not be applicable in a multinational organization, leading 

to irrelevant or inappropriate AI-driven recommendations. Localizing AI models and engaging 

diverse stakeholder groups in participatory design ensures the tool aligns with local norms and 

values. This alignment makes the tool more relevant and useful to a wider range of leaders, 

positively affecting social influence as respected leaders across regions endorse it. These ethical 

and cultural considerations directly inform this study’s research questions by examining how 

perceptions of fairness, transparency, and cultural fit influence adoption intentions through the 

core constructs of TAM and UTAUT. 

Ethical Implications 

Ethical considerations in AI-enabled leadership development refer to the principles and 

practices that ensure fairness, transparency, accountability, and alignment with organizational 

values during the design, deployment, and use of AI systems (Mäntymäki et al., 2023; Sharma et 

al., 2025). These dimensions shape how leaders and organizations perceive the legitimacy and 

utility of AI tools, which directly relates to the research questions regarding adoption intentions 

and user trust. Applying the technology acceptance model (TAM) and unified theory of 

acceptance and use of technology (UTAUT), ethical safeguards act as critical facilitating 

conditions and influence perceived usefulness and social influence (Davis, 1989; Venkatesh et 

al., 2003). 
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Transparency in AI decision-making supports stakeholder trust by providing clarity into 

how algorithms generate recommendations (Sharma et al., 2025). In leadership development, for 

example, an AI tool that explains the rationale for assigning specific learning paths after 360-

degree feedback enables users to understand and confidently act on its suggestions. Transparent 

explanation interfaces, model documentation, and integrated training sessions help leaders 

interpret insights and reduce uncertainty, which supports positive attitudes toward adoption 

(Daly, 2025; Srinivasan & González, 2021). 

Fairness and bias mitigation require deliberate intervention at multiple points in the 

development and monitoring of AI systems. An organization that conducts regular bias audits of 

its leadership talent analytics tools, involving both technical experts and inclusion specialists, 

proactively addresses fairness. Detecting and remediating disparities in recommendations or 

promotion outcomes helps sustain perceptions of equity and supports social influence as 

respected leaders endorse the technology (Mittelstadt et al., 2016). 

Clear accountability structures define who is responsible for AI outputs and how issues 

are escalated when they arise. A leadership development program that maintains documented 

decision logs for automated succession planning ensures a clear record of human and machine 

contributions to pivotal organizational decisions (Mäntymäki et al., 2023). Oversight bodies and 

incident response protocols strengthen trust, making leaders more likely to accept and 

consistently use AI-enabled tools (Sharma et al., 2025; Srinivasan & González, 2021). 

Embedding an ethical framework involves cross-functional collaboration to draft, apply, 

and refine guidelines that keep pace with evolving expectations. For instance, a multidisciplinary 

team that reviews AI-generated leadership recommendations and integrates audit feedback into 

system updates reinforces both technical performance and organizational ethics. Routine 
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independent audits and ongoing policy adjustments create a cycle of continuous improvement 

(Sharma et al., 2025). 

These ethical implications inform the study by clarifying how transparency, fairness, and 

accountability relate to leaders’ adoption intentions and perceptions of AI usefulness through the 

core constructs of TAM and UTAUT. 

The cultural dimensions of AI adoption in leadership development plays a crucial role in 

determining the success or failure of AI implementation initiatives across different 

organizational and national contexts (Hofstede, 2001; Singh, 2023; Strandt, 2025). 

Understanding these cultural factors was essential for developing AI-enhanced leadership 

development programs that are both effective and culturally appropriate for diverse global 

organizations (Srinivasan & González, 2021). 

Transparency in AI Decision-Making 

Transparency and explainability are foundational ethical principles for AI in leadership 

development, shaping how users perceive and trust these systems. Transparency refers to the 

clarity of an AI system’s processes, while explainability is the capacity to provide human-

understandable reasons for its outputs (Sharma et al., 2025). When algorithms influence high-

stakes decisions, such as career paths and developmental feedback, leaders and participants must 

understand the rationale to trust the results (Srinivasan & González, 2021). A lack of clarity 

erodes trust and sharply diminishes the system's utility and acceptance (Srinivasan & González, 

2021). 

These principles directly influence key adoption constructs. An AI system that provides 

clear explanations for its recommendations, for instance, through a user interface that links a 

suggested leadership course to specific, low-scoring items on a 360-degree assessment, enhances 
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its perceived usefulness (Davis, 1989). Leaders are more likely to see the tool as valuable if they 

can understand its logic. Conversely, an opaque system requires users to blindly trust its outputs, 

which can increase the perceived effort needed to validate its advice, thereby lowering its effort 

expectancy (Venkatesh et al., 2003). 

Organizations can foster transparency by investing in explainable AI (XAI) systems and 

supporting documentation (Mäntymäki et al., 2023; Sharma et al., 2025). Providing "model 

cards" or "data sheets" that describe an AI competency model's purpose, performance, and 

limitations acts as a facilitating condition that builds user confidence. Training programs that 

teach leaders how to interpret AI-generated rationales also reduce cognitive load and improve 

acceptance. The ethical dimensions of transparency and explainability directly inform this 

study’s research questions by demonstrating how the intelligibility of an AI system shapes 

leaders' perceptions of its usefulness, ease of use, and trustworthiness, thereby influencing their 

intention to adopt it. 

Fairness and Bias Mitigation 

Fairness and bias mitigation are critical ethical requirements for AI systems used in 

leadership development, as these systems can unintentionally perpetuate existing inequities if not 

deliberately managed (Mittelstadt et al., 2016). Fairness, in this context, is the principle that AI-

driven decisions do not create or reinforce unjust disadvantages for any individual or group. Bias 

mitigation involves the proactive processes used to identify and correct these potential inequities. 

Research shows that biased AI outcomes can undermine progress in diversity and inclusion, 

making this a central concern for organizational trust and technology acceptance (Srinivasan & 

González, 2021). 
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The perception of fairness directly impacts a system's perceived usefulness. If leaders 

believe an AI tool for generating promotion slates or assessing potential is biased, they did not 

view it as a valid or valuable instrument for talent management, regardless of its technical 

sophistication (Davis, 1989; Lima & Rahman, 2025). To build trust, organizations must 

implement robust bias mitigation protocols. This includes comprehensive audits of training data 

for a new competency model to check for gender or racial skews, and testing the outputs of an 

AI-powered 360-feedback tool across demographic subgroups to ensure equitable scoring. 

Establishing governance that includes both technical and inclusion specialists to review 

these audits creates positive social influence, as it signals a credible commitment to fairness. This 

process also serves as a facilitating condition by providing the necessary organizational 

structures to support ethical AI use (Venkatesh et al., 2003). Continuously monitoring AI 

performance and transparently publishing findings and remediation steps reinforces this trust. 

The ethical imperative for fairness and bias mitigation directly informs this study’s research 

questions by highlighting how perceptions of equity and justice fundamentally shape a leader’s 

willingness to adopt AI tools, as explained through the core constructs of TAM and UTAUT. 

Accountability Structures 

Ethically sound AI in leadership development requires clear accountability, which 

involves defining the boundaries of responsibility between human decision-makers and 

automated systems (Mäntymäki et al., 2023; Srinivasan & González, 2021). This is 

operationalized through governance, the integrated structures and protocols for oversight and 

control. Without such clarity, failures or unintended consequences can erode stakeholder 

confidence and damage organizational culture (Sharma et al., 2025). Robust governance clarifies 

who is responsible for AI-driven outcomes, which is essential for building user trust. 
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Strong governance directly influences technology acceptance. It acts as a powerful 

facilitating condition, assuring leaders that the necessary organizational support and oversight 

mechanisms are in place to manage the technology responsibly (Venkatesh et al., 2003). For 

instance, establishing a clear RACI (Responsible, Accountable, Consulted, Informed) matrix for 

an AI-supported promotion recommendation process clarifies human roles and reduces 

ambiguity. This defined human oversight increases the perceived usefulness of the tool, as 

leaders see it as a well-managed aid rather than an autonomous, unchecked authority (Davis, 

1989). 

Integrated governance systems that combine technical monitoring with human review are 

essential (Srinivasan & González, 2021). This includes implementing audit protocols, such as 

maintaining decision logs for any adjustments made to leadership assessment scores, and having 

incident response playbooks for addressing flawed AI coaching recommendations. Regular 

evaluations by a cross-functional governance board that includes HR, IT, and legal experts create 

positive social influence, signaling a serious enterprise-wide commitment to ethical AI 

(Srinivasan & González, 2021). The presence of clear accountability and governance directly 

informs this study’s research questions by showing how structural and procedural safeguards 

shape the trust, perceived usefulness, and facilitating conditions that influence leaders’ adoption 

intentions within the TAM and UTAUT frameworks. 

Ethical Frameworks and Auditing 

A comprehensive approach to ethics in AI-enabled leadership requires formulating and 

enforcing clear organizational policies that operationalize transparency, fairness, and 

accountability (Sharma et al., 2025; Srinivasan & González, 2021). These ethical frameworks 

and auditing procedures are the organizational mechanisms that put principles into practice. 
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Their implementation requires cross-functional input from ethical experts, AI practitioners, and 

end-users like leaders to develop clear, adaptive guidelines that keep pace with evolving 

expectations (Mäntymäki et al., 2023). How an organization builds and maintains these 

structures is central to building user trust. 

These frameworks directly function as facilitating conditions, providing the 

organizational support systems that enable confident AI use (Venkatesh et al., 2003). For 

example, establishing a governance council with representatives from HR, L&D, DEI, and data 

science to oversee an AI-driven talent recommendation tool sends a powerful signal of 

responsible management. This visible commitment and the resulting policies increase leader 

trust, which enhances the tool’s perceived usefulness (Davis, 1989). When leaders know a 

system is managed responsibly, they are more likely to see it as a credible and valuable asset. 

Regular, independent audits are a core component, evaluating compliance with principles 

like algorithmic transparency and fairness in succession planning models (Srinivasan & 

González, 2021). The findings from these audits must feed into a remediation loop, leading to 

refinements in both the technical systems and the governing policies (Sharma et al., 2025). The 

presence of this continuous improvement cycle, complete with human oversight boards and 

transparent change logs, strengthens positive social influence, as senior champions can point to a 

robust, ethical process. Ethical frameworks and auditing directly inform this study’s research 

questions by showing how formal governance structures shape the perceptual drivers of 

technology adoption detailed in TAM and UTAUT. 

Cultural Factors 

The cultural dimensions of AI adoption are crucial in determining the success of 

implementation initiatives across different organizational and national contexts. Cultural factors 
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are the shared norms, values, and practices that shape how people perceive and interact with 

technology (Hofstede, 2001). Understanding these factors is essential for creating AI-enhanced 

leadership development programs that are both effective and culturally appropriate for diverse 

global organizations (Singh, 2023). 

Cultural dimensions like power distance and uncertainty avoidance directly influence 

how leaders evaluate AI tools. In high power-distance cultures, where hierarchical structures are 

respected, an AI tool that provides direct feedback to senior leaders might be perceived as 

undermining authority. This negatively impacts its perceived usefulness and social acceptance 

(Davis, 1989; Venkatesh et al., 2003). To be effective, an AI-driven 360-degree feedback tool in 

such a context may need to be framed as a confidential input for the leader's private 

consideration, rather than a public performance metric. Similarly, in cultures with high 

uncertainty avoidance, leaders may demand more detailed explanations from AI systems to 

reduce ambiguity, affecting their perception of the effort required to use the tool effectively. 

Other dimensions, such as individualism versus collectivism, also play a key role 

(Hofstede, 2001). An AI coaching tool that recommends individual-focused development goals 

may be less successful in a collectivist culture, where team harmony and group achievement are 

prioritized. Adapting the AI to suggest team-based development activities would better align 

with cultural values, thus improving its perceived usefulness and social influence. These cultural 

factors directly inform this study’s research questions by demonstrating how shared values and 

norms moderate the core TAM and UTAUT constructs that shape leaders’ adoption intentions. 

Cultural Dimensions and Technology Adoption Patterns 

The influence of cultural dimensions on technology adoption can be particularly 

pronounced in leadership development contexts, where cultural values and norms significantly 
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shape how leaders view technology, authority, and professional development (Hofstede, 2001). 

Organizations implementing AI-enhanced leadership development need to understand and 

account for these cultural differences to achieve successful adoption across diverse cultural 

contexts (Singh, 2023). 

Hofstede's (2001) cultural dimensions framework provided valuable insights into how 

factors such as individualism versus collectivism and uncertainty avoidance influence leaders' 

willingness to adopt AI technologies. In individualistic cultures, leaders may be more likely to 

embrace AI tools that enhance their personal capabilities and decision-making autonomy, 

viewing AI as an extension of their individual leadership effectiveness (Ferrara, 2023). 

In more collectivistic cultures, the adoption of AI in leadership development may depend 

more heavily on group consensus and organizational endorsement (Singh, 2023). Leaders in 

these contexts may be more concerned about how AI adoption affects team dynamics and may 

require different implementation approaches that emphasize collective benefits rather than 

individual enhancement (Hofstede, 2001). 

Uncertainty avoidance may also play a significant role in AI adoption patterns. Singh 

(2023) demonstrates how leaders in high uncertainty avoidance cultures may be more resistant to 

AI adoption due to concerns about unpredictability and lack of control over AI-driven processes. 

These leaders may require more extensive education about AI capabilities and limitations, along 

with implementation approaches that provide greater transparency and control over AI system 

operation. 

Understanding these cultural patterns could enable organizations to develop tailored 

implementation strategies that align with cultural values and expectations, increasing the 

72 



 

 

 

 

 

 

 

 

 

 

 

likelihood of successful AI adoption and effective utilization in leadership development 

programs (Ferrara, 2023). 

Individualism and Collectivism in AI Adoption 

The cultural dimension of individualism versus collectivism significantly influences how 

leaders approach AI adoption in leadership development, affecting everything from initial 

acceptance to ongoing use (Hofstede, 2001; Singh, 2023). This dimension, defined by the degree 

to which individuals are integrated into groups, shapes perceptions and behaviors toward 

technology. In individualistic cultures, leaders often view AI through the lens of personal 

advancement, while in collectivistic cultures, the focus is on group benefits and harmony. 

In highly individualistic cultures, such as the United States, leaders are more likely to be 

attracted to AI tools that offer personalized feedback, individual skill assessment, and 

customized development paths to advance their personal careers (Hofstede, 2001). For these 

users, an AI tool’s perceived usefulness is directly tied to its ability to provide private skill-gap 

analytics or an individualized learning path based on 360-degree feedback (Davis, 1989). This 

focus on personal gain means adoption strategies should highlight individual performance 

optimization. 

Conversely, in collectivistic cultures, leaders often prioritize team cohesion and 

consensus (Singh, 2023). The perceived usefulness of an AI tool is judged by its contribution to 

group goals. Implementation requires demonstrating how the technology benefits the entire team, 

not just individual leaders. This makes social influence and group buy-in critical adoption drivers 

(Venkatesh et al., 2003). For example, AI tools that feature team-based assessments, shared 

dashboards tracking progress toward team KPIs, or facilitate peer coaching circles are better 

aligned with these cultural values. Involving the group in the AI selection process and 
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establishing consensus checkpoints can also act as crucial facilitating conditions for successful 

adoption. The cultural dimension of individualism and collectivism directly informs this study’s 

research questions by illustrating how cultural orientations moderate leaders' perceptions of AI's 

usefulness and social value, thereby shaping their adoption intentions as explained through the 

constructs of TAM and UTAUT. 

Uncertainty Avoidance and Risk Perception 

Cultural attitudes toward uncertainty and risk significantly influence how leaders 

approach AI adoption in leadership development, affecting initial decisions and ongoing use 

(Singh, 2023; Hofstede, 2001). Uncertainty avoidance is a cultural dimension reflecting 

discomfort with ambiguity and a preference for clear rules, while risk perception is a leader’s 

appraisal of potential losses from AI-mediated decisions. Understanding these cultural 

differences is essential for developing implementation strategies that address cultural concerns 

while maximizing the benefits of AI-enhanced leadership development (Mat Rashid et al., 2024). 

Leaders in high uncertainty avoidance cultures often express greater concern about the 

unpredictability of AI systems and the potential risks of relying on AI-generated 

recommendations (Singh, 2023). This anxiety is especially pronounced when AI systems operate 

as "black boxes," creating a perceived loss of control (Hofstede, 2001). For these leaders, the 

effort expectancy to use an AI tool increases, as they feel a need to extensively verify its outputs. 

Consequently, their perceived usefulness of the tool diminishes if they cannot trust its reliability 

(Davis, 1989; Venkatesh et al., 2003). To address this, organizations in these cultures must 

emphasize transparency, predictability, and human oversight. This can be achieved through 

facilitating conditions such as explainable AI (XAI) interfaces that show the rationale behind 
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360-degree feedback recommendations, detailed validation reports for competency models, and 

staged rollouts with pilot cohorts and human-in-the-loop approvals. 

Leaders in low uncertainty avoidance cultures are often more willing to experiment with 

new AI technologies and are more comfortable with their inherent unpredictability (Hofstede, 

2001). For them, the perceived usefulness may be tied to innovation and competitive advantage 

rather than proven stability. In these settings, implementation can be more rapid, using sandbox 

environments for experimentation and opt-in cohorts for rapid iteration (Mat Rashid et al., 2024). 

The positive social influence in such a culture often comes from early adopters who champion 

the new technology. The cultural dimensions of uncertainty avoidance and risk perception 

directly inform this study’s research questions by showing how a culture’s tolerance for 

ambiguity shapes the specific user expectations that drive AI adoption, as explained through the 

constructs of TAM and UTAUT. 

Culturally Adaptive Implementation Strategies 

The development of culturally adaptive strategies for AI implementation is essential for 

successful adoption across diverse global organizations (Singh, 2023). This approach involves 

aligning AI systems and rollout practices with local cultural values while preserving core 

program objectives. It is not a one-size-fits-all process; rather, it requires a deliberate effort to 

tailor technology to its human context. This tailoring involves adapting the AI system itself, as 

well as the communication, training, and support surrounding it. 

A successful strategy begins with a cultural assessment framework, often using 

dimensions like those identified by Hofstede (2001), to understand the local context. The insights 

from this assessment directly inform how to optimize for the core constructs of technology 

adoption. For example, in a high uncertainty avoidance culture, providing detailed explainability 
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for an AI's recommendations and offering pilot programs with human-in-the-loop approvals 

serve as critical facilitating conditions. These actions reduce perceived risk and increase 

perceived usefulness (Venkatesh et al., 2003; Davis, 1989). In contrast, a low uncertainty 

avoidance culture might favor sandbox environments and opt-in trials, framing the AI tool as an 

innovative advantage. 

Similarly, adaptations must address the individualism-collectivism dimension. In an 

individualistic culture, framing an AI coaching tool around personalized dashboards and private 

development paths enhances its perceived usefulness by appealing to personal ambition. In a 

collectivistic culture, the same tool’s adoption is better supported by emphasizing shared team 

dashboards, peer coaching features, and group-based decision checkpoints. These features 

bolster social influence by demonstrating the tool's value to the group, not just the individual 

(Venkatesh et al., 2003). Such careful attention to ethical and cultural factors ensures that AI-

enhanced programs are both effective and responsible (Sharma et al., 2025). The use of 

culturally adaptive strategies directly informs this study’s research questions by illustrating how 

tailored implementation can influence the core perceptual drivers of technology adoption 

detailed in TAM and UTAUT. 

Future Opportunities for AI in Leadership Development 

Advancing AI capabilities present significant opportunities to transform how 

organizations cultivate leadership talent (Sacavém et al., 2026). The convergence of AI with 

evolving leadership needs creates a landscape rich with potential for innovation and growth 

(Madanchian et al., 2024). Examining these opportunities through the lens of technology 

adoption models like TAM and UTAUT helps explain how they might influence leaders' 

perceptions and willingness to engage with these new tools. 
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One major opportunity lies in personalized and adaptive learning paths. AI systems can 

analyze multimodal data, such as project performance, communication patterns, and assessment 

results, to create unique development journeys for each leader (Kayusi et al., 2025). For instance, 

an AI could recommend specific micro-learnings or project assignments based on a leader's 

demonstrated skill gaps. This high degree of personalization directly enhances the system's 

perceived usefulness, as leaders see a clear connection between the tool and their individual 

growth needs (Davis, 1989). 

Another domain is AI-augmented coaching and feedback. Modern AI can provide real-

time coaching suggestions or summarize 360-degree feedback with explainable 

recommendations (König et al., 2022). When a leader receives a suggestion like, "Your last three 

project updates did not mention team contributions," along with a link to a communication 

module, the clarity and actionability of the feedback boost its value. This transparency improves 

perceived usefulness and lowers effort expectancy by making it easier for leaders to understand 

and act on the advice (Venkatesh et al., 2003). 

Advanced talent analytics for succession planning offers a third opportunity. AI can 

identify high-potential leaders and model future competency needs with greater precision than 

traditional methods (Kayusi et al., 2025). An organization using a validated AI model to build its 

leadership pipeline provides a strong facilitating condition for adoption, as the system is 

integrated into critical organizational processes. This high-level endorsement also creates 

positive social influence among aspiring leaders. 

Finally, simulation and scenario training using generative AI creates immersive practice 

environments (Milfelner et al., 2023; Appoh et al., 2025). Leaders can engage with AI-powered 

avatars to practice difficult conversations or crisis management in a safe setting. The ability to 
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practice and receive immediate feedback on complex skills makes this a highly valuable and 

engaging form of training, directly increasing its perceived usefulness. The ethical and effective 

implementation of these opportunities informs this study’s research questions by illustrating how 

specific AI applications can shape the perceptual drivers of technology adoption detailed in 

TAM and UTAUT. 

Transformative Potential of AI 

The transformative potential of AI in leadership development extends beyond simple 

automation, fundamentally reshaping how leaders understand their roles, develop capabilities, 

and engage with their environments (Almaiah et al., 2022; Vargas Portillo, 2025). This 

transformation occurs across multiple dimensions, creating opportunities for organizations to 

cultivate leadership skills previously unimaginable (Goswami et al., 2023). Each dimension 

directly influences the perceptual drivers of technology adoption. 

One key transformation is sensemaking and decision augmentation. AI can synthesize 

vast amounts of data, from 360-degree feedback to organizational performance metrics, 

providing leaders with contextualized insights to make better decisions (Kayusi et al., 2025). An 

AI tool that highlights hidden themes in employee engagement surveys and suggests specific 

leadership actions enhances a leader's ability to understand and respond to complex challenges. 

This directly elevates the system’s perceived usefulness, as it becomes an indispensable partner 

in strategic thinking (Davis, 1989). 

A second dimension is capability development at scale. AI enables adaptive, multimodal 

learning platforms that tailor content to each leader's unique needs and learning style (Almaiah et 

al., 2022). A platform that can shift from a text-based module to a video simulation based on a 

leader’s progress makes learning more engaging and effective. This personalization lowers the 
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cognitive load and effort expectancy required to gain new skills, making development more 

accessible (Venkatesh et al., 2003). 

Third, the rise of socio-technical teaming marks a significant shift, where leaders 

collaborate with AI coaches and copilots as partners (Sacavém et al., 2026; González-Reyes et 

al., 2026). For instance, a leader might work with an AI assistant to prepare for a difficult 

conversation by role-playing different scenarios. The presence of this supportive, non-

judgmental AI partner can build confidence and skills. The endorsement of such tools by senior 

leadership creates strong social influence, encouraging wider adoption. 

Finally, governance-embedded ethics transforms how principles like fairness and 

transparency are operationalized. Instead of being an afterthought, ethical checks can be built 

directly into leadership development workflows (Sharma et al., 2025). An AI-driven succession 

planning tool with a built-in bias audit provides a clear facilitating condition for responsible use. 

This structural support system builds trust and mitigates perceived risks. AI's transformative 

potential directly informs this study’s research questions by illustrating how these fundamental 

shifts in leadership practice shape the core TAM and UTAUT constructs that govern adoption 

intentions. 

Automation of Routine Tasks and Strategic Focus Enhancement 

One of AI's most immediate contributions to leadership development is the automation of 

routine administrative and analytical tasks. This process involves delegating recurring duties to 

AI systems, thereby freeing leaders' cognitive resources for higher-value strategic initiatives, 

creative problem-solving, and relationship building (Goswami et al., 2023). This shift represents 

more than an efficiency gain; it fundamentally alters the nature of leadership work by allowing a 

greater focus on uniquely human capabilities (Kayusi et al., 2025; Madanchian et al., 2024). 
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The liberation from routine tasks enables leaders to engage more deeply with the strategic 

and interpersonal aspects of their roles that drive organizational success (Appoh et al., 2025). 

This directly enhances the perceived usefulness of AI tools, as leaders see a clear benefit in 

offloading time-consuming work (Davis, 1989). For example, an AI that automates scheduling, 

generates weekly performance reports, or summarizes lengthy meeting transcripts allows a leader 

to spend more time mentoring their team or developing long-term strategy (Klus & Müller, 

2021). The effort expectancy associated with these tools is low, as they are designed to reduce, 

not add to, a leader's workload (Venkatesh et al., 2003). 

AI-driven automation also serves as a powerful facilitating condition when integrated 

into core leadership processes. An AI that analyzes 360-degree feedback to provide concise 

summaries with clear action items, or a succession dashboard that uses pipeline analytics to flag 

readiness gaps, makes complex data more manageable. This practical support helps leaders focus 

on what matters most: developing talent and shaping culture (Park et al., 2024). When an 

organization successfully implements these tools, it creates positive social influence, as leaders 

observe their peers benefiting from a more strategic and less administrative focus. The 

automation of routine tasks directly informs this study’s research questions by illustrating how 

offloading administrative work can significantly boost an AI tool's perceived value and ease of 

use, thereby driving leaders’ intentions to adopt it as understood through TAM and UTAUT. 

Advanced Predictive Analytics and Strategic Decision-Making 

The evolution of predictive analytics revolutionizes how leaders approach strategic 

decision-making by providing deep insight into complex organizational and market dynamics 

(Frimpong & Wolfs, 2024). Advanced predictive analytics are AI techniques that model patterns 

in large, multimodal datasets to forecast outcomes relevant to leadership decisions (Almaiah et 
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al., 2022). By analyzing vast datasets to identify subtle patterns, AI equips leaders with 

predictive insights that enable more informed and effective strategic choices (Mukhopadhyay et 

al., 2024). 

These capabilities extend beyond traditional business intelligence to include predictive 

modeling of organizational behavior, market trends, and competitive dynamics (González-Reyes 

et al., 2026). For a leader, the perceived usefulness of such a tool is immense (Davis, 1989). 

Imagine an AI that can predict succession pipeline risks months in advance or forecast emerging 

skill gaps within a specific business function. This actionable intelligence allows a leader to 

proactively develop talent rather than reactively fill vacancies. This strategic advantage is 

especially pronounced in rapidly changing industries where traditional forecasting methods are 

inadequate (Sacavém et al., 2026). 

The integration of these analytics into leadership workflows acts as a powerful 

facilitating condition (Venkatesh et al., 2003). For instance, an AI tool that provides early-

warning signals by correlating employee engagement data with performance metrics helps 

leaders address potential issues before they escalate. Another example is an AI that monitors 

market signals to shape strategic coaching agendas, ensuring development is aligned with 

external realities. While the underlying models are complex, the outputs are often designed to be 

intuitive, which helps manage the effort expectancy for the leader. Seeing senior leadership use 

these predictive tools to make high-stakes decisions also generates strong positive social 

influence, encouraging broader adoption. The application of advanced predictive analytics 

directly informs this study’s research questions by demonstrating how forecasting capabilities 

can significantly enhance an AI tool's perceived value and strategic importance, thereby shaping 

leaders' adoption intentions as understood through the TAM and UTAUT frameworks. 
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Soft Skills Development Through Immersive AI Experiences 

The development of crucial soft skills like empathy, emotional intelligence, and 

interpersonal communication is revolutionized through AI-powered immersive learning 

experiences. These tools, defined as simulations and conversational agents, create realistic, low-

risk practice environments for leaders to rehearse complex human interactions (Malatesta & 

Ciani, 2022). They address a difficult aspect of leadership development: providing a safe space 

to practice and refine interpersonal skills through realistic scenarios (Shaqra, 2023). 

Understanding how leaders perceive these tools is key to their adoption. 

These immersive experiences offer a powerful demonstration of perceived usefulness 

(Davis, 1989). When a leader can practice a difficult conversation with an AI-powered role-

player and receive instant, private feedback, the tool's value is immediately apparent. AI 

simulations can present dynamic, emotionally complex scenarios, such as managing a team 

conflict or navigating a sensitive organizational change, without the risk of real-world mistakes 

(Shaqra, 2023; Singh, 2023). The sophistication of these training environments allows for 

scenarios that adapt in real-time to a leader's responses, providing more complex challenges as 

they show growing competence (Malatesta & Ciani, 2022). 

From an adoption perspective, the design of these experiences directly impacts effort 

expectancy (Venkatesh et al., 2003). A well-designed simulation with an intuitive interface and 

clear feedback mechanisms, such as a dashboard that tags missed emotional cues, feels easy to 

use. Furthermore, providing debrief reports that link a leader's in-simulation behaviors to a 

formal competency model acts as a strong facilitating condition by connecting the practice to 

official development goals. When organizations integrate these tools into their core leadership 

curriculum and senior leaders champion their use, it creates positive social influence. This 
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endorsement signals that the organization values the development of these essential human-

centric skills. The use of immersive AI for soft skills development directly informs this study’s 

research questions by showing how realistic practice and immediate feedback can enhance an AI 

tool's perceived value and ease of use, thereby driving leaders’ adoption intentions as understood 

through TAM and UTAUT. 

Longitudinal Research Needs 

Realizing the full potential of AI in leadership development requires sustained, 

comprehensive research that tracks the long-term impacts of AI integration on leadership 

effectiveness and organizational outcomes (Cotrim & Da Silva Gomes, 2024; Madanchian et al., 

2024). Longitudinal research is defined as the repeated, multi-wave observation of leaders and 

organizations to assess AI’s effects over time. Such studies are essential for validating AI's 

contributions and developing evidence-based approaches to AI-enhanced leadership 

development (Almaiah et al., 2022). 

From a technology adoption perspective, longitudinal designs are crucial for tracking the 

trajectories of key perceptual constructs. Initial assessments of perceived usefulness and effort 

expectancy can shift dramatically as leaders gain experience with a new AI tool (Davis, 1989; 

Venkatesh et al., 2003). For example, a cohort study following leaders who adopt an AI coaching 

platform can map how their perceptions change from initial skepticism to eventual reliance, and 

how this trajectory correlates with their competency growth. Similarly, panel data can link 

evolving social influence and facilitating conditions to sustained use and promotion outcomes. 

The literature points to concrete research designs that could build this evidence base. A 

difference-in-differences study could compare business units that implement AI-enabled 360-

degree feedback against those that do not, measuring changes in team performance and 

83 



 

 

 

 

 

 

 

 

 

psychological safety. Mixed-methods approaches, combining leader diaries with system usage 

logs, can provide rich data on how effort expectancy drifts over time as users master a system 

(Kayusi et al., 2025). Furthermore, analyzing audit trails from AI governance systems can show 

how the maturity of ethical frameworks, a key facilitating condition, impacts long-term trust and 

adoption (Sharma et al., 2025). The need for longitudinal research informs this study’s research 

questions by highlighting how leaders' perceptions and adoption intentions are not static points 

but dynamic processes that unfold over time, a concept best explored through the evolving 

constructs of TAM and UTAUT. 

Long-Term Impact Assessment and Behavioral Change Analysis 

Understanding the true impact of AI on leadership development requires longitudinal 

studies that track behavioral changes, skill development, and performance improvements over 

extended periods. Long-term impact assessment refers to the multi-year evaluation of these 

outcomes, while behavioral change analysis involves measuring specific shifts in leader 

competencies and habits attributable to AI-enabled interventions (Cotrim & Da Silva Gomes, 

2024). These research initiatives are essential for validating AI's contributions and developing 

evidence-based approaches for its use in leadership development (Almaiah et al., 2022). 

The literature indicates that such studies have employed sophisticated methods to capture 

the complex nature of leadership development while isolating the specific contributions of AI 

(Madanchian et al., 2024). From a technology adoption standpoint, this means tracking how 

perceptions of a tool evolve and connect to real-world results. For example, a multi-year panel 

study could link AI usage logs from a coaching platform with annual competency ratings, 

showing how sustained engagement relates to skill growth. This type of evidence is critical for 
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demonstrating how an AI tool’s perceived usefulness translates into tangible benefits (Davis, 

1989). 

Scholars have used various designs to generate these insights. A quasi-experimental 

difference-in-differences approach can compare business units that adopt AI-enabled coaching 

with those that do not, measuring changes in key performance indicators. Mixed-methods 

approaches, combining leader diary entries with 360-degree feedback data, can capture subtle 

shifts in interpersonal behaviors. These studies can also track how social influence and 

facilitating conditions, such as evolving governance policies, affect long-term adoption and 

behavioral change (Venkatesh et al., 2003; Sharma et al., 2025). Structural equation models can 

then link the core TAM and UTAUT constructs directly to these behavioral outcomes. Without 

robust empirical evidence of long-term benefits, organizations may remain hesitant to invest 

substantially in AI-enhanced leadership initiatives (Dahlander et al., 2023). The need for long-

term impact assessment informs this study’s research questions by framing adoption not as a 

single event but as a sustained process where initial perceptions, as modeled by TAM and 

UTAUT, must ultimately correlate with measurable behavioral change. 

Continuous Skill Evolution in AI-Augmented Environments 

As AI capabilities evolve at an unprecedented pace, leaders must continuously adapt and 

develop new competencies to remain effective in AI-augmented organizational environments. 

This process, defined as continuous skill evolution, is the ongoing adaptation of leader 

competencies in response to advancing AI capabilities and changing work systems (Madanchian 

et al., 2024). The rapid pace of AI innovation demands adaptive skillsets and ongoing 

professional development to maximize the collaborative effectiveness between human leaders 
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and AI systems. This dynamic necessitates a continuous reevaluation of what constitutes an 

effective leader. 

From a technology adoption perspective, this continuous evolution directly impacts the 

core constructs of TAM and UTAUT. As leaders develop new AI-related skills, their perception 

of an AI tool’s perceived usefulness may increase, as they become more adept at leveraging its 

advanced features (Davis, 1989). Conversely, as a tool becomes more complex, the effort 

expectancy might rise, necessitating further training (Venkatesh et al., 2003). This body of work 

tracks how leadership competencies evolve, identifying which skills become more important and 

which new ones emerge (Park et al., 2024; Shaqra, 2023). 

The literature describes facilitating conditions that organizations have used to support this 

evolution, such as dynamic skill taxonomies that update alongside AI feature releases or adaptive 

learning paths that re-sequence content based on new tool usage. For example, analyzing system 

logs can generate competency heatmaps, identifying leaders who master new AI collaboration 

skills, which can then be recognized with micro-credentials. This public recognition and the 

visible success of skilled peers create positive social influence, encouraging others to engage in 

upskilling (Kayusi et al., 2025). This ongoing assessment is essential for developing leadership 

programs that adapt to technological changes rather than becoming obsolete (Almaiah et al., 

2022). The concept of continuous skill evolution informs this study’s research questions by 

highlighting that leader perceptions and adoption intentions, as modeled by TAM and UTAUT, 

are co-dependent with their evolving capabilities in an AI-driven workplace. 

Advanced Tracking and Analytics Methodologies 

Assessing AI's complex impact on leadership development requires sophisticated 

tracking methods and analytical frameworks designed for this purpose. Advanced tracking and 
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analytics involve continuous, multi-source data collection and longitudinal modeling to measure 

the effects of AI interventions on leadership outcomes (Almaiah et al., 2022). These methods 

move beyond simple pre-post snapshots to create comprehensive datasets that capture the 

dynamic interplay between AI capabilities and human leadership effectiveness over time (Cotrim 

& Da Silva Gomes, 2024). 

These methodological innovations are essential for empirically studying the core 

constructs of technology adoption frameworks like TAM and UTAUT. They allow researchers to 

measure the trajectories of perceived usefulness, effort expectancy, social influence, and 

facilitating conditions and link them to concrete behavioral and performance outcomes (Davis, 

1989; Venkatesh et al., 2003). For instance, telemetry data from an AI coaching platform, 

combined with event logs tied to a competency framework, can show precisely how a leader's 

interaction with the tool correlates with their skill development. Integrating these quantitative 

metrics with qualitative data from surveys and narrative diaries creates a holistic evaluation that 

captures the full spectrum of AI's impact (Mukhopadhyay et al., 2024). 

Implementing these methods provides robust evidence. A study might use propensity 

score matching to create comparable groups for assessing the impact of an AI-enabled 360-

degree feedback tool. Another could use time-series intervention analysis to measure changes in 

team productivity following the launch of a new AI feature. Advanced analytical approaches, 

including machine learning algorithms for panel data and Qualitative Comparative Analysis 

(QCA), can identify complex patterns and specific combinations of conditions that lead to 

sustained use (Goswami et al., 2023). These methods enable researchers to provide evidence-

based recommendations grounded in robust data rather than theoretical speculation (Madanchian 

et al., 2024). The development of advanced tracking and analytics informs this study’s research 
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questions by providing the methodological toolkit needed to measure how leaders' perceptions 

and adoption intentions, as modeled by TAM and UTAUT, evolve and translate into measurable, 

long-term behavioral change. 

Adapting Leadership Models to AI 

The integration of AI into leadership necessitates fundamental changes to traditional 

leadership models, requiring the development of hybrid approaches that combine human 

judgment and creativity with AI-enhanced capabilities. Hybrid leadership is defined as a model 

that integrates human-centric skills like empathy and strategic oversight with the analytical 

power and automation offered by AI systems (Van Quaquebeke & Gerpott, 2023). This 

represents a shift from purely human-centric frameworks to more sophisticated models that 

leverage the complementary strengths of both human and artificial intelligence (Dahlander et al., 

2023). 

These hybrid models require leaders to develop new competencies in human-AI 

collaboration, learning to work with AI as a partner rather than just a tool (Shaqra, 2023; Klus & 

Müller, 2021). From a technology adoption perspective, the perceived success of these models 

hinges on the constructs within TAM and UTAUT. The perceived usefulness of an AI tool 

increases when leaders see how it augments, rather than replaces, their strategic function (Davis, 

1989). For instance, a leader using an AI to analyze market data for a report still applies their 

own judgment to frame the narrative and make the final decision. 

To make this collaboration effective, organizations need to establish clear facilitating 

conditions (Venkatesh et al., 2003). This includes creating decision-making playbooks that 

delineate tasks best suited for humans versus AI, and establishing clear governance guardrails 

and escalation paths for when an AI's recommendation seems counterintuitive (Sharma et al., 
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2025). Training leaders on when to accept, question, or override AI recommendations is crucial, 

as this builds the confidence needed to use the tools effectively and reduces the perceived effort 

expectancy. Furthermore, updating competency frameworks to officially include "AI 

collaboration" as a core skill creates positive social influence by signaling that this capability is 

valued. Leaders who master these collaborative approaches are positioned to drive superior 

outcomes by maintaining the essential human elements of leadership, such as team cohesion and 

cultural development, while benefiting from machine-level analysis (Van Quaquebeke & 

Gerpott, 2023). The need to adapt leadership models informs this study’s research questions by 

demonstrating that adoption is not just about the tool itself, but about how it is integrated into a 

leader’s workflow and identity, a process explained through the perceptual lenses of TAM and 

UTAUT. 

Cultural Transformation and Organizational Adaptation 

The successful integration of AI into leadership development requires a comprehensive 

cultural transformation within organizations. This transformation is defined as organization-wide 

shifts in norms, values, and routines that normalize the use of AI tools while protecting human-

centered principles and relationships (Dahlander et al., 2023). It involves creating an 

environment that embraces technological innovation, risk-taking, and continuous learning, where 

AI becomes a standard component of leadership practice. 

From a technology adoption perspective, this cultural shift is both a driver and a result of 

the core constructs in TAM and UTAUT. A culture of experimentation, where leaders can test 

AI tools in "safe-to-fail" pilots, directly impacts perceived usefulness and effort expectancy by 

giving them hands-on experience in a low-risk setting (Davis, 1989; Venkatesh et al., 2003). 

When leaders role-model the use of AI in critical processes, such as using an AI-powered 
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dashboard in a talent review, it creates powerful social influence that encourages peers to adopt 

the technology (Park et al., 2024). 

This transformation requires sustained communication efforts that help organizational 

members understand AI's role and benefits while addressing concerns about change (Shaqra, 

2023). Establishing clear facilitating conditions is essential. This includes creating learning 

rituals, like post-mortems on AI-assisted projects, and developing transparent communication 

plans that explain an AI system's logic and limitations. Embedding ethical considerations into the 

organizational DNA is also critical for building trust (Sharma et al., 2025). Implementing ethics 

guardrails, clear escalation paths for biased or problematic AI outputs, and governance councils 

that monitor for fairness ensures that AI systems serve objectives while adhering to societal 

norms and values (Sacavém et al., 2026). This cultural transformation informs this study’s 

research questions by illustrating how organizational context, through norms and shared values, 

shapes the key perceptual drivers of technology adoption detailed in TAM and UTAUT. 

Future Leadership Competencies and Skill Requirements 

The emergence of AI-augmented leadership environments creates demand for entirely 

new competencies that combine traditional leadership skills with technological literacy. These 

AI-augmented leadership competencies can be defined as the integrated set of human capabilities 

and technological literacies needed to effectively collaborate with AI systems (Shaqra, 2023; 

Madanchian et al., 2024). Leaders need a sophisticated understanding of AI capabilities and 

limitations while maintaining their focus on the irreplaceable human elements of leadership (Van 

Quaquebeke & Gerpott, 2023). 

The development of these competencies directly influences the perceptual drivers of 

technology adoption. For instance, a leader possessing strong AI literacy, defined as the ability to 
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interpret model outputs and understand their limitations, is more likely to find an analytics tool’s 

perceived usefulness to be high (Davis, 1989). They can see past the raw data to the strategic 

implications. Similarly, developing skills in judgment-in-the-loop, or knowing when to validate 

and override AI recommendations, gives leaders a sense of control and reduces the perceived 

complexity, thus lowering the effort expectancy associated with the tool (Venkatesh et al., 2003). 

Other crucial competencies include data communication, which is the ability to translate 

AI-generated insights into actionable plans for the team, and the orchestration of human–AI 

workflows (Klus & Müller, 2021). As leaders demonstrate these skills, they model effective use 

for their teams, creating positive social influence that encourages wider adoption. Innovative 

leadership development programs foster these skills through facilitating conditions such as 

awarding micro-credentials for AI collaboration, offering capstone projects with AI toolkits, and 

creating peer communities of practice to share best practices. A strong fluency in ethical 

governance is also essential, ensuring AI is used responsibly and that human oversight is 

maintained (Sharma et al., 2025). The need for new leadership competencies informs this study’s 

research questions by illustrating that a leader’s own skill set directly shapes their perceptions of 

an AI tool’s value and usability, as modeled by the constructs of TAM and UTAUT. 

Summary 

This chapter reviewed the adoption of Artificial Intelligence in leadership development, 

grounding the analysis in the technology acceptance model (TAM) and the unified theory of 

acceptance and use of technology (UTAUT). The literature demonstrates how AI applications, 

including automation for strategic focus, advanced predictive analytics, and immersive 

simulations for soft skills, directly influence leaders' perceptions of usefulness, performance 

expectancy, and ease of use. Key adoption barriers were identified, such as technological 
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integration, organizational resistance, and critical ethical considerations including transparency, 

fairness, and accountability. The review also highlighted the importance of culturally adaptive 

strategies. Future opportunities, such as adapting leadership models and fostering new 

competencies, depend on robust facilitating conditions and positive social influence. The need 

for longitudinal evidence and advanced tracking methods was established to link leaders’ initial 

perceptions to sustained behavioral change. 

The literature generally agrees on AI's potential to enhance leadership but diverges on 

adoption strategies and the balance between technological and human-centered approaches 

(Dahlander et al., 2023; Van Quaquebeke & Gerpott, 2023). Major gaps remain regarding 

leaders' lived experiences, the impact of ethical perceptions on adoption, and the interplay of 

individual and organizational influences (Alblooshi et al., 2023; Patnaik & Bakkar, 2024). 

Addressing these gaps, the next chapter presents the research methodology designed to explore 

how leaders in American organizations perceive and adopt AI in leadership development. 
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Chapter 3: Research Method 

The problem addressed in this study was the need to explore the adoption and 

understanding of Artificial Intelligence (AI) in developing leadership skills and competencies 

within American organizations, as existing research indicates gaps in its application and 

integration (González-Reyes et al., 2026; Yasmeen, 2025). The purpose of this qualitative 

exploratory multiple-case study was to investigate how leaders and senior HR/L&D stakeholders 

in U.S. organizations perceive and adopt artificial intelligence (AI) in leadership development. 

This chapter outlined the qualitative, exploratory, multiple-case study methodology and 

design that was carried forward from Chapter 1, providing a detailed explanation of the 

operational plan. The chapter included the methodology and design, population and sample, 

materials and instrumentation, study procedures, and the plan for data analysis. Each section is 

introduced to transition the reader through the research design, using terminology that remains 

consistent with the themes of AI adoption, leadership development, and the defined research 

protocol. Eligibility criteria, activities, and timing were aligned across the narrative and the 

appendices. Instruments, including all materials referenced in Appendices A to H, were 

described in standardized language. The exclusive use of Google Meet audio recording using 

Otter.ai for interviews was specified, with clear statements indicating that participants received 

no compensation. 

Data handling, privacy, and retention procedures were systematically referenced and 

linked to the relevant appendices (see Appendix F: Interviewer Checklist; Appendix G: Data 

Management Plan, and Appendix H: Field Notes Template). Consistent details were provided 

regarding encryption, storage, de-identification, researcher-only access, and the planned three-

https://Otter.ai
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year retention period. Protocols for sampling, recruitment, and coding were described with 

reference to Appendices G and H. 

This study included formal member checking through transcript verification and 

summary validation, providing participants with the opportunity to review their transcripts, 

confirm the accuracy and resonance of the data, and request the removal of any portions they do 

not wish to include. This right was clearly communicated and strictly upheld throughout the data 

collection process (see relevant appendices). Each section was structured to maximize clarity and 

traceability, supporting strong alignment across the research protocol. This chapter concludes by 

addressing the study’s assumptions, limitations, delimitations, and ethical assurances, and by 

referencing the relevant appendices to facilitate the reader's navigation of the full protocol. 

Research Methodology and Design 

This study employed a qualitative exploratory multiple-case study methodology to 

investigate how leaders and senior HR/L&D stakeholders perceive and adopt Artificial 

Intelligence (AI) in leadership development. A qualitative, exploratory, multiple-case study 

approach enables in-depth investigation of contemporary phenomena within their real-world 

contexts, utilizing rich qualitative data from several bounded cases (Yin, 2018; Stake, 1995; 

Tisdell et al., 2025). An exploratory stance was well suited to surfacing and refining constructs 

and propositions in settings where theory continues to develop, rather than for hypothesis testing 

(Edmondson & McManus, 2007; Eisenhardt, 1989). The multiple-case approach supported 

cross-case thematic synthesis: each participant account was analyzed individually, followed by 

cross-case comparison to identify patterns of convergence, divergence, and contextual variation 

for analytic generalization (Yin, 2018; Eisenhardt & Graebner, 2007; Miles et al., 2020). This 

approach helped ensure that the findings are grounded in evidence relevant to RQ1–RQ3. 
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This methodological choice built on the evolution of qualitative case study research, 

rooted in traditions of thick description and contextualized understanding. Leaders in the field, 

including Stake (1995) and Tisdell (2025), have advocated for case studies to illuminate 

meaning-making within bounded systems. In contrast, Yin (2018) provides a more structured 

framework that foregrounds analytic rigor and cross-case transferability. Eisenhardt and 

colleagues (1989, 2007) demonstrated how multiple-case designs can be used to iteratively 

develop theory, making this approach valuable for organizational and management research. By 

structuring the analysis this way, the study sought to address each research question with 

granularity and context sensitivity. 

Within leadership and organizational studies, the exploratory multiple-case study serves 

as a powerful tool to address under-theorized, complex phenomena, especially in dynamic 

domains such as AI adoption (Yin, 2018; Stake, 1995; Eisenhardt, 1989; Edmondson & 

McManus, 2007; Raisch & Krakowski, 2021). By examining multiple cases, defined herein as 

individual leader or senior stakeholder accounts situated within their respective de-identified 

organizational and professional contexts that engage with or consider AI in leadership 

development, the study achieved a balance between within-case depth and cross-case breadth, 

shedding light on how ethical considerations, perceived usefulness, ease of use, and social 

influences shape adoption decisions. This alignment helped ensure that the study can respond 

fully to the RQs: RQ1 (perceptions of leaders and HR/L&D stakeholders), RQ2 (factors 

influencing adoption), and RQ3 (how context affects these processes). This approach fulfilled 

Yin’s logic of replication and Stake’s advocacy for contextual preservation. It situates lived 

participant experience at the core of the analysis to generate answers for each RQ. Recent 

organizational AI studies using case-based qualitative designs further support this 
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methodological fit because they demonstrate the value of examining AI adoption and 

assimilation across bounded organizational contexts, leadership communication patterns, and 

implementation stages (Alshahrani et al., 2025; Neumann et al., 2024). 

Recent studies have reinforced the value of this methodology in technology adoption 

research. Patnaik and Bakkar (2024) explored how leaders navigate ethical and practical AI 

challenges in HR, while Alblooshi et al. (2023) mapped adoption drivers in digital learning using 

a case-based methodology. Further examples from digital transformation, algorithmic decision 

making, and HR analytics illustrate how qualitative cases can elucidate the human dimensions of 

technology-enabled change (e.g., González-Reyes et al., 2026; Nimon et al., 2024). 

A qualitative methodology was especially appropriate here, as it enables the kind of 

interpretive, in-depth exploration necessary to uncover complex attitudes, perceptions, and lived 

experiences that are often invisible to survey methods (Creswell & Poth, 2016; Tisdell et al., 

2025). The exploratory stance aligns with the emergent nature of AI in leadership development, 

fostering openness to new and unexpected findings, including variations in ethical risk tolerance, 

cultural readiness, or organizational decision-making structures that quantitative tools may 

overlook. The multiple-case structure reinforced trust in the findings by grounding 

interpretations in patterns that appeared across varied organizations, providing robust evidence to 

answer RQ1, RQ2, and RQ3. 

The unit of analysis in this study was the individual leader or senior stakeholder account, 

situated within and bounded by a de-identified organizational context (Yin, 2018). Each 

participant account was analyzed as an information-rich case of how AI-enabled leadership 

development was perceived, evaluated, and adopted within a specific role and organizational 

setting. 
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Defining the Case and the Bounded Unit of Analysis 

Consistent with this design, the case in this study was defined as the individual leader or 

senior stakeholder account situated within a de-identified organizational and professional 

context, and the unit of analysis was that leader or stakeholder account rather than the named 

organization. This distinction is important for defensibility: because several organizations were 

represented by a single senior informant, the study does not claim to be an organizational case 

study in which an entire organization is the case. Instead, each participant account functioned as 

a bounded, information-rich case of how AI-enabled leadership development was perceived, 

evaluated, and adopted from a specific leadership or HR/L&D vantage point (Yin, 2018; Stake, 

1995). 

Each case was bounded along four dimensions: (a) participant role, defined as a senior 

leadership or senior HR, learning and development, operational, or technology position; (b) 

organizational context, captured as a de-identified sector, organization size, and readiness 

profile; (c) AI exposure and adoption context, defined as direct exposure to or involvement with 

AI-enabled leadership development tools or initiatives within the previous 24 months; and (d) 

the time-bounded interview and its associated study artifacts, including the transcript, analytic 

memos, and member-checking record. These boundaries kept each case analytically distinct 

while protecting participant and organizational confidentiality. 

Defining the case at the level of the leader or stakeholder account, rather than the 

organization, supported a defensible multiple-case logic without overclaiming organizational 

representativeness. Cross-case synthesis therefore compared patterns across these bounded 

participant-context cases, using replication logic to identify where perceptions converged, 

diverged, or were shaped by sector and readiness, while preserving the within-case depth of each 
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individual account (Yin, 2018; Eisenhardt & Graebner, 2007; Miles et al., 2020). This case 

definition aligns with the unit-of-analysis statements used throughout the Population and Sample, 

Data Analysis, and Trustworthiness sections of this chapter. 

To preempt a common methodological critique, it is reiterated that this study does not 

treat any named organization as a full organizational case, and no claim of whole-organization 

representativeness is advanced. The bounded case is the participant account itself, situated within 

the participant’s role, organizational and sector context, AI exposure and adoption setting, and 

the time-bounded interview record and its associated study artifacts. Cross-case synthesis 

therefore compares these bounded participant-context cases rather than comparing organizations, 

which keeps the analytic claims aligned with the unit of analysis and supports the defensibility of 

the multiple-case logic (Yin, 2018; Stake, 1995). 

To promote rigor and transparency throughout the analysis, the process integrated several 

safeguards and best practices in a clearly documented and auditable manner. The analytic 

workflow included maintaining a detailed decision log, where major analytic choices, such as 

code merges, modifications to code definitions, or adjustments to theme boundaries, were 

consistently timestamped and accompanied by written rationales. This approach helped ensure 

that each step in the analytic chain remained open to scrutiny and traceable from raw data to final 

claims. 

The criteria for elevating a code to a theme were explicitly articulated, requiring that any 

emergent category must recur across multiple cases, as defined by a predetermined minimum 

threshold in the analysis plan, and demonstrate clear explanatory power in relation to at least one 

research question. This threshold helps prevent premature thematic claims and maintains analytic 

integrity. 
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Participant engagement was fostered through robust member-checking strategies, such as 

transcript verification and summary validation (Appendices I and J). These methods provided 

participants with opportunities to confirm or contest interpretations attributed to their accounts. 

When feedback prompted revision, the relevant analysis was updated accordingly. Where 

disagreement persists, these divergences are reported transparently. 

All direct quotations included in reporting were anonymized using a standardized 

identifier for case, role, and participant. Quotations were lightly edited solely for clarity and 

flow, without altering meaning, and any potentially identifying or sensitive details were carefully 

masked to preserve confidentiality. Should interviews be conducted in a non-U.S. English dialect 

or include specialized terminology, the translation and localization process was managed 

thoughtfully to maintain fidelity in both the coding and reporting stages. 

Reflexive memoing was an integral part of the analytic process, supporting the continual 

examination of analytic risks, such as confirmation bias, overreliance on initial codes, and 

premature closure around themes. These risks were mitigated by a purposeful negative case 

analysis and a deliberate search for alternative explanations as the study progresses. 

Finally, adherence to all confidentiality and data management protocols was maintained as 

outlined in Appendices C through G, ensuring that the study not only meets ethical standards but 

also consistently preserves participants’ privacy and the integrity of the research record. To 

ensure that the analysis directly informed reporting and provide clear answers to each RQ, 

Chapter 4 was structured by research question, with cross-case themes presented alongside 

within-case contrasts so that both general trends and contextual nuances were transparent. This 

organization responds directly to the needs of RQ1, RQ2, and RQ3 by allowing the narrative to 

reflect both shared and unique aspects of AI adoption and perception. 
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By building on validated case study techniques and integrating constructs from the 

technology acceptance model (TAM) and the unified theory of acceptance and use of technology 

(UTAUT) as sensitizing concepts, this study maintained both a deductive structure and an 

inductive openness. This approach aims to position the research to deliver nuanced, credible 

insights grounded in participant experiences, with robust analytical procedures to ensure 

trustworthiness and alignment with the guiding research questions. 

Alternative Designs Considered 

Selecting an appropriate research design for this study requires a critical and reflective 

assessment of various methodological pathways (Creswell & Poth, 2016), each weighed against 

the overarching research questions, goals, and context. Although the qualitative exploratory 

multiple-case study was ultimately selected, careful consideration was given to a range of 

alternative approaches. In this section, the logic behind examining these alternatives, their 

potential value, and the rationale for ultimately determining that they did not fully meet the 

rigorous standards and unique needs of this project was described, with explicit reference to how 

each would (or would not) address RQ1–RQ3. 

First, the single-case study design was considered for its strengths in delivering an in-

depth, holistic account within the boundaries of a single organization (Yin, 2018). While a 

single-case approach can yield insights into the nuanced, contextual realities of one setting, it did 

not enable the comparative analysis envisioned in this study, which is essential for addressing the 

cross-context elements of RQ2 and RQ3. The research objectives required an understanding of 

both commonalities and variations in AI adoption across multiple organizational environments. 

A single case would significantly curtail the transferability and limit the usefulness of the 

findings beyond a single context. By adopting a multiple-case design, the study supported cross-
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case comparison and analytic generalization (Eisenhardt & Graebner, 2007; Yin, 2018), thus 

providing richer evidence for each RQ. 

Consideration was also given to deploying a cross-sectional quantitative survey. Surveys 

are well-established tools for gathering data from large samples, allowing for the statistical 

analysis of relationships between variables (Creswell & Poth, 2016). While valuable for 

exploring broad trends or testing specific hypotheses, this design falls short in investigating 

emergent phenomena, like perceptions of AI adoption, where constructs are still evolving and 

closely tied to RQ1 and RQ3. The nuances, complexities, and contextual realities at the heart of 

the present study are likely to remain unexplored, as surveys requires predetermined variables 

and offer limited capacity for follow-up and clarification. Deep, qualitative insight into attitudes, 

decision rationales, and ethical considerations, core to this research, demanded a richer approach 

(Tisdell et al., 2025). 

Mixed-methods designs, particularly sequential explanatory and exploratory models, 

were also evaluated (Creswell & Poth, 2016). The explanatory variant, which would lead with 

quantitative inquiry, was not a logical fit without established variables or known relationships to 

examine. While a sequential exploratory approach (qualitative followed by quantitative) would 

align more closely, it requires developing and piloting a quantitative instrument as a subsequent 

phase, an endeavor more suitable for a long-term research agenda than a single dissertation 

project. The study’s limited resources and specific focus on initial exploration make an all-

qualitative, multiple-case design the more effective option, enabling resources to be concentrated 

where the most conceptual value can be generated and supporting detailed answers to each RQ. 

Ethnography presents another potential avenue, given its tradition of rich description 

through prolonged immersion in a cultural setting (Creswell & Poth, 2016). However, its scope 
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and demands for extended observation and cultural participation within several organizations 

made it impractical in terms of both access and timeline. Additionally, the purpose of this 

research is not to document entire organizational cultures, but rather to illuminate a specific 

phenomenon: the adoption and perception of AI as it unfolds in real-world professional settings. 

The case study design, with its structured data collection and bounded inquiry, provided a better 

fit for answering RQ1 through RQ3. 

Grounded theory methodologies were also considered, given their strength in developing 

theoretical models from systematically collected data (Tisdell et al., 2025). However, grounded 

theory is best suited to research questions that seek to construct a unified process theory and 

would require an iterative approach to sampling and data collection, which is not feasible across 

multiple organizations within a finite study period. This project, while theory-building, focused 

more on clarifying constructs and mapping variation than on generating a comprehensive new 

process model. The strategies of the Eisenhardt (1989) framework were suitable for drawing 

context-sensitive theoretical insights from multiple cases (Edmondson & McManus, 2007) and 

for addressing the breadth of questions posed in RQ1–RQ3. 

Phenomenological approaches were also explored, given their strengths in capturing the 

essence of a lived experience (Creswell & Poth, 2016). Nevertheless, phenomenology’s focus on 

the inner, subjective experience of individuals, rather than organizational- or process-level 

dynamics, renders it less suitable for the present research questions. In a phenomenological 

design, the unit of analysis would have been the lived experience of each individual. In contrast, 

the present study's unit of analysis was the individual participant account situated within a de-

identified organizational context, making the exploratory multiple-case study framework a more 

logical methodological home for the inquiry (Yin, 2018). 
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Turning to experimental and quasi-experimental designs, these methods, while powerful 

for testing causality in controlled environments, were ruled out early. Not only would they be 

impractical and ethically tenuous when it comes to manipulating organizational adoption of AI 

or leader perceptions, but they would also be fundamentally misaligned with the exploratory, 

real-world focus of this research (Patton, 2014). The nature of the inquiry requires immersion in 

authentic contexts rather than artificial experimental settings. Therefore, these would not 

adequately address any of the research questions at the required depth. 

Additionally, action research and design science approaches, which emphasize problem-

solving, iteration, and collaborative intervention, were considered (Edmondson & McManus, 

2007). While both offer mechanisms to effect immediate organizational change or create new 

artifacts, the current study centered on an in-depth understanding, rather than intervention or co-

design, aligning with the need to respond to RQ1–RQ3 rather than to initiate immediate change. 

As such, these methods did not be pursued further for this project’s exploratory aims. 

The logic of the Delphi study, renowned for synthesizing expert consensus through 

iterative rounds of feedback (Miles et al., 2020), was also examined. However, the present work 

sought to capture the diversity and, at times, the contradictions of perspectives within and across 

organizations, rather than striving for consensus among experts. The divergent, naturally 

occurring views of real-world stakeholders holds the most significant conceptual value for 

understanding this emerging phenomenon, aligning with RQ1–RQ3. 

The alternatives evaluated each possess clear strengths, but ultimately, they would not 

align as closely with the study's research purpose, context, or questions as the chosen qualitative 

exploratory multiple-case design. Each design was thoughtfully considered in terms of analytic 

rigor, resource constraints, and credibility. However, the multiple-case approach stands out as 
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uniquely equipped to deliver deep, transferable insights into the real-world adoption and 

perception of AI in organizational leadership. This methodology enabled cross-case comparison, 

support robust theory-building, and ensure that the resulting knowledge is firmly grounded in 

diverse practical realities, directly and thoroughly addressing RQ1, RQ2, and RQ3 (Yin, 2018). 

Population and Sample 

This study focused on organizational leaders and senior HR or learning and development 

professionals from diverse U.S. organizational contexts who had direct exposure to or 

involvement with AI-enabled leadership development tools or initiatives within the previous 24 

months. The completed study included 12 participants who represented varied sectors, 

organization sizes, role categories, and AI adoption stages. The cases were bounded as individual 

participant accounts situated within de-identified organizational contexts, which supported cross-

case comparison while protecting participant and organizational confidentiality. 

Sampling Frame and Criteria 

A purposive sampling strategy was implemented, meaning participants were intentionally 

selected because they were positioned to provide rich, relevant, and diverse insights into the 

research questions. The sampling frame targeted leaders and senior HR and L&D professionals 

in U.S.-based organizations at varied stages of AI adoption. Inclusion criteria required 

participants to be at least 18 years old, currently employed in a senior leadership or senior 

HR/L&D role at a U.S.-based organization, have five or more years of professional experience, 

and have direct exposure to or involvement with AI-enabled leadership development tools or 

initiatives within the previous 24 months. These criteria aligned the participant pool with RQ1, 

RQ2, and RQ3 while allowing the study to include leaders from organizations at different 

adoption stages, including awareness, exploration, piloting, limited rollout, and scaled adoption. 
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This approach leveraged the inherent strength of multiple-case inquiry by allowing 

comparison across participant cases and organizational contexts. Rather than treating the findings 

as statistically generalizable, the analysis used cross-case synthesis to identify recurring patterns, 

divergent perspectives, and context-specific nuances related to TAM/UTAUT constructs. This 

design supported analysis of common and contrasting perceptions related to ethical implications, 

usefulness, ease of integration, social influence, facilitating conditions, and behavioral intention. 

Sample Size and Saturation 

The final sample included 12 participants. Recruitment was designed to continue beyond 

12 participants if thematic saturation had not been achieved; however, saturation monitoring 

indicated that the 12th completed interview reinforced the existing thematic structure and did not 

produce a new major research-question-aligned theme. The final sample was consistent with 

empirical guidance indicating that many qualitative interview studies reach saturation within 

approximately nine to 17 interviews, with a median near 12 (Guest, Bunce, & Johnson, 2005; 

Hennink & Kaiser, 2022). 

The recruitment strategy monitored diversity across role type, sector, organization size, 

and AI adoption stage. This approach supported transferability and cross-case comparison by 

allowing the study to examine how ethical perceptions, perceived usefulness, ease of integration, 

organizational readiness, and social influence appeared across varied participant and 

organizational contexts. 

Saturation was monitored systematically rather than assumed at a fixed number. 

Beginning at the ninth interview, the researcher compared newly generated codes against the 

cumulative codebook and documented whether substantively new codes or themes continued to 

emerge (Guest, Namey, & Chen, 2020; Hennink & Kaiser, 2022). Recruitment stopped after 12 
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completed interviews because the final interview reinforced existing themes related to human 

oversight, ethical concern, governance, usefulness, integration readiness, and social influence 

rather than producing a new major theme. 

Strategic diversity in sampling served both descriptive and analytic purposes. Participants 

differed by role, sector, organization size, and AI adoption stage, which allowed the study to 

compare ethical perceptions, perceived usefulness and ease of integration, and organizational or 

social influence factors across contexts. This cross-case comparison strengthened the study's 

transferability and supported analytic generalization within the boundaries of the qualitative 

design. 

Instrumentation 

The primary data collection instrument for this qualitative multiple-case study was a 

semi-structured interview protocol, carefully developed to elicit experiences and perspectives 

directly relevant to each research question (RQ). The protocol drew on a core set of open-ended 

questions and thematic prompts, providing flexibility for in-depth exploration while ensuring 

systematic coverage. This methodological choice was grounded in qualitative best practices and 

was designed to foster a rich understanding of how leaders and key stakeholders experience and 

interpret AI adoption in leadership development settings (Kallio et al., 2016; Rubin & Rubin, 

2012; Yin, 2018). The structure and content of the protocol were mapped explicitly to the 

constructs and objectives of the three research questions, utilizing the guiding frameworks of the 

technology acceptance model (TAM) (Davis, 1989; Davis, Bagozzi, & Warshaw, 1989) and 

unified theory of acceptance and use of technology (UTAUT) (Venkatesh et al., 2003; 

Venkatesh, Thong, & Xu, 2012). 
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To ensure methodological alignment, all study materials and procedures explicitly 

connected data collection and analysis to each research question. For RQ1, the interview 

protocol incorporated questions and flexible probes that surface leaders’ perceptions of AI ethics, 

including fairness, bias, accountability, and transparency, situated within concrete leadership 

development scenarios. These prompts were crafted to elicit both explicit viewpoints and the 

subtler ways in which ethical considerations shape willingness to adopt, enabling an analysis of 

ethics as both a barrier and an enabler of adoption (see Appendix D; Sharma et al., 2025; 

Mittelstadt et al., 2016). Additionally, the field notes template (Appendix H) guided the 

interviewer in documenting spontaneous ethical commentary and indicators of the organization’s 

ethical climate. These notes were revisited during coding and cross-case comparisons to preserve 

contextual meaning (Patton, 2014). 

For RQ2, the protocol systematically examined perceived usefulness and performance 

expectancy alongside perceived ease of use and effort expectancy, inviting participants to discuss 

both direct experiences and anticipated challenges of integrating AI-enabled solutions into 

leadership development. This structure supported the identification of patterns in perceived 

value, practicality, and return on investment (Davis, 1989; Venkatesh et al., 2003). Screening 

data gathered in Appendix A, including participants’ roles, leadership tenure, and AI exposure, 

provided contextual anchors that enrich differentiation along RQ2 dimensions. Together with 

field notes detailing observed integration efforts and leaders’ contextualized responses, these 

data points formed a basis for comparing organizational readiness and identifying facilitators and 

obstacles to adoption (Robinson, 2013; Patton, 2014). 

For RQ3, the protocol focused on the organizational and social conditions that influence 

leaders’ attitudes and behaviors, including peer influence, culture, leadership priorities, and 



 

 

 

 

 

 

 

 

 

 

 

 

108 

external pressures. Probes was designed to reveal how collaboration with HR and L&D 

functions, as well as prevailing organizational norms, shape receptivity to AI-driven change 

(Venkatesh et al., 2003; Alblooshi et al., 2023; Madanchian et al., 2024). These lines of inquiry 

were substantiated by screening variables such as sector and organization size (Appendix A) and 

by structured field notes that captured observable manifestations of cultural and social influence 

(Appendix H). Through this integrated design, the study preserved a clear line of sight from 

research questions to instruments, contextual data, and analytic procedures. 

The semi-structured interview protocol itself was organized around these domains, with 

each section prefaced by a rationale linking individual questions to the relevant RQ(s) and 

theoretical construct(s). For example, items addressing perceived usefulness and performance 

expectancy were introduced as foundational to understanding RQ2, while those about fairness 

and accountability were explicitly tied to RQ1. Social context questions, including collaboration 

and leadership dynamics, were mapped to Research Question 3 (RQ3). Each section of the 

protocol referenced the relevant RQ, ensuring transparency and analytic traceability (see 

Appendix D). 

As part of the questionnaire, demographic and contextual descriptors were clearly defined 

and collected. These include the sector in which they work, the size of their organization, their 

specific professional roles, and the extent of their exposure to or involvement with AI 

technologies. Capturing this information is crucial, as it enabled systematic cross-case 

comparisons that enhance our understanding of adoption processes (RQ2) and contextual 

influences at both the organizational and social levels (RQ3). 

To further support alignment with the study’s focus on ethical considerations (RQ1), the 

screening tool incorporated ethical self-assessment items and scenario-based questions. For 
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example, participants may be asked to evaluate their personal or organizational commitment to 

the ethical use of AI, or to respond to hypothetical situations that challenge them to consider 

fairness, accountability, or potential biases in AI-enabled leadership development. These 

responses offered direct insight into the ways ethical concerns are perceived and navigated in 

real-world contexts, thereby strengthening the study’s ability to address RQ1 with depth and 

nuance. 

Field notes were systematically captured during every interview and organizational 

interaction, guided by a structured template (see Appendix H). In this study, field notes are not 

used for site visits but serve to document contextual observations made during interviews, 

including non-verbal cues, environmental details, and participant interactions. Additionally, they 

provide space for the researcher’s immediate reflections and memoing about emergent patterns 

or noteworthy moments connected to each research question. Observational fields, dedicated 

sections within the field note template, are where the researcher systematically recorded key 

contextual and behavioral details observed during interviews. Their purpose is to capture real-

time insights about factors such as ethics, decision-making influences, leadership culture, and 

how integration efforts are enacted or discussed. By focusing the researcher’s attention on these 

specific areas, observational fields help ensure that subtle but important aspects of the interview 

environment and participant behavior are documented. These entries, along with follow-up 

memos, provide valuable qualitative data for later retrieval and analysis, supporting a deeper 

understanding of patterns related to each research question. This structured approach supports 

analytic rigor and ensures comprehensive insight across all three research questions (Emerson et 

al., 1995; Denzin, 2023; Patton, 2014). 
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To further ensure that data collection instruments and procedures remain in alignment 

with the RQs throughout the study, checkpoints were built into both the interviewer checklist 

(Appendix F) and analytic protocols. In this context, a checkpoint is a designated step or review 

process that acts as a quality control measure. Checkpoints prompt the researcher to regularly 

verify that each stage of data collection and analysis is addressing the intended research 

questions. For example, they may involve reviewing and confirming that interview questions 

elicit responses relevant to specific RQs, or checking that coded data and emerging themes 

consistently map back to the primary research objectives. By incorporating these systematic 

pauses for reflection and verification, the study maintained methodological rigor and helped 

ensure that no critical aspect of the research focus is overlooked. The interviewer confirmed at 

the start and conclusion of each session that all domains linked to the RQs have been addressed, 

and the analytic phase included explicit mapping of codes and themes to these research 

objectives. 

Changes and rationales were recorded for auditability and replication (Kallio et al., 2016). This 

cross-referenced and transparent approach helped ensure that every core material systematically 

advanced a comprehensive answer to RQ1, RQ2, and RQ3, and that the analytical journey from 

data collection through interpretation remained methodologically sound and contextually 

grounded. 

Study Procedures 

This section described the methodical sequence of actions used to execute the research, 

beginning with securing ethical approvals and culminating in the analytical synthesis of findings. 

Each procedure was designed to ensure systematic data collection, uphold the highest ethical 

standards, and provide clear, auditable answers to the study’s research questions (RQ1: AI ethics 
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and adoption, RQ2: usability and integration, RQ3: organizational and social influences). This 

explicit orientation toward the research questions sustained analytic rigor, transparency, and 

trustworthiness throughout, directly reflecting established qualitative research best practices 

(Yin, 2018; Kallio et al., 2016). 

The study proceeded through a structured pipeline, including obtaining Institutional 

Review Board (IRB) approval, recruiting and screening participants, securing informed consent, 

and then collecting and managing data via semi-structured interviews, field notes, and context 

forms. At each stage, procedures were calibrated to ensure that recruitment, sampling, data 

collection, and quality controls are explicitly aligned with the research questions. The roadmap 

was reinforced using a formal decision log: all major analytic and procedural decisions, 

including protocol adjustments, changes in analytic focus, or redefinitions of sample boundaries, 

were timestamped and justified to ensure an auditable chain from raw data to claims relevant to 

RQ1, RQ2, and RQ3. 

Recruitment Procedures 

Recruitment was executed systematically and explicitly mapped to the requirements of 

each RQ. Recruitment channels, including professional HR and leadership associations, targeted 

LinkedIn outreach, and organizational partnerships, were selected to yield participants who are 

well-positioned to address the ethical, strategic, and contextual dimensions of AI adoption. 

Messaging and screening materials referenced constructs central to the RQs; invitations were 

tailored to attract those with decision-making or advisory authority over AI, and questionnaires 

elicited information on participants’ direct experience with topics that appeared in protocol 

questions mapped to RQ1, RQ2, and RQ3 (see Appendices A and B). 
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All interested individuals were screened using a structured online tool designed to 

expressly capture their ability to address the focal areas of each RQ (see Appendix A for details). 

For example, screening included prompts about ethical concerns (RQ1), involvement in or 

observation of AI implementation (RQ2), and perspectives on social or organizational dynamics 

(RQ3). Responses were securely stored, and only eligible individuals were advanced for 

scheduling to ensure that every interview is both thematically relevant and strategically aligned. 

A rolling recruitment log tracked case and role diversity to monitor continuing alignment with 

RQ-driven quotas. 

Consent, confidentiality, and compensation policies were detailed to each participant and 

designed to foster transparency and mitigate risks, as outlined in the Data Management Plan 

(Appendix G), the Consent Form (Appendix C), and reflected in participant-facing messaging. 

Pseudonyms and data redaction practices helped ensure contextual information (e.g., 

organization’s AI maturity level relevant to RQ2/RQ3) is maintained in a way that supports 

analytic needs while protecting identities. 

Appropriateness and Alignment 

Every step of the sampling and recruitment process was purposely mapped to the 

research questions and the theoretical framework at the heart of this study. For this research, a 

senior leader is defined as an individual who occupies an executive or upper-management role 

(such as CEO, COO, CIO, Vice President, or Director), holds primary or shared responsibility 

for strategic decision-making, and has at least five years of leadership experience within their 

current organization or sector. Sampling senior leaders and HR/L&D stakeholders helped ensure 

access to participants who can speak directly to the perceived ethical implications (RQ1), the 

long-term usefulness and ease of integration as per the TAM and UTAUT models (RQ2), and the 
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full array of organizational and social factors impacting attitudes and adoption behaviors (RQ3). 

Sampling and cross-case comparison attended to AI maturity, organizational size, and sector to 

support variation across participant accounts and strengthen analytic generalization (Yin, 2018). 

Throughout recruitment and analysis, the study maintained strict procedures for 

documentation, auditability, and ongoing RQ alignment. Checkpoints built into the Interviewer 

Checklist (Appendix F), Field Notes Template (Appendix H), and Data Management Plan 

(Appendix G) helped ensure that sampling and data collection procedures continuously reflected 

and served the needs of RQ1–RQ3. For example, post-interview checklists were used to verify 

that each participant’s interview yielded substantive data for all three RQs. Deviations from the 

sampling plan or emergent gaps in RQ coverage were formally logged and, if necessary, 

recruitment cycles were adjusted to preserve analytic integrity. 

To mitigate risks to analytic integrity, such as confirmation bias, overreliance on 

sensitizing concepts, or premature closure, the protocol included active reflexive memoing, 

negative case analysis, and the explicit search for and adjudication of rival explanations. 

Interpretive disagreements and analytic deliberations were documented in the decision log, 

supporting transparency and reflexivity across all RQs. 

Before any participant interaction, all protocols were submitted for review and approval 

by the IRB. Procedures for confidentiality, voluntary consent, and clear communication did not 

only fulfill ethical obligations but also ensure the best possible outcomes. They also supported 

engagement with each of the research questions (ethical perceptions for RQ1, usability and 

integration for RQ2, organizational and social context for RQ3). This approach created safe 

conditions for participants to discuss workplace and industry sensitivities inherent to the research 

questions. Supporting documentation is included in Appendices F and G. 
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A purposeful, maximum variation sampling strategy was implemented (Patton, 2014) to 

ensure that the participant pool encompasses a broad range of perspectives relevant to RQ1– 

RQ3. Organizational leaders and senior HR/L&D stakeholders across sectors and varying states 

of AI maturity were recruited to ensure analytic comparisons of ethical concerns (RQ1), 

integration experiences (RQ2), and the influence of organizational or social environments (RQ3). 

Recruitment quotas and monitoring plans maintained balance along these critical analytic 

dimensions tied to the research questions. 

Screening was conducted using a standardized eligibility questionnaire, ensuring that 

selected participants reflect the theoretical constructs central to the research questions (see 

Appendix A). Role, responsibility, and AI exposure was mapped to ethical engagement (RQ1), 

usability and integration experience (RQ2), and organizational/social factors (RQ3), with all 

instrument responses encoded for subsequent analytic alignment and traceability. 

The consent process was designed to be transparent and participant-centered, ensuring 

that all individuals are fully informed and able to engage openly in discussions aligned with the 

aims of RQ1–RQ3. Scheduling protocols provided flexibility and respect participant context, 

facilitating open, in-depth dialogue, particularly on sensitive themes. Data collection used three 

core instruments: the semi-structured interview protocol, the field notes template, and a 

demographics/context form. Each instrument was cross-mapped to the research questions to 

ensure comprehensive analytic coverage. 

Before each interview, eligibility and sampling coverage were reconfirmed to safeguard 

analytic comparability for all RQs. Interview questions and probes were directly mapped to the 

research questions, addressing bias and fairness for RQ1, usability and integration for RQ2, and 
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organizational context for RQ3. Protocol-linked notes guided interviewers in maintaining 

consistent analytical alignment with the study aims. 

Each participant account was treated as a bounded case situated within a de-identified 

organizational context. This approach allowed structured comparison of ethical perceptions 

(RQ1), integration experiences and adoption decisions (RQ2 and RQ2a), and organizational or 

social influences (RQ3) while protecting participant and organizational confidentiality. 

All data were de-identified and stored securely in accordance with established protocols 

(see Appendix G), ensuring both confidentiality and analytic traceability through RQ-linked 

variables. File organization and consistent coding helped ensure that every transcript, note, and 

demographic record is retrievable and comparable across analytic themes. Member checking 

(through transcript verification and summary validation) occurred in close conjunction with 

ethically sensitive content (RQ1), technical experiences (RQ2), and social context (RQ3), with 

all feedback incorporated into the iterative analytic process. A confidentiality-in-quotations 

policy was employed: any quotes prepared for reporting were minimally and carefully edited 

solely for clarity (e.g., removal of fillers, bracketed clarifications), preserving the intended 

meaning. Potentially identifying information was masked in keeping with the de-identification 

protocol and standardized participant ID scheme. 

Member checking occurred in two phases: transcript verification followed by summary 

validation (Lincoln & Guba, 1985; Creswell & Poth, 2016). This process serves as both a quality 

assurance checkpoint and a targeted review of analytic interpretations for RQ1, RQ2, and RQ3. 

During transcript verification, participants had the explicit right to strike any part of the 

transcript they do not wish to include in the study record, giving them complete control over how 

their contributions are represented. If participant feedback reveals contradictions or challenges to 
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the coding, these were logged and prompted a re-examination of the coding. Substantive 

discrepancies led to analytic revisions; if unresolved, they are reported as divergences in the final 

analysis. Reflexive memoing and a research journal provided a transparent, justifiable audit trail 

of analytic decisions. The researcher kept a reflexivity journal, organized by RQ domain, to 

document ongoing reflections on bias, ethical perspective, and contextual influences. This served 

as a continual check on analytic rigor and support transparency in developing both within- and 

cross-case themes. 

Interview protocols, field notes, and participant prompts were designed to draw out 

authentic responses while preserving participant autonomy and comfort. Participants were 

reminded that they may skip questions or withdraw at any point, a point that is particularly 

emphasized in discussions regarding RQ1 (ethics). This helped ensure a respectful balance 

between analytic depth and participant protection. 

Potential study challenges were addressed through a multifaceted mitigation plan. If 

recruitment falls short or the sample lacks the diversity and representativeness essential for 

exploring RQ1 through RQ3, targeted outreach strategies were implemented. This included 

expanding recruitment efforts to untapped professional networks, leveraging additional industry 

contacts, or, if necessary, making modest adjustments to the inclusion criteria, all while 

maintaining a focus on relevance to the research questions. 

Technical disruptions were another anticipated challenge. To minimize the impact of 

software failures or connectivity issues during interviews and data collection, several backup 

measures were implemented. Before the start of data collection, alternative video conferencing 

platforms, such as Microsoft Teams or Zoom, were identified and pre-tested to ensure that the 

researcher and participants were familiar with these options and can switch quickly if the 
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primary platform failed. In instances where switching platforms is not feasible, interviews 

continued by phone, ensuring continuity and preventing valuable insights from being lost due to 

technical setbacks. For added security, offline recording devices were available, allowing 

conversations to be captured locally and transcribed later if online platforms become 

inaccessible. To further streamline these transitions, backup meeting links for multiple platforms 

were sent to participants in advance, allowing for a seamless shift with minimal disruption. 

Throughout this process, technical support resources were available to troubleshoot issues in 

real-time, helping to maintain the integrity of the data collection process and reducing participant 

frustration. Participants received clear instructions on alternative procedures, ensuring a smooth 

transition should technical issues arise and reducing the risk of data loss or compromised 

participation. 

Finally, ongoing sample monitoring took place throughout the research process. This 

involves continual review of participant profiles to verify that quotas are being met for key 

variables such as organizational roles, AI exposure, and context. Adjustments to quotas or 

sampling strategies were made in real-time if imbalances emerge. By taking these steps, the 

study supported analytic comparability across all research questions while preserving the 

methodological rigor and depth required for qualitative analysis. 

When participants share their perspectives using non-U.S. English or specialized 

terminology from their fields, the researcher took care to preserve the original meaning at every 

stage of data analysis and interpretation. During transcription, particular attention was paid to 

capturing words and phrases as they were intended, honoring the nuances of language and 

context. As the data moved through coding and into direct quotations, the researcher remained 

observant about maintaining the integrity of participants' voices, ensuring that their contributions 
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are faithfully represented. This process helped ensure that all data, regardless of the language or 

terminology used, remained true to its original meaning throughout analysis and reporting. Data 

collection was structured so that perspectives essential to all RQs were present from the outset. 

Phases of transcription, member checking, and early coding overlapped to allow dynamic review 

and ongoing assurance of RQ coverage. 

Findings in Chapter 4 were reported explicitly by research question. Cross-case themes 

were situated alongside within-case contrasts, affording readers a comprehensive understanding 

of broad patterns and individual nuances for each RQ. Every step of these study procedures was 

purposefully tied to the research questions, with robust measures in place to guarantee rigor, 

transparency, and analytic clarity from the beginning of data collection through to the final 

reporting of results. 

Data Analysis 

TAM and UTAUT were used as sensitizing frameworks rather than as quantitative models for 

hypothesis testing. Accordingly, the analysis used TAM constructs such as perceived usefulness, 

perceived ease of use, attitude toward use, and behavioral intention, along with UTAUT 

constructs such as performance expectancy, effort expectancy, social influence, and facilitating 

conditions, to guide coding and interpretation. UTAUT's demographic and use-context 

moderators, including age, gender, experience, and voluntariness of use, were not tested as 

moderating effects because the qualitative design was not intended to estimate relationships 

among variables. Instead, participant role, sector, organizational size, and adoption stage were 

used as contextual descriptors to support transferability and cross-case interpretation. 

In this study, the technology acceptance model and the unified theory of acceptance and 

use of technology operated as a sensitizing framework rather than a deductive coding framework. 
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A sensitizing framework offers orienting concepts that informed the theoretical lens and the 

design of the interview protocol, suggesting where to look without dictating in advance what 

would be found. A deductive coding framework, by contrast, would have supplied a fixed, 

predetermined set of theory-based codes applied to the data from the outset. Consistent with the 

exploratory aim of the study, the data were coded inductively first: first-cycle codes were 

generated directly from participant language, developed into categories through constant 

comparison, and refined into data-driven themes. Only after these themes were established were 

they compared with the technology acceptance model and the unified theory of acceptance and 

use of technology constructs as a post-coding interpretive layer. The framework therefore guided 

the theoretical lens and interview design but did not function as an a priori coding scheme 

imposed on the data. 

The data analysis adopted a pragmatic, constructivist orientation, which means that the 

analysis is guided by the belief that knowledge and understanding are shaped through the 

experiences and interpretations of the participants themselves. This approach centers on how 

individuals make sense of their environments, placing their perspectives at the heart of the 

research process. By focusing on participants' meaning-making, the analysis also seeks to 

identify insights that hold real-world value, mainly as they apply to organizational practice 

(Creswell & Poth, 2016). The analysis was designed to generate insight directly aligned with the 

core research questions guiding this dissertation. 

Data preparation focused on maintaining both accuracy and integrity as the foundation 

for trustworthy analysis (González-Reyes et al., 2026). Interview audio recordings were 

transcribed using Otter.ai, an AI-powered tool designed to capture spoken content efficiently. 

Recognizing the importance of nuance in qualitative research, multiple quality checks were 
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performed to accompany automated transcription. Each transcript was carefully reviewed and 

edited to correct errors, with special attention paid to technical terms, acronyms, names, and any 

passages affected by unclear audio or overlapping speech. Speaker identification was verified 

and adjusted to ensure conversations are accurately reflected. To further safeguard the quality of 

data, critical sections, such as key quotes and material directly related to the research questions, 

were spot-checked against the original audio recordings. Consistency and reliability were 

enhanced by maintaining a glossary of specialized terminology and conducting a pilot review to 

identify any recurring issues in transcription. These steps helped ensure that all transcripts 

maintain verbatim fidelity, clarify ambiguous segments, and provide a rigorous basis for 

qualitative analysis (Braun & Clarke, 2021). Field notes, captured during or immediately after 

interviews using a standardized template, were maintained with transcripts, demographic/context 

forms, analytic memos, and codebook materials as part of the study audit trail. These notes were 

integrated alongside other analytic materials to support qualitative analysis (Saldaña, 2021). Core 

analysis was organized through a structured audit trail, with participant accounts, sources, codes, 

and memos maintained in linked documentation. While the audit trail supported structure and 

auditability, interpretive authority remains with the researcher, grounding findings in human 

judgment rather than relying solely on automated output. 

Several trustworthiness procedures were operationalized as part of the analytic workflow 

and are summarized here before the stage-by-stage description. Transcript verification consisted 

of comparing each Otter.ai-generated transcript against the original interview audio in full, 

correcting misrecognized terms, names, acronyms, and overlapping-speech segments, and re-

listening to all passages later quoted in Chapters 4 and 5. Summary validation consisted of 

returning a researcher-prepared interview summary, organized by interview topic, to each 
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participant for confirmation, correction, or clarification before that summary was used in coding. 

Formal member checking consisted of inviting each participant to review their verified transcript 

and the summary, to flag any segment for redaction or correction, and to confirm that the 

researcher’s representation reflected their intended meaning. Reflexive memoing consisted of 

brief researcher memos written immediately after each interview and during each coding session, 

documenting researcher reactions, assumptions about AI and leadership, coding decisions, and 

any shifts in the codebook; these memos were retained in the audit trail and were consulted when 

refining codes and themes. Negative case analysis consisted of deliberately searching the dataset 

for cases that diverged from emerging themes, retaining those cases in the analysis, and reporting 

them in Chapter 4 so that the strength and limits of each theme could be assessed. Saturation 

monitoring consisted of comparing each new interview to the cumulative thematic structure, 

recording whether new major research-question-aligned themes emerged, and noting when later 

interviews primarily added contextual nuance rather than new themes. Thick description 

consisted of providing role, sector, organizational context, and AI adoption stage detail for each 

participant and theme so that readers can judge transferability to other settings, while avoiding 

identifying details. The audit trail consisted of organized, dated records of interview audio, 

verified transcripts, field notes, demographic and context forms, analytic memos, codebook 

versions, theme-development logs, saturation logs, and the cross-case theme matrices 

summarized in Appendix L. 

The analysis unfolded in sequenced stages designed to keep coding grounded in the 

participant data before any theoretical framework was applied. First, each audio recording, 

verbatim transcript, and accompanying field-note record was reviewed in full to develop a 

nuanced, case-by-case understanding of the data in relation to the research questions (Riessman, 
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2008). Second, first-cycle coding proceeded data-driven and inductively: in vivo coding captured 

participant language, descriptive coding labeled meaning-rich segments, and process coding 

identified actions described in each account (Saldaña, 2021). No predetermined technology 

acceptance model (TAM) or unified theory of acceptance and use of technology (UTAUT) 

construct was applied as a starter code at this stage; codes were generated from the transcripts 

themselves. Third, categories were developed through constant comparison, in which 

conceptually related codes were grouped, contrasted across cases, and refined as additional 

transcripts were coded (Charmaz, 2014). Fourth, themes were refined based on recurrence across 

cases, explanatory value for one or more research questions, and relevance to the participant 

accounts rather than to a theoretical category (Braun & Clarke, 2006; Guest, Namey, & Chen, 

2020). Fifth, cross-case synthesis used thematic matrices for each research question to 

summarize codes, categories, themes, and supporting evidence across participants. Only after 

these inductive stages were complete were the resulting data-driven themes mapped, as a post-

coding interpretive layer, to TAM and UTAUT constructs (e.g., perceived usefulness, perceived 

ease of use, performance expectancy, effort expectancy, social influence, facilitating conditions, 

behavioral intention) (Davis, 1989; Venkatesh et al., 2003). TAM and UTAUT functioned as 

sensitizing and interpretive frameworks that organized and explained the emergent findings; they 

were not used as a coding template, were not used to generate themes, and did not predetermine 

which categories or themes appeared in the dataset. The evolving codebook included code 

definitions, illustrative excerpts, and decision rules; all revisions and their justifications were 

logged in analytic memos and recorded in the codebook matrix maintained as part of the audit 

trail (Saldaña, 2021). A representative, deidentified codebook matrix is provided in Appendix L. 
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Themes were refined through constant comparison, in which conceptually related codes 

were grouped into broader categories within and across cases (Charmaz, 2014). Theme 

refinement criteria included (a) recurrence across at least three participants, (b) explanatory value 

for one or more research questions, and (c) relevance to participant meaning rather than to 

theoretical fit. Special attention was given to intersections of role, sector, and AI maturity to 

support nuanced findings that reflect organizational diversity. Only those themes that recurred 

across multiple cases and offered explanatory value for at least one research question were 

emphasized in the principal findings (Braun & Clarke, 2006; Guest, Namey, & Chen, 2020). 

The individual participant account was the primary unit of analysis, with coding directed 

at meaning-rich segments within each interview. After within-case review, cross-case synthesis 

used thematic matrices for each research question to summarize salient codes, category patterns, 

and theme support across participants. 

Throughout the process, transparency and participant autonomy are maintained. 

Transcript and summary review empower participants to correct, clarify, or redact content. 

Disputes or feedback that cannot be resolved are transparently reported (Aguinis & Solarino, 

2019). Quotations are anonymized and lightly edited for clarity and original meaning (Saunders 

et al., 2015). When non-U.S. language or specialized jargon is encountered, clear explanations 

are provided to maintain context (van Nes et al., 2010). 

Findings are presented in Chapter 4, structured around each research question and 

illustrated with major themes and supporting quotations that capture depth and diversity (Braun 

& Clarke, 2022). Subthemes that failed to meet standards for recurrence or explanatory value 

were mentioned briefly and excluded from the principal findings. All coding decisions and 

analytic boundaries are recorded in an auditable trail (Miles et al., 2020). 
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This systematic, reflexive, and narrative process, supported by bias checks and 

transparent documentation, is designed to yield credible, actionable insights. The analysis 

interprets participant meaning-making for RQ1, illuminates technological and organizational 

context for RQ2, and synthesizes cross-case learnings for RQ3, advancing both scholarly and 

practical understanding of AI-enabled leadership development. 

Integration with Data Analysis 

The strong alignment among sampling, recruitment, and research questions continues into 

the analytic strategy. Interview protocols were developed with direct item-to-research question 

(RQ) mapping; each question and probe was tagged for its relevance to RQ1, RQ2, or RQ3 so 

that the analyst could trace which participant accounts addressed each RQ. During analysis, 

codes and categories developed inductively from the transcripts were first organized by research 

question in cross-case matrices that summarize the data-driven evidence supporting each RQ 

across diverse cases and roles. Only after the cross-case, RQ-organized matrices were assembled 

were the resulting themes mapped to TAM and UTAUT constructs (e.g., perceived usefulness, 

performance expectancy, social influence, facilitating conditions) as an interpretive layer that 

helped explain why patterns appeared across participants. This sequencing preserved the 

inductive integrity of the coding while still allowing the theoretical framework to organize and 

interpret the findings (see Appendix L for the deidentified codebook matrix and cross-case 

analytic evidence). Rival explanations and deviant cases were flagged for further investigation 

through formal negative case analysis, supporting cross-case comparison and analytic 

generalization. The resulting findings answered each RQ directly and also contribute to analytic 

generalization about the adoption and ethical implementation of AI in leadership contexts. 
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By weaving these methodological alignments throughout the study, from sampling 

through recruitment to analysis, the research helped ensure that all insights, evidence, and 

conclusions are firmly tied to the research questions and the theoretical lenses that guide them. 

This approach strengthened rigor, transparency, and practical value for leaders and organizations 

navigating AI adoption in real-world leadership development scenarios 

Assumptions 

This section defines the term ‘assumption’ as it relates to qualitative inquiry and outlines 

the foundational assumptions that underpin this study. These assumptions served as necessary 

logical premises, establishing the conditions for the study’s feasibility and supporting the 

trustworthiness of its findings. 

In qualitative research, assumptions were statements about the nature of reality, the 

research context, and participant engagement that were accepted as accurate without definitive 

proof (Creswell & Poth, 2016; Yin, 2018). These foundational beliefs were required for the 

research to proceed, as they address elements that are beyond the researcher’s absolute control 

but are fundamental to the logic and design of the study. Seminal methodologists have observed 

that all research rests on a set of assumptions regarding the phenomenon under investigation, the 

participants’ ability and willingness to articulate their experiences, and the researcher’s capacity 

to interpret the data faithfully (Yin, 2018; Creswell & Poth, 2016). These statements were not 

considered weaknesses; instead, they reflected explicit acknowledgment of the study’s 

epistemological and practical boundaries. By recognizing these boundaries, the study 

demonstrated methodological transparency and contributed to overall trustworthiness. 

As the study transitions from design to practical implementation, several key assumptions 

provided the foundation for methodological rigor and procedural transparency. First, it was 
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assumed that participants would respond to the semi-structured Google Meet interviews with 

honesty and completeness. This was essential for the credibility of the findings (Brinkmann & 

Kvale, 2014), as authentic self-reported perceptions and experiences would inform the study. 

The inclusion criteria and purposive sampling processes were grounded in the expectation that 

participants possess sufficient experience with or exposure to AI in leadership development, 

enabling them to provide meaningful and information-rich accounts. This sampling approach 

was consistent with qualitative strategies for securing robust cases (Yin, 2018; Creswell & Poth, 

2016). 

It was also assumed that using this sampling strategy, incorporating maximum variation, 

would lead to a diverse set of cases and support the attainment of thematic sufficiency or data 

saturation. Gathering insights from a wide range of experiences was expected to yield a 

comprehensive understanding of the phenomenon, allowing for the identification of robust and 

recurring themes (Brinkmann & Kvale, 2014). The design of the semi-structured interview 

protocol rested on the assumption that its alignment with the research questions and with the 

theoretical constructs of the technology acceptance model (TAM), unified theory of acceptance 

and use of technology (UTAUT), and ethics/trust would generate focused and relevant data 

(Davis, 1989; Venkatesh et al., 2003; Venkatesh et al., 2012; Kallio et al., 2016). 

Accurate data capture represented another essential assumption. Employing Otter.ai for 

recording during Google Meet sessions, along with verbatim transcription, was expected to 

accurately capture participants’ verbal accounts. This practice supported the dependability of the 

data and is recommended to enhance transparency and auditability in qualitative research (Yin, 

2018). Field notes and researcher memos (Saldaña, 2021) were used to capture essential 

contextual details and reflexive insights, thereby strengthening confirmability through 
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triangulation (Aguinis & Solarino, 2019), without altering the integrity of the interview data 

(Brinkmann & Kvale, 2014). 

The analytic strategy was data-driven and inductive. First-cycle coding generated codes 

from participant language rather than from a predetermined theoretical structure, allowing 

unexpected participant-language patterns to emerge. Only after inductive themes were 

established were they mapped, as a post-coding interpretive layer, to TAM, UTAUT, and the 

research questions. This approach kept coding grounded in the participant data while still 

providing interpretive structure. 

Member checking contributed to the credibility and accuracy of the interpretations by 

providing participants with opportunities to clarify or expand upon the findings, without 

requiring agreement with the researcher’s perspectives (Brinkmann & Kvale, 2014). Finally, 

maintaining robust confidentiality and de-identification procedures were assumed to support 

participants' comfort in discussing sensitive topics, especially those related to organizational 

dynamics and the ethics of AI adoption. This foundational protection was critical for eliciting 

authentic data and for reinforcing the ethical standing and overall credibility of the research (Yin, 

2018). Taken together, these assumptions undergirded the methodological transparency and 

trustworthiness of the research process, ensuring alignment with the overall analytic strategy and 

supporting the successful addressing of the study’s research questions. 

Limitations 

Every research study possesses limitations that define the boundaries of its claims and 

contextualize its findings (Creswell & Poth, 2016; Yin, 2018). In qualitative research, 

recognizing and articulating these limitations served as a cornerstone of methodological 

transparency and intellectual honesty (Brinkmann & Kvale, 2014). This section outlines the 
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potential limitations of this qualitative exploratory multiple-case study and describes specific 

mitigation strategies to enhance trustworthiness, emphasizing credibility, dependability, 

transferability, and confirmability (Miles et al., 2020). All limitations and mitigation measures 

described here correspond directly to the protocols and analytic strategies detailed in the Data 

Analysis section (see Appendix H) and the Study Procedures sections (see Appendices F, G, and 

H). 

A primary limitation of this study is its reliance on non-probabilistic, purposive sampling 

(Creswell & Poth, 2016). While this approach is appropriate for a qualitative exploratory 

multiple-case study intended to generate in-depth, information-rich insights, as outlined in the 

Study Procedures section and referenced in Appendix F (Interviewer Checklist), the findings 

were not intended to be statistically generalizable to the broader population of leaders in U.S. 

organizations (Yin, 2018). The insights generated were specific to the participants and cases 

selected. To address this, as discussed in both the Study Procedures (see Appendices F and G) 

and Data Analysis sections (see Appendix H), the study provided thick, detailed descriptions of 

the participants and their organizational contexts, enabling readers to make informed judgments 

about the transferability of results to other settings (Brinkmann & Kvale, 2014). 

The study’s scope were delimited to U.S.-based organizations, presenting a contextual 

limitation. Perceptions and adoption patterns of AI in leadership development may differ 

substantially in other national or cultural settings (Yin, 2018). As described in the Data Analysis 

section (see Appendix H), all findings pertained to dynamics within the American organizational 

landscape, and this contextual boundary was explicitly stated in the reporting of results. 

Data collection relied exclusively on self-reported accounts gathered through semi-

structured interviews conducted via Google Meet audio recording using Otter.ai, as described in 
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the Study Procedures (see Appendices F and H) and Ethical Assurances (see Appendix G; 

"minimal risk," "no compensation"). This introduces the potential for participant-related 

limitations, including self-selection bias, where individuals with strong positive or negative 

views on AI may be more likely to participate (Yin, 2018), and social desirability bias, which 

could influence participants to provide responses they believe are more favorable or aligned with 

organizational norms (Miles et al., 2020). The use of open-ended, non-leading questions, 

assurance of confidentiality, and explicit statements of no compensation was implemented to 

encourage candid responses (Brinkmann & Kvale, 2014; see Appendices B and C). As outlined 

in the Data Analysis section (see Appendix H), credibility was enhanced by triangulating data 

across interview transcripts, field notes, and demographic context forms, strengthening 

verification and interpretation (Yin, 2018). 

The decision to conduct all interviews using Google Meet introduces potential 

technological limitations, as described in the Study Procedures (see Appendix F) and Data 

Analysis (see Appendix H). The quality of audio recordings may vary, and the remote format 

may make it more challenging to capture non-verbal cues (Creswell & Poth, 2016). To mitigate 

this, high-quality recording settings and microphone checks was implemented, and transcription 

accuracy was verified against the original audio, as detailed in the data preparation protocols and 

the Data Management Plan (see Appendix G). Field notes, taken using a standardized template 

(see Appendix H), captured contextual details and non-verbal nuances that may not be evident in 

audio alone. 

To address this limitation, a detailed, versioned audit trail documented coding decisions, 

analytic memos, codebook revisions, and theme-development decisions (see Appendix H). The 

codebook was refined through constant comparison and analytic memoing. Reflexive journaling 
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was used to bracket the researcher's assumptions throughout the analytic process, thereby 

strengthening confirmability (Brinkmann & Kvale, 2014; see Appendix H). 

The cross-sectional, time-bounded nature of data collection resulted in the study 

providing a snapshot of perceptions at a single point in time, as outlined in the scheduled 

protocol (Yin, 2018; see Appendix F). This temporal constraint prevents examination of changes 

in attitudes or adoption behavior over time. Such limitations were explicitly acknowledged when 

interpreting the findings, which are presented as a baseline for possible future longitudinal 

research (Miles et al., 2020). Member checking was incorporated into the study process in two 

stages. First, participants had the opportunity to review their interview transcripts to confirm 

factual accuracy. Following this, they may also review concise summaries of the preliminary 

themes to assess whether these interpretations align with their perspectives. If clarification 

becomes necessary, a brief follow-up was conducted. Throughout this process, any discrepancies 

between participant feedback and the emerging analysis were documented, with analytic memos 

describing whether adjustments were made to coding or interpretation, or if the disagreement 

was retained as a meaningful analytic divergence. Recognizing additional analytic risks, this 

study addressed confirmation bias, premature thematic closure, and the possibility of 

overreliance on sensitizing concepts. Built-in procedures, including reflexive memoing 

throughout, a commitment to documenting rival explanations and negative cases, and routine 

quality checks, functioned as safeguards (see Data Analysis, Appendix H). 

By transparently acknowledging these limitations and describing clear, actively 

implemented mitigation strategies in the Data Analysis and Study Procedures sections (see 

Appendices F, G, and H), this study aimed to produce credible, dependable, and meaningful 
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findings firmly situated within its defined scope. This comprehensive and reflexive approach 

helped ensure that readers understand both the boundaries and the implications of the research. 

Delimitations 

Whereas limitations identify potential constraints beyond the researcher's control, 

delimitations reflect the conscious, strategic decisions made to narrow the study's focus and 

ensure both feasibility and conceptual coherence (Creswell & Poth, 2016; Yin, 2018). This study 

defines several clear boundaries to focus its inquiry and provide context for interpreting the 

results. First, the investigation is limited to organizations based in the United States. By defining 

the geographic setting, the study confines its findings to the cultural and regulatory context of 

American organizations. 

The participant pool is restricted to leaders and senior human resources or learning and 

development professionals who have direct experience with leadership development programs 

that include AI-supported tools. Only those with demonstrated involvement in these initiatives 

are included, specifically reflecting the study’s focus on AI adoption within leadership 

development. Data are collected exclusively through semi-structured interviews, supported by 

researcher field notes and demographic forms. Other forms of data or methodological approaches 

are not within the study’s scope. 

The analysis centers on cases within the defined population and does not extend to other 

sectors, countries, or groups without direct AI engagement in leadership development. Broader 

digital transformation topics, as well as other areas of HR or business practice, are not explored. 

These delimitations ensure that the study remains focused on the intersections of AI, leadership 

development, and the experiences of relevant organizational leaders within the United States. 

Findings should therefore be interpreted with these parameters in mind. 
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Role of the Researcher 

The researcher served as the primary instrument for data collection and analysis. Because the 

researcher has professional experience in leadership, organizational practice, and academic work, 

this background could have shaped the interpretation of participant accounts related to leadership 

development and technology adoption. To support confirmability, the researcher used reflexive 

memoing, field notes, transcript review, member checking, summary validation, negative case 

analysis, and an audit trail documenting coding and theme-development decisions. These 

procedures helped distinguish participant meanings from the researcher's prior assumptions and 

supported transparency in the movement from raw data to codes, categories, themes, and 

findings. 

As a doctoral researcher whose professional work spans leadership, organizational 

practice, and academic contexts, the researcher approached this study with prior familiarity with 

both leadership development and the evolving use of artificial intelligence in organizational 

settings. This experience informed an interest in how leaders perceive and adopt artificial 

intelligence, and it also created the potential for prior assumptions to shape interpretation. To 

remain reflexive rather than defensive about this proximity to the phenomenon, the researcher 

treated personal and professional perspectives as data to be bracketed and examined through 

reflexive memoing and the audit trail, so that interpretations remained grounded in participant 

accounts rather than in the researcher's prior expectations. 

Ethical Assurances 

Upholding strong ethical standards is central to this study, particularly given the 

qualitative approach and involvement of human participants. All research activities complied 

strictly with the Belmont Report’s principles of respect for persons, beneficence, and justice, as 
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well as the University’s Institutional Review Board (IRB) policies. No data were collected and 

no participants were recruited until IRB approval was secured. 

Respect for persons was ensured through a thorough informed consent process, with 

every participant receiving a clear explanation of the study’s purpose, methods (including 

Google Meet audio recording using Otter.ai), duration, potential risks and benefits, 

confidentiality protocols, and a statement regarding lack of financial compensation. Participation 

was entirely voluntary. The researcher reviewed the consent materials with each participant, 

answered questions, and reiterated the right to refuse questions or withdraw at any time without 

penalty. These processes strictly adhered to institutional requirements and are detailed further in 

the study’s appendices. 

Participant confidentiality was ensured through a documented protocol grounded in the 

project’s data governance plan (see Appendix G). Personally identifying information, 

organizational names, and sensitive references were pseudonymized using alphanumeric codes. 

The master coding key, which linked these codes to real identities, was securely stored in an 

encrypted, access-restricted digital location separate from research data, accessible only to the 

principal investigator and approved research team members. Each substitution was logged to 

maintain a traceable audit trail throughout the research process. Digital files were systematically 

named and organized in password-protected folders, with regular encrypted backups in place to 

support security and institutional compliance (Yin, 2018). 

Triangulating interview transcripts with field notes and demographic/context forms 

bolstered credibility. Negative case analysis ensured that evidence contradicting emerging 

patterns was considered rather than discarded. A documented audit trail provided a clear record 

of key analytic decisions for transparency. Because this was a single-researcher study, 
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dependability was supported through consistent coding procedures, analytic memoing, member 

checking, summary validation, and transparent documentation rather than through coder 

agreement statistics. 

Dependability was reinforced through systematic coding procedures, codebook 

refinement, analytic memoing, and versioned documentation of coding decisions (Lincoln & 

Guba, 1985). Coding and theme development remained closely tied to memo-linked 

documentation and participant evidence. 

Beneficence is at the heart of participant protection. While the nature of this research 

presents minimal risk, there is awareness that discussing sensitive organizational issues could 

cause discomfort or raise concerns about privacy. To mitigate this, data were de-identified during 

transcription, pseudonyms were used, and references to organizations or identifying details were 

carefully omitted. Interviews were conducted privately, and the reporting of results relied on 

aggregated data to prevent deduction of identities. If any participant became distressed during an 

interview, the session could be paused and the participant reminded of their right to withdraw. 

Justice informs the sampling and recruitment strategy, which focuses on individuals 

whose professional experiences closely align with the research questions about AI and 

leadership. This purposive approach seeks to ensure a fair distribution of the research’s benefits 

and obligations while avoiding biases or undue burden on particular groups. Strict confidentiality 

was maintained throughout. Signed consent forms were stored separately from research data. 

Unique coded identifiers labeled all data files, with only the researcher controlling the key to 

participants’ real names. Digital data were held in password-protected, encrypted storage and 

backed up to approved institutional cloud systems. Data retention and destruction conformed 

entirely to policy guidelines. 
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Analytic rigor was supported by the consistent use of reflexive memoing and systematic 

negative case analysis, an approach that involves identifying and examining evidence or 

examples that do not fit emerging patterns or expectations. This method was used to challenge 

initial interpretations and refine developing themes, ensuring that all relevant data were 

considered. By actively seeking out and incorporating these exceptions, the analysis became 

more robust and less susceptible to bias, thereby strengthening the credibility and validity of the 

study’s findings, and careful evaluation of alternative interpretations. The evolution of codes, 

themes, and substantial analytic decisions were tracked in a decision log, ensuring transparency 

and auditability. When participant statements were quoted, all identifying details were removed, 

and minor edits were made for clarity while faithfully reflecting the intended meaning. Feedback 

from participants during transcript review or summary validation that introduced discrepancies 

was recorded, with the coding revisited and differences transparently acknowledged in the 

record. Reflexivity remained a constant priority throughout. Drawing on professional experience 

in AI and leadership, the researcher used journaling, bracketing, and reflexive memoing to 

remain aware of personal perspectives and guard against bias. Researcher positionality and its 

influence on interpretation were explicitly addressed through role-of-the-researcher discussion, 

bracketing, reflexive memoing, and audit-trail documentation. 

In keeping with best practices for analytic integrity, member checking was conducted at 

key points, allowing participants to correct, clarify, strike from the record, or elaborate on their 

own statements. An audit trail was kept throughout all major research stages. Where linguistic 

nuances or specialized terminology arose, additional care in transcription and quotation 

preserved participants’ true intent. By integrating these safeguards and procedures, this study 

demonstrated a commitment to the ethical treatment of participants, analytic transparency, and 
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the production of credible, actionable research. Findings are presented by research question in 

Chapter 4, with supporting documentation and templates located in the appendices, to ensure 

clarity for both academic and practitioner audiences. 

Summary 

This chapter presents the research design, establishing its appropriateness for 

investigating how leaders in U.S. organizations perceive and adopt artificial intelligence within 

leadership development. The study’s population and the purposive sampling strategy used to 

select information-rich cases and participants, including leaders and senior HR or L&D 

stakeholders with relevant experience, were specified. Data collection procedures were detailed, 

with semi-structured interviews conducted via Google Meet audio recording using Otter.ai 

serving as the primary data source. This process was supplemented by the researcher's field notes 

(see Appendix H) and demographic context forms. 

The completed analysis used thematic coding, reflexive memoing supported by 

systematic field notes (see Appendix H), and maintenance of a complete audit trail. The analysis 

also incorporated triangulation, negative case analysis, and cross-case synthesis addressing each 

research question. Member checking was conducted through two phases: transcript verification 

and summary validation. 

To ensure trustworthiness and credibility, strategies addressing credibility, dependability, 

transferability, and confirmability were discussed. The research scope was defined through 

explicit delimitations, and relevant limitations were acknowledged. Ethical assurances were 

reviewed, including IRB approval procedures, compliance with the Belmont Report, protocols 

for participant confidentiality, secure data handling, and a statement indicating that participants 

received no compensation. Data management and security practices (see Appendix G: Data 
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Management Plan) were standardized for clarity across all study documentation. This systematic 

approach laid the foundation for the analysis conducted in the next chapter. The following 

chapter presents findings derived from the application of these methods, organized by research 

question and substantiated by evidence from participant cases, providing a clear and credible 

pathway from methods to insight. 
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Chapter 4: Findings 

The problem addressed in this study was the need to explore the adoption and 

understanding of Artificial Intelligence (AI) in developing leadership skills and competencies 

within American organizations, as existing research indicates gaps in its application and 

integration (González-Reyes et al., 2026; Nimon et al., 2024; Yasmeen, 2025). The purpose of 

this qualitative exploratory multiple-case study was to investigate how leaders and senior 

HR/L&D stakeholders in U.S. organizations perceive and adopt artificial intelligence (AI) in 

leadership development. 

This chapter reports the findings of the qualitative exploratory multiple-case study. The 

chapter begins with a discussion of data trustworthiness, including credibility, transferability, 

dependability, and confirmability. The results are then organized by research question and 

include an overview of the study, participant demographics, and contextual information, the data 

analysis process, and the themes that emerged from the analysis. The chapter concludes with a 

comparison of the findings to the literature and theoretical framework presented in Chapters 1 

and 2, followed by a brief summary. 

Trustworthiness of the Data 

Trustworthiness was addressed through a set of operationalized procedures that supported 

credibility, transferability, dependability, and confirmability (Lincoln & Guba, 1985). Credibility 

was supported by triangulation across interview transcripts, demographic and context forms, 

field notes, and analytic memos; full transcript verification against the audio; researcher-prepared 

summary validation returned to each participant; formal member checking of the verified 

transcript and summary; reflexive memoing after each interview and coding session; negative 

case analysis that deliberately retained divergent cases; and saturation monitoring across the 
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interview sequence. Transferability was supported by thick description of participant role, sector, 

organizational context, and AI adoption stage, presented in aggregate and case-by-case form. 

Dependability was supported by a documented and repeatable analytic workflow, a versioned 

codebook, dated analytic memos, and an audit trail. Confirmability was supported by reflexive 

memoing, bracketing of researcher assumptions, direct participant quotation, deidentification 

using P01–P12 identifiers, and maintenance of the same audit trail. These procedures are defined 

and operationalized in the subsections that follow, are illustrated in the deidentified codebook 

matrix and cross-case analytic evidence in Appendix L, and together establish a clear connection 

among the participant data, the research questions, the data-driven themes, and the post-coding 

mapping of those themes to the technology acceptance model (TAM) and unified theory of 

acceptance and use of technology (UTAUT) constructs. 

Credibility 

Credibility was established through triangulation, transcript review, formal member 

checking, summary validation, analytic memoing, and negative case analysis. The primary 

source of data was the semi-structured interview transcript for each participant. These data were 

reviewed alongside demographic and context forms, field notes, analytic memos, and the 

evolving codebook matrix. This process allowed participant accounts to be considered in relation 

to role context, sector context, organizational adoption stage, and the specific examples 

participants provided during the interviews. 

Triangulation occurred across several forms of study evidence to contextualize and 

compare participant meaning rather than to judge consistency in advance. Interview responses 

were read alongside demographic and context information, field notes, and analytic memos so 

that what each participant described could be interpreted in light of their role, sector, and 
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adoption setting. Demographic and context data were used to situate accounts and to surface 

points of contrast across cases, not to determine whether accounts were correct or aligned with 

an expected pattern. Interview notes and analytic memos were used to document early 

impressions, emerging codes, possible divergences, and questions for later review. The codebook 

matrix (see Appendix L) then provided a structured way to compare participant statements across 

the research questions and to map the resulting data-driven themes to TAM and UTAUT 

constructs as an interpretive layer. 

Transcript review also supported credibility. The interview transcripts were reviewed for 

completeness and for the accuracy of speaker attribution where the transcript format allowed. 

Participant statements were not treated as isolated quotations. Instead, statements were read 

within the surrounding interview context to avoid removing comments from their intended 

meaning. When quotations are presented in this chapter, they are used to illustrate patterns that 

appeared across the data or to show a meaningful divergent case. 

Formal member checking and summary validation were also used to support credibility. 

These procedures allowed participant accounts and the researcher's understanding of key 

interview content to be checked against participant meaning. Member checking and summary 

validation reduced the risk of relying on inaccurate transcript content or researcher 

misunderstanding when developing codes, categories, and themes. Of those who completed the 

screener and proceeded through the study process, 12 participated in interviews. All 12 interview 

participants were provided the opportunity to complete both stages of member checking, 

transcript verification and summary validation. No participant challenged the transcript or 

summary validation materials, and no substantive corrections altering the interpretation of the 

findings were received. 
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Negative case analysis was used to avoid overstating uniformity across the participant 

group. For this study, negative case analysis consisted of deliberately searching each transcript 

and the cross-case matrix for cases that diverged from an emerging theme, retaining those cases 

in the analysis, and revising the theme description so that divergence was reported rather than 

suppressed. For example, most participants described bias, privacy, transparency, hallucination 

risk, or accountability as ethical concerns. P04, however, expressed low explicit concern about 

AI bias and framed ethical issues more through mission, doctrinal alignment, and community 

perception. This case was retained because it clarified that ethical concern was present across the 

study but was not expressed in the same way by all participants, and it is captured as a divergent 

case in the codebook matrix in Appendix L. Divergent accounts such as this one bounded the 

interpretation of each theme by revealing the conditions and limits under which it applied; they 

did not invalidate themes that were supported broadly across the bounded participant-context 

cases, but instead clarified where and how those themes held. 

Credibility was further supported by saturation monitoring. Saturation monitoring 

consisted of comparing each newly coded transcript to the cumulative thematic structure after 

every interview, recording in the saturation log whether new major research-question-aligned 

themes emerged or whether the new case primarily added contextual nuance to an existing 

theme. The 12th completed interview did not produce a new major research-question-aligned 

theme. Instead, the final interview reinforced the existing thematic structure, particularly human 

oversight, bias, privacy, governance, market pressure, cost, interoperability, simulation, and 

context-first adoption. This pattern indicated that thematic saturation appeared to be reached for 

the major RQ-aligned themes. Saturation was therefore defined at the level of major themes 

rather than of every datum: no new major RQ-aligned theme emerged in the later interviews, 
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even though those interviews continued to add examples, sector-specific nuance, and 

confirmatory or deviant evidence that enriched, bounded, and tested the existing themes (see 

Table 4 and Appendix L). 

Transferability 

Transferability was supported through thick description of participants’ roles, sectors, 

organizational contexts, and AI adoption environments. For this study, thick description 

consisted of (a) a case-level descriptor for each participant covering general role category, broad 

sector, organizational size band, and AI adoption stage; (b) contextual framing of each major 

theme that connects participant statements to their role, sector, and adoption setting; and (c) 

narrative passages in the results that situate quotations within the surrounding interview context 

so that readers can judge applicability to other settings. The study did not seek statistical 

generalization. Instead, the study used qualitative multiple-case analysis to provide enough 

contextual detail for readers to determine whether the findings may transfer to other leadership 

development or organizational settings. 

The participant group included leaders and senior human resources, learning and 

development, operational, technology, and organizational stakeholders. Participants represented 

professional services, technology, energy, ministry and social service, healthcare, nonprofit, 

finance and insurance, telecommunications, and cybersecurity or AI-enabled software contexts. 

Participants also represented varied adoption stages, including awareness or early exploration, 

active exploration, piloting, limited rollout, scaled adoption, enterprise governance, advanced 

individual use, and AI-first organizational adoption. 

To protect confidentiality, participant descriptions were intentionally generalized. The 

findings do not include organization names, geographic locations, client names, internal product 
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names, or highly specific job titles. This approach limits the amount of identifying detail but still 

provides sufficient context for readers to understand how organizational role, sector, and 

adoption stage shaped participant perspectives. 

Dependability 

Dependability was established through a documented and repeatable analytic process. 

The study used a semi-structured interview protocol, demographic and context forms, transcript 

review, structured coding, analytic memos, a formal codebook matrix, and cross-case 

comparison. These procedures created an audit trail that documented how raw interview data 

moved into codes, categories, themes, and research-question findings. 

The analysis followed five primary steps. First, each transcript was reviewed for 

accuracy, completeness, and participant context. Second, transcripts were coded using a 

combination of research-question-aligned coding, participant-language coding, and framework-

informed coding. Third, codes were grouped into categories such as ethical concern, bias and 

fairness, privacy, perceived usefulness, coaching and simulation, ease of integration, 

organizational readiness, social influence, governance, and behavioral intention. Fourth, 

categories were compared across participants to determine whether they reflected common 

themes, divergent cases, or sector-specific patterns. Fifth, the themes were refined through cross-

case synthesis and, only after that, mapped to the research questions and to constructs from the 

technology acceptance model (TAM) and the unified theory of acceptance and use of technology 

(UTAUT) as an interpretive layer (see Appendix L for the codebook matrix and cross-case 

analytic evidence). 

Dependability was also supported by distinguishing between broad themes and contextual 

nuances. For example, governance appeared across the dataset as a broad facilitating condition, 
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while environmental ethics, doctrinal fit, billing transparency, and return-to-office culture 

appeared as narrower contextual findings. Maintaining this distinction helped prevent isolated 

details from being overstated as major themes. 

Confirmability 

Confirmability was addressed through reflexive memoing, bracketing, direct quotation, 

deidentification with P01–P12 identifiers, and maintenance of an audit trail. For this study, 

reflexive memoing consisted of a dated memo written by the researcher immediately after each 

interview and during each coding session. Each memo recorded researcher reactions, prior 

assumptions about AI, leadership development, and technology adoption, observations about 

how the participant framed key issues, and any coding decisions or codebook revisions made 

during that session. The memos were retained in the audit trail and were consulted whenever 

codes were revised, when themes were refined, and when divergent cases were reviewed. These 

memos helped distinguish participant meanings from researcher expectations, informed 

codebook revisions where assumptions risked influencing interpretation, and reduced the risk 

that the findings would reflect the researcher’s preferences rather than the data. 

Direct quotations are included throughout the results section to show how findings were 

grounded in participant language. Quotations were selected because they represented recurring 

patterns, clarified theme boundaries, or illustrated divergent evidence. Minor edits were made 

only as needed for readability, and the intended meaning of participant statements was preserved. 

Participants are identified only by alphanumeric participant identifiers (P01–P12), and 

potentially identifying information was removed or generalized. 

The audit trail included interview records, transcript verification notes, member checking 

and summary validation records, demographic and context forms, dated reflexive memos, 
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codebook revisions, saturation tracking logs, and theme matrices. A deidentified codebook 

matrix and cross-case analytic evidence drawn from these materials are provided in Appendix L. 

Together, these materials supported confirmability by allowing the findings to be traced back to 

the participant data and to the analytic decisions made during coding and synthesis. 

Results 

This section presents the results of the analysis without discussion, interpretation, or 

speculation. The results are organized by research question and then by the themes and patterns 

salient to each question. The findings are presented by research question. The themes emerged 

from inductive coding of the participant data and are reported here in the participants’ own 

terms. The relationship between these emergent, data-driven themes and the study’s theoretical 

framework is taken up later in this chapter, in the comparison of the results to the literature and 

framework. The active dataset for this draft included 12 completed participant interviews. 

As noted, the technology acceptance model and the unified theory of acceptance and use 

of technology served as a sensitizing framework rather than a deductive coding scheme; 

accordingly, the themes reported below originate in the participant data and are compared with 

the framework only in the comparison section that follows and in Chapter 5. Consistent with 

qualitative dissertation convention, this chapter presents the data-grounded findings first, so the 

limited use of external citations in the findings sections is intentional rather than an omission. 

Direct participant quotations are attributed by deidentified participant identifier (P01–P12) and 

are supported by the transcripts, the codebook matrix, and the audit trail; the cross-case 

codebook matrix in Appendix L maps each identifier to the corresponding code, category, theme, 

and supporting quotation, providing the traceability trail for the quoted material. 
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The demographic and contextual information collected included general role category, 

broad sector context, organizational size context where available, and reported AI adoption 

context. To protect confidentiality, participant information is reported using generalized role and 

sector descriptors. Table 1 presents the de-identified participant overview. 

Table 1 

Participant Overview 

Participant ID General role context Broad sector context AI adoption context 
P01 Senior HR/L&D stakeholder Professional services Exploring 
P02 Senior leader Technology Limited rollout 
P03 Senior HR/L&D stakeholder Energy Exploring 
P04 Senior leader Ministry/social service Piloting 
P05 Senior leader Healthcare Exploring 
P06 Senior HR/L&D stakeholder Energy Awareness/early exploration 
P07 Senior leader Nonprofit Limited rollout 
P08 Senior HR/L&D stakeholder Technology Scaled adoption 
P09 Senior leader Finance/insurance Scaled adoption 
P10 Senior professional-services Professional Advanced use with caution 

leader services/technology 
P11 Senior operations leader Telecommunications Enterprise governance 

context 
P12 Senior technology/security Technology/security AI-first organizational 

leader context 

Note. AI = artificial intelligence; HR = human resources; L&D = learning and development. 

Participant descriptors are de-identified and generalized to protect confidentiality. 

Table 2 provides an aggregate overview of the participant context. The aggregate 

presentation reduces the risk of identification while still showing the range of participant roles, 

sectors, and adoption contexts represented in the sample. 

Table 2 

Aggregate Participant Context 

Category Grouping Number of 
participants 

Role context Senior HR/L&D stakeholder 4 
Role context Senior leader, operations leader, or technology/security 8 

leader 
Sector context Professional services or professional services/technology 2 
Sector context Technology or technology/security 3 
Sector context Energy 2 
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Sector context Healthcare, nonprofit, ministry/social service, 5 
finance/insurance, or telecommunications 

AI adoption context Exploring or awareness/early exploration 4 
AI adoption context Piloting or limited rollout 3 
AI adoption context Scaled, advanced, enterprise governance, or AI-first 5 

context 

Note. Categories are reported in aggregate to reduce the risk of participant identification. 

The analysis used thematic analysis with cross-case synthesis. Coding proceeded data-

driven and inductively. Each verbatim transcript was reviewed in full alongside the 

corresponding field-note record, and first-cycle codes were generated from participant language 

using in vivo, descriptive, and process coding on meaning-rich segments. Codes were grouped 

into categories through constant comparison across cases, and themes were refined based on 

recurrence across cases, explanatory value for the research questions, and relevance to 

participant meaning rather than theoretical fit. Only after the inductive themes were established 

were they mapped, as a post-coding interpretive layer, to constructs from the technology 

acceptance model (TAM) and the unified theory of acceptance and use of technology (UTAUT), 

including perceived usefulness, perceived ease of use, attitude toward use, performance 

expectancy, effort expectancy, social influence, facilitating conditions, and behavioral intention. 

TAM and UTAUT therefore functioned as sensitizing and interpretive frameworks; the themes 

emerged from the participant data first and were mapped to TAM and UTAUT afterward. Table 

3 summarizes the major steps taken to analyze the data, and Appendix L presents the deidentified 

codebook matrix and cross-case analytic evidence. 

Table 3 

Data Analysis Process 

Step Analytic activity Purpose 
1 Transcript and context review Confirm transcript completeness and understand 

participant role, sector, and adoption context. 
2 Initial coding Identify data-driven, participant-language codes (in 

vivo, descriptive, process) from meaning-rich segments 
before applying any theoretical framework. 
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3 Post-coding theoretical mapping After inductive themes were established, map themes 
to TAM and UTAUT constructs as a post-coding 
interpretive layer (see Appendix L). 

4 Category development Group related codes into categories such as bias, 
privacy, usefulness, integration, social influence, and 
governance. 

5 Cross-case synthesis Compare categories across participants to identify 
common themes, divergent cases, and sector-specific 
nuances. 

6 Saturation monitoring Determine whether later interviews added new major 
themes or reinforced the existing thematic structure. 

Note. The analytic steps summarize the movement from transcript review to theme development 

and saturation monitoring. 

Table 4 summarizes saturation monitoring across the interview sequence. The table is 

intended to show how the theme structure developed and when later interviews began to 

reinforce rather than substantially change the major themes. 

Table 4 

Saturation Monitoring Summary 

Interview sequence Analytic observation Saturation implication 
Interviews 1-4 Initial themes formed around ethical Early theme structure established. 

concern, usefulness, integration barriers, 
social influence, and governance. 

Interviews 5-8 Themes were reinforced and expanded with Core themes became more stable. 
stronger evidence related to bias, privacy, 
human oversight, coaching, simulation, and 
regulatory or organizational constraints. 

Interviews 9-11 Additional cases added nuance related to Major themes repeated with 
professional-services transparency, contextual detail. 
enterprise governance, communication, 
employee fear, and data without context. 

Interview 12 Final case reinforced bias, privacy, No new major research-question-
guardrails, AI-first culture, interoperability, aligned theme emerged. 
cost, market pressure, and simulation. 

Note. The saturation summary is based on cross-case comparison during coding and theme 

refinement. 

Table 5 presents a cross-case theme matrix. The matrix identifies which participants 

contributed evidence to each major theme and shows whether the theme appeared broadly across 

the dataset or primarily as a contextual nuance. 
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Table 5 

Cross-Case Theme Matrix 

Research Theme Participants contributing evidence Breadth of 
question support 

RQ1 Ethical concerns as P01, P02, P03, P05, P06, P08, P09, P10, P11, P12 Broad 
adoption conditions 

RQ1 Bias and fairness as data, P01, P02, P03, P05, P06, P08, P09, P10, P12 Broad 
design, and 
representation concerns 

RQ1 Privacy, transparency, P03, P05, P07, P09, P10, P11, P12 Broad 
hallucination risk, and 
accountability 

RQ1 Sector-specific ethical P04, P07, P09, P05, P10, P12 Contextual 
framing 

RQ2 Usefulness through P03, P04, P05, P08, P09, P11, P12 Broad 
speed, scale, and access 

RQ2 Coaching, simulation, P03, P05, P08, P07, P10, P11, P12 Broad 
practice, and personalized 
learning 

RQ2 Ease of integration as P01, P02, P03, P06, P09, P11, P12 Broad 
organizational readiness 

RQ2 Adoption decisions based P02, P03, P08, P09, P10, P11, P12 Broad 
on evidence, fit, cost, 
interoperability, and 
guardrails 

RQ3 Organizational culture as P03, P06, P07, P08, P11, P12 Broad 
an adoption condition 

RQ3 Social influence through P01, P02, P05, P07, P09, P10, P11, P12 Broad 
peers, regulators, clients, 
competitors, and 
networks 

RQ3 Governance as a P04, P03, P06, P08, P09, P11, P12 Broad 
facilitating condition 

RQ3 Communication and P01, P06, P07, P11, P12 Broad 
employee buy-in 

Note. Breadth of support indicates whether a theme appeared across several participants and 

contexts or primarily represented a narrower contextual pattern. 

Research Question 1 

RQ1 asked: How do leaders describe the ethical implications of AI in leadership 

development? RQ1a asked: How do leaders describe the influence of those ethical perceptions 

on their willingness to adopt AI in leadership development? The analysis identified three major 

themes salient to RQ1: ethical concerns as adoption conditions, bias and fairness as data and 

design concerns, and privacy, transparency, and accountability as requirements for willingness to 
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adopt. A contextual pattern also appeared in which participants framed ethical concerns through 

sector-specific values and risks. 

Ethical Concerns Functioned as Adoption Conditions 

Participants generally described ethical concerns as conditions that shaped adoption 

rather than as reasons to reject AI entirely. P06 stated, "If we have major bias or ethical 

concerns, obviously we would not adapt or use it until we mitigated [them]." This response 

connected adoption to mitigation. P03 acknowledged concern about bias and stated, "I'm 

definitely aware that [bias] exists. I don't know how to solve for that." In this case, the participant 

did not describe rejection of AI but did describe uncertainty about how bias could be addressed. 

P07 described AI adoption as difficult to avoid by stating, "The train has left the station." 

This response reflected a view that organizations would need to respond to AI rather than ignore 

it. P08 described a stronger condition for responsible use by stating, "Humans have to be in the 

loop, full stop." Across these participants, willingness to adopt was connected to whether 

organizations could establish mitigation strategies, human review, and accountability. 

RQ1a was reflected most clearly in participants' conditional language. Participants who 

saw ethical risks as manageable described greater openness to adoption. Participants who saw 

unresolved risks, such as bias, privacy, cybersecurity, or hallucination, described slower 

adoption, limited use, or the need for governance before broader implementation. Across cases, 

ethical perceptions were reported as shaping the boundaries, pace, and acceptable use cases for 

AI-enabled leadership development. 

Bias and Fairness Were Described as Data, Design, and Representation Concerns 

Participants described bias as connected to data, system design, developer assumptions, 

organizational context, and representation. P01 stated, "Whoever is designing that tool, those 
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biases came from humans." P02 stated, "It's not the AI, it's the data. And the people preparing the 

data, that's the hard part." These responses located bias in the human and organizational 

processes that shape AI systems. 

P05 described representation as part of the bias issue by stating, "We have to think about 

the percentage of engineers that are African American, brown, Latino...if we don't have that 

presence, there already is a bias." P12 stated, "Not a single AI is unbiased. All are biased." These 

responses described bias as a persistent feature of AI systems that required recognition and 

management. 

Participants also connected bias to leadership development decisions. P10 described the 

risk of using AI as the basis for decisions that shape an employee's future and asked whether 

leaders would make those decisions based on what AI told them or use AI output "as just one 

data point." In this participant's account, fairness concerns were connected to performance 

visibility, promotion pathways, coaching decisions, and the interpretation of employee data. 

Privacy, Transparency, and Accountability Shaped Willingness to Adopt 

Participants repeatedly connected adoption willingness to privacy, transparency, 

hallucination risk, accountability, and data protection. P09 described a hallucination concern by 

stating, "I've actually had it say that somebody volunteered to do something when in the meeting 

they actually didn't." This example was tied to the need to verify AI-generated outputs before 

using them in workplace decisions or communications. 

P11 connected ethical adoption to employee fears and transparency. P11 stated, "AI is not 

here to replace them, it's there to enhance them." The participant's account linked adoption to 

reassurance, clarity, and responsible internal use. P12 described the need for guardrails in an AI-

intensive environment, including privacy, information security, and clear boundaries for using 
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data. P10 also raised concerns about data context, surveillance, and whether AI-generated insight 

could be used in ways that employees did not understand. 

The responses to RQ1a showed that ethical perceptions influenced willingness to adopt 

by determining whether AI was viewed as trustworthy enough for leadership development. 

Participants were more willing to adopt AI when the tool was used for support, practice, or 

analysis and less willing when AI appeared to replace human judgment or operate without 

accountability. 

Ethical Concerns Were Contextual and Varied by Sector 

Ethical concerns appeared across the dataset, but participants did not frame them 

identically. P04 represented a divergent case by stating, "No, maybe I'm naive," when discussing 

bias concerns. However, the participant's broader comments showed concern with mission fit, 

doctrinal alignment, and community perception. In this case, ethical concern was not absent; it 

was framed through the values and expectations of the participant's setting. 

P07 raised environmental ethics and employee well-being concerns. P09 emphasized 

regulation, hallucination, privacy, and trust in a finance and insurance context. P05 emphasized 

systemic representation, liability, and risk in a healthcare context. P12 emphasized geography-

sensitive ethics, privacy, information security, and guardrails in an AI-first technology context. 

These responses showed that ethical implications were shaped by the sector, stakeholder 

expectations, and the type of leadership development decision under consideration. 

Traceability Summary for Research Question 1 

Coding moved from meaning-rich transcript segments to categories (e.g., bias, fairness, 

privacy, transparency, accountability) and then to four themes that answer RQ1 and RQ1a: 

ethical concerns as adoption conditions, bias and fairness as data and design concerns, 
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privacy/transparency/accountability as conditions for willingness to adopt, and sector-specific 

ethical framing. As summarized in the cross-case theme matrix (Table 5), the first three themes 

drew broad support across the dataset, with the ethical-concerns theme evidenced by 10 of 12 

participants (P01, P02, P03, P05, P06, P08-P12) and the bias-and-fairness theme by 9 of 12, 

while sector-specific ethical framing appeared as a narrower contextual pattern (P04, P05, P07, 

P09, P10, P12). A divergent case appeared in P04, who initially minimized bias concern (“No, 

maybe I’m naive”); rather than invalidating the broadly supported themes, this account bounded 

their interpretation by showing that ethical concern was sometimes expressed through mission fit 

and community perception rather than through technical risk language. Only after these data-

driven themes were established were they interpreted through the theoretical framework, with 

ethical-threshold and willingness patterns later mapped to TAM perceived usefulness and to 

UTAUT facilitating conditions and behavioral intention as a post-coding interpretive layer (see 

Appendix L). 

Research Question 2 

RQ2 asked: How do leaders describe the long-term usefulness and ease of integrating AI 

into leadership development programs? RQ2a asked: How do leaders describe the factors that 

influence their AI adoption decisions? The analysis identified four themes salient to RQ2: 

usefulness through speed and scale, usefulness for coaching and simulation, ease of integration 

as an organizational issue, and adoption decisions based on evidence, fit, and guardrails. 

AI Was Useful When It Increased Speed, Scale, and Access 

Participants described AI as useful when it increased the speed, scale, or accessibility of 

leadership development activities. P03 stated, "I can't coach every single person in the 

organization, but having access to [an AI coach] is incredibly valuable." This response described 



 

 

 

 

 

 

 

 

 

154 

AI as a way to extend developmental support beyond what one person or department could 

provide directly. 

P09 described a concrete time savings example by stating, "We've gone from an average 

of six hours to create a 90-second video to now, it's 30 minutes." P05 described usefulness 

through throughput and computational capacity, stating, "AI, in every fashion, is going to be able 

to out compute the human...so it's going to be throughput process." P04 described usefulness in 

relation to administrative support and resource constraints. In this smaller organizational context, 

AI was discussed as a tool for reducing manual burden and supporting follow-through. 

Across the cases, participants described usefulness in terms of time savings, expanded 

access, faster information processing, productivity, content development, and the ability to 

support more employees. These patterns addressed the long-term usefulness portion of RQ2. 

AI Supported Coaching, Simulation, Practice, and Personalized Learning 

Participants also described AI as useful for leadership coaching, simulation, difficult 

conversations, negotiation preparation, role play, and personalized learning. P08 stated, "You 

need to be able to practice...in a safe environment, where you can really just keep iterating." This 

response described AI as a way to support repeated practice without requiring immediate 

exposure in a live workplace situation. 

P12 described AI as useful when combined with human judgment, stating, "You are not 

depending on AI at all, because you are leveraging AI, help of human touch to create the value." 

P11 described usefulness through summarization, personalized learning, and access while also 

stating, "You do have to fact check it." P10 described a boundary condition by stating that 

leadership competencies involve "unstructured data" and asking, "How do I quantify that into 

ones and zeros?" 
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The participant accounts showed that AI was viewed as useful for structured support, 

practice environments, and individualized learning, but participants also described limits when 

leadership development required interpersonal context, judgment, or interpretation of ambiguous 

human behavior. 

Ease of Integration Was Organizational Rather Than Only Technical 

Participants did not describe ease of integration only as whether an AI tool was easy to 

use. Instead, they described integration in relation to workflow, communication, training, time, 

governance, budget, and organizational readiness. P02 stated, "Everybody thinks it's the 

technology, and it's really the people process." This statement summarized the pattern that 

integration barriers were often organizational rather than technical. 

P01 stated, "If it's not communicated effectively, that can cause more restrictions, or 

people can withdraw." P06 described time as a barrier by stating, "Finding the time to understand 

it...is what we don't have time for right now." P03 described the effect of a reactive work 

environment by stating, "Everything's on fire all the time...anything that makes you pause and 

think strategically is harder to do." 

These accounts addressed the ease-of-integration portion of RQ2. Participants described 

AI tools as accessible, but not always easy to integrate into leadership development systems. 

Integration depended on whether the organization had time, processes, communication, 

governance, and support structures in place. 

Adoption Decisions Depended on Evidence, Fit, and Guardrails 

RQ2a asked what factors influenced adoption decisions. Participants identified evidence 

of value, fit with organizational needs, cost, interoperability, governance, risk, training, privacy, 

and leadership support. P08 stated, "It's not about what becomes social and flashy...It has to be 
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about the evidence." P09 described measurable efficiency gains as part of adoption decision-

making. P12 described adoption decisions in relation to AI-first organizational expectations, 

information security, cost, interoperability, and priority tradeoffs. 

P02 emphasized process fit by stating, "Everybody thinks it's the technology, and it's 

really the people process." P03 described IT capacity, cost, utilization, and time as adoption 

factors. P11 described fact-checking, cybersecurity, communication, and stakeholder buy-in as 

part of responsible adoption. Across participants, positive perceptions of usefulness were 

insufficient on their own. Adoption decisions also involved whether the tool fit the organization, 

whether data could be protected, whether employees could use the tool responsibly, and whether 

leaders had evidence that the tool would produce value. 

Traceability Summary for Research Question 2 

For RQ2 and RQ2a, coding of segments about value, workflow, and decision criteria 

yielded four themes: usefulness through speed, scale, and access; coaching, simulation, practice, 

and personalized learning; ease of integration as organizational readiness; and adoption decisions 

based on evidence, fit, cost, interoperability, and guardrails. Each theme drew broad support in 

the cross-case theme matrix (Table 5), with seven of twelve participants contributing evidence to 

each (for example, P03, P04, P05, P08, P09, P11, and P12 for the speed-scale-access theme). 

Divergent and bounding accounts were retained rather than discarded: P10 questioned whether 

unstructured leadership competencies could be reduced to “ones and zeros,” and P02 reframed 

integration as a “people process” rather than a technology problem, which limited and 

conditioned the usefulness and ease-of-integration themes instead of overturning them. These 

themes were subsequently interpreted through TAM perceived usefulness and perceived ease of 
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use and through UTAUT performance expectancy, effort expectancy, and facilitating conditions 

as a post-coding step, preserving the inductive origin of the themes (see Appendix L). 

Research Question 3 

RQ3 asked: How do leaders describe the organizational and social factors that influence 

their attitudes and behaviors toward adopting AI in leadership development? The analysis 

identified four themes salient to RQ3: organizational culture as a condition of adoption, sector-

specific social influence, governance as a facilitating condition, and communication and buy-in 

as adoption mechanisms. 

Organizational Culture Shaped Adoption Speed and Boundaries 

Participants described organizational culture as a factor that influenced AI adoption. P12 

described an AI-first culture by stating, "We are AI first company...heavily invested in AI." This 

case reflected an organizational context in which AI adoption was part of the company's identity 

and operational expectations. 

P06 described a different adoption posture by stating, "We don't want to be the first 

adopters sometimes...but we want to be fast followers." P03 described a reactive work 

environment in which strategic adoption was difficult because "everything's on fire all the time." 

P07 described the need to prepare employees and managers for AI use rather than assume 

adoption would happen automatically. 

These responses showed variation in organizational culture. Some participants described 

AI adoption as expected and fast-moving, while others described cautious, resource-constrained, 

or reactive environments. Culture influenced the pace, boundaries, and perceived appropriateness 

of AI adoption. 

social influence Came Through Sector-Specific Networks 
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Participants described social influence through peers, professional networks, regulators, 

competitors, clients, employees, boards, and sector communities. P02 stated, "It's my peers, 

honestly, that know me well...they have the biggest influence on me." P01 described peer-

learning networks by stating, "I'm getting introduced to things in places I wouldn't ordinarily 

have access to." P05 stated, "Employees are more influenced by the actual peers than they ever 

would be by a senior leader." 

P09 described regulatory influence by stating, "Anything from our regulators...their 

direction is going to be weighted a lot heavier." P10 described adoption in relation to client 

value, stating, "If giving employees AI tools made them better, faster, more productive, and the 

client experience was high, I would rate that as a win." P11 described stakeholder pressure, 

competition, and enterprise expectations as part of the adoption environment. 

These responses showed that social influence varied by sector. In some contexts, peer 

networks influenced exposure and confidence. In regulated contexts, external authorities carried 

more weight. In client-facing contexts, adoption was connected to perceived client value. In 

enterprise settings, adoption was connected to stakeholder expectations and internal governance. 

Governance Functioned as a Facilitating Condition 

Governance appeared across participants as a condition that shaped adoption behavior. 

Participants described governance through policies, committees, guardrails, legal review, 

cybersecurity review, information security expectations, data-use boundaries, and responsible-

use practices. P08 described evidence-based adoption and human oversight by stating, "It's not 

about what becomes social and flashy...It has to be about the evidence." P11 described enterprise 

governance, cybersecurity, and transparency in relation to responsible internal use. P12 described 
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formal policies, information security guardrails, cost considerations, and interoperability in an 

AI-first organizational environment. 

P04 represented a case in which formal governance was limited. P04 stated, "Currently 

we don't have any guiding principles around it at all." P03 and P06 also described readiness or 

governance gaps. P06's description of the organization as a potential "fast follower" reflected 

interest in AI while also cautioning against being an early adopter without sufficient structure. 

These responses showed that governance varied across organizations but was repeatedly 

connected to whether leaders and employees could adopt AI responsibly. 

Communication and Employee Buy-In Shaped Adoption Behavior 

Participants described communication and employee buy-in as important to adoption. 

P11 stated, "Communicate, communicate, communicate." P07 emphasized the importance of 

consistent language across organizational levels, stating that using "that same language with the 

executive team as we're going to use with the people manager...is really important." P01 stated 

that ineffective communication could cause people to withdraw: "If it's not communicated 

effectively, that can cause more restrictions, or people can withdraw." P06 described limited time 

and readiness as constraints that affected whether employees and leaders could effectively 

engage with AI. 

Across participants, communication was connected to trust, clarity, employee readiness, 

and adoption behavior. P11 also linked communication to employee fear, explaining that 

employees needed to understand that "AI is not here to replace them, it's there to enhance them." 

Participants described adoption as more likely when employees understood the purpose of AI, 

the boundaries of use, and the safeguards around data and decision-making. 

Traceability Summary for Research Question 3 
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For RQ3, coding of organizational and social references produced four themes: 

organizational culture as an adoption condition, social influence through peers, regulators, 

clients, competitors, and networks, governance as a facilitating condition, and communication 

and employee buy-in. The cross-case theme matrix (Table 5) shows broad support for each, 

ranging from five participants for the communication and buy-in theme (P01, P06, P07, P11, 

P12) to eight for the social-influence theme. Divergent and limiting cases were preserved as part 

of the analysis: P04 reported having no guiding principles for AI use, and P03 and P06 described 

governance or readiness gaps, which bounded the governance theme by showing the conditions 

under which it was absent rather than weakening the broader pattern. As with RQ1 and RQ2, 

these themes were interpreted only after coding through UTAUT social influence and facilitating 

conditions and through TAM perceptions, used as an explanatory rather than generative layer 

(see Appendix L). 

Comparison of Results to the Literature Review 

This section compares the results to the literature and framework discussed in Chapters 1 

and 2. The comparison is organized by research question and then by the content of the findings. 

No new literature is introduced in this section. After the emergent, data-driven themes had been 

identified through inductive coding and cross-case synthesis, they were compared to the 

technology acceptance model (TAM) and the unified theory of acceptance and use of technology 

(UTAUT) constructs as a post-coding interpretive layer (Davis, 1989; Venkatesh et al., 2003). 

This mapping was used to organize and explain the findings in relation to the theoretical 

framework and did not generate, shape, or predetermine the themes. 
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Research Question 1 

The RQ1 findings were consistent with the literature in Chapter 2, identifying bias, 

fairness, transparency, accountability, and governance as central ethical issues in AI adoption 

(Cath et al., 2018; Mittelstadt et al., 2016). Participants described bias as connected to data, 

design, representation, and human decision-making. This was consistent with the literature's 

emphasis on AI ethics as an organizational and human, technical, and organizational issue rather 

than a purely technical concern. The findings also showed that attitude toward use operated 

through participants' judgments about whether AI was appropriate, trustworthy, and ethically 

bounded for leadership development. 

The findings also fit the TAM and UTAUT framework because ethical concerns shaped 

TAM-related attitude toward use and behavioral intention, along with UTAUT-related 

facilitating conditions (Davis, 1989; Venkatesh et al., 2003, 2016). Participants did not generally 

reject AI because of ethical concerns. Instead, they indicated that willingness to adopt depended 

on whether bias, privacy, transparency, accountability, and hallucination concerns could be 

addressed through governance and human oversight. 

The RQ1 results also added detail to the literature comparison by showing that ethical 

concern was not expressed in a single form across the participant group. Some participants 

described ethics in terms of bias, representation, and fairness; others emphasized privacy, 

regulatory expectations, liability, environmental impact, mission fit, or community trust. This 

pattern remained consistent with the literature reviewed in Chapter 2 while showing how ethical 

concerns were expressed differently across leadership contexts. 
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Research Question 2 

The RQ2 findings were consistent with the Chapter 2 literature, which describes AI as 

useful for leadership development through adaptive learning, feedback, role-play, simulation, 

coaching, and productivity support (Abasaheb & Subashini, 2023; Madanchian et al., 2024; 

Shaqra, 2023). Participants described usefulness in terms of speed, scale, access, coaching, 

simulation, and personalized learning. These findings were also consistent with TAM's perceived 

usefulness construct and UTAUT's performance expectancy construct (Davis, 1989; Venkatesh 

et al., 2003). 

The findings also clarified how participants experienced ease of use. Chapter 2 discussed 

perceived ease of use, effort expectancy, and facilitating conditions as influences on technology 

adoption (Davis, 1989; Venkatesh et al., 2003, 2016). In the results, participants described AI 

tools as potentially easy to access but not necessarily easy to integrate. Ease of integration 

depended on workflow fit, communication, governance, training, budget, data protection, and 

employee readiness. 

The RQ2 results were consistent with the Chapter 2 discussion by distinguishing tool 

usability from organizational integration. Participants often described AI as useful and 

accessible, but their adoption decisions depended on evidence, fit, cost, interoperability, and 

responsible-use boundaries. This distinction was consistent with TAM and UTAUT while 

showing that leadership development adoption decisions involved more than individual 

perceptions of usefulness and ease of use. ease of integration was broader than individual ease of 

use; participants described integration as dependent on workflow fit, governance, training, cost, 

evidence of value, and organizational readiness. 
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Research Question 3 

The RQ3 findings were consistent with the UTAUT emphasis on social influence and 

facilitating conditions (Venkatesh et al., 2003, 2016). Participants described adoption as 

influenced by peers, regulators, competitors, clients, professional networks, boards, executives, 

employees, and sector expectations. These findings were consistent with the theoretical 

framework because both individual attitudes and organizational context shaped adoption 

behavior. 

The findings were also consistent with Chapter 2 literature, which describes AI adoption 

as dependent on organizational readiness, culture, leadership support, governance, and change 

management (González-Reyes et al., 2026; Madanchian et al., 2024). Participants described 

governance, communication, employee buy-in, information security, and policy clarity as 

conditions that influenced adoption behavior. The results showed that social influence and 

facilitating conditions were particularly evident in participants’ accounts of AI adoption in 

leadership development. 

The RQ3 results also added nuance to the role of social influence. Participants did not 

describe social influence only as general peer pressure. Instead, the source of influence varied by 

context. Regulators were more salient in regulated environments; clients were more salient in 

professional-services contexts; peer networks shaped awareness and confidence, and employees 

influenced adoption through trust, fear, and buy-in. This pattern was consistent with UTAUT 

while showing how social influence operated differently across organizational settings. 

Summary 

This chapter presented the findings from the qualitative exploratory multiple-case study. 

The chapter began by describing how trustworthiness was established through credibility, 
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transferability, dependability, and confirmability. Credibility was supported through 

triangulation, transcript review, formal member checking, summary validation, analytic 

memoing, negative case analysis, and saturation monitoring. Transferability was supported 

through de-identified participant and organizational context descriptions. In contrast, 

dependability and confirmability were supported through a documented audit trail, structured 

coding process, reflexive memoing, and the use of participant quotations. 

The results were organized by research question and included a de-identified participant 

overview, aggregate participant context, the data analysis process, saturation monitoring, and a 

cross-case theme matrix. The analysis showed that thematic saturation appeared to be reached for 

the major RQ-aligned themes. The findings were presented by research question. Themes 

emerged inductively from the participant data and were mapped to TAM and UTAUT constructs 

only afterward, as an interpretive layer used to organize and compare the findings rather than to 

predetermine themes (see Appendix L). 

For RQ1, participants described ethical concerns as important conditions influencing 

willingness to adopt AI in leadership development. These concerns included bias, fairness, 

privacy, transparency, hallucination risk, accountability, and the need for human oversight. For 

RQ2, participants described AI as useful for improving speed, scale, access, coaching, 

simulation, practice, and personalized learning, while also identifying integration barriers related 

to workflow fit, governance, training, communication, cost, interoperability, and organizational 

readiness. For RQ3, participants described organizational culture, social influence, governance, 

communication, and employee buy-in as factors shaping attitudes and behaviors toward AI 

adoption. 
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The chapter also compared the findings to the literature and theoretical framework 

presented in Chapters 1 and 2. The findings were consistent with TAM and UTAUT, particularly 

regarding perceived usefulness, effort expectancy, social influence, facilitating conditions, and 

behavioral intention. The findings were also consistent with the literature on AI ethics, 

leadership development, organizational readiness, and technology adoption. Chapter 5 includes 

the interpretation of these findings, implications, limitations, and recommendations for practice 

and future research. 



 

 

 

 

 

 

 

 

166 

Chapter 5: Discussion, Recommendations, and Study Summary 

The problem addressed in this study was the need to explore the adoption and 

understanding of Artificial Intelligence (AI) in developing leadership skills and competencies 

within American organizations, as existing research indicates gaps in its application and 

integration (González-Reyes et al., 2026; Nimon et al., 2024; Yasmeen, 2025). The purpose of 

this qualitative exploratory multiple-case study was to investigate how leaders and senior 

HR/L&D stakeholders in U.S. organizations perceive and adopt artificial intelligence (AI) in 

leadership development. 

This chapter discusses the findings presented in Chapter 4 and explains how those 

findings address the study problem, purpose, research questions, and theoretical framework. The 

study used a qualitative exploratory multiple-case design with semi-structured interviews of 12 

leaders and senior human resources, learning and development, operational, and technology 

stakeholders from varied U.S. organizational contexts. Thematic saturation appeared to be 

reached for the major research-question-aligned themes, while additional interviews could still 

add sector-specific nuance. The study was guided by the technology acceptance model (TAM) 

and the unified theory of acceptance and use of technology (UTAUT), which supported 

examination of perceived usefulness, perceived ease of use, performance expectancy, effort 

expectancy, social influence, facilitating conditions, attitude toward use, and behavioral intention 

(Davis, 1989; Venkatesh et al., 2003, 2016). 

The study addressed three research questions focused on ethical implications and 

willingness to adopt AI, perceived usefulness and ease of integration, and organizational and 

social factors influencing adoption. The findings showed that leaders did not view AI-enabled 

leadership development as simply beneficial or problematic. Instead, participants described AI 
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adoption as conditional. AI was perceived as useful when it supported speed, scale, access, 

coaching, simulation, practice, and personalized development. However, participants also 

indicated that adoption depended on human oversight, ethical safeguards, governance, 

communication, data protection, workflow fit, employee trust, and organizational readiness. 

These findings addressed the study problem by explaining why AI adoption in leadership 

development remains uneven even when AI is viewed as potentially valuable. 

The findings should be interpreted within the study's limitations and delimitations. The 

study relied on purposive sampling, self-reported interview data, a 12-participant qualitative 

sample, and a time-bounded view of perceptions during a rapidly changing AI environment. The 

study was also delimited to U.S.-based organizational contexts and to leaders or senior 

stakeholders with relevant leadership development or AI-adoption experience. These boundaries 

do not weaken the study's purpose; rather, they clarify that the findings are intended to support 

analytic insight and transferability rather than statistical generalization. 

This chapter is organized into four major sections. The discussion section interprets the 

findings by research question and then considers implications, consequences, and factors that 

influenced interpretation. The recommendations for practice section presents practical actions for 

organizations, HR/L&D leaders, senior leaders, and leadership development professionals. The 

recommendations for future research section identifies next steps for scholars who may build on 

this study. The chapter concludes with a study summary that presents the take-home message of 

the dissertation. 

Discussion 

The purpose of this discussion is to interpret the major findings in relation to the study 

problem, research questions, literature, and theoretical framework. Throughout this discussion, 
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the technology acceptance model (TAM) and the unified theory of acceptance and use of 

technology (UTAUT) are used to interpret findings that emerged inductively from the participant 

data; the framework did not generate the themes. The findings indicate that AI adoption in 

leadership development is best understood as a process integrating technical capability with 

organizational readiness and human judgment rather than a purely technological decision. 

Participants did not describe adoption as a matter of simply acquiring AI tools. Instead, they 

described adoption as a leadership, governance, communication, ethics, and organizational 

readiness challenge. 

Figure 2 provides a findings-informed synthesis of how the emergent themes aligned with TAM 

and UTAUT constructs after inductive analysis was completed. 
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Figure 2 

Findings-Informed Theme Alignment 

Note. PU = perceived usefulness; PE = performance expectancy; PEOU = perceived ease of use; 

EE = effort expectancy; ATT = attitude toward use; SI = social influence; FC = facilitating 

conditions; BI = behavioral intention. Figure 2 presents a post-coding synthesis of how the 

emergent themes aligned with TAM and UTAUT constructs after inductive analysis was 

completed. The figure is not intended to revise TAM or UTAUT, but to illustrate how the 

findings were interpreted through the theoretical framework. 

The study was important because leadership development is changing at the same time 

that organizations are being pressured to become more agile, data-informed, and future-ready. If 

leaders and organizations do not understand how AI is perceived, what barriers affect adoption, 

and what conditions make adoption responsible, leadership development may remain 

disconnected from the realities of technologically mediated work. The findings contribute to this 

problem by showing that the central issue is not whether leaders see AI as useful. Most 

participants did see usefulness. The deeper issue is whether organizations can create the 

conditions that make AI adoption trustworthy, ethical, practical, and aligned with leadership 

development goals. 
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Conditional Adoption: Ethics as a Threshold for AI Use 

RQ1 asked how leaders describe the ethical implications of AI in leadership 

development. RQ1a asked how these perceptions influence willingness to adopt AI in leadership 

development. The findings showed that leaders perceived ethical implications as central to 

adoption decisions. Bias, fairness, privacy, transparency, hallucination risk, accountability, and 

human oversight appeared repeatedly across participant accounts. These concerns did not 

generally lead participants to reject AI. Instead, ethical concerns shaped the boundaries, pace, 

and acceptable uses of AI. 

This study terms this pattern conditional adoption logic: ethics functioned as an adoption 

condition rather than as an adoption obstacle alone. Ethical concerns operated as a filter through 

which participants evaluated AI-enabled leadership development. Participants were more willing 

to consider AI when they believed the organization could mitigate bias, protect data, preserve 

human judgment, and communicate boundaries clearly. Conversely, participants were more 

cautious when ethical issues were unresolved or when the organization lacked visible safeguards. 

This conditional logic was evident in participant language. P06 explained that the organization 

“would not adapt or use it until we mitigated [them],” tying adoption directly to the resolution of 

bias and ethical concerns, while P08 set a firm boundary that “Humans have to be in the loop, 

full stop.” Even participants who viewed AI as inevitable framed adoption conditionally; as P07 

observed, “The train has left the station,” yet the same accounts insisted on mitigation, oversight, 

and accountability before broader use. 

The ethical findings were consistent with Chapter 2 literature describing AI ethics as a 

concern involving bias, fairness, transparency, accountability, and governance (Cath et al., 2018; 

Mittelstadt et al., 2016). The findings also extended the study's theoretical framework by 
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showing that ethical concerns operated across multiple TAM and UTAUT constructs. Ethical 

concerns shaped attitude toward use because they affected whether participants viewed AI as 

appropriate or trustworthy. Ethical concerns shaped behavioral intention because they influenced 

willingness to adopt. Ethical concerns also shaped facilitating conditions because participants 

wanted policies, guardrails, human review, and data-use boundaries before adoption expanded. 

The findings also showed that ethics were contextual. Participants did not all express 

ethical concern in the same way. Some participants emphasized bias and fairness in data and 

system design. Others emphasized privacy, cybersecurity, hallucination, regulatory expectations, 

employee fear, environmental concerns, mission fit, or community trust. P04's divergent framing 

of ethics through mission, doctrine, and community perception was important because it showed 

that ethical concern may be filtered through organizational identity rather than expressed only 

through technical language such as bias or privacy. This contextual variation matters because it 

suggests that organizations cannot rely on one universal ethical message or policy. AI 

governance in leadership development must address broad principles while also accounting for 

sector-specific risks and stakeholder expectations. 

One important meaning of the RQ1 findings is that leadership development professionals 

should not separate AI ethics from leadership practice. AI-enabled leadership development may 

influence how leaders practice feedback, coaching, evaluation, conflict management, succession 

planning, and development decisions. When AI tools are introduced into these areas, ethical 

issues become leadership issues. A biased or poorly contextualized AI tool may affect whose 

potential is recognized, whose development needs are prioritized, or how employee development 

needs are interpreted. Therefore, the findings suggest that responsible AI adoption requires 

leaders to treat AI ethics as part of leadership accountability. 
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The RQ1 findings should also be interpreted within the study's qualitative boundaries. 

The findings do not establish how all leaders perceive AI ethics. Rather, they show how 12 

participants across varied organizational contexts described the relationship between ethical 

concern and willingness to adopt AI in leadership development. Within that scope, the findings 

suggest that leaders are not merely asking whether AI works. They are asking whether AI can be 

trusted, governed, explained, and used without undermining fairness or human responsibility. 

Human-AI Complementarity and Developmental Usefulness 

RQ2 asked how leaders describe the long-term usefulness and ease of integrating AI into 

leadership development programs. RQ2a asked what factors influence adoption decisions. The 

findings showed that participants generally perceived AI as useful when it improved speed, 

scale, access, coaching, simulation, practice, and personalized learning. However, participants 

did not equate usefulness with readiness for adoption. They repeatedly distinguished between the 

usefulness of AI tools and the organizational capacity to integrate those tools responsibly. 

This study interprets this pattern as a context-specific refinement of the adoption 

framework. TAM emphasizes perceived usefulness and perceived ease of use as key factors in 

technology acceptance (Davis, 1989). UTAUT expands the adoption lens by including 

performance expectancy, effort expectancy, social influence, and facilitating conditions 

(Venkatesh et al., 2003, 2016). The findings supported these frameworks while suggesting that, 

in AI-enabled leadership development, ease of use at the tool level should be distinguished from 

what may be called ease of integration at the organizational level. 

Participants described AI's usefulness in both operational and developmental terms. 

Operationally, AI helped with speed, summarization, content creation, administrative support, 

and scalable access to information. Developmentally, AI was viewed as useful for coaching, 
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simulation, leadership practice, scenario preparation, negotiation support, and personalized 

learning. These findings were consistent with Chapter 2 literature describing AI as useful for 

adaptive learning, feedback, role play, simulation, coaching, and productivity support in 

leadership development (Abasaheb & Subashini, 2023; Madanchian et al., 2024; Shaqra, 2023). 

The findings also identified limits to perceived usefulness. Participants were cautious 

about using AI where leadership development required human context, interpersonal judgment, 

emotional intelligence, or decisions affecting employee futures. This does not weaken the 

usefulness finding. Instead, it clarifies it. Participants viewed AI as most useful when it 

augmented human judgment rather than replacing it. This pattern was visible across the dataset 

and reflected one of the study's strongest findings: AI was viewed as a support tool, not a 

substitute for responsible leadership. Participants articulated this complementarity directly. P12 

described value as emerging from the combination of tool and person, explaining that “you are 

leveraging AI, help of human touch to create the value,” and P11 paired enthusiasm for AI with 

the caution that “you do have to fact check it.” P10 marked the boundary of usefulness by noting 

that leadership competencies involve “unstructured data” and asking, “How do I quantify that 

into ones and zeros?” These accounts clarified that perceived usefulness was strongest where AI 

extended, rather than replaced, human judgment. 

This finding provides a context-specific refinement of perceived usefulness. In leadership 

development, AI's usefulness was not defined only by what the technology could do. Its 

usefulness depended on how well the tool complemented human judgment, coaching, reflection, 

and accountability. This suggests that human-AI complementarity may operate as a prerequisite 

belief for AI adoption in leadership development contexts. If leaders perceive AI as replacing 

human judgment, usefulness may be limited by distrust or resistance. If leaders perceive AI as 
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strengthening practice, reflection, and developmental access, usefulness may become more 

credible. 

Organizational Integration Readiness and the Ease-of-Integration Gap 

The study also showed that perceived ease of use and ease of organizational integration 

were not the same. Participants described AI tools as accessible and useful, but they also 

described integration barriers related to workflow, communication, governance, training, budget, 

data protection, and employee readiness. This distinction is important because it clarifies why 

positive perceptions of AI's usefulness may not automatically produce adoption. Participants 

located the difficulty in people and process rather than in the technology itself. P02 summarized 

the pattern by stating, “Everybody thinks it’s the technology, and it’s really the people process,” 

while P01 connected integration to communication, warning that “if it’s not communicated 

effectively, that can cause more restrictions, or people can withdraw.” Time and operating 

conditions were also constraints; P06 noted that “finding the time to understand it…is what we 

don’t have time for right now,” and P03 described a reactive environment in which “everything’s 

on fire all the time…anything that makes you pause and think strategically is harder to do.” 

What this study terms the ease-of-integration gap contextualizes TAM and UTAUT by 

showing that individual-level perceptions may be insufficient in leadership development settings. 

In this study, adoption depended on what this study terms organizational integration readiness. 

This label refers to the presence of conditions that allow AI tools to be used responsibly and 

effectively within existing leadership development systems. These conditions include policies, 

workflows, training, technical support, communication, budget, data protection, and credible 

evidence of value. 
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This finding also helps explain the study problem. Existing research noted that AI's 

application in leadership development remains limited and uneven despite its potential. The 

findings suggest that the limitation may not be only a lack of perceived usefulness. Instead, the 

more significant barrier may be the gap between tool promise and organizational readiness. AI 

adoption in leadership development therefore requires attention to implementation capacity, not 

only attitudes toward the tool. 

The RQ2a findings showed that adoption decisions depended on evidence, fit, cost, 

interoperability, governance, privacy, communication, and readiness. This finding has practical 

importance because organizations may be tempted to adopt AI tools because of market pressure 

or novelty. Participants, however, described responsible adoption as requiring evidence that the 

tool fits the organization's development goals and operating environment. For leadership 

development, this means adoption decisions should be tied to the specific developmental 

outcome being pursued, such as coaching practice, feedback quality, decision support, leadership 

reflection, or access to development resources. 

The RQ2 findings suggest that AI adoption in leadership development should be 

evaluated through developmental value, not technological sophistication alone. A tool that 

generates content quickly may be useful, but that usefulness is different from a tool that 

improves leadership practice, strengthens feedback conversations, or expands access to coaching. 

HR/L&D leaders, leadership development professionals, and executive education providers may 

find these findings useful because they show the need to define the intended developmental 

purpose before selecting or scaling an AI tool. 

The RQ2 findings should also be interpreted cautiously because the study relied on 

participant perceptions and self-reported accounts. The study did not measure leadership 
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development outcomes, compare AI-enabled and non-AI programs, or evaluate a specific tool's 

effectiveness. However, this limitation is consistent with the exploratory design. The value of the 

finding lies in explaining how leaders made sense of usefulness and integration before or during 

adoption. 

Governance and Sector-Mediated social influence 

RQ3 asked how leaders describe the organizational and social factors that influence their 

attitudes and behaviors toward adopting AI in leadership development. The findings showed that 

adoption was shaped by organizational culture, social influence, governance, communication, 

and employee buy-in. Participants did not describe AI adoption as an individual decision alone. 

Instead, adoption was influenced by peers, regulators, competitors, clients, boards, senior 

leaders, professional networks, employees, information security teams, and sector expectations. 

This finding was strongly aligned with UTAUT, particularly the constructs of social 

influence and facilitating conditions (Venkatesh et al., 2003, 2016). Participants' accounts 

showed that attitudes toward AI were shaped not only by individual perceptions of usefulness but 

also by the social and organizational environment in which adoption occurred. In some contexts, 

peer networks increased awareness and confidence. In regulated contexts, regulator expectations 

carried substantial influence. In client-facing contexts, perceived client value mattered. In 

enterprise contexts, governance and information security shaped what adoption could look like. 

In AI-first contexts, market pressure and organizational identity accelerated adoption while still 

requiring guardrails. Participant accounts illustrated these context-specific influences. P09 

grounded performance expectations in measurable efficiency, recalling that the organization had 

“gone from an average of six hours to create a 90-second video to now, it’s 30 minutes,” while 

P11 framed responsible internal messaging by reassuring employees that “AI is not here to 
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replace them, it’s there to enhance them.” In enterprise and AI-first settings, governance and 

privacy expectations remained salient even as adoption advanced, consistent with P12’s 

emphasis on guardrails, information security, and clear boundaries for using data. 

The organizational culture finding is especially important because culture influenced both 

speed and boundaries. Some participants described organizations that were cautious and 

preferred to be fast followers. P06's fast-follower posture was analytically important because it 

showed that positive interest in AI can coexist with cautious adoption timing. Others described 

AI-first or innovation-oriented environments in which adoption moved quickly. Still others 

described reactive environments where day-to-day operational pressures made strategic adoption 

difficult. These differences show that adoption readiness is not simply a function of interest in 

AI. Readiness depends on whether the organization has time, leadership alignment, governance 

structures, communication capacity, technical support, and psychological safety. 

Communication and employee buy-in emerged as adoption mechanisms. Participants 

described the need to communicate why AI was being introduced, what it would and would not 

do, how employee data would be protected, and how AI would support rather than replace 

human work. This finding is important because AI adoption can trigger fear, resistance, or 

disengagement if employees interpret it as surveillance or job replacement. Leadership 

development professionals should therefore treat communication as part of the adoption 

infrastructure, not as a final rollout activity. 

Governance also emerged as a core facilitating condition. Participants described 

governance through policies, committees, guardrails, legal review, cybersecurity review, 

information security expectations, data-use boundaries, and responsible-use practices. The 

findings suggest that governance enables adoption by creating clarity and trust. Without 
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governance, employees and leaders may still use AI informally, but the organization may lack 

consistent expectations for data protection, accuracy, accountability, and appropriate use. 

The governance finding was especially important because governance appeared across all 

three research questions. It shaped ethical willingness to adopt under RQ1, influenced ease of 

integration and adoption decisions under RQ2, and operated as an organizational condition under 

RQ3. For this reason, governance may be understood as a cross-cutting condition of the AI 

adoption process. Within the contexts represented by this study, governance appeared to 

influence whether positive perceptions of usefulness could translate into acceptable and 

responsible adoption behavior. 

The RQ3 findings may be especially relevant to professional and academic communities 

concerned with organizational leadership, HR/L&D, talent development, executive education, 

business education, AI governance, and workplace technology adoption. Professional 

communities such as human resource management, talent development, organizational 

development, executive coaching, management education, and responsible AI governance may 

find the findings useful because they connect AI adoption to governance, ethics, employee trust, 

and leadership capability. Academic audiences may find the study useful because it 

contextualizes TAM and UTAUT within the specific context of AI-enabled leadership 

development and shows how social influence and facilitating conditions operate across varied 

organizational settings. 

The RQ3 findings should not be overstated as a prescriptive model for all organizations. 

The study provides qualitative insight into how participants described organizational and social 

influences. However, the consistency of themes across varied contexts suggests that 
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organizations considering AI-enabled leadership development should examine not only tool 

features but also culture, governance, communication, and stakeholder influence. 

Although Chapter 2 discussed emotional intelligence as a relevant concept in leadership 

development literature, emotional intelligence did not emerge as a distinct participant-language 

theme. This absence was analytically meaningful. Participants tended to describe AI's 

developmental value through operational and practice-oriented language, including coaching, 

simulation, feedback preparation, role play, access, scale, human judgment, trust, and oversight, 

rather than through EI-specific terminology. The finding suggests that, in the current state of AI-

enabled leadership development adoption, leaders may conceptualize AI's value less as direct 

emotional intelligence development and more as support for practice, reflection, communication, 

and responsible human decision-making. 

Implications and Consequences of the Findings 

The findings have implications for practice, theory, and society. For practice, the study 

indicates that AI-enabled leadership development should be approached as a governed, human-

centered change process. Organizations that adopt AI tools without clear purpose, 

communication, oversight, and ethical safeguards may increase employee distrust or create 

inconsistent use. Organizations that align AI adoption with human judgment, developmental 

goals, governance, and evidence of value may be better positioned to use AI responsibly. 

For leadership development practice, the findings suggest that AI has the potential to 

expand access to developmental support. Participants described AI as useful for coaching 

practice, simulation, feedback preparation, summarization, and personalized learning. These uses 

may help organizations provide more timely and scalable support to leaders and employees. 

However, the findings also suggest that AI should not be treated as a replacement for human 
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coaching, mentoring, or leadership judgment. The more consequential the leadership decision, 

the greater the need for human oversight and contextual interpretation. 

For theory, the findings support the continued relevance of TAM and UTAUT while 

showing the value of contextualizing their constructs for AI-enabled leadership development. 

Perceived usefulness and performance expectancy were visible in participants' descriptions of 

AI's speed, scale, and developmental value. Effort expectancy and perceived ease of use 

appeared in discussions of accessibility and learning how to use AI. Social influence appeared 

through peers, regulators, clients, competitors, employees, and professional networks. 

Facilitating conditions appeared through governance, training, budget, data security, leadership 

support, and workflow fit. The study's theoretical contribution is therefore best understood as 

context-specific evidence of how existing TAM/UTAUT constructs operate in AI-enabled 

leadership development, particularly how ethical concern and human oversight functioned as 

adoption thresholds in this context. 

For society and desired organizational outcomes, the findings suggest that AI adoption in 

leadership development has both positive and negative implications. Probable positive 

implications include expanded access to coaching and development, more efficient learning 

support, improved leadership practice opportunities, and increased organizational readiness for 

technological change. Probable negative implications include the risk of bias, privacy concerns, 

overreliance on AI-generated outputs, employee fear, and uneven adoption across organizations 

with different resources. Less probable or more speculative implications, such as AI 

independently transforming leadership quality across organizations, should not be inferred from 

this study because the study did not measure long-term leadership outcomes. 
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The findings also matter because leadership development influences how organizations 

prepare people for decision-making, communication, inclusion, accountability, and change. If AI 

tools are integrated into leadership development without ethical and organizational safeguards, 

they may reproduce inequities or weaken trust. If integrated responsibly, AI tools may support 

more accessible, personalized, and practice-oriented leadership development. The study therefore 

contributes to an emerging conversation about how organizations can adopt AI without losing 

sight of human responsibility. 

Limitations and Delimitations Influencing Interpretation 

Several factors may have influenced the interpretation of the results. First, the study used 

purposive sampling. Participants were selected because they had relevant leadership, HR/L&D, 

operational, technology, or organizational experience. This supported information-rich data but 

limited statistical generalizability. The findings should be interpreted as transferable insights 

rather than population-level conclusions. 

Second, the study relied on self-reported interview data. Participants described their 

perceptions, experiences, organizational contexts, and adoption concerns. Self-report data are 

appropriate for understanding perceptions, but participants may have framed their responses in 

ways that reflected professional identity, organizational norms, or personal attitudes toward AI. 

Confidentiality, open-ended questions, and member checking procedures were used to support 

candid and accurate responses. 

Third, the interviews were conducted within a time-bounded period during a rapidly 

changing AI environment. AI tools, organizational policies, regulatory expectations, and public 

attitudes toward AI are evolving quickly. As a result, the findings represent participant 
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perceptions during the study period. Future studies may find shifts in adoption attitudes as AI 

tools mature, organizations formalize governance, and employees gain more experience. 

Fourth, the study was conducted by a single researcher. This created the possibility of 

researcher bias in coding and interpretation. Reflexive memoing, bracketing, analytic memos, 

negative case analysis, formal member checking, summary validation, and an audit trail were 

used to support confirmability and reduce the influence of researcher assumptions. 

Fifth, the use of TAM and UTAUT helped organize the analysis but could have 

influenced attention toward constructs already present in the framework. To reduce this risk, 

coding included participant-language codes and inductive theme development. Themes were 

generated from participant data and then mapped to the framework rather than imposed solely 

from the framework. In this study, TAM and UTAUT functioned as sensitizing frameworks 

rather than hypotheses to be tested. 

These factors do not invalidate the findings. Instead, they clarify how the findings should 

be interpreted. The study provides a credible and contextually grounded account of how leaders 

and senior organizational stakeholders perceived AI adoption in leadership development, while 

recognizing that additional research is needed to test, extend, and refine these insights. 

Recommendations for Practice 

The recommendations for practice are grounded in the findings and should be applied 

within the boundaries of the study. The findings do not support a one-size-fits-all model for AI 

adoption in leadership development. Instead, they support a set of practical principles that 

organizations can adapt to their own context, sector, risk profile, and leadership development 

goals. 
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Establish Human Oversight and Accountability 

Organizations should establish human oversight and accountability as non-negotiable 

elements of AI-enabled leadership development. This recommendation is supported by the 

finding that participants were more willing to adopt AI when humans remained responsible for 

interpretation, judgment, and final decisions. This recommendation is grounded in the ethical-

concerns-as-adoption-conditions theme, which was evidenced by 10 of 12 participants (P01, P02, 

P03, P05, P06, and P08–P12) in the cross-case theme matrix (Table 5). Participants repeatedly 

emphasized that AI should augment rather than replace human leadership judgment. This 

rationale was voiced plainly by participants. P08 insisted that “Humans have to be in the loop, 

full stop,” and P10 cautioned against treating AI output as decisive, urging that it be used “as just 

one data point” when decisions could shape an employee’s future. P09’s account of a system that 

reported “that somebody volunteered to do something when in the meeting they actually didn’t” 

further illustrates why human verification of AI-generated outputs is essential before they inform 

workplace decisions. 

In practice, organizations should define which leadership development activities may be 

supported by AI and which decisions require human review. AI may be appropriate for role-play, 

feedback preparation, summarization, coaching prompts, scenario development, and personalized 

learning pathways. However, decisions involving promotion, succession, discipline, performance 

evaluation, or employee potential should not be delegated to AI systems without human review 

and contextual interpretation. 

This recommendation is framed by TAM and UTAUT because human oversight can 

strengthen attitude toward use, behavioral intention, and facilitating conditions. If employees and 

leaders believe that AI outputs are reviewed by humans and used responsibly, they may be more 
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willing to engage with AI-enabled tools. Human oversight also addresses Chapter 2 concerns 

related to AI ethics, bias, transparency, and accountability (Cath et al., 2018; Mittelstadt et al., 

2016). 

Develop Clear AI Governance and Use Policies 

Organizations should develop clear AI governance and use policies before scaling AI-

enabled leadership development. This recommendation is supported by the finding that 

governance functioned as a facilitating condition across participants. This recommendation is 

grounded in the governance-as-a-facilitating-condition theme for Research Question 3, which 

drew broad cross-case support while being bounded by participants who described governance or 

readiness gaps (P04, P03, and P06). Participants described governance through guardrails, 

policies, legal review, cybersecurity review, data-use boundaries, and responsible-use 

expectations. 

Governance policies should identify acceptable and unacceptable uses of AI in leadership 

development. Policies should address data privacy, confidentiality, security, hallucination risk, 

bias mitigation, transparency, human review, documentation, and accountability. Organizations 

should also define whether employees may use public AI tools, internally approved tools, or 

vendor platforms, and what types of organizational or employee data may be entered into those 

tools. 

Governance should not be treated only as a compliance requirement. The findings 

suggest that governance can enable adoption by reducing ambiguity and increasing trust. When 

leaders and employees know the boundaries of AI use, they may be more likely to adopt AI 

responsibly. This recommendation is relevant for HR/L&D teams, information security teams, 

legal and compliance offices, executive sponsors, and leadership development vendors. 
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Communicate AI's Purpose and Boundaries 

Organizations should communicate AI's purpose, boundaries, and safeguards clearly 

before and during implementation. This recommendation is supported by the finding that 

communication and employee buy-in shaped adoption behavior. This recommendation is 

grounded in the communication-and-buy-in theme for Research Question 3, which appeared 

across 5 of 12 participants (P01, P06, P07, P11, and P12) in the cross-case theme matrix (Table 

5). Participants emphasized that employees needed to understand that AI was intended to support 

rather than replace human work. P11 captured the core message organizations should convey, 

that “AI is not here to replace them, it’s there to enhance them,” and connected weak 

communication to resistance. As P01 warned, “if it’s not communicated effectively, that can 

cause more restrictions, or people can withdraw,” underscoring why clear, consistent messaging 

functions as adoption infrastructure rather than a final rollout step. 

Communication should explain why AI is being introduced, how it supports leadership 

development, what data protections are in place, what decisions AI does not make, and how 

employees can raise concerns. Communication should also be consistent across organizational 

levels. Executives, people managers, HR/L&D professionals, and employees should receive 

aligned messaging so that AI adoption does not create confusion or mistrust. 

This recommendation is important because AI adoption can trigger fear, resistance, or 

disengagement when employees interpret AI as surveillance, replacement, or a threat to 

autonomy. Clear communication supports social influence and facilitating conditions by helping 

employees understand how AI fits into the organization's leadership development strategy. 
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Use AI for Coaching, Simulation, and Scalable Development 

Organizations should prioritize AI use cases that support coaching, simulation, practice, 

and scalable leadership development. This recommendation is supported by the finding that 

participants viewed AI as useful for practice environments, difficult conversations, negotiation 

preparation, personalized learning, summarization, and scalable coaching support. This 

recommendation is grounded in the usefulness and coaching, simulation, and personalized-

learning themes for Research Question 2, each of which drew evidence from seven of twelve 

participants in the cross-case theme matrix (Table 5). 

AI-enabled tools may be especially valuable when they allow leaders to practice feedback 

conversations, conflict resolution, coaching approaches, ethical decision-making, inclusive 

communication, or scenario-based judgment. These tools can provide repeated practice 

opportunities that may not be feasible through traditional leadership development formats alone. 

AI can also expand access to developmental support for employees who may not have immediate 

access to formal coaching. Participants described precisely these use cases. P03 noted, “I can’t 

coach every single person in the organization, but having access to [an AI coach] is incredibly 

valuable,” pointing to scalable developmental reach, and P08 emphasized the value of rehearsal, 

explaining that leaders “need to be able to practice…in a safe environment, where you can really 

just keep iterating.” 

However, organizations should avoid assuming that all AI-enabled development is 

equally valuable. AI use cases should be selected based on specific leadership development 

outcomes. For example, a tool designed to generate training content should not be evaluated in 

the same way as a tool designed to improve coaching practice. Developmental purpose should 

drive technology selection. 
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Evaluate AI Adoption Through Evidence and Fit 

Organizations should evaluate AI adoption through evidence of value and fit with 

organizational needs. This recommendation is supported by the finding that adoption decisions 

depended on evidence, fit, cost, interoperability, governance, risk, and readiness. This 

recommendation is grounded in the evidence-, fit-, and guardrails-based adoption-decision theme 

for Research Question 2, which contributed evidence from seven of twelve participants in the 

cross-case theme matrix (Table 5). Participants were cautious about adopting AI because it was 

popular or novel. As P08 put it, adoption “is not about what becomes social and flashy…It has to 

be about the evidence,” and P02 redirected attention from the tool to organizational fit, observing 

that “everybody thinks it’s the technology, and it’s really the people process.” These accounts 

support tying adoption decisions to demonstrated developmental value and organizational fit 

rather than to market pressure. 

Before scaling AI-enabled leadership development, organizations should pilot tools, 

collect feedback, evaluate outcomes, and assess risks. Evidence may include time savings, 

improved access to development resources, participant satisfaction, coaching practice quality, 

manager confidence, or reduction in administrative burden. Organizations should also evaluate 

whether the tool fits existing workflows, learning systems, data governance requirements, and 

leadership competency models. 

This recommendation is particularly relevant for HR/L&D leaders, chief learning 

officers, executive education providers, organizational development professionals, and 

technology procurement teams. The findings suggest that AI adoption should be treated as a 

strategic leadership development decision, not only a technology acquisition. 
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Build Cross-Functional AI Adoption Capacity 

Organizations should build cross-functional capacity for AI adoption in leadership 

development. Participants described adoption as influenced by HR/L&D, IT, information 

security, legal, executives, employees, peers, regulators, clients, and professional networks. This 

indicates that AI adoption cannot be managed effectively by one function alone. This 

recommendation is grounded in the facilitating-conditions and social-influence themes for 

Research Question 3, the latter evidenced by eight of twelve participants in the cross-case theme 

matrix (Table 5). 

Cross-functional implementation teams should include HR/L&D, business leaders, 

information security, legal or compliance, technology partners, and employee representatives 

where appropriate. These teams can help evaluate use cases, identify risks, develop 

communication plans, and monitor adoption. Such collaboration can also help ensure that AI-

enabled leadership development aligns with organizational strategy, ethical expectations, 

technical requirements, and employee trust. 

This recommendation is grounded in the finding that facilitating conditions were central 

to adoption. AI adoption requires organizational infrastructure. Without cross-functional 

capacity, even useful tools may remain underused, inconsistently applied, or poorly governed. 

Recommendations for Future Research 

The recommendations for future research are based on the study's framework, findings, 

implications, and limitations. Because this study was qualitative and exploratory, future 

researchers can build on it by expanding the sample, examining specific AI tools, measuring 

outcomes, and studying adoption over time. 
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Examine Sector-Specific AI Adoption in Leadership Development 

Future researchers should examine sector-specific AI adoption in leadership 

development. The findings showed that ethical concerns and adoption conditions varied by 

sector. Healthcare-oriented concerns included liability, representation, and risk. Finance and 

insurance concerns included regulation, trust, hallucination, and auditability. Technology and 

cybersecurity contexts emphasized privacy, guardrails, information security, and interoperability. 

Ministry and nonprofit contexts raised mission fit, values, environmental concerns, and resource 

constraints. 

Future studies could focus on one sector at a time to examine how regulatory 

environment, stakeholder expectations, organizational culture, and data sensitivity shape AI 

adoption. This would extend the current study by moving from cross-sector exploration to sector-

specific depth. 

Study Employee Perspectives on AI-Enabled Leadership Development 

Future researchers should study employee perspectives on AI-enabled leadership 

development. This study focused on leaders and senior organizational stakeholders. However, 

participants repeatedly described employee fear, trust, buy-in, communication, and peer 

influence as important adoption factors. Employees' experiences may differ from leaders' 

perceptions. 

Future research could examine how employees perceive AI-supported coaching, 

feedback, learning pathways, performance support, and development recommendations. Such 

research could help determine whether employees experience AI-enabled leadership 

development as supportive, intrusive, biased, useful, or threatening. This line of inquiry would 

also extend the social influence and facilitating conditions dimensions of UTAUT. 
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Explore Longitudinal AI Adoption and Leadership Outcomes 

Future researchers should conduct longitudinal studies of AI adoption in leadership 

development. This study captured perceptions at one point in time. Because AI tools and 

organizational policies are changing rapidly, longitudinal research could examine how attitudes, 

adoption behaviors, governance practices, and leadership development outcomes evolve over 

time. 

Longitudinal research could follow organizations before, during, and after 

implementation of AI-enabled leadership development tools. Such studies could examine 

whether perceived usefulness changes after use, whether employee trust increases or decreases, 

whether governance matures, and whether leadership development outcomes improve. This 

would help move the research beyond adoption perceptions toward sustained use and impact. 

Compare AI Adoption Across Organizational Sizes and Readiness Levels 

Future researchers should compare AI adoption across organizational sizes and readiness 

levels. Participants in this study represented varied organizational contexts, but the study was not 

designed to systematically compare organizational size, budget, maturity, or readiness. Future 

studies could examine how small organizations, mid-sized organizations, large enterprises, and 

AI-first organizations differ in their adoption barriers and enabling conditions. 

Such research could help clarify whether governance, cost, interoperability, 

communication, and training operate differently depending on organizational capacity. It could 

also help HR/L&D leaders tailor adoption strategies to organizational maturity rather than 

assuming that enterprise-level practices transfer directly to smaller or resource-constrained 

settings. 
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Further Examine TAM/UTAUT in AI-Enabled Leadership Development 

Future researchers should further examine TAM and UTAUT in AI-enabled leadership 

development. This study found that TAM and UTAUT were useful for organizing participant 

perceptions, but the findings also suggested the importance of ethical trust, human oversight, and 

ease of integration. Future research could examine whether these factors should be treated as 

extensions or contextual modifiers of existing technology adoption constructs. 

Quantitative or mixed-methods studies could test relationships among perceived 

usefulness, ease of integration, ethical trust, social influence, facilitating conditions, and 

behavioral intention. Such research could help determine whether AI-enabled leadership 

development requires a modified adoption framework that accounts for the ethical, relational, 

and developmental nature of leadership practice. 

Evaluate Specific AI Use Cases in Leadership Development 

Future researchers should evaluate specific AI use cases in leadership development. This 

study examined perceptions of AI adoption broadly rather than evaluating one tool or 

intervention. Future research could compare AI coaching tools, simulation platforms, feedback 

assistants, learning recommendation systems, or AI-supported leadership assessments. 

Such studies could examine whether particular tools improve leadership confidence, 

coaching skill, communication quality, reflective practice, or access to development. Researchers 

could also examine risks such as bias, hallucination, privacy concern, and overreliance. This line 

of research would help move the field from general adoption perceptions toward evidence-based 

evaluation of AI-enabled leadership development interventions. 
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Study Summary 

This qualitative exploratory multiple-case study addressed the need to explore the 

adoption and understanding of AI in developing leadership skills and competencies within 

American organizations. The study was important because AI is increasingly positioned as a tool 

that may transform leadership development, yet its adoption remains uneven due to ethical 

concerns, perceptions of complexity, uncertainty about usefulness, and organizational barriers. 

The study examined how leaders and senior organizational stakeholders perceived AI adoption in 

leadership development and how ethical, practical, organizational, and social factors shaped 

those perceptions. 

The study used TAM and UTAUT as guiding frameworks. These frameworks helped 

organize attention to TAM constructs such as perceived usefulness, perceived ease of use, 

attitude toward use, and behavioral intention, along with UTAUT constructs such as performance 

expectancy, effort expectancy, social influence, and facilitating conditions. The findings showed 

that these constructs were relevant, but they also needed to be understood in the specific context 

of AI-enabled leadership development. Participants viewed AI as useful when it expanded 

access, improved speed, supported coaching, enabled simulation, and helped personalize 

development. However, usefulness alone was insufficient. Adoption depended on governance, 

trust, evidence, communication, human oversight, workflow fit, and organizational readiness. 

The study produced three central take-home messages. First, AI adoption in leadership 

development is conditional. Leaders were generally open to AI, but their willingness to adopt 

depended on ethical safeguards, transparency, privacy, bias mitigation, and accountability. 

Second, AI's value in leadership development is strongest when it augments human judgment 

rather than replaces it. Participants saw value in AI-supported coaching, simulation, practice, and 
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scalable development, but they remained cautious about decisions that required human context 

and responsibility. Third, AI adoption is organizational and social, not merely individual or 

technical. Culture, governance, communication, peer influence, regulatory expectations, client 

expectations, employee trust, and facilitating conditions shaped adoption behavior. 

The study contributes to practice by offering guidance for organizations considering AI-

enabled leadership development. Organizations should establish human oversight, develop 

governance policies, communicate clearly, prioritize developmental use cases, evaluate adoption 

through evidence and fit, and build cross-functional adoption capacity. These recommendations 

are relevant to HR/L&D professionals, organizational leaders, executive education providers, 

technology leaders, compliance and risk stakeholders, and professional communities concerned 

with leadership development and responsible AI. 

The study contributes to scholarship by extending TAM and UTAUT into the context of 

AI-enabled leadership development. The findings support the relevance of perceived usefulness, 

effort expectancy, social influence, facilitating conditions, and behavioral intention while also 

highlighting the importance of ethical trust, human oversight, and ease of integration. These 

insights may support future research on AI adoption, leadership development, organizational 

readiness, and responsible technology integration. 

Overall, the dissertation demonstrates that AI-enabled leadership development should not 

be treated as a simple technology implementation. It should be treated as a human-centered 

organizational change process requiring ethical judgment, governance, communication, and 

evidence-based practice. The importance of the study lies in its contribution to understanding 

how leaders can adopt AI in ways that support innovation and development while preserving 

accountability, fairness, and trust. 
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Appendix A: Screening Questionnaire 

Note on appendix language. The appendices present the approved recruitment, screening, 

consent, interview, and data-collection instruments and templates as study artifacts in the form 

in which they were reviewed and administered. Some future-tense, instructional, and fillable 

language is therefore retained intentionally, because these materials are reproduced as the 

approved instruments themselves rather than as a description of work still to be completed. In 

contrast, the narrative chapters describe the completed study procedures in the past tense. 

Participant-fillable blanks and response fields are likewise preserved as part of the original 

instruments. 

Purpose Statement: This screening questionnaire will confirm that prospective participants 

meet the defined inclusion criteria for this qualitative exploratory multiple-case study. The items 

will ensure that each participant holds a relevant leadership or L&D/HR role, has experience 

with AI in leadership development, and demonstrates both willingness and readiness to engage 

with the research questions. 

Administration Note: The screening will be administered online via a secure link. Each 

invitation email will include the questionnaire link, preceded by the standardized script below. 

Email Invitation Script 

Subject: Invitation to Participate in a Research Study on AI in Leadership Development 

Dear [Potential Participant Name], 
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My name is Dr. Terron R. Ware, and I am a doctoral candidate at National University. I am 

carrying out a study to explore how leaders and learning development professionals are 

experiencing and adopting AI-enabled tools for leadership development across U.S. 

organizations. 

You have been identified as someone whose insights could add real value to this research. I 

invite you to complete a brief eligibility questionnaire. This process should require 

approximately 3 to 5 minutes. 

If you meet eligibility criteria and are willing to participate, I will invite you to one confidential 

interview via Google Meet, scheduled for 45 to 60 minutes at your convenience. Through your 

participation, you will contribute to a growing understanding of how AI is shaping the future of 

leadership development. 

Please access the screener here: [Link to Screening Questionnaire] 

Thank you for considering this opportunity. 

Sincerely, 

Dr. Terron R. Ware 

Doctoral Candidate, College of Business, Engineering, and Technology, National University 

Contact information provided in study correspondence 

Screening Questionnaire Items 
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Instructions: Please answer each question fully and honestly. Your responses will remain 

confidential and will serve only to verify your eligibility for the study. 

1. Which best describes your current professional role? 

 a. Senior leader (e.g., Director, Vice President, C-Suite etc.) with responsibility for teams 

or business units 

 b. Senior Human Resources (HR) or Learning & Development (L&D) professional (e.g., 

Director, VP, CHRO, CLO) involved in leadership development strategy or 

implementation 

 c. Other (please specify): __________ 

(Eligibility: Only ‘a’ or ‘b’ responses will be eligible. ‘c’ responses will not qualify.) 

2. Is your organization primarily based in the United States? 

 a. Yes 

 b. No 

(Eligibility: Only ‘a’ will be eligible.) 

3. In which sector does your organization primarily operate? 

(For descriptive purposes; does not affect eligibility) 

 a. Technology 

 b. Healthcare 
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 c. Finance / Insurance 

 d. Manufacturing 

 e. Retail / Consumer Goods 

 f. Professional Services / Consulting 

 g. Other (please specify): __________ 

4. How many years have you held a leadership or senior L&D/HR role? 

 a. Less than 5 years 

 b. 5 or more years 

(Eligibility: Only ‘b’ will be eligible.) 

5. In the past 24 months, have you been directly involved with AI-enabled tools or 

initiatives for leadership development in your organization? 

(This will include using, evaluating, recommending, or managing programs that leverage AI for 

coaching, assessment, or skill-building.) 

 a. Yes 

 b. No 

(Eligibility: Only ‘a’ will be eligible.) 

6. Are you willing to discuss your professional experiences and perceptions about AI in 

leadership development in a confidential research interview? 
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 a. Yes 

 b. No 

(Eligibility: Only ‘a’ will be eligible.) 

7. Are you available for a single 45 to 60 minute interview via Google Meet? 

 a. Yes 

 b. No 

(Eligibility: Only ‘a’ will be eligible.) 

8. The interview will be audio-recorded (Google Meet audio via Otter.ai) for transcription. 

Do you consent to audio recording, knowing the file will be destroyed after transcript 

verification and that your information will be de-identified? 

 a. Yes 

 b. No 

(Eligibility: Only ‘a’ will be eligible.) 

9. Do you have any personal or professional relationship with the researcher, Dr. Terron R. 

Ware, that could present a conflict of interest? 

 a. Yes 

 b. No 

(Eligibility: Only ‘b’ will be eligible.) 

https://Otter.ai
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Thank you for completing the screener. 

If you meet eligibility criteria, the researcher will contact you within [e.g., 3 to 5 business days] 

to provide the informed consent form and coordinate scheduling for the confidential interview. 

Please provide your first name and email address for follow-up: 

First Name: ______________________ 

Email Address: ___________________ 

Approved by the National University Institutional Review Board on December 12, 2025 (IRB-

FY25-26-466). 
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Appendix B: Recruitment Messages 

Preface: The following recruitment messages align with all IRB-approved research 

requirements. Phrasing and content are consistent with Chapter 3 and Appendices A–H, ensuring 

clarity about eligibility, study activities, timing, data handling, and standardized terminology. 

Template 1: Primary Email Invitation 

Subject: Invitation to Participate in a Research Study on AI in Leadership Development 

My name is Dr. Terron R. Ware, and I am a doctoral student at National University. I am 

conducting a qualitative exploratory multiple-case study to better understand how leaders and 

HR professionals perceive and adopt AI-enabled tools for leadership development. 

I am recruiting individuals who meet all of the following criteria: 

1. Currently employed in a senior leadership role or a senior Human Resources (HR) or 

Learning & Development (L&D) role within a U.S.-based organization. 

2. Have at least five years of professional experience in their field. 

3. Have direct involvement with, or exposure to, AI-enabled leadership development tools 

or initiatives within the past 24 months. 

If you are eligible and choose to participate, you shall: 

1. Complete a brief demographic and professional context form (approx. 5 minutes). 
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2. Participate in a single confidential interview via Google Meet audio recording using 

Otter.ai, lasting approximately 45–60 minutes. This session shall be audio-recorded, and 

your identity shall be protected using a pseudonym scheme and de-identified transcript. 

During these activities, you shall be asked about: 

 Your perception of the usefulness and ease of integrating AI tools for leadership 

development. 

 Your perspectives on the ethical dimensions of these technologies, such as fairness and 

bias. 

 Organizational and social influences that have shaped AI adoption in your workplace. 

 Basic demographic and professional background information (role, industry, years of 

experience). 

Member checking shall be conducted in the form of transcript verification and summary 

validation. Participation in this study is strictly voluntary and not compensated. 

If you are interested in participating, please contact me at t.ware2865@o365.ncu.edu. 

Thank you for considering this opportunity to contribute to important research on AI’s role in 

leadership. All responses shall be handled according to IRB-approved privacy and data 

management protocols (see Appendix G: Data Management Plan). 

Best regards, 

mailto:t.ware2865@o365.ncu.edu
https://Otter.ai
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Dr. Terron R. Ware 

Template 2: LinkedIn / Short Message Variant 

Subject: Research Invitation: AI in Leadership Development 

Hello [Potential Participant Name], 

My name is Dr. Terron R. Ware, a doctoral student at National University. I am conducting a 

qualitative research study on AI adoption for leadership development. I’m seeking U.S.-based 

senior leaders or senior HR/L&D professionals who: 

 Hold a senior role at their organization, 

 Have at least five years of experience, 

 Have been involved with AI-enabled leadership tools in the last 24 months. 

Participation involves a 45–60 minute Google Meet audio-recorded via Otter.ai interview. There 

is no compensation. If you meet the criteria and are interested, please contact me at 

t.ware2865@o365.ncu.edu for further details. Participation is voluntary. There is no 

compensation, and formal member checking shall occur. 

Thank you for your consideration. 

Dr. Terron R. Ware 

mailto:t.ware2865@o365.ncu.edu
https://Otter.ai
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Template 3: Thank You / Decline Follow-Up 

Subject: Re: Invitation to Participate in a Research Study 

Dear [Participant Name], 

Thank you for replying to the invitation for the study on AI in leadership development. 

[Option 1: If declining] 

I appreciate your time and understand you cannot participate. Thank you for considering this 

voluntary research. 

[Option 2: If ineligible after screening] 

Based on the screening criteria, you are not eligible to engage in this study. Your response has 

been securely discarded according to IRB-approved data management protocols (see Appendix 

G). 

Member checking shall be conducted in the form of transcript verification and summary 

validation. There is no compensation for participation. 

I wish you continued success in your professional endeavors. 

Sincerely, 

Dr. Terron R. Ware 
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Appendix C: Informed Consent 

My name is Dr. Terron R. Ware, and I will be conducting this research as a doctoral student at 

National University (NU). 

You are invited to participate in a research study that will explore how leaders and HR 

professionals perceive and adopt AI-enabled tools for leadership development. The study is 

entitled, “AI Adoption in Leadership Development Among U.S. Leaders: A Qualitative 

Exploratory Multiple-Case Study.” 

Eligibility Criteria 

You may take part in this research if all the following apply: 

 You are age 18 or older. 

 You currently hold a senior leadership role or a senior Human Resources (HR) or 

Learning & Development (L&D) role at a U.S.-based organization. 

 You have at least five years of professional experience. 

 You have had exposure to AI-enabled leadership development tools or initiatives within 

the past 24 months. 

The study will include approximately 12 to 18 participants. 

Please read this form carefully. You may ask any questions before agreeing to participate. 
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What You Will Be Asked to Do 

If you agree to participate, you will be expected to: 

1. Complete a brief online form with demographic and professional context questions 

(estimated time: 5 minutes). 

2. Participate in a single interview, lasting approximately 45 to 60 minutes, which will be 

semi-structured and conducted online using Google Meet audio recording using Otter.ai. 

You will discuss: 

 Your perspectives on the usefulness and ease of integrating AI tools in leadership 

development 

 Your views on ethical considerations (for example, fairness and bias) related to these 

technologies 

 Organizational and social influences that may affect the adoption of AI in your workplace 

 General demographic details, including your role, industry, and years of experience 

Risks 

The risks associated with participation are minimal and foreseeable discomfort is unlikely. Some 

questions may reference workplace practices, which could cause mild discomfort. You may skip 

any question or choose to withdraw from the study at any point. Formal member checking will 

occur, and you will be contacted for clarification and verification to ensure accuracy. 

https://Otter.ai
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Benefits 

You will not receive direct personal benefit from participation. However, your insights may 

contribute to a greater understanding of AI adoption in leadership development. 

Recording 

The interview will be audio recorded via Otter.ai during Google Meet sessions to support 

accurate transcription. The recordings will remain confidential in accordance with established 

data management procedures. 

Compensation 

You will not receive compensation for participating in this study. 

Confidentiality 

Your confidentiality will be protected as follows: 

 All identifiable information, such as names and organizations, will be removed and 

replaced using a pseudonym scheme. 

 Audio recordings and transcripts will be stored in secure, encrypted cloud storage, as well 

as on an encrypted device controlled by the researcher. 

 Only the researcher will have access to study data. 

 Audio recordings will be deleted once a de-identified transcript has been created and 

accuracy has been confirmed, following data management protocols. 

https://Otter.ai
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 De-identified transcripts will be securely retained for three years after the study 

concludes, and then deleted. 

 You will have the opportunity to review your interview transcript, validate its content, 

and request that any portion be struck from the record before the transcript is finalized. 

Voluntary Participation 

Participation in this study will be entirely voluntary and you may withdraw at any time without 

providing a reason. 

Questions 

If you have questions now or in the future, please contact Dr. Ware at 

t.ware2865@o365.ncu.edu. 

For concerns about your rights as a research participant, please contact the Institutional Review 

Board (IRB) at irb@nu.edu. 

Statement of Consent for Online Form 

(This statement will appear as a checkbox in the online form before the interview begins.) 

[ ] By checking this box, I confirm that I have read the information above, am 18 years of age or 

older, and consent to participate in the study. 

mailto:irb@nu.edu
mailto:t.ware2865@o365.ncu.edu
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Appendix D: Semi-Structured Interview Protocol 

Protocol note. This protocol was developed and administered during the proposal phase; 

questions were posed as written during data collection. Future-tense wording in the protocol is 

retained here as part of the historical study instrument rather than as a description of work still to 

be completed. 

Purpose and Usage Notes: This semi-structured interview protocol is designed to guide 

conversations with participants in the study. Its primary purpose is to explore their perceptions 

and experiences related to the adoption of AI-enabled tools for leadership development. The 

protocol ensures consistency across interviews while allowing flexibility to probe for deeper 

insights. 

 Study Title: AI Adoption in Leadership Development Among U.S. Leaders: A 

Qualitative Exploratory Multiple-Case Study 

 Estimated Duration: 45–60 minutes 

 Confidentiality: All responses will be kept confidential and de-identified as outlined in 

the informed consent form, in accordance with the data handling and retention policies 

described in Ethical Assurances, Study Procedures, and Appendix G (Data Management 

Plan). 

 Consent: Verbal confirmation of consent will be obtained before starting the interview, 

with no compensation provided for participation. 
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 Recording: The interview will be conducted via Google Meet audio recording using 

Otter.ai, with the participant’s permission, to ensure accuracy and adherence to data 

security protocols. 

Interviewer Script: Introduction and Consent Verification 

(Rapport Building: Start with brief, informal conversation) 

"Good morning/afternoon, [Participant Name]. Thank you again for agreeing to speak with me 

today. I appreciate you taking the time. Just to reintroduce myself, my name is Terron Ware, and 

I’m a doctoral researcher at National University. 

Before we begin, I want to quickly review a few key points from the consent form you received. 

This interview should take about 45 to 60 minutes. Your participation is completely voluntary, 

and you can choose to skip any question or stop the interview at any time without any issue. 

As described in the consent and study materials, all your responses will be kept confidential. 

Your name and your organization’s name will be replaced with pseudonyms in the final research. 

The audio will be securely recorded and uploaded using encrypted cloud storage, then deleted 

after the transcript is verified. All data will be retained for three years and stored in a password-

protected, encrypted repository accessible only to the researcher. Importantly, you retain the 

rights to your words and transcripts. Before any material is included in the study, you will have 

the opportunity to review your transcript and may strike any or all comments if you wish; 

nothing you share will be used without your explicit approval. 

https://Otter.ai
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Formal member checking is planned to ensure accuracy and trustworthiness of the findings. 

Participants will be contacted for transcript verification and a summary validation. Finally, to 

make sure I capture your insights accurately, I’d like to audio-record our conversation using 

Otter.ai during this Google Meet session. Do I have your permission to start the recording now?" 

(Wait for verbal confirmation) 

"Thank you. I am now starting the recording." 

1. Warm-Up & Professional Context 

Interviewer Note: These questions are designed to ease into the conversation and gather 

essential background information. Eligibility criteria for participation (leadership or senior 

L&D/HR role, U.S. organization, relevant industry) are reflected consistently with Recruitment, 

Screening (Appendix A), and Consent (Appendix C). 

1. Please begin by describing your current role and your primary responsibilities within 

your organization. 

2. How many years have you served in a leadership or senior L&D/HR capacity? 

3. Can you briefly describe your organization’s industry and general approach to leadership 

development? 

o Probe: Has your organization implemented digital or technology-enabled tools 

for leadership development prior to considering AI? (If yes, please describe.) 

https://Otter.ai
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2. Core Questions: Aligned with Research Questions 

Each primary question and probe is tagged with explicit RQ alignment: [RQ1: Ethics], [RQ2: 

Usefulness & Integration], [RQ3: Organizational & Social Influences]. Probes are designed to 

encourage rich, multi-dimensional responses. 

Section A: Perceptions of AI Usefulness, Ease, and Ethics ([RQ1], [RQ2]) 

4. From your perspective, what are the potential benefits and drawbacks you anticipate in 

using AI-enabled tools for developing leaders? [RQ2] 

o Probe: Could you share an example of a benefit you have observed or expect to 

observe? [RQ2] 

o Probe: What unintended consequences, risks, or downsides do you foresee or 

have encountered? [RQ2] 

o Probe: Under what conditions will these benefits be realized, and under what 

circumstances might they not? [RQ2] 

o Probe: In what ways could these factors influence your decisions regarding 

adoption or continued use? [RQ2] 

o Probe: Are you aware of any issues related to bias, fairness, or transparency that 

will factor into your adoption considerations? [RQ1] 
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5. Impact on Outcomes [RQ2]: In your experience, or based on what you anticipate, how 

will the use of AI-enabled tools affect leadership development outcomes in your 

organization? 

o (Select probes as relevant): 

 Please describe both positive and negative effects you have noticed or 

expect. 

 Where do you anticipate clear evidence of value, and where might value 

not materialize as planned? 

6. Integration Effort [RQ2]: How will you characterize the effort required to integrate AI-

enabled tools into leadership development in your context? 

o (Select probes as relevant): 

 Which aspects of integration are likely to be straightforward, and which 

may require significant effort or resources? 

 What resources, competencies, or types of support will prove most 

critical? 

7. Ethical Considerations [RQ1]: What ethical considerations, if any, will arise when your 

organization uses or evaluates AI for leadership development? 

o (Select probes as relevant): 
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 Have you encountered or do you anticipate concerns related to bias, 

fairness, or data privacy? 

 In what ways do you expect these considerations to be addressed? 

 How will these ethical dimensions influence decisions about adoption or 

use? 

8. Adoption Stance [RQ2]: As you look to the future, how will your organization consider 

next steps for AI-enabled tools in leadership development, and what factors will drive 

this stance? 

o (Select probes as relevant): 

 Which factors will encourage expanded use? Which might hold you back? 

 Are there potential conditions that might lead you to pause or discontinue 

use? 

Section B: Organizational and Social Influences ([RQ3]) 

1. Cultural Environment [RQ3]: How would you describe your organization’s culture in 

relation to innovation and technology like AI, especially within leadership development? 

o (Select probes as relevant): 
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 In what ways do you see the organization’s culture influencing decisions 

to adopt, expand, or delay the use of AI tools? 

 Which organizational norms or expectations will support progress, and 

which may create obstacles? 

2. Social Influences [RQ3]: What influence will peers, industry voices, or external partners 

have on your views or your organization’s approach to AI in leadership development? 

o (Select probes as relevant): 

 Which sources of information or guidance will weigh most heavily, and 

why? 

 Are there cautionary voices or countervailing perspectives that you will 

consider? 

3. Governance and Oversight [RQ3]: What governance structures or practices will shape 

your organization’s decisions regarding the use of AI in leadership development? 

o (Select probes as relevant): 

 Will these include formal policies, review boards, or informal decision-

making norms? 

 Where do you expect governance to operate effectively? Where might 

there be room for improvement? 
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 How will these considerations affect the timing or scope of adoption? 

4. External Factors [RQ3]: What external pressures or incentives will influence your 

organization’s stance on integrating AI in leadership development? 

o (Select probes as relevant): 

 Which forces, such as market trends or competitor actions, will encourage 

experimentation? Which factors could prompt caution? 

 How will regulatory or stakeholder expectations be addressed during 

decision-making? 

5. Tools and Vendors [RQ3]: As you evaluate specific AI-enabled tools or approaches, 

how will you characterize your anticipated experiences with them? 

o (Select probes as relevant): 

 What evaluation criteria will you prioritize? 

 Where do you expect tool performance to match, exceed, or fall short of 

expectations? 

Section C: Concrete Experiences (Connecting RQ1–RQ3) 

1. Now, let’s examine your direct experience. What types of AI-enabled leadership 

development tools will you or your organization use, evaluate, or expect to implement 
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(for example, AI coaching bots, personalized learning platforms, simulation tools)? 

[RQ2, RQ3] 

o Probe: Which teams, departments, or leaders will be most involved in these 

efforts? [RQ3] 

2. Please walk me through a concrete use case or scenario where an AI tool will be applied 

for leadership development in your organization. [RQ2, RQ3] 

o Probe: What goals will drive that initiative? [RQ2] 

o Probe: What outcomes (expected or unexpected) do you anticipate or have 

observed? [RQ2] 

o Probe: Will any ethical or fairness-specific issues arise as part of this case? [RQ1] 

3. What will be the primary drivers behind your team’s decision to adopt a particular AI 

tool or program? [RQ2, RQ3] 

o Probe: Will the decision rest more on internal needs or external pressures, or a 

combination of both? [RQ3] 

o Probe: Will public or industry narratives play a role in shaping your decision? 

[RQ3] 

4. What barriers will you encounter during implementation or use, and how will you address 

these challenges? [RQ2, RQ3] 
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o Probe: Will organizational supports such as training or dedicated leadership help 

address these barriers? [RQ3] 

o Probe: Will any conversations about bias, fairness, or privacy emerge as 

significant obstacles? [RQ1] 

4. Closing Questions and Final Thoughts 

These concluding questions are designed to surface additional perspectives and ensure 

saturation across all RQs. 

1. If you were to advise a peer in another organization considering the adoption of AI for 

leadership development, what key insights or recommendations will you offer? [RQ1, 

RQ2, RQ3 as applicable] 

2. Is there anything further you believe I will need to know about your experiences or 

perceptions that we have not yet discussed? [Open, captures any remaining perspectives] 

3. Do you have any questions for me? 

Interviewer Script: Closing 

"This conversation has been insightful. Thank you for sharing your perspectives and experiences. 

The information you have provided will be valuable for this research. 



 

 

 

  

 

 

 

 

 

 

 

233 

To reiterate, the audio recording, captured using Otter.ai during the Google Meet session, will be 

stored securely in encrypted cloud storage and deleted after transcript verification. Your 

identifying information will be removed to maintain confidentiality, aligned with the procedures 

described in Study Procedures, Ethical Assurances, and Appendices C and G. 

This concludes our interview. I will now stop the recording." 

(Stop recording) 

" Once again, [Participant Name], thank you for your time and contribution to this study. I will 

be sending you the transcript of this interview for your review. If you have any issues or 

concerns with the transcript, please return it to me within seven days. If I do not receive a 

response within that timeframe, I will assume your consent to use the material as it stands. If 

clarification is needed, I may reach out; if not, I wish you the best moving forward. Have a great 

rest of your day." 

This protocol has been cross-referenced to ensure comprehensive alignment with RQ1 (ethics 

and fairness), RQ2 (usefulness, outcomes, and integration), and RQ3 (organizational and social 

influences). Each question and probe is mapped to the corresponding RQ(s), and language has 

been harmonized for future-tense and proposal consistency. In keeping with the tone of the Data 

Analysis Section, the protocol is designed to elicit narrative, real-world examples and practical 

insights, supporting rigorous, trustworthy, and actionable qualitative findings aligned with the 

aims of this study. 

https://Otter.ai
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Appendix E: Demographic and Professional Context Form 

Purpose and Instructions: 

This form gathers essential background information to contextualize your interview responses 

for a study on AI in leadership development. It also confirms eligibility and assists in scheduling 

a confidential research interview. Completion will take about 5 minutes. Your responses are 

confidential, as described in the informed consent form. Participation is voluntary, and no 

compensation is provided. 

1. Eligibility Confirmation 

Please confirm you meet all of the following criteria for this study. 

 I am 18 years of age or older. 

 I am currently employed in a senior leadership role or senior Human Resources (HR) or 

Learning & Development (L&D) role at a U.S.-based organization. 

 I have five or more years of professional experience in my field. 

 I have had direct exposure to or involvement with AI-enabled leadership development 

tools or initiatives within the last 24 months. 

2. Your Role 

 Current Role Title: _____________________________ 

 Please select the category that best describes your role: 
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o Senior Leader (e.g., Director, VP, C-Suite) 

o Senior HR or L&D Professional (e.g., Director, VP, CHRO, CLO) 

3. Your Organization 

 In which industry sector does your organization primarily operate? 

o Technology 

o Healthcare 

o Finance / Insurance 

o Manufacturing 

o Retail / Consumer Goods 

o Professional Services / Consulting 

o Other (Please specify): ___________________________ 

 What is the approximate size of your organization by employee count? 

o 1-24 employees 

o 25-49 employees 

o 50-249 employees 

o 250-999 employees 
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o 1,000-9,999 employees 

o 10,000+ employees 

 Primary work location (U.S. state or territory): 

o (Dropdown list of U.S. states and territories) 

4. Your Professional Experience 

 How many years have you been in your current role? 

o Less than 1 year 

o 1-3 years 

o 4-6 years 

o 7-10 years 

o More than 10 years 

 Total experience in leadership or senior L&D/HR roles: 

o 5-9 years 

o 10-14 years 

o 15-19 years 

o 20+ years 
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5. Exposure to AI in Leadership Development 

 Within the last 24 months, how have you been exposed to AI in leadership 

development? (Select all that apply) 

o Used an AI-enabled tool as a learner/participant 

o Evaluated or piloted an AI-enabled tool or platform 

o Involved in selecting vendors or managing AI tool contracts 

o Involved in implementing or training others on an AI tool 

o Had budget or strategic oversight for AI-related leadership initiatives 

o None of the above 

 Types of AI-enabled tools encountered (Select all that apply): 

o AI-powered coaching or mentoring platforms (chatbots or virtual coaches) 

o Personalized learning platforms that adapt content using AI 

o AI-driven assessments or simulations for skill evaluation 

o Natural Language Processing (NLP) tools for analyzing feedback or 

communication 

o Predictive analytics for identifying high-potential leaders 
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o Other (Please specify): ___________________________ 

 Primary use cases for these tools in your organization (Select all that apply): 

o On-demand coaching or skill practice 

o Assessing leadership competencies 

o Delivering personalized development plans 

o Succession planning 

o Enhancing team communication or collaboration 

o Other (Please specify): ___________________________ 

 Current stage of AI adoption for leadership development in your organization: 

o Awareness (Learning about the possibilities) 

o Exploring (Researching tools and strategies) 

o Piloting (Testing tools with a small group) 

o Limited Rollout (Fully implemented in specific areas) 

o Scaled Adoption (Integrated organization-wide) 

o Not currently adopting 
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6. Interview Logistics, Consent, and Confidentiality 

 I am comfortable discussing my professional experiences and perceptions regarding 

AI in leadership development. 

o Strongly Agree 

o Agree 

o Neutral 

o Disagree 

o Strongly Disagree 

 Do you consent to the 45–60 minute Google Meet interview being audio-recorded via 

Otter.ai for transcription purposes? 

All audio recordings will be encrypted, securely stored, transcribed, de-identified, and 

permanently deleted after verification, in accordance with the Data Management Plan 

(see Appendix G). Access is restricted to the researcher only, and data will be retained 

for three years per institutional policy. Formal member checking will be performed. 

o Yes 

o No 

 General availability for a 45–60 minute Google Meet interview (Select all that 

apply): 

https://Otter.ai
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o Weekday Mornings (9 AM - 12 PM Eastern Time) 

o Weekday Afternoons (1 PM - 5 PM Eastern Time) 

o Other (Please specify): ___________________________ 

 Contact information for scheduling: 

o First Name: ____________________ 

o Email Address: _____________________ 

 Do you have any personal or professional relationship with the researcher, Dr. 

Terron R. Ware, that could be perceived as a conflict of interest? 

o Yes (Please briefly describe): _____________________ 

o No 

Thank you for completing this form. The researcher will contact you via email to schedule 

your confidential interview. 
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Appendix F: Interviewer Checklist 

Purpose: This checklist guides the researcher to ensure all procedural, ethical, and data 

management steps are consistently followed before, during, and after each semi-structured 

interview. For further details about secure data management and field notes, refer to Appendix G 

(Data Management Plan) and Appendix H (Field Notes Template). 

Phase 1: Pre-Interview Preparation 

 Logistics & Eligibility: 

o Confirm participant eligibility using the completed Demographic and Professional 

Context Form (Appendix E); verify eligibility in line with the criteria outlined in 

Study Procedures and referenced in Appendices A (Screening) and B 

(Recruitment). 

o Ensure that the Informed Consent form (Appendix C) has been sent, received, and 

reviewed before scheduling. 

o Schedule the interview, sending a calendar invite with the agreed date/time and 

the link for the secure Google Meet audio recording using Otter.ai. Verify the 

participant’s time zone. 

o Confirm and document that participants are not offered or provided 

compensation, consistent with all recruitment and consent materials. 

 Technology & Setup: 

https://Otter.ai
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o Use Otter.ai to record audio during Google Meet sessions, with files stored in 

encrypted cloud storage, following the data security steps described in the Data 

Management Plan (Appendix G). 

o Prepare a backup audio recording device (such as a voice memo app on a phone), 

as specified in the risk management protocol of Appendix G. 

o Test both recording devices to ensure sound quality and resolve any issues before 

the interview. 

o Secure a private and interruption-free environment to comply with confidentiality 

requirements and Ethical Assurances. 

 Protocol Materials: 

o Have the Semi-Structured Interview Protocol (Appendix D) and a printed copy of 

the Consent form (Appendix C) on hand. Use only questions covered in the 

consent documentation. 

o Apply standardized file-naming conventions (e.g., “Case01_Audio”, 

“Case01_Transcript”) for all data files. Log details in the case log for a complete 

audit trail, as required in Appendix G. 

o Note that emergency contact information is not required for this minimal risk, 

non-compensated study. 

https://Otter.ai
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Phase 2: Beginning the Interview 

 Participant Check-in & Consent: 

o Greet the participant and introduce yourself, including a brief review of the 

study’s purpose. 

o Confirm the participant’s identity and clarify voluntary participation, in 

accordance with Study Procedures and Ethical Assurances. 

o Confirm again that the interview is private and that participants may skip any 

question or end their participation at any time. 

o Obtain explicit verbal consent for audio recording via Otter.ai during Google 

Meet sessions, as required in consent and procedures documentation. Video is 

never recorded. 

o Confirm that member checking will occur, with follow-up as described in consent 

and procedures. 

 Framing & Expectations: 

o Announce the start of the audio recording by stating, “I am now starting the audio 

recording.” 

o Clearly state the anticipated interview duration (45–60 minutes), as referenced 

throughout all relevant sections. 

https://Otter.ai
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o Provide a summary of the topics to be discussed, following the interview protocol 

and consent. Invite any immediate questions from the participant. 

o Begin a case log entry (Appendix G) to document key details. 

Phase 3: Conducting the Interview 

 Interview Approach: 

o Use the Semi-Structured Interview Protocol (Appendix D) as a guide, beginning 

with introductory items. 

o Remain neutral, avoid leading, and practice active listening, as instructed by 

ethical guidelines. 

o Ask questions one at a time and use probes where appropriate. Do not express 

personal opinions or commentary. 

 Real-Time Documentation: 

o Monitor the elapsed time to ensure the interview is within the agreed duration. 

o Make brief notes of key statements, timestamps, and contextual behaviors in the 

Field Notes Template (Appendix H). 

o If any discomfort or concern arises, pause to remind the participant of their rights, 

as described in the consent and Ethical Assurances. 

 Backup Procedures: 
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o In the event of a technical issue, pause the interview, inform the participant, and 

initiate backup recording. 

o Clearly state that consent has been provided and that audio will continue on the 

backup device. 

o Document any deviations or technical issues in both data management (Appendix 

G) and field notes logs (Appendix H). 

Phase 4: Concluding the Interview 

 Closure & Participant Rights: 

o Invite the participant to share any last thoughts or reflections. 

o Restate the confidentiality of their responses and express appreciation for their 

time. 

o Confirm that there are no further obligations. 

o End the audio recording before moving into informal conversation or logistical 

wrap-up. 

o Thank the participant again, clarify that compensation will not be provided, and 

explain that I will be sending the transcript of this interview for review. They will 

have the opportunity to review the interview transcript, validate its content, and 

request that any portion be struck from the record before the transcript is 

finalized. 
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o  If they have any issues or concerns with the transcript, please return it to me 

within seven days. If I do not receive a response within that timeframe, I will 

assume your consent to use the material as it stands. 

Phase 5: After the Interview (Data Management & Recordkeeping) 

 Audio & Transcript Management: 

o Upload the audio file immediately to the encrypted cloud storage. 

o Submit the audio for transcription as soon as possible; review the transcript for 

accuracy and completeness. 

o Once the transcript is verified, delete the original audio file in accordance with the 

DMP and Ethical Assurances (Appendix G). 

o De-identify each transcript using the pseudonym scheme outlined in Study 

Procedures, Consent, and the DMP. 

 Data Storage & Security: 

o Update all relevant logs, including the case log and recruitment/sampling logs 

(see Appendices G and H), to monitor case progression and data saturation. 

o Store de-identified transcripts and field notes in a secure, encrypted repository 

only accessible to the primary researcher for three years, then schedule for 

permanent deletion, per consent and the DMP. 
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o Document in logs if follow-up clarification is necessary, but ensure that no formal 

member checking or compensation is offered. 

 Field Notes Integration: 

o Record observational, contextual, and reflexive notes for each interview using the 

standardized Field Notes Template (Appendix H). These notes provide context for 

coding, analysis, and future audit, as specified in Study Procedures, Data 

Analysis, and Ethical Assurances. 

This checklist has been harmonized with all elements described in Study Procedures, Appendices 

G (Data Management Plan), and H (Field Notes), ensuring a transparent, ethical, and replicable 

research process 
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Appendix G: Data Management Plan (DMP) Summary 

Purpose: 

This document will detail the data management strategy for the study, "AI Adoption in 

Leadership Development Among U.S. Leaders: A Qualitative Exploratory Multiple-Case 

Study." All processes will be designed to protect participant confidentiality, uphold ethical 

requirements (as described in Chapter 3 and supporting appendices), and directly support 

rigorous investigation of the study’s three research questions (RQ1, RQ2, and RQ3). 

1. Data Types and Sources 

The data generation process will closely align with the research questions. For RQ1, which will 

explore leaders’ perceptions of AI ethics and their influence on willingness to adopt AI, primary 

data will be collected through semi-structured interviews designed to probe ethical perceptions 

and concerns around bias and fairness (see Interview Protocol, Appendix D). For RQ2, the 

interview schedule and subsequent field notes will focus on eliciting narratives regarding the 

long-term usefulness and ease of integrating AI into programs, with additional attention to 

adoption drivers and barriers. RQ3 will be addressed by systematically capturing discussion of 

organizational and social factors during interviews and in field observations, as well as through 

demographic and professional context forms (Appendix E) that will be designed to document 

organizational context, TMT/HR roles, and AI maturity stages. All source material will be 

connected through traceable case IDs and robust audit trails (see Appendices F and H). 
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 Audio Recordings: Interviews (core data for all RQs) will be conducted and recorded 

via Google Meet. Informed consent and RQ alignment will be confirmed prior to 

recording (see Study Procedures, Appendices C, D, F). 

 Verbatim Transcripts: Transcripts will be produced from audio recordings, checked for 

accuracy, and formally de-identified. Coding structure will be developed in alignment 

with TAM/UTAUT constructs (RQ2), ethics categories (RQ1), and context/social 

influence axes (RQ3). 

 Researcher Field Notes: Field notes will use prompts to systematically document not 

just observation, but also emergent evidence on ethics (RQ1), implementation 

experiences (RQ2), and organizational influences (RQ3) (see Field Notes Template, 

Appendix H; mapped to RQs in the Protocol). 

 Demographic and Professional Context Forms: These forms will support the sampling 

variation required by RQ3 and provide analytic context for RQ1 and RQ2 (Appendix E). 

2. File Naming and Organization 

To maintain alignment with the analytical structure: 

 Pseudonym Scheme: Every case ID will be mapped to organizational role, AI maturity, 

and sector variables needed for cross-case comparison of RQ1, RQ2, and RQ3 (see 

Appendices E, F, G). 

 File Naming: Case IDs will appear in all data files, enabling aggregation by dimensions 

relevant to each RQ: 
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o Case0 _Audio.mp4 

o Case0 _Transcript.docx 

o Case0 _Notes.docx 

o Case0 _Form.pdf 

3. Storage and Security 

To preserve data utility for answering each RQ while ensuring confidentiality: 

 During Capture: Audio files (key to understanding perceptions for RQ1, RQ2, and 

RQ3) will be stored on encrypted cloud storage. The Interviewer Checklist (Appendix F) 

will include RQ coverage verification before proceeding. 

 Primary Storage: All material will be transferred to encrypted, controlled storage, 

ensuring chain of custody for analytic mapping per RQ. 

 Encryption and Access: Strict access controls will be maintained to preserve 

confidentiality, while records will remain available for analytic processes tied to RQ-

based coding. 

4. Confidentiality and De-identification 

Confidentiality measures will support open and trustworthy responses to RQ1, RQ2, and RQ3: 

 Direct Identifiers Removed: As ethical perceptions (RQ1) and social and organizational 

dynamics (RQ3) are probed, de-identification will be paramount for accurate and candid 

data. 
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 Pseudonym Use: Only anonymized IDs will be used in coding and reporting, which will 

ensure that analytic comparisons across all RQs are uninfluenced by personal identity. 

 Organizational Redaction: Sector and role information will be coded according to 

analytic categories related to each RQ. 

 Linking File: The study will maintain analytic traceability while protecting identity (see 

Appendix G). 

 No External Data Sharing: No direct identifiers or raw data will be shared, preserving 

analytic validity and participant trust (see Study Procedures, Ethical Assurances). 

5. Data Retention and Destruction 

Retention and destruction protocols will ensure all analytic work on RQ1, RQ2, and RQ3 is 

conducted ethically and transparently: 

 Retention Period: Transcripts and analytic files will be available for three years to allow 

final synthesis and reporting by RQ (see Study Procedures, Appendix G). 

 Raw Data Destruction: Audio files (core to maintaining original meaning in each RQ) 

will be deleted post-member checking, which itself will be structured to confirm analytic 

interpretations for RQ1 (ethics), RQ2 (integration experience), and RQ3 (organizational 

influences) (see Appendices I and J). 

 Field Notes and Logs: Documents supporting analytic traceability for each RQ will be 

retained and securely destroyed post-project. 
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 Secure Deletion: Digital materials, including cross-case matrices and coding logs by RQ, 

will be deleted using secure methods. 

6. Backup and Continuity 

Data backup and recovery will be critical to ensuring ongoing analytic progress toward answers 

for RQ1, RQ2, and RQ3: 

 Backup: Nightly encrypted backups will cover all data forms and analytic files across all 

RQs. 

 Recovery: Procedures will be in place for restoring data to preserve the sequence of 

analysis by RQ, should data loss occur. 

 Contingency Measures: The Interviewer Checklist (Appendix F) will include real-time 

backup steps prior to sessions for uninterrupted RQ coverage. 

7. Compliance and Ethics 

All data practices will be designed both to protect participants and to maintain analytic rigor in 

answering RQ1, RQ2, and RQ3: 

 IRB Guidance: Protocols will meet all requirements for studies dealing with sensitive 

ethical perceptions and organizational behavior (central to RQ1 and RQ3). 

 Voluntary Participation: Consent procedures will support participant autonomy in 

discussing difficult or sensitive RQ1 and RQ3 topics. Member checking, required for 

finalizing RQ interpretations, will be a two-step process: transcript verification and 

summary validation (see Appendices C, F, I, and J). 
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 Data Use: Every provision for data handling in the consent process will be intended to 

maintain the analytic integrity needed for robust answers to RQ1–RQ3. 

 Participant Rights: Channels will be open for participants to raise concerns about ethics 

or data use related to any RQ with the IRB. 

8. Responsibilities and Version Control 

Oversight and traceability will be essential for high-quality analysis of RQ1, RQ2, and RQ3: 

 Data Custodian: The principal researcher will be responsible for ensuring all analytic 

files and coding answers for each RQ are traceable and secure. 

 Log Maintenance: Version control systems will tag updates to files, analytic memos, 

and codebooks with references to relevant RQs and constructs. 

 Audit Trail: All changes affecting qualitative coding, theme development, and RQ 

interpretation will be fully documented and date-stamped. 

Analytic risks, such as confirmation bias, overreliance on sensitizing concepts, or premature 

closure, will be addressed proactively through reflexive memoing, negative case analysis, rival 

explanation testing, and audit trail documentation. Major analytic decisions (such as code 

merges, splits, and theme boundaries) will be logged with rationale and timestamps for 

traceability. A theme will be reported only when it recurs across a minimum number of cases and 

demonstrates explanatory power for one or more research questions. Quotation confidentiality 

will be ensured by de-identifying excerpts and editing only for clarity while preserving the 

speaker's intent. Discrepant input during member checking will trigger a review of coded data, 
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with change rationale or reportable divergence documented. If needed, transcription and coding 

practices will be adapted to accommodate non-U.S. English or discipline-specific language, 

ensuring fidelity of meaning in analysis and reporting. The structure of findings in Chapter 4 will 

follow this alignment, presenting results by RQ, with both cross-case themes and within-case 

nuances. 
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Appendix H: Field Notes Template 

Purpose: This template will standardize the collection of contextual data, researcher reflections, 

and preliminary analytic thoughts for each participant interview in the study. It will serve as a 

foundational part of the audit trail and will support the trustworthiness and rigor of the analytic 

process. The structure is designed to directly align with the research questions: RQ1 (perceptions 

of ethics, bias, and fairness and their influence on AI adoption), RQ2 (perceived usefulness and 

ease of integrating AI, including adoption drivers and barriers), and RQ3 (organizational and 

social influences on leaders’ attitudes and behaviors regarding AI adoption). The template’s 

prompts and sections will be crafted to surface data relevant to these constructs across diverse 

cases. 

1. Case Header 

 Case ID/Pseudonym: __________________ 

 Interview Date and Time: __________________ (Time Zone: _____) 

 Interviewer: Dr. Terron R. Ware 

 Participant Role Category: __________________ (Will track leader, HR/L&D 

stakeholder, etc., as mapped to RQ3) 

 Industry: __________________ 

 Organization Size: __________________ 
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 AI Maturity Stage: __________________ (Will be recorded to enable mapping to RQ2 

and RQ3) 

 Interview Duration: ___________ 

 Recording File Name: __________________ 

 Transcript File Name: __________________ 

This header will capture case attributes that support cross-case comparison by AI maturity, role, 

and organizational context, in direct service of analysis for each research question. 

2. Context and Setting 

 Platform: Google Meet with Otter.ai recording (Will refer to Study Procedures and 

Interviewer Checklist, Appendix F) 

 Technical Conditions: (e.g., Will describe clarity of audio, connection quality, any 

interruptions) 

 Privacy Level of Setting: (e.g., Will note whether interviews occur in a private office or 

open space) 

 Interruptions: (e.g., Will flag any disruptions that occur during the session) 

 Rapport Level: [ ] Low [ ] Medium [ ] High 

https://Otter.ai
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 Pre-Interview Notes: (Will provide observations from scheduling or demographic data 

anticipated to have bearing on RQ3 regarding organizational context and social 

influence) 

3. Summary of Key Points (Explicitly Linked to Research Questions and Constructs) 

 Perceptions of Ethics, Bias, and Fairness (RQ1): 

o Will summarize comments or attitudes toward ethical concerns, perceived risks, 

fairness or bias in AI systems, and ethical safeguards. Will track how these factors 

are reported to influence willingness to adopt AI. 

 Usefulness and Ease of Integration (RQ2): 

o Will capture participant comments on utility, perceived benefits, obstacles to 

integration, effort expectancy, and long-term usefulness in leadership 

development settings. 

 Organizational and Social Influences (RQ3): 

o Will document references to internal dynamics, peer or leadership influence, 

policy environment, training initiatives, culture, or sector-specific drivers and 

moderators of AI adoption. 

 Adoption Stage and Specific Use Cases (RQ2 & RQ3): 
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o Will describe the participant’s organization’s progress with AI adoption and 

provide examples of AI-enabled leadership development activities. 

 Outcomes or Impacts Observed (Linked to all RQs): 

o Will list results, changes, or effects of AI use as perceived and reported by the 

participant. 

4. Memorable Quotes and Interpretive Memos 

 Timestamp: _____ Quote: "..." 

o Memo: (Will connect interpretive note to RQ1, RQ2, and/or RQ3 as appropriate, 

e.g., "This appears to indicate an organizational barrier relating to RQ3.") 

 Timestamp: _____ Quote: "..." 

o Memo: 

5. Nonverbal and Paralinguistic Cues 

 Tone of Voice: (Will note confidence, hesitation, enthusiasm, or caution, and relate to 

perceived usefulness (RQ2), ethical concerns (RQ1), or organizational support (RQ3)) 

 Hesitations/Pauses: (Will document reactions to sensitive topics pertaining to ethics 

(RQ1), technical challenges (RQ2), or social context (RQ3)) 
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 Emphasis: (Will indicate any ideas or words stressed by the participant, mapped to the 

relevant research question) 

 Notable Reactions: (Will document laughter, surprise, discomfort, etc., and note 

corresponding thematic relevance to RQ1, RQ2, or RQ3) 

6. Researcher Reflexivity Memo 

 Assumptions or Biases: (Will reflect on how researcher positionality could shape 

responses regarding ethics (RQ1), usefulness (RQ2), or organizational context (RQ3)) 

 Role Dynamics: (Will note any insider/outsider dynamics that may affect the discussion 

of adoption, barriers, or organizational culture) 

 Bracketing: (Will describe active efforts to set aside assumptions, particularly regarding 

the value or fairness of AI) 

7. Follow-Up Actions and Communications 

 Clarifications Needed: (Will flag any ambiguous or particularly illustrative comments 

for follow-up within IRB parameters, ensuring analytic completeness for RQ1–RQ3) 

 Documents or Links Mentioned: (Will note any references to internal resources or 

training, relevant especially for documenting influences associated with RQ3) 
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 Communication Note: Formal member checking was conducted through transcript 

verification and summary validation. Any additional clarification follow-up beyond those 

formal steps was conducted only to enhance analytic completeness in line with approved 

Study Procedures and the Interviewer Checklist (Appendix F). 

8. Data Integrity Checklist 

 Will confirm verbal consent at the start of each interview (see Appendix C, Consent), as 

required for all RQs. 

 Will start and announce Google Meet audio recording using Otter.ai according to Study 

Procedures and Interviewer Checklist (Appendix F). 

 Will prepare a backup recording device if applicable. 

 Will monitor audio quality for consistency. 

 Will upload audio files to encrypted cloud storage following the Data Management Plan 

(Appendix G). 

 Will verify transcript accuracy against the original audio. 

 Will delete the original audio file once transcript verification is complete. 

 Will save the de-identified transcript to the secure, encrypted research repository. 

https://Otter.ai
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 Will update the recruitment and case logs (see Data Management Plan, Appendix G) to 

ensure ongoing diversity for rigorous, RQ-driven analysis. 

 Will complete and update the entire field notes template promptly after each interview 

(see Appendix H). 

9. Preliminary Coding and Thematic Hints 

 Initial Codes or Concepts (Linked to RQ/Construct): 

o Will assign codes such as “Perceived Bias (RQ1),” “Ease of Integration (RQ2),” 

or “Peer Influence (RQ3)” as supported by the data. 

 Key Segments to Revisit: (Will log timestamps or transcript passages anticipated to be 

most relevant for answering RQ1, RQ2, or RQ3) 

 Potential Theme Alignment: (Will document emerging themes and specify their 

anticipated alignment to one or more RQs) 

 Codebook Labels (if applicable): (Will maintain codebook labels that specifically 

reference RQs and core framework constructs such as ethics, usefulness, ease, influence, 

and adoption stage) 

Note: Study participation will involve no compensation. Eligibility criteria, research activities, 

and interview scheduling will all be described according to Study Procedures and Appendices A 
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through C. The qualitative exploratory multiple-case study will utilize semi-structured interviews 

alongside demographic forms, with all data to be collected via Google Meet audio recording 

using Otter.ai. All protocols and terminology will remain standardized across Study Procedures, 

Interviewer Checklist (Appendix F), Data Management Plan (Appendix G), and this Field Notes 

Template (Appendix H), maintaining explicit alignment with research questions and constructs. 

All data will be encrypted and safeguarded consistent with the Data Management Plan 

(Appendix G), ensuring rigor and traceability in addressing RQ1, RQ2, and RQ3. 

https://Otter.ai
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Appendix I: Transcript Verification Email Template 

Template note. This appendix is retained as a study communication template; bracketed fields 

were populated as appropriate during participant communication. 

Purpose 

This appendix presents the standardized email template that will be used for transcript 

verification, a key component of member checking. The primary aim of this step is to enhance 

the accuracy and credibility of the qualitative findings by providing participants an opportunity 

to review and confirm the factual correctness of their interview transcripts. 

Usage Notes 

 Timing: This email will be sent to each participant after their interview has been 

transcribed. 

 Response Window: Participants will have the opportunity to review the interview 

transcript, validate its content, request that any portion be struck from the record, add 

new information, or alter the substance of their original responses before the transcript is 

finalized. If no response is received within seven days, the transcript will be considered 

accurate and approved. 

 Scope: The review process welcomes corrections of transcription errors as well as 

substantive changes, including the addition of new information or modifications to 

participants’ original statements. 
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 Confidentiality: All communications and feedback will be managed confidentially and 

in accordance with the ethical protocols outlined for the study. 

Email Template 

Subject: Review of Your Interview Transcript for the AI Leadership Development Study 

[Alternative Subject Line: Action Requested: Verifying Your Interview Transcript] 

Date: [Date] 

Dear [Participant Name], 

I am following up regarding our recent interview for the research study on AI adoption in 

leadership development. Thank you once again for your time and for sharing your valuable 

insights. Your contribution will play an instrumental role in the success of this project. 

As part of our commitment to accuracy and research integrity, the process will include member 

checking. The first step will be transcript verification, during which you will be invited to review 

the transcript of our conversation and confirm its factual accuracy. 

I will attach to this email a secure link to your interview transcript. Please review the document 

for any inaccuracies in transcription. 

Instructions for Review: 

1. Please access the document using the secure link provided below. 
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2. Suggest corrections for any factual errors by making comments or using "track changes" 

in the document. Focus solely on correcting transcription mistakes and do not add new 

information or change the substance of your responses. 

3. If you notice any sections labeled "[inaudible]," and you recall what was said, please 

provide the correct wording. 

4. If you find the transcript accurate and do not have any changes, you may reply to this 

email to confirm. 

[Secure Link to Transcript] 

Please provide your feedback by [Deadline Date]. If I do not receive a response by this date, I 

will assume the transcript to be accurate and proceed with the analysis. 

Be assured that your transcript and any feedback you provide will remain confidential and will 

be used only for the purposes described in the informed consent form. 

If you have questions, please feel free to reach out at any time. 

Thank you for your continued participation in this research. 

Sincerely, 

Dr. Terron R. Ware 

Doctoral Candidate, College of Business, Engineering, and Technology, National University 

Contact information provided in study correspondence 

[Link to University/Project Webpage, if applicable] 
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Appendix J: Summary Validation Email Template 

Template note. This appendix is retained as a study communication template; bracketed fields 

were populated as appropriate during participant communication. 

Purpose 

This appendix provides the standardized email template for summary validation, the second 

component of member checking. Its purpose is to enhance the interpretive validity of the 

research by inviting participants to review a brief, synthesized summary of their interview, 

confirm its accuracy, and, if desired, add new information or alter the substance of their original 

responses. 

Usage Notes 

 Timing: This email will be sent to each participant after their transcript has been verified 

and an initial thematic analysis is complete. 

 Response Window: Participants will be offered a seven-day window to review the 

summary and provide feedback, suggest clarifications, add new information, or alter their 

original responses. 

 Scope: The review process supports both accuracy and completeness. Participants are 

encouraged not only to confirm that the researcher's interpretations align with their 

intended meaning but also to contribute any new insights or substantive changes that 

better represent their perspectives. This ensures that the final summary truly reflects the 

participant’s intent and experience. 
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 Confidentiality: All communications and feedback will be managed with the same level 

of confidentiality as other study data, in accordance with approved ethical protocols. 

Email Template 

Subject: Final Check: Review of Your Interview Summary for the AI Leadership Development 

Study 

[Alternative Subject Line: Your Insights: Validating a Brief Summary] 

Date: [Date] 

Dear [Participant Name], 

Thank you again for your valuable contributions to the research study on AI adoption in 

leadership development. After you verify your interview transcript, I will complete an initial 

analysis and prepare a brief interpretive summary of our conversation. 

You are now invited to participate in the summary validation stage of member checking. This 

step ensures my interpretation accurately captures the essence of your perspective, and gives you 

a final opportunity to enrich, clarify, or revise your statements. You are welcome to add new 

information or alter the substance of your original responses as you review the attached 

summary. 

A secure link to a one-page summary document is attached. This summary highlights the key 

themes and insights synthesized from your interview. 
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Instructions for Review: 

1. Access the summary using the secure link provided below. 

2. Review the document to determine whether it resonates with you and reflects the core 

meaning of what you shared. 

3. Please reply to this email within seven days and indicate one of the following: 

Feel free to provide any additional comments or edits you believe are necessary for 

accuracy and completeness. 

o The summary is accurate and resonates with your experience. 

o You would like to add new information or modify your previous responses. 

o You suggest clarifications or corrections to better capture your views. 

o The summary contains interpretations that you view as inaccurate. 

[Secure Link to Summary PDF/Doc] 

If I do not receive a response within seven days, I will assume your consent to use the summary 

as an accurate representation of your views. 

As always, your feedback will remain confidential. Thank you for your partnership in this study. 

Sincerely, 
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Dr. Terron R. Ware 

Doctoral Candidate, College of Business, Engineering, and Technology, National University 

Contact information provided in study correspondence 

[Link to University/Project Webpage, if applicable] 
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Appendix K: What to Expect After Your Interview (Member Checking Guide) 

Template note. This appendix is retained as a study communication template; bracketed fields 

were populated as appropriate during participant communication. 

A Thank You and What Happens Next 

Thank you again for contributing your time and expertise to this research. Your insights are vital 

to our analysis and help ensure the integrity of the study. To accurately represent your 

perspective, we use a two-step follow-up process called member checking. This guide explains 

what you can expect in the coming weeks. The primary goal is to confirm that your input has 

been captured faithfully and to provide you an opportunity to clarify, strike from the record, or 

expand on your responses. 

Step 1: Transcript Verification 

In this first step, we will confirm that the written transcript of your interview is accurate and 

reflects both the content and intent of your responses. 

 Timeline: You will receive an email from us within 7 to 10 days after your interview. 

 What You Will Receive: A secure link to your confidential interview transcript. 

 What We Will Ask You to Do: Please review your transcript for any errors. During this 

review, you are welcome not only to correct transcription mistakes, but also to add new 

information, clarify your intended meaning, or make substantive changes to your original 
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responses, including requesting that any portion be struck from the record. If portions are 

marked as "[inaudible]," you may clarify them as well. 

 How to Send Feedback: You can suggest corrections and changes using the comment or 

track changes features in the document, or by replying via email. If the transcript is 

accurate and requires no changes, a brief email reply to confirm its accuracy will be 

sufficient. 

 Deadline: We will provide a specific deadline, usually [Deadline Date for Transcript], in 

the email. If you do not respond by the deadline, we will proceed with the understanding 

that you consent to the transcript as it stands. 

Step 2: Summary Validation 

After transcripts are finalized, we analyze the data for central themes. The next step is to ensure 

that our synthesis reflects your perspective and contributions accurately. 

 Timeline: You will receive a second email about one to two weeks after transcript 

verification is complete. 

 What You Will Receive: A secure link to a concise, one-page summary of the key 

themes identified from your interview. 

 What We Will Ask You to Do: Please review the summary carefully. You may confirm 

it is accurate, suggest clarifications, add new insights, or alter the substance of your 

contributions to ensure the summary truly represents your intended meaning. You are not 
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limited to confirming or clarifying; your feedback can include new information or 

substantive changes. 

 How to Send Feedback: You may reply to the email with your comments or suggested 

edits. If the summary is accurate and requires no changes, a brief confirmation is 

appreciated. 

 Deadline: We will specify a deadline, usually [Deadline Date for Summary], for your 

response. If you do not respond by that date, we will assume the summary accurately 

reflects your contributions. 

Confidentiality and Contact 

Your participation in each step is completely confidential, just as your interview responses are. 

Your feedback will be used exclusively to support research quality and integrity. 

If you have any questions, you are welcome to contact us at [Contact Email] at any time. 

Thank you for your continued partnership in this study. 
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Appendix L: Codebook Matrix and Cross-Case Analytic Evidence 

This appendix presents a deidentified, representative codebook matrix and cross-case analytic 

evidence drawn from the audit trail. It illustrates the analytic sequence used in this study: (a) 

first-cycle, data-driven codes generated from participant language; (b) categories developed 

through constant comparison; (c) themes refined by recurrence, explanatory value, and research-

question relevance; (d) cross-case synthesis; and (e) post-coding mapping of the resulting themes 

to constructs from the Technology Acceptance Model (TAM) and the Unified Theory of 

Acceptance and Use of Technology (UTAUT). The matrix uses the alphanumeric participant 

identifiers (P01–P12) introduced in Chapter 4. Quotations are presented in deidentified form and 

have been lightly edited only for readability; the underlying meaning was preserved. Negative or 

divergent cases are noted where the participant evidence diverged from the modal pattern for a 

theme. 

Table L1 

Codebook Matrix and Cross-Case Analytic Evidence 

Participant 
ID 

RQ Data-Driven 
Code/Category 

Emergent Theme Supporting Quote 
(Deidentified) 

TAM/UTAUT 
Construct (Post-
Coding Mapping) 

Negative/Divergent 
Case Note 

P06 RQ1 mitigation as 
condition; bias 
concern 

Ethical concerns 
functioned as 
adoption conditions 

If we have major bias or ethical 
concerns, obviously we would 
not adapt or use it until we 
mitigated [them]. 

Attitude toward use; 
Facilitating 
conditions 

— 

P03 RQ1 awareness of 
bias; uncertainty 
about mitigation 

Ethical concerns 
functioned as 
adoption conditions 

I’m definitely aware that [bias] 
exists. I don’t know how to 
solve for that. 

Attitude toward use; 
Behavioral intention 

— 

P08 RQ1 human-in-the-
loop requirement 

Ethical concerns 
functioned as 
adoption conditions 

Humans have to be in the loop, 
full stop. 

Facilitating 
conditions; Attitude 
toward use 

— 

P01 RQ1 bias originates 
with 
designers/humans 

Bias and fairness as 
data, design, and 
representation 
concerns 

Whoever is designing that tool, 
those biases came from 
humans. 

Attitude toward use — 

P02 RQ1 bias originates in 
data and people 
preparing data 

Bias and fairness as 
data, design, and 
representation 
concerns 

It’s not the AI, it’s the data. 
And the people preparing the 
data, that’s the hard part. 

Attitude toward use — 

P05 RQ1 workforce 
representation 
shapes bias 

Bias and fairness as 
data, design, and 
representation 

We have to think about the 
percentage of engineers that 
are African American, brown, 

Attitude toward use; 
Social influence 

— 
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concerns Latino…if we don’t have that 
presence, there already is a 
bias. 

P12 RQ1 bias as a 
persistent feature 

Bias and fairness as 
data, design, and 
representation 
concerns 

Not a single AI is unbiased. All 
are biased. 

Attitude toward use — 

P09 RQ1 hallucination 
risk; verification 
need 

Privacy, 
transparency, and 
accountability 
shaped willingness 
to adopt 

I’ve actually had it say that 
somebody volunteered to do 
something when in the meeting 
they actually didn’t. 

Perceived usefulness 
(limit); Facilitating 
conditions 

— 

P11 RQ1 reassurance; non-
replacement 
framing 

Privacy, 
transparency, and 
accountability 
shaped willingness 
to adopt 

AI is not here to replace them, 
it’s there to enhance them. 

Attitude toward use; 
Social influence 

— 

P04 RQ1 mission/doctrinal 
framing of ethics 

Sector-specific 
ethical framing 
(contextual) 

No, maybe I’m naive. Attitude toward use 
(sector-specific) 

Divergent case: low 
explicit bias 
concern; ethical 
issues framed 
through mission and 
community 
perception rather 
than algorithmic 
bias. 

P03 RQ2 AI as scalable 
coach 

Usefulness through 
speed, scale, and 
access 

I can’t coach every single 
person in the organization, but 
having access to [an AI coach] 
is incredibly valuable. 

Perceived 
usefulness; 
Performance 
expectancy 

— 

P09 RQ2 time savings 
(content 
production) 

Usefulness through 
speed, scale, and 
access 

We’ve gone from an average 
of six hours to create a 90-
second video to now, it’s 30 
minutes. 

Perceived 
usefulness; 
Performance 
expectancy 

— 

P05 RQ2 throughput 
beyond human 
capacity 

Usefulness through 
speed, scale, and 
access 

AI, in every fashion, is going 
to be able to out compute the 
human…so it’s going to be 
throughput process. 

Performance 
expectancy 

— 

P08 RQ2 safe practice 
environment 

Coaching, 
simulation, 
practice, and 
personalized 
learning 

You need to be able to 
practice…in a safe 
environment, where you can 
really just keep iterating. 

Perceived 
usefulness; 
Performance 
expectancy 

— 

P12 RQ2 AI augments 
human judgment 

Coaching, 
simulation, 
practice, and 
personalized 
learning 

You are not depending on AI at 
all, because you are leveraging 
AI, help of human touch to 
create the value. 

Perceived usefulness — 

P11 RQ2 fact-checking 
required 

Coaching, 
simulation, 
practice, and 
personalized 
learning 

You do have to fact check it. Effort expectancy; 
Facilitating 
conditions 

— 

P10 RQ2 unstructured 
leadership data 
limits AI 

Coaching, 
simulation, 
practice, and 
personalized 
learning 

How do I quantify that into 
ones and zeros? 

Perceived usefulness 
(limit) 

Divergent/limit 
case: boundary on 
AI usefulness for 
unstructured 
interpersonal data. 

P02 RQ2 integration is 
people/process, 
not tech 

Ease of integration 
as organizational 
readiness 

Everybody thinks it’s the 
technology, and it’s really the 
people process. 

Effort expectancy; 
Facilitating 
conditions 

— 
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P01 RQ2 communication 
failure drives 
withdrawal 

Ease of integration 
as organizational 
readiness 

If it’s not communicated 
effectively, that can cause 
more restrictions, or people can 
withdraw. 

Social influence; 
Facilitating 
conditions 

— 

P06 RQ2 time as 
integration 
barrier 

Ease of integration 
as organizational 
readiness 

Finding the time to understand 
it…is what we don’t have time 
for right now. 

Effort expectancy; 
Facilitating 
conditions 

— 

P03 RQ2 reactive 
environment 
blocks adoption 

Ease of integration 
as organizational 
readiness 

Everything’s on fire all the 
time…anything that makes you 
pause and think strategically is 
harder to do. 

Facilitating 
conditions 

— 

P08 RQ2 evidence-based 
adoption 

Adoption decisions 
based on evidence, 
fit, cost, 
interoperability, 
and guardrails 

It’s not about what becomes 
social and flashy…It has to be 
about the evidence. 

Behavioral intention; 
Facilitating 
conditions 

— 

P12 RQ3 AI-first culture Organizational 
culture shaped 
adoption speed and 
boundaries 

We are AI first company… 
heavily invested in AI. 

Facilitating 
conditions; Social 
influence 

— 

P06 RQ3 fast-follower 
posture 

Organizational 
culture shaped 
adoption speed and 
boundaries 

We don’t want to be the first 
adopters sometimes…but we 
want to be fast followers. 

Facilitating 
conditions 

— 

P02 RQ3 peers as primary 
influencers 

Social influence 
through peers, 
regulators, clients, 
competitors, and 
networks 

It’s my peers, honestly, that 
know me well…they have the 
biggest influence on me. 

Social influence — 

P05 RQ3 peer influence on 
employees 

Social influence 
through peers, 
regulators, clients, 
competitors, and 
networks 

Employees are more 
influenced by the actual peers 
than they ever would be by a 
senior leader. 

Social influence — 

P09 RQ3 regulatory weight Social influence 
through peers, 
regulators, clients, 
competitors, and 
networks 

Anything from our 
regulators…their direction is 
going to be weighted a lot 
heavier. 

Social influence; 
Facilitating 
conditions 

— 

P10 RQ3 client value as 
adoption criterion 

Social influence 
through peers, 
regulators, clients, 
competitors, and 
networks 

If giving employees AI tools 
made them better, faster, more 
productive, and the client 
experience was high, I would 
rate that as a win. 

Performance 
expectancy; Social 
influence 

— 

P04 RQ3 governance gap Governance as a 
facilitating 
condition 

Currently we don’t have any 
guiding principles around it at 
all. 

Facilitating 
conditions 

Divergent/limit 
case: absence of 
formal governance 
contrasts with most 
participants who 
described policies, 
committees, or 
guardrails. 

P11 RQ3 repeated 
communication 

Communication 
and employee buy-
in shaped adoption 
behavior 

Communicate, communicate, 
communicate. 

Social influence; 
Facilitating 
conditions 

— 

P07 RQ3 consistent 
language across 
levels 

Communication 
and employee buy-
in shaped adoption 
behavior 

[Using] that same language 
with the executive team as 
we’re going to use with the 
people manager…is really 
important. 

Social influence — 
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Neumann, O., Guirguis, K., & Steiner, R. (2024). Exploring artificial intelligence adoption in 
public organizations: A comparative case study. Public Management Review, 26(1), 114–141. 
https://doi.org/10.1080/14719037.2022.2048685 
Note. RQ = research question. Participant identifiers (P01–P12) are alphanumeric and 

deidentified. Codes and categories were generated inductively from participant language using in 

vivo, descriptive, and process coding; themes were refined by recurrence, explanatory value, and 

research-question relevance; cross-case synthesis preceded any theoretical mapping. TAM = 

Technology Acceptance Model; UTAUT = Unified Theory of Acceptance and Use of 

Technology. The TAM/UTAUT construct column reflects the post-coding interpretive mapping 

of inductively developed themes and was not used to generate or assign codes. 

Negative/divergent case notes flag participants whose accounts diverged from the modal pattern 

for the theme. Quotations are reproduced from Chapter 4 of this manuscript and were lightly 

edited only for readability while preserving the underlying meaning. 

https://doi.org/10.1080/14719037.2022.2048685

	Chapter 1: Introduction
	Statement of the Problem
	Purpose of the Study
	Introduction to Framework
	Introduction to Research Methodology and Design
	Research Questions
	Significance of the Study
	Definitions of Key Terms
	Summary

	Chapter 2: Literature Review
	Documentation
	Framework
	Technology Acceptance Model (TAM)
	Unified Theory of Acceptance and Use of Technology (UTAUT)
	Synthesis and Integration of Frameworks
	Alignment with Research Questions and Methodology
	RQ1: Ethical Implications and AI Adoption
	RQ2: Long-Term Usefulness and Integration Ease
	RQ3: Organizational and Social Influences


	Subtopics for Literature Review
	Historical Perspective
	Current Practices and Applications of AI in Leadership Development
	Applications of AI for Leadership Enhancement
	Predictive Analytics in Leadership Development
	Personalized Coaching Systems and Continuous Development

	Key Leadership Skills Enhanced by AI
	Strategic Decision-Making and Predictive Capabilities
	Emotional Intelligence and Interpersonal Skills
	Team Management and Communication Enhancement

	Barriers to AI Adoption in Leadership Development
	Technological Challenges
	Compatibility and Integration Challenges
	Data Privacy and Security Concerns
	Solutions and Mitigation Strategies

	Organizational and Cultural Resistance
	Fear of Job Displacement and Role Transformation
	Limited Awareness and Understanding
	Change Management and Educational Strategies
	Transparency and Algorithmic Accountability

	Ethical and Cultural Considerations
	Ethical Implications
	Transparency in AI Decision-Making
	Fairness and Bias Mitigation
	Accountability Structures
	Ethical Frameworks and Auditing

	Cultural Factors
	Cultural Dimensions and Technology Adoption Patterns
	Individualism and Collectivism in AI Adoption
	Uncertainty Avoidance and Risk Perception
	Culturally Adaptive Implementation Strategies

	Future Opportunities for AI in Leadership Development
	Transformative Potential of AI
	Automation of Routine Tasks and Strategic Focus Enhancement
	Advanced Predictive Analytics and Strategic Decision-Making
	Soft Skills Development Through Immersive AI Experiences

	Longitudinal Research Needs
	Long-Term Impact Assessment and Behavioral Change Analysis
	Continuous Skill Evolution in AI-Augmented Environments
	Advanced Tracking and Analytics Methodologies

	Adapting Leadership Models to AI
	Cultural Transformation and Organizational Adaptation
	Future Leadership Competencies and Skill Requirements


	Summary

	Chapter 3: Research Method
	Alternative Designs Considered
	Instrumentation
	Study Procedures
	Data Analysis
	Assumptions
	Limitations
	Delimitations
	Role of the Researcher
	Ethical Assurances
	Summary

	Chapter 4: Findings
	Trustworthiness of the Data
	Credibility
	Transferability
	Dependability
	Confirmability

	Results
	Research Question 1
	Research Question 2
	Research Question 3
	Comparison of Results to the Literature Review
	Research Question 1
	Research Question 2
	Research Question 3
	Summary

	Chapter 5: Discussion, Recommendations, and Study Summary
	Discussion
	Conditional Adoption: Ethics as a Threshold for AI Use
	Human-AI Complementarity and Developmental Usefulness
	Organizational Integration Readiness and the Ease-of-Integration Gap
	Governance and Sector-Mediated social influence
	Implications and Consequences of the Findings
	Limitations and Delimitations Influencing Interpretation

	Recommendations for Practice
	Establish Human Oversight and Accountability
	Develop Clear AI Governance and Use Policies
	Communicate AI's Purpose and Boundaries
	Use AI for Coaching, Simulation, and Scalable Development
	Evaluate AI Adoption Through Evidence and Fit
	Build Cross-Functional AI Adoption Capacity

	Recommendations for Future Research
	Examine Sector-Specific AI Adoption in Leadership Development
	Study Employee Perspectives on AI-Enabled Leadership Development
	Explore Longitudinal AI Adoption and Leadership Outcomes
	Compare AI Adoption Across Organizational Sizes and Readiness Levels
	Further Examine TAM/UTAUT in AI-Enabled Leadership Development
	Evaluate Specific AI Use Cases in Leadership Development

	Study Summary

	References
	Appendix A: Screening Questionnaire
	Appendix B: Recruitment Messages
	Template 1: Primary Email Invitation
	Template 2: LinkedIn / Short Message Variant
	Template 3: Thank You / Decline Follow-Up

	Appendix C: Informed Consent
	What You Will Be Asked to Do
	Risks
	Benefits
	Recording
	Compensation
	Confidentiality
	Voluntary Participation
	Questions

	Appendix D: Semi-Structured Interview Protocol
	Interviewer Script: Introduction and Consent Verification
	1. Warm-Up & Professional Context
	2. Core Questions: Aligned with Research Questions
	Section A: Perceptions of AI Usefulness, Ease, and Ethics ([RQ1], [RQ2])
	Section B: Organizational and Social Influences ([RQ3])
	Section C: Concrete Experiences (Connecting RQ1–RQ3)

	4. Closing Questions and Final Thoughts
	Interviewer Script: Closing


	Appendix E: Demographic and Professional Context Form
	Appendix F: Interviewer Checklist
	Phase 1: Pre-Interview Preparation
	Phase 2: Beginning the Interview
	Phase 3: Conducting the Interview
	Phase 4: Concluding the Interview
	Phase 5: After the Interview (Data Management & Recordkeeping)

	Appendix G: Data Management Plan (DMP) Summary
	Appendix H: Field Notes Template
	1. Case Header
	2. Context and Setting
	4. Memorable Quotes and Interpretive Memos
	5. Nonverbal and Paralinguistic Cues
	6. Researcher Reflexivity Memo
	7. Follow-Up Actions and Communications
	8. Data Integrity Checklist
	9. Preliminary Coding and Thematic Hints

	Appendix I: Transcript Verification Email Template
	Appendix J: Summary Validation Email Template
	Appendix K: What to Expect After Your Interview (Member Checking Guide)
	Step 1: Transcript Verification
	Step 2: Summary Validation

	Appendix L: Codebook Matrix and Cross-Case Analytic Evidence



