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Abstract 

As artificial intelligence becomes embedded in everyday work practices, knowledge workers are 

increasingly required to exercise judgment in collaboration with algorithmic systems. While existing 

research has primarily focused on the technological and performance-related implications of AI, 

comparatively little attention has been given to how professional judgment develops through everyday 

interaction with AI-supported systems. This study addresses this gap by examining the development of 

professional judgment through work-integrated learning in AI-mediated work environments.Adopting 

a qualitative research design, the study draws on semi-structured interviews with ten knowledge 

workers from technology, engineering, finance, marketing, and related sectors who regularly use AI-

supported tools in their everyday work. Guided by Work-Integrated Learning (WIL) as the conceptual 

framework and Experiential Learning Theory (ELT) as the analytical lens, the analysis explores how 

learning unfolds through interaction with AI-generated outputs in everyday work practices. The 

findings indicate that knowledge workers treat AI recommendations as inputs requiring interpretation, 

validation, and contextualisation rather than as definitive decisions. Learning occurs informally through 

experience, reflection, and adaptation rather than structured training. Professional judgment develops 

iteratively through interaction with both accurate and inaccurate AI outputs, though experiential 

learning cycles are often fragmented due to limited opportunities for structured reflection. Overall, the 

study shows that professional judgment is not replaced by AI but reconfigured through human–AI 

interaction. These findings contribute to WIL literature by reframing learning as a continuous, 

technologically mediated process shaped by everyday work practices. 
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Glossary of Key Terms 

AI-mediated work — Refers to work environments in which artificial intelligence systems are socially 

and organisationally embedded in everyday practices, actively shaping how tasks, decisions, and 

interpretations are carried out. In this study, AI-mediation is understood not as a technical feature but 

as a social and organisational phenomenon that reconfigures how knowledge workers work and learn. 

Human–AI interaction — The process through which knowledge workers engage with, interpret, 

validate, and respond to AI-generated outputs as part of their everyday work practices. In this study, 

human–AI interaction is conceptualised as a central site of experiential learning through which 

professional judgment is developed and refined. 

Professional judgment — As used in this study, professional judgment refers to the context-sensitive 

and interpretive capability that guides how knowledge workers evaluate information, assess 

alternatives, and make decisions in complex and uncertain work situations. It is understood as a dynamic 

and evolving capability shaped through ongoing interaction with AI systems rather than as a fixed or 

purely cognitive skill. 

Algorithmic output — The recommendations, predictions, risk scores, or data-driven insights 

generated by an AI system as part of a knowledge worker's everyday work tasks. In this study, 

algorithmic outputs are understood as inputs that require human interpretation, validation, and 

contextualisation rather than as definitive answers.  
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   1.Introduction 

The rapid embedding of artificial intelligence (AI) into organisational work practices has created a new 

kind of professional challenge: how to exercise independent judgment in environments where 

algorithmic systems actively shape how decisions are framed and evaluated (Jarrahi, 2018; Raisch & 

Krakowski, 2021). Within this transformation, AI is increasingly embedded in everyday organisational 

practices, where it supports decision-making through predictive analytics, machine learning systems, 

and data-driven recommendation tools (Menzies et al., 2024). These systems do not operate as neutral 

instruments; rather, they actively influence how information is processed, how problems are framed, 

and how decisions are made in practice (Jarrahi et al., 2023; Engström et al., 2024). The term AI-

mediated is used in this study to describe work environments in which AI systems are socially and 

organisationally embedded - not merely as technical tools, but as active participants in shaping how 

decisions are interpreted, evaluated, and enacted within organisational and professional structures 

(Jarrahi et al., 2023; Bankins et al., 2022). This distinction is important: AI-mediation refers not to the 

technical features of these systems, but to the way in which they are integrated into the social fabric of 

work, influencing relationships, roles, and professional practices (Raisch & Krakowski, 2021). 

To illustrate what AI-mediated work environments look like in practice, consider a software developer 

using a code assistant such as GitHub Copilot to identify performance bottlenecks in their code, a 

financial officer relying on a credit scoring system to guide loan approval decisions, or a civil engineer 

using cost estimation tools to assess project budgets. In each case, the professional is not simply 

executing tasks but actively interpreting, validating, and contextualising AI-generated outputs in 

relation to their own expertise and organisational context. This study focuses on knowledge workers - 

professionals whose work is primarily characterised by the use, creation, and application of knowledge 

- operating across sectors including technology, engineering, finance, and marketing. What these 

knowledge workers have in common is that AI tools are embedded in their everyday decision-making 

practices, requiring them to continuously negotiate between algorithmic recommendations and their 

own contextual judgment (Jarrahi, 2018; Gomez et al., 2025). 

In such environments, knowledge workers are required not only to use AI tools but also to interpret and 

critically assess AI-generated outputs in relation to contextual and organisational demands (Jarrahi, 

2018). This shift does not eliminate human decision-making; instead, it reconfigures it by redistributing 

cognitive work between humans and machines, placing greater emphasis on interpretation, validation, 

and contextual judgment (Raisch & Krakowski, 2021; Jarrahi et al., 2023). Consequently, the capacity 

to exercise sound judgment becomes increasingly central, as individuals must evaluate the relevance, 

reliability, and limitations of algorithmic recommendations while remaining accountable for final 

decisions. This presents a core problem: as AI systems become more deeply integrated into professional 

work, the processes through which knowledge workers develop, exercise, and sustain independent 

judgment remain poorly understood, particularly in the context of everyday work-based learning 

(Jarrahi, 2018; Engström et al., 2024; Borkovich et al., 2024). 

Central to this study is the relationship between professional judgment and decision-making - two 

concepts that are closely connected but analytically distinct. Professional judgment, as used in this 

study, refers to the context-sensitive and interpretive reasoning process through which decisions are 

formed and justified (Klein, 2008; Schön, 1983). Decision-making, by contrast, refers to the act of 

selecting and implementing a course of action. In AI-mediated work environments, these two 

dimensions are inseparable: every decision a knowledge worker makes when working with AI involves 
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an act of reasoning - about whether to trust an output, how to contextualise a recommendation, and 

when to override an algorithmic suggestion. Professional judgment is therefore not a capability that 

precedes or follows decision-making, but the cognitive and experiential process through which 

decisions are constructed in practice (Klein, 2008; Gomez et al., 2025). This understanding is consistent 

with experiential perspectives that view judgment as developing through repeated engagement with 

real-world situations, where individuals interpret information, reflect on outcomes, and refine their 

understanding over time (Kolb, 1984; Kolb & Kolb, 2005). Importantly, this developmental process is 

incremental - judgment is built through practice, feedback, and reflection rather than acquired through 

formal instruction alone (Boud & Garrick, 1999; Eraut, 2004). 

A growing body of research has examined how AI is reshaping organisational work. Studies on human–

AI collaboration have highlighted that knowledge workers increasingly assume the role of evaluators 

and sense-makers of AI outputs rather than sole decision-makers (Jarrahi, 2018; Schulte et al., 2022). 

Research on AI in human resource management has shown that algorithmic systems affect how 

decisions are made and how performance is assessed, raising questions about accountability, bias, and 

transparency (Bankins et al., 2022; Manoharan et al., 2024). Studies on organisational learning and 

digital transformation have demonstrated that AI reshapes how professionals acquire knowledge and 

develop competencies within workplace settings (Engström et al., 2024; Menzies et al., 2024). 

Together, these studies confirm that AI is not merely a technological addition to work but a 

transformative force that reconfigures how professionals think, decide, and learn. However, this body 

of research has predominantly focused on technological capabilities, performance outcomes, and 

organisational implications, with comparatively little attention given to how knowledge workers 

experience learning and judgment development through everyday interaction with AI systems in 

practice. 

This study draws on Work-Integrated Learning (WIL) as its conceptual framework, positioning learning 

as embedded in everyday work practices and developed through participation, experience, and 

reflection (Billett, 2001; Billett, 2011). Rather than treating learning as separate from work, WIL 

emphasises that knowledge is constructed through engagement in real tasks and interactions within 

organisational contexts. In AI-mediated environments, this perspective highlights that knowledge 

workers' learning occurs not only through human collaboration but also through interaction with 

technological systems that shape work activities and decision-making processes (Engström et al., 2024). 

Experiential Learning Theory (ELT), developed by Kolb (1984), serves as the analytical framework 

through which the learning processes identified within these WIL contexts are examined and 

interpreted. ELT conceptualises learning as a cyclical process involving four stages: concrete 

experience (CE), reflective observation (RO), abstract conceptualisation (AC), and active 

experimentation (AE). Where WIL locates learning in the work environment, ELT provides the 

analytical lens for tracing how that learning unfolds through these iterative cycles of experience, 

reflection, conceptualisation, and experimentation. 

In AI-mediated work environments, interaction with AI systems constitutes a form of CE, where 

knowledge workers engage with algorithmic outputs as part of their everyday tasks. These interactions 

require RO, as individuals must assess the validity and relevance of AI-generated recommendations in 

relation to their professional knowledge and situational context (Engström et al., 2024). Through 

repeated engagement, knowledge workers develop AC - contextual understandings of when and how 

AI can be relied upon. These insights then shape how they adjust their actions through AE. In this sense, 

the reasoning capability that guides decision-making in AI-supported work can be understood as an 

evolving outcome of this experiential learning cycle. 
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However, the integration of AI into work practices also introduces new challenges for knowledge 

workers' learning and judgment development. While AI systems can enhance learning by providing 

feedback, insights, and data-driven support, they may also constrain it if processes become opaque, 

standardised, or overly reliant on algorithmic outputs (Raisch & Krakowski, 2021; Menzies et al., 

2024). Research shows that AI-generated outputs are not always stable or contextually appropriate, 

requiring continuous human interpretation and validation (Kappe & Dzebo, 2025; Bankins et al., 2022). 

This creates a tension between efficiency and critical reflection, where knowledge workers must balance 

the benefits of AI-supported decision-making with the need to maintain independent reasoning and 

contextual judgment. 

Despite the growing body of scholarship reviewed above, a clear gap exists. Missing from this literature 

is an understanding of how knowledge workers experience learning and the development of interpretive 

reasoning through everyday interaction with AI systems in practice. There is limited research examining 

how experiential learning unfolds in AI-mediated environments, where interaction with algorithmic 

systems becomes a central part of work activity (Engström et al., 2024). Furthermore, while concepts 

such as human-in-the-loop decision-making are increasingly discussed (Jarrahi, 2018), existing studies 

tend to focus on outcomes rather than on the learning processes through which individuals interpret, 

reflect on, and adapt to algorithmic recommendations over time. The influence of organisational context 

on this process also remains insufficiently examined (Borkovich et al., 2024; Gómez Gandía et al., 

2025). This gap calls for qualitative, experience-centred research that treats learning and judgment as 

situated, practice-based processes within digitally mediated work contexts (Billett, 2011) - research that 

this study aims to provide. 

The purpose of this study is to examine how knowledge workers develop professional judgment through 

interaction with AI-supported systems in everyday work practices. The aim is to generate empirically 

grounded insights into how learning unfolds in AI-mediated work environments - specifically, how 

knowledge workers interpret and evaluate AI-generated outputs, how this shapes their reasoning and 

decision-making, and how their judgment develops through ongoing interaction with algorithmic 

systems over time. In doing so, the study contributes to WIL scholarship by extending it into AI-

mediated work contexts, provides an empirically grounded account of how professional judgment 

develops through interaction with algorithmic systems, and advances understanding of how experiential 

learning processes unfold when AI is embedded as an active participant in everyday work. 

To address this aim, the study is guided by the following research questions: 

MRQ: How does knowledge workers' interaction with AI-supported systems shape the development of 

professional judgment through work-integrated learning? 

SRQ1: How do knowledge workers in technology, engineering, finance, and related sectors interpret 

and use AI-generated recommendations in their everyday decision-making practices? 

SRQ2: How does interaction with AI-supported systems contribute to knowledge workers' learning 

processes over time? 

This thesis is structured into seven chapters. Chapter 1 introduces the research problem, establishes the 

research gap, and presents the study's purpose, aim, and research questions. Chapter 2 reviews relevant 

literature on WIL, professional judgment, and AI-mediated work environments. Chapter 3 presents the 

theoretical framework, while Chapter 4 outlines the methodological approach. Chapter 5 reports the 
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empirical findings through thematic analysis. Chapter 6 discusses the results by integrating the findings 

with relevant theoretical perspectives. Chapter 7 presents the conclusions of the study, outlines the 

research contributions, discusses the limitations, and offers directions for future research. 

1.1 Delimitations 

In order to clarify the boundaries of this study, several delimitations are acknowledged. First, the study 

focuses specifically on knowledge workers who actively use AI-supported tools in their everyday work 

- it does not examine professionals who use AI in a passive or purely administrative capacity. Second, 

the study is qualitative and interpretive in nature; it does not seek to measure, quantify, or generalise 

the development of professional judgment across populations, but rather to understand it in depth within 

specific professional contexts. Third, the study does not examine AI system design, algorithmic 

architecture, or technical performance - the focus is exclusively on how humans experience and interact 

with AI outputs. Fourth, the study does not address the use of AI in educational or formal training 

settings; the focus is on learning as it occurs informally through participation in everyday work 

practices. Fifth, while the study draws on participants from technology, engineering, finance, and 

marketing sectors, it does not claim to be representative of all knowledge-work sectors, and findings 

should be interpreted within this contextual scope. 
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2. Research Background 

Artificial intelligence (AI) is increasingly embedded in everyday organisational practices, where it 

supports decision-making through tools such as machine learning, predictive analytics, and decision-

support systems (Menzies et al., 2024). In these contexts, professionals interact with AI-generated 

outputs as part of their routine work, shaping how information is interpreted, decisions are made, and 

expertise is developed. This shift highlights the need to examine how learning unfolds within such 

environments, particularly from a Work-Integrated Learning (WIL) perspective. 

Traditionally, WIL has been understood as a process through which individuals develop knowledge and 

skills through participation in real-world work contexts, often emphasising human interaction, 

supervision, and experiential engagement (Billett, 2011). However, in AI-mediated environments, work 

is no longer solely shaped by human actors. Instead, professionals increasingly engage with algorithmic 

systems that generate recommendations, structure workflows, and influence decision-making 

processes. This shift suggests that learning in contemporary organisations is not only socially situated 

but also technologically mediated, requiring individuals to develop new ways of interpreting and 

interacting with knowledge. 

Within this study, professional judgment is understood as a dynamic and experiential capability that 

develops through engagement with work practices rather than as a fixed or purely cognitive skill. 

Professional judgment involves the ability to interpret information, evaluate alternatives, and make 

context-sensitive decisions, particularly in situations characterised by uncertainty. In AI-supported 

environments, this capability becomes increasingly important, as professionals must assess the validity, 

relevance, and limitations of AI-generated outputs. Rather than replacing human judgment, AI systems 

reshape how judgment is exercised, requiring individuals to balance data-driven insights with 

contextual understanding and experiential knowledge (Bandara et al., 2025). 

The transformation through WIL demonstrates that people learn through their daily work interactions 

with AI systems. Professionals develop their skills through work activities and through their interactions 

with algorithmic suggestions which they evaluate to modify their subsequent choices. This learning 

approach matches experiential learning theories because people acquire knowledge by going through 

experience and reflection followed by practical implementation (Kolb, 1984). AI-based decision-

making systems function as ongoing educational platforms which enable professionals to develop their 

judgment skills through their interactions with both other people and AI-based systems.  

Building on this conceptual positioning, the literature in this chapter is organised around three 

interrelated themes that together provide a foundation for understanding learning and decision-making 

in AI-mediated work environments. These themes reflect key areas of scholarly discussion relevant to 

this study, namely the transformation of WIL in AI contexts, the reconfiguration of work through AI-

mediated decision-making, and the organisational conditions that shape learning opportunities. 
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2.1 The Evolution of WIL in the Context of AI-Mediated Work Environments 

The integration of AI into organisational contexts has significantly transformed how work is performed 

and, consequently, how learning occurs within the workplace. Traditionally, WIL has been 

conceptualised as a process through which individuals develop knowledge and skills through 

participation in real-world work settings, emphasising human interaction, mentorship, and structured 

workplace experiences (Billett, 2011; Coll & Zegwaard, 2011). However, the increasing presence of AI 

systems challenges this traditional understanding by introducing new forms of interaction, where 

learning is shaped not only by human collaboration but also by engagement with algorithmic 

technologies. 

Recent research highlights that AI is no longer a peripheral tool but a central component of 

contemporary work systems. AI technologies such as machine learning, predictive analytics, and 

intelligent decision-support systems are increasingly embedded in organisational processes, enabling 

data-driven decision-making and real-time insights (Menzies et al., 2024). These systems influence how 

tasks are executed and how decisions are made, thereby redefining the nature of workplace 

participation. As a result, employees are required to interact with AI-generated outputs, interpret 

recommendations, and integrate them into their work practices. 

This transformation has direct implications for WIL. Learning is no longer limited to social interaction 

or experiential engagement with tasks alone; instead, it increasingly involves interaction with AI 

systems as part of everyday work activities. Studies on AI and workplace transformation indicate that 

AI reshapes job roles by automating routine tasks while simultaneously augmenting human capabilities, 

requiring employees to develop new competencies such as data interpretation, critical evaluation, and 

adaptive decision-making (Manoharan et al., 2024). In this sense, learning becomes embedded within 

ongoing interaction with AI tools, where individuals continuously adjust their understanding based on 

system feedback and evolving work demands. 

Furthermore, research on human–AI collaboration suggests that employees are not passive users of 

technology but active participants in a human–AI partnership, where they co-create outcomes through 

interaction with intelligent systems (Schulte et al., 2022). This collaborative dynamic repositions 

learning as a process that emerges through engagement with both human and technological actors. 

Employees must learn how to interpret AI outputs, recognise system limitations, and apply contextual 

judgment, thereby expanding the scope of experiential learning within WIL. 

From this approach, WIL in AI-mediated environments can be understood as a continuous and 

embedded learning process, rather than a discrete or structured activity. AI systems provide ongoing 

feedback, generate insights, and influence decision-making processes, creating opportunities for 

iterative learning through experience and reflection. However, the effectiveness of this learning depends 

on how individuals engage with these systems. While AI can support learning by providing timely and 

data-driven insights, it may also constrain learning if individuals rely uncritically on algorithmic 

recommendations (Engström et al., 2024). 

Overall, the integration of AI into workplace systems necessitates a reconceptualization of WIL. 

Learning in contemporary organisations is increasingly shaped by interaction with AI technologies, 

where professionals develop their capabilities through navigating and interpreting algorithmically 

mediated work environments. In response, professionals must develop what can be described as 

algorithmic reflexivity, the ability to critically interpret AI outputs and integrate them with contextual 

and ethical considerations (Jarrahi, 2018). This highlights that WIL in AI-mediated environments 
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extends beyond skill acquisition to include critical thinking, judgment, and responsible decision-

making, where knowledge becomes distributed across sociotechnical systems rather than located solely 

within individuals (Billett, 2011). 

2.2 AI-Mediated Decision-Making and the Reconfiguration of Work 

The integration of AI into organisational processes has fundamentally reshaped how decisions are 

generated, evaluated, and implemented. Across sectors such as human resource management, 

performance management, and international business, AI-driven systems increasingly support both 

operational and strategic decision-making through predictive analytics, pattern recognition, and data-

driven insights (Menzies et al., 2024). These systems enhance the capacity to process complex datasets 

and improve forecasting accuracy, but they also transform the nature of professional roles and decision 

authority within organisations. 

Rather than functioning as independent decision-makers, AI systems are typically embedded within 

human-in-the-loop configurations, where professionals are required to interpret, validate, and 

contextualise algorithmic outputs (Jarrahi, 2018; Gomez et al., 2025). This shift repositions 

professionals from primary decision-makers to interpreters and evaluators of AI-generated 

recommendations, reflecting a broader transition towards hybrid decision-making processes. Empirical 

research further supports that AI adoption alters job roles by automating routine tasks while increasing 

the importance of analytical, supervisory, and decision-integrative capabilities (Manoharan et al., 2024). 

However, this transformation is not purely technical. AI systems also reshape organisational authority, 

redistribute accountability, and influence how decisions are justified. Studies on AI-driven performance 

management and HR analytics demonstrate that algorithmic systems can affect employee evaluation, 

promotion, and resource allocation, raising concerns regarding bias, transparency, and fairness 

(Bandara et al., 2025). As a result, professionals must navigate not only technical outputs but also ethical 

and contextual considerations, reinforcing the importance of human judgment in AI-mediated decision-

making environments. 

Importantly, this restructuring of work creates new learning demands. Professionals are required to 

develop competencies such as algorithmic literacy, data interpretation, and critical evaluation of AI 

outputs. These competencies are central to contemporary work environments but remain insufficiently 

addressed within traditional conceptualisations of WIL, which have historically focused on human-

centred interactions rather than sociotechnical systems. 

AI-supported analytical systems have demonstrated strong capabilities in processing large volumes of 

data; however, their outputs are not inherently stable or objective. Research shows that the quality and 

relevance of AI-generated responses are highly dependent on prompt design, contextual framing, and 

iterative refinement, which significantly influence analytical outcomes (Kappe & Dzebo, 2025). 

Moreover, AI-generated outputs are not always consistent across multiple iterations, with studies 

indicating variation in results even when analysing the same data inputs. This inconsistency highlights 

the need for human interpretation and validation in AI-supported decision-making environments 

(Kappe & Dzebo, 2025). 

These developments require a reframing of how WIL is understood in digitally mediated contexts. 

Traditional WIL models do not fully capture how learning occurs when professionals must continuously 

negotiate between human judgment and algorithmically generated recommendations. Unlike traditional 

WIL experiences that are time-bound and structured around human mentorship, learning in AI-mediated 



   

 

  16 

 

environments occurs as part of everyday work practices, driven by continuous feedback and real-time 

data (Menzies et al., 2024). This shift challenges conventional notions of expertise, as knowledge 

becomes distributed across sociotechnical systems and is no longer located solely within the individual 

practitioner (Billett, 2011; Jarrahi et al., 2023). 

2.3 Organisational Conditions, Challenges, and Opportunities in AI-Enhanced 

Learning 

While AI technologies offer significant potential to enhance learning and decision-making, their impact 

is strongly shaped by organisational conditions, including culture, governance structures, and 

institutional practices. AI-mediated decision-making systems are embedded within existing 

organisational frameworks, where factors such as trust, transparency, and accountability influence how 

these systems are adopted and used (Borkovich et al., 2024). 

Research in AI-driven organisational contexts demonstrates that algorithmic systems increasingly 

influence key processes such as hiring, performance evaluation, and workforce management (Bandara 

et al., 2025). While these systems can enhance efficiency and objectivity, they also introduce risks 

related to bias and lack of explainability. Consequently, organisations must address governance 

challenges to ensure that AI systems support rather than undermine decision-making and learning 

processes. 

From a WIL perspective, these organisational conditions play a crucial role in shaping learning 

opportunities. In environments where AI systems are implemented with structured training, clear 

guidelines, and opportunities for reflection, professionals are more likely to engage critically with 

algorithmic outputs and develop their judgment through experiential learning. In contrast, in 

organisational cultures where AI outputs are treated as authoritative and unquestionable, learning may 

be constrained, and professionals may become overly reliant on automated systems. 

The literature also highlights broader transformations in organisational structures and work practices. 

AI adoption contributes to more flexible and data-driven organisational models, enabling real-time 

decision-making and continuous feedback (Menzies et al., 2024). These changes create new 

opportunities for learning by embedding feedback mechanisms directly into work processes. At the 

same time, they require professionals to navigate new forms of responsibility, as decision-making 

authority becomes distributed between human actors and algorithmic systems. 

In this context, learning extends beyond technical skill acquisition to include ethical reflexivity and 

critical engagement. Professionals must not only understand how to use AI systems but also evaluate 

their implications, question their outputs, and take responsibility for decisions (Gómez Gandía et al., 

2025). This highlights the need to reframe WIL in AI-mediated environments as a sociotechnical 

learning process, shaped by both technological capabilities and organisational conditions. 

The integration of AI into organisational work practices also carries significant implications for 

leadership. In digitally mediated environments, leaders are increasingly required to be data-literate, 

technologically aware, and capable of governing AI systems in ways that are ethically sound and 

organisationally coherent (Borkovich et al., 2024; Gómez Gandía et al., 2025). This represents a 

meaningful shift from traditional leadership models, which emphasised interpersonal influence and 

vision, towards more hybrid forms of leadership that must navigate both human and algorithmic 

dimensions of work (Bass & Riggio, 2006). Transformational leadership - characterised by the ability 

to inspire, support, and develop people toward shared goals - remains relevant in AI-mediated contexts, 
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but must now extend to include the capacity to guide knowledge workers in critically engaging with AI 

outputs, rather than simply adopting them uncritically (Bass & Riggio, 2006; Yukl, 2012). Inclusive 

leadership practices are particularly important in this regard, as they create the psychological safety and 

organisational trust that enable knowledge workers to question, reflect on, and learn from AI-supported 

decisions (Yukl, 2012; Engström et al., 2024). From a WIL perspective, leaders play a critical role in 

shaping the conditions under which learning occurs - whether through establishing structured reflection 

opportunities, supporting AI literacy development, or creating governance frameworks that maintain 

human accountability in AI-mediated decision-making (Borkovich et al., 2024). Where these conditions 

are absent, the development of professional judgment is likely to remain informal, uneven, and 

unsupported, which is precisely the pattern this study identifies in the empirical findings. 

  



   

 

  18 

 

 

 

 

 

3. Theoretical Framework 
 

This chapter presents the theoretical framework guiding the study. It establishes ELT as the core 

analytical lens used to examine how knowledge workers develop professional judgment through 

interaction with AI-supported systems in everyday work practices. Given that the research focuses on 

how learning emerges through everyday work practices, particularly through interaction with AI-

supported systems, ELT provides a suitable foundation for understanding how experience, reflection, 

and action contribute to professional development. The chapter outlines the key principles of ELT, 

situates the theory within broader learning scholarship, explains how it connects to WIL, and details 

how it is applied both to the empirical context of AI-mediated work environments and to the analytical 

interpretation of the study's findings. 

3.1 Experiential Learning Theory (ELT) 

ELT, developed by Kolb (1984), defines learning as a cyclical and continuous process in which 

knowledge is created through the transformation of experience. Rooted in the intellectual traditions of 

Dewey (1986) and Lewin (1951), ELT draws on a rich constructivist heritage that positions experience 

as the primary source of learning and development (Kolb & Kolb, 2005). In contrast to linear or purely 

cognitive models of learning, ELT emphasises that learning occurs through an iterative cycle involving 

four interconnected stages: concrete experience (CE), reflective observation (RO), abstract 

conceptualisation (AC), and active experimentation (AE). 

Kolb's (1984) learning cycle emphasizes that learning is not static but evolves through ongoing 

interaction with the environment. Each stage is interdependent: without reflection, experience does not 

produce insight; without conceptualisation, reflection does not produce transferable understanding; and 

without experimentation, conceptualisation does not produce changed behaviour (Kolb & Kolb, 2009). 

Importantly, ELT emphasises that experience alone does not automatically result in learning- rather, 

learning depends on the individual's ability to critically reflect on and interpret their experiences (Moon, 

1999; Boud et al., 1985). 

Within the context of work, ELT provides a strong foundation for understanding how professional 

knowledge and competence develop over time. Learning is embedded within everyday activities, where 

individuals continuously adapt, reflect, and refine their actions (Schön, 1983). This makes ELT 

particularly relevant for examining WIL, where learning is not separated from work but occurs through 

active participation in work practices (Billett, 2011; Boud & Garrick, 1999). Several scholars have 

extended ELT to professional and workplace settings, arguing that cycles of experience and reflection 

are central to the development of practical expertise and judgment in complex, real-world environments 

(Eraut, 2004; Fenwick, 2008). 
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Figure 1. Kolb's Experiential Learning Cycle. Adapted from Kolb (1984). 

3.2 Work-Integrated Learning and Experiential Learning: A Conceptual 

Connection 

WIL and ELT share a common conceptual foundation in that both position learning as inseparable from 

engagement with real-world activities. WIL has traditionally been understood as a process through 

which individuals develop knowledge, skills, and professional capabilities through participation in 

authentic work contexts (Billett, 2011; Patrick et al., 2008). Central to this understanding is the idea 

that workplace participation creates the conditions for learning - not merely as a backdrop, but as the 

primary site through which competence is constructed (Billett, 2001; Coll & Zegwaard, 2011). 

ELT complements and deepens this understanding by providing a structured account of how learning 

actually unfolds within those participatory contexts. Where WIL identifies the workplace as the setting 

for learning, ELT explains the process through which that learning occurs, through cycles of experience, 

reflection, conceptualisation, and experimentation (Kolb, 1984; Kolb & Kolb, 2005). Together, they 

offer a comprehensive framework for understanding professional development: WIL locates learning 

in the work environment, while ELT traces the cognitive and reflective mechanisms through which that 

learning takes shape (Boud & Garrick, 1999; Eraut, 2004). 

In AI-mediated work environments, this connection becomes particularly significant. As professionals 

increasingly interact with algorithmic systems as part of their everyday work, the boundaries between 

working and learning become further blurred (Engström et al., 2024; Menzies et al., 2024). Interaction 

with AI-generated outputs constitutes a form of workplace participation that generates experience, 

demands reflection, and shapes how professionals develop judgment over time. In this sense, WIL and 

ELT together provide the conceptual foundation for understanding learning in AI-mediated 

environments as a continuous, practice-based, and technologically shaped process (Jarrahi et al., 2023; 

Carlsson et al., 2025). 
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3.3 Applying ELT to AI-Mediated Work Contexts 

In this study, ELT is applied as an analytical lens to understand how learning unfolds in AI-mediated 

decision-making environments. In such contexts, professionals regularly interact with algorithmic 

systems that generate recommendations, predictions, and data-driven insights. These interactions form 

a central part of everyday work and therefore constitute a key source of experience. 

From an ELT perspective, engagement with AI systems can be understood as a form of CE, where 

individuals encounter and work with algorithmic outputs in real time. These experiences often require 

interpretation, evaluation, and contextualisation, particularly when AI-generated recommendations do 

not fully align with situational or organisational realities. 

This leads to RO, where professionals assess the reliability, relevance, and implications of AI outputs. 

Through repeated engagement, individuals begin to develop a deeper understanding of how AI systems 

function, when they can be trusted, and how they should be used. This corresponds to AC, where 

individuals form mental models and frameworks for working with AI-supported systems. 

Finally, these insights are applied in practice through AE, as professionals adjust their decision-making 

strategies and refine their actions based on outcomes. In this way, AI-mediated work environments 

provide continuous opportunities for experiential learning, as individuals move through iterative cycles 

of experience, reflection, and action. 

3.4 Analytical Framework for the Study 

While section 3.3 established how ELT maps conceptually onto AI-mediated work environments, this 

section explains specifically how the four stages of Kolb's (1984) learning cycle function as an 

analytical framework guiding the interpretation of empirical data in this study. This distinction is 

important: where section 3.3 addressed theoretical application, this section addresses analytical 

operationalisation, that is, how ELT stages were used as interpretive categories when analysing 

participant accounts (Anfara & Mertz, 2015; Merriam & Tisdell, 2016). 

Within this analytical framework, CE was used to identify instances where participants described direct 

engagement with AI-generated outputs as part of their everyday work. These included moments of 

encountering recommendations, acting on algorithmic suggestions, and navigating AI-supported 

decisions in real time. Identifying these moments across interviews provided the empirical baseline 

from which learning processes were traced. 

RO was used to identify instances of critical evaluation, where participants reflected on the reliability, 

accuracy, or appropriateness of AI outputs, questioned recommendations, or drew on contextual 

knowledge to assess algorithmic suggestions. This stage was analytically significant because it captured 

the interpretive work professionals perform between receiving an AI output and acting on it (Boud et 

al., 1985; Schön, 1983). 

AC was used to identify evidence of developing conceptual understanding, where participants described 

forming mental models of when AI can be trusted, recognising patterns in system behaviour, or 

articulating principles that guide their use of AI over time. This stage captured the more tacit, 

accumulated dimension of professional learning that develops through sustained engagement (Eraut, 

2004). 
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Finally, AE was used to identify instances where participants described adjusting their behaviour, 

refining their decision-making approaches, or experimenting with new ways of working with AI 

systems based on prior experience and reflection. This stage provided evidence of learning translating 

into changed professional practice (Kolb & Kolb, 2009). 

By structuring the analysis around these four interconnected stages, ELT enables a process-oriented 

understanding of how professional judgment is developed and reshaped in AI-mediated environments. 

Rather than viewing judgment as a fixed capability, this framework highlights how it evolves 

dynamically through continuous interaction, reflection, and adaptation within everyday work practices 

(Moon, 1999; Fenwick, 2008). 

3.5 Professional Judgment as an Outcome of Experiential Learning 

Within this theoretical framework, professional judgment is understood as an outcome of experiential 

learning rather than a fixed or static capability (Eraut, 2004; Klein, 2008). Professional judgment 

involves the ability to interpret information, evaluate alternatives, and make context-sensitive decisions, 

particularly in situations characterised by uncertainty and complexity (Schön, 1983; Klein, 2008). In 

AI-mediated environments, this capability is shaped by ongoing interaction with algorithmic systems, 

as professionals must learn how to interpret AI-generated outputs, assess their reliability, and integrate 

them with contextual knowledge and experience (Jarrahi, 2018; Raisch & Krakowski, 2021). 

This process aligns closely with ELT, as judgment develops through repeated cycles of experience, 

reflection, conceptualisation, and experimentation (Kolb, 1984; Kolb & Kolb, 2009). Over time, 

individuals refine their ability to balance reliance on AI with independent reasoning, leading to more 

informed and contextually appropriate decisions (Bandara et al., 2025; Manoharan et al., 2024). This 

developmental trajectory is consistent with research on professional expertise, which emphasises that 

judgment is built incrementally through practice, feedback, and reflection rather than acquired through 

formal instruction alone (Boud & Garrick, 1999; Eraut, 2004). 

Importantly, this perspective challenges the notion that AI replaces human judgment. Instead, AI 

reshapes how judgment is developed and exercised, making it more dynamic and interaction-based 

(Jarrahi, 2018; Engström et al., 2024). Professional judgment thus emerges as a product of continuous 

learning within AI-mediated work environments, shaped as much by the limitations and uncertainties 

of algorithmic systems as by their capabilities (Raisch & Krakowski, 2021). 
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4. Methodology 

This chapter outlines the methodological approach used to explore how knowledge workers develop 

professional judgment through interaction with AI-supported systems in everyday work practices. The 

chapter follows the logic of the research process itself, showing how the study was designed to capture 

how learning, reflection, and judgment emerge in everyday work practices (Creswell & Poth, 2018). It 

presents the epistemological positioning, research design, data collection procedures, analytical process, 

and ethical considerations that guided the study.  

4.1 Research Philosophy and Research Approach 

This study is grounded in an interpretivist epistemological philosophy, which assumes that knowledge 

is constructed through human interaction and shaped by social and organisational contexts (Bryman, 

2016; Schwandt, 1994; Creswell & Poth, 2018). Interpretivism holds that social reality is not fixed or 

objective but is instead constituted through the meanings that individuals attribute to their experiences 

(Denzin & Lincoln, 2018; Patton, 2015). From this view, reality is considered multiple and context-

dependent, meaning that individuals may interpret the same situation differently depending on their 

experiences, roles, and organisational environments. This epistemological stance is particularly 

appropriate for this study because it foregrounds the subjective, meaning-laden nature of professional 

judgment - a capability that cannot be reduced to observable behaviour or measurable outcomes, but 

must be understood through the lived experiences of those who exercise it (Schön, 1983; Lincoln & 

Guba, 1985). 

This study examines how knowledge workers develop professional judgment through interaction with 

AI-supported systems in everyday work practices. To examine these processes, a qualitative research 

approach was adopted. Qualitative research is particularly suited to exploring lived experiences and 

meaning-making in context-dependent settings (Denzin & Lincoln, 2018). Because such processes are 

socially embedded and experience-based, they require in-depth, context-sensitive investigation rather 

than the measurement of variables or the testing of hypotheses (Creswell & Poth, 2018; Maxwell, 2013). 

Within this interpretivist framework, the study adopts a qualitative, exploratory design based on semi-

structured interviews with knowledge workers who actively use AI-supported systems in their daily 

work. The focus is on understanding how judgment is constructed and reshaped over time through 

interaction with AI systems, rather than on identifying causal relationships or producing generalisable 

findings (Creswell & Poth, 2018; Maxwell, 2013). This design aligns with the study's theoretical 

framework, in that ELT conceptualises learning as a cyclical process involving experience, reflection, 

and action (Kolb, 1984), and WIL frames learning as emerging through participation in everyday work 

practices (Billett, 2001). A qualitative approach enables the study to trace these processes as they are 
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experienced and described by participants, providing the depth of insight that the MRQ and SRQs 

demand. 

4.2 Method of Data Collection 

Data were collected through semi-structured interviews in order to understand how knowledge workers 

interpret AI-generated outputs and incorporate them into their decision-making and learning processes. 

This method was selected because it allows participants to articulate their experiences in their own 

words while still providing a structure for exploring the key themes relevant to the research questions 

(Kvale & Brinkmann, 2009; Bryman, 2016). Semi-structured interviews are particularly well suited to 

studies informed by ELT and WIL, as they create the space for participants to describe concrete work 

experiences, reflect on their meaning, and articulate how their understanding and judgment have 

developed over time, mirroring the very learning processes the study seeks to examine. 

An interview guide was developed prior to data collection to ensure consistency across interviews while 

maintaining the flexibility needed to follow emerging themes (Kvale & Brinkmann, 2009). The guide 

was structured around the study's research questions and covered themes including AI-supported 

decision-making, professional judgment, learning experiences, organisational context, and reflective 

practices. Questions were framed in accessible, everyday language to allow participants to describe 

their experiences without being constrained by academic terminology. Participants were invited to 

describe specific situations in which AI systems had influenced their decisions, how they had responded 

to and evaluated these situations, and how their understanding and practice had evolved through 

repeated engagement with AI-supported systems. This design ensured that the data collected remained 

directly relevant to the MRQ, namely, how knowledge workers' interaction with AI-supported systems 

shapes the development of professional judgment through work-integrated learning. The full interview 

guide is provided in Appendix D. 

Participants were recruited through the researchers' personal and professional networks, using 

purposive sampling to ensure that all selected individuals actively used AI-supported tools as part of 

their everyday work responsibilities (Patton, 2015). The primary criterion for inclusion was regular and 

active engagement with AI-generated outputs in a professional decision-making context. A deliberate 

effort was made to include participants from a range of sectors, including technology, engineering, 

finance, and marketing, in order to capture diverse perspectives on how AI-mediated work shapes 

learning and judgment across different organisational contexts. Participants were approached directly 

via email or messaging platforms and provided with a written information sheet explaining the study's 

purpose, their rights as participants, and how their data would be used. Written informed consent was 

obtained from all participants prior to each interview, in accordance with the ethical protocol outlined 

in section 4.5 (see Appendix C). Interviews were conducted online via Microsoft Teams, using both 

audio and video, and lasted between 30 and 40 minutes. Data collection took place between February 

and March 2026. Thematic saturation was approached after the tenth interview, meaning that new 

interviews were no longer generating substantially new perspectives on the research questions, which 

confirmed the adequacy of the sample size for a qualitative study of this scope (Bryman, 2016). 

Table 1 below provides an overview of the interview participants, including their professional roles, 

industry sectors, interview duration, and date of interview. The sample comprises ten knowledge 

workers drawn from technology, engineering, finance, marketing, and related sectors, reflecting the 

range of organisational contexts in which AI-supported systems are used. 
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Participant 

ID 

Position Sector Interview Duration Date of Interview 

P1 Java Backend 

Developer 

IT / Software 

 

38m 54s 2026-02-23 

P2 Software Developer IT / Software 36m 25s 2026-03-01 

P3 Data Engineer IT / Software 32m 50s 2026-03-04 

P4 Financial Executive 

Officer 

Banking 31m 20s 2026-03-05 

P5 Java Backend 

Developer 

IT / Software 35m 10s 2026-03-06 

P6 Software Developer IT / Software 36m 40s 2026-03-06 

P7 Civil Engineer Engineering 32m 50s 2026-03-09 

P8 Privacy Security 

Auditor 

Automobiles 33m 20s 2026-02-27 

P9 Brand Strategist Marketing 32m 21s 2026-03-16 

P10 System 

Administrator 

IT / Software 31m 31s 2026-03-09 

Table 1. Table of Participants of interview (P) including their positions, sectors, interview durations 

and interview dates. 

4.3 Analytical Process 

Data were analysed using reflexive thematic analysis, following the six-phase approach developed by 

Braun and Clarke (2006). This method was selected because it is theoretically flexible and well suited 

to interpretivist research concerned with identifying patterns of meaning across qualitative data (Braun 

& Clarke, 2006; Patton, 2015). The analytical process combined two complementary orientations: an 

inductive approach was used during the initial coding phase, allowing codes to emerge directly from 

participants' accounts without imposing predetermined categories; and an abductive orientation was 

maintained throughout the broader analytical process, meaning that as coding progressed, the 

researchers moved iteratively between the data and the theoretical framework of ELT, allowing theory 

to illuminate emerging patterns rather than to predetermine them. This combination of inductive coding 

and abductive interpretation is consistent with reflexive thematic analysis in interpretivist research, 

where openness to data and theoretical sensitivity are maintained simultaneously (Braun & Clarke, 

2006; Patton, 2015; Creswell & Poth, 2018). 

The analytical process began with familiarisation, in which all ten interview transcripts were read 

repeatedly to develop a thorough understanding of the data as a whole (Braun & Clarke, 2006). 

Following this, initial codes were generated systematically across the dataset by identifying recurring 

ideas, patterns, and significant moments in participants' accounts. Codes were assigned to units of 

meaning - phrases, sentences, or exchanges - that were relevant to the research questions. Examples of 

initial codes included: interpreting AI outputs, partial reliance on AI, overruling AI recommendations, 
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learning through trial and error, confidence and caution with AI, and reflection on AI-supported 

decisions. 

In the third phase, codes were grouped into potential themes by identifying relationships and patterns 

across the dataset. Related codes were clustered into broader categories that captured shared conceptual 

meaning. These candidate themes were then reviewed in phase four against both the coded extracts and 

the full dataset to assess their coherence, distinctiveness, and relevance to the research questions (Braun 

& Clarke, 2006). Themes were refined, merged, or redefined where necessary to ensure they accurately 

represented the data. 

In phase five, each theme was defined and named to clearly articulate its analytical focus and its 

relationship to the study's research questions. The final three themes - T1: Interpretation of AI Outputs, 

T2: Influence of AI on Decision-Making Processes, and T3: Development of Professional Judgment - 

were identified as the most coherent and analytically significant categories across the dataset. The sixth 

and final phase involved writing up the findings, in which representative quotations and paraphrased 

excerpts were selected to substantiate each theme and to maintain the connection between analysis and 

raw data (Braun & Clarke, 2006; Miles et al., 2014). 

The coding structure is presented visually in Figure 2 below, illustrating the analytical pathway from 

initial codes to final themes. 

Figure 2. Coding Structure Tree: From Data-Driven Codes to Subthemes and Final Themes 

Beyond representing the analytical structure, the coding tree also provides insight into how learning 

unfolds in relation to ELT. Many of the initial codes, such as interpreting AI outputs, decision-making 

with AI, and learning through AI use, reflect concrete experiences, where professionals directly engage 

with AI systems in practice. Codes related to reflection, peer discussion, and questioning algorithmic 

recommendations correspond to reflective observation, as participants evaluate and make sense of these 

experiences. However, fewer codes were associated with structured learning mechanisms, such as 
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formal training or systematic feedback, indicating limited development of abstract conceptualisation 

and active experimentation. This suggests that while learning is continuously generated through 

interaction with AI, the full experiential learning cycle is often incomplete, highlighting the fragmented 

nature of learning in AI-mediated work environments (Kolb, 1984). 

 

4.4 Trustworthiness and Analytical Rigour 

Ensuring the credibility and rigour of qualitative research requires deliberate strategies that address the 

trustworthiness criteria established by Lincoln and Guba (1985): credibility, dependability, 

confirmability, and transferability. These criteria provide a qualitative equivalent to the validity and 

reliability standards applied in quantitative research and are widely used to evaluate the rigour of 

interpretivist studies (Creswell & Poth, 2018; Patton, 2015). 

Credibility - the confidence that the findings accurately represent participants' experiences - was 

strengthened through the use of in-depth semi-structured interviews, which allowed participants to 

elaborate on their experiences in their own terms and to correct or clarify the interviewer's understanding 

during the conversation (Lincoln & Guba, 1985; Kvale & Brinkmann, 2009). Credibility was further 

supported by grounding all interpretations directly in participants' own words, with direct quotations 

used throughout Chapter 5 to maintain a transparent connection between the data and the analysis. 

Dependability - the consistency and stability of the analytical process - was addressed by documenting 

each stage of the analysis systematically, including how initial codes were developed, how candidate 

themes were refined, and how final themes were defined and justified (Creswell & Poth, 2018). The 

six-phase analytical process described in section 4.3 provides an audit trail that allows the analytical 

decisions made throughout the study to be examined and evaluated (Lincoln & Guba, 1985). 

Confirmability - the degree to which the findings reflect the participants' perspectives rather than the 

researchers' assumptions - was addressed through ongoing reflexivity on the part of both researchers. 

Throughout the data collection and analysis process, the researchers actively monitored their own 

assumptions, interpretive tendencies, and potential biases, and made deliberate efforts to remain close 

to participants' accounts rather than projecting predetermined conclusions onto the data (Finlay, 2002; 

Lincoln & Guba, 1985). This reflexive stance is consistent with interpretivist research practice, which 

acknowledges that the researcher is not a neutral observer but an active participant in the production of 

knowledge (Denzin & Lincoln, 2018). 

As researchers conducting interviews with knowledge workers in AI-mediated work environments, it 

is important to acknowledge our own positionality. Both researchers have educational backgrounds in 

work-integrated learning and familiarity with digital technologies, which may have shaped how 

interview questions were framed and how participant responses were interpreted. To mitigate the risk 

of researcher bias, interview questions were designed to be open and non-leading, and analytical 

decisions were discussed and reviewed jointly by both researchers throughout the process. Additionally, 

power dynamics between the researchers and participants were carefully considered — participants 

were explicitly informed of their right to withdraw at any time, and interviews were designed to feel 

conversational rather than evaluative. A potential AI familiarity bias was also acknowledged, in that 

participants who are highly experienced with AI tools may describe their interactions differently from 

those with limited exposure. This was addressed by recruiting participants across a range of sectors and 
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experience levels, and by treating all accounts as equally valid perspectives on the research phenomena 

(Finlay, 2002; Denzin & Lincoln, 2018). 

Transferability - the extent to which the findings may be relevant to other settings - was supported by 

providing rich, detailed descriptions of the research context, participant characteristics, and the 

organisational environments in which they work (Lincoln & Guba, 1985). While qualitative research of 

this kind does not aim for statistical generalisation, the thick description of context enables readers to 

assess the degree to which the findings resonate with or may be applicable to similar AI-mediated 

professional settings (Patton, 2015). 

Methodological coherence - the alignment between the study's epistemological assumptions, theoretical 

framework, and methods, is not merely asserted here but requires justification (Maxwell, 2013). An 

interpretivist epistemology is consistent with the study's concern with meaning-making, subjective 

experience, and socially situated judgment, none of which can be adequately captured through 

deductive or measurement-based approaches (Bryman, 2016; Schwandt, 1994). ELT as the analytical 

framework is compatible with this epistemology because it conceptualises learning as constructed 

through experience and reflection rather than as the acquisition of objective knowledge (Kolb, 1984; 

Boud et al., 1985). The qualitative interview design is coherent with both, as it generates the kind of 

rich, experience-centred data that ELT-informed analysis requires (Kvale & Brinkmann, 2009). Without 

this alignment, there is a risk that the methods used would be mismatched with what the study is actually 

trying to understand, a fundamental problem in qualitative research design that undermines the validity 

of the findings (Maxwell, 2013; Creswell & Poth, 2018). 

4.5 Ethical Considerations 

Ethical considerations were addressed throughout the research process, from the initial design stage 

through to data collection, analysis, and reporting. Prior to each interview, the researchers took the 

following practical steps to ensure informed and voluntary participation: each participant received a 

written information sheet by email explaining the purpose of the study, what their participation would 

involve, how the data would be used, and who would have access to it. Participants were explicitly 

informed that their involvement was entirely voluntary and that they could withdraw at any time without 

providing a reason or facing any consequences. Written informed consent was obtained from each 

participant before the interview commenced, in line with established qualitative research ethics 

guidelines (Israel & Hay, 2006). 

Confidentiality required particular attention in this study, as participants were invited to discuss 

decision-making practices and AI system use within their organisations - information that may be 

commercially or professionally sensitive. To manage this, all identifying information including names, 

job titles, and organisational details were removed during transcription and replaced with anonymised 

participant identifiers (P1–P10). In cases where specific details might have enabled the identification 

of a participant or their organisation, descriptions were carefully adjusted to preserve anonymity without 

distorting the substance of the account. This approach is consistent with qualitative research ethics 

guidelines that prioritise the protection of participants in context-specific studies (Kvale & Brinkmann, 

2009). 

All audio recordings and transcripts were stored securely on password-protected devices and were 

accessible only to the two researchers involved in the study. Data will be retained for the duration of 

the research project and deleted thereafter in accordance with institutional data management guidelines. 
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Attention was also given to how participants were represented in the analysis and writing. The focus of 

the study was on understanding how professionals experience working with AI-supported systems, not 

on evaluating the quality of their decisions or their professional competence. Care was taken throughout 

the writing process to represent participants' accounts in a respectful and balanced manner, avoiding 

any framing that could be interpreted as critical or judgemental of individual participants. 

Finally, reflexivity formed an important part of the ethical approach. As the study relies on 

interpretation, both researchers remained actively aware of their own positionality and its potential 

influence on the research process and the analysis. Efforts were made throughout to stay close to 

participants' own accounts and to make interpretive choices transparent and auditable (Finlay, 2002). 
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     5. Findings 

This chapter presents a grounded, participant-centred account of how knowledge workers experience 

and interpret interaction with AI-supported decision-making systems in their everyday work practices, 

consistent with the qualitative, interpretivist approach established in the preceding chapters. It offers a 

thematic analysis of interview data, focusing on how knowledge workers engage with AI-generated 

outputs, how these interactions influence decision-making processes, and how professional judgment 

develops through lived work experience. Building on the analytical procedures outlined in Chapter 4, 

the findings highlight how learning unfolds within AI-mediated environments, where work and learning 

are increasingly intertwined. In line with qualitative research practice, this chapter presents both the 

empirical findings and an initial interpretive analysis of each theme. Deeper theoretical interpretation 

and discussion of the findings in relation to existing literature are developed in Chapter 6.  

All findings are grounded in participants' narratives and interpreted through relevant theoretical 

perspectives. ELT (Kolb, 1984) is used to trace how learning emerges through cycles of experience, 

reflection, conceptualisation, and action, while WIL provides a lens for understanding how knowledge 

and professional capability are developed informally through engagement with everyday work 

practices. In this context, interaction with AI systems is conceptualised not merely as tool usage, but as 

a central site of experiential learning through which professional judgment is constructed and refined.  

A key distinction within the analysis lies between interpretation and transformation. The first theme 

focuses on how knowledge workers make sense of AI outputs in routine situations, emphasising 

evaluation, validation, and contextualisation as part of everyday work practices. In contrast, the third 

theme captures deeper developmental processes, where repeated interaction with AI systems contributes 

to shifts in how professionals think, decide, and exercise judgment over time. While the former reflects 

the immediate and situational dimension of learning, the latter highlights its cumulative and 

developmental character, demonstrating how professional judgment evolves through sustained 

engagement with AI-supported systems.  

The formal response to the research questions - concerning how knowledge workers interpret AI-

generated recommendations (SRQ1) and how such interactions contribute to the development of 

professional judgment through work-integrated learning (SRQ2) - is further elaborated in Chapter 6. 

Within this chapter, direct quotations and paraphrased excerpts from the interviews are used to 

substantiate each thematic category, providing situated insights into how knowledge workers navigate 

AI-mediated work environments. Each quotation is attributed to the relevant participant using 

anonymised identifiers (P1-P10) in accordance with the ethical protocol outlined in Chapter 4. Where 

appropriate, connections to existing literature are introduced to position the findings within broader 

academic discussions on AI, decision-making, and workplace learning.  

Rather than making generalised claims, this chapter focuses on interpreting participants' subjective 

experiences as expressed during the interviews. In doing so, it provides a nuanced and empirically 

grounded understanding of how professionals engage with AI systems, how they balance algorithmic 

outputs with contextual knowledge, and how their professional judgment develops through ongoing 

interaction with AI in real-world work settings. 
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5.1 Thematic Overview 

The following sections present the thematic findings derived from a reflexive analysis of participant 

interviews, focusing on how knowledge workers experience and engage with AI-supported decision-

making in their everyday work. Each theme captures a distinct yet interconnected dimension of how 

individuals interpret AI-generated outputs, make decisions, and develop professional judgment through 

ongoing work practices. Together, these themes provide insight into how learning unfolds within AI-

mediated environments, where interaction with algorithmic systems becomes an integral part of 

professional activity. 

Each theme addresses a specific aspect of the research questions, particularly how knowledge workers 

interpret AI recommendations and how such interactions contribute to the development of professional 

judgment through work-integrated learning. Rather than treating AI as a purely technical tool, the 

findings highlight its role as a mediating element in learning, shaping how knowledge workers reflect, 

adapt, and make decisions in context. A visual representation of the themes, their interrelationships, and 

the underlying code structure is presented in Figure 2 in Chapter 4, illustrating how data-driven codes 

were clustered into higher-order analytical categories.  

The thematic groupings function as both analytical tools and organising principles for this chapter. To 

reflect the constructivist and abductive orientation of the study, each section heading combines an 

analytical label (e.g., T1) with a participant-informed phrase that captures how key ideas are expressed 

in practice. This approach maintains analytical clarity while preserving the richness of participants' 

lived experiences. The initial theme labels developed during coding serve as conceptual anchors, while 

the accompanying participant expressions enhance interpretive depth and accessibility. 

Although grounded in participants' accounts, the themes are interpreted through selected theoretical 

perspectives. ELT is used to trace how learning develops through cycles of experience, reflection, 

conceptualisation, and action, while WIL highlights how professional knowledge emerges through 

situated engagement in everyday work practices. Within this framework, interaction with AI systems is 

understood as a central site of experiential learning, where professional judgment is continuously 

shaped and refined through practice (Kolb, 1984). 

5.1.1 T1: Interpretation of AI Outputs - "AI as a guide, not a decision-maker" 

This theme explores how knowledge workers described interpreting and engaging with AI-generated 

recommendations within their everyday work practices. It directly informs SRQ1 by illustrating how 

individuals make sense of algorithmic outputs and integrate them into their decision-making processes. 

Rather than being perceived as authoritative, AI systems were consistently framed as supportive tools 

that require human validation and contextualisation. Learning, in this sense, was not associated with 

formal training on AI systems but emerged through ongoing interaction, practical use, and reflective 

engagement with AI outputs in real work situations. Unlike Themes 2 and 3, which examine how AI 

reshapes decision-making practices and longer-term judgment development, this theme focuses 

specifically on the immediate interpretive work that occurs each time a knowledge worker encounters 

an AI-generated output.  

Several participants highlighted that AI recommendations are treated as "suggestions" or "starting 

points" rather than final decisions. P3 (Data Engineer) stated that "I interpret the AI output as guidance, 

but it still requires engineering judgement and validation before acting on it," while P5 (Java Backend 

Developer) emphasised that AI suggestions must always be "checked against context before applying" 
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and are treated as "a second opinion" rather than a definitive answer. These accounts suggest that 

knowledge workers engage actively with AI outputs, evaluating their relevance based on experience 

and situational awareness. This interpretive process reflects the broader challenge identified in existing 

research, where AI-generated outputs are shaped by input design and contextual framing, requiring 

careful human interpretation to ensure meaningful and accurate use. 

This process of interpretation frequently requires knowledger workers to question the accuracy and 

applicability of AI outputs. Participants described situations where AI-generated insights were useful 

for quick analysis but lacked contextual sensitivity, requiring adjustment before implementation. P2 

(Software Developer) noted that AI gives "generic advice" and that contextual business rules must be 

fed into the system explicitly, since "AI won't know your actual business rule." In this sense, knowledge 

workers act as mediators between algorithmic outputs and real-world conditions, ensuring that decisions 

remain contextually appropriate. Such interpretive practices function as key learning moments, where 

individuals refine their ability to critically assess and utilise AI-generated information. 

Experiential learning in this context was often described as iterative and reflective. Participants reported 

learning through repeated exposure to AI outputs, particularly by observing when recommendations 

were helpful and when they were misleading. P8 (Privacy Security Auditor) noted that AI can 

"hallucinate" and "make up data," which prompted a heightened practice of cross-checking outputs 

against factual sources. These reflective practices align with the RO phase of ELT (Kolb, 1984), where 

learning occurs through critical evaluation of experience.  

Participants also emphasised that working with AI requires a heightened level of awareness and 

responsibility. Rather than simplifying decision-making, AI introduces an additional layer of 

complexity, as knowledge workers must continuously assess the reliability and limitations of system-

generated outputs. This often leads to cautious engagement, where AI is used as a supportive input but 

not fully trusted. P1 (Java Backend Developer) described this approach as becoming "more confident 

and on the other hand, more cautious as well," while P3 similarly reflected that confidence comes from 

understanding how the systems work, but caution arises because "AI outputs are not always perfect, 

especially when the input data is messy." P4 (Financial Executive Officer) captured the same duality: 

"I think I've become more confident, but also more cautious at the same time." This aligns with broader 

institutional perspectives that emphasise the importance of responsible and critical engagement with AI 

systems, particularly in contexts where decisions carry practical or ethical implications. 

Across interviews, it became evident that interpretation is not a one-time activity, but an ongoing 

process embedded within everyday work. Knowledge workers learn to navigate AI systems through 

repeated interaction, gradually developing an understanding of when to trust outputs and when to rely 

on their own judgment. However, this learning is largely informal and occurs without structured 

guidance or training, making it dependent on individual experience and reflection. 

Taken together, these findings demonstrate that interaction with AI is fundamentally an interpretive and 

experiential practice, where knowledge workers actively engage with, question, and adapt algorithmic 

outputs. This process represents a key site of work-integrated learning, where knowledge and capability 

are developed through practice rather than formal instruction, laying the foundation for the decision-

making dynamics explored in the following theme. 
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5.1.2 T2: Influence of AI on Decision-Making Processes - "Balancing data and intuition" 

This theme examines how interaction with AI systems reshapes decision-making practices and the skills 

required to engage effectively with algorithmic outputs. It addresses SRQ1 and SRQ2 by highlighting 

how knowledge workers adapt their decision-making strategies in response to AI-supported 

environments and how this interaction contributes to learning through work. Unlike T1, which focused 

on how knowledge workers interpret individual AI outputs in the moment, this theme examines the 

broader and more sustained influence of AI on decision-making processes - including the skill gaps, 

structural challenges, and informal learning strategies that emerge when knowledge workers must 

continuously negotiate between algorithmic recommendations and their own professional reasoning. 

Rather than formal training, these competencies were largely developed through experience, often under 

conditions of uncertainty and limited guidance.  

Participants consistently described a gap between the increasing presence of AI tools in their work and 

the lack of structured preparation for using them effectively. Many reported that they were expected to 

use AI systems without sufficient training in how to interpret outputs, assess reliability, or understand 

underlying logic. P2 (Software Developer) highlighted this disconnect directly, noting that AI generates 

"generic advice" based on external knowledge but "won't know your actual business rule" - knowledge 

workers must provide full context themselves, or risk acting on misaligned recommendations. P6 

(Software Developer) reinforced this, observing that AI recommendations frequently fail to align with 

objectives "because the AI does not have the full overall context in which the product is being built." 

This lack of preparation often led to uncertainty, particularly in situations where AI outputs appeared 

inconsistent or difficult to interpret. 

A recurring concern across interviews was the need for algorithmic literacy and critical evaluation skills. 

Participants described situations where AI recommendations were useful but required careful 

validation. For instance, P3 (Data Engineer) described checking "sensor quality, timestamps, and 

whether the data pipeline had processed everything correctly" before acting on AI-flagged data 

segments, while P10 (System Administrator) noted that AI recommendations are routinely treated as "a 

suggestion rather than a final answer" and assessed against team context before implementation. Others 

emphasised that understanding when AI is "wrong" is just as important as knowing when it is useful. 

However, such evaluative capabilities were not formally taught, forcing knowledge workers to develop 

them through trial and error. 

Several participants also highlighted the challenge of balancing AI-generated insights with their own 

experience and intuition. While AI systems were seen as valuable for supporting decisions, they were 

not perceived as fully reliable. P3 stated that outputs are treated as "signals rather than final answers," 

and P4 (Financial Executive Officer) described the tension clearly, noting that there are cases where the 

system flagged a long-term banking customer as risky due to a temporary income drop, but contextual 

knowledge of that customer's business cycle guided a different decision: "The system couldn't pick that 

up. I overruled the recommendation." P7 (Civil Engineer) captured the balancing dynamic concisely: 

"you have to use like ChatGPT... but always use your brain, always use your mind." This balancing act 

requires not only technical familiarity but also confidence in one's own judgment, which develops over 

time through repeated interaction with AI systems. 

The absence of structured learning opportunities meant that many knowledge workers relied on 

informal learning strategies, such as experimentation, peer discussion, and self-directed exploration. P1 

(Java Backend Developer) reflected that learning occurs by "analysing AI feedbacks on code quality, 

security vulnerabilities and performance trends," while P2 described using AI as "a little agent" to 
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explore new programming languages independently before reporting back to the team. However, these 

learning processes were often inconsistent and dependent on individual initiative, rather than supported 

by organisational structures. 

Participants also identified specific areas where skill gaps were most evident. These included 

interpreting complex outputs, understanding limitations of AI models, and recognising potential biases 

in recommendations. P8 (Privacy Security Auditor) noted the risk of "missed opportunities where doing 

additional research... can change decisions," warning that AI produces "whatever is on the textbook" 

rather than contextually nuanced insight. P9 (Brand Strategist) similarly observed that AI tools "often 

default to generalised or Western-centric frameworks" that fail to capture regional and cultural 

granularity relevant to localised marketing campaigns. This reflects a broader shift in knowledge 

workers roles, where individuals are not only decision-makers but also interpreters and communicators 

of algorithmic insights. 

From an ELT perspective, these experiences reveal disruptions in the learning cycle. While participants 

frequently engaged in AE by applying AI outputs in practice, opportunities for AC, developing a deeper 

understanding of how and why AI systems function, were often limited. As a result, learning was 

sometimes fragmented, with individuals acting on AI outputs without fully understanding their 

implications. This led to uncertainty and, in some cases, reduced confidence in decision-making. 

From a WIL perspective, the findings suggest that learning in AI-mediated environments is largely 

situated and emergent, occurring through engagement with real work tasks rather than structured 

training. However, unlike the informal peer-supported learning described in Theme 1, the absence of 

formal guidance here often resulted in reactive and inconsistent learning experiences. Knowledge 

workers were required to navigate complexity without clear frameworks or support systems, developing 

competencies through informal practice rather than through deliberate organisational investment in skill 

development. 

5.1.3 T3: Development of Professional Judgment - "Learning through interaction with AI" 

This theme explores how knowledge workers described the development of their professional judgment 

through ongoing interaction with AI-supported systems in everyday work contexts. It directly addresses 

SRQ2 by examining how experiential engagement with AI contributes to the refinement of decision-

making capabilities over time. While T1 examined how knowledge workers interpret individual AI 

outputs in the moment, and T2 examined how AI reshapes decision-making practices and creates skill 

demands, this theme captures a longer-term developmental dimension - how repeated interaction with 

AI systems shapes professional judgment, confidence, and professional capability over time. This 

distinction is analytically significant: where T2 focuses on the challenges of working with AI, T3 

focuses on what develops through sustained engagement with those challenges.  

Rather than emerging through formal training or structured learning programmes, professional 

judgment was described as developing through practice-based experience - particularly through 

continuous engagement with AI outputs in real decision-making situations. Participants emphasised 

that learning occurred gradually, as they encountered different scenarios, tested AI-supported decisions, 

and reflected on outcomes. In this sense, judgment was not static but evolved through iteration, 

exposure, and reflection, mirroring the cyclical learning processes described in ELT (Kolb, 1984).  

Many participants highlighted that both successful and unsuccessful interactions with AI contributed to 

their learning. Situations where AI recommendations aligned with expectations reinforced confidence, 
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while instances where outputs were inaccurate or misleading prompted deeper reflection. P8 (Privacy 

Security Auditor) described this developmental process most clearly, noting that over time one must 

ensure that AI is "giving factual data rather than something it made up," and that this caution was 

earned through experience with AI errors rather than through any formal guidance. P4 (Financial 

Executive Officer) echoed this, reflecting: "I've seen situations where blindly following the system 

would have led to a wrong decision. So I've learned to always double-check, especially for unusual or 

complex cases." These experiences suggest that AI functions not only as a decision-support tool but 

also as a learning catalyst, triggering reflection and adaptation. 

Over time, participants reported developing a more refined understanding of AI systems, including their 

limitations, patterns, and appropriate use cases. P5 (Software Developer) described how AI has 

"actually strengthened" professional judgment rather than replacing it, because comparing AI solutions 

with one's own understanding "makes me think more critically about why a solution works." P9 (Brand 

Strategist) articulated a similar trajectory, describing AI as an "intellectually engaged collaborator" 

whose value depends on the quality of input the knowledge worker provides, meaning that judgment 

remains central. This evolving awareness contributed to increased confidence in decision-making, as 

individuals became more skilled in balancing algorithmic recommendations with contextual 

knowledge. 

Participants also highlighted that working with AI required a shift in how they approached decision-

making. Rather than relying solely on intuition or experience, they described engaging in more 

deliberate and reflective processes. P2 (Software Developer) captured this dynamic well, emphasizing 

that knowledge workers must "own that judgment" and that "judgments should not be blurred by what 

AI is giving you." Similarly, P1 noted that AI "often highlights what might be wrong, but it's our 

professional judgment that is needed to decide whether, why and how we can address those issues." 

These accounts suggest that interaction with AI can enhance critical thinking, making professional 

judgment more explicit and analytical. 

However, the development of judgment was not without challenges. Several participants noted that time 

constraints and organisational pressures limited opportunities for reflection, making learning uneven 

and sometimes incomplete. P8 noted that leadership pressure to deliver faster, aiming for a 50% 

productivity improvement, created conditions where the impulse to act on AI outputs quickly could 

override the inclination to interrogate them carefully. P2 mentioned a degree of structural dependency, 

noting that if AI were removed, delivery timelines could not be met, suggesting that learning and 

judgment development are taking place within conditions that are not always conducive to deep 

reflection. As a result, learning sometimes remains at a surface level, without progressing into deeper 

understanding. 

From an ELT perspective, participants' accounts illustrate how professional judgment develops through 

iterative learning cycles. Interaction with AI systems provides CE, while reflection on outcomes 

supports RO. Over time, individuals form insights about AI capabilities and limitations (AC), which 

are then applied in future decisions (AE). However, similar to patterns identified in previous themes, 

these cycles were not always fully completed. In particular, opportunities for conceptualisation and 

experimentation were sometimes constrained, leading to partial or disrupted learning processes. 

From a WIL perspective, the findings highlight that professional judgment develops in and through 

work, rather than through external training structures. Interaction with AI systems becomes a central 

site of learning, where knowledge is constructed through engagement with real tasks, challenges, and 
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outcomes. This reinforces the argument that AI-mediated environments function as continuous learning 

spaces, where knowledge workers refine their capabilities through ongoing practice. 

Importantly, participants did not perceive AI as diminishing their role but rather as reshaping and 

strengthening professional judgment. Working with AI required greater awareness, responsibility, and 

critical engagement, as individuals had to interpret, validate, and justify decisions supported by 

algorithmic outputs. P3 (Data Engineer) captured this well, describing the evolution from treating AI 

as an authority to treating it "as a collaborator rather than an authority." P7 (Civil Engineer) expressed 

a similar perspective, noting: "we have to use our own experiences, our own thoughts when making 

decisions, along with taking help from AI." This suggests that AI does not replace human judgment but 

transforms it into a more reflective and evaluative process. 

Taken together, these findings indicate that professional judgment in AI-mediated environments 

emerges as a dynamic and evolving capability, shaped through continuous interaction, reflection, and 

adaptation. While this learning process holds significant potential for development, its effectiveness 

remains dependent on the availability of time, support, and organisational conditions that enable 

sustained reflection and experiential learning. 
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      6. Discussion 

This chapter presents a theory-informed discussion of the findings outlined in Chapter 5 by integrating 

the empirical results with relevant literature on WIL, ELT, and AI-mediated decision-making. Rather 

than restating the findings, the discussion critically interprets how professional judgment is developed, 

reconfigured, and in some instances constrained through everyday interaction with AI-supported 

systems in contemporary work contexts.  

The findings suggest that AI-mediated work environments function as continuous yet uneven learning 

spaces, in which professionals develop their judgment through ongoing engagement with 

algorithmically generated outputs. This supports existing arguments that learning in contemporary 

organizations is no longer exclusively socially situated but increasingly technologically mediated 

(Menzies et al., 2024). In line with WIL perspectives, learning emerges through participation in 

authentic work activities (Billett, 2011). However, this study extends this understanding by 

demonstrating that participation now routinely includes engagement with AI systems that actively shape 

how information is interpreted and decisions are enacted. 

From an ELT perspective, participants’ experiences strongly reflect the stage of concrete experience, 

as professionals interact daily with AI-generated recommendations, predictive analytics, and decision-

support tools (Kolb, 1984). These interactions constitute the experiential basis of learning, as 

individuals engage directly with AI systems in their work practices. Unlike traditional experiential 

learning contexts, however, these experiences are mediated through algorithmic processes, requiring 

knowledge workers to interpret and assess outputs rather than independently generate decisions. This 

finding aligns with research on human–AI collaboration, which emphasizes that professionals 

increasingly assume the role of evaluators and sense-makers of AI outputs rather than sole decision-

makers (Jarrahi, 2018; Schulte et al., 2022). 

The progression from experience to reflection is present but uneven. Reflective processes are often 

triggered by moments of uncertainty, particularly when AI outputs are perceived as inconsistent, 

incomplete, or misaligned with contextual knowledge. This supports research suggesting that AI-

generated outputs are not inherently stable and demand continuous human oversight and validation 

(Kappe & Dzebo, 2025). At the same time, the absence of structured reflective practices indicates that 

learning remains predominantly individual and embedded within task execution, rather than being 

facilitated through formal organizational learning mechanisms. This challenges traditional assumptions 

within WIL that portray workplace learning as a guided and supported process, instead highlighting its 

informal and self-directed character in AI-mediated environments (Billett, 2011). 

Over time, participants develop informal conceptual understandings of AI systems, including heuristics 

regarding when outputs can be trusted and when they should be questioned. This corresponds to the 

ELT stage of abstract conceptualisation, where individuals form generalisations based on accumulated 

experience (Kolb, 1984). However, these conceptual insights remain largely tacit, emerging through 

repeated interaction rather than through explicit articulation or collective sense-making. This finding is 

consistent with prior research indicating that competencies associated with AI, such as data 

interpretation and critical evaluation, are often developed through experiential learning rather than 

formal training initiatives (Manoharan et al., 2024; Bandara et al., 2025). 
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Active experimentation is also evident, though it is subject to notable constraints. Participants describe 

gradually adjusting how they interact with AI systems, refining their interpretation strategies and 

decision-making approaches over time. These adaptations, however, take place within organizational 

conditions characterised by time pressure, performance metrics, and accountability demands. This 

reflects broader insights into how organizational structures and governance arrangements influence 

learning, shaping the extent to which AI systems can be critically engaged with and meaningfully 

experimented upon (Borkovich et al., 2024; Gómez Gandía et al., 2025). From a leadership perspective, 

this highlights that the quality of learning in AI-mediated environments is not solely determined by 

individual engagement but is fundamentally shaped by how leaders govern AI use, support reflective 

practices, and cultivate cultures of critical inquiry (Bass & Riggio, 2006; Yukl, 2012; Engström et al., 

2024). Transformational and inclusive leadership approaches that prioritise transparency, psychological 

safety, and employee development are therefore essential enabling conditions for the kind of judgment 

development this study describes. 

Together, the findings show that while ELT remains a valuable framework for understanding learning 

processes, its cyclical model is only partially realised in AI-mediated work environments. Learning 

cycles are often fragmented, with limited opportunities for structured reflection and deliberate 

experimentation. This supports the argument that experiential learning is contingent not merely on 

experience itself, but on the conditions that enable reflection, conceptualisation, and meaning-making 

(Kolb, 1984). 

In relation to the research questions, the findings demonstrate that professionals interpret AI-generated 

recommendations as inputs requiring validation rather than as definitive decisions. This illustrates a 

hybrid form of decision-making, in which human judgment and algorithmic outputs are continuously 

negotiated and mutually informed (Jarrahi, 2018). Rather than reducing cognitive effort, AI reshapes it, 

placing new demands on professionals to engage in ongoing interpretation, contextualisation, and 

critical evaluation. 

Furthermore, the development of professional judgment emerges through iterative interaction with AI 

systems, where both accurate and inaccurate outputs contribute to learning. This aligns with experiential 

learning perspectives that define knowledge as constructed through cycles of experience and reflection 

(Kolb, 1984). At the same time, the findings highlight that learning in AI-mediated environments is not 

consistently structured or supported, but frequently depends on individual initiative, adaptability, and 

informal problem-solving. 

Importantly, the study also demonstrates that WIL in AI-mediated contexts constitutes both an 

opportunity and a constraint. On one hand, continuous interaction with AI systems generates ongoing 

opportunities for learning through feedback, comparison, and experiential exposure (Billett, 2011; 

Engström et al., 2024). On the other hand, the absence of structured support mechanisms, combined 

with the perceived authority and legitimacy of AI outputs, can inhibit critical reflection and constrain 

the further development of professional judgment (Gomez et al., 2025).  
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     7. Conclusion 

This chapter begins by briefly summarising the master's thesis and presenting the conclusions of the 

study. The research contributions are then outlined, followed by a discussion of the study's limitations 

and suggestions for future research. 

7.1 Conclusions 

This master's thesis explored how knowledge workers develop professional judgment through 

interaction with AI-supported systems in everyday work practices, addressing a gap in existing research 

where the intersection of professional learning, judgment development, and AI-mediated work remains 

underexplored. Guided by the main research question - how does knowledge workers' interaction with 

AI-supported systems shape the development of professional judgment through work-integrated 

learning - the study drew on WIL as the conceptual framework and ELT as the analytical lens. Ten 

semi-structured interviews were conducted with knowledge workers from technology, engineering, 

finance, marketing, and related sectors, and the data were analysed using reflexive thematic analysis. 

Three themes emerged from the analysis: the interpretation of AI outputs, the influence of AI on 

decision-making processes, and the development of professional judgment through interaction with AI 

systems. 

The findings demonstrate that knowledge workers consistently treat AI-generated recommendations as 

inputs requiring interpretation, validation, and contextualisation rather than as authoritative decisions. 

Professionals actively negotiate between algorithmic outputs and their own contextual knowledge, 

drawing on experience, domain expertise, and situational awareness to determine how and whether to 

act on what AI systems suggest. Human judgment remains central and indispensable in every case. 

Learning in AI-mediated environments is predominantly experiential, informal, and iterative - 

knowledge workers develop competencies not through formal training but through sustained 

engagement with AI systems, learning from both successful and unsuccessful interactions and 

continuously refining their approaches over time. However, this learning is frequently constrained by 

time pressure, organisational demands, and the absence of structured support for reflection, meaning 

that ELT cycles are often incomplete and learning remains uneven. Overall, the study demonstrates that 

professional judgment is not diminished by AI integration but fundamentally reconfigured through it. 

Rather than replacing human reasoning, AI reshapes it - making it more interpretive, more evaluative, 

and more explicitly dependent on the integration of algorithmic outputs with contextual knowledge and 

experiential understanding. 

7.2 Contributions 

Through this master's thesis, we demonstrate that knowledge workers in AI-mediated environments are 

engaged in a continuous and practice-based process of judgment development that is fundamentally 

shaped by their everyday interaction with algorithmic systems. This study makes three contributions to 

existing scholarship. 

First, it extends WIL literature by demonstrating that learning in contemporary organisations is not only 

experiential but fundamentally sociotechnical in nature. The site of WIL has expanded beyond human-
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centred participation to include engagement with algorithmic systems as a central dimension of 

professional development. Knowledge becomes distributed across sociotechnical systems rather than 

located solely within individuals, and learning occurs through the navigation of both human and 

technological actors in everyday work. 

Second, it extends ELT by showing that while Kolb's learning cycle provides a valuable framework for 

understanding how judgment develops through experience, the conditions under which that cycle is 

completed matter as much as the cycle itself. In AI-mediated environments, organisational structures, 

governance arrangements, and leadership practices directly shape whether reflection, conceptualisation, 

and experimentation are realised or constrained. This extends ELT into sociotechnical contexts that 

Kolb's original formulation did not anticipate. 

Third, and of particular relevance to the specialisation of Leadership in Digitalized Organizations, the 

study demonstrates that leadership plays a critical and enabling role in shaping the conditions under 

which knowledge workers learn and develop judgment in AI-mediated environments. Leaders who 

govern AI use responsibly, foster cultures of critical inquiry, support reflective practice, and invest in 

structured learning opportunities directly enable the kind of judgment development this study describes. 

The finding that organisational conditions - shaped by leadership decisions - either enable or constrain 

the completion of ELT learning cycles positions leadership not merely as a managerial function but as 

a fundamental enabler of professional learning and judgment in the digitally mediated workplace. For 

organisational leaders, this study suggests that enthusiasm for AI should be balanced by investment in 

the conditions that make it effective - domain expertise, structured reflection opportunities, clear 

governance frameworks, and explicit conversations about the appropriate scope of AI authority in 

different professional contexts. 

7.3 Limitations and Future Research 

This study has several limitations. First, the sample comprises ten participants, which, while appropriate 

for a qualitative and interpretivist study, limits the breadth of perspectives captured. The findings reflect 

the experiences of a specific group of knowledge workers and should not be interpreted as representative 

of all AI-mediated work contexts. Second, the sample is heavily concentrated in the technology and 

software sector, with six of the ten participants working in IT-related roles. While this reflects the reality 

that AI-supported tools are most pervasively embedded in technology-intensive work environments, it 

means that the findings may not fully capture the experiences of knowledge workers in sectors where 

AI integration is less advanced or operates differently, such as healthcare, education, or public 

administration. 

Third, the study relies on self-reported interview data, which is inherently shaped by participants' own 

interpretations, recollections, and framings of their experiences. Participants may unconsciously present 

their interactions with AI in ways that reflect social desirability or professional self-image rather than 

their actual practice. This is an inherent limitation of qualitative interview-based research and should 

be considered when interpreting the findings (Bryman, 2016). Fourth, the cross-sectional design of the 

study captures a snapshot of participants' experiences at a single point in time. Given that professional 

judgment development is an ongoing and cumulative process, a longitudinal design would be better 

suited to tracing how learning and judgment evolve over extended periods of AI engagement. Finally, 

the study was conducted within a specific temporal context in which AI tools such as GitHub Copilot, 

Databricks, and credit scoring systems represent the current state of AI integration in workplaces. As 
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AI technologies continue to develop rapidly, the findings may require revisiting as the nature of human–

AI interaction in professional settings continues to shift (Menzies et al., 2024; Engström et al., 2024). 

Future research could explore these questions further. Studies that follow knowledge workers over a 

longer period of time would help to better understand how judgment develops through sustained 

interaction with AI systems. Research that includes knowledge workers from a wider range of sectors 

and organisational contexts would also strengthen understanding of how AI shapes learning and 

decision-making across different work environments. Additionally, examining how organisational 

culture and leadership shape the conditions for reflective learning in AI-mediated environments would 

extend the findings of this study in practically and theoretically meaningful directions (Borkovich et al., 

2024; Gómez Gandía et al., 2025). 

Professional judgment in AI-mediated work environments is not a fixed capability that either survives 

or is replaced by artificial intelligence. It is a dynamic and evolving process, continuously shaped 

through interaction, reflection, and adaptation within the sociotechnical systems of contemporary work. 

As AI becomes more deeply embedded in everyday professional practice, the capacity to exercise sound 

judgment - to interpret, contextualise, question, and act wisely in relation to algorithmic outputs - 

becomes not less important but more so. This study contributes to that understanding by demonstrating 

that such judgment is developed through work itself, and that the organisations and leaders who create 

the conditions for that development hold a responsibility that is both practical and deeply human. 
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Appendix A- Declaration of AI Usage 

The use of generative artificial intelligence (GenAI) tools was permitted in the preparation of this thesis 

under the condition that such use was transparent, critically evaluated, and did not replace our own 

intellectual work. 

During the preparation and writing of this thesis, we used two AI-based tools: Claude (Anthropic) and 

ChatGPT (OpenAI). These tools were used solely to support language refinement, improve clarity and 

grammar, and assist with structural editing of written sections. All AI-generated suggestions were 

critically reviewed, revised, and evaluated by both authors before being incorporated. No content was 

directly copied or submitted without careful assessment, and all arguments, analysis, interpretations, 

and conclusions presented in this thesis remain entirely our own original work. 

We take full responsibility for the final content of the thesis, including any sections where AI tools were 

used in a supportive capacity. The use of these tools complied with institutional guidelines and was 

intended to support academic writing quality rather than to replace critical thinking or scholarly 

judgment. 

This declaration does not cover the use of standard tools for spelling correction, grammar checking, or 

reference management 

Appendix-B –Author’s Reflection 

My primary contribution to this thesis was conducting six of the ten interviews, which formed the 

empirical backbone of our study. Being responsible for the majority of the interviews meant I was 

deeply immersed in the data from an early stage, and each conversation gave me new perspectives on 

how professionals navigate AI in their everyday work. I took responsibility for writing Chapters 2, 5, 

6, and 7. Chapter 5 was where I felt most engaged, as it allowed me to connect what I had heard directly 

in the interviews with the theoretical frameworks we had developed together. Writing Chapters 6 and 7 

pushed me to think critically about what our research actually contributes, where its limitations lie, and 

what directions future research could take. Throughout the process, Yamuna and I maintained open and 

continuous dialogue, and all major analytical and structural decisions were made jointly. I am confident 

that this thesis reflects an equal and fair collaboration between us. 

Author - Simran Khadka 

My primary contribution to this thesis was conducting four of the ten interviews and taking 

responsibility for writing Chapters 1, 3, and 4. Chapter 3, which develops the theoretical framework, 

was particularly challenging and rewarding, as it required me to engage deeply with Experiential 

Learning Theory and articulate how it connects to Work-Integrated Learning in AI-mediated 

environments. Writing Chapter 4 gave me a thorough understanding of qualitative research design and 

the methodological choices that underpin our study. Chapter 1 required me to position the research 

clearly within existing debates, which helped me develop a stronger sense of the study's purpose and 
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contribution. Throughout the process, Simran and I collaborated closely on all major decisions, and I 

am confident that the final thesis reflects an equal and genuinely shared effort between us. 

Author -Yamuna Subedi 

 

Appendix C - Informed Consent Form 

 

Work-Integrated Learning in AI-Mediated Work Environments: 

Professional Judgment Development Through Everyday Interaction with Algorithmic 

Systems 

I have received oral and/or written information about the study and have had the opportunity 

to ask questions. I will keep the written information. 

I consent to participate in the project [Work-Integrated Learning in AI-Mediated Work 

Environments: Professional Judgment Development Through Everyday Interaction 

with Algorithmic Systems]. 

 

Place och date Signature 

 

 

 

 
Printed name 

 

 

 

 

 

 

 

Appendix D - Interview Guide 

• Introduction Script 

Thank you for taking the time to participate in this interview. My name is [Simran / Yamuna] and I am 

conducting this interview as part of my master's thesis research at University West. The purpose of this 

study is to explore how professionals develop judgment and learn through everyday interaction with 

AI-supported systems in their work. We are particularly interested in your personal experiences of 

working with AI tools, how you interpret and use AI-generated recommendations, how this shapes your 
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decision-making, and how you feel your professional capabilities have developed over time through 

this interaction. There are no right or wrong answers. We are simply interested in your lived experiences 

and personal perspectives. The interview will take approximately 30 to 45 minutes. Everything you 

share will be treated with strict confidentiality, and your name and organisation will be anonymised in 

all research outputs. Do you have any questions before we begin? 

i. Permission to Audio-Record 

With your permission, I would like to audio-record this interview for transcription purposes 

only. The recording will be stored securely and accessed only by the two researchers involved 

in this study. Do I have your consent to record this interview? 

ii. Confirm Consent for Participation 

Before we begin, I would like to confirm that your participation is entirely voluntary. You are 

free to skip any question or withdraw from the interview at any time without providing a reason 

and without any consequences. 

Section 1 - Role and Context 

These opening questions are designed to understand your professional background and the AI tools you 

work with. 

1. Could you briefly describe your current role and your level of responsibility in decision-making 

within your organisation? 

2. What AI-supported systems or decision-support tools do you regularly use in your work? Could 

you give some examples? 

 

Section 2 - AI and Everyday Work Experience 

These questions explore how you interact with AI systems in your daily work. 

3. Could you describe a recent situation where you relied on an AI-generated recommendation to 

make a decision? 

4. How did you interpret the AI output in that situation? What did you pay attention to? 

5. Did you follow the AI recommendation fully, partially, or not at all? What influenced your 

choice? 

6. Have there been situations where you disagreed with or overruled an AI recommendation? 

What guided your decision in those cases? 

 

Section 3 - Professional Judgment 

These questions explore how you define and experience professional judgment in your role. 

7. How would you define professional judgment in the context of your work? 

8. How has working with AI systems influenced the way you exercise professional judgment? 

9. Over time, have you become more confident, more cautious, or more dependent when using AI 

systems? Could you explain why? 
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Section 4 - Work-Integrated Learning 

These questions explore how you learn and develop professionally through your everyday work with 

AI. 

10. In what ways do you feel you learn or develop professionally through working with AI-

supported systems? 

11. Has AI changed how you learn from your work experiences compared to before its 

introduction? If so, how? 

12. Do you reflect on the outcomes of AI-supported decisions? If yes, how does that reflection 

influence your future decisions? 

 

Section 5 - Organisational and Leadership Dimension 

These questions explore how your organisation shapes the use of AI in decision-making. 

13. How do managers or senior leaders in your organisation guide or shape the use of AI in 

decision-making? 

14. In your view, has AI influenced leadership practices or expectations within your organisation? 

How? 

 

Section 6 - Overall Reflection 

15. Overall, how would you say AI has reshaped learning and professional development within 

your organisation? 

16. Is there anything else you would like to share about your experience of working with AI that 

we have not covered in this interview? 

 

 

Closing Script 

"Thank you very much for your time and for sharing your experiences with us. Your insights are 

extremely valuable for our research. As mentioned, everything you have shared will remain strictly 

confidential and your name and organisation will be fully anonymised. If you have any questions about 

the study after today, please feel free to contact us. Thank you again. " 
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