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Abstract

Introduction The rapid adoption of generative artificial intelligence (GenAI)

is transforming organisational work practices and creating new demands

for capability development. Despite increasing investments in AI, organ-

isations often struggle to train employees sustainably. Training initiatives

are often fragmented, inadequately adapted to varying levels of employee

readiness, and weakly integrated into broader organizational structures,

limiting both learning outcomes and long-term adoption.

Research Question This study addresses the research question: “What

requirements should inform the design of a systematic and sustainable

method for training employees in generative AI tools within organisations?”

Method The research follows a Design Science Research (DSR) approach

and focuses on the requirement elicitation stage as a foundation for future

artefact development. Data were collected through a structured review of

scientific literature and eleven semi-structured interviews with employees,

managers, and domain experts. The empirical material was analysed using

thematic analysis to identify recurring challenges, needs, and expectations

related to organisational AI training.

Results The findings reveal recurring deficiencies in training practices,

including inadequate readiness assessment, limited opportunities for hands-

on practice, weak contextual relevance, discontinuous learning processes,

and insufficient organisational support. To address these, five central re-

quirement dimensions were identified: readiness diagnostics, differenti-

ated learning pathways, experiential and hands-on learning, task-specific

contextualisation, and organisational scaffolding. These dimensions were

translated into a structured set of requirements and represented through a

goal model.

Discussion Effective GenAI training cannot depend solely on access to AI

tools or isolated instructional sessions. Instead, training must be embed-

ded within broader organisational learning structures that align individual

and organisational learning needs. By providing a theoretically grounded

and empirically informed set of requirements, this study establishes a foun-

dation for the future development and evaluation of methods aimed at

supporting sustainable AI capability development within organisations.
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1
Introduction

1.1 Background

Artificial Intelligence (AI) technology has been propagating widely across

industries, transforming traditional work practices and forcing organisa-

tional cultures to adapt accordingly. AI-powered tools, spearheaded by

generative AI, have become integral to business processes, intelligence, decision-

making, and innovation (Murire, 2024). While these technologies present

significant opportunities, their successful implementation requires users

to possess a certain level of proficiency in utilizing them effectively, as well

as an approach of constant adaptation as the technology itself evolves (Holm-

ström & Magnusson, 2025). As the integration of AI becomes a necessity for

organisations, they are presented with a two-headed challenge of enhanc-

ing digital skillfulness and creating an environment that ensures sustain-

able adoption (An et al., 2024).

AI-focused transformations require new skillsets, which must be backed

by structured training programs that align with organisational objectives

(An et al., 2024). For these developments to be integrated properly, the shift

must occur in different spheres such as employee role design, organisa-

tional culture and workforce capability (Holmström & Magnusson, 2025).

However, empirical evidence suggests that AI training initiatives often suf-

fer from inconsistent implementation, resistance from employees, and a

lack of standardized teaching methodologies (An et al., 2024). These in-

effective training approaches result in users struggling to interact mean-

ingfully with AI systems, which negatively impacts both productivity and

willingness to adopt new workflows (Murire, 2024).

This thesis addresses the well-documented need for systematic and sus-

tainable AI training, in a reality where, in a study performed by the OECD,

only 14% of companies provided user training alongside the implementa-

tions of new AI work tools (Lane et al., 2023). For digital transformation to

occur in a sustainable way, any AI training frameworks must ensure that
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they are directly relevant to the workforce’s specific work practices and op-

erational needs. This enables not only productivity gains, but a gentler

transition towards AI-enhanced work processes (Murire, 2024).

1.2 Problem Statement

Despite the increasing integration of AI in the workplace, there have been

limited attempts in structuring training programs to equip employees with

the necessary skillset to interact with generative AI systems in a produc-

tive and sustainable way (Bucher et al., 2024). One of the main obstacles

is the knowledge gap between employees’ current competencies and the

required proficiency in AI-driven workflows (An et al., 2024). In addition,

AI adoption often triggers resistance due to concerns about job security,

ethical implications, and organisational culture shifts (Przegalinska et al.,

2025). Another common mistake is that of developing and implementing

AI solutions that are specific to a department or workflow, resulting in pro-

cess isolation/”silo” effect and hindering the potential for company-wide

integrations (Morrisett et al., 2019).

A significant challenge is that many AI training programs remain ad hoc

and reactive rather than structured and proactive (An et al., 2024). Em-

ployees report difficulties in understanding how AI-generated outputs in-

fluence decision-making, particularly in industries reliant on human ex-

pertise, such as healthcare and finance (Yang et al., 2024). The absence

of standardized AI training methodologies further contributes to inconsis-

tent learning experiences across organisations, reducing the effectiveness

of AI integration (Sikha et al., 2023). Moreover, AI adoption often triggers

concerns about job security, ethical implications, and cultural resistance,

with employees fearing that AI will displace their roles rather than aug-

ment their capabilities (Przegalinska et al., 2025). This resistance has been

well-documented in industries undergoing digital transformation, where

AI-related disruptions have led to job dissatisfaction and disengagement

(An et al., 2024). A concrete example of this challenge is seen in compa-

nies implementing AI-powered customer support systems. Employees un-

familiar with AI-driven tools often struggle with AI-human collaboration,

leading to inefficiencies and potential miscommunication (Murire, 2024).

Studies have shown that employees who receive inadequate AI training ex-

hibit higher levels of frustration and skepticism toward AI-driven decision-

making processes, resulting in reduced adoption rates (Holmström & Mag-

nusson, 2025).
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In sum, the problem at hand is that organisations are often ineffective

in training their employees to master the AI tools that they develop and im-

plement. It is an issue not only of inadequate training (or even absence of

it), but also a lack of adaptation to the necessary organisational, cultural

and human changes required alongside technological investments (Holm-

ström & Magnusson, 2025). Failing to effectively equip the workforce with

the necessary skills widens the gaps between the aforementioned technical

investments and human proficiency, resulting in poor organisational gains

and misuse/underutilization (An et al., 2024). In order to support in clos-

ing the gap, a DSR approach could be powerful for that it combines itera-

tive development, stakeholder feedback and real-world process validation

– ensuring that solutions are useful, real and scalable (Johannesson & Per-

jons, 2014). Such an approach not only counters the current insufficiencies

of AI training but also fosters long-term adoption by creating a culture of

continuous review and adaptation to ever-changing organisational needs

(Dresch et al., 2015).

1.3 Research Goal

The integration of artificial intelligence (AI) in workplaces has impacted

organisational practices, but the success rates are low due to poor training

strategies; organisations are unable to train their workforce in a sustain-

able manner, resulting in both inefficiencies and reluctance to adopt AI

tools (Holmström & Magnusson, 2025). Research suggests that AI-driven

transformations require deeper cultural shifts, namely in incentivizing em-

ployees to constantly invest in their skills and adaptation to new workflows

(Murire, 2024). Well-structured training programs enhance workforce per-

formance by equipping them with key AI skills, and thereby promoting a

digital culture that better enables a smooth AI adoption (An et al., 2024).

The purpose of this thesis is to elicit the necessary requirements for a

method that, when built, can provide companies with insights on how to

teach AI sustainably and equip their workforce with the necessary knowl-

edge and tools to explore the technology to its full potential. The work will

be supported by a blend of scientific paper research and evidence collected

from employees in a business setting, and shall aim at providing the foun-

dations for the development of a method that inherently supports organi-

sational transformation and technological education (Bucher et al., 2024).
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Specifically speaking, the research question is: “What are the necessary re-

quirements for a method aiming at teaching artificial intelligence to em-

ployees, in a systematic and sustainable way?”

While the building of a method would provide higher value for both

academic and business spheres, such task would require several iterations

and tasks of elevated complexity, applied to a wide variety of contexts, in

order to be validated (Johannesson & Perjons, 2014). Due to feasibility rea-

sons and resource limitations, this work will therefore focus on drafting the

backbone of such potential method instead of developing it end-to-end.

This research question addresses the previously identified organisational

problem of fragmented, inconsistent, and unsustainable AI training prac-

tices by focusing specifically on the foundational requirements necessary

for a future training method. Instead of focusing solely on AI adoption

in a siloed approach, the study positions AI training as a socio-technical

capability-development challenge that requires alignment between tech-

nological affordances, employee learning conditions, organisational gover-

nance, and long-term capability maturation. Thereby the contribution of

the study lies not merely in identifying isolated training recommendations,

but in continuously translating empirical and theoretical insights into a

structured requirement foundation for a future artefact.

The study further enriches the information systems and organisational

AI adoption domains by integrating perspectives that have often been treated

separately in existing literature, namely workplace learning, task-technology

fit, organisational transformation, and capability-oriented AI governance.

Previous studies have explored AI adoption barriers, digital upskilling or

isolated learning interventions independently, but research had been lack-

ing insight on how these dimensions interact in the design of sustainable

organisational AI training approaches. The research question therefore en-

ables a contribution that is practically relevant and theoretically grounded,

particularly within socio-technical and design-oriented information sys-

tems research.

1.4 Delimitations

This investigation focuses on addressing aspects of daily operational activ-

ities in organisations, in an attempt to remain objective and applicable to a

wide spectrum of potential users in different company contexts. It entails

first and foremost activities of a “mechanical” nature, such as task automa-

tion, decision-making augmentation and data processing, in opposition to
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supporting or empowering subjective tasks (Murire, 2024). Generative AI

has been proven to excel in streamlining workflow routines and decision-

making based on data insights (Goodhue & Thompson, 1995); however,

and based on developments to date, the method may not be most appro-

priate for abstract reasoning tasks of human complexity, such as strategic

decision-making or highly-creative processes (Holmström & Magnusson,

2025).

The scope of research is centered in the context of larger organisations

and has been conducted over a short period of time due to a lack of re-

sources (time and money). The geographical radius is limited to Europe,

and more specifically Sweden; therefore, any findings may not be relevant

or applicable to smaller enterprises or larger enterprises operating in dif-

ferent cultural contexts such as Asian, American, Middle Eastern or those

of developing countries in general.

While the developed method directly addresses and is designed around

technological developments and capabilities in AI, it does not have any

contributions to AI models themselves or any other technical aspects of

such technologies. In that sense, it does not contribute to the advancement

of AI algorithms or language models but rather utilizes them to empower

humans in elevating the quality of their daily work (Dresch et al., 2015).

1.5 AI Usage

Different strategies have been used to elevate the quality of this thesis us-

ing the available landscape of generative AI tools as of 2025. Using the paid

version of ChatGPT, the author created a project in it, uploaded a set of rel-

evant materials (such as a number of articles and base literature, various

versions of the paper itself as it continuously written and updated, as well

as the grading criteria of the thesis together with its format requirements),

and then continuously ran prompts to interact with the data and explore

connections between the articles, summarize key findings, and help struc-

ture the writing. Whenever feeling stuck, unsure of how to proceed or lack-

ing insight to backup any claims, the author asked the AI to search for new

articles that would provide further study background or proof of concepts

– with the restriction that these articles would be properly peer-reviewed

and published with a DOI/ISBN to back them up. To control the quality

of the output generated by AI, the prompt was reinforced with requests

to highlight the pages and passages where the information was gathered
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from, as well as an explanation of the rationale behind the established con-

nections. The author never copy-and-pasted any of the generated outputs;

these were used as a support draft from which the thesis’ content was pro-

duced, using own words and line of thought.
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2
Extended Background

2.1 AI Training and Workforce Transformation

The integration of AI into workplaces is driving significant changes in or-

ganisational structures and job roles (Murire, 2024). Organisations are lever-

aging AI for automating tasks, enhancing decision-making, and optimizing

productivity of their teams and processes (An et al., 2024). However, AI

transformation also necessitates reskilling employees to work alongside AI

systems effectively, enabling them to take the most advantage out of the

technological investments and deployments (Holmström & Magnusson,

2025). Artificial intelligence proficiency is highly concentrated in large or-

ganisations and technologically centered business areas, while small-scale

businesses struggle in defining scalable upskilling strategies for their work-

force (Lane et al., 2023).

2.2 Challenges and opportunities in AI Training

The main challenges and opportunities in AI training consist of (i) Knowl-

edge Gaps, (ii) Resistance to Change, (iii) Ethical and Bias concerns, and

(iv) Lack of standardized training frameworks. These are described in de-

tail in the following sections of this chapter.

2.2.0.1 Knowledge Gaps

These gaps often materialize in organisations acquiring the technology but

overlooking the actual training and embodiment of the knowledge on their

people (An et al., 2024). Employees tend to lack the foundational knowl-

edge needed to use AI effectively, making it challenging for organisations to

implement new processes reliant on it. The necessary employee upskilling

is in itself a barrier towards bridging these gaps (Murire, 2024). These skills

are valuable and needed, but require different competency models and

training approaches, often overlooked by those responsible for employee

training (An et al., 2024).
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The need to prompt effectively is first on the list, since the usage of

AI tools requires proper query structuring as the key to generating qual-

ity output. Many employees have shown limited understanding of how to

craft prompts, leading to unreliable outputs and inefficient interactions.

(Sikha et al., 2023) As generative AI systems steadily become cornerstones

of work productivity, workers will be required to make the best out of these

tools’ functionalities; it is instrumental to master prompting tone, syntax

and specificity in order to guarantee the relevance and accuracy of gen-

erated outputs (Sikha et al., 2023). Overcoming these issues requires on-

the-job training on prompt engineering, presenting real-world examples

of successful AI usage on daily-basis operations, and an iterative approach

to integrations (allowing jobholders to test and retouch the capabilities in

a safe environment, ahead of go-live deployment) (Murire, 2024).

Knowledge gaps also occur when technological development does not

coordinate with human re-skilling. Recent studies from the OECD reveal

that a mere 14% of companies actually trained their employees after de-

ploying AI tools (Lane et al., 2023). Such conclusion underlines a rele-

vant gap: companies overlook the human training necessary for making

the most out of AI implementations, remaining in suboptimal performance

gains and hindering the potential of the investments they already paid for

(Lane et al., 2023). Failing to properly equip employees with targeted up-

skilling initiatives hinders them from integrating AI into their work tools,

which can trigger job dissatisfaction, resistance to change and poor effi-

ciency (Lane et al., 2023). Addressing this issue requires a structured ap-

proach, backed by value-adding activities such as Continuous Learning

Programs (specific to job roles, with embedded AI on everyday training and

active sponsorship from middle/upper management) or AI-readiness as-

sessments (pre-identifying knowledge gaps ahead of the adoption phase,

and make training a part of the actual deployment strategy, instead of a

late upgrade after go-live) (Lane et al., 2023). By simultaneously investing

in people and technology, companies can reap increased benefits from AI

investments and build a future-resilient workforce (Lane et al., 2023).

Task-specific AI training is another aspect of organizational learning

that has been receiving insufficient attention. It has been observed that

companies tend to rely on generalized training courses, instead of tailoring

them to employees’ work tasks and job contexts; the usual approach is a
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one-format-fits-all, regardless of department or nature of the task (repet-

itive vs. creative) (Przegalinska et al., 2025). As suggested by the Task-

Technology Fit (TTIF) theory, a technological implement is only success-

ful if it assists users in performing specific tasks; when training is discon-

nected from the everyday reality of a worker’s functions, it is hard to convey

the message that AI may impact their lives meaningfully. This then leads to

lower adoption rates and productivity gains (Goodhue & Thompson, 1995;

Przegalinska et al., 2025). Addressing this requires organisations to ap-

proach AI from a role-specific training viewpoint, duly planning what are

the desired learning outcomes from each task profile. One possible strat-

egy is using different AI functionalities for each need: generative tools for

creative endeavors, and automation for administrative functions. In order

to smoothen the transition, collaborative working environments with task

simulations could be put in place, so that employees could test AI perfor-

mance in tasks ahead of full implementation (Przegalinska et al., 2025).

Last but not least, knowledge gaps also stem from the lack of managerial

AI competencies. While the need for AI training has been generally recog-

nized on an employee level, the betterment of managerial AI has been left

aside. (An et al., 2024). These competencies are crucial in synchronizing AI

with innovation and decision-making strategies, and without them leaders

are prompt to ineffective approaches on AI deployment, governance and

risk management; in fact, research has gone so far to suggest that manage-

rial AI skills (e.g. coordinating AI projects and integrating them into busi-

ness strategies), more than technical skills alone, have a greater impact on

an organisation’s innovative performance (An et al., 2024). Among the spe-

cific skills needed from management to foster AI developments, research

has identified communication and collaboration (to effectively deal with

the cross-functional, integrated reality of human-machine collaboration),

adaptability/agility (adjusting to newcoming circumstances and technolo-

gies) and soft skills such as worker empowerment, empathy and creative

vision (as task automation prompts managers to focus on human capabili-

ties) (Bock & Von Der Oelsnitz, 2025). To counter this limitation, companies

must develop training programs that duly separate technical and manage-

rial AI competency-building. Leadership-oriented AI programs should re-

volve around strategic topics such as governance, ethical risk assessment,

project control/evaluation and change management (An et al., 2024).
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2.2.1 Resistance to change

Change management studies tend to mention psychological resistance as

one of the principal barriers towards sustainable digitalization (Dwivedi et

al., 2021) Employees may fear job displacement due to AI automation, and

report feelings of anxiety and fear of redundance, making them unmoti-

vated to interact with the new systems (Przegalinska et al., 2025). This is

particularly visible in job posts composed of repetitive tasks, with high po-

tential for automation; while the technology may increase efficiency, it trig-

gers the fear of replacement and may instill additional reluctancy in learn-

ing new skills (Murire, 2024). Such reluctancy, however, is not only rooted

in fear; it stems from employees perceiving and framing AI as a competitive

force, overlooking its collaborative potential. Organisations that position

AI as an enhancement, rather than a substitutive agent, tend to succeed

in achieving employee buy-in and shifting focus towards engagement and

enthusiasm around the tools (Holmström & Magnusson, 2025)

“Management Sponsorship” is defined as the strategic and active in-

volvement of senior leaders in leading the adoption and integration of AI

in organisations; it goes beyond controlling, onto actual resource alloca-

tion, championing of change, and advocacy of the overall implementa-

tion vision (Murire, 2024). Any and all change management approaches

must showcase the empowerment associated with the adoption of AI. Up-

per management must promote it as an augmentation rather than a re-

placement tool, proactively provide related training, and highlight the human-

AI collaboration nature (showing how AI adoption can offload work from

low value-added tasks and release resources for strategic, creative and customer-

centric activities) (An et al., 2024). Possible strategies for achieving this are

the modelling of Human-AI Collaboration (leaders exemplifying the usage

of AI tools through their daily workflows, showcasing trust and leading by

example) (Przegalinska et al., 2025), institutionalizing managerial AI train-

ing (differentiating it from technical AI training, and recognizing its higher

impact on innovation) (An et al., 2024) and aligning said sponsorship with

the organisational culture (investing in the digitalization of the company

as a whole, alongside AI technical developments, ensures the success of

the implementation; the underlying culture must value data-driven deci-

sion making, continuous learning and agility) (Bock & Von Der Oelsnitz,

2025).

The fight for change is also connected with the existing level of digital-

ization in the organization. Poor digital cultures are at the center of friction

between employees and AI adoption. Organisations with rigid structures
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and traditional work practices often view AI as foreign and difficult to im-

plement (An et al., 2024). Measures such as fostering a digital-first mindset

(adopting AI as an ingrained tool rather than a support strategy), executive

AI advocacy (higher management leading by example in onboarding new

technologies onto their daily operations) and naming key people as AI am-

bassadors, either standalone or within teams, to support their colleagues

in adopting new tools (An et al., 2024). Another interesting edge is that of

cultivating AI skills perception as a human asset, rather than just a techno-

logical add-on; if employees perceive related skills as a key factor in their

own valid proposition as an individual, they are more likely to be enticed to

upskill. This is particularly important in sectors with high turnover, where

equipping employees with fast and efficient learning leads to higher reten-

tion and performance (An et al., 2024).

Cultural misalignment is yet another source of resistance. Reports in-

dicate that employee resistance is rooted in the lack of alignment between

legacy organisational culture and new AI technologies. Traditional, hierar-

chical and rigid power structures perceive AI as a disruptive threat, clashing

with embedded assumptions on authority, control, and operational perfor-

mance (Murire, 2024). Such barriers breed skepticism, tank adoption, and

support underlying fears on transparency and fairness; employees may per-

ceive AI systems as impersonal and untrustworthy, especially if they as-

sociate it with extra workloads or job redundancy (Murire, 2024). Fight-

ing these misconceptions requires a model of continuous learning, exper-

imentation and safety; these could be achieved by encouragement from

management to use AI tools without fear of mistakes, framing them as op-

portunities to grow. In addition, the creation of forums where employees

can share AI knowledge and experiences, as well as communicating AI roles

with transparency (focusing on the augmentation it provides, instead of

on surveillance) can be crucial in promoting inclusive adoption (Murire,

2024).

Last but not least, many coworkers lack skills in the field of AI-specific

human capabilities – that is, the concrete human-based inability to under-

stand, interact and leverage AI tools in an on-the-job context, be it on a

technical or managerial level (An et al., 2024). Such limitations feed or-

ganisational change resistance, manifesting in phenomena such as change

inertia (absence of foundational skills in employees hinders them from vi-

sioning new workflows, prompting them to remain comfortable in less ef-

ficient routines) (Holmström & Magnusson, 2025) and capability-strategy
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misalignment (implementing tools without providing training, often lead-

ing the failure in generating added value) (An et al., 2024). In order to

counter it, management could employ solutions such as integrating AI Skill-

building into workflows (using Generative Pedagogical Conversational agents

or “GenPCA’s”, that simulate real usage scenarios allowing for testing and

experimentation, or building AI toolkits directly on daily operational soft-

ware to develop context-specific skills) (Bucher et al., 2024), sustainable

training (via flexible, long-term training programs with a competency frame-

work that evolves alongside AI capabilities) (Holmström & Magnusson, 2025)

and role modelling (training leaders in critical areas such as vision building,

adaptive governance and digital empathy – while simultaneously encour-

aging safety for experimentation, and embracing uncertainty as signals of

real commitment to sustainable AI integration (Bock & Von Der Oelsnitz,

2025).

2.2.2 Ethical and Bias concerns

The application of AI raises concerns about bias, data privacy, transparency,

and accountability. These pose threats to the effectiveness of training and

adopting AI tools, which have been increasingly integrated into decision-

making processes; addressing them effectively can help reduce the resis-

tance and skepticism around them (Przegalinska et al., 2025).

One of the most frequent concerns is algorithmic bias. AI models are

trained around historical data potentially harboring biases related to gen-

der, race, socioeconomics and other demographic factors (Przegalinska et

al., 2025). If ignored, these models may produce discriminatory solutions

in hiring, lending and policing practices alike, as well as further fuel the

resistance to adoption based on perceiving AI as discriminatory. AI-based

decisions are also subject to compliance and reputational risks, that can

place organisations in troublesome legal and/or regulatory situations (Prze-

galinska et al., 2025). Addressing these challenges is essential, and some

suggested solutions are implementing AI bias audits to track and mitigate

biases in algorithms/data training, diversifying the underlying datasets from

which models are trained, and encouraging explainable AI models (XAI)

that provide explanations as of how certain decisions were generated (Prze-

galinska et al., 2025).

Many users have voiced their concerns regarding the lack of transparency/explainability

in AI tools. Many of them, and especially those relying on neural networks

and/or deep learning, operate as “black boxes”, providing little to no clarifi-

cation on their underlying decision-making processes. It is therefore hard
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to interpret some of their decisions, and that may lead to trust issues to-

wards them (Murire, 2024). Both the workforce and management may be

hesitant in trusting AI if they cannot clarify its rationale or outputs, and the

absence of such explainability may itself hinder adoption rates; further-

more, groundless decision-making can subject people or organisations to

legal liabilities, particularly in heavily regulated industries (Murire, 2024).

Another threatening phenomenon is that of the accountability vacuum;

while human trainers can enforce rigor, reduce ambiguity and encourage

certain behaviors, AI agents lack the authority to intervene and correct hu-

mans efficiently; when that leads to ineffective training outcomes, man-

agers may be unable to determine who is accountable for the unintended

results (Bucher et al., 2024). To mitigate these threats, companies may, in

addition to adopting the aforementioned explainable models, provide em-

ployees with AI literacy training so that they may understand AI models’

functioning, limitations and applicable usages. Lastly, they may promote

clear accountability frameworks, guaranteeing that AI automations remain

surveilled by human judgement (Murire, 2024).

Recent research also suggests that AI developments have significant short-

comings. As of this day, generative AI tools lack the ability to adequately

and proportionally respond to the psychological and emotional reality of

learners (Bucher et al., 2024). Such limitations raise ethical questions re-

garding AI teaching suitability, as the tools are currently unprepared for

sensitive learning environments where cue neglection or misinterpretation

can trigger learner disengagement and disinformation (Bucher et al., 2024).

Human instructors, however, typically readjust and tailor their teaching

strategies based on the emotional responses of their audience, showing

the empathic ability needed to efficiently handle the complex processes

of knowledge transferring (Bucher et al., 2024).

Studies have also shown that participatory design may act as an ethi-

cal safeguard. User-engaged AI designs, such as the one employed on the

DIMA project, which collected direct feedback and user requirements from

public administration employees, ensure alignment with process flows and

organisational strategies. (Bucher et al., 2024). Co-designing has measur-

able benefits on both quality control and ethicality, preventing AI systems

from absorbing external biases and misalignments on their target users

(Bucher et al., 2024).
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2.2.3 Lack of standardized training frameworks

Many organisations implement ad-hoc AI training programs, which often

lack clear learning objectives and long-term sustainability plans (Murire,

2024). It is key to communicate and align expectations regarding any and

all skills/competences to be achieved via training and explain how these

can be incorporated and add value to current tasks and challenges in op-

erations. Not doing so exposes organisations to the risk of inconsistent up-

skilling, lack of operational alignment and resistance to AI change (An et

al., 2024). Multiple studies have recommended addressing this issue by

tackling a multitude of areas, which will be presented below.

Reports have shown significant inconsistencies in AI competency tu-

toring. One recurring issue is the misalignment between content and or-

ganisational requirements. Employees often receive training that is dis-

connected from their daily challenges and needs, fostering a deeper gap

between tech/managerial AI skills and workforce empowerment. (An et al.,

2024). Management should thereby run pre-assessments to tailor AI to spe-

cific job descriptions, differentiate technical and managerial spheres (ma-

chine learning/data processing and governance/decision-making respec-

tively), and foster structured learning that combines theoretical knowledge

with hands-on applications in actual work tools (An et al., 2024). Addi-

tional efforts are needed when integrating company culture and AI Train-

ing. Learning plans are often not integrated with the actual organisational

strategy and culture. Studies suggest that adoption is best achieved by a

shift towards continuous learning, swiftness and recurring innovation, but

organisations often fail to practice these (Murire, 2024). In order to revert it,

they could make efforts to embed AI training in daily workflows (a so-called

digital adaptability culture), have leaders reiterate the importance of these

activities as a job performance empowerment rather than additional work-

load, and devising of AI programs specifically tailored to the organisations’

current digital maturity (ensuring that the transition is smooth, paced, and

with respect to the business operations’ immediate needs) (Holmström &

Magnusson, 2025).

While some training courses address short-term needs, many have proven

ineffective in terms of their long-term scalability. AI training initiatives of-

ten materialize in one-off events instead of a learning continuum. Any and

all upskilling programs should be implemented as a journey of constant

adaptation to the fast changes in technology (Bucher et al., 2024). To deal

with this ineffectiveness, organisational leaders may use a tier-approach to

AI certification (ensuring that employees progress gradually from beginner
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to advanced), use AI itself to adjust learning paths to each employee’s in-

dividual progress, and foster durable AI learning communities where users

may share insights and best practices (Holmström & Magnusson, 2025).

Research also suggests that companies will be more successful if they

manage to develop lifelong learning architectures. Shifting from silo-training

to a continuum of learning requires a deep redesign of the teaching archi-

tecture (Sikha et al., 2023). One of the most effective ways of installing this

is creating central learning repositories continuously enhanced with new

research findings, best practices and upskilling mechanisms (Sikha et al.,

2023). Such repositories are more effective when they incorporate interac-

tive simulations, scenario-based modules and community-based updates

that foster scalability and remain in the collective memory of the organisa-

tion over time (Sikha et al., 2023).

One potential solution to standardize the training frameworks is imple-

menting sequential training (“Path Framing to Path Stretching”). Scalabil-

ity and long-term learning may be potentiated by following a set of ordered

stages of strategic design (Holmström & Magnusson, 2025). The three-

stage framework starts by clearly defining the objectives or the “what” of

the AI training (Path Framing), followed by planning the “when” of the train-

ing activities (Path Narrating), and culminating in “how” the trainings will

be delivered (Path Stretching); such phased progression prevents misalign-

ments between real-world needs/learning paces and organisational train-

ing goals (Holmström & Magnusson, 2025).
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2.3 From training failure mechanisms to DSR require-
ments

The literature analysis presented above tends to rather describe the issues

from a general perspective. Therefore, it is appropriate to establish a con-

nection between these findings and the requirements that the artefact should

satisfy, not only to ensure that it is based on previous research but also that

it advances theory into a prescriptive framework that actually takes real-

world challenges.

As observed, the absence of standard methodology in AI training leads

to training success disparities in different departments and even geogra-

phies (Sikha et al., 2023), implying that the artifact requires a structure

that is both replicable and adaptable; the training practices must be able

to be applied organically in different departments in the organization (Jo-

hannesson & Perjons, 2014). Employee’s change resistance has also been

considered a threat when AI adoption is concerned, due to employees per-

ceiving AI as threat in terms of job redundancy, loss of working privacy

or irrelevant skill learning (Holmström & Magnusson, 2025); the artefact

must therefore promote AI adoption as a means of augmenting the worker’s

capacities and profile instead of feeding fears of replacement or obsoles-

cence, and be aligned with the overall change management and strategic

leadership of the company (Bock & Von Der Oelsnitz, 2025). Low success

rates on AI training have also been linked to the silo nature of their initia-

tives, often focusing on local departments/workflows and thereby hinder-

ing company-wide applicability and scalability (Morrisett et al., 2019); the

artefact must therefore allow for cross-departmental relevance and pro-

mote a culture of knowledge sharing that prevents isolation. The artefact

should, additionally, counter the reports of reduced engagement and mo-

tivation from users when following traditional learning structures such as

static e-learning modules (Bucher et al., 2024); training attendants have

shown a clear preference for interactive training formats such as simula-

tions and conversational practices, which foster a sense of autonomy and

competence (Ryan & Deci, 2000). Last but not least, training failure often

results from misalignments between the training material and actual job

tasks, resulting in abstract knowledge not being applied to practical tasks

faced by employees (Goodhue & Thompson, 1995); to tackle this, the arte-

fact should employ the task-technology fit principles, and ensure that at-

tendees are exposed to training scenarios that are directly related to their

daily workflows.
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2.4 Siemens Energy Finspång (SEF) - Current AI train-
ing framework

Siemens Energy (SE) is a global company employing circa 91.000 employ-

ees worldwide as of August 2025, with headquarters in Berlin, Germany.

The organization operates in two major fields: Grid Technologies (encom-

passing also Wind Energy) and Gas Services (Production of gas and steam

turbines, servicing and maintenance of same, and development of hybrid

power plants). The unit in Finspång, Sweden is part of the Gas Services net-

work and focuses on assembling gas turbines and providing a series of ser-

vices related to it. The AI landscape in the Finspång business unit evolves

in unison with global initiatives of SE, and is currently focusing on estab-

lishing and increasing the usage/awareness of three main tools that con-

stitute the focal points of the current AI development strategy at SE AB: the

SE Chat GPT (an LLM-based tool developed internally that offers similar

functionalities to the traditional ChatGPT), Copilot (the Microsoft AI tool of

excellence, which is integrated with the remainder of the office tools) and

DocAI, also internal, and offering functionalities of text-searching within

documents or sets of them. The current AI training scheme running locally

is headed by the Business Excellence and AI Lead teams, and offers two

modalities of AI training:

2.4.1 AI @ SE Sweden Training (Formal, centralized)

This training is a formal classroom training that is listed and operated via

the Training Center (a global SE department based in Germany that man-

ages all the learning systems of the company in a centralized, harmonious

and strategic manner). A wide spectrum of training courses are published

on a digital learning tool hosted by the German department, and the courses

are divulged to the employees via several internal communication systems

(newsletters, Microsoft Viva Engage, and direct recommendations or solic-

itations from line managers); users may then sign up to the course directly

and attend online or in-person, depending on the course design. The at-

tendance statistics are thereby tracked, and there is also a feedback/course

rating mechanism that supports future improvements and decision-making

regarding the overall course delivery strategy.
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Particularly, the AI formal classroom training is of physical presence at

the Finspång office, with a single-day module duration of circa 120 min-

utes. The participants receive an information package ahead of the meet-

ing and are encouraged to bring their own laptops to the room and also

practical examples of daily tasks/activities that they would like to get sup-

port from AI in solving or automating. The course agenda itself is divided

into four main sections:

a. An initial theoretical introduction, where the instructor explains the

logical and technical backbone of the AI language models, what generative

AI is and how it works, and how it can benefit the company, society and

the world. b. A practical demonstration, comprising sections of prompt

engineering (e.g. comparing two prompts and explaining why one is more

effective than the other), tips and tricks (a set of recommendations on how

to approach AI and communicate with it bilaterally) c. An interactive, co-

working session with the participants, where they are encouraged to bring

their own daily issues/task exercises and devise strategies to solve them d.

A final reflection/Q&A session, to review what was learned and help ce-

ment the new knowledge, as well as to provide some immediate feedback.

Once the training is concluded, the participants receive a survey where

a few questions are asked about the training and are requested to rate the

training on a scale of 1-5 (“very poor” to “excellent”). Complementarily,

the AI Team consults the internal statistical reports to assess whether there

was an impact on the usage of the three aforementioned AI tools. This is a

form of collecting quantitative data that may provide evidence of a positive

influence of this training on people’s AI adoption.

2.4.2 Department-focused, on-demand training (Informal, decen-
tralized)

After attending the AI @ SE Sweden Training, many users have identified

the need for a follow-up training particularly focused on the specific chal-

lenges, tasks and routines faced by each department or team. For these

users, this was seen as a natural next step after receiving the general in-

troductory training; while the first edition helped in tasks that are com-

mon to most functions in the organization (writing an email, summarizing

a thread, preparing bullet points for a presentation, summarizing docu-

ments, etc.), the next round would be tailored to the department’s daily

needs and strategic objectives. This is a staged approach, which provides

initial trainings lay the foundations and “break the ice” between subject

and matter, whilst the subsequent stages consolidate the learnings and
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redirect them to the user’s immediate challenges and needs (Omar et al.,

2009). A recent study has shown that such a sequential path protects the

organisations from superficial adoption, and promote sustainable gener-

ative AI integration across departments (Holmström & Magnusson, 2025);

simultaneously, it suggests that augmentation (AI support in role-specific

decision making) is equally important in AI as task automation is. (Prze-

galinska et al., 2025) refers to this as “contextualized training”, a move away

from generics and towards the team’s needs, which produces higher levels

of adoption and productivity; and indeed, one-size-fits-all solutions have

proven to be lacking when the objectives are to achieve long-term knowl-

edge retention and organizational competitiveness (Ramachandran et al.,

2024).

As currently employed, such training presents a few advantages com-

pared to the formal training. For instance, the training maintenance logis-

tics are simplified, because these sessions are not centralized in the Train-

ing Center (globally managed in Germany), which reduces lead times and

increases the independence of SE Sweden, allowing it to be more agile and

deliver specific modules and results with increased speed. However, it makes

it harder to keep track of user statistics and integrate learning and train-

ing data with the central administration (which benefits when it can ac-

cumulate central repositories), and simultaneously decreasing the ability

to provide modular and scalable trainings that can be adopted across the

organization’s geographies, and may eventually lead to fragmented knowl-

edge (An et al., 2024; Sikha et al., 2023). Additionally, previous training re-

search suggests that robust monitoring and integration with organizational

learning systems is key to track the employee’s learning journey, and helps

generating personalized modules and training data that is invaluable for

strategic decision-making (Ramachandran et al., 2024).

2.5 Previous attempts and solution novelty

On the paper “When generative AI meets workplace learning” (Bucher et

al., 2024), the authors tested a Generative Pedagogical Conversational Agent

(GenPCA) named DIMA, integrating it into a communication training pro-

gram for workers in two German public organisations. By simulating re-

alistic dialogue scenarios with citizen customers, the training focused on

improving service quality and occurred over a timespan of 12 weeks (about

3 months); the conclusions were that the agent either met or exceeded tra-

ditional instructors’ approaches, users generally preferred its flexible and
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immersive experience, and training costs were reduced by cutting HR work

hours (despite not being able to replace human nuances and learning cues)

(Bucher et al., 2024). While DIMA focuses on communications skills in a

specific public sector, this thesis studies a private company operating in

a global market and the core topics are the training aspects surrounding

sustainable generative AI learning and adoption. Simultaneously, DIMA

focused on a single use-case solution, whereas here the attempt is to create

a method/framework that can sustainably scale AI training within organi-

sations, aligning with long-term strategy and continuous learning. Finally,

the German case focused on training and its outcomes, while this thesis in-

tegrates a wider spectrum of organizational change management, cultural

transformation and learning theory – bridging technical and managerial

aspects of AI.

Another attempt at integrating AI training was studied with the article

“Developing AI-powered Training Programs for Employee Upskilling and

Reskilling” (Ramachandran et al., 2024). The contribution was the creation

of tailored AI training pathways focused on upskilling/reskilling employ-

ees by adapting the content to their needs, across different industries. The

findings suggest that AI-enhanced training increases user motivation and

provides higher adaptability compared to traditional training (Ramachan-

dran et al., 2024). The approach in this last paper is based on adaptive

content delivery, and not necessarily on the design process of actual learn-

ing frameworks. Also, and contrary to this thesis, it lacks organizational

structuring, change management and long-term sustainability features.

2.6 Critical overview on existing literature

Although the reviewed literature collectively emphasizes the importance

of AI capability development, organisational learning, and digital transfor-

mation, there are key conceptual differences remaining across pre-existing

research. Some studies tend to frame AI adoption as a technological imple-

mentation challenge focused on productivity and automation gains (Dwivedi

et al., 2021), whereas others conceptualize it as a broader socio-technical

transformation requiring organisations to restructure, adapt their gover-

nance and manage cultural change (Holmström & Magnusson, 2025). Sim-

ilarly, workplace learning literature often prioritizes pedagogical effective-

ness and learner motivation (Bucher et al., 2024), whereas capability-oriented

research focuses more strongly on long-term organisational coordination,

institutionalization, and strategic alignment (Koutsopoulos, 2024). These
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perspectives are complementary, but operate at different analytical levels

and imply different design priorities for AI training initiatives.

Another tension in the literature concerns the balance between stan-

dardization and contextual adaptation. Several studies advocate scalable

and standardized AI training structures to ensure organisational consis-

tency and governance alignment (An et al., 2024), while task-technology fit

research suggests that generic training approaches risk becoming discon-

nected from employees’ situated work practices and operational realities

(Goodhue & Thompson, 1995). This creates a design paradox in which or-

ganisations must simultaneously ensure coherence at organisational level

while preserving sufficient flexibility for role-specific applicability.

The literature also differs in the conceptualization of what sustainable

AI adoption looks like. Certain contributions frame sustainability primar-

ily in terms of continuous technical upskilling and tool usage, while others

argue that sustainable adoption depends on broader organisational capa-

bility maturation, leadership involvement, and continuous learning struc-

tures embedded into everyday work practices (Bock & Von Der Oelsnitz,

2025; Koutsopoulos, 2024). The result is that the current research land-

scape remains fragmented across technological, pedagogical, and organi-

sational perspectives.

This thesis sets out to address this fragmentation by synthesizing these

previously separated perspectives into a unified socio-technical view of or-

ganisational AI training. Rather than treating AI training solely as a peda-

gogical activity or categorizing it as a technology adoption issue, the study

frames it as a capability-development process requiring coordinated align-

ment between employees, organisational structures, leadership practices,

governance mechanisms, and task-specific technological usage.
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3
Method

3.1 Research Design

This study aims to support the future development of a Design Science Re-

search (DSR) method, which will be particularly suitable when the objec-

tive is to develop prescriptive knowledge in the form of artefacts that ad-

dress practical organisational problems. In the present thesis, the intended

artefact is not a fully implemented training method, but rather a systemat-

ically derived set of requirements that can guide the future design of such

a method. By concentrating on requirement formulation rather than full

artefact development, the study remains feasible within the available time

frame while still contributing prescriptive knowledge that can inform fu-

ture method construction (Johannesson & Perjons, 2014).

The primary contribution lies in the early phases of the design cycle.

Rather than developing and validating a complete artefact, the study fo-

cuses on eliciting requirements that would inform the future design of a

method for training employees on generative AI. This positioning is in align-

ment with design science logic, where requirement specification consti-

tutes a legitimate and necessary design activity that links problem under-

standing to later artefact construction (Johannesson & Perjons, 2014; Dresch

et al., 2015).

This strategic positioning is also aligned with established methodolog-

ical guidance in design-oriented research. Early-stage design knowledge,

such as requirement frameworks and design principles, is recognised as

a valid scholarly contribution when artefact development is constrained

by feasibility conditions. Such contributions are particularly relevant in

emerging technological domains, where rapid evolution makes articula-

tion both timely and impactful for future design efforts (Dresch et al., 2015).

The research design combines scientific and empirical grounding. Sci-

entific grounding is achieved through a review of literature on AI adoption,
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workplace learning, digital transformation, and organisational change. Em-

pirical grounding is established through qualitative interviews with em-

ployees who participated in generative AI training initiatives at Siemens

Energy during 2025. The study further applies an iterative analytical logic,

where insights derived from empirical material continuously inform the

formulation and refinement of requirements. This combination of literature-

based and field-based knowledge ensures that the resulting requirements

are context-sensitive while remaining theoretically informed, which con-

stitutes a central principle of rigorous design science research. (Johannes-

son & Perjons, 2014)

3.2 Research Strategy

This study aims to elicit requirements for a Design Science Research (DSR)

method that will enable systematic, sustainable method of integrating gen-

erative AI tools into the daily operations of employees and their organisa-

tions. DSR has been chosen as the future method framework due to its tools

of iteration and evaluation; the development of the artefact occurs gradu-

ally, and always incorporates feedback from the users, making sure it ad-

dresses practical challenges while simultaneously contributing to scientific

research (Dresch et al., 2015). This style of conducting research addresses

the duality of scientific knowledge with that of practical utility, rendering

it suitable for developing artefacts in socio-technical domains such as or-

ganisational AI training, that focuses on interactions between humans and

technological components (Gregor & Hevner, 2013).

Typically, a DSR cycle (a set of predetermined project phases for artefact

development) is composed of five key steps, which are hereby explored in

the context of this thesis:

3.2.1 Step 1 - Explicate the problem

the goal of the initial phase is to formulate the problem precisely and justify

its relevance. Researchers explore the root causes of the issue, attempting

to understand its full scope in both local and generalizable practice (Johan-

nesson & Perjons, 2014). Problem explication includes understanding the

context and its stakeholders, and the relevance of the problem should be

justified both practically and academically (Dresch et al., 2015). This sec-

tion is the explicit formulation and justification of the practical problem

motivating the research. Problem explication requires the researcher to

define the problematic situation, position it within a practice context, and
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demonstrate why the issue is significant for both practitioners and schol-

ars. This process ensures that subsequent design work addresses a clearly

articulated and relevant challenge rather than a vaguely defined opportu-

nity (Johannesson & Perjons, 2014).

As for the explanation of the problem itself, the literature indicates that

organisations increasingly integrate artificial intelligence into operational

and knowledge-intensive processes, yet workforce capability development

frequently lags behind technological adoption. Research shows that AI trans-

formation is not limited to implementation, but entails changes in work-

flows, decision-making structures, and organisational culture. As a result,

technological investments must be accompanied by structured learning

initiatives to ensure that employees can effectively collaborate with AI sys-

tems (An et al., 2024). Furthermore, workplace learning research further

demonstrates that AI-enabled systems can enhance employee capability

only when learning experiences are intentionally designed to be realistic,

motivating, and context-sensitive. Generative AI tools may support adap-

tive and conversational learning environments, yet their effectiveness de-

pends on pedagogical structure, learning design, and integration into daily

work routines rather than technological novelty alone (Bucher et al., 2024).

This suggests that organisations are rapidly adopting AI, but workforce ca-

pability is lagging; real transformation requires structured, context-sensitive

training that embeds learning into daily work rather than relying on tech-

nology alone.

From an organisational capability perspective, digital transformation

studies suggest that AI readiness depends on both human competencies

and a supportive organisational culture. Firms that lack structured up-

skilling mechanisms often experience underutilisation of AI systems, resis-

tance to adoption/change, and fragmented implementation across busi-

ness units/departments. These capability gaps reduce return on techno-

logical investment and weaken long-term innovation capacity (An et al.,

2024). Human–technology fit theory reinforces this problem framing by

demonstrating that performance gains from digital tools depend on the

alignment between technological functionalities and user task requirements.

When employees lack the skills required to meaningfully integrate tools

into their workflows, technology utilisation alone does not translate into

improved performance outcomes (Goodhue & Thompson, 1995). Resum-

ing, AI transformation initiatives perish when organisations fail to build
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them as a capability, unbacked by upskilling structures and cultural sup-

port. Performance improves when workforce skills align with tool function-

alities and task demands; technology, by itself, is not guaranteed to deliver.

For this section, the research strategy employed was that of the narra-

tive literature review, since it provides a valuable background for under-

standing the problem’s conceptual framework and practicality (Denscombe,

2010). Such an approach provides a solid knowledge base to support issue

identification and reveal existing solutions that are relevant for artefact de-

velopment (Johannesson & Perjons, 2014). Narrative reviews are suitable

for emerging fields lacking a depth that would justify a formal holistic re-

view (Baumeister, 2003).

The narrative literature review hereby employed included a selective

reading of key academic papers in the areas of generative AI organisational

training, prompt engineering and digital transformation using Google Scholar

and filtering articles post-2023. The review enabled the understanding of

major challenges and recent practices, using gaps in literature to justify the

design goals of the artefact; this is consistent with the needs of exploratory

phases in DSR research (Johannesson & Perjons, 2014).

A systematic literature review could alternatively have been employed,

but initial design science phases rather require broad understanding of the

problem, instead of exhaustive and resource-intensive synthesis analysis

(Johannesson & Perjons, 2014). Such an approach would have been most

suitable if study replicability and systematic aggregation were key objec-

tives (Daun et al., 2015). Systematic reviews are time-consuming, involv-

ing strict protocols and proving inefficient for research done with limited

resources and time (Okoli & Schabram, 2010).

3.2.2 Step 2 - Define requirements

This step follows suit once the problem is clearly described, and its pur-

pose is to identify the functional, non-functional and environmental re-

quirements that an artefact must satisfy in order to directly target and treat

the problem (Johannesson & Perjons, 2014). This is the stage where the

practical problem is transformed into a research problem, by specifying

the constraints and qualities that the solution must offer, as well as deter-

mining the ideal evaluation criteria (Dresch et al., 2015).

It is fundamental to mention functional and non-functional require-

ments, and explain how they describe different but complementary dimen-

sions of a future artefact specification. Functional requirements define

26



what a system, method, or artefact must do by specifying the services, be-

haviors, and tasks it must perform to address the identified problem (Pohl,

2010). They focus on observable capabilities and operational outcomes,

such as enabling readiness diagnostics, delivering modular training ses-

sions, or supporting guided hands-on exercises that fulfil explicit user needs.

In contrast, non-functional requirements describe how well those func-

tions must be performed and under which quality conditions the artefact

remains acceptable and usable (Glinz, 2007). These requirements concern

properties such as usability, flexibility, maintainability, scalability, acces-

sibility, and reliability, which shape the artefact’s effectiveness and long-

term viability across contexts. Design science research similarly empha-

sises that artefact quality attributes—including learnability, customisabil-

ity, efficiency, and traceability—constitute critical evaluation dimensions

alongside functional performance (Johannesson & Perjons, 2014). More-

over, non-functional requirements often operate as cross-cutting constraints

that influence multiple functional components simultaneously, thereby shap-

ing overall system behavior rather than isolated features (Glinz, 2007).

This thesis takes the form a case study in a large organisation. Several

employees in different roles (both technical and managerial) are consulted

to determine their current level of AI literacy, as well as the quantity and

quality of AI training they have received from the company – and whether

they integrate it into their daily work routines, and to which extent. The

goal is to assess the status and effectiveness of the AI training being given

and gather as much feedback as possible on what has been positive and

negative about it, as well as understanding the level of alignment of the

training and employee skilling with the overall long-term strategic learn-

ing and organizational transformation objectives of the company. In or-

der to preserve appropriate ethical research standards in this project, the

participants were provided with an informed consent form. The form has

been used to explain explicitly the purpose of the research, how anonymity

and confidentiality will be preserved, how data management is performed,

along with all the participants’ rights during the data collection. By signing

the form, the participants agree to take part in the data collection process

under the specific context of the project.

Because the study intends to “feed” an artefact as a method support-

ing ongoing and sustainable generative AI learning, its requirements must

reflect the socio-technical environment in which learning takes place. Or-

ganisational training is embedded in workflows, governance arrangements,
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technological infrastructures, and role-specific practices. Enterprise mod-

elling research stresses that organisational challenges must therefore be

addressed by capturing structural interdependencies rather than isolated

activities (Sandkuhl et al., 2014). This perspective aligns closely with the

capability-oriented logic of the KYKLOS modelling approach, which focuses

on how organisational capabilities are configured, adapted, and sustained

under changing conditions (Koutsopoulos, 2024). In this sense, the future

training method must be conceptualised as a capability-support mecha-

nism rather than a stand-alone learning intervention.

Requirements engineering literature further states that requirement sets

are rarely internally consistent and often contain tensions that must be ex-

plicitly managed. Working on requirements involves negotiation and rec-

onciliation among competing stakeholder needs rather than neutral ag-

gregation (Pohl, 2010). In the Siemens Energy context, such tensions are

evident between standardisation and flexibility. A training method must

be sufficiently standardised to scale across business units and geographi-

cal locations, yet flexible enough to accommodate varying roles, maturity

levels, and local language needs. Similar trade-offs arise between encour-

aging exploratory GenAI use and maintaining governance, accountability,

and compliance with organisational policies. Recognising and articulating

these tensions improves requirement quality because it anticipates design

trade-offs that will later shape artefact feasibility (Johannesson & Perjons,

2014).

Another important dimension concerns non-functional or quality-oriented

requirements. Artefacts should be assessed not only by what they do but

also by qualities such as comprehensibility, learnability, flexibility, customis-

ability, maintainability, traceability, accountability, effectiveness, and effi-

ciency (Johannesson & Perjons, 2014). Comprehensibility and learnabil-

ity are essential because participants possess uneven prior exposure to AI

technologies. Flexibility and customisability are necessary because train-

ing must adapt to diverse professional contexts and evolving tool land-

scapes. Maintainability and traceability become central due to the rapid

evolution of generative AI systems, which requires continuous content up-

dates and transparent versioning. Requirements engineering research sim-

ilarly emphasises that non-functional requirements often determine long-

term success, even though they are more difficult to specify precisely than

functional requirements (Glinz, 2007).
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As far as the data collection and analysis methods are concerned, semi-

structured interviews and thematic analysis, respectively, have been em-

ployed and conducted. Participants were selected using purposive sam-

pling, a strategy appropriate when individuals are chosen for their rele-

vance to the research objective rather than for statistical representative-

ness. In design research, such sampling supports depth of insight and en-

ables requirement elicitation from those directly affected by the practical

problem under investigation (Dresch et al., 2015). The target groups were

individuals who participated in the AI training ran by Siemens Energy in

2025, and thereby equipped with a practical experience as of how the com-

pany is currently addressing AI upskilling and teaching its employees.

A semi-structured interview is a qualitative data collection method con-

sisting of a set of predesigned open-end questions, which enable the inter-

viewer to request further elaborations whenever deemed appropriate (Bry-

man, 2016) They offer the opportunity to deeply explore the views of the

interviewee without losing the necessary response comparability, required

for a comparative analysis; also, they are particularly suited to obtain tacit

knowledge from users and stakeholders, when it otherwise wouldn’t be vis-

ible or attainable (Denscombe, 2010; Johannesson & Perjons, 2014). What’s

more, qualitative methods are appropriate when research aims to under-

stand complex socio-technical experiences and capture stakeholder per-

spectives that cannot be reduced to quantitative indicators. Semi-structured

interviews are particularly useful in design-oriented studies because they

allow participants to articulate needs, expectations, and perceived defi-

ciencies in their own terms (Johannesson & Perjons, 2014). The choice

of qualitative interviewing is further supported by workplace learning re-

search, which emphasizes that learning effectiveness is shaped by contex-

tual experience rather than isolated instructional variables. Understanding

how employees perceive training relevance, pacing, accessibility, and ap-

plicability is essential for deriving requirements that support sustainable

learning integration (Bucher et al., 2024).

One potential alternative data collection strategy could have been a ques-

tionnaire, defined by a set of written questions aiming at gathering infor-

mation from respondents in a standardized and structured way (Bryman,

2016). It is perfectly suited for collecting data from large samples efficiently,

while enabling statistical analysis and inter-group comparisons; they can

be closed-ended (respondents choose their answers from a preset of op-

tions) or open-ended, allowing for more variety in replies but not so useful

29



for massified quantitative research (Denscombe, 2010). While question-

naires are well-suited for collecting large amounts of broad/generalizable

data in a limited resource context, they lack the richness and exploratory

mindset needed for this thesis, where individual experiences, tacit knowl-

edge and contextual interpretations provide the necessary depth for achiev-

ing a solution that is sustainable and based on deep human sentiment (Jo-

hannesson & Perjons, 2014). Questionnaires tend to be less flexible and

fail to capture nuanced reasoning, especially if the respondent misinter-

prets a question (Denscombe, 2010). It could compromise data quality in a

complex and continuously evolving topic such as employee adaptation to

GenAI.

After collection, the data analysis process was conducted using the-

matic analysis, a qualitative method for identifying patterned meaning across

textual material. Thematic analysis enables the systematic transformation

of individual statements into higher-order themes that can inform design-

oriented outputs such as requirement frameworks. This method is particu-

larly suitable when the objective is to translate experiential narratives into

structured knowledge (Braun & Clarke, 2006). It is a form of qualitative re-

search for analyzing data in rich detail and can be used both inductively

(data-driven) and deductively (theory-driven) (Braun & Clarke, 2006). It

follows a set of steps, namely data familiarization, code generation, theme

search/review/defining, and final reporting (Braun & Clarke, 2006). In a

DSR context, it proves useful for its ability to convert raw interview data

into structured themes, that can directly backup the specific requirements

of the artefact in development (Gregor & Hevner, 2013). Such a process en-

sures that design decisions are grounded on palpable expectations, experi-

ences and needs of stakeholders, making the solution more robust (Johan-

nesson & Perjons, 2014). Thematic analysis supports inductive identifica-

tion of recurring needs, barriers, and enabling conditions that can be refor-

mulated as prescriptive artefact requirements. The analytical progression

from codes to themes to design-relevant insights allows empirical material

to inform prescriptive outputs without imposing predetermined solution

structures (Braun & Clarke, 2006).

One alternative could have been to employ content analysis, a quali-

tative/quantitative research technique that categorizes and interprets tex-

tual/visual data into predefined categories. It is particularly adept at an-

alyzing large amounts of media content and documents with the aim of

identifying frequency patterns or tracing trends over time (Schreier, 2012).
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For this thesis, however, it would show a limited ability to capture context-

specific meanings resulting from participants’ own experiences and there-

fore wouldn’t have been the best option (Vaismoradi et al., 2013).

3.2.3 Step 3 - Design and develop the artefact

Design Science Research (DSR) is typically structured as an iterative cycle

in which problem understanding, requirement formulation, artefact cre-

ation, and evaluation are systematically connected. While the present the-

sis concentrates on explicating the problem and defining requirements,

a complete DSR process normally continues with the design and devel-

opment of an artefact, followed by demonstration and evaluation activi-

ties. These later stages are essential in full design science projects because

they operationalise theoretical and requirement-based insights into tangi-

ble solutions, and create the necessary structures to properly assess their

practical utility (Dresch et al., 2015; Johannesson & Perjons, 2014). The de-

sign and development stage concerns the transformation of requirements

into a concrete artefact. In DSR, artefacts may take the form of methods,

models, frameworks, systems, or instantiations that address an identified

problem. This phase typically involves generating alternative design solu-

tions, selecting among them based on feasibility and relevance, and iter-

atively refining the chosen solution through prototyping and stakeholder

feedback. The objective is to ensure that the artefact embodies the re-

quirements derived from earlier stages while remaining usable within its

intended organisational context (Johannesson & Perjons, 2014). In the par-

ticular case of this study, this stage could take the form of designing a new

set of training methodologies and strategic approaches to AI learning and

teaching, assessing their potential of replication onto the reality of Siemens

Energy, and collect impressions from the workforce via staged participa-

tion or other pre-involvement initiatives in a controlled environment; such

a process would require several iterations in order to build a robust solu-

tion (Hevner et al., 2004). Design science literature emphasises that arte-

fact construction is not a linear engineering activity, but rather a repet-

itive and reflective process in which theoretical grounding and practical

constraints continuously inform design choices (Hevner et al., 2004). Fol-

lowing artefact construction, demonstration activities aim to show how the

artefact can be used to address the practical problem for which it was de-

signed. Demonstration typically involves applying the artefact in a realistic

scenario, case setting, or simulated environment in order to illustrate its

functionality and practical relevance. The purpose is not yet to rigorously
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measure effectiveness but to establish that the artefact is operational, con-

textually applicable, and capable of supporting intended users in practice.

Demonstration therefore acts as a bridge between design and formal eval-

uation, translating conceptual solutions into observable use situations (Jo-

hannesson & Perjons, 2014).

The final step, evaluation, would assess how effectively the training method

improves the ability of employees to use generative AI tools in an integrated

and ever-evolving manner. This phase would examine whether the arte-

fact addresses the original problem and fulfils the defined requirements.

In practice, evaluation at Siemens Energy could combine performance in-

dicators such as AI tool adoption, workflow integration, and skill progres-

sion with qualitative feedback on learning experience, perceived useful-

ness, and long-term applicability (Hevner et al., 2004) A central evalua-

tion criterion would be requirement fulfilment. The method would be as-

sessed based on how well its components operationalise the requirements

derived through thematic analysis. This requirement-to-design alignment

ensures methodological continuity and strengthens the scientific credibil-

ity of the artefact, and reinforces the scientific value and importance of the

requirement elicitation phase (Dresch et al., 2015). Although these stages

form an integral part of a complete DSR cycle, they remain outside the

scope of the present thesis. The research objective is limited to generat-

ing requirement-level design knowledge rather than delivering a fully de-

veloped and validated training method. Time and feasibility constraints,

together with the early-stage nature of organisational generative AI train-

ing research, make full artefact construction and testing impractical within

a master’s thesis context. Requirement specification is nevertheless recog-

nised as a legitimate and valuable design science contribution, particularly

when later design and evaluation phases are explicitly positioned as future

work (Dresch et al., 2015) As such, the present study provides a founda-

tional input into subsequent design efforts. The articulated requirements

are intended to guide future method development, demonstration, and

evaluation activities conducted in extended research or organisational im-

plementation projects. By delimiting its scope in this manner, the thesis

maintains methodological coherence while ensuring that its contribution

remains scientifically grounded and realistically achievable (Johannesson

& Perjons, 2014).
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3.3 Participants and Data Collection Procedure

To ensure methodological transparency and strengthen the credibility of

the requirements elicitation process, detailed information about the study

participants’ professional roles, selection rationale, and procedural aspects

of data collection is provided – though maintaining their anonymity. In de-

sign science research, the traceability of artefact requirements to relevant

stakeholder expertise is essential, as the utility and rigor of the resulting de-

sign depend on the quality and relevance of empirical input (Johannesson

& Perjons, 2014).

The participant group was intentionally composed to reflect a wide range

of organisational functions, ensuring that training requirements captured

heterogeneous capability needs across technical, managerial, operational,

and support domains. Such diversity is particularly important in digital

transformation contexts, where AI adoption and skill development differ

significantly across professional roles and task environments (An et al., 2024).

In line with human–technology fit theory, performance gains from digi-

tal tools depend on alignment between technological functionalities and

users’ task characteristics, which vary across occupational groups (Good-

hue & Thompson, 1995).

Eleven professionals participated in the study. This distribution en-

abled the inclusion of perspectives from engineering and research func-

tions, project and operational management, procurement and support ac-

tivities, organisational excellence roles, and training professionals. Each

role contributed distinct experiential insights to the define-requirements

process. Technical and research-oriented participants emphasized domain-

specific AI applications, tool reliability, and workflow integration challenges.

Project managers highlighted coordination demands, cross-functional align-

ment, and practical constraints related to time allocation and operational

continuity. Procurement and support staff drew attention to usability bar-

riers, language accessibility, and the need for task-relevant training for-

mats suited to non-technical users. Business excellence professionals con-

tributed process-oriented perspectives on organisational rollout, scalabil-

ity, governance, and change enablement. Training professionals provided

pedagogical reflections concerning instructional design, learner engage-

ment, and knowledge transfer effectiveness. Such a multi-perspective in-

put supported the formulation of requirements addressing not only tool
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proficiency but also organisational learning structures, governance mecha-

nisms, and sustainable capability development, which are central to effec-

tive digital transformation (An et al., 2024). Interview duration ranged from

approximately 14 to 33 minutes, depending on participant availability and

depth of responses. All interviews were conducted either in person or via

Microsoft Teams, audio-recorded with participant consent, automatically

transcribed, and anonymised during analysis. These procedures ensured

data reliability while adhering to ethical research practices.

The participants contributed primarily to the Define Requirements phase

of the Design Science Research process. Their experiential accounts in-

formed the identification of training limitations, clarification of learner ex-

pectations, recognition of organisational enablement gaps, and elicitation

of functional and non-functional method requirements. Their involvement

also indirectly supported evaluation by ensuring that emerging design de-

cisions addressed realistic organisational constraints and role-specific needs,

which strengthened practical relevance—an essential quality criterion in

design-oriented research (Dresch et al., 2015).

3.4 Interview preparation

The preparation of the semi-structured interviews followed a systematic

and iterative approach, as a means of aligning with the research objective

and the requirements elicitation focus of the study. The interview guide

was primarily developed based on insights derived from the literature re-

view, particularly the identified challenges in AI training (e.g., knowledge

gaps, lack of hands-on practice, insufficient contextualization, and absence

of structured learning pathways). These themes were translated into ques-

tion areas to ensure that the interviews would capture both experiential in-

sights and requirement-relevant observations. To enhance relevance and

conceptual alignment, the interview questions were designed to reflect the

same thematic structure across all participants, while allowing flexibility in

phrasing depending on the respondent’s role (e.g., operational staff, mid-

level professionals, and managers). This was made to achieve compara-

bility across interviews without compromising accessibility and clarity for

participants with varying levels of AI familiarity. The semi-structured for-

mat enabled the researcher to probe deeper into emerging topics (by giving

the interviewee a sense “human presence” and the opportunity to further

clarify any topics or situations deemed particularly relevant by him/her),

while preserving consistency in core question areas so as to not degrade
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the quality of the insights collected. The interview guide was reviewed

and refined prior to full data collection, including adjustments to wording,

sequencing, and level of abstraction; particularly, attention was given to

avoiding leading or overly technical questions, ensuring that participants

could express their experiences and perceptions in their own terms. Dur-

ing the initial interviews, minor refinements were made to improve clarity

and flow, especially in cases where participants required additional expla-

nation or where questions could be interpreted ambiguously. This itera-

tive adjustment process follows the lead of qualitative research practices,

where early data collection informs subsequent refinement of the instru-

ment (Braun & Clarke, 2006). No formal pilot interview was conducted as

a separate step; however, the first interviews conducted functioned as in-

formal pilots, and helped the guide in understanding how to extract more

information out of the same questions, e.g. by providing additional context

or explanations towards what kind of information the question is aiming to

obtain. This approach allowed the researcher to balance methodological

rigor with practical constraints, while still ensuring that the final set of in-

terviews was based on a stable and well-understood structure. As a whole,

the preparation process ensured that the interview guide was grounded in

theory, sensitive to the nuances of participant diversity, and adaptable to

the real flow of each interviewee and the highlights of the particular inter-

view, thereby supporting the credibility and usefulness of the collected data

for requirement elicitation.

3.5 Interview guide

To ensure transparency and critical assessment of the data collection in-

struments, the structure and content of the interview guide used in the

study is hereby analysed in detail. While the design principles and theoret-

ical grounding of the questions have been discussed in the previous sub-

section, this one focuses on how these were operationalised into a coher-

ent set of interview questions. The interviews followed a semi-structured

format, in which a predefined set of core questions was used across all par-

ticipants, complemented by flexible follow-up prompts. Through this ap-

proach, the guide maintained consistency in addressing the central themes

of the study and simultaneously allowed participants to elaborate on their

individual experiences and perspectives. Such a balance between structure

and flexibility is widely recommended in qualitative research, as it supports

both comparability across interviews and depth of insight in the collected
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data (Braun & Clarke, 2006). The guide consists of a sequence of thematic

blocks that reflected the progression from participants’ prior experience to

their expectations and perceived requirements for AI training.

The opening part of the interview focused on establishing the partici-

pant’s background and familiarity with artificial intelligence tools in a work

context. Participants were asked to describe their level of experience, the

frequency of AI use in their daily activities, and the types of tasks for which

such tools were applied. This initial section served to contextualise subse-

quent responses and to identify differences in baseline knowledge across

participants. Onwards, the interview touched base on the participants’

experiences with organisational AI training; questions in this section ex-

plored whether participants had attended training sessions, how they per-

ceived the structure and teaching approach, and to what extent these ini-

tiatives met their expectations. The aim of this formatting was to capture

descriptive accounts of training formats and evaluative reflections on their

effectiveness. After that, the guide focused on the learning process itself,

with particular emphasis on identifying which instructional methods were

perceived as most effective. Participants were invited to reflect on different

elements of the training, such as demonstrations, hands-on exercises, and

collaborative activities, and to describe how these contributed to or hin-

dered their understanding. Additional questions addressed the amount

of time available for practice, the clarity of explanations, and the overall

pace of instruction. This section was central to identifying strengths and

weaknesses in current training approaches. Subsequently, the interview

addressed the extent to which training translated into actual application

in the workplace. Participants were asked to reflect on their ability to use

AI tools independently after the training, the challenges they encountered

when integrating these tools into their daily tasks, and specific situations in

which AI was perceived as useful or ineffective; the main goal with this part

was bridging the gap between learning experiences and real-world usage,

thereby providing insight into the practical impact of training initiatives.

The final section of the interview was explicitly oriented towards improve-

ment and future requirements. Participants were encouraged to suggest

changes to existing training formats, identify missing elements, and de-

scribe what types of support, structure, or resources would enable more ef-

fective and sustainable learning. These questions were intentionally open-

ended to avoid constraining responses and to allow participants to articu-

late their needs in their own terms. As such, this section played a key role

in eliciting requirement-oriented insights for the study. All interviews were
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enhanced via probing questions, which were used to deepen responses and

clarify meaning. Participants were frequently encouraged to provide con-

crete examples, explain the reasoning behind their opinions, and elaborate

on specific experiences. This helped ensure that the data went beyond gen-

eral impressions and captured more nuanced and context-rich insights. Al-

though the overall structure and core questions remained consistent, mi-

nor adaptations were made to the wording and level of detail depending

on the participant’s role and prior experience with AI. This allowed the in-

terview to remain accessible to less experienced users and simultaneously

capture more advanced reflections from participants with higher levels of

familiarity. Importantly, these adaptations did not alter the thematic cov-

erage of the interviews, and therefore the comparability across the set re-

mained unaffected.

3.6 Interview questions design

In order to design questions that are science-backed and appropriate to

evaluate the training performance and outcomes, research was conducted

on previous papers that studied various training frameworks and evalua-

tion proposals. The interview design was driven not only to capture em-

ployee learnings during the training, but also how such knowledge was per-

ceived and applied to their daily work contexts. The questions unfold in the

form of a narrative journey, reflecting the individual interviewee’s progres-

sion throughout the training experience – starting with first impressions

and context, developing into deeper sense of learning quality and useful

application, and finishing off with reflections and recommendations. This

follows the temporal logic of the Kirkpatrick model, moving from reaction

to learning, behavior, and off to results – and offers a structured timeline

to the interview (Falletta, 1998). The model further incorporates systemic

logic from Stufflebeam’s CIPP framework (context-input-process-product),

in order to contextualize learning into the organizational reality and avoid

a linear approach to the interview – constituting the evaluative dimensions

that link the interview stages to the organizational learning process (Kel-

laghan et al., 2003).

The interview initiates by soliciting the participants’ general experience

within the larger context of learning before directing him/her to more spe-

cific aspects, thereby abiding to the CIPP framework (Kellaghan et al., 2003).

Question 1,“How would you describe your overall experience of the AI @ SE
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Sweden Basic Training?”, follows previous research suggestions that inter-

views should begin with open-ended questions that support participants

in framing their own relevance and expectations – a general entry point

for exploring their engagement with the topic and perceived experience of

it (Tasca et al., 2010). Question 2, “What were your expectations before at-

tending the training, and to what extent were they met?” enhances the con-

textual placement by bridging the original motivations with the perceived

fulfillment, connecting context (the need for the training) with input (the

training structure and contents) (Kellaghan et al., 2003). Additionally, it

provides a measure of satisfaction deriving from the conformity of expec-

tations and outcomes, instead of linking it to personal enjoyment – and

thereby aligning with Kirkpatrick’s first level, “Reaction” (Falletta, 1998).

These two openers lay the groundwork for assessing how employees per-

ceive the relevance of the Basic Training to their specific roles.

The second phase of the interview proceeds from perception to learn-

ing. Question 3, “What useful concepts, skills, or tools did you learn during

the training?”, builds on the second level of Kirkpatrick’s model (“Learn-

ing”), by measuring perceived gains on a cognitive level; simultaneously,

it aims at understanding knowledge acquisition as well as the participants’

preferred learning types: conceptual, technical or procedural (Falletta, 1998;

Kellaghan et al., 2003). The phrasing also incites the participant to specify

learning elements that they perceived as useful, showing Holton’s principle

that perceived validity triggers subsequent transfer of knowledge; in other

words, learning is not just about the actual information retained, but the

perception that the learnings are connected with ones’ challenges (Holton

Iii et al., 2000). Question 4, “What have you been able to apply from what

you learned onto your daily work tasks?”, is based on the notion that learn-

ing reaches its full potential when it actually changes Behavior, which is

the third level of the Kirkpatrick’s framework (Falletta, 1998). The moment

when knowledge embeds itself into work performance is conceptualized

as “transfer”; asking the participants to describe real examples of usage

evaluates the degree of such behavioral integration, and if such instances

exist, they suggest sustainable learning (Holton Iii et al., 2000). Question

5, “What factors in your work environment have supported or hindered

your ability to use what you learned?”, portrays the environmental nature

of learning transfer, which never occurs in isolation (Holton Iii et al., 2000).

Several factors have a strong impact on the maintenance of learning trans-

fer, such as management sponsorship, organizational AI maturity, and peer

support – and it is important to understand which ones are affecting the
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interviewee more directly. These factors are called systemic variables, and

they mediate the relationship between employee learning and actual job

behavior; they may be enablers (when they unlock new behaviors) or bar-

riers (when they fail to support the employees in adopting new work strate-

gies) (Holton III et al., 2000). After describing their attempts to introduce

novel approaches and apply their learnings, the interview shifts to a value

direction. Question 6, “Which aspects of the training have been most useful

in performing your job?” unravels the third level of Kilpatrick’s model (Be-

havior) (Kellaghan et al., 2003) together with the concept of net benefits: a

measurement of the interviewee’s perceived improvement from adopting

the new system, based on observations on performance, decision quality

and efficiency (DeLone et al., 2003). The user’s subjective evaluation con-

nects training outcomes with actual implementation of new ways of work-

ing. Further developing on perceived value, Question 7 “How satisfied were

you with the materials, examples, and exercises provided during the ses-

sion?” returns to the first stage of “Reaction” because it focuses on satisfac-

tion – not an a superficial level of enjoyment, but through the lens of in-

formation quality construct (an evaluation of the accuracy, completeness,

relevance and clarity of the training provided) (DeLone et al., 2003). The

third level of the CIPP framework (process) is hereby introduced as well,

because the question assesses instructional design quality: the interviewee

is supposed to assess whether the exercises mimicked real work scenarios,

a critical factor for determining whether the training was effective (Tasca et

al., 2010).

Especially in the context of digital education, the success of a training

is a function of the usability and reliability of the presented solutions (De-

Lone et al., 2003). Accordingly, Question 8 “How easy and effective did you

find the AI tools (such as SE ChatGPT, Copilot, or DocAI) demonstrated

during the training?” directly relates to system quality and user satisfac-

tion dimensions; the question isolates the participant’s own experience

and helps understand whether his/her perceptions derive from the ped-

agogical method or the tool performance, offering insights on what needs

to be improved: the teaching method, or the technical features (DeLone

et al., 2003). The following Question 9, “Since the training, how often and

for what have you used these AI tools?” expands the previous distinction

into a notion of the “use” dimension and motivational constructs; it draws

information on frequency and intentionality, providing insight on whether

the training inspired engagement or was seen as a temporary experiment

(Holton III et al., 2000; DeLone et al., 2003).
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Question 10, “How did the training motivate/demotivate you to con-

tinue exploring AI independently?”, furthers the conversation beyond ap-

plicable use, and enters the realm of motivational dynamics via the con-

structs of motivation to transfer (the desire or intention to apply new knowl-

edge based on learnings from training) and supervisor/peer influence (the

extent to which different coworkers encourage/reward the adoption of new

solutions) (Holton Iii et al., 2000). The reflections could also help deter-

mine whether the training methods were perceived as tailored to the par-

ticipants’ needs, which is essential for sustainable engagement and buy-in

(Henderson-Sellers et al., 2014).

Question 11, “What changes have you observed in your team’s collabo-

ration, problem-solving and efficiency after attending the training?”, is an

outcome question that invites the participant to mention tangible perfor-

mance improvements but also perceived cultural changes, such as open-

ness to innovation and data-based decision making (Tasca et al., 2010). It

also unlocks the fourth level of the Kirkpatrick model (Results) and CIPP

framework (product evaluation), by bringing the interview to the macro-

level effects of the training, away from personal perception and onward to

organizational effects (Kellaghan et al., 2003; Falletta, 1998).

Finally Question 12, “If you could improve the training, what would

you change or add to make it more effective?”, encourages participants to

suggest improvements, transporting the interview from retrospective eval-

uation to a formative feedback mechanism, and following the decision-

oriented evaluation principle (Falletta, 1998; Tasca et al., 2010). It also

adheres to iterative tailoring (the continuous refinement of a process via

cyclical repetition) by gathering user input and incorporating it onto future

adaptations of the training methodology (Henderson-Sellers et al., 2014).

From first impressions to reflective conclusions, the questions maintain a

sense of continuity without sacrificing on analytical purpose. The kick-off

introduces experiential context (Falletta, 1998; Kellaghan et al., 2003), on-

wards to learning and transfer processes (Holton Iii et al., 2000), assess-

ment of technological and methodological aspects (DeLone et al., 2003;

Henderson-Sellers et al., 2014) and finishing with outcome-oriented reflec-

tions (Tasca et al., 2010). The questions enable a comprehensive, theory-

driven evaluation framework that assesses the AI @ SE Sweden Basic Train-

ing’s quality, relevance, and impact from the attendee’s perspective. The
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design ensures that the interview data shall highlight not just the learn-

ings, but why they mattered, how they were used, and what conditions sup-

ported or constrained their success. By grounding the questions in inter-

related theoretical models, the protocol supports a nuanced understand-

ing of training effectiveness within Siemens Energy’s AI transformation —

aligning empirical inquiry with the study’s overarching goal of identifying

how organisations can systematically and sustainably train employees to

integrate generative AI tools into their everyday work practices.

3.7 Requirement derivation process

The analytical process followed an iterative progression, traceable from

empirical statements to conceptual abstraction. To start, the interview tran-

scripts were reviewed to identify meaning-bearing segments related to par-

ticipants’ experiences, expectations, frustrations, and perceived organisa-

tional conditions surrounding GenAI training. Each segment was assigned

initial descriptive codes that remained close to the participants’ original

wording and interpretations. Examples of such early-stage codes included

“training too fast,” “lack of step-by-step guidance,” “need for hands-on ex-

perimentation,” “unclear expectations,” “different learner levels” and “lack

of continued support.”

The raw coding was then compared, grouped, and refined through re-

peated rounds of thematic clustering to identify recurring patterns and re-

lationships across participants. Codes associated with pacing difficulties,

heterogeneous knowledge levels, and inadequate adaptation were consol-

idated into broader categories related to learner readiness and differen-

tiated learning conditions. Likewise, codes concerning experimentation,

contextual exercises and practical application were synthesized into themes

connected to experiential and task-oriented learning.

The translation of themes into design requirements was achieved via

abductive reasoning, where empirical patterns were continuously inter-

preted in relation to the theoretical framework. These requirements did not

only originate from isolated participant statements, but from the interac-

tion between empirical evidence and existing theoretical concepts such as

task-technology fit, adult learning, socio-technical alignment, and organi-

sational capability development. Combining theory and practice protects

analytical traceability and strengthens the output; requirements derivation

is thereby sustained by both empirical and theoretical justification.
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To further promote transparency, the study maintained a continuous

comparison between interview evidence, thematic categories, and result-

ing requirements along the analytical process. This iterative movement be-

tween empirical material and theoretical interpretation reduced the risk of

arbitrary abstraction, and supported stronger alignment between the col-

lected data, the identified themes, and the final design implications.

3.8 Ethical Considerations

Ethical integrity is a foundational aspect of the research design, particu-

larly because the study involves human participants within an organisa-

tional context. Research involving employees requires careful handling of

autonomy, privacy, and professional vulnerability, as participants may per-

ceive implicit pressure to participate or to provide socially desirable re-

sponses. Established research ethics frameworks emphasise respect for

persons, beneficence, and justice as core principles guiding the responsi-

ble treatment of participants, particularly in institutional research settings

(Beauchamp & Childress, 2019). For the preparation of this section, ethics

research was conducted both in general terms and specifically addressing

the challenges that AI brings as a novelty for ethicality; additionally, prac-

tical aspects of the research conducted at Siemens Energy are hereby men-

tioned and explained.

Participants were informed about the study’s objective, the nature of

their involvement, the use of audio recording and transcription, and their

right to withdraw at any time without consequences; all 11 participants

signed the consent form related to the interview. In the beginning of the

interview, both before and after the audio started being recorded, intervie-

wees were reminded that the study was completely anonymous, and that

their names would never be mentioned either during the interview or after

its termination and data handling.

Confidentiality and anonymity were ensured through a consistent de-

identification of participant data Personal identifiers were removed from

transcripts, and participants were assigned neutral labels. Interview ex-

tracts were reported in ways that prevent identification through role de-

scriptions or contextual details (e.g. mentioning a user as “Interviewee nr.

2” when performing thematic analysis). However, qualitative research ac-

knowledges that complete anonymity is difficult to guarantee, especially in
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bounded organisational settings where contextual clues may reveal identi-

ties. Anonymity must therefore be treated as a continuum rather than an

absolute condition (Saunders et al., 2015).

The topic of the study introduces additional ethical sensitivity due to

its connection with artificial intelligence in the workplace. Research shows

that AI adoption is often associated with concerns regarding job security,

surveillance, performance evaluation, and algorithmic decision-making.

Employees may experience uncertainty about how technological transfor-

mation affects their professional future. Ethical AI research must therefore

ensure that participants are not positioned as resistant or deficient, but

rather as legitimate stakeholders navigating technological change (Floridi

et al., 2018).

AI-related ethics also extend to issues of fairness, accountability, trans-

parency, and explainability in organisational decision-making. Training

initiatives in generative AI influence how employees interact with systems

that may shape information access, knowledge production, and decision

support. Ethical reflection is therefore necessary to ensure that research

on AI training does not implicitly promote technological adoption with-

out acknowledging potential risks and governance challenges (Jobin et al.,

2019).

Finally, the study adhered to the principle of responsible reporting. Find-

ings were presented in aggregated and anonymized form, and interpreta-

tions were grounded in empirical material rather than speculative claims.

Ethical scholarship requires that researchers avoid overstating conclusions,

misrepresenting participant views, or instrumentalising qualitative accounts

to support predetermined narratives (Tracy, 2010).
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3.9 Comparison with other AI/Digital Transformation
research

The selection of DSR is also consistent with recent state-of-the-art stud-

ies within AI transformation and digital capability development research.

Contemporary DSR-oriented investigations increasingly address organisa-

tional AI adoption as a socio-technical design problem that requires it-

eration and alignment between technological possibilities and human or

organisational conditions (Bucher et al., 2024; Koutsopoulos, 2024). Re-

cent DSR applications in information systems go beyond discussing the

artefacts themselves; the research has expanded toward the development

of capability-oriented methods, governance structures, and organisational

support mechanisms that enable a sstable and enduring digital transfor-

mation.

This paper aligns follows a similar approach by focusing on the elici-

tation of prescriptive knowledge in the form of design requirements for a

future organisational AI training method. On par with recent AI-oriented

DSR studies, the work combines empirical investigation with theoretical

synthesis to generate actionable and context-sensitive artefact foundations

(Johannesson & Perjons, 2014). The methodological orientation therefore

reflects not only classical DSR principles, but also contemporary approaches

within organisational AI and digital transformation contexts, where the shift

from simple technological implementation onto the development of en-

during organisational capabilities is visible.
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4
Results
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Table 4.1: Thematic Analysis - results

Theme-type Theme Category Example codes

Structural
constraints

Temporal Misalignment
Between Learning Intent and
Learning Experience

Insufficient practice
time

Practice block perceived as too short; extended
sessions required

Insufficient space for trial-and-error

Workload pressure
Learning competes with daily tasks

No time after training to practice

Fragile Practice and Unequal
Participation Dynamics

Practice time lock Slides/Q&A expand into practice time

Unbalanced group
dynamics

Confident users dominate tool interaction

Novices remain passive observers

Tool Readiness and Structural
Preconditions for Learning

Tool access and
availability

Missing licenses

Uncertainty about access rights

Operational onboard-
ing

Requests for click-by-click guidance / Basic tool
walkthrough

Learning
process
limitations

Discontinuity (“One-Off”
Training Problem)

Isolated training
framework

No structured follow-up

Training perceived as one-time introduction

Learning
reinforcement

Drop-off in AI usage after training

Loss of confidence over time

Staged learning pro-
gression

Requests for refresher sessions / Missing learning
journey

Contextual Relevance and the
Demand for Situated
Learning

Limited knowledge
transfer

Limited knowledge transfer

Need for role- or department-specific tasks

Ambiguity of Learning Levels
and Misalignment of
Participant Readiness

Learning expecta-
tions

Unclear expectations before training

Cohorts are
heterogeneous

Mixed prior experience / Pace mismatched to par-
ticipant capability

Readiness diagnostics Requests for pre-training self-assessment / Differ-
entiated learning tracks

Organizational
enablement
gaps

Absence of Governance and
Ownership for Continued
GenAI Learning

Learning journey
Unclear learning path after training

Learning materials ownership: who main-
tains/updates it?

Cooperation
dynamics

Self-driven experimentation; no sense of team
support/dynamics

Uneven continuation across teams

Institutional support
structures

Lack of visible AI learning network

Absence of curated prompt repositories
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4.1 Empirical Findings - Inductive Thematic Analysis
of GenAI Training Practices

This section presents the results of an inductive thematic analysis of semi-

structured interviews conducted with employees who participated in Siemens

Energy’s GenAI basic training. The analysis follows an interpretive qualita-

tive approach, where themes emerged from repeated patterns across par-

ticipant narratives rather than being imposed a priori. In line with De-

sign Science Research (DSR), the purpose of this analysis is not explana-

tion for its own sake, but problem explication and requirement grounding

for the subsequent design of a training method artefact (Johannesson &

Perjons, 2014). The interview material was iteratively coded and clustered,

resulting in a set of interrelated themes that collectively describe how cur-

rent GenAI training practices are experienced, where they break down, and

what conditions participants perceive as necessary for sustained AI use in

daily work. These findings directly inform DSR Step 1 (Explicate the Prob-

lem) by articulating the socio-technical tensions observed in practice and

connecting them with issues described in the literature, and DSR Step 2

(Define Requirements) by revealing empirically grounded needs that the

artefact must address, based on real-world feedback and actual remarks

and requests from a user perspective.

4.1.1 Theme 1 - Temporal Misalignment Between Learning In-
tent and Learning Experience

A central theme emerging from the interview material concerns a tempo-

ral misalignment between the intended learning objectives of the GenAI

training and the way time was actually structured and experienced dur-

ing the sessions. Interviewees consistently described the training as en-

gaging and well organized, but yet simultaneously emphasized that time

allocated for hands-on experimentation was insufficient, fragile, and eas-

ily displaced. Participants entered the training with the expectation that

developing competence in generative AI would require extended interac-

tion with the tools, including trial, error, and iterative refinement. However,

several interviewees reported that practical exercises were frequently com-

pressed due to presentations, conceptual explanations, or extended dis-

cussions.

This was not framed as dissatisfaction with the conceptual framing it-

self; instead, participants perceived that the temporal logic of the session
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did not reflect the experiential nature of AI skill acquisition. Such a pat-

tern reflects a broader challenge identified in organizational AI transfor-

mation research, where training initiatives often replicate traditional class-

room structures despite the fundamentally exploratory character of AI-enabled

work. In unison, some of the project literature emphasizes that early AI

training programs frequently underestimate the time required for exper-

imentation and sensemaking, resulting in awareness without behavioral

change (Holmström & Magnusson, 2025). Similarly, OECD findings indi-

cate that organisations commonly introduce AI tools without allocating

sufficient protected time for employees to adapt them into everyday work-

flows, significantly limiting adoption depth (Lane et al., 2023). The in-

terviews reveal that time scarcity is not experienced as a logistical incon-

venience, but as a structural contradiction: generative AI is framed as a

productivity-enhancing capability, although learning it is constrained by

productivity pressures. This contradiction undermines the very learning

outcomes the training seeks to achieve.

Seen from the Design Science Research (DSR) lens, this theme con-

tributes to problem explication by demonstrating that time allocation is a

core design variable, not a secondary planning concern; it follows that any

method intended to support systematic and sustainable GenAI learning

must align its temporal structure with the experiential demands of AI ca-

pability development. Additionally, we observe a critical temporal contra-

diction: GenAI competence is widely understood by participants as some-

thing that can only be developed through direct interaction with tools, yet

the training format implicitly prioritizes knowledge transmission over skill

formation. From a DSR perspective, this indicates that the problem is not

a lack of content, but a misalignment between pedagogical intent and en-

acted learning structure, a phenomenon also observed in workplace AI learn-

ing research (Bucher et al., 2024).

4.1.2 Theme 2 - Fragile Learning Conditions and the Absence
of Protected Practice

Closely related to temporal misalignment is a theme concerning the fragility

of hands-on practice and the uneven participation dynamics that emerge

during training. Interviewees consistently identified practical exercises as

the most valuable component of the session, while also describing them as

the most vulnerable to disruption. Participants noted that open discussion

formats and unstructured Q&A, while appreciated for fostering psycholog-

ical safety, frequently encroached on practice time. As a result, exercises
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were sometimes rushed, partially completed, or abandoned. This pattern

was described as recurrent rather than incidental, suggesting that prac-

tice lacked explicit structural protection within the session design. Group-

based exercises further exposed participation asymmetries. Several inter-

viewees observed that individuals with greater prior experience or confi-

dence tended to dominate interaction with the AI tools, while others be-

came passive observers. Rather than supporting collaborative learning,

group work sometimes reinforced existing skill disparities.

This dynamic mirrors findings from collaborative learning research, which

shows that without facilitation structures, group-based learning often ben-

efits already confident participants disproportionately (Morrisett et al., 2019).

The issue is present in studies on AI and organizational culture, which ar-

gue that early AI learning environments tend to privilege “early adopters,”

thereby marginalizing less confident users unless deliberate participation

mechanisms are implemented (Przegalinska et al., 2025). OECD research

further presents that unguided experimentation disproportionately bene-

fits skilled users, while beginners require scaffolding to avoid disengage-

ment (Lane et al., 2023). It is observed that practice does not sustain it-

self simply by being scheduled; without explicit governance of interaction,

hands-on learning becomes subordinate to other instructional activities

and reproduces capability inequalities. From a DSR standpoint, this theme

explicates a socio-technical design problem related to interaction gover-

nance and equity of learning opportunities. A sustainable GenAI training

method must therefore include mechanisms that protect practice time and

actively support inclusive participation; DSR artefacts should reliably pro-

duce expected outcomes independently of context and situational condi-

tions (Johannesson & Perjons, 2014). When hands-on practice is predicted

but not structurally guaranteed, the participation may be influenced by in-

formal group dynamics, leading to interaction patterns of low predictabil-

ity and reduced potential for scaling and evaluation (Dresch et al., 2015).

Overall, this theme points towards the need to format this training that sta-

bilizes practice and participation towards outcome repeatability.

4.1.3 Theme 3 - Discontinuity and the “One-Off Training” Prob-
lem

A further theme concerns the discontinuous nature of GenAI learning, par-

ticularly the treatment of training as a single event rather than an ongo-

ing process. While interviewees generally evaluated the training positively,

they consistently emphasized that one session was insufficient for lasting
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competence development. Participants described an initial phase of cu-

riosity and experimentation immediately following the training, followed

by a gradual decline in AI usage as routine work pressures resumed. Several

interviewees explicitly requested follow-up sessions, reinforcement mech-

anisms, or structured opportunities to revisit and deepen their skills af-

ter some time had passed. The absence of such mechanisms was expe-

rienced as a major limitation. This empirical pattern aligns with findings

from large-scale studies of AI adoption, which show that training initiatives

framed as launch events tend to produce short-lived effects unless embed-

ded into continuous learning structures. Research on AI-driven organi-

zational change similarly emphasizes that sustainable adoption requires

iterative reinforcement and visible continuity, rather than isolated inter-

ventions (Holmström & Magnusson, 2025). Also, the interviews indicate

that this discontinuity is not caused by lack of motivation; on the contrary,

participants expressed willingness to continue learning but lacked organi-

zational structures that legitimized and supported sustained engagement.

Learning was experienced as episodic rather than cumulative.

From a DSR perspective, this theme highlights that sustainability in learn-

ing does not primarily depend on the quality of a single training interven-

tion, but on how learning activities are integrated into ongoing organiza-

tional routines. Related literature suggests that artefacts aimed at chang-

ing practice must support repeated use and gradual capability develop-

ment over time to remain effective in real-world settings (Johannesson &

Perjons, 2014). Accordingly, GenAI training must be conceptualized as a

learning trajectory rather than an isolated event in order to achieve sus-

tainable adoption.

4.1.4 Theme 4 - Tool Readiness and Structural Preconditions
for Learning

Another salient theme concerns the misalignment between the tools demon-

strated during training and participants’ actual access to those tools. Sev-

eral interviewees reported frustration when specific GenAI tools, most no-

tably Copilot, were demonstrated without all participants having licenses

or knowing how to access them. Participants emphasized that when they

were unable to replicate demonstrated actions in their own environment,

learning was disrupted. In some cases, this led to disengagement, as parts

of the training were perceived as irrelevant to immediate work conditions.
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Requests for clearer communication regarding tool prerequisites and ac-

cess checks prior to training were recurrent, suggesting that learning effec-

tiveness is tightly coupled to technological readiness. When access condi-

tions are uneven, training experiences fragment, undermining confidence

and perceived usefulness. This finding is consistent with research on task–

technology alignment, which shows that performance gains from digital

tools depend on users’ ability to engage with them in practice (Goodhue

& Thompson, 1995). Beyond individual frustration, this misalignment re-

flects a broader organizational challenge. Studies on AI implementation

emphasize that uneven tool rollout often results in symbolic adoption, where

AI is showcased but not fully usable, thereby weakening trust in both the

technology and the training initiatives that accompany it (Przegalinska et

al., 2025).

When connecting these findings to DSR methodology, the theme re-

veals that learning effectiveness is contingent on the alignment between

training design and the technological conditions under which it is enacted.

DSR emphasizes that artefacts must function within their real use environ-

ment, meaning that uneven tool access undermines both artefact utility

and validity (Gregor & Hevner, 2013). Empirical studies on AI adoption

further show that demonstrations without hands-on accessibility lead to

symbolic rather than practical learning outcomes (Lane et al., 2023). When

technological readiness is assumed rather than designed for, learning be-

comes fragmented and inconsistent. Thus, GenAI training must be treated

as a socio-technical intervention whose effectiveness depends on explicit

alignment between learning activities and tool availability.
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4.1.5 Theme 5 - Contextual Relevance and the Demand for Situ-
ated Learning

Interviewees often requested more Siemens Energy–specific and department-

relevant examples. Generic prompts were perceived as useful for under-

standing basic mechanics, but insufficient for enabling transfer to real work

tasks. Participants expressed a desire to work with examples drawn from

purchasing, logistics, engineering, and other concrete organizational con-

texts. Interestingly, some interviewees even suggested that personal, non-

work examples (e.g. planning an event, organizing a vacation) could serve

as effective low-barrier entry points, especially for beginners. These exam-

ples were valued not for their business relevance, but for reducing anxiety

and enabling experimentation without perceived risk. This theme high-

lights the importance of situated learning, where knowledge becomes mean-

ingful only when anchored in recognizable contexts. Prior research empha-

sizes that GenAI learning is most effective when learners can immediately

map capabilities onto their own tasks (Morrisett et al., 2019; Sikha et al.,

2023). The interviews reinforce this insight empirically, revealing context

not as a motivational add-on, but as a prerequisite for engagement.

The lesson here is that learning becomes meaningful when participants

can situate it within recognizable contexts. Without such anchoring, GenAI

remains abstract, making it harder for participants to envision how it can

support their work. This observation aligns with situated learning research,

which emphasizes that knowledge transfer is most effective when learning

activities are embedded in authentic contexts (Morrisett et al., 2019). Re-

search on AI and work practices further suggests that contextualization is

critical for overcoming skepticism and fostering trust in AI-supported out-

puts (Przegalinska et al., 2025). When examples fail to reflect actual work

conditions, AI tools risk being perceived as generic or superficial, limiting

adoption depth. From the DSR standpoint, this theme explicates the need

for context-sensitive design. A sustainable GenAI training method must

support specialized adaptation across roles and domains, enabling partic-

ipants to directly map AI capabilities onto their own tasks. Theme 5 under-

scores that learning effectiveness depends on the degree to which an arte-

fact is grounded in the users’ task and organizational context. DSR artefacts

are designed to address real-world problems and achieve utility and accep-

tance (Gregor & Hevner, 2013). The findings show that when learning activ-

ities remain generic, participants struggle to transfer GenAI use into every-

day work practices, reducing artefact relevance. This aligns with research

findings that suggest that artefacts without contextual embedding tend to
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produce weak or short-lived impacts in organizational settings (Dresch et

al., 2015). Consequently, this theme reinforces the need for GenAI train-

ing to be context-sensitive in order to meet core DSR criteria of relevance,

utility, and sustained use.

4.1.6 Theme 6 - Ambiguity of Learning Levels and Misalignment
of Participant Readiness

An additional theme that emerged inductively from the interview material

concerns the ambiguity surrounding learning levels and the resulting mis-

alignment between participant readiness and the training design. Across

interviews, participants repeatedly described uncertainty regarding what

constituted a “beginner,” “basic,” or “intermediate” level in the context of

generative AI. This ambiguity was not experienced as a semantic issue, but

as a structural condition that influenced how participants engaged with the

training. Interviewees highlighted that participants entered the same ses-

sion with substantially different prior experiences, ranging from first-time

exposure to frequent, independent use of GenAI tools. While this hetero-

geneity was not inherently framed as problematic, the lack of a shared and

operationalized definition of competence levels resulted in uneven learn-

ing dynamics. Some participants perceived the pace as too fast and re-

liant on assumed knowledge, while others felt that parts of the session did

not sufficiently challenge their existing skills. Notably, participants em-

phasized that accurately assessing one’s own level beforehand was difficult,

given both the novelty of generative AI and the rapid evolution of available

tools. Several interviewees referred to in-session self-assessment activi-

ties—such as positioning oneself on a numerical scale—as helpful for re-

flection, but insufficient for meaningfully shaping the learning experience.

Since these evaluations were conducted mid-training, they did not prevent

mismatches in expectations or allow for differentiated learning trajectories.

As a result, the training cohort remained mixed in a way that constrained

both novices, perceived as needing more guidance, and more advanced

users, who sought deeper or more task-specific applications. In fact, this

theme points to a classification and routing problem within the current

training approach. The challenge lies not in the quality of instruction, but

in the absence of a shared competence framework that could align partici-

pants with appropriate learning paths prior to training. Similar issues have

been identified in workplace AI learning research, where heterogeneous

cohorts without adaptive structuring tend to experience reduced learning
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effectiveness (Sikha et al., 2023). From an analytical perspective, this find-

ing resonates with the concept of Task–Technology Fit, which posits that

performance outcomes depend on the alignment between user capabili-

ties and task demands, rather than on technology availability alone (Good-

hue & Thompson, 1995). When learning levels are poorly specified, par-

ticipants are unable to engage with tasks at appropriate cognitive depth,

weakening the likelihood that training translates into effective AI use. Fur-

thermore, (Bucher et al., 2024) emphasize that generative AI–supported

workplace learning requires adaptive designs that accommodate differing

learner readiness, as static formats tend to privilege certain user groups at

the expense of others. Within the DSR framework, this theme highlights

that artefact effectiveness is constrained when user heterogeneity is insuf-

ficiently accounted for at the design level. DSR stresses that artefacts must

accommodate variations in user capabilities to achieve utility across con-

texts, rather than assuming a homogeneous user group (Gregor & Hevner,

2013). The empirical findings show that ambiguous learning levels lead to

mismatches between participant readiness and training demands, weak-

ening learning outcomes. (Dresch et al., 2015) similarly note that artefacts

that fail to align with user profiles tend to produce inconsistent and uneven

value realization: accordingly, this theme reinforces the need for GenAI

training methods to incorporate explicit competence differentiation to sat-

isfy DSR requirements of relevance and robustness.

4.1.7 Theme 7 - Absence of Governance and Ownership for Con-
tinued GenAI Learning

The last theme concerns the absence of clearly articulated governance and

ownership structures for generative AI learning beyond the initial training

session. While interviewees consistently reported high engagement and

motivation during and immediately after the training, they also expressed

uncertainty regarding who is responsible for sustaining, guiding, and le-

gitimizing continued learning over time. Multiple participants implicitly

raised questions related to post-training responsibilities: who assembles

reusable prompts, who updates examples as tools evolve, who defines rec-

ommended practices, and who determines appropriate or effective AI use

within the organization. Since clear answers were lacking, responsibility

for continued learning was perceived as falling primarily on individuals.

Several interviewees described this individualization of responsibility as

problematic, particularly in a work environment characterized by high op-

erational pressure and competing priorities.
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Such findings should not be mistaken with resistance to AI adoption;

on the contrary, participants described curiosity and willingness to experi-

ment with GenAI tools. However, without visible organizational structures

that support and legitimize continued engagement, this motivation was

described as difficult to maintain. Once routine work demands resumed,

AI experimentation became sporadic and unevenly distributed, depending

largely on individual initiative rather than shared practices. The revelation

is of a governance gap rather than a pedagogical deficiency; training was

provided, but the organization does not clearly specify how GenAI learn-

ing is to be coordinated, maintained, or embedded into everyday work

practices. As a result, learning remains informal and ephemeral, rather

than becoming an organizational capability. Such empirical insights align

with research on AI-enabled organizational change, which emphasizes that

sustained adoption requires explicit managerial support, role clarity, and

structural reinforcement mechanisms (An et al., 2024; Murire, 2024). When

ownership for AI capability development is diffused or implicit, organi-

sations tend to experience short-lived adoption effects, even when initial

training is positively received This theme is particularly significant when

the DSR perspective is concerned. Artefacts intended to change organiza-

tional practices must explicitly account for roles, responsibilities, and own-

ership within the socio-technical system in which they operate; without

such anchoring, even well-designed artefacts are unlikely to achieve sus-

tained use (Johannesson & Perjons, 2014). Thus, this theme contributes to

problem explication by identifying missing governance and ownership as

key inhibitors of sustainable GenAI learning. It establishes the need for ex-

plicit responsibility structures as a core concern that must be addressed at

the method level, rather than left to informal practices or individual moti-

vation.
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4.2 Empirical Findings: Inductive Thematic Analysis
of GenAI Training Practices

4.2.1 Structural constraints – Temporal Misalignment Between
Learning Intent and Learning Experience

The perception of a structural “time gap” is recurrently mentioned by dif-

ferent interviewees. While the training purpose was to enable indepen-

dent and confident use of GenAI tools, the temporal design of the session

(with soft boundaries on format, duration and post-training work reality)

resulted in challenges in learning enactment. Such discrepancy observed

in statements results in two categories: insufficient practice time and work-

load pressure, the former related with time aspects during the session, and

the latter rather experienced in the aftermath.

4.2.1.1 Insufficient practice time

Beyond the automatic lack of depth and quantity in hands-on exercises,

insufficient time for practicing had a negative impact on how participants

perceived the intrinsic credibility and usefulness of the training. Several

interviewees directly associated the learning quality and experience with

the allocated time for active prompt testing, output iteration, and low-risk

setups for mistake management. When such opportunity was curbed or

even absent, the training, while still informative, gained a fragility aspect –

in the sense that it generated awareness, but could not generate capability.

“I think it was good to get an overview of what the tool can do, but when

it came to actually trying it out, we only had a small time to do that. And

I felt that this was the part where you really learn, when you test different

prompts and see how the output changes. It could have been more time

for that, because then you would feel more confident using it afterwards.”

(Interviewee 7)

Practice time limitations did not only hinder skill acquisition but sev-

ered the participants’ confidence in transferring new knowledge onto their

daily tasks, by not allowing them to solidify understanding via practice.

One of the interviewees highlighted that properly learning prompting is

an exercise that requires cognitive efforts and reflection, which is tricky to

achieve when timeframes are limited or not when there is no space for trial-

and-error. This was evidenced in below statement:

““People always say that they want more hands-on training, and I un-

derstand that. But prompting is not something you just do quickly. You
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need time to think about what you are asking, how you phrase it, and what

you want to get out of it. That is difficult to do properly in a short session,

especially when everyone is at a different level.” (Interviewee 2)

4.2.1.2 Workload pressure

Participants often describe workload pressure as a substantial limiting fac-

tor in their ability to consistently and continuously learn and apply gen-

erative AI tools outside of the session, in addition to the mentioned prac-

tice time issues. While the interviewees demonstrated a high degree of cu-

riosity and enthusiasm with the technology itself, it was reported that lin-

gering work demands curtailed the necessary space for consolidation and

on-the-job experimentation. This category captures the lack of synchrony

between learning intentions and operational necessities and affects the ex-

tent to which the training could materialize into sustained practice.

It was commonly mentioned that while attending the training itself was

feasible, applying the knowledge proved more challenging afterwards due

to the weight of more direct responsibilities. The statement below illus-

trates that intentions were overridden by immediate operational demands,

instead of reduced interest or perceived value: “I think many people can

find the time to attend a training session, especially if it’s scheduled. But

the problem is what happens afterwards. People go back to their work,

and then there are deadlines, meetings, other priorities. So even if they

want to follow up and try the tool, they often won’t have the time to do

that.” (Interviewee 1) One of the participants offers insight into the link be-

tween workload pressure and the capability to recognize potential AI use

cases, suggesting that operational duties negatively affect the brain’s space

for discovery or remembrance of new opportunities or techniques for AI

usage. Previously detected or perceived opportunities are forgotten once

the daily work rhythm resumed, showing that work priorities constrain the

translation of learning into action and potential into realization.

“When you come back to your day-to-day business, it’s hard to get the

time to really explore these tools. During the training you see many oppor-

tunities, and you think, ‘this could help me a lot.’ But then you are back in

your normal tasks, and there is just no space to try it out properly.” (Inter-

viewee 8) Altogether, these findings indicate that workload pressure con-

strained learning continuity rather than initial engagement. Participants
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were able to attend training and identify potential applications of genera-

tive AI but failed later due to the absence of protected time within every-

day work to reinforce their capabilities and integrate new practices. Con-

sequently, learning remained isolated, with intentions and consolidations

weakened by the persistent demands of routine work.

4.2.2 Structural constraints – Fragile Practice and Unequal Par-
ticipation Dynamics

In addition to temporal limitations, interviewees noted that the structural

conditions within the training session shaped how practice unfolded and

the participation dynamics. While the session was formally open to all par-

ticipants, underlying disparities in the familiarity with the topic resulted

in uneven engagement and fragile learning outcomes. The findings indi-

cate that practice opportunities were not only limited by time, but also

by how that time was allocated and to which extent the allotments were

respected. Two categories capture this dynamic: practice time lock, re-

ferring to how non-practical elements encroached upon hands-on activ-

ities, and unbalanced group dynamics, describing unequal participation

patterns and readiness levels during tool interaction.

4.2.2.1 Practice time lock

Participants described how time initially intended for hands-on practice

was progressively absorbed by presentation slides, explanations, and ex-

tended question-and-answer segments. Although these elements were not

perceived as irrelevant, their expansion effectively “locked” practice time,

reducing opportunities for direct interaction with the tools. This is to say

that the training practice timeslot was not explicitly cancelled, but indi-

rectly displaced. As a result, the practical component became compressed

and fragile, depending on how much time remained after explanatory el-

ements. Instead of standing solid as a core feature of the session, hands-

on work was inadvertently relegated to a conditional part, reinforcing the

perception that practice was secondary to explanation. One interviewee

reflected on how the session gradually shifted away from practice, noting

that discussion and clarification overtook experimentation: “There were a

lot of slides and quite some discussion, which was interesting, but it also

meant that the time we were supposed to use the tool ourselves became

very limited.” (Interviewee 4) The practice time lock therefore did not stem
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from a lack of intention to include hands-on learning, but from weak struc-

tural protection of that time. As explanatory segments expanded organi-

cally, practice was too often the sacrificed element, limiting participants’

ability to engage actively with the technology and acquire the necessary

tools for later experimentation.

4.2.2.2 Unbalanced group dynamics

In addition to the mentioned issues with time allocation, the interviewees

also described unequal participation dynamics during the limited practice

moments that did occur. The data reveals that participants with higher

confidence or prior familiarity with generative AI tended to dominate in-

teractions, while others remained passive observers.

The evidence suggests that participation was unevenly distributed rather

than collectively shared; therefore, practice opportunities became concen-

trated around a small subset of experienced participants. One intervie-

wee noted the following: “Some people were very quick to jump in and

try things, asking questions and showing what they were doing, while oth-

ers just watched.” (Interviewee 6) Confident users quickly took the lead

during demonstrations and shared their knowledge and experiences; con-

versely, less versed ones were described as remaining largely passive during

the session. It supported the notion of how limited and competitive prac-

tice space discourages active experimentation among less confident par-

ticipants. Rather than lowering entry barriers, the group setting uninten-

tionally amplified differences in prior knowledge. One of the participants

offered a reflection on how this dynamic affected the crowd’s collective per-

ception: “If you are not already familiar with it, it’s easy to just sit back and

observe what others are doing instead of trying yourself.” (Interviewee 2)

When paired, these findings indicate that practice opportunities were

not only fragile in duration, but also uneven in distribution. The combined

power of ineffective practice time lock and unbalanced group dynamics

resulted in learning conditions where a few participants actively engaged,

while others experienced the session primarily as observational – and none

benefited from the full potential of engaged practice. This constrained the

collective learning potential of the training and reinforced unequal capa-

bility development within the group.
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4.3 Structural constraints - Tool Readiness and Struc-
tural Preconditions for Learning

Aside from the temporal and participatory dynamics, some participants

also noted structural preconditions related to the tools themselves that im-

pacted the effectiveness of the training. Several statements indicate that

learning was constrained not by motivation or relevance, but by insuffi-

cient readiness in terms of access, availability, and familiarity with the tools;

these accounts suggest that gaps in tool preparedness undermine the learn-

ing processes before and during the session. There are two main perspec-

tives hereby used as points of analysis for this theme: tool access and avail-

ability (referring to structural barriers related to tool-related licenses and

permissions), and operational onboarding (i.e. the absence of foundational

guidance needed to unlock the full potential benefit of the training).

4.3.1 Tool access and availability

Participants reported uncertainty regarding their ability to access the gen-

erative AI tools discussed during the training, which limited their capacity

to engage live and meaningfully with practice activities. Partially, this un-

certainty was related to missing licenses, but it also stemmed from unclear

access rights or approval processes. As a result, learning was experienced

as abstract or hypothetical rather than immediately actionable. One in-

terviewee explicitly mentioned the absence of access as a blocking factor,

showing how lack of access prevented hands-on engagement and reduced

learning to observation. Deprived of the ability to interact directly with the

tool, some participants were structurally excluded from practicing, regard-

less of their interest or attention: “I didn’t actually have access to the tool

myself. So I could see what it can do, but I couldn’t really try it out properly.”

(Interviewee 5) In other cases, participants described uncertainty around

eligibility and permissions, rather than technical lack of access. Unclear

governance and access structures created hesitation and delayed experi-

mentation. This uncertainty resulted in an engagement halt, where learn-

ing intentions were deferred until structural clarity was achieved; instead of

encouraging exploration, unclear access boundaries introduced caution,

reinforcing a “wait-and-see” approach where users felt restrained in the

beginning, and awaited confirmation from others before engaging with the

tools. “It was not very clear who is allowed to use it and who is not. I wasn’t
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sure if I could just start using it or if I needed some kind of approval.” (In-

terviewee 3)

Together, these findings indicate that tool readiness was uneven among

participants, restricting learning before it could begin meaningfully. In

both cases, the absence of clearly established access conditions prevented

learning from transitioning into practice, highlighting that technical readi-

ness functions as a prerequisite rather than a background or optional con-

dition for effective learning.

4.3.2 Operational onboarding

In addition to access-related issues, several participants highlighted the

absence of basic operational onboarding as a structural limitation that hin-

dered their ability to reap benefits from the training. While the session

aimed to introduce generative AI use cases and applications, it often as-

sumed a baseline level of tool familiarity that was not shared by all partic-

ipants. Consequently, some interviewees experienced difficulty following

the session flow, not stemming from the complexity of the content itself

but due to the lack of foundational operational steps (or inadequate ex-

planation/availability of these). One interviewee expressed the need for

more granular, detailed and continuous guidance at the outset of the ses-

sion (suggesting that the lack of instructions made it harder for participants

to engage confidently with the tool. Without a clear demonstration of ba-

sic interactions, participants were required to orient themselves indepen-

dently while simultaneously following the training content, increasing cog-

nitive load and reducing focus on learning objectives: “At the beginning, I

would have liked someone to just show, click by click, how you actually

use it. Otherwise, it’s easy to get lost.” (Interviewee 2) In other cases, par-

ticipants emphasized the importance of sequencing, suggesting that a ba-

sic walkthrough should precede more advanced discussions or demonstra-

tions. Rather than viewing introductory guidance as redundant, intervie-

wees promoted it to the status of necessary foundation for meaningful par-

ticipation; preparation was deemed a determinant factor for the ability to

follow the session comfortably. When such onboarding was absent, learn-

ing became fragmented, due to the fact that attention shifted between un-

derstanding the interface and grasping the broader applications being pre-

sented: “It would have helped to have a very basic introduction first, just

to understand the interface and the main functions before going into use

cases.” (Interviewee 6) These two separate but interconnected accounts

indicate that both pre-operational and accessibility issues may constrain
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learning by leaving participants unevenly prepared to engage with the tool,

via technical limitations and/or information overload. When foundational

guidance was assumed rather than ensured, some attendees struggled to

stay leveled with the session, limiting their ability to experiment and in-

ternalize new practices. In this sense, operational onboarding emerged as

a structural precondition for learning, shaping not only how participants

engaged with the training, but also how effectively learning could unfold

across the group.

4.4 Learning process limitations – Discontinuity (“One-
Off” Training Problem)

The second theme-type refers to limitations rooted in how learning un-

folded as a process over time. Several accounts point to a fundamental

discontinuity between initial exposure to generative AI tools and the de-

velopment of sustained capability. The training wasn’t designed or embed-

ded within a continuous learning trajectory, and participants often experi-

enced it as a discrete, time-bound event. This standalone framing shaped

how participants interpreted the purpose, scope, and expected outcomes

of the training, and often positioned it as a stationary starting point instead

of the first step in a continuum. Three interrelated categories were identi-

fied as the main characterizers of this dynamic: isolated training frame-

works, limited learning reinforcement, and the absence of staged learning

progression.

4.4.1 Limited knowledge transfer

Training attendees frequently described difficulties in transferring knowl-

edge from the training session into their daily work practices. While the

examples presented during the training were generally perceived as clear

and understandable, they noted that they often remained detached from

the specific tasks, workflows, or decision contexts that characterize their

individual or collective roles. As a result, learning required an additional

translation effort that was not structurally supported. One of the users re-

flected on this gap by explaining that the training demonstrated the po-

tential of the tools, but left the task of contextualization to the individual:

“I understood the examples, but they were quite general. It was still up to

me to figure out how this would actually fit into my own work.” (Intervie-

wee 5) This statement illustrates how learning stopped short of application.
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Rather than being guided through situated scenarios, participants were ex-

pected to extrapolate from generic demonstrations to their own tasks. For

some, this translation process proved demanding, particularly when time

or confidence to experiment independently was limited. Other intervie-

wees explicitly emphasized the importance of aligning learning activities

with role- or department-specific tasks. Interviewee 6 highlighted that rel-

evance increased significantly when examples mirrored actual work situ-

ations: “It would be much easier if the tasks were closer to what we ac-

tually do in our department. Then you immediately see the value.” (In-

terviewee 6) The view here is that contextual alignment would have func-

tioned as a key enabler of learning enactment. When examples resonated

with participants’ existing responsibilities, the usefulness of generative AI

became tangible rather than hypothetical. On the other hand, when ex-

amples remained abstract, participants struggled to identify concrete en-

try points for use, even when they recognized the general usefulness of the

technology. One additional nuance observed was that limited contextual

relevance affected not only whether learning was applied, but also the user

confidence when applying it; the absence of clear mapping between tool

capabilities and job-specific tasks resulted in participants expressing un-

certainty about whether and how AI tools could legitimately support their

work. Ultimately, this resulted in cautious experimentation or delayed en-

gagement, especially among less experienced users. Also, the lack of situ-

ated learning contributed to uneven outcomes across roles: participants

whose tasks happened to resemble the examples presented could more

easily envision applications, while others were left without clear analogues.

In this way, generic training content unintendedly privileged certain roles

over others, through misalignment between examples and work practices.

Summing up, these findings indicate that limited contextualization weak-

ened knowledge transfer, due to learners having different interpretations

based on their work background. Without role or department-specific an-

choring, learning remained accessible in theory, but fragile in practice -

relying on individual initiative to translate awareness into action. As a re-

sult, the training succeeded in expanding understanding of generative AI

in general terms, but was less effective in supporting immediate and con-

fident application across diverse organizational contexts.
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4.5 Learning process limitations – Ambiguity of Learn-
ing Levels and Misalignment of Participant Readi-
ness

Beyond issues of continuity and contextual relevance, interviewees spoke

of tensions related to uneven expectations, prior knowledge levels, and

preparedness among participants. The training was designed as a collec-

tive learning experience, but several accounts reveal that participants en-

tered the session with differing assumptions regarding its purpose, depth,

and intended outcomes. At the same time, heterogeneous experience lev-

els within the group shaped how the session was perceived in terms of

pace and difficulty; such dynamics created a misalignment between learn-

ing design and participant readiness. Hereby three interrelated categories

within this theme will be analysed: learning expectations, cohort hetero-

geneity, and readiness diagnostics.

4.5.1 Learning expectations

Participants described ambiguity surrounding what the training would con-

cretely provide, which influenced their attitude and positioning before and

especially during the session. For some, expectations were loosely formed;

for others, participants entered the session assuming either a basic intro-

duction or a more advanced deep dive. When these expectations were not

clarified beforehand, misalignment emerged between anticipated and ac-

tual content. One of the reflections revealed this uncertainty, observing

that the purpose and level of the session were not entirely clear prior to at-

tendance: “I wasn’t really sure what level it would be at. I didn’t know if it

was supposed to be very basic or something more advanced.” (Interviewee

7) This ambiguity shaped how participants evaluated the session once it

began. Without a clearly communicated scope, attendees calibrated their

expectations individually, which led to differing interpretations of whether

the session was sufficiently challenging or overly introductory. In this sense,

unclear expectations did not merely create confusion; they generated sub-

sequent perceptions of value and adequacy. Another participant described

entering the session with assumptions that later proved mismatched: “I

thought it would go deeper into how we could integrate it into our spe-

cific workflows, but it was more general than I expected.” (Interviewee 9)

Whis such a statement, the interviewee suggests a gap between anticipated
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specificity and delivered generality, that contributed to a perception of par-

tial fulfillment. The issue was not necessarily dissatisfaction with content,

but a mismatch between expected and actual scope. There is evidence that

pre-training clarity regarding objectives and level was insufficiently estab-

lished, shaping divergent interpretations of the same session.

4.5.2 Cohorts are heterogeneous

A recurrent observation across interviews was the presence of mixed prior

experience levels within the same session. Participants described notice-

able differences in familiarity and experience with generative AI tools, rang-

ing from complete novices to individuals already experimenting indepen-

dently. This heterogeneity influenced participation dynamics, pace per-

ception, and perceived learning value. Interviewee 8 highlighted the con-

trast in prior exposure among attendees: “Some people had already been

using these tools quite a lot, while others had barely tried them before. So,

we were not really starting from the same place.” (Interviewee 8) Such dis-

parities made it difficult to calibrate the session at an appropriate level for

all participants simultaneously. Those with prior experience sometimes

perceived parts of the session as repetitive, while less experienced partic-

ipants struggled to keep up when discussions moved quickly. This cre-

ated a certain amount of tension, that is further illustrated in the follow-

ing statement: “At times it felt a bit slow if you already knew the basics, but

I could also see that for others it might have been too fast.” (Interviewee

10) A structural pacing dilemma is hereby revealed: any chosen teaching

speed would risk under-serving one subset of participants. Rather than in-

dicating poor handling of the session or low quality of teaching, these ac-

counts point to inherent challenges in delivering uniform content to het-

erogeneous cohorts. The result was uneven perceived value across partici-

pants, reinforcing differences rather than leveling them.

4.5.3 Readiness diagnostics

Given the variability in prior knowledge and expectations, several inter-

viewees expressed a need for mechanisms that could assess or differen-

tiate readiness before training began. Instead of working on the assump-

tion of homogeneity, participants suggested that pre-training diagnostics

or differentiated tracks could improve alignment between content and par-

ticipant capability. One interviewee proposed a form of pre-session self-

assessment: “Maybe it would help if people could indicate beforehand how
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much experience they have, so the session could be adjusted.” (Intervie-

wee 11) This suggestion reflects a desire for recognition of varied starting

points. By acknowledging differences in readiness upfront, the organiza-

tion could structure sessions in ways that reduce frustration for both ad-

vanced and beginner participants. Similarly, another interviewee articu-

lated interest in differentiated learning pathways: “It could make sense to

have different levels — like a basic track and a more advanced one — in-

stead of everyone being in the same session.” (Interviewee 7) Both reflec-

tions suggest that participants did not necessarily expect uniformity, but

rather intentional differentiation. The absence of readiness diagnostics

meant that training design relied on implicit assumptions about partici-

pant capability, which ended up not reflecting the diversity in experience

levels.

Altogether, the findings under this theme indicate that ambiguity in ex-

pectations, heterogeneous cohorts, and the lack of readiness diagnostics

interacted to produce misalignment between learning design and partici-

pant preparedness. The training functioned as a commonly shared event,

but participants entered and experienced it from different starting points.

Without mechanisms to clarify level, assess readiness, or differentiate pro-

gression, learning outcomes remained uneven and partially contingent on

prior familiarity rather than solely on training quality, structure and deliv-

ery.

4.6 Organizational enablement gaps – Absence of Gov-
ernance and Ownership for Continued GenAI Learn-
ing

While previous themes addressed temporal discontinuities and misalign-

ment of participant readiness, interviewees also described broader organi-

zational conditions that hindered the sustainability of generative AI learn-

ing. Aside from the design of the training sessions themselves, participants

pointed to the absence of clearly defined ownership, coordination, and in-

stitutional infrastructure to support continued development. Learning was

not only perceived as isolated in an episode, but also weakly supported in

formal structures responsible for its progression and maintenance. In this

last section the study addressed the organizational vacuum surrounding

continued GenAI learning, reflected in three interrelated dimensions: the
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lack of a defined learning journey, limited cooperation dynamics, and in-

sufficient institutional support structures.

4.6.1 Learning journey

A recurrent concern among interviewees was the absence of a clearly ar-

ticulated learning path beyond the initial training. Participants described

uncertainty regarding what steps, levels, or milestones were expected after

the session, leaving development trajectories undefined. While the session

introduced generative AI tools and stimulated interest, it did not appear

embedded within a structured developmental framework - and it led to in-

dividual uncertainty regarding how to proceed with the learning. Without

a visible roadmap, participants struggled to situate their learning within a

broader developmental framework; the session had functioned as an iso-

lated moment rather than as part of a staged journey. Also, it created dif-

ficulties for the users in assessing whether their respective learning was

sufficient, ongoing, or even aligned with organizational expectations. In-

terviewee 7 expressed this ambiguity by highlighting the absence of direc-

tions following the training: “After the session, it wasn’t really clear what the

next step was supposed to be. You attend it, but then there’s no real indi-

cation of how to continue.” (Interviewee 7) Another important dimension

was identified here, from the sphere of ownership in governance structure.

When responsibility for updating content, integrating new developments,

or communicating changes remained ambiguous, pre-existing learning in-

frastructure risks becoming static or outdated. Participants noted a lack

of visible stewardship in the AI teachings, which was perceived as poor in-

stitutional accountability for learning continuity and hinted that ongoing

learning may not be strategically coordinated. Without a strong and clearly

defined human guardian, the ownership of the learning journey was per-

ceived as inexistent, and generative AI learning seen as temporary rather

than institutionally embedded. Interviewee 9 questioned who held respon-

sibility for maintaining and updating learning materials:

“I’m not sure who actually owns this. If materials need updating or if

there are new tools, who takes care of that?” (Interviewee 9) Both these

dimensions within the learning journey’s reflection reveal a structural ab-

sence of longitudinal design. Learning was initiated, but not institutionally

scaffolded, and without progression clarity and designated ownership, de-

velopment remained open-ended and dependent on individual initiative

rather than collective direction.
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4.6.2 Cooperation dynamics

When it comes to the structures of cooperation within the training, partici-

pants described generative AI learning as largely individualized and weakly

embedded in team-level dynamics. While some experimentation occurred,

it was often self-directed and informally pursued rather than collectively

structured. This individualization limited opportunities for shared reflec-

tion, distributed problem-solving, and collective capability building; when

deprived of visible team dynamics around AI use, experimentation remained

fragmented and dependent on individual motivation. Interviewee 8 illus-

trated this dynamic by emphasizing the solitary nature of experimentation:

“If I try something with AI, it’s mostly on my own. There’s not really a

team discussion around it.” (Interviewee 8)

It was hereby suggested that AI learning lacked a collaborative dimen-

sion. In the absence of regular team exchanges around usage, challenges,

or successes, experimentation remained fragmented. Without shared dis-

cussion spaces, individual contributions failed to be disseminated, reduc-

ing opportunities for cumulative organizational learning. Furthermore, there

were reports of variability driven mainly by isolated enthusiasm instead of

coordinated strategy; when collectivism was not promoted, learning devel-

oped asymmetrically, supported by informal champions (individuals with

a particular inclination and/or knowledge and experience in the matter)

instead of by institutional design. There is a risk of creating clusters of ad-

vanced users along with stagnating groups, further deepening capability

gaps between departments. Interviewee 10’s statements are a precursor to

the analysis done:

“Some teams seem more active with this than others. It depends a lot

on who’s interested.” (Interviewee 10)

These dynamics indicate that while individual motivation existed, col-

lective reinforcement mechanisms were weak. Without team-level embed-

ding, AI learning remained optional and interest-driven, rather than inte-

grated into shared work practices. Cooperation, in this sense, was inciden-

tal rather than structured – and possibly the organization lost the oppor-

tunity to create a sense of community, not just in learning but in broader

organizational cooperation and problem-solving.
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4.6.3 Institutional support structures

In addition to the aforementioned gaps, interviewees also pointed to the

absence of visible institutional infrastructures capable of supporting sus-

tained learning. Participants described a lack of centralized platforms net-

works that could facilitate knowledge exchange and resource accumula-

tion. When deprived of such structures, learning appeared decentralized

and scattered. Interviewee 11 articulated this fragmentation by referring

to the absence of a visible learning network: “There’s no real place where

you can see what others are doing with AI or share ideas. It feels quite scat-

tered.” (Interviewee 11) This statement hints that experimentation, as well

as any other AI developments or initiatives spearheaded by other employ-

ees, occurred in parallel silos rather than within an interconnected ecosys-

tem. Without institutionalized forums or visible communities of practice,

learning remained isolated, limiting opportunities for peer inspiration and

collective scaling. Interviewee 9 emphasized the absence of shared repos-

itories for prompts and examples: “It would help if there was some kind

of shared repository with prompts or examples, instead of everyone start-

ing from scratch.” (Interviewee 9) The absence of curated repositories im-

plies inefficiencies in knowledge reuse. Without centralized documenta-

tion or shared resources, participants repeatedly reconstructed solutions

independently. This reduces cumulative learning and prevents the organi-

zation from building a collective knowledge base around generative AI us-

age. In sum, these statements and findings reveal that sustained learning

was constrained by a lack of institutional scaffolding. Governance ambi-

guity, fragmented cooperation, and absent infrastructure combined to cre-

ate an environment where generative AI capability development depended

heavily on individual initiative. While interest and experimentation were

present, they were insufficiently supported by visible structures capable of

coordinating, reinforcing, and scaling learning across the organization.
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4.7 Empirical Outcomes of the Interview Analysis

The interview material revealed recurring patterns concerning how em-

ployees experience existing generative Gen AI training initiatives and how

these initiatives support (or hinder) capability development in practice.

Across roles and departments, participants consistently described substan-

tial variation in prior knowledge, experience, and confidence when en-

tering training sessions. Mixed-competence groups were frequently per-

ceived as problematic, as introductory explanations progressed too quickly

for beginners while remaining too elementary for more experienced partic-

ipants. These differences were perceived as limiting learning effectiveness

and reducing engagement, particularly for those lacking foundational ex-

perience with GenAI tools. Such readiness variation is not merely a ped-

agogical inconvenience but reflects a broader capability alignment chal-

lenge frequently observed in digital transformation contexts. Research on

organizational AI adoption emphasizes that workforce readiness is unevenly

distributed and that training initiatives must account for varying levels of

prior competence and digital literacy to avoid exclusion and disengage-

ment (Holmström & Magnusson, 2025). Similarly, large-scale workplace

studies indicate that organisations often overestimate baseline digital skills,

which can result in training formats that inadequately support less expe-

rienced employees (OECD, 2024). The interview findings reflect a struc-

turally recognized issue in organizational capability development, inde-

pendent of the individual experiences of participants. In addition, inter-

viewees emphasized the central importance of hands-on experimentation;

demonstrations were generally perceived as informative, yet insufficient

for meaningful skill acquisition. Learning occurred primarily when they

were able to interact directly with tools, test prompts independently, and

observe the consequences of iterative adjustments. Passive observation
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was effective in producing awareness rather than usable competence, indi-

cating a gap between informational exposure and practical capability de-

velopment. This distinction between awareness and operational compe-

tence is well documented in workplace learning research. Experiential learn-

ing theory posits that adults develop practical capability through active ex-

perimentation and reflective iteration, instead of passive instruction. Em-

pirical research on generative AI–supported training further shows that in-

teractive, practice-centered learning environments enhance learner auton-

omy, motivation, and skill transfer compared to presentation-focused for-

mats (Bucher et al., 2024). The strong preference for experimentation ex-

pressed by interviewees thus aligns with established principles of effec-

tive professional learning design. Another recurring empirical report con-

cerned the lack of structured continuation after introductory training. Sev-

eral participants described training as a discrete event rather than part of

an ongoing learning trajectory. While initial sessions increased awareness

and curiosity, interviewees frequently reported uncertainty about how to

progress further, where to access curated learning resources, and how to

deepen their competence over time. This discontinuity was perceived as

constraining long-term skill development and reducing the organizational

impact of training efforts, and these episodic training structures contrast

with research on organizational AI capability development, which empha-

sizes the need for staged learning pathways and continuous support mech-

anisms to sustain competence growth (Koutsopoulos, 2024). Without struc-

tured progression and reinforcement, learning remains fragmented and

heavily dependent on individual initiative, limiting scalability and organi-

zational learning consolidation. Interviewees additionally pointed to or-

ganizational enablement gaps that extended beyond instructional design.

Participants described unclear ownership of learning materials, limited co-

ordination across teams, and uneven institutional support structures such

as knowledge repositories or support learning materials. Learning contin-

uation often depended on self-driven experimentation rather than organi-

zational scaffolding, resulting in inconsistent uptake across business units.

Accessibility issues—such as language preferences and role-specific appli-

cability—were also raised as factors influencing participation and perceived

relevance. These organizational observations well documented within the

socio-technical perspectives on AI transformation, which stress that ef-

fective technology adoption depends on coordinated governance, institu-

tional ownership, and supportive organizational infrastructures rather than
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isolated tool training (Holmström & Magnusson, 2025). In this view, train-

ing effectiveness is inseparable from the organizational systems that sus-

tain and legitimize learning activities. This set of empirical findings in-

dicates that the effectiveness of current GenAI training practices is con-

strained not by isolated instructional shortcomings, but by misalignments

between learner readiness, practical task integration, and organizational

support structures. These interrelated limitations reveal that workforce

training for generative AI cannot be approached as a stand-alone instruc-

tional intervention but rather be understood as a capability development

challenge embedded within socio-technical and organizational systems.

The observed patterns point toward the need to specify the structural, ped-

agogical, and governance-related conditions that a future GenAI training

method must satisfy in order to support systematic and sustainable capa-

bility development.

4.7.1 Theoretical interpretation of the Empirical Outcomes

The empirical patterns identified above can be better understood when

contextualized within established research on organizational AI transfor-

mation, socio-technical alignment, and workplace learning design. These

theoretical lenses do not merely confirm the findings but provide explana-

tory mechanisms that clarify why the observed tensions arise and why they

are structurally significant. From an organizational transformation per-

spective, AI adoption constitutes a capability-building process rather than

a simple technology deployment. AI-enabled transformation reshapes work-

flows, decision-making structures, and professional roles, requiring organ-

isations to develop new human competencies alongside technological in-

frastructures (Holmström & Magnusson, 2025). This implies that work-

force training is to be treated as a central mechanism for capability forma-

tion. Interview findings indicating uneven readiness, fragmented learn-

ing trajectories, and governance ambiguity thus reflect deeper organiza-

tional dynamics: capability development efforts that are insufficiently co-

ordinated with structural and cultural transformation processes. Training

initiatives that operate as isolated instructional events are therefore un-

likely to produce sustained competence unless embedded within broader

transformation pathways (Noe et al., 2014). The observed heterogeneity in

learner readiness and task applicability can be further interpreted through

task–technology fit theory. Performance gains from digital tools do not

arise automatically from access or exposure, but more often from align-

ment between technological functionalities, user competencies, and task
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requirements (Goodhue & Thompson, 1995). When users lack the skills

to meaningfully integrate tools into their workflows, technology utiliza-

tion alone does not translate into performance improvements. The inter-

view evidence of confusion, disengagement, and limited transfer therefore

suggests a structural misfit between GenAI tool affordances and employ-

ees’ situated work practices. Training that prioritizes generic tool exposure

over contextual task integration risks reinforcing this misalignment, lim-

iting both individual learning outcomes and organizational return on AI

investments (Ramachandran et al., 2024). Insights from workplace learn-

ing research further illuminate why participants emphasized hands-on ex-

perimentation and contextual exercises. Adult learning theory conceptu-

alizes professional competence as emerging through cycles of action, re-

flection, and adaptation, rather than through passive reception of infor-

mation (Kolb, 1984). Experiential engagement enables learners to internal-

ize abstract concepts by testing them in meaningful contexts, transform-

ing declarative knowledge into procedural capability. Empirical studies on

generative AI–supported training environments reinforce this perspective,

demonstrating that interactive, scenario-based learning enhances learner

autonomy, motivation, and transfer of skills to real work situations (Bucher

et al., 2024). The participants’ preference for experimentation can there-

fore be interpreted not as a learning style preference but as an expression of

conditions required for effective capability internalization. Moreover, the

reported discontinuity between introductory training and continued de-

velopment aligns with research on organizational capability maturation.

Sustainable capability development requires staged progression mecha-

nisms, feedback structures, and institutionalized learning pathways that

support reinforcement and skill consolidation over time (Koutsopoulos,

2024). Without such structures, learning remains episodic and dependent

on individual initiative, leading to uneven adoption and fragmented knowl-

edge diffusion across organizational units. The absence of clear learning

pathways thus represents not merely a pedagogical gap but a capability

lifecycle weakness. The organizational enablement gaps described by in-

terviewees find commonplace with socio-technical systems theory, seen

that effective AI integration depends on the coordinated alignment of tech-

nological systems, organizational processes, and human practices (Holm-

ström & Magnusson, 2025). Delivering sustainable training is therefore in-

separable from governance arrangements, ownership structures, and in-

stitutional support mechanisms that legitimize and sustain learning activ-

ities. When such structures are unclear or absent, capability development
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becomes decentralized (e.g. siloed within departments) and inconsistent,

undermining organizational coherence in AI adoption efforts. Training ef-

fectiveness isn’t solely determined by instructional design but contingent

upon organizational conditions such as leadership involvement, governance

clarity, and cross-functional coordination. Without these structures as a

backbone, training remains an isolated intervention, incapable of produc-

ing sustained capability development. (Bock & Von Der Oelsnitz, 2025).

All in all, the theoretical interpretation reveals that the empirical findings

are manifestations of broader socio-technical and capability-development

dynamics. Rather than representing isolated instructional shortcomings,

the observed patterns reflect systemic misalignments between technology

adoption, learning design, and organizational enablement structures. These

dynamics delineate the structural problem space that must inform the for-

mulation of requirements for a GenAI training method that may allow or-

ganizations to consistently evolve and update themselves over time.

Although the empirical findings largely align with previous research on

workplace learning and socio-technical AI adoption, some observations

also nuance existing assumptions. Several participants did not primarily

resist AI because of ideological concerns or fear of replacement, which is

frequently emphasised in AI adoption literature. Instead, resistance often

emerged from operational uncertainty, insufficient onboarding clarity, or

lack of contextual relevance in training delivery. This suggests that resis-

tance may in practice be less technologically driven than structurally pro-

duced through inadequate learning conditions.

The findings also indicate that the effectiveness of AI training cannot

be reduced solely to content quality or technical sophistication. In several

interviews, participants described positive perceptions of AI tools while si-

multaneously reporting low confidence in applying them independently

after training. This reveals a distinction between conceptual understand-

ing and operational readiness that is not always sufficiently differentiated

in existing AI capability literature.

At the same time, alternative interpretations of the findings remain pos-

sible. Some observed frustrations may stem from broader organisational

workload pressures rather than shortcomings of AI training itself. Simi-

larly, differences in participant expectations may have been influenced by

previous digital competence levels, professional seniority, or prior expo-

sure to experimentation-oriented work cultures. The findings should not

be interpreted as universally applicable causal explanations, but rather as

context-sensitive patterns specific to the the studied organisational setting.
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The analysis is also influenced by methodological constraints inherent

to qualitative interview research. Participants retrospectively interpreted

their learning experiences, which may introduce selective recall or post-

hoc rationalisation. Employees with stronger opinions regarding AI train-

ing may have been more inclined to elaborate extensively during inter-

views, potentially amplifying certain perspectives. Nevertheless, the recur-

rence of similar tensions across different participant groups strengthens

the credibility of the identified themes.

Although the empirical findings largely align with previous research on

workplace learning and socio-technical AI adoption, some observations

also nuance existing assumptions. Several participants did not primarily

resist AI because of ideological concerns or fear of replacement, which is

frequently emphasised in AI adoption literature. Instead, resistance often

emerged from operational uncertainty, insufficient onboarding clarity, or

lack of contextual relevance in training delivery. This suggests that resis-

tance may in practice be less technologically driven than structurally pro-

duced through inadequate learning conditions.

The findings also indicate that the effectiveness of AI training cannot

be reduced solely to content quality or technical sophistication. In several

interviews, participants described positive perceptions of AI tools while si-

multaneously reporting low confidence in applying them independently

after training. This reveals a distinction between conceptual understand-

ing and operational readiness that is not always sufficiently differentiated

in existing AI capability literature.

At the same time, alternative interpretations of the findings remain pos-

sible. Some observed frustrations may partly reflect broader organisational

workload pressures rather than shortcomings unique to AI training itself.

Similarly, differences in participant expectations may have been influenced

by previous digital competence levels, professional seniority, or prior expo-

sure to experimentation-oriented work cultures. Consequently, the find-

ings should not be interpreted as universally applicable causal explana-

tions, but rather as context-sensitive patterns emerging within the studied

organisational setting.

The analysis is also influenced by methodological constraints inherent

to qualitative interview research. Participants retrospectively interpreted
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their learning experiences, which may introduce selective recall or post-

hoc rationalisation. In addition, employees with stronger opinions regard-

ing AI may have been more inclined to elaborate extensively during inter-

views, potentially amplifying certain perspectives. Nevertheless, the recur-

rence of similar tensions across different participant groups strengthens

the credibility of the identified themes.

4.7.2 Requirements for Systematic and Sustainable AI Training

In order to scientifically satisfy a future method, the derivation of require-

ments follows a design science logic, where organisational problems are

translated into specifications that a future artefact must satisfy. Require-

ments are not arbitrary features, but rather represent conditions necessary

for enabling capability development within a socio-technical environment

(Johannesson & Perjons, 2014). In this study, requirements are grounded

in both empirical interview data and established research on workplace

learning and AI adoption. A first set of requirements concerns the obser-

vation of capability needs. Empirical findings revealed substantial hetero-

geneity in participants’ prior experience with generative AI tools, which led

to mismatches in learning pace and perceived value. Several participants

explicitly requested mechanisms for assessing their level before training,

suggesting that readiness diagnostics should precede training allocation

(Interviewee 2, November 17, 2025; Interviewee 6, November 26, 2025).

This is in line with workplace learning research, which emphasises that

learning effectiveness depends on aligning instruction with learners’ prior

knowledge and capability levels (Bucher et al., 2024). As such, the method

must include structured readiness assessments (R1) and support differen-

tiated learning tracks (R2), allowing organisations to match training path-

ways to current employee AI competence levels. In addition, participants

reported unclear expectations regarding the scope and level of training ses-

sions, indicating the need to explicitly communicate learning objectives

and expected outcomes prior to participation (R3). Furthermore, the find-

ings show that some employees lacked familiarity with accessing or using

AI tools, suggesting that the method must also ensure that participants

are able to engage with the technology from the outset in a progressive

manner, with clear step-by-step guidance (R4). A second group of require-

ments relates to the design of learning interventions. Interview evidence

consistently emphasised the importance of hands-on engagement, with
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participants reporting insufficient time for experimentation and a prefer-

ence for practical exercises over passive observation. This reflects the prin-

ciples of experiential learning, where knowledge is constructed through

active engagement and reflection (Bucher et al., 2024). Accordingly, the

method must allocate protected time for hands-on practice (R5) and in-

corporate guided live exercises where participants actively perform tasks

(R6). At the same time, interviewees highlighted unequal participation dy-

namics, where more experienced individuals tended to dominate exercises

while others remained passive. To address this, the method must include

structures that ensure equal participation among learners (R7) and pro-

vide low-threshold exercises that gradually build confidence and compe-

tence (R8). In addition, participants emphasised the importance of under-

standing how to interact effectively with generative AI systems, particularly

through prompt construction. Learning was often described as emerging

through experimentation with prompt specificity and variation, which in-

dicates the need for clear instruction in prompting practices (R9); in fact,

this was already to some extent a part of the original AI training at Siemens

Energy, but should be co-employed with other requirements such as R7

and R8 to increase its effectiveness. Moreover, training was perceived as

more valuable when it included realistic and relatable scenarios, rather

than abstract or generic examples, aligning with the Task–Technology Fit

perspective and showing that technologies contribute to performance only

when they are aligned with task requirements (Goodhue & Thompson, 1995).

Therefore, the method must incorporate context-based scenarios (R10) and

role-specific use cases that reflect employees’ actual work tasks (R11). At

the same time, participants expressed the importance of understanding

not only the benefits of AI, but also its limitations and risks, such as in-

correct outputs or overreliance on generated content; they valued not only

examples of success, but also learning from AI mistakes. This suggests that

training must include both opportunity-oriented and risk-oriented perspec-

tives on AI usage (R12). A third category of requirements concerns the de-

livery and reinforcement of capability development over time. Interview

findings indicate that training was often experienced as a one-off event,

with limited follow-up and declining usage of AI tools after the session.

Participants described a lack of continuity and expressed the need for ad-

ditional training opportunities and structured progression (Interviewee 6,

November 26, 2025). This highlights the importance of providing follow-up

training activities (R13), as well as clearly structured learning pathways that

guide employees through progressive stages of capability development (R14).
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In addition, participants requested access to self-directed learning formats,

such as webinars or independent materials, indicating the need for flexible

learning opportunities that extend beyond instructor-led sessions (R15).

Beyond individual learning, the findings point to the importance of or-

ganisational support structures. Participants described learning informally

from colleagues and expressed the need for accessible support mechanisms,

such as knowledgeable individuals who could provide guidance when chal-

lenges arise. This is a strong indicator that the company must make ex-

pert support roles available for trainees (R16), and facilitate peer-based

learning and knowledge exchange (R17). At the same time, requirements

must address environmental qualities such as accessibility and flexibility.

The need for multilingual training (R18) and adaptable learning formats

(R19) reflects the diversity of organisational contexts and user needs. Such

qualities are essential for ensuring that the future method remains usable,

scalable, and effective across different organisational settings (Johannes-

son & Perjons, 2014). The empirical material and literature also highlight

the importance of structural and organisational conditions that will enable

sustained capability development. First, the method must ensure that AI

capability development is treated as a continuous organisational process,

in place of a discrete training intervention. Participants reported a lack of

follow-up and described training as isolated events without clear contin-

uation, indicating the need for sustained capability development mecha-

nisms (R20). This aligns with capability-change research, which empha-

sises that organisational capabilities must be continuously developed and

maintained over time (Koutsopoulos, 2024). The findings reveal that learn-

ing is constrained when employees lack access to the tools being taught.

Participants reported issues related to licenses, permissions, and uncer-

tainty about tool availability, which limited their ability to actively engage

during training. This suggests that the method must ensure tool readi-

ness prior to training (R21), including access rights and operational avail-

ability of AI tools. Even when training was perceived as valuable, partic-

ipants reported difficulties in continuing experimentation after the ses-

sion due to work-related constraints. This indicates that learning trans-

fer relies both on the training itself and on the organisational conditions

that follow it. As a consequence, the method must allocate protected time

for post-training experimentation and consolidation (R22), enabling em-

ployees to apply and reinforce newly acquired skills. This had been ob-

served from research on training transfer, where the opportunity to apply

knowledge figure as a key determinant of learning effectiveness (Holton Iii
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et al., 2000) The interviews also denote a lack of clarity regarding owner-

ship of training materials and learning processes. Participants questioned

who was responsible for maintaining and updating content, particularly

given the rapid evolution of AI tools. This suggests that a method must

define organisational ownership and governance structures for AI learn-

ing (R23). Such governance is essential for ensuring continuity and align-

ment with organisational objectives, as emphasised in capability-change

literature (Koutsopoulos, 2024). Participants also addressed the absence of

shared platforms for accessing examples, prompts, and use cases, which

limited knowledge sharing and required individuals to repeatedly develop

solutions independently. This indicates the need for institutional knowl-

edge infrastructure (R24), including shared repositories and learning net-

works. Existing research on generative AI and workplace learning had al-

ready underlined the importance of such infrastructures for enabling knowl-

edge reuse and collective learning (Bucher et al., 2024). Finally, the find-

ings suggest that introductory training alone is insufficient for developing

deeper and contextually embedded capabilities. Participants expressed a

preference for workshop-based formats that allow for extended interac-

tion, collaboration across functions, and exploration of real organisational

challenges. This supports the inclusion of cross-functional, problem-centred

workshops (R25), which align with research emphasising the importance of

contextual, participative, and collaborative learning environments in or-

ganisational settings (Bucher et al., 2024). These requirements define the

conditions necessary for enabling systematic and sustainable AI capability

development within organisations, and lay the foundation for the devel-

opment of such a future method. They demonstrate that effective training

methods must address not only the design of learning activities, but also

the organisational structures, environmental conditions, and continuous

processes that support learning over time (Johannesson & Perjons, 2014;

Koutsopoulos, 2024).
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Table 4.2: Requirements for sustainable and systematic AI training

ID Requirement Empirical grounding (Interviews) Scientific grounding

R1 The method shall include AI readi-
ness diagnostics prior to training

Participants requested self-
assessment and level-based
placement; heterogeneous co-
horts observed

Adaptive learning depends on prior
knowledge alignment (Bucher et al.,
2024; Fallah et al., 2023)

R2 The method shall define differ-
entiated learning tracks (begin-
ner–advanced)

Mixed experience levels led to mis-
matched pace and value

Personalised learning improves ef-
fectiveness in workplace contexts
(Bucher et al., 2024)

R3 The method shall communicate
training scope, level, and expected
outcomes in advance

Participants reported unclear ex-
pectations before sessions

Adult learning requires clarity of
goals and outcomes (Falletta, 1998;
Holton et al., 2000)

R4 The method shall provide step-by-
step onboarding for users

Requests for “click-by-click” guid-
ance and tool introduction

Learnability and comprehensibility
are key artefact qualities (Johan-
nesson & Perjons, 2014)

R5 The method shall allocate pro-
tected hands-on practice time

Practice time perceived as insuffi-
cient; need for experimentation

Experiential learning is critical for
skill acquisition (Bucher et al., 2024)

R6 The method shall include guided
live exercises

Participants suggested doing tasks
together step-by-step

Interactive learning increases en-
gagement and retention (Holton et
al., 2000)

R7 The method shall ensure equal par-
ticipation during exercises

Confident users dominated;
novices remained passive

Learner-centred environments im-
prove learning outcomes (Bucher et
al., 2024)

R8 The method shall use small, low-
threshold exercises initially

Participants requested simple exer-
cises to build confidence

Gradual complexity supports mo-
tivation and competence (Deci &
Ryan, 2000)

R9 The method shall teach prompt
construction explicitly

Participants learned through exper-
imenting with prompt specificity

Prompt quality determines GenAI
output effectiveness (Sikha et al.,
2023)

R10 The method shall include realistic,
context-based scenarios

Participants preferred relatable ex-
amples

Contextual learning improves
knowledge transfer (Bucher et al.,
2024)

R11 The method shall include role- and
task-specific use cases

Generic examples reduced applica-
bility

Task–Technology Fit drives perfor-
mance (Goodhue & Thompson,
1995)

R12 The method shall address both
benefits and risks of AI

Participants valued seeing failures
and limitations

Responsible AI use requires aware-
ness of risks (An et al., 2024)

R13 The method shall include follow-up
and refresher training

Drop-off after training; request for
continuation

Continuous learning is required
for capability development (Kout-
sopoulos, 2024)

R14 The method shall provide a struc-
tured learning journey

Participants requested overview of
available courses

Learning pathways improve navi-
gation and adoption (Holton et al.,
2000)
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ID Requirement Empirical grounding (Interviews) Scientific grounding

R15 The method shall include self-
paced learning materials

Demand for webinars and self-
study formats

Flexible learning supports adult
learners (Bucher et al., 2024)

R16 The method shall provide access to
AI experts/support roles

Participants suggested key users for
help

Social support enhances learning
transfer (Deci & Ryan, 2000)

R17 The method shall support peer
learning mechanisms

Learning from colleagues observed Social learning improves knowl-
edge diffusion (Bucher et al., 2024)

R18 The method shall support multilin-
gual training delivery

Preference for native-language
learning

Accessibility is a key environmental
requirement (Johannesson & Per-
jons, 2014)

R19 The method shall be customisable
to roles and contexts

Diverse needs across employees
and departments

Customisability is critical in socio-
technical systems (Johannesson &
Perjons, 2014)

R20 The method shall support continu-
ous capability development

One-off training insufficient Capability must be continuously
managed (Koutsopoulos, 2024)

R21 The method shall ensure tool readi-
ness prior to training, including ac-
cess, permissions, and availability
of AI tools

Interviewees reported lack of ac-
cess, unclear permissions, and in-
ability to practice

Effective learning requires realis-
tic tool environments (Goodhue &
Thompson, 1995); authentic envi-
ronments (Bucher et al., 2024)

R22 The method shall allocate pro-
tected post-training time for con-
solidation

Participants reported lack of time
after training to experiment

Transfer depends on opportunity
to apply knowledge (Holton et
al., 2000); workplace integration
(Bucher et al., 2024)

R23 The method shall define organisa-
tional ownership for materials

Interviewees questioned who
maintains and updates materials

Capability change requires gover-
nance (Koutsopoulos et al., 2019);
maintainability (Johannesson &
Perjons, 2014)

R24 The method shall provide institu-
tional knowledge infrastructure

Absence of visible learning net-
works; requested shared prompt li-
braries

Prompt engineering benefits from
shared repositories (Sikha et al.,
2023); learning infrastructures
(Bucher et al., 2024)

R25 The method shall include cross-
functional workshop formats

Workshops more effective for ex-
ploring real organisational prob-
lems

AI transformation requires cross-
functional collaboration (OECD,
2023; Bucher et al., 2024)
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4.8 Goal Model

The main goal (G1) of this model, in unison with the thesis’ study aims, is

to enable systematic and sustainable AI capability development within the

organization. This goal is co-supported by two main leaf goals: providing

differentiated learning tracks (G2) and onboarding users in a step-by-step

manner (G3), which will be analyzed in two separate branches; the former

refers to the need for adaptation within the training strategy, while the lat-

ter relates to the need of structuring and timing the training.

Providing differentiated learning tracks supported separately by four

different goals: testing the employees’ Gen AI readiness and knowledge

level prior to training (G5), designing practice on a gradual increase diffi-

culty basis (G8), distributing participation time evenly among participants

(G7) and the combo to including realistic, context-based training scenar-

ios(G10) / to include role and task-specific use cases (G11). G5 is oper-

ationalized by designing a pre-training capability test assessment (G27),

while G8 is supported by the providence of continuous capability devel-

opment support (G20). Achieving G20 is one of the most complex endeav-

ors, which requires extensive support from goals across branches; it is sup-

ported by making complimentary self-paced learning materials available

(G15), enabling knowledge infrastructures and repositories (G24), provid-

ing peer-learning mechanisms (G17), supply AI expert support roles for

trainees (G16) and include refreshments and follow-ups after the training

(G13). G7, on its end, is supported by two time-locking based goals: alloca-

tion of practice time during the training (G26) and protecting post-training

time for experimentation and consolidation (G22). G22 is supported by

including follow-ups and refreshments after training (G13), which ensures

that the mentioned space-time for “sandbox” experiments; G13, in its turn,

is supported by the existence of the aforementioned G16, as the AI ex-

perts and other support roles could support the trainees in the aftermath of

training, for example by reminding them/their line managers of the com-

mitment to affect time to said experimentation. Last but not least, G2 is

supported in unison with the goals of including realistic, context-based

training scenarios (G10) alongside role and task-specific use cases (G11);

G10 is supported by a mapping of the benefits and risks of AI (G12) and

training customization into roles and contexts (G19); this last one also sup-

ports G11. The combo G10/G11 also supports the facilitation of structured

learning journeys (G14).
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The second branch is spearheaded by G3, and is supported by debrief-

ing trainees on training scope, level and expected outcomes in advance

(G4), explicitly teaching prompt construction (G9), ensuring tool readiness

prior to training (G21) and providing a structured learning journey (G14).

G4 is supported by a combination of a debrief session prior to training

(G28) jointly with providing pre-training one-pager with essential info for

attendees (G29); G14 is supported by the G10/G11 combo, as well as by

the offer of peer-learning mechanisms (G17), which in turn also supports

G20. Additionally, G14 is supported by aforementioned G16 and G17, and

by making multilingual training delivery available to trainees (G18). To

conclude, G14 is supported by the presence of guided training experiences

(G6), which is made possible from G24, but also due to the definition of

organizational ownership for training materials, updates and continuous

learning (G23) and the facilitation of cross-functional, problem-centered

workshops (G25).

The goals identified in the model can be divided into two categories.

The first category (G1–G25) is directly grounded in empirical interview find-

ings and established literature on workplace learning, capability change,

and AI adoption. These goals represent recurring needs and patterns ob-

served across participants and are supported by theoretical frameworks

such as Task–Technology Fit and capability-change theory. The second cat-

egory (G26–G29) consists of goals derived from the analysis and synthesis

of the initial goal set. While not mentioned as standalone requirements

in the empirical material, these goals represent necessary operationaliza-

tion and design refinement that enable the implementation of higher-level

goals. Their inclusion is justified in both empirical observations and theo-

retical principles, particularly in relation to experiential learning, training

transfer, and adaptive learning design.
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Figure 4.1: Goal Model
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Table 4.3: Goals derived from empirical and theoretical analysis

ID Goal Description Derivation (Empirical + Theoretical)

G1 To achieve systematic
and sustainable AI ca-
pability development

Establish continuous
organisational AI
capability

Empirical: one-off training perception
(Int. 2, 6); Theoretical: capability change
requires continuous cycles (Koutsopou-
los et al., 2019)

G2 To provide differenti-
ated learning tracks

Adapt training to het-
erogeneous capability
levels

Empirical: mixed experience levels (Int.
2, 7); Theoretical: adaptive workplace
learning (Bucher et al., 2024)

G3 To onboard users in
a structured, step-by-
step manner

Ensure accessible en-
try into AI usage

Empirical: request for step-by-step guid-
ance (Int. 4, 8); Theoretical: learnability
as artefact quality (Johannesson & Per-
jons, 2014)

G4 To communicate train-
ing scope and expecta-
tions

Align expectations be-
fore training

Empirical: unclear expectations (Int. 2,
5); Theoretical: learning outcomes clar-
ity improves transfer (Holton et al., 2000;
Faletta, 1998)

G5 To assess employees’ AI
readiness prior to train-
ing

Identify capability lev-
els

Empirical: request for pre-assessment
(Int. 6, 7); Theoretical: learner adapta-
tion based on prior knowledge (Bucher et
al., 2024)

G6 To provide guided train-
ing experiences

Enable structured ex-
ercises

Empirical: preference for guided ses-
sions (Int. 3, 8); Theoretical: experiential
learning principles (Bucher et al., 2024)

G7 To ensure equal partici-
pation among trainees

Avoid dominance and
passivity

Empirical: dominant participants (Int. 3,
7); Theoretical: learner-centred environ-
ments improve engagement (Bucher et
al., 2024)

G8 To design progressive
learning structures

Gradual increase in
difficulty

Empirical: simple to complex preference
(Int. 4, 8); Theoretical: competence de-
velopment and motivation (Deci & Ryan,
2000)

G9 To teach prompt con-
struction explicitly

Develop AI interaction
skills

Empirical: prompt experimentation
learning (Int. 3, 6); Theoretical: prompt
quality affects AI outputs (Sikha et al.,
2023)

G10 To include realistic,
context-based scenar-
ios

Improve applicability Empirical: relatable examples preferred
(Int. 2, 9); Theoretical: contextual work-
place learning (Bucher et al., 2024)

G11 To include role- and
task-specific use cases

Align AI with work
tasks

Empirical: generic examples insufficient
(Int. 5, 9); Theoretical: Task–Technology
Fit (Goodhue & Thompson, 1995)
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ID Goal Description Derivation (Empirical + Theoretical)

G12 To map AI benefits and
risks

Support responsible
and knowledgeable
usage

Empirical: value of failures/limitations
(Int. 3, 10); Theoretical: responsible AI
awareness (An et al., 2024)

G13 To provide follow-up
and refresher training

Sustain learning over
time

Empirical: drop-off after training (Int. 6,
11); Theoretical: continuous capability
development (Koutsopoulos, 2024)

G14 To provide structured
learning journeys

Enable progression Empirical: request for course overview
(Int. 2, 7); Theoretical: structured learn-
ing pathways improve adoption (Holton
et al., 2000)

G15 To provide self-paced
learning materials

Enable flexible learn-
ing

Empirical: demand for self-study (Int. 6,
8); Theoretical: adult learning flexibility
(Bucher et al., 2024)

G16 To provide AI expert
support roles

Enable help during
use

Empirical: request for key users (Int.
7, 11); Theoretical: social support en-
hances competence (Deci & Ryan, 2000)

G17 To support peer learn-
ing mechanisms

Enable knowledge
sharing

Empirical: learning from colleagues (Int.
3, 9); Theoretical: social learning in or-
ganisations (Bucher et al., 2024)

G18 To support multilingual
training delivery

Ensure accessibility Empirical: native language preference
(Int. 4, 10); Theoretical: accessibility
as environmental quality (Johannesson
& Perjons, 2014)

G19 To adapt training to
roles and contexts

Enable flexibility Empirical: role differences (Int. 5, 8);
Theoretical: socio-technical adaptability
(Johannesson & Perjons, 2014)

G20 To support continuous
capability development

Embed long-term
learning

Empirical: lack of continuation (Int. 2,
6); Theoretical: capability lifecycle man-
agement (Koutsopoulos, 2024)

G21 To ensure tool readiness
prior to training

Enable actual tool us-
age

Empirical: lack of access (Int. 8); Theo-
retical: Task–Technology Fit (Goodhue &
Thompson, 1995)

G22 To support post-
training experimenta-
tion

Enable learning trans-
fer

Empirical: lack of time (Int. 10, 11);
Theoretical: training transfer conditions
(Holton et al., 2000)

G23 To define organisa-
tional ownership of
learning

Ensure governance Empirical: unclear responsibility (Int. 7,
10); Theoretical: governance in capabil-
ity change (Koutsopoulos, 2024)

G24 To enable institutional
knowledge infrastruc-
ture

Support repositories Empirical: lack of shared resources (Int.
8, 9); Theoretical: organisational learn-
ing systems (Bucher et al., 2024; Sikha et
al., 2023)
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ID Goal Description Derivation (Empirical + Theoretical)

G25 To facilitate cross-
functional AI work-
shops

Enable collaborative
learning

Empirical: preference for workshops
(Int. 9, 10); Theoretical: cross-functional
AI transformation (Holmström & Mag-
nusson, 2025; Bucher et al., 2024)

G26 To allocate structured
practice time during
training

Ensure hands-on en-
gagement

Derived from G5, G7; Empirical: insuffi-
cient practice (Int. 3, 8); Theoretical: ex-
periential learning (Bucher et al., 2024)

G27 To implement pre-
training capability
assessment mecha-
nisms

Operationalise readi-
ness diagnostics

Derived from G5; Empirical: request for
assessment (Int. 6, 7); Theoretical: train-
ing design must account for learner char-
acteristics (Holton et al., 2000)

G28 To conduct pre-training
briefing sessions

Prepare participants
before training

Derived from G4; Empirical: expectation
mismatch (Int. 2, 5); Theoretical: learn-
ing clarity (Holton et al., 2000)

G29 To provide pre-training
informational materials

Support preparation Derived from G4; Empirical: need for
clarity; Theoretical: accessibility and us-
ability (Johannesson & Perjons, 2014)
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5
Discussion

5.1 Interpretation of Findings in Relation to Existing
Research

The purpose of this research work was to explore how organisations can

be supported in training employees on generative AI tools in a systematic

and sustainable manner. While certainly limited by the confinements of its

scope and size, the work was grounded on previous scientific research and

developed on a base of both empirical (company interviews to individu-

als which had been exposed to AI training) and theoretical sources (liter-

ature related with teaching AI in organisations, and organizational learn-

ing in general). The findings suggest that current training practices are

fragmented and structurally misaligned with both employee needs and the

characteristics of generative AI technologies and provide the necessary ba-

sis to extend prior research on workplace learning, digital transformation,

and AI adoption, while also justifying the need for new research approaches.

The tension is palpable in the interview material, where participants val-

ued structure and explanation but repeatedly identified gaps in practice,

progression, and fit.

A dominant pattern emerging from the empirical data (interviews) is

the mismatch between training design and learner readiness. Participants

often reported that training sessions assumed prior knowledge, which was

not the reality for all interviewees. For example, Interviewee 6 described

the training as “a little bit too quick for basic participants,” emphasizing

that beginners struggled to follow the pace and content. This reflects struc-

tural issues in training design, rather than an isolated delivery problem.

From a theoretical perspective, this finding strongly aligns with adaptive

learning theory, which posits that learning effectiveness depends on align-

ing instructional content with learners’ prior knowledge and experience

(Bucher et al., 2024). The empirical results deepen this understanding by

showing that, in generative AI contexts, misalignment does not merely re-

duce efficiency but also sustains exclusionary learning environments that

89



discourage less experienced users from participating and honing their skills.

Closely connected to this issue is the lack of structured differentiation mech-

anisms, such as readiness diagnostics or pre-assessment tools. Intervie-

wees referred to the difficulty of positioning themselves within training pro-

grams on several occasions, with Interviewee 6 additionally suggesting the

need for “some sort of self-assessment so that you will book yourself into

the right course.” This insight reinforces findings from AI training litera-

ture that emphasize the importance of structured, role-specific learning

pathways (Ramachandran et al., 2024). Empirical evidence simultaneously

presents that, in practice, organisations tend to rely on informal or reac-

tive approaches, leading to heterogeneous cohorts and suboptimal learn-

ing outcomes.

A second key finding relates to the insufficient emphasis on hands-on,

experiential learning within current training practices – and it emerged

clearly across multiple participants. For instance, Interviewee 6 explic-

itly emphasized that learning becomes meaningful only when users “ac-

tually open the system. . . put in a chat and then see what happens,” show-

ing the importance of direct interaction with AI tools. Similarly, Intervie-

wee 7 noted that they had expected “more hands-on training,” indicating

a gap between expectations and the practical depth of the training pro-

vided. Furthermore, Interviewee 6 raised concerns regarding the structure

of group exercises, explaining that in larger groups, “the people who knows

the most, they will take over,” which results in less experienced participants

withdrawing from active engagement. These accounts not only suggest

the need for hands-on learning but also advocate for the importance of

individual or small-scale interaction formats to ensure equal participation

and learning opportunities. Such observations indicate that current train-

ing formats rely too heavily on demonstration-based approaches, limiting

opportunities for individual experimentation and iterative learning. From

a theoretical lens, this aligns with research on AI training and upskilling,

which emphasizes that effective capability development requires practice-

oriented and interactive learning environments, where users can iteratively

test and refine their understanding (Ramachandran et al., 2024).

A third important theme concerns the lack of structured learning path-

ways and organizational scaffolding. This issue emerged across several

participants, who described uncertainty regarding training levels, unclear

expectations, and the absence of mechanisms to guide progression beyond

initial sessions. Interviewee 2 emphasized that it was difficult to under-

stand what level the training was targeting and whether it matched their
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own experience, pointing to a lack of clarity in how courses were posi-

tioned. Similarly, Interviewee 4 noted that the training remained at a gen-

eral level without providing a clear continuation path, which limited its

usefulness for developing more advanced or context-specific skills. Other

participants highlighted the absence of a coherent training ecosystem, with

Interviewee 9 stressing the need for a structured overview of available learn-

ing opportunities, including how different courses relate to each other and

in what sequence they should be taken. Likewise, Interviewee 10 referred

to the importance of having both formal training sessions and complemen-

tary materials that allow for continued learning beyond the classroom, sug-

gesting that training should be supported by an accessible and organized

set of resources rather than being confined to isolated events. All these

accounts point to the perception that training is frequently treated as a

one-off intervention rather than as part of a continuous and coordinated

learning system. From a theoretical perspective, this aligns with research

on organizational capability development, which emphasizes that effective

transformation requires structured processes that support ongoing capa-

bility evolution and integration into work practices (Koutsopoulos, 2024).

These statements are also consistent with AI-powered training research

literature, which argues that training systems should be monitored, im-

proved, updated with new data, and integrated into organizational learn-

ing platforms in cooperation with stakeholders, IT teams, and training ad-

ministrators – in other words, they should be living and evolving mecha-

nisms, rather than static in time and content (Ramachandran et al., 2024).

A fourth finding concerns the importance of task relevance and contex-

tualization. Participants repeatedly reported generic AI examples as less ef-

fective when compared to exercises connected to recognizable work or life

situations. Interviewee 6 suggested beginning with familiar low-threshold

scenarios, such as planning an event, because such examples allow par-

ticipants to understand how context changes the quality of AI output be-

fore transferring the same logic to business meetings, workshops, or daily

tasks. This has been observed in the context of Task-Technology Fit the-

ory, where technology contributes to performance when its capabilities fit

the tasks users need to perform (Goodhue & Thompson, 1995). It is also

supported by research on collaborative AI, which frames generative AI’s or-

ganizational value as dependent on the alignment between AI resources,

employee capabilities, and task characteristics, rather than on tool avail-

ability alone (Przegalinska et al., 2025). Therefore, the findings suggest that

role- and task-specific use cases are not optional enrichment activities but
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instead are necessary for employees to understand how generative AI can

become meaningful within situated work practices.

Another valuable finding is that of the need to combine tailored train-

ing with organizational support. AI-powered training literature argues that

adaptive systems can tailor instruction to employee needs and improve en-

gagement, motivation, and retention, but it also stresses the need to assess

abilities, responsibilities, learning styles, and performance before building

such training programs. The interviews support this but also add an orga-

nizational nuance: employees did not only request personalized content;

they further requested clear placement, accessible resources, follow-up op-

tions, and guidance on which learning format to choose. This means that

personalization should not be narrowly perceived as algorithmic adapta-

tion of content. In an organizational AI training context, personalization

also requires governance structures that connect diagnostics, course se-

quencing, learning materials, and support roles (Bucher et al., 2024).

AI training must be interpreted as part of organizational AI transfor-

mation rather than as a narrow software-training activity. Research on AI

transformation emphasizes that adoption reshapes workflows, decision-

making structures, professional roles, and collaboration patterns, meaning

that in order for it to fully flourish, organisations must align technology,

people, and processes over time (Bock & Von Der Oelsnitz, 2025). Lead-

ership research similarly frames AI implementation as socio-technical, re-

quiring communication, collaboration, cross-functional work, and effec-

tive coordination between humans and machines (Ramachandran et al.,

2024). The interview material mirrors this broader transformation logic:

participants requested not only better explanations of AI tools, but also

structured levels, follow-up learning, local-language accessibility, firsthand

workshops, and self-study resources. These demands indicate that sus-

tainable AI training requires an organizational learning architecture, not

merely isolated training sessions. A scientifically grounded future training

method should integrate five dimensions from existing approaches: readi-

ness diagnosis, differentiated learning pathways, experiential practice, task

contextualization, and organizational scaffolding. The empirical evidence

shows why these dimensions matter in practice, while the literature ex-

plains why they are theoretically necessary for learning, adoption, and ca-

pability development. This combination provides the basis for require-

ments that are not only practical recommendations, but design-relevant

knowledge for a future method of AI training in future organisations.
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5.2 Comparison with Existing Training Approaches

The requirements elicited from this research gain analytical significance

when examined in relation to existing approaches to organizational train-

ing in artificial intelligence and digital technologies. Prior literature demon-

strates that organisations have experimented with multiple training for-

mats, including instructor-led learning, e-learning, AI-assisted personal-

ization, and conversational agent–based training. While each approach

addresses specific aspects of the training challenge, they remain limited in

their ability to provide a comprehensive evolving solution for generative AI

capability development. Traditional instructor-led training has been con-

sistently effective for delivering foundational knowledge and enabling real-

time clarification of concepts; however, such approaches are frequently

constrained by scalability, resource intensity, and the difficulty of accom-

modating heterogeneous learner groups. Research highlights that instructor-

led formats often require significant personnel involvement and are limited

in their ability to provide individualized progression paths, particularly in

large organisations (Bucher et al., 2024). Empirical observations reinforce

these limitations, as participants reported that uniform training sessions

failed to accommodate varying levels of prior knowledge, resulting in both

cognitive overload for beginners and insufficient challenge for more ad-

vanced users. This indicates that the core limitation is not the presence

of instructors per se, but the absence of differentiation mechanisms. The

identified requirements address this gap by introducing structured readi-

ness diagnostics and differentiated learning pathways, thereby extending

instructor-led approaches into a more adaptive and scalable form. In con-

trast, e-learning and self-directed training approaches emphasize flexibil-

ity and accessibility, allowing employees to learn at their own pace and

according to their own schedules. However, literature consistently points

to the limitations of such approaches in complex learning domains. E-

learning environments often lack interactivity, adaptive feedback, and op-

portunities for meaningful practice, which are critical for skill acquisition

in dynamic technological contexts. Empirical evidence confirms that ac-

cess to learning materials alone is insufficient; employees require struc-

tured guidance, contextual framing, and opportunities for experimenta-

tion (Bucher et al., 2024; Ramachandran et al., 2024). The requirements

identified in this research extend beyond the flexibility offered by e-learning

by incorporating guided progression, structured practice environments, and

organizational scaffolding, thereby addressing the core weaknesses of purely
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self-directed approaches. A third category of approaches focuses on AI-

powered and personalized training systems, which aim to tailor learning

experiences to individual users. Previous research emphasizes the poten-

tial of such systems to adapt content, provide feedback, and improve en-

gagement through personalization mechanisms (Ramachandran et al., 2024).

While these approaches represent an important advancement, they are of-

ten designed on a high level, with limited attention to the organizational

conditions required for their effective implementation. In practice, per-

sonalization requires not only technological capability but also structured

processes for assessing user readiness, defining learning pathways, and

integrating training into broader organizational workflows (Bucher et al.,

2024; Holmström & Magnusson, 2025). The requirements identified in this

research contribute by operationalizing these needs, specifying the organi-

zational and pedagogical conditions necessary for personalization to func-

tion effectively in real-world settings. More recent developments, such as

generative AI–based pedagogical conversational agents, attempt to com-

bine adaptability, interactivity, and scalability within a single training mech-

anism. These systems have shown useful in supporting learner-centric

experiences, enabling iterative interaction and experiential learning while

maintaining scalability across large user bases. However, research also high-

lights their limitations, particularly in relation to contextual awareness, emo-

tional intelligence, and integration within organizational structures (Bucher

et al., 2024). While such agents can enhance the delivery of training, they

do not, on their own, resolve issues related to learning pathways, gover-

nance, or long-term capability development. The requirements identified

in this research address these broader dimensions, providing a framework

that can support not only AI-driven training tools but also hybrid and human-

centered approaches. A further limitation of existing training approaches

lies in their tendency to adopt generic, one-size-fits-all formats, rather than

aligning training content with specific work tasks and organizational con-

texts. Prior research has emphasized that the effectiveness of technolog-

ical interventions depends on their alignment with task requirements, as

articulated in Task-Technology Fit theory (Goodhue & Thompson, 1995).

In the context of AI training, this implies that learning must be intricately

linked to the practical applications of AI within employees’ daily work. Em-

pirical findings support this perspective, as participants expressed a clear

preference for task-relevant exercises and contextualized examples. The

identified requirements address this gap by emphasizing role-specific and
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contextually grounded training, thereby enhancing the relevance and ap-

plicability of learning outcomes. Research into previous attempts in train-

ing reveals a fragmented landscape of approaches, where each method ad-

dresses specific dimensions of the problem but fails to provide a compre-

hensive solution. Instructor-led training offers guidance but lacks scalabil-

ity and differentiation. E-learning provides flexibility but lacks structure

and engagement, whereas AI-powered personalization introduces adap-

tivity but often lacks organizational grounding. Conversational agents en-

hance interactivity, but do not address systemic integration. The absence

of an approach that integrates these dimensions highlights the need for a

more holistic framework. The requirements identified in this research pro-

vide such a foundation by synthesizing insights across these approaches

into a coherent set of design conditions. Their novelty does not lie in intro-

ducing entirely new concepts, but in integrating existing principles into a

unified and structured framework that addresses the problem at a systemic

level. The requirements hereby produced shall be the base for training that

is not an isolated instructional activity, but an organizational capability-

building process. From a Design Science Research perspective, this con-

tribution can be characterized as prescriptive design knowledge at the re-

quirement level, which informs the development of future artefacts (Jo-

hannesson & Perjons, 2014). The identified requirements define the es-

sential properties that a method for AI training must possess in order to

be effective, scalable, and sustainable. These properties include the abil-

ity to diagnose learner readiness, support differentiated progression, en-

able experiential learning, integrate training within organizational struc-

tures, among others. The scientific contribution lies in the articulation of

a design-relevant problem–solution space, where empirical observations

and theoretical insights translate into actionable requirements. This con-

tribution is particularly significant in the context of generative AI, where

the rapid evolution of technology, combined with heterogeneous user ca-

pabilities, creates a dynamic and complex learning environment that will

be subject to constant rearrangements and developments, requiring itera-

tive and systemic approaches to solving its problems. By defining the con-

ditions under which training can be consistently organized and sustained,

the requirements establish a foundation for the development of a new gen-

eration of training methods that are better aligned with the realities of AI-

enabled work.
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It is important to acknowledge that not all organisational contexts nec-

essarily require highly structured or formalised AI training models. En-

vironments with high technological maturity and strong experimentation

cultures may observe faster adoption via informal peer learning and self-

directed exploration instead of centrally coordinated training initiatives.

Excessive formalisation could slow innovation or reduce employee auton-

omy in environments where digital confidence is already high.

In any case, the empirical findings of this study suggest that such as-

sumptions become less sustainable in heterogeneous organisational envi-

ronments where employees possess significantly different readiness levels,

confidence, and prior AI exposure. For organisations with these conditions,

reliance on informal diffusion mechanisms alone may unintentionally re-

inforce unequal learning opportunities and deepen the capability gaps be-

tween departments and individuals. The findings therefore do not imply

that all AI learning should be centrally standardised, but rather that organ-

isations require sufficient scaffolding structures to support capability de-

velopment across varying competence levels.

5.3 Theoretical contribution

The contribution of this study lies in the identification, structuring, and

justification of requirements for a method whose purpose is to train em-

ployees in generative AI tools in a systematic and sustainable manner. Cru-

cially, this research does not claim the development of a complete method

artefact. Instead, it contributes at an earlier and equally important stage of

the design process, namely the definition of prescriptive design knowledge

in the form of requirements, which can guide future artefact development.

Within the DSR paradigm, artefacts are not limited to fully implemented

solutions but also include design knowledge that informs how such solu-

tions should be constructed, including requirements, principles, and mod-

els (Johannesson & Perjons, 2014)

This study aligns with that perspective by producing a requirement-

level contribution, grounded in both empirical and theoretical evidence.

Such contributions are particularly relevant in complex and evolving do-

mains, where premature formalization into a fully instantiated method may

overlook contextual nuances and practical constraints. The empirical ground-

ing of the contribution is rooted in the analysis of interview data, which re-

vealed recurring structural deficiencies in current AI training practices. A
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prominent issue identified was the absence of mechanisms to accommo-

date heterogeneous learner profiles. Interviewee 6 highlighted that train-

ing sessions were “too quick for basic participants,” while simultaneously

being insufficiently engaging for more experienced users. This indicates a

systemic failure to differentiate learning pathways, leading to inefficiencies

and reduced perceived value across the workforce. Similarly, multiple in-

terviewees emphasized the importance of firsthand interaction, with Inter-

viewee 6 noting that effective learning requires users to “actually open the

system. . . and see what happens,” and Interviewee 7 expressing dissatis-

faction with the limited opportunity for practical experimentation. These

insights directly informed requirements related to readiness diagnostics,

differentiated training tracks, and structured practice environments. Be-

yond individual training sessions, the empirical findings also pointed to

broader organizational challenges, particularly the lack of a coherent train-

ing ecosystem. Interviewees described uncertainty regarding course levels,

unclear expectations, and the absence of a structured learning landscape.

For example, the suggestion of implementing pre-training self-assessments

reflects a need for mechanisms that may guide employees through their in-

dividual learning pathways. This highlights that the problem is not limited

to instructional design, but extends to organizational governance of train-

ing, reinforcing the need for requirements that address both pedagogical

and structural dimensions. The scientific grounding of the contribution

draws on multiple theoretical perspectives that help explain and contex-

tualize these empirical findings. The requirement for differentiated learn-

ing paths is supported by adaptive learning theory, which emphasizes the

alignment of instructional content with learners’ prior knowledge and ca-

pabilities (Bucher et al., 2024). The emphasis on task-relevant and contex-

tualized training aligns with Task-Technology Fit theory, which posits that

performance improvements occur when technological use aligns closely

with task requirements (Goodhue & Thompson, 1995). Furthermore, the

importance of hands-on experimentation and iterative interaction reflects

principles of experiential learning, which highlight the role of active en-

gagement in knowledge acquisition. By integrating these theoretical per-

spectives with empirical insights, the study produces a coherent and trace-

able set of requirements that address both observed challenges and estab-

lished learning principles. This integration is particularly important in the

context of generative AI, where traditional training approaches are often
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insufficient due to the interactive and evolving nature of AI technology. Un-

like conventional IT systems, generative AI requires users to develop com-

petencies such as prompt formulation, iterative refinement, and critical

evaluation of outputs. These competencies can’t be sustainably developed

through passive instruction alone, necessitating a rethinking of training de-

sign at a fundamental level. In this sense, the study contributes to DSR by

extending existing knowledge on organizational learning into the domain

of generative AI. While prior research has emphasized the importance of

structured and continuous training programs (Ramachandran et al., 2024),

it has often lacked specificity regarding how such programs should be de-

signed in practice. This study addresses that gap by articulating concrete

requirements that reflect both the technical characteristics of AI systems

and the human factors involved in their adoption. Another important as-

pect of the contribution is its systemic perspective. Rather than focusing

solely on individual training sessions or instructional techniques, the re-

quirements identified in this study address the broader organizational con-

text in which training occurs. This includes considerations such as gover-

nance structures, learning pathways, and the integration of training into

ongoing organizational processes. Such a perspective is consistent with

socio-technical views of organisations, where technology, processes, and

human factors are interdependent and must be addressed holistically. By

incorporating these dimensions, the study moves beyond narrow pedagog-

ical solutions and contributes to a more comprehensive understanding of

AI training as an organizational capability. Furthermore, the contribution

can be characterized as actionable and prescriptive, providing clear guid-

ance for both researchers and practitioners. For researchers, the identified

requirements serve as a foundation for the development and evaluation of

method artefacts in future DSR cycles. For practitioners, they offer a struc-

tured framework for diagnosing and improving existing training practices.

This dual relevance enhances the practical impact of the research while

maintaining its scientific rigor. All in all, the contribution reflects the it-

erative nature of DSR, where knowledge is progressively refined through

cycles of problem identification, design, and evaluation. By focusing on

requirement definition, this study represents an initial but critical step in

this process. It establishes a validated problem-solution space that can

guide subsequent research efforts, including the design, implementation,

and testing of a method artefact. In doing so, it contributes not only spe-

cific requirements but also a structured approach to understanding and
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addressing the challenges of AI training in organisations. This paper ad-

vances Design Science Research by providing a deeply grounded, context-

specific, and theoretically informed set of requirements for systematic and

sustainable AI training. This contribution addresses a clear gap in both re-

search and practice, offering a foundation upon which future artefacts can

be developed and evaluated.

The originality of this study does not stem from entirely new learn-

ing technologies, but from reframing organisational AI training as a socio-

technical capability development problem that isn’t purely instructional or

technological issue. Legacy research frequently addresses AI literacy, dig-

ital upskilling, or AI-supported learning separately, but fewer studies in-

tegrate organisational governance, differentiated readiness structures, ex-

periential learning, and task contextualisation into a unified requirement-

oriented perspective.

The thesis also contributes methodologically by operationalising DSR

at the requirement elicitation stage within the context of organisational

GenAI capability development. In contrast to many contemporary AI adop-

tion studies that primarily describe implementation outcomes or employee

perceptions, this thesis translates empirical tensions into prescriptive or-

ganisational requirements intended to guide future artefact development.

The contribution therefore extends beyond descriptive workplace learning

analysis onto design-oriented knowledge generation.

As for state-of-the-art research, the findings both align with and extend

contemporary socio-technical perspectives on AI transformation. Exist-

ing studies emphasise that AI integration requires organisational adapta-

tion, continuous learning, and human-centred implementation processes

(Przegalinska et al., 2025; Holmström & Magnusson, 2025). The present

study, on the other hand, adds granularity regarding how these conditions

materialise operationally within training environments; the importance of

readiness diagnostics, protected practice conditions, learning continuity,

and governance ownership as interdependent rather than isolated dimen-

sions is demonstrated.

This does not imply that learnings should be automatically transferable

to new contexts. The empirical material originates primarily from large

organisational contexts operating within a Swedish and European setting

characterised by relatively high digital maturity. Other organisations with

substantially different institutional conditions, technological infrastructures,

99



or organisational cultures may experience partially different capability de-

velopment challenges. However, because the identified requirements op-

erate at a socio-technical and organisational level of abstraction rather than

at the level of specific AI tools, several findings may remain analytically

transferable across contexts facing similar digital transformation challenges.

5.4 Societal and Ethical implications

The findings of this study have broader societal and ethical implications

that extend beyond the immediate organizational context, particularly when

considering the increasing centrality of AI in shaping work practices and

access to digital capabilities. A first critical implication concerns the risk

of capability inequality. The empirical findings highlight substantial vari-

ation in prior knowledge, learning opportunities, and access to training.

From a socio-technical perspective, such variation does not merely reflect

individual differences but can translate into structural inequalities in how

employees are able to participate in AI-enabled work practices. Research

on workplace learning emphasizes that competence development is con-

tingent on access to appropriate learning structures and resources; without

these, technological adoption may amplify existing disparities rather than

reduce them (Bucher et al., 2024). In this sense, AI training becomes not

only a productivity mechanism but also a means of inclusion or exclusion.

Organisations that fail to provide accessible training incur the risk creating

internal “digital divides,” where certain groups accumulate AI-related ca-

pabilities while others remain marginalized from emerging forms of work.

A second implication relates to employee autonomy and perceived con-

trol in AI-mediated work environments. The introduction of AI systems

is frequently associated with concerns regarding job displacement, loss of

decision-making authority, and reduced professional agency. The findings

suggest that training plays a mediating role in this dynamic. When em-

ployees are provided with the skills to understand and meaningfully inter-

act with AI systems, they are more likely to perceive these technologies as

supportive rather than threatening. This aligns with research indicating

that digital technologies enhance performance only when users can effec-

tively integrate them into their tasks and workflows (Goodhue & Thomp-

son, 1995). Conversely, insufficient or poorly structured training may re-

inforce feelings of uncertainty and dependency, thereby undermining au-

tonomy and increasing resistance. The ethical impact of AI is not inherent
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to the technology itself but emerges through the way it is introduced, ex-

plained, and practiced within organisations. A third dimension concerns

the responsible and reflective use of AI systems. Beyond technical profi-

ciency, employees must be able to critically assess AI outputs and under-

stand their limitations, including issues related to bias, opacity, and ac-

countability. The literature on AI-enabled organizational transformation

emphasizes that AI systems operate within socio-technical environments

where human judgment remains essential for interpreting and validating

outputs. Without such critical awareness, there is a risk that employees ei-

ther over-rely on AI-generated results or fail to recognize embedded biases,

leading to ethically problematic decisions. Training programs that focus

solely on tool usage without addressing these broader implications may

therefore contribute to unintended negative consequences at both organi-

zational and societal levels. Particularly in the case of this thesis, require-

ment R12 (“The method shall address both benefits and risks of AI”) in-

troduces this thematic to employees by showing them the consequences

of not controlling AI outputs, while requirement R9 (“The method shall

teach prompt construction explicitly”) is aimed at helping them improve

output quality defaults by means of higher quality inputting. From a de-

sign science perspective, these societal and ethical considerations are not

accessory, but rather constitutive elements of artefact design and evalua-

tion. Design science research conceptualizes artefacts as embedded within

practices, where their value depends on how they address real-world prob-

lems in context. Consequently, a method for AI training cannot be evalu-

ated solely in terms of learning effectiveness or efficiency; it must also be

assessed in terms of its ability to promote equitable access, support user

autonomy, and enable responsible AI use. This implies that ethical criteria

should be integrated into the requirements of the training method itself,

rather than treated as external constraints. These implications suggest that

systematic and sustainable AI training is not only a matter of organizational

performance but also of fairness, empowerment, and responsible techno-

logical integration. Designing training approaches that address these di-

mensions is therefore essential for ensuring that the benefits of generative

AI are distributed broadly and that its risks are actively mitigated.
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5.5 Limitations

While the findings of this study provide valuable insights, several limita-

tions must be acknowledged in order to properly contextualize the results

and avoid overstating their applicability. First, the study is based on a sin-

gle organizational context, which inherently limits the generalizability of

the findings. The organization in question operates within a specific indus-

trial and cultural setting, which may influence both the nature of the chal-

lenges identified and the perceived effectiveness of training approaches.

For example, the presence of English-language training in a predominantly

Swedish-speaking context was identified by Interviewee 6 as a barrier for

some participants, suggesting that linguistic and cultural factors play a role

in shaping training experiences. Such factors may differ significantly in

other organizational or geographical contexts, limiting the direct transfer-

ability of the findings. Second, the research relies on a relatively small num-

ber of qualitative interviews, which, while providing rich and detailed in-

sights, may not capture the full diversity of perspectives within the orga-

nization. Although efforts were made to include participants with varying

levels of experience, the sample remains limited in size and scope. This

raises the possibility that certain viewpoints or challenges may be under-

represented. At the same time, the consistency of themes across interviews

suggests that the identified patterns are not isolated but reflect broader

structural issues. Third, the study focuses on perceptions of training rather

than direct measurement of learning outcomes or performance improve-

ments. While interviewees provided detailed accounts of their experiences,

the research does not include quantitative data on skill acquisition, pro-

ductivity gains, or long-term adoption rates. As a result, the findings should

be interpreted as indicative of perceived effectiveness rather than objec-

tively measured impact. Fourth, the study deliberately limits its scope to

the definition of requirements rather than the implementation and evalu-

ation of a method. While this aligns with the research goal and design sci-

ence approach, it means that the practical feasibility and effectiveness of

the identified requirements remain untested. The transition from require-

ment definition to method implementation may reveal additional chal-

lenges or constraints that are not captured in the present study. Overall,

the study is conducted within the context of rapidly evolving generative AI

technologies, which introduces an inherent temporal limitation. The ca-

pabilities, interfaces, and use cases of these technologies are continuously

changing, which may affect the relevance of specific training needs over
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time. While the identified requirements aim to address structural and en-

during aspects of training design, their operationalization may need to be

continuously adapted to keep pace with technological developments.

5.6 Future Research Directions

Building on the identified limitations and findings, several avenues for fu-

ture research emerge that are closely aligned with the research topic of this

thesis. A primary direction could be the development and evaluation of a

method based on the identified requirements. The present study provides

a structured foundation, but the next step in the design science process

would involve translating these requirements into a concrete method arte-

fact, followed by iterative testing and refinement in real organizational set-

tings. Such research would not only validate the practical applicability of

the requirements but also provide insights into how they interact in prac-

tice, potentially leading to further refinement. Another important direc-

tion involves expanding the empirical scope across multiple organisations

and contexts. Comparative studies could examine how the identified re-

quirements apply in different industries, organizational sizes, and cultural

environments. This would help determine the extent to which the find-

ings are context-specific or generalizable, and could lead to the identifi-

cation of additional requirements or contextual adaptations. Longitudinal

research represents a further critical avenue, particularly in relation to the

sustainability of AI training initiatives. Given that generative AI technolo-

gies evolve rapidly, it is essential to understand how training approaches

can remain relevant over time. Future studies could investigate how con-

tinuous learning mechanisms, such as ongoing practice, feedback loops,

and learning communities, influence long-term adoption and capability

development. Furthermore, future research could explore the integration

of adaptive and AI-driven learning systems within organizational training

frameworks. While the present study highlights the importance of per-

sonalization and differentiation, technological solutions such as adaptive

learning platforms or conversational agents could provide scalable ways to

operationalize these principles. However, their effectiveness would need

to be evaluated in relation to the requirements identified in this study. Last

but not least, there is a need for further research on the role of leadership

and governance in AI training. As highlighted in the literature, effective

AI adoption requires not only technical skills, but also managerial compe-

tencies related to communication, coordination, and strategic alignment
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(Bock & Von Der Oelsnitz, 2025). Future studies could examine how lead-

ership practices influence the design, implementation, and success of AI

training initiatives, thereby extending the scope of the current research.

5.7 AI Usage

Generative AI tools were used in a supportive capacity during the develop-

ment of this thesis. Specifically, the paid version of ChatGPT was utilised

as an auxiliary tool for literature exploration, structuring, and conceptual

clarification, but not as a direct content generator for the final manuscript.

One of AI’s main functions in this paper’s development was that of support

literature engagement, including summarising academic articles, identify-

ing relationships between concepts, and suggesting additional peer-reviewed

sources. All suggested literature was independently verified by the author,

and only sources with valid academic credentials (e.g., DOI or ISBN) were

included in the thesis. The tool was employed to assist in structuring and

idea development, particularly when organising sections, refining argu-

ment flow, or overcoming writer’s block. The outputs generated in these

cases served as preliminary drafts or outlines, which were critically evalu-

ated and reformulated by the author. Additionally, AI was used for analyt-

ical support, such as highlighting potential connections between empiri-

cal findings and theoretical frameworks; nevertheless, all interpretations,

coding decisions, and analytical conclusions—particularly in the thematic

analysis—were conducted independently by the author. To ensure trans-

parency and quality control, prompts were designed to request traceability

(e.g., references, passages, and rationale behind suggestions), and outputs

were critically assessed before being incorporated into the research pro-

cess. The responsibility for all final content, interpretations, and conclu-

sions remains solely with the author.
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5.8 Concluding remarks

This study set out to address an increasingly relevant problem: the absence

of systematic and sustainable approaches to training employees in gener-

ative AI tools. The findings indicate that current organizational training

practices remain fragmented, insufficiently differentiated, and only weakly

aligned with the realities of both the technology and the workforce. Rather

than constituting coherent capability-building mechanisms, many existing

initiatives operate as isolated interventions, limiting their long-term effec-

tiveness and organizational impact. By combining empirical insights with

established theoretical perspectives, the study contributes by articulating a

structured set of design requirements for AI training in organizational con-

texts.

These requirements emphasize three interdependent dimensions: the

alignment with learner readiness and prior knowledge, the integration of

experiential and practice-oriented learning mechanisms, and the embed-

ding of training within a coordinated organizational framework. These di-

mensions should not be understood as independent elements, but as mu-

tually reinforcing conditions that collectively enable sustainable capabil-

ity development. From a theoretical standpoint, the study reinforces and

extends the view that digital transformation—and AI adoption in particu-

lar—is fundamentally a socio-technical process, rather than a purely tech-

nological or instructional challenge. As seen in prior research, effective

use of digital technologies depends on the alignment between tools, tasks,

and user capabilities, while organizational transformation requires coor-

dinated changes across structures, processes, and human competencies.

The findings of this study bridge these perspectives by showing that train-

ing functions as a critical mediating mechanism between technological po-

tential and organizational value realization. In this sense, AI training may

be conceptualized not merely as knowledge transfer, but as capability or-

chestration within a socio-technical system. Furthermore, the study con-

tributes to design science research by producing prescriptive knowledge in

the form of requirements, rather than a finalized artefact. According to de-

sign science principles, such requirements constitute an essential step in

the development of artefacts that address complex, real-world problems,

particularly in contexts characterized by uncertainty and evolving condi-

tions (Denscombe, 2010). Given the rapidly changing nature of generative
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AI technologies and their diverse applications across organizational set-

tings, the decision to focus on requirements rather than a fully instanti-

ated method reflects both a methodological necessity and a deliberate re-

search positioning. It allows for flexibility, adaptability, and contextualiza-

tion in subsequent design efforts. From a practical perspective, the find-

ings suggest that organisations should move beyond ad hoc training ini-

tiatives and instead adopt a system-level approach to AI capability devel-

opment. This involves not only designing differentiated learning pathways

and providing hands-on learning opportunities, but also establishing gov-

ernance structures that connect diagnostics, training delivery, and ongoing

support. In doing so, training becomes an integral component of organi-

zational transformation, rather than a supplementary activity. At the same

time, the study covers important societal and ethical considerations, par-

ticularly regarding unequal access to AI capabilities, the potential erosion

or reinforcement of employee autonomy, and the responsible use of AI sys-

tems. These aspects further underline that training design decisions have

implications that extend beyond immediate performance outcomes, influ-

encing how technology is experienced, distributed, and governed within

organisations.

Despite these contributions, the study is subject to several limitations.

The empirical basis is context-bound, reflecting the perspectives of a spe-

cific organizational setting, and the findings may therefore not be general-

izable across all industries or cultural contexts. Also, the focus on require-

ment elicitation means that the proposed insights have not yet been trans-

lated into, or validated through, a fully implemented training method. Fu-

ture research should therefore focus on designing, instantiating, and evalu-

ating concrete training artefacts based on the identified requirements, ide-

ally across multiple organizational contexts to assess robustness and scala-

bility. Looking forward, the increasing integration of generative AI into ev-

eryday work practices suggests that the challenge addressed in this study

will only grow in importance. As AI technologies continue to evolve, so will

the competencies required to use them effectively. This underscores the

need for training approaches that are not only systematic and structured,

but also adaptive, continuous, and embedded within organizational learn-

ing ecosystems.

The primary contribution of this study is identifying requirements for

future effective AI training methods in organizational settings. By ground-

ing and structuring a set of requirements, it provides a foundation upon

which future research and practice can build upon. Rather than offering
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a definitive solution, it establishes a conceptual and empirical stepping-

stone toward the development of training approaches capable of support-

ing the meaningful and sustainable integration of generative AI into orga-

nizational work.

Beyond the immediate organisational context, the findings indicate a

broader shift in how AI capability development may need to be understood

within contemporary organisations. Treating AI training as a temporary

onboarding activity linked to specific software deployments seems to be

insufficient, as the results suggest that sustainable AI adoption increasingly

depends on the organisation’s ability to institutionalise continuous learn-

ing, adaptive governance, and situated experimentation practices.

The thesis contributes to the emerging discussion on organisational AI

maturity by identifying requirements that operate simultaneously at in-

dividual, collaborative, and structural levels. This multi-level perspective

strengthens the practical relevance of the work, since many contemporary

AI training initiatives remain narrowly focused on isolated tool proficiency

without sufficiently addressing the organisational conditions necessary for

long-term capability development.

Although the proposed requirements and goal model are not yet vali-

dated through full-scale implementation, they establish a foundation for

future artefact construction and evaluation within DSR. In this sense, the

contribution of the thesis lies not only in identifying problems related to

GenAI learning, but in transforming those problems into design-oriented

organisational knowledge that can guide future AI capability development

efforts.
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