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Abstract 

This study explores how white-collar workers use generative artificial intelligence (GenAI) in 

their everyday work practices and examines the implications for learning and sustainability. 

While prior research has largely focused on adoption and productivity outcomes, less is known 

about how learning develops through continuous interaction with GenAI in real work contexts. 

Addressing this gap, the study adopts an interpretivist and qualitative approach, drawing on in-

depth interviews, shadowing sessions, and logbooks from six employees in Swedish industrial 

organisations.  

The findings show that GenAI is primarily integrated as an efficiency-oriented, augmentative 

tool that supports existing work practices rather than transforming them. Employees use GenAI 

to streamline routine tasks, such as information retrieval, text generation, and coding, while 

maintaining active control over outputs. At the same time, learning emerges as an iterative and 

practice-based process embedded in daily work. Employees develop knowledge through 

continuous interaction with GenAI, including prompting, evaluating, and refining outputs, 

rather than through formal training. 

Furthermore, the results reveal a tension between short-term efficiency gains and longer-term 

implications. While employees recognize both the benefits and risks of GenAI, including 

cognitive dependency and sustainability concerns, these reflections remain weakly integrated 

into everyday work practices. Sustainability is therefore acknowledged at a conceptual level 

but is not actively guiding how GenAI is used in practice. 

The study contributes to the understanding of GenAI as a technology that shapes learning 

through everyday interaction rather than structured implementation. It highlights the 

importance of supporting reflective and critical use of GenAI to ensure that efficiency gains do 

not come at the expense of long-term learning and sustainable work practices. 
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1 Introduction 

Throughout history, humans have developed technologies and tools to support physical and 

cognitive work, enabling individuals to learn, adapt, and improve how tasks are performed 

(Boud et al., 1985). Learning can be understood as a process in which individuals transform 

everyday experiences into new knowledge, skills, and understanding through reflection and 

interaction with their environment (Boud et al., 1985; Kolb, 1984). Rather than occurring in 

isolation, learning is shaped by the ways people engage with tools, practices, and challenges in 

their daily lives. This ongoing relationship between experience, reflection, and adaptation has 

supported both individual development and broader societal progress by enabling people to 

improve productivity, solve problems, and generate innovation through everyday work and 

learning processes (Ellström, 2011).  

In contrast to earlier technologies primarily designed to augment productivity, recent 

innovations in artificial intelligence (AI) increasingly support and challenge human intellectual 

work by generating content and craftsmanship that resemble human output (Feuerriegel et al., 

2024). In recent years, generative AI (GenAI) has emerged as the most widespread form of AI, 

becoming widely accessible through applications such as ChatGPT, Copilot, Gemini and many 

others. The rapid popularity of these platforms can be attributed to their user-friendly interfaces, 

their ability to provide information across a wide range of topics, and their capacity to generate 

new content within seconds (Feuerriegel et al., 2024). 

Moreover, GenAI applications can function as an effective and affordable learning aid, giving 

workers access to on-demand instructional support without relying on another person’s 

availability. At the same time, these systems are shaped by ongoing user interactions, adapting 

through feedback and patterns of use. In this sense, GenAI can operate as a virtual teaching 

assistant that both supports learning and evolves through engagement with learners and 

instructors in professional settings (Tang et al., 2025). Empirical evidence further suggests that 

GenAI tools can improve skill acquisition by up to 35% and increase worker productivity by 

approximately 14%, hence developing employees’ work practices (Brynjolfsson et al., 2025).  

Liu et al. (2025) describe work practices as the everyday approaches individuals use to perform, 

organize, and adjust their tasks when using GenAI. Work practices are not fixed routines, but 

rather patterns of behaviour that relearn and reshape themselves and evolve continuously, as 

employees keep interacting with AI tools (Mayer et al., 2025). GenAI influences how tasks are 

structured, how effort is distributed, and how employees approach problem-solving. In this 

view, work practices include both task execution and the ongoing adjustments employees make 

while integrating AI into their daily work (Liu et al., 2025; Mayer et al., 2025). 

According to Lenart (2026), GenAI has strong potential to support individual learning, but its 

use within an organisation does not automatically lead to positive outcomes. Benefits emerge 

when employees engage actively with GenAI as a learning tool rather than relying on it 

passively. This suggests that learning with GenAI is a reciprocal process in which individuals 

both gain knowledge from the system and shape how effectively it is used. Lenart (2026) further 
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argues that successful GenAI adoption requires preparation by both managers and employees, 

including the development of new skills. In this context, human interaction with GenAI plays 

a central role and should be supported by capabilities such as critical thinking, as well as digital 

and analytical skills (Lenart, 2026; Wang et al., 2026). 

From a sustainability perspective, the adoption of GenAI in organisations presents both 

opportunities and challenges across social, economic, and environmental dimensions. Research 

suggests that GenAI can support social and economic sustainability by improving access to 

information, enabling global knowledge sharing, and accelerating skill development at low or 

no cost (Shen & Badulescu, 2025). At the same time, it may undermine social sustainability 

through biased or inaccurate outputs and by encouraging overreliance on automated systems 

(Capraro et al., 2024). Environmental sustainability reflects a similar duality: while GenAI can 

enhance efficiency by automating repetitive tasks, reducing time consumption, and optimizing 

business processes (Koteczki et al., 2025; Shen & Badulescu, 2025), the training and 

maintenance of large AI models require substantial energy and water resources and contribute 

to electronic waste generation (Hosseini et al., 2025). As GenAI becomes more embedded in 

organisational practices, its sustainability impact should therefore be understood as both 

beneficial and potentially costly, depending on how the technology is used and managed. 

Despite the growing adoption of GenAI in workplaces, current research still provides limited 

insight into how learning develops through employees’ ongoing interaction with these 

technologies in everyday work practices. Existing studies largely focus on AI adoption, 

productivity outcomes, or early implementation phases, while offering less understanding of 

how individuals actively make sense of, adapt to, and learn through repeated engagement with 

GenAI over time (Callari & Puppione, 2025; Feuerriegel et al., 2024). This indicates a need for 

deeper knowledge about learning as an emerging process shaped through the interaction 

between employees and GenAI in real work contexts. From a Production Systems and 

Operations Management perspective, how employees develop competencies and learn through 

interaction with new technologies is central to the design and management of sustainable, 

human-centred work systems in industrial organisations. Therefore, the following section 

outlines the research problem and motivates why further investigation into individual learning 

through GenAI is needed. 

1.1 Problem statement 

At an individual level, employees are expected nowadays to acquire new skills and information 

to work efficiently with AI and deliver results faster due to having such technology at hand. 

Hence, the best way to develop new knowledge quicker is to work with a chatbot, implicitly 

GenAI software (Brynjolfsson et al., 2025). According to Callari and Puppione (2025), this 

software transformed from an ordinary processing tool into employees’ “digital colleague”, a 

virtual assistant available 24/7, capable of answering various questions and adapt to different 

learning levels. This personalization encourages the employees to explore further and dive 
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deeper into various concepts, leading to fast adaptation to changes in their work environment, 

hence developing the feeling of meaningfulness at work (Li et al., 2024). 

At the same time, this meaningfulness represents a double-edged sword, because it can lead to 

both employee work satisfaction and the employee questioning their own abilities, due to 

perceived addiction to the tool (Li et al., 2024). The same paradigm is seen when assessing 

employees’ creativity: employees develop confidence in the tool and use it to acquire new ideas, 

which is a positive effect, but the overreliance on the software may diminish the cognitive 

activity. Hence, this diminishing slows down employees’ own creativity process and create an 

unwanted learning setback (Wang et al., 2026). 

While prior research addresses GenAI's role in learning, it has focused on specific and limited 

aspects. Brynjolfsson et al. (2025) and Callari and Puppione (2025) examine competence 

development and skill acquisition during early adoption phases, while Feuerriegel et al. (2024) 

addresses problem-solving support through task execution such as information retrieval and 

text generation. Studies by Li et al. (2024) and Wang et al. (2026) highlight the risks of 

cognitive dependency and deskilling, showing that overreliance can diminish employees' own 

creative and cognitive processes, yet these focus on motivational outcomes rather than the 

learning mechanisms themselves. How employees actually develop knowledge and 

competencies through sustained, everyday interaction with GenAI therefore remains 

insufficiently understood (Brynjolfsson et al., 2025; Callari & Puppione, 2025). 

Moreover, learning at work from GenAI appears to vary depending on both technological 

characteristics and individual engagement (Li et al., 2024). Research on human-machine 

interaction suggests that learning experiences differ according to the level of AI autonomy and 

system maturity, shaping how employees rely on and learn together with technology (Sen et al., 

2022). Lenart (2026) further finds that benefits emerge only when employees engage actively 

rather than passively, yet how this active engagement unfolds in practice remains largely 

unexplored. Limited empirical insight thus exists into how the tension between reflective, 

competence-building learning and the risks of dependency and deskilling plays out at the 

individual level in everyday work contexts (Li et al., 2024; Wang et al., 2026). 

1.2 Research motivation 

In a qualitative interview study with employees at a multinational corporation, Callari and 

Puppione (2025) found that as GenAI tools have started to become embedded into everyday 

work practices, researchers' attention has quickly shifted from technology adoption and task 

execution to how employees learn by using these technologies. The integration of GenAI into 

organisational contexts can be understood as a shift from formal training towards experiential 

and practice-based learning (Callari & Puppione, 2025). Prior research suggests that the 

organisational implications of GenAI extend beyond technological adoption to incorporate 

ways in which employees engage with as well as learn from these systems in day-to-day work 

practices (Callari & Puppione, 2025). 
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Despite the growing interest in this area, existing research remains largely conceptual and 

empirical research into GenAI-enabled learning processes stays limited (Callari & Puppione, 

2025; Lenart, 2026). In a systematic literature review of 138 articles on GenAI and 

organisational learning, Lenart (2026) highlights the need for empirical studies, as most of the 

previous research is conceptual (128 out of 138 articles), indicating that learning dynamics 

emerging through the actual use of GenAI remains underexplored. Also, much of the literature 

consists of opinion and conceptual papers examining the implications of GenAI for work, 

learning, and management without investigating its use in practice (Dwivedi et al., 2023, a 

multidisciplinary opinion paper; Feuerriegel et al., 2024, a conceptual paper; Raisch & 

Krakowski, 2021, a theoretical paper). Nevertheless, in their qualitative interview study, Callari 

and Puppione (2025) note that a small number of qualitative interview studies have recently 

explored employee perceptions of GenAI as a learning and productivity tool; however, these 

remain limited in scope and depth. 

Recent research shows that the sustainability implications of GenAI are still not fully 

understood from social, environmental and economical standpoints. In a multidisciplinary 

review, Capraro et al. (2024) show that GenAI can improve productivity and task completion 

by helping users generate content, solve problems, and access information quicker. However, 

they also explain that these advantages are not shared equally, destabilizing the social 

sustainability aspect. Employees with stronger digital skills or better access to technology are 

more likely to benefit, while others may struggle to use the tools effectively. As a result, GenAI 

can increase performance gaps between employees rather than reduce them (Capraro et al., 

2024). At the same time, in a perspective paper on the social and environmental impact of 

GenAI, Hosseini et al. (2025) highlight the significant environmental costs linked to large-scale 

GenAI systems, including high electricity and water consumption, that come with huge 

monetary investments. Data centres alone are projected to account for more than 8% of U.S. 

electricity use and 5% of Europe's electricity use by 2030 (Hosseini et al., 2025). While these 

studies discuss broader societal and environmental risks, they do not examine how GenAI 

shapes everyday learning processes and work practices at the individual level. 

At the same time, research on social sustainability emphasizes the importance of continuous 

learning, meaningful work, and the long-term regeneration of human capabilities in 

organisations (Ehnert et al., 2014). However, there is limited empirical insight into how 

employees, especially white-collar workers, use GenAI in their daily tasks and how this affects 

their learning experiences and work practices (Callari & Puppione, 2025). The lack of practice-

based, in-depth qualitative studies creates a clear research motivator for understanding how 

GenAI may support or challenge social sustainability through everyday learning and capability 

development (Ehnert et al., 2014). 

In line with this, the study adopts the individual level as the unit of analysis, as learning 

processes are embedded in employees' everyday interactions with technology. Prior research 

highlights that workplace learning is largely experiential, informal, and situated within daily 

activities (Ellström, 2011; Lave & Wenger, 1991). Focusing on individuals allows for a deeper 
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understanding of how employees develop skills, make sense of GenAI, and experience its 

implications for their work. This perspective is also essential when considering social 

sustainability, as inequalities in access, learning, and capability development are likely to 

emerge at the individual level (Ehnert et al., 2014). Within Production Systems and Operations 

Management, understanding how individual employees develop knowledge through GenAI 

interaction is particularly relevant, as the field concerns how work, technology, and human 

capability are organised and sustained over time in industrial contexts. 

To investigate these dynamics in a relevant organisational context, this study focuses on white-

collar workers. Their work is typically knowledge-intensive and centred around information 

processing, communication, and problem-solving (Mills, 1951), making them particularly 

likely to engage with GenAI tools in everyday tasks. This focus enables an exploration of how 

GenAI shapes learning processes, work practices, and sustainability at the individual level. 

1.3 Purpose 

As GenAI becomes increasingly embedded in employees’ everyday work practices, important 

questions persist regarding how employees’ learning processes unfold through their daily 

interactions with GenAI more from a practical perspective, as well as what implications 

employees see for sustainability when connected to GenAI usage. In this study, learning refers 

to employees’ self-described experiences of developing understanding, skills, and ways of 

working through interaction with GenAI.  

Based on the motivators outlined in the previous chapters, this study therefore aims to examine 

the following: 

The purpose of this study is to explore how white-collar workers in Swedish industrial 

organisations use GenAI in their everyday work practices and what consequences does that 

have on learning and sustainability.  
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1.4 Outline 

The study will be developed based on the structure in Figure 1. 

 

Figure 1.  

Outline of the study. 
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2 Theoretical framework 

This theoretical framework provides sensitising concepts rather than defining relationships or 

variables. The concepts do not pre-determine the interpretation of employee’s experiences but 

support a deeper understanding of them. This chapter justifies the chosen theoretical 

perspectives as appropriate lenses for this study and the chapter concludes with an integrated 

framework that brings together sustainability, learning, everyday work practices, and GenAI 

interaction as interrelated dimensions for interpreting employees’ experiences. 

2.1 Sustainability as an analytical lens 

In this study, sustainability is considered as the broadest analytical lens through which 

employees’ experiences of learning and work practices are interpreted. Sustainability does not 

appear as a standalone outcome but as a multidimensional orientation that encompasses 

ecological, economic and social objectives (Barbier, 1987). This perspective enables 

sustainability to exist as an interpretive frame for understanding how employees make sense of 

work, learning, and technology use in everyday organisational settings. 

Within organisational context, sustainability concerns how work arrangements support 

employees’ well-being, continuous skill development and the possibility of maintaining 

meaningful employment over the long term (Ehnert et al., 2014; Zink, 2014). Rather than 

focusing solely on economic or environmental performance, research on socially sustainable 

work systems emphasizes that sustainability comprises promoting the functional capabilities of 

employees while also maintaining organisational viability (Kira & Eijnatten, 2008). From this 

perspective, learning and competence development are not peripheral activities, but they are 

considered as central components of socially sustainable work arrangements (Kira & 

Lifvergren, 2014; Zink, 2014). Sustainable human resource management perspectives 

emphasise the importance of protecting and redeveloping human resources over time rather 

than depleting them through short-term efficiency demands (Ehnert et al., 2014).  

At the same time, sustainability research also highlights economic and ecological 

considerations, including how organisations balance technological investments, productivity 

improvements and responsible use of resources (Ehnert et al., 2014). As GenAI becomes more 

embedded in everyday work, questions about its resource demands, economic implications, and 

long-term effects on human capability development become relevant across all three 

dimensions. 

According to Kira and Lifvergren (2014), sustainability is not measured through predetermined 

indicators, but it is revealed through employees’ descriptions about learning demands, 

autonomy, workload, and strength of their skillsets. In line with Kira and Lifvergren (2014), 

sustainability in this study is therefore not treated as a predefined outcome or a variable to be 

measured, but as an interpretive dimension emerging from employees’ own descriptions in 

relation to GenAI including potential economic, social, and ecological considerations. 
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2.2. Learning in everyday work 

Kolb’s experiential learning theory describes learning as “the process whereby knowledge is 

created through the transformation of experience” (Kolb, 1984, p. 41). The process of 

experiential learning can be understood as cyclical process which consists of four stages namely 

concrete experience, reflective observation, abstract conceptualization, and active 

experimentation (Kolb, 1984). Learning therefore emerges not simply from completing a task, 

but from how individuals reflect on and interpret their experiences.  

Reflection is central to these learning processes. Kolb (1984) emphasizes reflection as essential 

to learning but provides limited guidance on how reflective practices should be carried out. 

Schön (1983) addresses this by arguing that skilled practitioners think actively within situations 

as they unfold, not merely after the fact. Additionally, Schön (1983) also distinguishes 

reflection-in-action which is related to adjusting one’s approach during a task as something 

unexpected arises as compared to reflection-on-action which describes the task of deliberately 

revisiting of an experience once it completed. Boud et al. (1985) reinforce this by arguing that 

reflection in learning can be considered as a deliberate process in which individuals try to 

recapture their experiences in order to explore them and achieve new understandings. 

Reflection therefore becomes central to how employees evaluate actions, reconsider 

assumptions, and develop new ways of working. 

This learning through experience and reflection does not happen in a vacuum but rather it is 

shaped by context. Situated learning theory by Lave and Wenger (1991) conceptualises learning 

as a process of participation in day-to-day work activities and social contexts rather than just 

relying on acquisition of remote knowledge. Moreover, learning can be perceived as integrated 

into practice and shaped by the tools, routines, and interactions within a specific work 

environment (Lave & Wenger, 1991). Ellström (2011) extends this view by describing informal 

workplace learning as the learning that occurs during day-to-day activities, where learning is 

not the primary objective of the task itself. Informal workplace learning is further divided into 

two main modes: adaptive learning, which centers around mastering and refining established 

routines/tasks, and developmental learning, which involves questioning and exploring new 

ways for developing existing routines Ellström (2011). 

Taking together, these perspectives frame learning as experiential, reflective, situated, and 

informal. In this study, learning is understood as a process that unfolds through employees’ 

participation in everyday work practices and through their interaction with technologies such 

as GenAI. 

2.3 Everyday work practices as an analytical context 

Learning and sustainability do not occur independently from work itself but become visible 

through everyday work practices. Work practices are conceptualised as recurrent and situated 

ways in which employees carry out tasks/routines such as problem-solving approaches, and 
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interactions with tools in specific contexts (Liu et al., 2025; Mayer et al., 2025). Instead of fixed 

tasks, practices evolve through ongoing interaction with technologies and organisational 

structures (Mayer et al., 2025). In this view, work practices encompass both task execution and 

the continuous adjustments made as employees engage with digital tools (Liu et al., 2025; 

Mayer et al., 2025).  

From this perspective, work practices are understood as developing configurations of activities 

and behavioural patterns that are shaped by the interaction between employees, tasks, 

technologies and organisational contexts (Liu et al., 2025; Mayer et al., 2025). Work practices 

are therefore relevant as an analytical context because they provide a setting in which 

sustainability and learning are enacted and experienced. 

2.4 GenAI in everyday work practices 

After establishing sustainability, learning, and work practices as analytical lenses and context, 

employees’ interaction with GenAI can be understood as the empirical phenomenon through 

which these concepts are examined. 

GenAI can be described as a class of computational systems trained on large datasets that can 

not only create new, meaningful content such as text, images, or computer code but also acts as 

a smart system that helps humans answer questions (Feuerriegel et al., 2024). Unlike earlier AI 

systems that were designed to recognise patterns and make predictions, GenAI goes beyond 

that by analysing how data is formed which allows it to generate new outputs rather than just 

analysing existing data (Feuerriegel et al., 2024). Brynjolfsson et al. (2025) describes how these 

systems use neural networks to gather logic from examples, allowing them to perform non-

routine tasks that rely on implicit knowledge. 

In everyday professional settings, GenAI is primarily used as an augmentative technology that 

supports activities such as text generation, developing software codes, ideation and the 

clarification of complex concepts (Feuerriegel et al., 2024; Dwivedi et al., 2023). Significantly, 

each of these applications keeps the employee actively present in the task as they must keep on 

assessing quality, correcting errors, deciding what to accept or discard. This leads to an 

important differentiation between automation and augmentation: in automation, machines 

replace a human task entirely whereas in augmentation, humans work closely with machines to 

multiply their capabilities (Raisch & Krakowski, 2021).  

Accordingly, GenAI is understood as an interactive, augmentative technology rather than as a 

background automation system. The ongoing interaction of employees with GenAI such as 

critically evaluating outputs and adjusting their work, accordingly, may involve ongoing 

experiential and reflective learning perspectives (Boud et al., 1985; Kolb, 1984; Schön, 1983), 

while also connecting to sensemaking processes through which individuals interpret and 

respond to changing work situations (Engström et al., 2024). 
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2.5 Integrated analytical framework 

The concepts presented in this chapter function as interconnected sensitizing concepts that 

together guide the interpretation of employees’ experiences of working with GenAI. As 

illustrated in Figure 2., sustainability functions as the broadest analytical lens through which 

employees’ experiences are interpreted (Ehnert et al., 2014; Kira & Lifvergren, 2014). Within 

this lens, everyday work practices form the analytical context within which the interaction of 

employees with GenAI can be observed (Liu et al., 2025; Mayer et al., 2025). Within this 

analytical context, the dimensions of learning and GenAI are positioned as interrelated 

dimensions. Learning is perceived as an inherent process that occurs through employees’ 

everyday work practices and interaction, as described in experiential and reflective learning 

perspectives (Boud et al., 1985; Kolb, 1984; Schön, 1983). GenAI, in turn, can be understood 

as the technological dimension through which employees interact with the system in their 

everyday work (Brynjolfsson et al., 2025; Feuerriegel et al., 2024). Work practices thus provide 

the situated setting where is work is carried out, routines are adjusted and learning processes 

emerge (Ellström, 2011; Lave & Wenger, 1991). 

The framework also shows the analytical association between the dimensions of sustainability 

and different aspects of employees’ experiences. The association between social sustainability 

and learning is closer as it is linked to competence development, learning, as well as meaningful 

employment (Ehnert et al., 2014; Kira & Eijnatten, 2008). The association of environmental 

sustainability relates to GenAI interaction due to resource requirements associated with GenAI 

technologies (Hosseini et al., 2025). Work practices can be more directly associated with 

economic sustainability, in terms of efficiency, productivity, and resource consumption (Ehnert 

et al., 2014).  

The framework does not highlight any specific or causal relationships between concepts but 

rather it depicts analytical proximity between the dimensions which when combined can help 

in interpreting the experiences of employees working with GenAI in daily work.  
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Figure 2. 

Analytical framework illustrates the interrelationship of sustainability, learning, work 

practices and GenAI. 

Note. The arrangement of sustainability pillars reflects more of an analytical association rather 

than showcasing causal relationships. 

2.6 Research questions 

Based on the theoretical framework and study purpose, three research questions were developed 

to explore employees’ experiences of working with GenAI, how learning develops through 

interaction, and what sustainability implications emerge. 

Therefore, the first question aims to explore the ways in which employees experience working 

with GenAI in their day-to-day work practices:  

1. How do employees experience working with GenAI in their daily work practices? 

The second research question focuses on how GenAI interaction influences learning: 

2. How does working with GenAI influence employee learning? 

The third research question seeks to explore consequences of using GenAI in employees’ daily 

work for sustainability: 

3. What consequences does the use of GenAI in employees’ daily work have on sustainability? 
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3 Methodology 

This chapter provides an overview over the methods chosen to build this paper, to fulfil the 

purpose and answer the research questions. It comprises the studied phenomenon, research 

approach, study design, research process, data collection and analysis and the research 

quality. The chapter ends with the researcher role and ethics. 

3.1 Studied phenomena 

The study is grounded in an interpretivist research paradigm, which assumes that reality is 

socially constructed and best understood through individuals’ subjective meanings, 

experiences, and interactions within specific contexts (Schwandt et al., 2007). From this 

perspective, knowledge is not viewed as objective or fixed, but as something shaped through 

how individuals interpret and make sense of their everyday experiences. An interpretivist stance 

is therefore suitable for this study because it seeks to understand how employees experience 

learning through GenAI in their daily work practices, rather than measuring predefined 

outcomes or testing causal relationships. Since learning is understood as experiential, situated, 

and reflective (Ellström, 2011; Lave & Wenger, 1991; Schön, 1983), it becomes important to 

examine how employees themselves describe and interpret their interactions with GenAI in 

workplace settings. 

By adopting an interpretivist approach, the study aims to capture how employees construct 

meaning around GenAI use within organisational contexts, recognising that these experiences 

are shaped by social interactions, professional roles, organisational environments, and prior 

experiences (Schwandt et al., 2007). This perspective aligns with the exploratory purpose of 

the study, allowing meanings and patterns to emerge from participants’ accounts rather than 

being imposed through predefined analytical categories (Creswell & Poth, 2023). In the context 

of GenAI-enabled work, where experiences may differ depending on individual engagement 

and work context, interpretivism enables a deeper understanding of how employees perceive 

learning, adapt work practices, and reflect on sustainability-related implications in their 

everyday work (Ehnert et al., 2014; Ellström, 2011; Lave & Wenger, 1991). 

3.2 Research approach 

This study follows an abductive research approach, combining empirical observations with 

existing theoretical perspectives in an iterative manner. At the same time, the data collection 

and analysis are primarily inductive, in line with the exploratory aim of the study. As suggested 

by Flick (2023), inductive reasoning begins with empirical observations, allowing patterns and 

themes to emerge from the data rather than being predefined. In this study, insights are 

developed through systematic data collection and analysis, where recurring patterns in the 

empirical material are identified and gradually translated into conceptual categories. Thus, 

while the overall research design moves between theory and data, the analytical process remains 

grounded in participants’ experiences, ensuring a close connection between empirical findings 

and emerging theoretical insights. Moreover, this thesis is part of the MAIn: Managing AI-
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integration project at Jönköping University, which examines how AI technologies reshape work 

in industrial organisations and aims to develop frameworks for AI integration and 

organisational change (Jönköping University, 2025). 

Participants were recruited from Swedish industrial organisations operating in technology-

intensive environments, particularly within manufacturing and industrial services, where 

digitalisation and the use of advanced technologies are increasingly present. To ensure variation 

in work contexts and experiences of GenAI use, participants were selected across different 

supply chain roles and organisational settings. Three participants were recruited from 

companies connected to the MAIn project, while three additional participants were selected 

from organisations outside the project to broaden the empirical scope and include perspectives 

beyond a single collaborative network. 

The selection followed a criteria-based sampling strategy (Creswell & Poth, 2023), focusing on 

participants whose roles and experiences were directly relevant to the purpose of the study. 

Including individuals from different organisational contexts and supply chain positions 

supported variation in tasks, responsibilities, and ways of engaging with GenAI, thereby 

strengthening the potential for analytical generalisation rather than statistical 

representativeness. The specific participant roles are presented in Table 1 in the following 

subchapter. Across the sample, all participants shared three common criteria: they were white-

collar workers, used GenAI tools in their daily work, and were willing to openly discuss and 

reflect on their experiences. 

3.3 Research design 

Given the exploratory purpose of this study, a qualitative research design was adopted to enable 

an in-depth understanding of how employees experience and make sense of learning through 

GenAI in their everyday work practices. A qualitative design is appropriate when the aim is to 

explore meanings, interpretations, and experiences within real-world contexts rather than to 

measure predefined variables or test causal relationships (Creswell & Creswell, 2018). Since 

this study focuses on how employees engage with GenAI and interpret its influence on learning, 

work practices, and sustainability, qualitative inquiry allows for a richer understanding of these 

processes across different organisational roles and settings. This is particularly important for 

studying learning, which is often informal, tacit, and embedded in everyday practice rather than 

visible through predefined measures or structured observation alone (Ellström, 2011). 

The study further follows an abductive research design, which involves an iterative movement 

between empirical observations and existing theoretical perspectives to develop a deeper 

understanding of the phenomenon (Creswell & Poth, 2023; Gioia et al., 2013). An abductive 

design is particularly suitable in emerging research areas such as GenAI-enabled work, where 

existing theories may not fully explain how learning unfolds in practice. Since workplace 

learning through GenAI is itself an iterative process of adjusting, reflecting, and making sense 

of experience, an abductive design mirrors the phenomenon it seeks to understand. By moving 
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between data and theory throughout the research process, the study remains open to unexpected 

insights while still drawing on relevant conceptual perspectives to interpret employees’ 

experiences (Boud et al., 1985). 

3.4 Research process 

Figure 3. below shows an overview of the research process. An iterative approach was used: 

general theories were initially selected based on the study's purpose, and the theoretical 

framework was then refined by adding or removing elements in response to insights from the 

preliminary data analysis. The process started with formulating the research problem, drawing 

on the industrial context provided by the MAIn project. MAIn functions in this study primarily 

as a research context and recruitment channel: it provided access to Swedish industrial 

organisations where GenAI integration is actively taking place, and three of the six participants 

were recruited through companies connected to the project. While MAIn addresses AI-

integration at the organisational level, this study deliberately takes the individual as its unit of 

analysis, exploring how employees experience learning through GenAI in their everyday work 

(Jönköping University, 2025). The theoretical framework was therefore developed 

independently to reflect this individual-level focus. After these steps were completed, data were 

collected through shadowing sessions, in-depth exploratory interviews, and logbooks. The data 

analysis consisted of analysing interview and shadowing transcripts alongside participant 

logbooks using NVivo, guided by the Gioia methodology for developing codes and themes 

gradually. The study ends with a discussion of the findings and directions for future research. 

Figure 3. 

Overview of the research process. 

 

 

3.5 Data collection 

As described by Flick (2023) research data can be classified as either primary or secondary 

depending on its origin and purpose. In this study, primary data were collected specifically to 

address the research questions through interviews and shadowing sessions, while secondary 

data were obtained through the logbooks the white-collar workers completed Flick (2023). 
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Table 1. provides an overview over the number of participants selected, their roles, if they are 

part of the MAIn project or not, along with the times allocated for both interviews and 

shadowing sessions.  

 

Table 1. 

Participant data summary. 

 

Participant 

ID 
Role 

Part of MAIn 

project 

Shadowing 

time 

Interview 

time 

Logbook 

completed 

1 Business data analyst YES 45 min 27 min YES 

2 
Supply and demand 

planner 
YES 45 min 30 min YES 

3 Data scientist NO 30 min 25 min YES 

4 Recruiter YES 30 min 28 min YES 

5 

Head of quality 

development 

department 

NO 45 min 21 min YES 

6 
Business intelligence 

expert 
NO 45 min 20 min YES 

 

Together, these data sources contribute to an in-depth understanding of the studied phenomenon 

and are guided by the research questions and the theoretical framework. The data collection 

was structured according to the research questions: 

1. How do employees experience working with GenAI in their daily work practices? 

After understanding the definition of learning and how GenAI impacts the learning process, the 

first question’s aim is to uncover the individual’s experiences when working with GenAI. It 

encompasses how the employee learns new concepts or makes the old processes efficient with 

the tools and why. The answer is clearly given through interviews, shadowing sessions, and 

logbooks. 

2. How does working with GenAI influence employee learning? 

The second research question seeks to explore the consequences of using GenAI in employees’ 

daily work for their learning processes, grounded mostly in logbooks and shadowing sessions. 

3. What consequences does the use of GenAI in employees’ daily work have on sustainability? 

After discovering how the learning path is shaped by GenAI, the next step is finding out how 

sustainability is perceived by the employees in the context of working with AI. The answer is 

enunciated through the interviews and shadowing sessions. Table 2. portraits a clearer picture 

of the description given: 
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Table 2. 

Connection between methodology and research questions. 

 

Data collection methods RQ1 RQ2 RQ3 

In-depth exploratory interviews ✓  ✓ 

Participant, overt shadowing ✓ ✓ ✓ 

Logbooks ✓ ✓  

 

Due to the exploratory nature of this study, a qualitative approach will be used. First, shadowing 

sessions of approximately 45 minutes will be conducted to observe how participants use GenAI 

tools in their daily work and learning activities. During these sessions, participants will apply a 

think-aloud approach, verbalize their thoughts and reflections while interact with the tools. The 

study will not focus on specific GenAI applications or tools, to avoid limiting the scope of 

observation. At the end of each session, a brief five-minute reflection will take place. In 

addition, participants will complete a three-day logbook, writing short daily reflections on their 

experiences with GenAI. Following this, in-depth interviews will be conducted to gain a deeper 

understanding of participants’ experiences and perspectives. Finally, the logbooks participants 

complete represent the on-action reflection that complements the shadowing sessions.  

Together, the three methods capture learning at different moments: shadowing observes it as it 

happens in real work, interviews surface how employees make sense of their experiences, and 

logbooks document reflection over time. This combination is particularly suited to learning 

processes, which unfold gradually and are often only partially visible in any single data source. 

3.5.1 Shadowing sessions 

Shadowing is a qualitative method often used to complement other data collection techniques, 

such as interviews, by providing direct insight into how activities unfold in real life (McDonald 

& Simpson, 2014; Creswell & Poth, 2023). Overt shadowing involves actively following 

participants in their work setting and paying attention to actions, interactions, feelings and work 

processes as they occur in real time. This makes it possible to capture aspects of behaviour and 

decision-making that may not always be fully articulated during interviews (Flick, 2023). 

Shadowing can be carried out in either a structured or unstructured way. Structured shadowing 

follows a predefined focus and procedure, while unstructured shadowing is more open and 

exploratory (McDonald & Simpson, 2014). In this study, structured shadowing was applied, as 

all sessions followed the same setup and instructions, to isolate and capture the phenomenon of 

GenAI usage in depth for the thesis’ purpose. 

During the shadowing sessions, participants were asked to complete a task/series of tasks 

involving GenAI in the way they would normally approach it in their daily work. Table 1. 

shows the duration of the shadowing, along with the working roles of the participants involved. 
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The shadowing sessions lasted between 30 and 45 minutes and were both recorded and 

transcribed using the functions available in the Teams application. The sessions ended with a 

five-minute in-action reflection constituting of three questions, meant to help triggering fresh 

and fast reflection moments of the participants, along with immediate reasoning over their tasks 

done with GenAI tools (Schön, 1983). The transcript was checked and proofed after each 

session, to eliminate the grammatical mistakes. The shadowing sessions were conducted on-

site at the participants’ offices to create a familiar and comfortable setting for the participants, 

while also allowing the researchers to observe and capture actions, behaviours, and reactions 

as they unfolded in a normal work setting. 

Moreover, to make their reasoning visible during the process, they were encouraged to think 

aloud and express what came to mind either in English or Swedish, while completing their tasks 

with the use of GenAI tools, for example when they reformulated prompts, hesitated, evaluated 

outputs, or experienced uncertainty. The authors minimized any interaction during shadowing 

and avoided influencing the participants’ actions, except for occasional reminders to continue 

verbalizing their thoughts if long pauses occurred. The authors took notes during the shadowing 

sessions, based on the template presented in Appendix A. These notes served as observation 

data and were used to complement the interview material during analysis. 

Shadowing was conducted before the interviews to reduce the risk that prior interview 

discussions would influence participants’ natural behaviour during the shadowing. This 

sequence made it possible to observe the work process as authentically as possible before 

participants reflected on it in the interview setting.  

3.5.2 Interviews 

In-depth exploratory interviews were used in this study because they allow participants to 

describe their experiences in detail while giving the researcher flexibility to follow topics that 

emerge during the conversation. Since the study focuses on how white-collar workers use 

GenAI in their everyday work, it was important to apply a method that allowed participants to 

explain their own practices, reflections, and interpretations in their own words. As King et al. 

(2019) note, in-depth exploratory interviews are particularly suitable when the aim is to 

understand how individuals make sense of a phenomenon within their own context. 

This interview format also aligns with the inductive design of the study, as understanding is 

developed from participants’ accounts rather than guided by predefined assumptions. To 

support the interviews, the authors developed an interview guide (Appendix B) containing 

suggested topics and questions that could be used when needed. However, the interviews were 

not strictly guided by a fixed sequence; instead, the conversation developed in relation to what 

each participant brought forward, and follow-up questions were asked depending on the 

direction of the discussion. This flexible approach made it possible to explore relevant issues 

in greater depth while maintaining focus on the overall research topic. The interviews lasted 

between 20 and 40 minutes, depending on the level of detail provided by each participant. Brett 
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and Wheeler (2022) emphasize that in-depth interviews generate rich and nuanced material 

because follow-up questions allow the researcher to clarify responses and pursue new directions 

that arise during the interview. Creswell and Poth (2023) similarly highlight that qualitative 

interviews are valuable when exploring complex processes and capturing participants’ 

perspectives in natural settings. 

The interviews were conducted either on-site or through Teams, depending on the participants’ 

preference. All interviews were recorded and transcribed using the transcription function in 

Teams, after which the material was reviewed carefully before analysis. Flick (2023) 

emphasises that transcripts need to be sufficiently complete for analysis, and therefore the 

recordings were revisited to correct transcription errors and ensure that the material accurately 

reflected the interviews. 

3.5.3 Logbooks 

Logbooks were used as a complementary qualitative method to support and contextualise the 

findings generated through interviews and shadowing. They enabled the collection of additional 

insights into participants’ day-to-day interactions with GenAI and their ongoing learning 

processes. 

After completing the shadowing sessions and interviews, participants were asked to document 

their reflections over a period of three days using a structured logbook template (Appendix C). 

The purpose of introducing the logbooks after the other data collection activities was to create 

space for reflection-on-action, which Schön (1983) describes as reflecting on experiences after 

they have occurred in order to better understand actions and decisions. This approach allowed 

participants to reconsider how they used GenAI in their everyday work and to articulate 

learning-related experiences that may not have emerged during interviews or observations. The 

logbooks therefore provided deeper insight into how learning develops in practice and which 

mechanisms appear to influence that process. 

3.6 Data analysis 

The empirical material in this study is analysed through thematic analysis, supported by the 

coding structure of the Gioia methodology, in which the analysis follows an inductive approach 

where themes are developed from the data collected, while still using a clear and systematic 

coding process (Gioia et al., 2013). This approach is suitable for the study, because the aim is 

to explore how GenAI is understood and used by the participants in work practice without 

relying too heavily on predefined categories or influencing the outcome. 

In this study, interviews provide insight into how participants describe and make sense of their 

use of GenAI, while shadowing enables the observation of how these practices unfold in real 

work contexts. The logbooks add a further dimension by capturing participants’ reflections over 

time, allowing for deeper insight into their learning processes. Together, these methods provide 

a richer and more nuanced understanding of how employees engage with GenAI in their 
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everyday work practices. Figure 4. contains a visual representation of the data analysis process. 

All the transcripts are proof-read for error correction, followed by the three-steps thematic 

analysis, using the Gioia methodology, for developing the final themes and codes. To support 

the coding process, all material is analysed in NVivo, which is a software used for qualitative 

data analysis. NVivo helps organize interview excerpts and observational notes, compare codes, 

and keep track of how themes develop during the analysis (Karlsson, 2024).  

The analysis will be done continuously during data collection, which means that codes and 

themes are being reiterated throughout the whole data collection process. This is common in 

qualitative research, since understanding develops gradually through repeated work with the 

material (Karlsson, 2024). To strengthen trustworthiness, coding decisions and interpretations 

will be documented throughout the process so that the link between empirical material and 

conclusions remains clear (Schwandt, 2007). After the coding process, the preliminary findings 

are interpreted in relation to the theoretical framework and compared across interviews, 

observations, and documents to identify recurring patterns and strengthen the credibility of the 

analysis through methodological triangulation. 

Figure 4. 

Data analysis process. 

 

The thematic analysis will be carried out in three steps, as shown in Figure 5. First-order coding 

is used as starting point, where interview and shadowing transcripts are coded using words and 
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expressions taken directly from the participants. At this stage, the purpose is to stay close to 

how participants describe their own experiences and work practices (Gioia et al., 2013). The 

next step is to organize these codes into second-order themes, where patterns and similarities 

across participants are identified. Here, the analysis becomes more interpretive, as the codes 

are grouped into broader themes that relate to the research focus (Gioia et al., 2013). Finally, 

the second-order themes are brought together into aggregate dimensions, which represent 

broader analytical categories and help connect the findings to theory. This step makes it easier 

to see how the analysis moves from raw empirical material to more abstract conclusions (Gioia 

et al., 2013). The distribution of the codes across participants can be seen in Appendix E. 

Figure 5. 

Data structure developed from empirical data following Gioia methodology (Gioia et al., 

2013).  

 

3.7 Research quality and ethical considerations 

In qualitative research, quality is often discussed in terms of trustworthiness rather than 

traditional criteria such as validity and reliability (Korstjens & Moser, 2018). In line with 

Schwandt (2007), this study addresses trustworthiness through credibility, transferability, 

dependability, and confirmability. 

Credibility was strengthened by combining interviews, participant overt shadowing, and 

logbooks, allowing patterns to be compared across different forms of empirical material rather 

than relying on a single source (Korstjens & Moser, 2018). The Gioia methodology also 

supported credibility by keeping the first stage of coding close to participants’ own words 
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before broader interpretations were developed (Gioia et al., 2013). Although the relatively small 

sample limits the breadth of perspectives included, the aim of the study was to generate deeper 

insight into employees’ everyday interaction with GenAI through rich qualitative data. 

Moreover, the study applies methodological triangulation by combining in-depth exploratory 

interviews, participant overt shadowing, and participant logbooks as complementary methods 

(Figure 6.). As illustrated in the figure, the exploratory study is positioned at the centre, while 

each method contributes a different perspective on employees’ interaction with GenAI. 

Interviews capture participants’ reflections and interpretations, shadowing provides insight into 

actual work practices, and logbooks document reflections over time. Together, these methods 

strengthen the depth and credibility of the analysis by enabling comparison across multiple data 

sources (Korstjens & Moser, 2018; Karlsson, 2024). 

Figure 6. 

Triangulation of methods. 

 

Transferability was supported through clear descriptions of the organisational context, 

participants, and research process, allowing readers to assess the relevance of the findings to 

similar contexts (Korstjens & Moser, 2018). Dependability was strengthened by systematically 

documenting coding decisions, theme development, and analytical steps in NVivo (Karlsson, 

2024). Confirmability was addressed by continuously comparing interviews, shadowing 

observations, and logbooks, while keeping interpretations closely linked to empirical excerpts 

(Johnson et al., 2020). 
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The study also acknowledges methodological limitations. Since participants were aware of 

being observed during shadowing sessions, their behaviour may have been influenced by the 

researchers’ presence (Flick, 2023). Similarly, logbooks depended on what participants chose 

to document and how openly they reflected on their experiences. However, these methods also 

provided rich and practice-based insights that would have been difficult to capture through 

interviews alone. 

From an ethical perspective, all participants were informed about the purpose of the study 

before data collection began and signed a research agreement (Appendix D). Participation was 

voluntary, informed consent was obtained before each activity, and participants could withdraw 

at any time. No sensitive organisational or personal information is disclosed in the thesis. 

3.8 Researcher role 

Given the proximity of the researchers to the study participants, particularly during the 

shadowing sessions, where observations took place in participants’ own workspaces, it is 

important to reflect openly on the researchers’ role and its potential influence on the data 

collected. In qualitative research, the researcher is never a neutral instrument, and the closeness 

that intensive fieldwork requires can introduce both opportunities and risks (Flick, 2023). 

Throughout the data collection process, the researchers actively worked to maintain a position 

of analytical distance and neutrality. During shadowing sessions, intervention was deliberately 

minimized: the researchers observed and took notes without directing participants’ actions, 

offering only occasional prompts for participants to continue verbalising their thoughts when 

long pauses occurred. This approach followed structured shadowing conventions (McDonald 

& Simpson, 2014), in which the observer’s role is clearly bounded and consistent across all 

sessions. 

Notwithstanding these precautions, the researchers acknowledge that full neutrality is not 

achievable. Participants may have adjusted their behaviour or expressed themselves differently 

due to being observed, a phenomenon known as the Hawthorne effect (Flick, 2023). Moreover, 

the researchers’ own pre-understandings of GenAI, and workplace learning may have 

influenced how questions were framed and how data were interpreted. To counteract this, the 

analysis was conducted independently by both researchers and subsequently compared, and 

emerging interpretations were continually tested against the raw empirical material. Member 

checking was also performed where possible, whereby preliminary interpretations were shared 

with participants to verify their accuracy. This iterative and transparent process of reflexivity is 

intended to strengthen the credibility of the study’s findings. 
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4 Findings and analysis 

This chapter presents the findings from the empirical material collected and analyses them in 

relation to the research questions. In line with the abductive approach of the study, the chapter 

begins with empirical results derived from interviews, shadowing sessions and participants 

logbooks, followed by theoretical analysis grounded in the theoretical framework. The chapter 

is structured into three main parts according to the research questions and moves from second-

order themes towards aggregate dimensions, which represent the findings of the study. 

4.1 RQ1: How do employees experience working with GenAI in their daily 

work practices? 

A first central pattern in the empirical material concerned how participants described adopting 

GenAI to increase efficiency into everyday work activities. 

4.1.1 GenAI for simple tasks 

Four out of six participants (2, 3, 4 and 5) described using GenAI as a tool in simple tasks such 

as checking information, summarizing emails and spell correction. For example, participant 2 

described using GenAI as “to check the e-mail and tell me what needs to be done or what I 

should do the next steps”. Two participants (2 & 5) described using GenAI for translation. For 

example, participant 2 emphasised the use of GenAI for the “translation part because that is 

saving me a lot of time”. In these descriptions, GenAI was understood as a support tool that 

reduced manual effort in everyday work practices rather than radically changing task objectives. 

Similar descriptions were visible in participant logbooks, where GenAI use was repeatedly 

documented in relation to short task support activities.  

4.1.2 Exploitation of tasks 

Across all interviews, participants described using GenAI primarily for task support and 

efficiency particularly when carrying out routine tasks such as searching for information, 

drafting text, or troubleshooting. For example, participant 1 described using GenAI for “when 

I like need help or troubleshooting or so on” whereas participant 5 explained GenAI use as 

“more of like an advanced search engine”. Additionally, three participants (1, 3 and 6) 

explicitly described using Copilot for programming-related tasks such as writing codes, 

validating existing codes or converting codes between different programming languages for  

instance, participant 1 explained “I use it really much to like create codes or to validate my own 

codes” whereas participant 6 described GenAI use “as whole chain from writing the code, 

upload that to GitHub and then deploy to production”. 

These tasks were generally described as extensions of existing work practices rather than 

entirely new ways of working. These patterns were also reflected during shadowing sessions, 
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where participants frequently used GenAI for getting quick information, checking and 

evaluating old codes during ongoing work activities. 

As Figure 7. shows, participants use a small number of GenAI tools, with the utilization of 

these tools being concentrated around several dominant applications. This confirms the 

observation that GenAI is largely being integrated as an efficiency-focused tool into the existing 

work practices, as opposed to being explored on a broader scale across different use cases. 

Figure 7. 

Percentage of GenAI tools used by participants. 

Furthermore, several participants described GenAI using relational language, referring to it as 

“a made-up colleague”, or “a good sparring partner” while also acknowledging its limitations 

as a tool. For example, participant 2 explained, “You have to be very specific in things, and it 

still does not understand simple tasks that a human would just do and understand”. In contrast, 

participant 3 rejected the idea of GenAI being a digital colleague and stated that “I would say 

that is a bit wrong because, I mean, it can't replace human connection”. The data suggests that 

collaborative language may emerge without fully acknowledging the technology’s agency. 

Across interviews, shadowing sessions, and logbooks, GenAI appeared primarily as a support 

tool used to streamline routine tasks, reduce effort, and save time. As a result, the first aggregate 

dimension was based on the themes that concerned task support, and exploitation of tasks. 

These trends were explained through the lens of augmentation Raisch and Krakowski (2021), 

which underlines how technologies complement human work rather than substitute it. 

Moreover, such emphasis on the optimisation of the current routines is consistent with adaptive 

learning Ellström (2011), which justifies the conceptualisation of this aspect as efficiency-

oriented GenAI adoption. 
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Figure 8. illustrates the data structure for this dimension, showing how first-order codes related 

to efficiency and task support were grouped into higher-level themes. 

Figure 8. 

Data structure of aggregate dimension 1. 

4.1.3 Theoretical analysis 

The findings suggest that efficiency-oriented GenAI adoption can be understood as the 

integration of an augmentative technology within existing work practices rather than as a form 

of automation. This aligns with the distinction proposed by Raisch and Krakowski (2021), 

where augmentation refers to technologies that enhance human capabilities while leaving 

responsibility for judgement and task execution with the user. 

Participants’ descriptions of using GenAI for routine support tasks such as drafting, information 

retrieval, and troubleshooting reflect how GenAI functions as an embedded tool within 

everyday work practices. This supports the conceptualisation of GenAI as an interactive system 

that enables human-AI collaboration through ongoing engagement rather than replacing human 

work entirely (Feuerriegel et al., 2024). 

From a work practices perspective, the findings indicate that GenAI adoption does not 

fundamentally redefine tasks but instead reshapes how they are performed. The observed use 

of GenAI for incremental support and efficiency gains suggests that work practices evolve 

through small adjustments in how tasks are executed, rather than through radical 

transformation. This is consistent with the view of work practices as dynamic configurations 

shaped by interaction with digital tools (Liu et al., 2025; Mayer et al., 2025). 

The task-specific and embedded nature of GenAI use also reflects elements of adaptive 

workplace behaviour. Participants primarily used GenAI to improve the efficiency of existing 

routines rather than to explore entirely new ways of working. This aligns with Ellström’s (2011) 
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notion of adaptive learning, where the focus is on refining and optimising established practices 

rather than engaging in more exploratory or developmental forms of learning. 

Furthermore, the relational language used by some participants to describe GenAI suggests an 

emerging perception of human-AI collaboration. However, the simultaneous emphasis on 

evaluating and controlling outputs indicates that GenAI is not perceived as an autonomous actor 

but as a tool that requires continuous human oversight. This reinforces the interpretation of 

GenAI as an augmentative resource embedded in human-centred work processes. 

Overall, efficiency-oriented GenAI adoption can be understood as a form of situated and 

practice-based integration, where the technology becomes part of everyday routines and 

supports incremental improvements in task execution. Rather than replacing human work, 

GenAI contributes to the ongoing evolution of work practices by enabling more efficient ways 

of performing existing tasks. At the same time, the findings indicate a two-fold development in 

which the implementation of GenAI does not only complement current work practices but also 

starts to transform how parts of the work are performed through continuous interaction between 

employees and GenAI systems. While employees retained overall responsibility for their work 

tasks, parts of task execution were increasingly carried out through interaction with GenAI 

systems rather than performing them entirely independently. 

4.1.4 Finding 1: GenAI is integrated as an efficiency-oriented, augmentative tool 

embedded within existing work practices 

The findings show that GenAI is mostly incorporated into the working routine of employees as 

an efficiency tool, where it is used to simplify everyday activities, including information search, 

text optimization, and problem solving. Instead of taking away the human labour, GenAI works 

in a complementary manner, with the employee actively engaged in the assessment, 

modification, and verification of results. This continuous interaction implies that the technology 

enhances the capabilities of humans while preserving human judgement. Consequently, work 

practices are developed by making small adaptations to the manner in which work is undertaken 

with workers perfecting and streamlining the existing routines instead of redefining them. This 

implies that there is an improvement trend based on the refinement of existing practices as 

opposed to transformation of those practices. At the same time, this also suggests that GenAI 

gradually influences how work is carried out through continuous interaction between 

employees and GenAI. This indicates that the use of GenAI introduces additional evaluative 

and interaction-based competencies into existing work practices. 

4.2 RQ2: How does working with GenAI influence employee learning? 

A second major pattern concerned how participants describe learning as emerging through 

repeated interaction with GenAI rather than through formal training or structured instruction. 
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4.2.1 Exploration 

Two participants (1 and 4) explicitly described experimenting with GenAI for performing 

creative tasks such as ideation or content creation while others observed colleagues using 

GenAI for creative tasks. For example, participant 1 described using GenAI to “get some ideas 

on a topic or so on” whereas participant 2 stated “I know that other departments who are more 

in the creative section, they create videos”. Additionally, participant 4 emphasised using GenAI 

for “I use copilot for helping me making advertisements like job ads”. At the same time, 

participant 3 reported that they personally don’t use it for creativity. Therefore, despite the 

perception that GenAI helps in creative work, not all respondents incorporate it into their own 

creative processes. 

4.2.2 GenAI output 

All participants had the same views on handling GenAI output such as being critical and 

assuming it is wrong initially. For example, participant 1 handled output as “Actually really 

critical, like super critical”. Similarly, participant 2 described “I mean the first assumption is 

always that it's wrong. That is how I start with.” Moreover, participant 5 described the process 

of checking GenAI output as “I'm reviewing it quite a lot”. Collectively, these responses reflect 

a habit of proactively questioning and verifying GenAI output before usage. 

4.2.3 Prompt behaviour 

Rather than using GenAI passively, participants described an iterative process involving 

validating outputs, evaluating responses, and reformulating prompts. Participant 4 described 

the process as “start with kind of general prompt and then go digger and digger depending on 

what information AI gives me”. Similarly, participant 2 stated, “I prompt something and then I 

wait for the answer” while also noting the benefits of using pictures in prompts such that “it 

can just make better assumptions or give me better results”. This pattern indicates a dynamic 

and reflexive form of use where users iteratively reshape both prompts and outputs to obtain 

more relevant results. 

Taken together, these themes suggest that learning through GenAI emerged mainly through 

repeated interaction during everyday work tasks rather than through formal instruction. 

Participants described learning through prompting, evaluation outputs, and experimenting with 

different approaches, indicating that learning was embedded in ongoing work and often 

occurred as an unintended outcome of using the technology. 

The second aggregate dimension was formed as the result of the themes associated with 

prompting, evaluating outputs, and refining them in an iterative manner. These patterns could 

be explained as a result of experiential learning (Kolb, 1984), reflection-in-action and 

reflection-on-action (Schön, 1983), and reflective learning (Boud et al., 1985), which are 

combined to explain the development of learning through the repeated interaction and 
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assessment. Moreover, perspectives such as situated learning (Lave & Wenger, 1991) and 

informal workplace learning (Ellström, 2011) helped in realizing that learning is implicit in the 

daily work practice. Combined, these theoretical lenses shape the conceptualisation of this 

dimension as learning through iterative interaction with GenAI. 

Figure 9. presents the data structure for this dimension, illustrating how iterative interaction 

and evaluation practices contribute to learning processes. 

Figure 9. 

Data structure of aggregate dimension 2. 

 

4.2.4 Theoretical analysis 

The results suggest that learning using GenAI is an iterative and practical process inherent in 

daily work operations, as opposed to a formalized or structured kind of learning. This may be 

explained using Experiential Learning Theory (Kolb, 1984) in which learning occurs as cycles 

of experience, reflection, and experimentation.  

The description of participants of repeatedly assessing outputs, modifying prompts, and 

changing their approach includes the processes of active experimentation and reflective 

observation. Every experience with GenAI can therefore be viewed as a tangible experience 

that can be reflected upon and inform future behaviour. Through this, it seems that learning 

occurs in the form of constant interaction with the technology.  
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In order to elaborate this reflection knowledge, a distinction that Schön (1983) carried out 

between reflection-in-action and reflection-on-action is an extension that is vital. The 

reflection-in-action can be interpreted as real-time assessment of the GenAI outputs including 

accuracy in questioning, prompts manipulation, and re-phrasing of requests, since the 

participants think during the current task. Meanwhile, the participants moving away to analyse 

what went well, what did not, and how GenAI responses might be refined with time goes, this 

is similar to reflection-on-action. This two-fold reflective procedure brings out the fact that 

learning is not merely retrospective but also an active part of the moment-to-moment exchange 

with GenAI.  

The focus on the critical evaluation of GenAI output also indicates the importance of reflection 

in the process. Instead of being passive receivers of generated content, the participants were 

involved in evaluative practices which are like the description of reflection by Boud et al. (1985) 

wherein experience is reconsidered and interpreted in a way that creates new knowledge. This 

is complemented by the viewpoint of Schön (1983) who demonstrates that this reflection is not 

confined to the retrospective consideration but is the ongoing process which is carried out in 

practice.  

Moreover, learning seems to be well built into continuous working practice, which fits the 

situational learning theory presented by Lave and Wenger (1991). GenAI is used in particular 

tasks and situations, implying that it is not learning that is disconnected to the daily work but 

exists within it. The differences in the interactions of the participants with GenAI also capture 

aspects of informal learning at the workplace as outlined by Ellström (2011). The majority of 

the interactions with GenAI were aimed at enhancing existing work tasks, as discussed earlier, 

which primarily reflects adaptive learning in Ellström’s (2011) sense through the optimising of 

current routines. At the same time, some participants reported using GenAI for experimenting 

and exploring, especially in the context of ideation and creative tasks, suggesting developmental 

learning aspects. 

Figure 10. combines the patterns of use (exploitation vs. exploration) and perceived roles (tool 

vs. digital colleague), which showcases how perception and usage influence learning outcomes. 
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Figure 10. 

Relationship Between GenAI Use (Exploitation vs Exploration) and Perceived Role (Tool vs 

Digital Colleague) 

4.2.4 Finding 2: Learning through GenAI is iterative, experiential, and embedded in 

everyday work practices 

The findings indicate that GenAI based learning is an iterative and practice-based process that 

is integrated into daily work practices. Employees go through repetitive patterns of interaction 

whereby they formulate inputs, assess responses and adjust their approach according to 

feedback. In this process, knowledge is created over time as the experience is constantly 

redefined and used in the next task. The learning process will occur when the employees 

perform tasks and correct their actions in real-time as well as when they analyse the results and 

improve their knowledge. Moreover, this learning is directly connected with the work context, 

where GenAI is applied, which means that it is conditioned by ongoing activities, tools, and 

problem-solving approaches. Although most of this learning aids in the enhancement of already 

existing practices, there are cases of experimentation that point to the possibility of more 

exploratory and generative forms of learning. 

4.3 RQ3: What consequences does the use of GenAI in employees’ daily 

work have on sustainability? 

The third central theme concerned how participants simultaneously described benefits and 

concerns in relation to GenAI use. 
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4.3.1 Feelings 

Participants expressed satisfaction with GenAI output highlighting their perceived usefulness, 

but they also described situations where they got frustrated with GenAI output highlighting the 

limitations of GenAI.  For example, participant 4 mentioned “I think it's a very good suggestion 

to start with” while participant 2 described “I'm getting personally a bit frustrated quite quickly 

because it gives you more information than you need and you have to read through all of it.”. 

These patterns were also visible in the participant logbooks and similar moments of satisfaction 

and frustration were also observable during shadowing sessions. These tensions suggest that 

perceptions of GenAI capabilities were shaped by task context and user expectations. 

4.3.2 Reflection 

Participants’ considerations went beyond immediate task performance to long-term learning 

and sustainability implications. For example, participant 6 described learning with the help of 

GenAI as “I try to understand that by making the copilot comment code. And then I just read 

the code and see, OK, now we're doing this part and this part because so yeah, for my own 

education”. Similarly, while working with GenAI participant 1 stated “I would say I learn super 

much by it, like really much, especially when I work in new programs.”. Additionally, although 

participant 3 mentioned using GenAI during work tasks, they emphasised that they do not 

perceive it as a source of learning, stating that “I don't think you can learn by it”. This contrast 

points to the fact that learning through GenAI is not an experience that is universally perceived 

but rather depends on how individuals interact and make sense of the technology. 

Although participants reflected on how GenAI influences their own learning, they also applied 

these considerations to broader social sustainability concerns. For example, participant 1 

explained that “people are concerned about AI that it's can scare people in like losing jobs in 

the future”. Similarly, participant 5 highlighted the stress aspects stating, “I think there are some 

stress aspects into it that's affecting some people”. Additionally, participant 4 emphasised “We 

still need people that work with people and we need the connection” while also highlighted the 

need to upskilling and reskilling. 

Participants also associated GenAI use with organisational efficiency and cost reduction, which 

can be linked to broader economic considerations. Participant 1 explained that using GenAI 

tools “instead of like buying one of these systems or apps, we can create it for such a small 

cost” whereas participant 3 highlighted that “if it helps me to reduce work here and there by 5 

to 10 minutes then it's worth it for a full year.”. 

Moreover, participants acknowledged the environmental implications associated with these 

tools. For example, participant 1 acknowledged “I know it consumes a lot of energy”. Even 

though the participants clearly identified social, economic and environmental sustainability 

aspects tied to the use of GenAI tools, all participants reported that their work is not influenced 

by these sustainability aspects. This suggests that there is clearly a mismatch between the 
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perceived sustainability implications of GenAI and the extent to which these considerations 

shape employees’ use of GenAI tools in their everyday work tasks. Unlike task-related themes, 

reflections on sustainability mostly emerged from the interviews and were less visible during 

shadowing sessions or written logbooks. 

4.3.3 Positive and negative aspects 

Several participants reported using GenAI helped them in understanding new programs, gaining 

new perspectives, saving time by getting faster feedback as well as using GenAI for ideation. 

For example, participant 4 explained that using GenAI “saved me a lot of time. I wouldn’t spend 

the amount of time required to do the same work manually that AI did for me.”. Similarly, while 

describing the positive aspects using of GenAI, participant 5 described GenAI as “having a 

personal assistant who always has time, even when I don’t”. Even though all participants 

highlighted the positive aspects of GenAI, but they also acknowledged the negative aspects 

such as cognitive concerns and GenAI limitations. For example, while working with GenAI, 

participant 1 stated “I think a risk is that you outsource your own thinking”. Additionally, 

participant 5 highlighted the limitation of GenAI while performing certain tasks as “I find that 

Copilot at least hasn't been super good at that. It makes the layout ok, but not the graphics and 

the details so good.”. Similarly, participant 3 reported “every time I try to use it for more 

complicated things, it always breaks down and makes huge logical errors”. Taken together, the 

results indicate that GenAI is a useful tool, yet one that should be used carefully to avoid 

dependency and errors. Collectively, this implies that although GenAI is appreciated in terms 

of speed and assistance, its results are not always reliable, which is why the critical engagement 

is required. 

The third aggregate dimension was derived based on themes that expressed some benefits and 

concern, such as efficiency gains, cognitive challenges, and sustainability reflections. The 

patterns were viewed through the socially sustainable work systems perspectives (Ehnert et al., 

2014) that focus on the well-being of employees, the building of their capabilities, and the long-

term sustainability of the system of work. Meanwhile, the wider economic and environmental 

factors demonstrate sustainability as a multidimensional concept as applied to GenAI. 

Combining these views, the conceptualisation of this dimension as the consequences of GenAI 

on learning and sustainability. 

Figure 11. presents the data structure for this dimension, showcasing how both learning related 

outcomes and sustainability considerations emerge alongside efficiency-oriented work 

practices. 
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Figure 11. 

Data structure of aggregate dimension 3. 

4.3.4 Theoretical analysis 

The results suggest that sustainability regarding the GenAI-enabled work practices becomes 

reflective, and not a part of the daily working experience. Though participants noted that they 

were aware of the social, economic, and environmental consequences, they did not mention that 

these factors affected their real use of GenAI in their daily activities.  

Socially sustainable work viewpoint relates sustainability to the health and ability of the 

employee in the long run (Ehnert et al., 2014; Kira & Lifvergren, 2014). The reflections of the 

participants on stress and the necessity of upskilling imply that they are aware of them. 

Nonetheless, as these considerations were not explained to influence work practices, 

sustainability does not appear to be operationally integrated with the application of GenAI in 

daily activities.  

Another aspect of sustainability is the economic dimension, and, in fact, the participants 

identified the use of GenAI with organisational efficiency and cost reduction as well. 

Meanwhile, environmental implications were also recognized although they were not linked to 

personal work practices. This shows that even though there are various dimensions of 

sustainability that are identified, they are not actively put into practice.  
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Moreover, the reflections on sustainability were largely communicated during interviews and 

were less apparent in shadowing and logbooks. This implies that these considerations are not 

incorporated within the current work practices, which can be interpreted in connection to work 

practices as changing patterns with regard to the actual task performance (Liu et al., 2025; 

Mayer et al., 2025). All in all, the results demonstrate that sustainability is perceived by the 

participants but is loosely related to their daily use of GenAI, which is a disconnection between 

awareness and action. 

4.3.5 Finding 3: Sustainability is perceived but remains weakly integrated into daily work 

practices 

The findings suggest that the employees realize the broader effects of GenAI implementation, 

such as the ones related to capability building, well-being, efficiency, and environmental 

impact. Nevertheless, such awareness is mostly reflective and not operational because these 

considerations do not have a major impact on the application of GenAI in daily work processes. 

Reflections of sustainability are mostly raised when the employees are encouraged to reflect on 

them, as opposed to being engrained in the day-to-day performance of their tasks. This implies 

that there is a lack of relationship between the interpretation of long-term implications by the 

employees and their work practices in the short term where efficiency and accomplishment of 

tasks is prioritized. Consequently, sustainability exists as an interpretive aspect of work but is 

weakly incorporated within the organisation of daily practices. This further suggests that the 

lack of sustainability in the mainstream application of GenAI also points to wider ethical and 

societal impacts as the responsibility for managing long-term capability development and the 

consequences of GenAI use is left primarily to individual employees rather than organisational 

structures. 
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5 Discussion  

This chapter discusses the findings of the study in relation to the overarching purpose. The 

discussion is structured as follows: first, a methodological reflection addresses the strengths 

and limitations of the chosen research design; second, the three integrated findings are 

discussed in sequence, each in relation to the theoretical framework presented in Chapter 2 

and to the relevant literature; third, theoretical contributions are outlined; fourth, practical 

implications are presented as recommendations for organisations and employees using GenAI; 

and finally, directions for future research are proposed. 

5.1 Methodological Reflection 

This study explored how white-collar workers in Swedish industrial organisations use GenAI 

in their everyday work practices and how this influences learning and sustainability. By 

applying a qualitative and interpretivist approach, the study was able to capture employees’ 

experiences, reflections, and interactions with GenAI in real work settings. The combination of 

interviews, shadowing sessions, and logbooks enabled methodological triangulation and 

provided a richer understanding of how GenAI is integrated into everyday work practices rather 

than only how employees describe it retrospectively (Korstjens & Moser, 2018). 

At the same time, several limitations should be acknowledged. First, the study included six 

participants from Swedish industrial organisations, which limits transferability to other 

industries and professional contexts. However, the purpose of the study was not statistical 

generalization but analytical understanding of how learning and sustainability emerge through 

employees’ interaction with GenAI in everyday work practices (Schwandt et al., 2007). Second, 

because GenAI technologies are rapidly evolving, employees’ experiences and work practices 

may change over time as organisations become more familiar with the technology and as the 

systems themselves continue to develop.          

Another important reflection concerns sustainability discussions. Sustainability-related 

reflections mainly emerged during interviews rather than naturally during shadowing sessions 

or logbooks. This can indicate that sustainability currently exists more as a reflective and 

conceptual concern than as an integrated aspect of employees’ daily work practices. However, 

this is also an important analytical finding, as it highlights the gap between employees’ 

awareness of sustainability implications and the practical integration of these concerns into 

everyday work. 

 

Despite these limitations, the study contributes empirical insight into a research field that 

remains largely conceptual (Callari & Puppione, 2025; Lenart, 2026). The findings provide a 

deeper understanding of how GenAI shapes work practices, workplace learning, and 

sustainability reflections in practice while also highlighting tensions and contradictions that 

require further investigation. 
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5.2 Discussion of findings 

5.2.1 Finding 1: GenAI as an efficiency-oriented, augmentative tool embedded in existing 

work practices. 

The first finding indicates that participants primarily integrated GenAI into their work as an 

efficiency-enhancing support tool, using it to streamline existing tasks such as information 

retrieval, drafting, translation, and code validation. This pattern aligns with the augmentation 

perspective advanced by Raisch and Krakowski (2021), who distinguish between automation, 

where machines replace human tasks, and augmentation, where technology amplifies human 

capabilities while preserving human agency. However, the finding also complicates this 

framework. Raisch and Krakowski (2021) treat augmentation as a relatively open-ended 

process in which employees engage with increasingly complex tasks over time. This study 

indicates the opposite tendency: participants actively bounded GenAI to routine and familiar 

tasks, suggesting that augmentation in practice is considerably more conservative and habit-

driven than the literature assumes. Rather than expanding the scope of employees' work, GenAI 

was absorbed into pre-existing task boundaries. 

This tension extends to Brynjolfsson et al. (2025), who demonstrate that GenAI tools can help 

less experienced employees engage with complex tasks more rapidly. While participants in this 

study did report efficiency gains in coding, writing, and translation, they did not describe using 

GenAI to access tasks or domains previously beyond their reach. The technology appeared to 

accelerate existing competences rather than enable new ones. Similarly, Feuerriegel et al. 

(2024) describe GenAI as enabling genuine human-AI co-creation in which both parties can 

initiate actions. The data here challenges this framing: employees maintained tight control over 

task ownership and consistently positioned GenAI as a subordinate support function rather than 

a collaborative agent. At the same time, maintaining this level of control required participants 

to engage in prompting, evaluation, verification, and interpretation of GenAI outputs 

throughout the work process. This indicates that, while GenAI was predominantly used as a 

support tool, participants were also acquiring new interaction-based and assessment skills 

together with their professional skills. Moreover, the relational language some participants 

used, describing GenAI as a "digital colleague" or "sparring partner," was simultaneously 

undercut by their own acknowledgement of its limitations, suggesting such framing reflects 

functional familiarity rather than genuine co-creative partnership. 

From a work practices perspective, Liu et al. (2025) and Mayer et al. (2025) conceptualise work 

practices as dynamic configurations that evolve through ongoing interaction with digital tools. 

This study indicates that evolution is taking place, but in a narrower sense than these 

frameworks imply. GenAI has been assimilated into existing task structures rather than 

prompting any meaningful reorganisation of how work is conceived or distributed. Ellström's 

(2011) concept of adaptive learning captures this well: the dominant orientation is toward 

refining established routines rather than questioning them. What the literature has not 

sufficiently addressed, and what this study at least indicates, is that assimilation may become 
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self-reinforcing. When GenAI is consistently used to do the same things faster, the conditions 

for developmental learning are structurally undermined before they can emerge. 

5.2.2 Finding 2: Learning through GenAI is iterative, experiential, and embedded in 

everyday work practices. 

The second finding demonstrates that learning through GenAI emerges as an iterative and 

practice-embedded process rather than a structured or formally designed activity. Participants 

described a recurring pattern of prompting, evaluating outputs, and reformulating their 

approach, which broadly mirrors the experiential learning cycle proposed by Kolb (1984). 

However, this study indicates an important limitation of that framework when applied to 

GenAI-enabled work. Kolb's (1984) cycle assumes that reflection is sufficiently deep to move 

the learner toward abstract conceptualisation and active experimentation. In many of the 

interactions observed, reflection was primarily evaluative rather than transformative: 

participants assessed whether GenAI's output was correct or useful but rarely described arriving 

at new conceptual understanding as a result. The cycle appears truncated in practice, circling 

between experience and surface-level observation without consistently reaching the deeper 

stages that Kolb (1984) suggests are necessary for genuine learning. 

Schön's (1983) distinction between reflection-in-action and reflection-on-action remains 

analytically useful here, yet it too requires nuancing. The real-time evaluation of GenAI outputs 

during shadowing, where participants questioned accuracy before accepting or reformulating 

responses, can be understood as reflection-in-action. Yet this study indicates that such reflection 

was often closer to quality control than to the kind of active, situational thinking Schön (1983) 

describes in skilled practitioners. The logbooks and interviews showed more genuine reflection-

on-action, where participants revisited what the tool got right or wrong over time. This suggests 

that the richer learning potential may lie in structured retrospective practices rather than in the 

interaction itself, a finding that nuances Boud et al.'s (1985) assumption that experience and 

reflection are naturally coupled in professional settings. 

The situated character of learning, consistent with Lave and Wenger (1991), was clearly visible 

across roles: data analysts, recruiters, and supply chain planners described distinctly different 

GenAI use patterns and learning experiences, reinforcing that learning is inseparable from 

professional context. Yet this study also challenges the relatively optimistic framing of situated 

learning by showing that situatedness can constrain as well as enable. Because learning was 

embedded in specific task contexts and efficiency expectations, it rarely exceeded those 

boundaries. Ellström's (2011) distinction between adaptive and developmental learning is 

particularly telling here: while most learning was adaptive, a minority of participants described 

more exploratory interactions approaching developmental learning. This gap between what 

most employees currently experience and what the technology could theoretically support 

represents a contribution this study indicates that the literature has not yet adequately addressed. 

Lenart (2026) cautions that GenAI adoption does not automatically produce learning benefits, 

and this study provides concrete empirical grounding for that caution: even employees who 
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engaged actively with the tool were not necessarily engaging with it in ways that produced 

developmental learning. This implies that active engagement, as a condition for learning, may 

be necessary but not sufficient. 

5.2.3 Finding 3: Sustainability is perceived but remains weakly integrated into daily Work 

practices. 

The third finding reveals a notable gap between employees' awareness of the sustainability 

implications of GenAI and the extent to which such awareness shapes their everyday use of the 

technology. All six participants identified sustainability concerns across social, economic, and 

environmental dimensions during interviews, yet these considerations were largely absent from 

the shadowing sessions and logbooks, where task performance and efficiency dominated. While 

this aligns with Kira and Lifvergren's (2014) argument that sustainability in work systems is 

revealed through employees' own interpretive descriptions, this study also challenges the 

implication that awareness at the interpretive level is a meaningful precursor to behavioural 

change. The participants in this study were evidently aware, yet awareness produced no 

observable shift in how they used GenAI day to day. This indicates that the relationship between 

sustainability consciousness and sustainable practice is considerably weaker than much of the 

sustainability literature assumes, and that awareness alone, without organisational structures to 

support it, remains largely inert. 

From a social sustainability perspective, participants' reflections on job displacement, stress, 

and upskilling connect to Ehnert et al.'s (2014) argument that sustainable human resource 

management requires protecting and regenerating employee capabilities rather than depleting 

them through short-term efficiency demands. However, this study indicates that organisations 

deploying GenAI primarily for efficiency provide no institutional mechanisms through which 

this protection could occur. Employees were left to manage the tension between productivity 

and capability development individually, without organisational support. This has ethical 

implications that extend beyond individual workplaces: Capraro et al. (2024) demonstrate that 

GenAI adoption risks widening performance gaps between employees with strong and weak 

digital competences. This study adds a layer to that finding by showing that even employees 

who are aware of this dynamic do not have the organisational leverage to act against it. This 

raises a broader ethical question about responsibility: if organisations deploy GenAI to capture 

efficiency gains while individual employees absorb the cognitive, psychological, and 

professional risks, the distribution of benefit and harm is structurally unequal. Li et al. (2024) 

and Wang et al. (2026) show that overreliance on GenAI can generate self-doubt and inhibit 

creative thinking at the individual level. When these effects are experienced privately, without 

organisational recognition or support, they represent a form of hidden cost that does not appear 

in productivity metrics but accumulates in employees' long-term capacity for independent work. 

At a societal level, if this pattern is widespread across industrial organisations, the cumulative 

effect may be a gradual erosion of professional competence that no individual organisation 

intends but that the current model of GenAI deployment quietly produces. 
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The economic dimension was framed by participants primarily through efficiency and cost 

reduction, consistent with Shen and Badulescu (2025) and Koteczki et al. (2025). However, this 

study challenges the implicit assumption in that literature that efficiency gains are self-evidently 

positive outcomes. What participants did not reflect on, and what organisations did not appear 

to be asking them to consider, is whether short-term performance acceleration comes at the cost 

of longer-term capability erosion, a concern Brynjolfsson et al. (2025) and Callari and Puppione 

(2025) raise but do not resolve empirically.  

Environmental concerns, while acknowledged, similarly failed to influence practice, consistent 

with Hosseini et al.'s (2025) documentation of GenAI's substantial resource demands remaining 

largely invisible to end users. The invisibility of these environmental costs to individual users 

is itself ethically significant: decisions about how frequently and for what purposes GenAI is 

used are made at the task level by individual employees, yet the environmental consequences 

accumulate at a societal scale entirely disconnected from those decisions. This disconnect 

means that neither individuals nor organisations are currently positioned to govern GenAI use 

in environmentally responsible ways through awareness alone.  

These three dimensions point to a structural condition this study indicates is undertheorized: 

when organisations deploy GenAI as an efficiency tool without integrating sustainability into 

the governance of that deployment, individual employees cannot be expected to compensate. 

As Liu et al. (2025) and Mayer et al. (2025) show, work practices evolve through task-level 

interaction with digital tools. For sustainability to become embedded in those practices, it would 

need to be built into the organisational logic shaping that interaction, not left to individual 

reflection. 

5.3 Theoretical Contributions 

This study makes several theoretical contributions. First, it extends the application of 

experiential learning theory (Kolb, 1984) and reflective learning perspectives (Boud et al., 

1985; Schön, 1983) to the context of GenAI-enabled work, demonstrating empirically how the 

cycle of prompting, evaluation, and reformulation constitutes a form of situated and iterative 

learning embedded in everyday practice. However, the study also indicates a limitation of 

Kolb's (1984) framework: in GenAI-enabled work, the cycle appears truncated. Reflection 

tends to be evaluative rather than transformative, aimed at assessing output quality rather than 

generating new conceptual understanding. This suggests the framework requires extension to 

account for learning environments where a non-human system mediates experience. This 

contributes to the growing body of literature on informal workplace learning (Ellström, 2011; 

Lave & Wenger, 1991) by showing that GenAI introduces a new relational context for such 

learning. While Lave and Wenger (1991) present situatedness as an enabling condition, this 

study indicates it can equally constrain: because learning was embedded in efficiency-oriented 

task contexts, it rarely exceeded those boundaries, reproducing existing competence limits as 

much as generating new ones. 
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Second, the study contributes to research on work practices and GenAI adoption by providing 

empirical evidence that practice change under GenAI conditions tends to be incremental and 

adaptive rather than transformational. This nuances existing accounts by Mayer et al. (2025) 

and Liu et al. (2025) by grounding the analysis in moment-to-moment patterns of task execution 

observed through shadowing. More specifically, the study indicates that augmentation as 

theorised by Raisch and Krakowski (2021) is considerably more conservative in practice than 

the literature assumes: rather than enabling employees to engage with increasingly complex 

tasks as Brynjolfsson et al. (2025) suggest, GenAI was assimilated into pre-existing task 

boundaries in a self-reinforcing way. The study also indicates that this assimilation did not 

completely alter work processes. While employees were still responsible for the outcomes of 

the assigned tasks, portions of task execution were increasingly being carried out through 

continuous interaction with GenAI systems. This suggests that augmentation under GenAI 

conditions may simultaneously preserve existing work structures while subtly reshaping how 

work is carried out in practice. The study further qualifies Lenart's (2026) finding that benefits 

emerge through active engagement: active prompting and evaluation were present across 

participants, yet developmental learning remained rare, indicating that active engagement is 

necessary but not sufficient for learning. 

Third, the study contributes to sustainability research by demonstrating empirically an 

awareness-practice gap: employees articulate sustainability concerns across social, economic, 

and environmental dimensions while these concerns remain absent from daily practice. This 

extends Kira and Lifvergren's (2014) interpretive sustainability framework to GenAI-enabled 

work, suggesting that socially sustainable arrangements cannot emerge spontaneously from 

awareness alone but require deliberate organisational design. What is genuinely new is the 

demonstration that awareness does not influence practice when structurally unsupported, 

challenging an implicit assumption in the sustainability literature. This has ethical implications 

beyond individual workplaces: when responsibility for managing GenAI's social and 

environmental consequences falls to individual employees without organisational mechanisms 

to support it, that responsibility cannot be meaningfully exercised, a structural gap that future 

research should address. 

Figure 12. presents an integrative theoretical model illustrating the relationships between 

white-collar workers, GenAI, learning, and sustainability as identified across the three findings 

of this study. At the centre of the model, the intersection of learning and GenAI represents the 

space in which white-collar workers operate, reflecting that employee experiences of GenAI in 

everyday work are simultaneously shaped by and generative of learning processes. This 

intersection gives rise to two distinct learning modes: developmental learning and adaptive 

learning. Developmental learning, connected to the intersection through a minor association, 

emerges when employees engage with GenAI in less frequent but more exploratory and creative 

ways, questioning existing routines and generating new understanding, consistent with 

Ellström's (2011) characterisation of developmental learning. Adaptive learning, connected 

through a major association, represents the more prevalent pattern identified in this study, 

whereby employees use GenAI to optimise and streamline existing task execution without 
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fundamentally altering how work is conceived, aligning with Ellström's (2011) notion of 

adaptive learning explained in Chapter 2. The outer layers of the model situate these learning 

dynamics within the broader sustainability context.  

Both adaptive and developmental learning carries a positive association with social 

sustainability, indicating that GenAI-supported learning whether exploratory or optimising in 

nature holds potential for employee capability development, skill growth, and long-term 

wellbeing, dimensions central to sustainable human resource management as conceptualised by 

Ehnert et al. (2014) and to the protection of employees' long-term work capacity discussed by 

Kira and Lifvergren (2014). By contrast, both developmental and adaptive learning show a 

negative association with environmental sustainability, reflecting participants' recognition that 

GenAI use, regardless of the learning mode it supports, contributes to substantial energy 

consumption and resource demands, consistent with Hosseini et al.'s (2025) documentation of 

the environmental costs of large-scale GenAI systems. Adaptive learning carries a positive 

association with economic sustainability, reflecting participants’ recognition that GenAI use 

contributes to organisational efficiency and cost reduction, in line with Shen and Badulescu 

(2025) and Koteczki et al. (2025).  

The model captures the central tension of this study: while employees recognise the social, 

environmental and economic implications of GenAI use, these implications remain unevenly 

recognised and structurally disconnected from how employees use the technology in daily 

practice. Rather than shaping everyday practice, sustainability awareness emerges primarily 

when employees are prompted to reflect, echoing the awareness-practice gap identified 

empirically throughout the analysis and theorised through the interpretive sustainability lens of 

Kira and Lifvergren (2014). 
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Figure 12. 

Integrative model of GenAI-enabled work practices, learning, and sustainability awareness. 

5.4 Practical Implications 

The findings of this study carry several practical implications for organisations and managers 

in industrial settings integrating GenAI into everyday work practices. These recommendations 

are grounded in the theoretical contributions outlined above. 

First, organisations should recognise that learning through GenAI is largely informal and 

incidental, and that it will not deepen on its own. Since employees learn primarily through 

iterative interaction during task completion, managers in industrial organisations should build 

short, structured reflection moments directly into existing workflows rather than treating them 

as separate training activities. Concretely, this could mean introducing a brief team check-in 

after GenAI-intensive work periods, where employees share what prompting strategies worked, 

what outputs required correction, and what the tool could not handle. This is distinct from 

formal GenAI training: the goal is to make tacit, task-level learning visible and transferable 

across the team, capitalising on the informal learning that is already happening but currently 

remains individual and unsystematic (Lenart, 2026; Callari & Puppione, 2025). 

Second, managers should actively set norms around how GenAI outputs are evaluated rather 

than leaving this to individual judgement. Several participants in this study identified cognitive 

overreliance as a genuine risk, and Wang et al. (2026) and Li et al. (2024) show that the degree 

of reliance directly shapes whether GenAI use supports or inhibits competence development. 
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In practice, this means managers should explicitly define which tasks warrant critical 

verification of GenAI outputs and which do not, establishing role-specific guidelines rather than 

general advice. For industrial roles involving judgement, domain expertise, or supply chain 

decisions, organisations should establish a norm that GenAI output is a first draft requiring 

human evaluation, not a finished product. Without such norms, the default is passive 

acceptance, which this study indicates is the more common pattern. 

Third, since this study shows that employees are aware of sustainability concerns but have no 

organisational mechanism through which to act on them, organisations should stop relying on 

individual awareness and instead embed sustainability considerations into how GenAI use is 

governed. Specifically, industrial organisations could introduce simple usage guidelines that 

address both social and environmental dimensions: for example, defining task categories where 

GenAI use is appropriate and where human judgement should take precedence, and 

communicating clearly how the organisation is managing upskilling to ensure equitable access 

to the technology's benefits (Ehnert et al., 2014; Capraro et al., 2024). The finding that 

sustainability reflections emerged only when employees were directly asked about them 

suggests that without explicit organisational cues built into daily routines, the awareness-

practice gap will persist regardless of how much employees individually recognise the issue. 

5.5 Future Research 

This study highlights several directions for future research. The research motivation section 

identified a number of questions that this study could not fully address, and these provide a 

productive starting point for extending the field. 

First, while this study examined six white-collar workers in Swedish industrial organisations, 

the generalisability of the findings across different national contexts, industries, and employee 

categories remains an open question. Future studies could adopt broader comparative designs 

to assess whether the adaptive and efficiency-oriented pattern of GenAI use identified here is 

specific to the Swedish industrial context or reflects a more widespread phenomenon. This 

would also help clarify whether the weak integration of sustainability into daily practice is a 

cultural or structural phenomenon. 

Second, the study identified a distinction between adaptive and developmental learning through 

GenAI, but the conditions that enable employees to move from one mode to the other remain 

underexplored. Future research could examine what organisational, relational, or individual 

factors support more exploratory and generative forms of learning with GenAI, addressing the 

developmental learning potential that Ellström (2011) associates with the questioning and 

transformation of existing routines. Longitudinal designs would be particularly valuable here, 

as they would allow tracking of how learning patterns evolve as employees accumulate 

experience with GenAI over months or years. Future studies with larger or more diverse 

samples would help to assess whether the patterns identified here hold across different 

organisational and cultural contexts. 
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Third, the sustainability awareness-practice gap identified in this study calls for further 

empirical investigation. Future research should explore what organisational interventions, 

governance structures, or managerial practices are effective in bridging this gap, supporting 

employees in integrating sustainability considerations into their everyday GenAI use. This 

would also connect to the broader MAIn project’s focus on AI integration and organisational 

change, helping to develop actionable frameworks for responsible GenAI adoption. 

Additionally, since environmental sustainability was only briefly addressed by participants, 

studies that specifically examine how employees understand and respond to the environmental 

costs of GenAI at work would make a valuable contribution to a currently underexplored 

dimension of the field (Hosseini et al., 2025). 

Finally, this study focused exclusively on the individual level as the unit of analysis. Future 

research could complement this perspective by examining how team-level or organisational-

level learning processes unfold in relation to GenAI, capturing the social and collective 

dimensions of learning that situated learning theory (Lave & Wenger, 1991) identifies as central 

but that lay beyond the scope of this study. 
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6 Conclusion 

This study explored how white-collar employees in Swedish industrial organisations use 

Generative AI in their everyday work and what consequences arise for learning and 

sustainability. By examining employees’ everyday interactions with GenAI in practice, the 

study contributes to a clearer understanding of how GenAI is integrated into existing work 

practices, how learning emerges through this interaction, and why sustainability considerations 

remain weakly embedded in everyday use despite employees’ awareness of them. The results 

indicate that GenAI is mainly integrated as an efficiency-oriented tool that facilitates existing 

work tasks, rather than fundamentally transforming them. At the same time, the study 

demonstrates that the integration of GenAI subtly reshapes how work is carried out through 

employees’ continuous interaction with GenAI. 

Meanwhile, learning turns out to be a continuous, cyclical process, which is integrated into 

everyday work. Instead of learning via formal training, employees learn by interacting with 

GenAI repeatedly, by testing their prompts, by critically evaluating responses, and by 

continually changing their approach. This highlights that GenAI is not only a source of 

information, but it also becomes embedded into actual practices through which employees learn 

and work. 

Despite these benefits, the results also indicate a conflict between effectiveness and long-term 

consequences. Although employees are aware of possible risk factors, including overreliance, 

decreased cognitive engagement, and broader sustainability concerns, these considerations do 

not appear to be directly related to the daily work practice. Sustainability is thus recognized at 

an interpretive level but remains weakly integrated into everyday work practices, where 

efficiency and task accomplishment continue to dominate. 

These results are significant as they indicate that the impact of GenAI in the workplace is 

influenced more by organisational and practical uses of the technology than the technology 

itself. The study demonstrates that GenAI can contribute to efficiency, learning and task 

performance but when it comes to additional uses such as in-depth learning, long-term 

capability development and sustainable working practices, integration with focus on efficiency 

can come at a cost. 

Future studies should examine how organisations can better support reflective and critical 

utilization of GenAI, and how sustainability considerations can be more proactively integrated 

into day-to-day operations. Specifically, longitudinal and practice-based studies that examine 

the ways in which learning and work practices change over time as GenAI becomes increasingly 

embedded in organisational settings is required. 
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Appendices 

Appendix A 

Shadowing note-taking template. 

This session is not a test. We are simply observing how you naturally work with GenAI during 

this task.  

We kindly ask that you work exactly as you normally would and not adjust your process because 

we are present. We are interested in understanding your usual way of working.  

While you’re working, we would appreciate it if you could think aloud — just share what is 

going through your mind. For example, if you’re unsure about something, rewriting a prompt, 

liking an output, doubting it, or feeling frustrated, please feel free to verbalize those thoughts 

naturally. There is no need to explain them to us — just say them as they occur.  

We will not interrupt or guide you during the task. However, if there is a long pause, we may 

gently remind you to continue thinking aloud.  

There are no right or wrong ways to approach this. We are interested in your process, not your 

performance.   

Please note that participation is voluntary. If at any point you would like to stop the session, 

you are free to do so without any obligation to continue.  

At the end of the session, we will ask a few brief reflection questions.  

Shadowing session  

Date:  

Role:   

GenAI tool(s):   

Task observed:   

Duration:   

Instructions   

1. Observe without intervening.  
2. Encourage think-aloud.  
3. Separate descriptions from interpretation.  
4. Capture verbatim quotes when possible.  

Part 1: Live observation log  

Time  What is happening? (Descriptive – 

no interpretation)  

What is said? (Verbatim quotes) – use 

keywords  
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Part 2: Behavioural logs  

• Key steps in order:   

• Where AI entered workflow:  

• AI trigger moments - (When did they turn to AI? What prompted it?)  

• Prompting behaviour - (How did they construct prompts? Rewrite? Experiment?)  

• Evaluation & trust - (Checking, editing, accepting, doubting, comparing)   

• Frictions/Adjustments - (Hesitations, switching tools, manual corrections, 

workarounds)  

• Emotional signals - (Confidence, frustration, relief, dependency, hesitation)  

• Post-session questions (Ask immediately after)  

How did that task feel for you?  

Did anything during this observation session influence how you thought or worked?  

Was this typical of how you normally use GenAI? 

• Observer immediate reflection (Complete right after)  

What stood out most?  

Were there visible learning moments?  

Was GenAI shaping workflow structure?  

Did I intervene too much or too little? 
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Appendix B 

Interview guide. 

Introduction 

1. Can you briefly describe your role and your daily work tasks? 
2. What types of AI tools do you use daily? 

GenAI experience 

3. How did GenAI become part of your work, and how often do you use it? 
4. For what purposes and in which situations does GenAI play an important role? 
5. Do you use GenAI to explore new ideas or to make your life easier (exploit)? 
6. What are the pros and cons of GenAI, and what do you like most about it? 

Learning and work 

7. Describe your experience when you want to learn something with the help of GenAI 
(thoughts, feelings, actions) 

8. How do you review and handle content/output created by GenAI? 
9. How does GenAI impact your work, and what determines whether you use it? 

Sustainability 

10. What does sustainability mean to you in a work context?  
11. Do you see any connection between GenAI and sustainability in your work? 

Future 

12. How do you see the role of GenAI in your work in the future? 
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Appendix C 

Logbook on-action template. 

Day: ___________ 

1. What did I work on today? 

2. Where did AI show up? 

(Describe briefly what you used it for. If not at all, write “No AI today.”) 

3. What happened? 

Describe one moment involving AI today: 

What were you trying to do? 

What did you ask it? 

What did you do with the result? 

(Just 4–6 lines.) 

4. How did it feel? 

Complete the sentence: 

“Using AI today felt like __________.” 

(Optional: why?) 

5. One thing that worked well 

6. One thing that didn’t 

7. Describe your overall experience interacting with GenAI today (thoughts, feelings, 

actions)- What are your reflections on using AI today. 
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Appendix D 

Research agreement template (without personal details). 

Participant consent form 

Thesis area of research: Learning and work practices with Generative AI (GenAI) 

We are Ana-Maria Stanica and Aarav Shrenik Dodhia, master’s students at Jönköping 

University in the Supply Chain Operation Management (SCOM) program. This study is 

conducted as part of our master’s thesis under the supervision of Annika Engström, SCOM 

department. 

The purpose of this research is to examine how white-collar employees in Swedish industrial 

companies use GenAI in their everyday work, and how this influences their learning and 

sustainability. 

If you choose to participate, you will take part in: 

1. 45-minute shadowing session (Swedish/English), where we will see how you use GenAI 

tools (for example ChatGPT, Copilot, Gemini, etc.) to learn and perform work tasks. 

2. Completing a 5-minute logbook on GenAI daily use at work for 3 days (either in writing 

or voice recording) in Swedish/English. 

3. An interview in English of a maximum of 1hour that will be recorded and transcribed. 

You will be asked to think aloud during shadowing, but there are no right or wrong ways to 

work. The focus is on your experience, reflections, thoughts, and feelings. 

Your participation is entirely voluntary. You may: 

• Decline to answer any questions. 

• Pause or stop the session at any time. 

• Withdraw from the study without giving a reason. 

There will be no negative consequences if you decide not to participate or choose to withdraw. 

If you withdraw before the data has been anonymized and analysed, your data will be deleted. 

Confidentiality and Data Protection (GDPR) 

All data will be handled in accordance with the General Data Protection Regulation (GDPR). 

1. Your name and identifying details will not appear in the thesis. 

2. Data will be pseudonymized or anonymized during transcription. 

3. Audio recordings and transcripts will be stored securely and accessible only to the 

researcher (and supervisor if required). 

4. Data will be used solely for academic research purposes. 
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5. All data will be deleted after the thesis has been examined and approved, or no later 

than 2 months after completion 

No sensitive personal data is intentionally collected as part of this study. There are no 

anticipated risks beyond normal conversation and reflection. While there is no direct personal 

benefit, your participation contributes to academic knowledge about AI use in learning and 

work contexts. 

Consent 

By signing below/accepting the invitation, I confirm that I have read and understood the 

information above. 

Participant Name: ___________________________ 

Signature: _________________________________ 

Date: ____________________________________ 
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Appendix E 

Distribution of first-order codes 

Purpose 

This appendix presents the distribution of first-order codes across data sources and participants 

to support the transparency and credibility of the analysis. 

Distribution across data collection methods 

As the below table demonstrates, there are a few first-order codes that are present in all three 

sources of data. Specifically, “tacit learning”, “increasing creativity with GenAI”, “GenAI 

saves time”, “happy with GenAI output and achievements”, and “checking and validating GenAI 

output” codes are very prevalent in shadowing, interviews, and logbooks.  

At the same time, some variation is observed. Certain codes appear more frequently in specific 

data sources, suggesting that some practices are more embedded in routine work, while others 

emerge more clearly during reflection. 
 

First-order codes Shadowing 

sessions 

Interviews Logbooks 

Using GenAI to search information Low Low Low 

Using GenAI for translation Low Low Low 

Using GenAI for ideation Low Absent Low 

Using GenAI for email support Low Absent Low 

Using GenAI for critical thinking Low Absent Low 

Using GenAI for creativity High High Low 

Using GenAI for coding-related tasks High Low Low 

Using GenAI as a starting point Low Absent Low 

Tacit learning High High Low 

Sustainability reflections Low High Low 

Strategic prompting High Low Low 

Reliance on tool Low Low Absent 

Reflections on learning High High Low 

Questioning time efficiency Low Low Low 

Increasing creativity using GenAI High High Low 

Impulsive prompting High Low Low 

Happy with GenAI outputs and 

achievements 

High High High 

Getting faster feedback High High Low 

GenAI saves time High High Low 

GenAI limitations High High Low 

Frustrated and stressed with GenAI output High Low Low 
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Using AI for writing and text refinement Low Low Low 

Cognitive concerns Low High Absent 

Checking and validating GenAI output High High Low 

 

Distribution across participants 

The below table notes the difference in the application of GenAI amongst participants. Whereas 

certain practices, e.g., using “GenAI for ideation”, are used by the majority of participants, other 

practices, e.g., “using GenAI for translation”, are used by a smaller group. This reflects 

difference in roles, tasks, and individual engagement with GenAI. 
 

First-order codes P1 P2 P3 P4 P5 P6 

Using GenAI to search information   ✓  ✓ ✓ 

Using GenAI for translation  ✓   ✓  

Using GenAI for ideation   ✓ ✓ ✓ ✓ 

Using GenAI for email support  ✓  ✓ ✓  

Using GenAI for critical thinking     ✓ ✓ 

Using GenAI for creativity ✓ ✓ ✓ ✓ ✓ ✓ 

Using GenAI for coding-related tasks ✓  ✓   ✓ 

Using GenAI as a starting point   ✓ ✓ ✓ ✓ 

Tacit learning ✓ ✓ ✓ ✓ ✓ ✓ 

Sustainability reflections ✓ ✓ ✓ ✓ ✓ ✓ 

Strategic prompting ✓ ✓ ✓ ✓ ✓ ✓ 

Reliance on tool ✓ ✓     

Reflections on learning ✓ ✓ ✓ ✓ ✓ ✓ 

Questioning time efficiency ✓ ✓  ✓  ✓ 

Increasing creativity using GenAI ✓ ✓  ✓ ✓ ✓ 

Impulsive prompting ✓ ✓  ✓ ✓ ✓ 

Happy with GenAI outputs and achievements ✓ ✓ ✓ ✓ ✓ ✓ 

Getting faster feedback ✓ ✓  ✓ ✓ ✓ 

GenAI saves time    ✓ ✓ ✓ 

GenAI limitations ✓ ✓ ✓ ✓ ✓ ✓ 

Frustrated and stressed with GenAI output ✓ ✓ ✓ ✓  ✓ 

Using AI for writing and text refinement  ✓ ✓ ✓ ✓  

Cognitive concerns ✓ ✓ ✓ ✓ ✓ ✓ 

Checking and validating GenAI output ✓ ✓ ✓ ✓ ✓ ✓ 

 


