
 

 
 

 
 
 

 
 
 

The Influence of Generative AI on Early UX Work  
A Study of Opportunities And Challenges 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Authors: Fredrik Enthed & Helena Lorek  

Supervisor: Ethan Gifford 

Course: Master Thesis Innovation and Industrial Management 

Spring semester, 2025 

Graduate School, School of Business, Economics and Law, University of Gothenburg, Sweden 

 



 

2 
Abstract 

The present study investigates how Generative Artificial Intelligence (GenAI) impacts early 

user experience (UX) work within a large industrial organization. In a single case study of 

Volvo Group, the research examines GenAI’s influence on idea generation, user research, and 

design practices in the early phases of digital product development by the UX chapter. By 

integrating perspectives from innovation management, design thinking (DT) and UX 

literature, the study aimed to describe the potential and limitations of GenAI. Using a Gioia 

method for data analysis, five aggregated dimensions are developed to describe how GenAI 

influences early UX work in a large organisation. The findings reveal a complex picture: 

while GenAI shows potential in tasks like ideation, summarization, content drafting and 

insight mining, its integration remains partial and shaped by broader organizational 

conditions. Rather than replacing human creativity or fundamentally reshaping UX practices, 

GenAI functions are found to work as a supplementary tool in this study, one that offers both 

benefits and challenges. The experts included in this study described a paradox; the more 

GenAI is adopted for efficiency, the more essential human oversight becomes to catch 

hallucinations and contextual mismatches, yet the same adoption may  risk eroding the very 

expertise needed for such critical judgment in the long term perspective. These effects are 

handled as elements of GenAI influence on early UX work, and are plotted in the influence 

table. Conclusion: GenAI influence on early UX work is multifaceted, with short-term utility 

and long term ambiguity, based on the long term competency erosion uncovered in the study. 
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1 Introduction 
In today’s rapidly evolving business environment companies face increasing pressure to 

develop and launch products and services at an accelerated pace while ensuring these 

innovations address real user issues and needs. Yet, many firms still struggle to consistently 

implement user-centric principles in their decision-making processes. A growing body of 

literature points to Design Thinking (DT) as a response to this challenge. DT is a 

user-centered innovation approach closely linked to innovation management. It places 

empathy and user understanding at the heart of product development, helping teams identify 

genuine user needs and guiding the creation of relevant features. This user-centric mindset is 

especially important in early UX work, sometimes referred to as upstream UX. Early UX 

work typically involves exploratory and generative phases such as user research, problem 

framing to ideation and prototyping, which aim to understand user needs before any concrete 

product development begins. These stages are well aligned with the fuzzy-front end of 

innovation (Just, 2024) and reflects what Stige et al (2024) and Verganti et al (2020), describe 

as the problem setting and sensemaking for possible solutions.   

 

However, a disconnect between decision-making processes for product features and the real 

challenges faced by users introduces risks. Predominantly, such disconnect often results in 

poor decision-making made on ad-hoc assumptions which undermines user-centric design 

principles, creating scenarios where features are developed without adequate pre-study or 

evidence of relevance to user needs. As a result, products may fail to meet user expectations, 

wasting resources in the process and diminishing overall impact and value creation. Despite 

the increasing adoption of  DT and user-centered approaches to ensure value is generated for 

users and their needs, firms are still struggling with the implementation of these principles 

into decision making processes in innovation management (Spanjol et al., 2024). This 

transition is a response to what the authors describe as a growing complexity and uncertainty 

in business environments that require organizations to rethink how they balance exploratory 

and exploitative innovation strategies.  

 

The process of modeling and ideating product features connects with innovation 

management, which at large encompass strategies for balancing incremental improvements 

with more radical endeavors for increased differentiation in companies product offerings. A 

growing trend in the literature of DT and Innovation Management is the introduction of 
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large-scale artificial intelligence (AI) models, often termed Generative AI (GenAI) that can 

partake and generate content previously thought to be human exclusive. GenAI’s impact on 

organizations is rapid and still highly exploratory. Since GenAI can mimic human-like 

text-to-speech capabilities and assist users in a broad range of cognitive tasks, a well 

implemented strategy for leveraging such tools within companies could greatly boost 

productivity of a broad range of tasks.  

 

However, research on the intersection of Innovation Management or DT with the new GenAI 

research remains scarce. Scholars suggest that GenAI in Innovation Management is still in its 

embryonic stage, jet to be explicitly analyzed (Mariani & Dwivedi, 2024; Robert & Candi, 

2024), and furthermore research is only beginning to unpack AI’s capacity to contribute to 

innovation decision-making processes (Johnson et al., 2022). Despite recent growth in 

publications on this topic, studies indicate gaps in understanding how DT principles can 

integrate with GenAI to improve innovation processes and how DT practices might evolve to 

leverage AI’s capabilities (Böckle & Kouris, 2023). 

A Scopus search reveals that academic interest in AI and DT has grown exponentially since 

2019. However, much of the research remains theoretical, highlighting the need for empirical 

studies on practical applications. Thus, investigating how innovative companies utilize or 

could utilize GenAI in cognitive tasks related to exploratory stages of DT became a growing 

area of interest. If cognitive capacities in early innovation management stages can be partially 

or fully outsourced to AI, that may greatly influence how firms conduct user research and 

generate insights.  

1.1 Business context 

Our interest in this topic was further reinforced by preliminary discussions with a manager at 

Volvo Group, one of Gothenburg’s leading companies. Volvo Group primarily operates in the 

commercial vehicle industry, selling trucks, among other things. Through our access to Volvo 

Energy, one of Volvo Group’s divisions, we have been granted the opportunity to investigate 

how GenAI influences early UX work processes in Volvo Group. The company is currently 

working on integrating AI in multiple ways, including through an internal ChatGPT system 

and by collaborating with external companies that provide AI-driven solutions for different 

types of application areas. One of these companies' AI systems are built on, among others, 

GenAI models through OpenAI’s generative pretrained transformers (GPT), suggesting that 
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they can autonomously generate different types of output, thus carrying out cognitive 

engaging tasks in a visually pleasing and engaging way. While an AI driven platform could 

streamline some of UX workflows, uncertainties remain about GenAI’s ability to capture the 

empathy and contextual understanding central to early design stages. Although GenAI 

solutions are being explored for tasks like summarizing user research or proposing design 

concepts, significant uncertainties remain around whether GenAI can effectively replicate or 

augment the critical and complex, often empathy-driven elements of UX practice.  

 

Currently, many divisions within Volvo Group source their UX-related tasks to Volvo Group 

Digital & IT, Volvo Group Design, and Volvo Group Connected Solutions (VGCS). Each of 

these divisions specializes in different aspects that together form the unified customer 

experience, but this distribution of work results in UX tasks being handled on an ad hoc basis 

between touchpoints. Our mentor at Volvo Energy notes that this decentralized approach 

forces teams to wait on one another for data, making UX processes slower than necessary. 

The proposed AI-powered platform for journey mapping could potentially not only assist UX 

in their mapping work, but also serve as a centralized information hub that streamlines data 

sharing between these groups and provides visibility into the progress of various UX tasks, 

reducing the need for emails and meetings. However, noteable uncertainties remain regarding 

the effectiveness of AI in the early stages of the design process. As GenAI tools are being 

marketed as solutions capable of autonomously accelerating work tasks, there is a 

considerable hype surrounding their capabilities. Understanding whether GenAI can truly 

enhance UX related tasks in early stages if DT remains a critical question, as these processes 

typically require deep human insight. 

1.2 Research objective  

Based on this context this thesis aims to investigate how Generative AI influences UX work 

process within a large organizational context, through an exploratory single-case study 

approach designed to capture the full range of emergent applications, work practices and 

organizational responses at Volvo Group. The study connects DT processes with UX related 

work, acknowledging that UX practices often operationalize the broader principles of DT in 

practice. Specifically, the thesis investigates which stages of UX work are most applicable to 

GenAI application, the potential positive and negative effects of its integration and 

problematize these based on findings. The research question leads as follows: 

 



 

10 
 

How does Generative AI influence early UX work processes in a large organization?  

1.3 Disposition of the study 

The thesis is structured into six main chapters. The following chapter synthesizes the 

literature of prior research across DT, innovation management and UX design, with additional 

streams from change management and GenAI articles. The next chapter discusses the 

research design, which later goes into data selection and limitations. This leads into the result 

chapter of empirical findings, where the dimensions are presented. The following chapter 

discusses and analyses these findings with literature, and introduces a conceptual model of 

GenAIs influence on UX work and its implications. Lastly, the conclusion chapter 

summarizes and discusses practical recommendations and theoretical contributions. 
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2 Literature review 
The literature reviews three interconnected streams of literature: Innovation Management, 

Design Thinking (DT), and User-Experience (UX) Design, each of which add to how 

organizations define and solve user problems, theoretically and practically. Innovation 

management provides evidence of AI, including GenAI, used in the ‘fuzzy front end’ of 

innovation for sensemaking of data. DT emphasizes a user-centric, iterative process for 

identifying and refining solutions that align with genuine user needs, in many ways a sub 

theory of innovation management. UX literature focuses on practical methods for 

understanding and improving the user’s experience, bridging the gap between organizational 

objectives and the realities of everyday usage. And finally, Change Management and GenAI 

literature is complemented to the literature review as new findings occurred 

2.1 AI and Organizational Change  

2.1.1 The Transformative Impact of AI 

Change means something different from the present, which is a defining characteristic of 

today’s fast-paced and ever-evolving world. Organizations that aim to remain competitive 

must embrace change, and this inevitably impacts the people working within them. AI and 

lately GenAI, act as a part in driving such changes with its unique capabilities, enabling 

innovation and the creation of new opportunities at an unprecedented speed enhancing 

efficiency, customer value and reshaping institutions. AI has already revolutionized many 

industries with its intelligent solutions, automation and ability to process vast amounts of data 

and simultaneously learn from pattern recognition. (Adiguzel, 2024; Corvello, 2025; 

Holgersson et al., 2024; Sreenivasan & Suresh, 2024) The transformation comes with new 

possibilities and challenges regarding the future of work, such as employees needing to 

oversee and work alongside AI systems (Corvello, 2025). Incorporating AI into an 

organization requires an understanding of how it might affect operations, decision-making 

and roles in the workforce. It means integrating operational, tactical, and strategic 

dimensions, and fostering a culture that embraces innovation, rather than being limited to 

solely technological implementation. (Adiguzel, 2024; Ångström et al., 2023) Weick's classic 

piece referred as “Drop Your Tools” offers an allegory that illustrates how individuals are 

reluctant to change and cling on to familiar routines and tools even when these become 
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counterproductive in rapidly changing environments. The theory argues that individuals' tools 

are deeply tied to a sense of identity, skillset and professional pride which makes losing these 

feel like losing parts of oneself (Weick, 1996). Weick’s (1996) emphasis on the individual 

psychology and focus on aspects such as identity, listening,  justification and trust provides an 

individual perspective on change of work processes when new technology is introduced and 

how to navigate challenges for employees, thus its relevance to the study despite its 

publication year. 

2.1.2 Barriers to Change  

Beyond individual fears or resistance to change, structural and cultural obstacles can prove 

even more notable. Muralikumar and McDonald (2024) note that early stage decisions around 

data collection and model requirements can have lasting downstream effects, as shown in 

their study around UX practitioners and ML engineers, effectively ‘baking in’ biases and 

limiting user-centric adaptations later. They mention that leadership support has an important 

impact as without an organizational push to integrate user research and design teams from the 

very beginning, it becomes much more difficult to change (Muralikumar & McDonald, 2024), 

and projects risk drifting away from user-centricity. Such a turn of events can magnify change 

resistance as employees may sense that the technology is not grounded in their realities or 

user perspectives. 

2.2 Understanding AI in Innovation  

2.2.1 Defining AI in innovation is a matter of perspective 

The interpretation of AI varies significantly across the literature, leading to different research 

approaches and conclusions about its role in innovation. Hutchinson (2021) implies that the 

difficulty of finding a widely accepted AI definition resides in AI’s interdisciplinary nature, 

where science, engineering, business, medicine, anthropology and linguistics, each offering 

distinct perspectives on its scope and capabilities. AI is often categorized based on its ability 

to imitate human cognition and behavior or more recently, its capacity to think and act 

rationally (Hutchinson, 2021). Just (2024) argues that prior research has insufficiently 

analyzed AI’s natural language processing (NLP) function in the front-end of innovation, for 

ideation, design-process phases and data gathering, a perspective that aligns with this thesis 

research topic. This divergence in views stems from how AI is conceptualized rather than a 
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fundamental disagreement on its significance. For instance, Kuzior et al. (2023) view AI as a 

system trained for specific, predefined problem-solving tasks.  

 

In contrast, Just (2024) adopts a broader perspective, conceptualizing AI as a non-human 

innovation intermediary that can analyze, synthesize, and generate outputs, uncovering 

patterns and insights across different domains. This aligns more closely with other scholars 

who position AI as a multidisciplinary tool with expansive cognitive capabilities (Chang & 

Tsai, 2024; Mariani & Dwivedi, 2024). Mariani and Deivedi (2024) agrees with Chang and 

Tsai (2024), and maintain that there is no universally accepted definition of AI much because 

the word intelligence has not been formally defined. Adding to the complexities of rapid 

technology advancements in this field, is the recent conceptualization of Generative Artificial 

intelligence (GenAI), which is an AI model capable of delivering a wide range of outputs 

such as images, text, code, music to videos (Just, 2024; Mariani & Deivedi, 2024). Moreover, 

Mariani and Dwivedi (2024) claims that numerous studies have examined and conceptualized 

AI within the field of innovation management, but the specific role of GenAI in this field 

demands further research. Until recently, there has been little explicit examination of GenAI’s 

impact on innovation processes, with only a brief acknowledgment by Mariani et al. (2023) in 

their systematic review, and Robert and Candi (2024) survey of AI and GenAI uses in firms. 

Accordingly, this makes GenAI different from other AI systems that generally focus on 

performing functions such as grouping data or identifying customer segments. GenAI is built 

on generative pre-trained transformer (GPT) architecture (Mariani & Deivedi, 2024), much 

brought to fame through OpenAIs ChatGPT and updated models. These recent events may 

explains the lack of research on GenAI posed by recent literature (Just, 2024; Mariani & 

Deivedi, 2024), which makes it necessary to investigate articles with divergent interpretations 

of AI, to catch the nuances of its restrictions, potential possibilities and use-cases to date.  

 

Despite AI’s potential, Füller et al. (2022) argue that AI remains constrained in its ability to 

generate truly novel ideas independent from human interference, which Truong and 

Papagiannidis (2022) attribute to the limitations of the data and its knowledge about the 

world. Similarly, Hutchinson (2021) emphasizes that AI predominantly relies on existing data 

sources, making it naturally inclined toward incremental rather than radical innovation. Since 

radical innovations often involve entirely novel concepts, materials and methods, in areas 

where no prior data exist, AI struggles to provide novel ideas in such a context. As a result, 

firms utilizing AI for innovation are more likely to focus on incremental advancements while 
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encouraging separate environments for radical innovation (Hutchinson, 2021). Füller et al. 

(2022) agree that AI can assist in overcoming human limitations in information processing 

like other scholars (Just, 2024; Yams et al., 2020), especially in ideation and identification of 

opportunities, but pinpoint that it does so building on reconfiguring different solutions, rather 

than developing fundamentally new ones, as the models are highly dependent on available 

data and context constraints.  

 

Expanding on this, Mariani and Dwivedi (2024) study conducted of experts with the delphi 

method, predict that multimodal GenAI systems, that is, GenAI models capable of generating 

outputs from multiple data inputs like texts, images or audio, will be important in firms for 

the competitive advantage it provides in innovation performance that unimodal GenAI. 

Compared to unimodal GenAI systems, the integration of multiple data modalities is expected 

to boost GenAI’s capacity for pattern recognition in content creation and knowledge 

synthesis, thereby broadening its use-cases in different innovation processes. Thus, when 

discussing GenAI in this paper, we operationalize it as a model capable of processing and 

synthesizing multiple data modalities such as text, images and audio: to detect patterns and 

generate a wide range of outputs (Mariani & Dwivedi, 2024) In this sense, GenAI thus extend 

beyond narrow AI by leveraging large scaled pre-trained models like GPT architectures, to 

combine various inputs and reconfigure them into novel outputs. 

2.2.2 Transparency and Human Influence in AI  

The solutions that emerge from the collaboration between AI tools and humans represent 

outcomes that neither could achieve independently (Nguyen and Nguyen, 2024). AI may 

assist innovation teams by providing rich and unbiased data to support decision-making, but 

as Füller et al. (2022) and Haefner et al. (2021) emphasize, humans will remain irreplaceable 

in developing AI tools, thus creating algorithms, designing training procedures and refining 

decision-making models. The authors pose that AI models have the greatest impact when it is 

developed by cross-functional teams possessing mixed skills and perspectives (Füller et al., 

2022), however Haefner et al. (2021) concludes that such corporations can be quite complex 

but essential for the AI solutions that address relevant problems. This leads to questioning the 

data scientist and engineers' own biases in creating such models (Füller et al., 2022), even in 

participation with the end user of the AI model, and a need for transparency of the models. 

Several authors (Nguyen & Nguyen, 2024; Haefner et al., 2021; Sreenivasan & Suresh, 2024; 

 



 

15 
Tham et al., 2022) caution that AI-driven decision-making must not become a black-box 

process that lack transparency and human oversight as it could lead to biased and unreliable 

outcomes on the notion that AI systems are only as effective as their design and training 

allow.  

 

As highlighted further (Corvello, 2025; Sreenivasan & Suresh, 2024), the inherent limitations 

and potential biases in AI-generated insights make human interpretability essential for ethical 

and effective AI. Muralikumar and McDonald (2024) describes capability uncertainty through 

the unpredictability of the algorithms and the complexity of output with infinite possibilities 

that pose design challenges. Consequently, adding human oversight through what the authors 

call explainable AI (XAI) can address these challenges as it enables users to identify how the 

task is tackled, broken down, and answered to uphold some accountability in AI-driven 

decisions (Muralikumar & McDonald, 2024). Thus, it is implied that regularly evaluating all 

models is critical for detecting and addressing issues at an early stage. To identify biases and 

blind spots effectively, collaboration with professionals from different fields and integrating 

user feedback serve as key solutions (Sreenivasan & Suresh, 2024). Building on AI’s 

expanding capabilities, Nguyen and Nguyen (2024) perceive AI tools as becoming 

increasingly more adept at enhancing human cognition, making them an important assistant 

for creativity and problem-solving.  

 

Hafner et al. (2021) stress a potential challenge of implementing an AI model that humans 

either trust too much or too little: can create great resistance in its implementation. Moreover, 

Polster et al. (2024) highlight that too much reliance on AI could possibly constraint unique 

human creativity and reduce the effectiveness of generating new ideas. Nguyen and Nguyen 

(2024) also press the necessity of critically assessing AI-generated ideas and integrating 

human input to fully leverage their potential. As individuals vary in their ability to critically 

reflect on AI, enhancing their knowledge and related skills can encourage a deeper and more 

thoughtful interaction with technology. This dynamic allows humans to assess AI-generated 

ideas while enabling AI to adapt to human input, ensuring that AI tools operate under 

regulatory frameworks (Nguyen & Nguyen, 2024). Roberts and Candi (2024), seemingly 

supports this perspective, and argue that AI and GenAI should augment rather than replace 

human creativity.  
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2.3 Innovation Management  

2.3.1 Innovation and AI: automation and augmentation  

The role of AI in innovation management is widely debated, particularly in the balance 

between automation and augmentation of work processes. A recent study by Corvello (2025) 

suggests that GenAI is reshaping innovation management by redefining traditional roles, 

while enhancing productivity in service and R&D. Innovation management itself involves 

guiding ideas from ideation through development to market launch. Within this context, 

GenAI’s adoption varies widely where the author acknowledges that managers with a high 

level of technology literacy were more likely to experiment with GenAI in their workflos, 

while managers with less experience used these tools less optimal (Corvello, 2025).  

 

From the body of literature, innovation management discusses how artificial intelligence 

through their search algorithms in different query sites allow for interesting findings that can 

spur innovation for a company (Just, 2024), as competitiveness moves closer to information 

and problem solving capabilities of the firm (Haefner et al., 2021). What is evident in recent 

years is that the changing technological landscape has allowed for data to be gathered from 

diverse sources in great quantities, allowing for unprecedented innovation discoveries, 

creating a dilemma for innovators. The scale of today's data streams have a profound effect 

on analysts as the sheer amount can overwhelm human analysis capabilities, leading to what 

is termed ‘information overload’ (Just, 2024) and discussed through human cognitive 

limitations (Hutchinson, 2021). With the assistance of deep learning techniques and natural 

language processing (NLP) companies can expand their information processing capabilities, 

and automate tedious tasks (Just., 2024; Johnson et al., 2022; Truong & Papagiannidis, 2022), 

that requires one-second-thinking (Füller et al., 2022), and also assist with the human 

cognitive limitation seen to processing ability when faced with large amounts of data with a 

multitude of possible solutions (Hutchinson, 2021).  

 

These arguments have led to a discussion whether GenAI will augment or automate human 

cognitive work processes, which Johnson et al. (2022), propose will primarily augment 

humans in R&D work rather than replacing them. Furthermore, he argues that AI automation 

and augmentation debate shouldn’t be treated as separate concepts as they interact over time, 

and that the complexity of the task decides whether to attribute it automated or augmented. A 
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similar perspective is taken by Miriani and Deivedi (2024) who describe a scenario where 

GenAI will further break down complex tasks into subtasks that can be augmented or 

automated in a modular fashion, potentially even outsourced to digital marketplaces of 

different GenAI systems.  

 

AI’s ability to learn from past outcomes presents a dual benefit, to both mapping possibilities 

and at the same time continuously improving its own analytical capabilities (Havins, 2020). 

Industry comparisons show that augmentation is more prevalent in exploratory R&D while 

automation is more common in exploitation focused tasks of structured tasks (Makowski & 

Kajikawa, 2021; Johnson et al., 2022; Corvello, 2025). Makowski and Kajikawa (2021) 

highlight that augmentation can greatly boost performance threefold. Here, the latter paper 

pinpoints the importance of social context and the use of AI in everyday practices that creates 

legitimacy for its use within the organization as well, even in employees private life 

(Makowski & Kajikawa, 2021), as usage of AI shapes perceptions and establishes its role 

within organizational practices. 

 

Bilgram and Laarmann (2023) imply that Large language models (LLMs) which GenAI is 

built upon, can drastically augment the early stages of innovation and drastically change 

previous perceptions. Their study, based on six months of experimentation with LLMs 

(GPT-3) in real-world innovation projects, showcases how LLMs democratize AI-assisted 

innovation by allowing nontechnical users to bridge the gap between conceptual ideas and 

functional prototypes. Unlike traditional AI applications, which have been limited to skilled 

software engineers, GenAI enables end-users to generate user journey maps to create 

personas. They conclude that teams often use LLM to jump start a process and build on AI 

generated data, on the reasoning that it is less time consuming to iterate or correct a draft 

rather than developing concepts from scratch (Bilgram and Laarmann, 2023). This capability  

accelerates design processes, reduces costs, and facilitates iterative product development, 

making AI a valuable tool in DT and rapid prototyping which aligns well with what Mariani 

and Dwivedi (2024) observed regarding multimodal GenAI systems and the expectation in 

improving innovation performance through, among others, pattern recognition across data 

types. 

 

Extending the performance focused discussion a much recent study by Dell’Acqua et al. 

(2025), describes how GenAI tools not only support employees but can substitute different 

 



 

18 
team collaboration configurations in innovation tasks. GenAI users outperformed those 

working both alone or in teams without GenAI in their study, and matched the output quality 

of traditional teams. What was foremost compelling was the observation that GenAI enabled 

non-expert individuals to reach performance levels on par with experienced teams, pointing 

towards GenAI democratization phenomenon despite limited expertise in the field. The 

authors argue that these findings (Dell’Acqua et al., 2025, working paper) point towards 

GenAI’s as a silo-disolver: in favor of cross-divisional and disciplinary problem solving, 

which stress the value in training workers to think more broadly across functional boundaries 

using said tools. These findings match Bilgram and Laarmann (2023) early findings that 

LLMs help non-technical users bridge the gap between different knowledge domains, and 

strengthen the notion of GenAI as an augmentor for human capabilities.  

2.3.2 Open Innovation   

Just (2024) discusses open innovation (OI), as an innovation strategy enabling information 

from various sources by inviting several stakeholders, typically created as open ecosystems 

(Füller et al., 2022), to share ideas to accelerate internal ideation processes. Kuzior et al. 

(2023) describes OI as the creation of positive network effects between stakeholders, which in 

time leads to value creation. For this to be effective, a platform where ideas and collaboration 

can be conducted is essential as it allows a common space for stakeholders to engage in 

innovation together. Furthermore, by analyzing both internal and open data with AI, 

companies can identify and find the best and most promising ideas to pursue and the potential 

collaborators such as customers, suppliers or academic institutions (Kuzior et al., 2023). 

Holgersson et al. (2024) portray Chesbrough's work as a significant shift in the understanding 

of innovation, emphasizing the strategic integration of both external and internal knowledge 

to increase innovation processes. Advancing this perspective, AI is set to redefine how 

innovation processes and practices operate in multiple ways by enhancing established 

practices, enabling new ones, and potentially replacing certain aspects of OI. Tekic and Füller 

(2023) agrees to prior sentiment and conclude that AI power innovation requires large 

amounts of high-quality data, which in turns leads to greater openness between actors, firms, 

universities and external partners to facilitate big data, strengthening the argument of 

increased openness. Following the opportunities afforded by AI, numerous ideas can be 

studied and optimized within a virtual setting. AI in decision making is a topic for debate, as 
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GenAI is seen to streamline certain tasks, the extent to which it can support or replace human 

decision-making remains a key point of discussion and will be discussed in the next chapter. 

2.3.3 Autonomous Decision-Making 

The role of AI in decision-making is a key vein in the literature (Havins, 2022; Makowski & 

Kajikawa, 2021; Keding & Meissner, 2021). Havins (2022) seemingly takes a positive stance, 

pinpointing how AI can assist in investment decisions. He further argues that such decisions 

should be based on complete and accurate data (Havins, 2020), thus making the selection 

phase of Innovation Management a prime topic for sustained innovation. Makowski and 

Kajikawa (2021) add that AI-driven decision systems must account for behavioral 

interactions of other agents, emphasizing that organizational and social contexts shape how 

decisions are made and that such systems may, in turn, contribute to faster innovation cycles. 

Truong and Papagiannidis (2022) expand on this by referencing Keding and Meissner (2021), 

who studied AI’s relationship with human judgment in R&D through a behavioral approach. 

Their findings reveal that executives tend to trust AI-based recommendations over human 

advisors, as AI is perceived as more structured and objective, especially in an objective task 

environment such as investment decisions. Keding and Meissner (2021) mention and expand 

‘algorithm appreciation’ from prior work, to describe how managers increasingly trust 

algorithms that not only enhance but also shape managerial perceptions and behaviors, adding 

nuance to AI influence on decision-making processes ( Makowski & Kajikawa, 2021; Keding 

& Meissner, 2021). However, recent work by Rizzo et al. (2024), who investigate the link 

between social comparison orientation and AI acceptance, suggest that this appreciation is not 

uniform across all managers. Their findings reveal that managers with higher 

comparison-tendencies are more likely to trust AI recommendations, which the authors 

suspect is to avoid direct evaluation by their peers. In contrast, those less inclined to social 

comparison show a preference for human generated input in contexts requiring creativity or 

empathy. These results, the authors argue, underscores the need to consider individual 

dispositions when designing AI supported decision systems especially for collaborative 

strategic decision environments. Without such consideration the use of AI may possibly 

reduce communication and even enable avoidance behaviours in decision making (Rizzo et 

al., 2024). 

 

 

 



 

20 
 

Pietronudo et al. (2022) on ‘the rationalizing influence of artificial intelligence on 

decision-making in innovation management’, categorize AI’s multifaceted impact on decision 

making and creativity in innovation management. Their work derived a framework of four 

themes: augmented rationality, augmented creativity, renewed organization and renewed 

chaos, which have similarities to Haefner et al. (2021) conceptualizations. The theme of 

augmented rationality seemingly aligns with Haefner et al. (2021) exploiting level, where AI 

optimizes decision-making by reducing complexity and processing intensive information, 

thus rationalizing innovation processes through data-driven rather than intuitive 

decision-making. Pietronudo et al. (2022) stress that such solutions have intended and 

unintended rationalizing influences, as AI follows predefined rules and goals. However, the 

fourth theme of renewed chaos focuses on AI’s dark side, with challenges such as 

vulnerability to data safety, cyber security, and homologation of solutions provided by AI. 

 

Gama and Magistretti (2025) classify AI’s role in innovation into three application reason 

types: replace, reinforce, and reveal. In replace, AI integration occurs to automates repetitive 

structured innovation tasks, optimizing efficiency and reducing human involvement in 

mechanical decision-making. In reinforce, AI is implemented to support human creativity and 

decision-making by expanding problem and solution spaces, which may align with DT 

principles. In reveal, the role of AI’s implementation is for its ability to discover new 

solutions, patterns, and insights that were previously beyond human cognitive reach. Gama 

and Magistretti (2025) stress that successful AI adoption in innovation management requires 

both technical proficiency and cognitive adaptability Here, classification challange AI’s role 

in innovation, not as a binary distinction between automation and augmentation but rather a 

continuum of functions that range from optimizing existing processes to fundamentally 

reshaping innovation capabilities. The ’replace’ reason is aligned with the notion of 

automation of tasks for efficiency, while ‘reinforce’ aligns with augmentation where AI acts 

as an agent to offload cognitive tasks. The ‘reveal’ however, can be seen as representing a 

higher tier of augmentation, where AI is used to go beyond supporting human efforts to 

generating novel insights and solutions that may have remained undiscovered through 

conventional methods.  

 



 

21 
2.3.5 Overcoming Challenges in AI-Driven Cognitive Tasks 

Concerns around AI’s expanding role in innovation often stem from fears of overreliance on 

algorithms that may exceed their actual accuracy (Keding & Meissner, 2021; Johnson et al., 

2022). AI offers a remedy to information-overflow by uncovering patterns and synthesizing 

insights (Kuzior et al., 2023; Roberts & Candi, 2024; Just, 2024). However, Truong and 

Papagiannidis (2022) pinpoint that AI driven creativity has limitations since these models are 

built on historical data, thus limiting its ability to generate truly novel ideas and restricting it 

to what is known. Moreover, Bilgram and Laarmann (2023) show that GenAI can support 

creative tasks; they also highlight the risk of context loss in its iterative use, particularly with 

tools like GPT-3 under prolonged usage. 

 

Beyond technical constraints, AI’s impact on innovation also depends on a  firm’s knowledge 

structure and learning mode (Brea & Ford, 2023). They identify a divide between scientific 

and technology-based (STI) firms, which effectively leverage AI for combinatorial 

innovation, and  the doing, using, and interacting (DUI) firms, which rely on tacit knowledge 

and experience-based learning. In DUI firms AI adoption often results in incremental rather 

than breakthrough innovations by reinforcing path dependencies and thus limiting creative 

exploration. (Brea & Ford, 2023) This challenges the prevailing optimism about AI’s 

transformative role in innovation management and raises questions about whether AI’s 

integration will increase or limit cognitive capacity in related processes. Pietronudo et al. 

(2022) extend this skepticism by questioning whether AI-driven innovation will augment or 

diminish human cognitive value and whether human roles in AI-integrated systems will 

evolve beyond merely providing data to algorithms. This critique aligns with earlier calls for 

maintaining human oversight and interpretability in AI systems (2.2.2), but here it is applied 

to broader questions of human value and role evolution. 

 

To address these challenges, organizations need to adjust their strategic frameworks, 

including budget allocation, intellectual property management, and governance structures. 

Füller et al. (2022) suggest that the focus of innovation teams may switch from developing 

solutions to designing AI based innovation tools that assist with or automate innovation tasks, 

further stressing Pietronudo et al. (2022) skeptic argument. Mariani and Dwivedi (2024) 

perspective align with Füller et al. (2022), and suggest that those with knowledge of GenAI 
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systems in R&D will gain control over work design, which may indicate changes in internal 

power dynamics. 

 

These changes demand greater openness and collaboration, especially as AI’s success 

depends on access to large, quality datasets (Tekic & Füller, 2023). Expanding on the 

skepticism, Roberts and Candi (2024) global survey of managers, challenge a perceived 

dominant narrative that affirms AI role in idea generation, as their results found that most 

firms use AI primarily in development and prototyping, rather than early ideation. They argue 

that AI’s strength lies in optimizing existing processes and automating complex but structured 

tasks, although its potential in early-stage ideation remains uncertain. However, they 

acknowledge that firms may not yet fully understand how to integrate GenAI effectively 

(Roberts & Candi, 2024). This reinforces earlier findings on uneven AI integration across 

innovation stages (2.3.1), and supports a more cautious interpretation of its strategic utility. 

 

Füller et al. (2022) study concluded that the AI affordance of innovation management relies 

on factors such as experience and expertise to digital maturity and organizational size. The 

authors further note that as firms progress their AI maturity, the complexity grows and 

evolves, requiring continuous skill development and reconfiguring governance frameworks to 

effectively embed AI into their processes (Ångström et al., 2023). 

2.4 AI and Design Thinking   

2.4.1 The Concept of Design Thinking  

DT is a theory with growing recognition for innovation in recent decades, and has been seen 

both in business, education and research (BenMahmoud-Jouini & Carlgren, 2021; Polster, 

Bilgram & Gortz, 2024; Sreenivasan and Suresh, 2024). It can be described as an innovative 

method of abductive reasoning, a logical train-of-thought that seeks to deduce possibilities 

rather than simply taking the most likely or straightforward conclusion (Garbuio and Lin, 

2021), with commonly three to five iterative steps. Common DT formulas use the steps of 

empathy, define, ideate, prototype and test, with slight variations, where the most commonly 

used tools to follow the process are ethnographic methods, journey maps, brainstorming, 

prototyping and experimentation (Tham et al., 2022 ;Nguyen & Nguyen, 2024; Polster et al., 

2024; Sreenivasan & Suresh, 2024; Chang & Tsai, 2024; Verganti et al., 2020).  
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Polster et al. (2024) summarize the DT process in five phases that underscore variations both 

in theory and practice although the core is widely shared throughout. In the first phase, 

empathy, the objective is to understand the current or potential users and their needs. 

Reaching empathy is achieved by taking on the user perspective and putting oneself in users 

shoes, making it a human-centered approach. The research could be done in various ways, 

such as ethnographic studies, user interviews, and observational sessions, among others. The 

second phase, definition, focuses on narrowing down a specific problem through logical 

reasoning and intuition by analyzing the findings and insights gathered during the empathy 

phase. In the third phase, ideation, ideas are generated for the defined problem, later 

evaluated and prioritized, making the most relevant ones selected for prototyping. The fourth 

phase, prototype, is where tangible solutions are created and modified for the selected ideas 

that would create most value, whilst collecting feedback from users. Finally, in the fifth 

phase, testing, the prototype is refined by returning to earlier stages and iterating on solutions. 

The DT process involves continuous iterations, feedback loops and an early creation of 

tangible solutions to identify weaknesses, facilitate improvements and reduce development 

costs. (Polster et al., 2024) Refining ideas through experimentation and iteration is 

emphasized as essential in DT, where the whole process revolves around a deep user 

understanding, (BenMahmoud-Jouini & Carlgren, 2021; Polster, Bilgram & Gortz, 2024) 

whose needs and experiences drive the development of suitable solutions, and to develop a 

holistic grasp of the problem, collaboration and a diverse set of skills and knowledge are 

essential. (Nguyen & Nguyen, 2024; Polster et al., 2024; Sreenivasan & Suresh, 2024)  

2.4.2 Innovation and Design Thinking  

Design Thinking (DT) has increasingly been adopted within innovation management 

literature for its ability to navigate the so called fuzzy front end of innovation which is 

marked by uncertainty and ambiguity, which benefits from the DT iterative approach to 

identifying and reframing problems. Several authors (Polster et al., 2024; Sreenivasan & 

Suresh (2024), view DT as a challenger to existing assumptions of the customer, as in the 

empathy phase where extensive data is gathered about potential user needs and problems, 

without bias or judgement. The framework’s characteristics involving iterative cycles of 

data-gathering and synthesis to understand users' real problems have gained traction in the 

business and engineering fields according to Chen et al. (2025), and is applied as a framework 
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for innovation. The center of DT is to uncover the unmet needs, experiences and motivations 

of individuals, to be able to develop solutions that authentically connect with users. 

Consequently, aligning with customer needs can additionally lead to lower marketing costs 

and a reduced failure rate for new products and services (Polster et al., 2024; Sreenivasan & 

Suresh, 2024). However, the DT process entails multiple approaches and iterations before 

reaching conclusions, which can be challenging and time-consuming, especially in a 

fast-paced environment where development and progress are constantly demanded by various 

stakeholders (Nguyen & Nguyen, 2024; Sreenivasan & Suresh, 2024). Moreover, two 

cognitive practices essential for creativity are visible in the DT process, namely divergent and 

convergent thinking, which involve looking both broadly and narrowly typically used with 

the double diamond framework, where the width represent wide  arrange of information and 

possible solutions for decisions, which is the narrow part, allows for greater robustness in 

decision making (Chan et al., 2025). For instance, broad thinking is applied in the empathy 

phase, while narrow thinking is used in the definition phase (Polster et al., 2024). DT is a 

crucial skill for keeping pace with rapid technological advancements and societal shifts 

(Sreenivasan & Suresh, 2024), and a DT mindset can also support the rebalancing of human 

activities within technology development (Magistretti et al., 2024).  

4.2.3 Criticism of Design Thinking 

Although the literature generally presents DT’s capacity to structure creative processes and 

promote a user-centric focus of innovation in a positive light, DT’s application in large 

corporate settings has attracted critical attention, especially due to their inherent complex 

structure and culture. Carlgren et al. (2016) multi-case study on the challenges of using DT in 

practice of large firms, identify seven key obstacles to effectively integrate DT and existing 

organizational structures. A major concern is the misfit between DT and existing 

organizational structures. DT’s inherent focus on divergent thinking and reframing problems 

through prolonged, perceived resource-draining, front-end exploration that often clashes with 

established product development processes that are driven by short-term deliverables, thus the 

notion that the use of DT tends to ‘get killed’ by daily business (Carlgren et al., 2016). 

Moreover, the paper also emphasizes the difficulty of proving DT’s value in settings where 

KPIs dominate and outcomes are expected to be measurable. The “soft” insights generated in 

early design phases may be seen as anecdotal or lacking in importance. Furthermore, 

communication barriers between design practitioners and engineering or business teams 
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compound this issue, as do cultural mismatches in risk-averse or consensus driven contexts 

where failing and learning from mistakes are inherent attributes of DT, which thus becomes 

culturally difficult to implement. In some cases, direct interaction with users was even 

prohibited based on fears that the project team would leak sensitive information or that they 

would affect customers decisions (Carlgren et al., 2016). In addition, the study also found that 

DT was utilized by designers and non-designers alike, but that skills related to intuition and 

knowing ‘when to stop’ iterating or doing an additional interview, are developed through 

experience and hard to acquire for firms outside of the competency area (Carlgren et al., 

2016).  

2.4.4 Integrating AI with Design Thinking 

Several authors (Polster, Bilgram & Gortz, 2024; Sreenivasan and Suresh, 2024) describe 

how both AI and DT have become game-changing forces in recent years, each displaying 

distinguishing attributes with many possibilities in innovation. AI elevates innovation with 

their analytical capabilities, navigating in ambiguity efficiently, while DT fosters innovation 

through a user-centered approach. The integration of AI and DT is argued to facilitate the 

rapid advancement of products and services. It also increases user focus, leading to more 

creative, efficient and individualized solutions. Thus, the combination would enable 

organizations to enhance their innovation, customer satisfaction and gain a competitive edge.  

(Dennehy et al., 2022; Garbuio and Lin 2021; Nguyen and Nguyen, 2024; Polster, Bilgram 

and Gortz, 2024; Sreenivasan and Suresh, 2024; Verganti et al., 2020)  

 

Sreenivasan and Suresh (2024) suggest that the iterative nature of DT complements AI’s 

capacity for continuous learning and adaptation, thereby creating dynamic innovation 

processes, as AI can identify trends in large datasets more efficiently than humans. This can 

accelerate the iterative process while DT refine solutions and inspire creative ideas through 

further iteration. Also, AI has the capability to test ideas and measure their large-scale 

influence. (Dennehy et al., 2022; Garbuio and Lin, 2021; Sreenivasan and Suresh, 2024) The 

study of Garbuio and Lin (2021) pinpoints how abductive reasoning, a core principle of DT, 

benefits from AI’s ability to analyze large datasets and generate plausible hypotheses at scale. 

AI does this by offloading the cognitive load required for synthesizing complex information 

by humans, thus effectively augmenting designers’ and innovators’ capacity for insight 

generation. Therefore AI inherently supports abductive reasoning by transforming 
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unstructured data into structured insights, and can function as an extension of tools, allowing 

innovators to focus their cognitive efforts on higher-level conceptual exploration and 

problem-finding rather than, for example, manually organizing data (Garbuio & Lin, 2021).  

 

Additionally, a study by Chen et al. (2025) provides significant insights into the cognitive 

underpinnings of a novel design methodology named Generative DT Models (GDTM). 

GTDM represents an important evolution in the cognitive processes underlying design, 

transitioning from traditional manual techniques, such as pen-and-paper sketching, to 

digitally-assisted and algorithm-driven methodologies. Their findings suggest a positive 

relationship between cognitive engagement duration and knowledge acquisition/expression, 

emphasizing that time allocation for such tasks is important in supporting cognitive 

processing throughout the design process. Empirical testing further validated this insight that 

designers employing GDTM achieved significantly higher design efficiency compared to 

traditional approaches. However, Chen et al. (2025) note that cognitive load in design 

processes is dynamic and increases with task complexity. These findings seem apt for a mixed 

approach where human cognition and machine learning continuously interact with each other, 

and the author indicates that the multi-task management expected of designers can create 

considerable mental demands on them that is worthy of consideration (Chen et al., 2025).  

2.4.5 Integrating GenAI with Design Thinking  

There is evidence suggesting that GenAI tools, such as ChatGPT, have the potential to take 

over certain aspects of human roles in the creative process, including in DT. For example, 

several recent studies indicate that consultants completed tasks more quickly and with higher 

quality using GenAI, even surpassing human performance in idea generation. (Polster et al., 

2024) Nguyen and Nguyen (2024) point out that the use of GenAI tools can lead to greater 

originality and surprising details in ideas compared to those developed without AI access. 

Additionally, GenAI tools can critique human-generated ideas, providing valuable feedback 

that helps refine concepts and raise the overall quality of the design process. However, it is 

essential that the information generated by GenAI is critically evaluated, with humans 

assessing AI-generated ideas while simultaneously adjusting them based on their own input. 

The collaboration between humans and computers nurtures a level of creativity that neither 

could achieve alone. (Nguyen & Nguyen, 2024) Building on this, engagement with GenAI 
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tools can augment human expertise, creativity, and problem-solving skills (Nguyen & 

Nguyen, 2024; Polster et al., 2024). 

2.4.6 Understanding AI Tools in Design Thinking 

More research is necessary to fully comprehend the integration of AI tools and DT, 

particularly in identifying which phases of the DT process would benefit most from AI 

implementation. Although both subjects have been studied independently, there has been 

limited research on their intersection. (Sreenivasan and Suresh, 2024). Discussed by several 

authors (Corvello, 2025; Dennehy et al., 2022; Nguyen & Nguyen, 2024; Polster et al., 2024; 

Sreenivasan & Suresh, 2024) the integration of AI and DT should, nevertheless, be viewed as 

complementary forces rather than replacements for humans, thereby positioning AI as an 

assistant rather than a decision-maker. As stated by Nguyen and Nguyen (2024), AI tools can 

generate vast amounts of information, which means that users need to possess the skills to 

effectively navigate, filter, seek clarification when needed and integrate with the provided 

data.  

 

The evaluation of AI-generated information can be approached from two different 

perspectives, focusing on how users engage in idea generation with AI and how they assess 

the information generated by the AI (Nguyen & Nguyen, 2024). The previously mentioned 

can be connected to affordance theory, where an affordance can be described as the link 

between characteristics of the object and an individual's abilities to understand how the object 

can be used, which means that the affordance is relational and depends on both the object's 

features and the person's capabilities. It has previously been practiced in various disciplines 

and, in recent years, has been used to explore the potential of new technologies. Grasping the 

concept of affordance is important for comprehending the technological and social 

dimensions of implementing new technology within an organization, as users seek to achieve 

specific outcomes by utilizing the technology. (Polster et al., 2024) In accordance with this, 

Nguyen and Nguyen (2024) emphasize that users evaluate AI-generated information based on 

various factors, including their experience, knowledge, understanding of the design context 

and reflective practices, as well as their beliefs, motivation and adaptability. In their study 

they observed that participants were able to ask ChatGPT questions quite effortlessly.  
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However, not everyone engaged in reflective thinking or iteratively evaluated the responses 

they received to enhance their solutions, which may be attributed to their familiarity with 

ChatGPT and their perceptions of how it could be utilized effectively. Therefore, they 

propose that increasing familiarity and knowledge of AI tools could foster a more reflective 

engagement with technology (Nguyen & Nguyen, 2024). Various AI roles can be defined or 

assigned, accompanied by reflective questions that encourage individuals to independently 

initiate feedback on the collaborative development between humans and AI. It is underlined 

that an iterative and reflective approach to utilizing tools like GenAI is closely linked to the 

evaluation process. Even though these systems can provide valuable information in the DT 

process, users must take the time to reflect on and assess the responses generated by the AI 

(Nguyen & Nguyen, 2024).  

 

A related challenge is ensuring that UX practitioners and their developers and engineers in 

their teams collaborate effectively. Muralikumar and McDonald (2024) observe that UX 

teams often struggle to gain full partnership status in AI-driven projects where they instead 

are treated as a “service” rather than co-creators of the technology. The authors point at 

disciplinary differences, that UX designers may lack the technical fluency to understand how 

AI models are trained or behave post-deployment, although machine learning teams may 

overlook user-centered perspectives until late in development. Muralikumar and McDonald 

(2024), suggest that specialized “groupware”, a computer-based system that supports groups 

of people for collaboration and iterative co-creation that can be shared and tested. In terms of 

DT, such platforms could become highly relevant as frequent iterative testing is important for 

the end product, while it also remedy the cross-disciplinary illiteracy seen in language 

assistance, reducing communication barriers. (Muralikumar and McDonald, 2024) 

2.4.7 GenAI and Design Thinking: two practical cases  

The integration of GenAI into DT processes offers both potential and notable constraints. 

Polster et al. (2024) highlight that although AI tools like ChatGPT can both improve 

efficiency of tasks and simultaneously also undermine collaboration and creativity, which is 

critical during workshop discussions. Participants engaging with AI-generated outputs 

showed reduced communication with each other that led to fragmented workflows and 

diminished creative energy. The study also showed that participants may unintentionally 

neglect AI-generated ideas, as they value the collaborative process of idea creation within a 
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team and lack any emotional connection to the AI-generated results. Moreover, many 

participants, especially those with less familiarity with AI, found refining AI outputs to be 

time consuming and disruptive to their creative flow. A notable concern was the lack of 

emotional connection to AI-generated ideas, making participants less motivated to engage 

deeply with them. 

 

To address these challenges, Polster et al. (2024) suggest structuring AI’s role carefully, and 

to provide AI-generated inputs before workshops than during, thus limiting AI use to specific 

phases and offering training to maximize AI collaboration benefits. Similarly, Niforatos et al. 

(2024) observed that while GenAI tools like Midjourney effectivized certain creative parts for 

UX designers, they did not necessarily produce better UX results compared to traditional 

methods. The authors argue that to prevent AI from constraining creativity, design tools 

should promote pluralism by generating multiple variations at a zero-shot prompting level 

and providing a traceable record of generated outputs.  

 

To fully grasp a user’s perspective and respond to their needs, several authors conclude that 

empathy is needed (Chang & Tsai, 2024; Magistretti et al., 2024; Polster et al., 2024; 

Sreenivasan & Suresh, 2024; Tham et al., 2022), which can be defined as the ability to 

perceive and experience the feelings of others to develop good design. Therefore, empathy 

means to let go of ingrained assumptions, and solely focusing on an understanding of 

emotions, ideas and worldviews of the users. Empathy Maps (EM) are commonly used during 

DT and user-experience (UX) processes to gain user insights. An EM consists of four squares, 

involving, ‘says’, ‘thinks’, ‘feels’ and ‘does’ to highlight user needs conducted from an 

interview. However, the process of creating EM is very time-consuming, requires multiple 

professionals' perspectives that alternately iterate while analyzing the data and it could also be 

expensive. An automatization of the creation of EM’s, by applying machine learning 

algorithms to process data from user interviews, could both save time when doing research on 

user needs and potentially increase the quality of the output. Even so, there is an absence of 

research related to this area despite technological availability. (Higuera & Macias, 2024) It is 

emphasized that automation must be complemented by human expertise to interpret data  

effectively. For this reason, the automated process of creating EM’s means a first version that 

could and should be modified with human integration (Higuera & Macias, 2024). 
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2.5 User-experience (UX) as Design Thinking in practice 

The scientific discourse on DT describes the theoretical foundations and cognitive approaches 

that are inherent in the design discipline (Chen et al, 2025). 

The definition of UX in the design paradigm is discussed by Stige et al. (2024) from different 

points of views, where they highlight the definition made by Yang et al. (2020) from their 

literature review as:  

“... an overall experience, which includes all aspects of user interaction with products or 

services”  

but also Verganti et al. (2020) design principles as they describe:  

“... the perspective and philosophy that inform the act of designing, and that constitute an 

ontology of what design is”  

Stige et al. (2024) concludes that the common ground these definitions share is the 

user-centered focus, how they experience the designed digital solution. Thus, an interpretation 

is that UX is the holistic understanding of multiple user experiences through their journeys of 

interaction with the product. 

 

According to Stige et al. (2024), the UX design process is a systematic approach to creating 

digital artifacts or services that align with end-users' needs and expectations, seen throughout 

the lifecycle of said product. A critical part of designing UX is following a predefined and 

established process where piloting, testing, and refining are key elements. The user-centered 

design is highlighted as a fundamental framework in this process, focusing on placing users at 

the core of product design and development. This approach is one of the most widely used 

techniques for designing UX for digital solutions. Stige et al. (2024) define user-centered 

design as a “design process, which consists of identifying the needs and requirements of the 

user, generating ideas, and evaluating them to satisfy the needs and requirements”. The 

process includes the participation of UX and UI designers and developers with certain 

responsibilities when it comes to ideation, design and development phases of the product. 

They need to account for multi-stakeholder engagement, such as the one ordering the product 

and the end-user. (Stige et al., 2024) 

 

Stige et al. (2024) also stress that it is the overall user-experience that matters and failing to 

account for these aspects has led to non-use by end-users as they have experienced 

technostress and fatigue. Designers are indeed tasked with the dual challenge of 
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understanding the problem to be solved (Problem setting) and developing a solution (Problem 

solving). This requires a blend of creativity and empathy to uncover the root causes of issues, 

combined with problem solving skills and collaboration to find the best possible solution. 

 

The integration of Generative AI into UX workflows presents additional challenges. Vacanti 

et al. (2024) note that UX and UI implications of AI-driven innovation remain underexplored, 

despite the field's increasing relevance in creative industries. They point at the synthetic loop 

problem, where AI models begin training on AI-generated content, as problematic for 

feedback loops and bias reinforcement in creative output, potentially leading to amplification 

of stereotypes and inaccuracy. Underling, an interpretation of Vacanti et al. (2024) is that such 

technologies, if used poorly or without transparency, could lead to discriminatory and 

unwanted design choices. Stige et al. (2024) findings in their extensive literature review on 

how AI is currently used to support or enable UX design processes, suggest that AI is mostly 

used in the design solution step, followed by AI to automatically develop the solution. The 

remaining articles move beyond the process to the evaluation of the design solutions by AI, 

remaining in the problem solving sphere. Besides the use of AI for specific steps during the 

design process, Stige et al. (2024) underscores that some studies propose the use of AI tools 

and AI-enabled approaches for helping designers understand more effectively and more 

efficiently the context of use of their digital solutions.  

 

Stige et al. (2024) recognized 3 overarching themes when analysing their results.  

Theme 1 automating the design process with AI regards the idea of automating the design 

process with AI to automate tasks that are typically time-consuming or repetitive. AI should 

be introduced not simply because it is feasible to do so, but rather  for work-tasks that require 

considerable manual work. This requires a detailed understanding of designers’ everyday 

work, as well as the prioritization of AI applications in high-overhead tasks.  

 

Theme 2 (Co)creation with AI discusses the potential of co-creation with AI. This theme will 

lead to decisions about what type of skills and competencies that designers will need to 

possess and in who can and should be a part of the design process. Stige et al. (2024) note that 

AI tools may allow end users to contribute more directly in the design process, echoing the 

user-centered switch from “user as subject” to “user as partner” that can increase the inclusion 

of a broader range of users by making processes more accessible. However, this transition 
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also requires designers to develop new technical competencies (AI techniques and data 

handling) and adapt organizational workflows for such an endeavor. 

 

Theme 3 negative effects of AI use in digital design:emphasize that understanding the 

potential downsides of AI in the design process is essential for developing responsible 

adoption practices (Stige et al., 2024). Incorporating AI may increase designers’ stress levels, 

introduce barriers to tool usage, or even reduce a designer’s sense of responsibility for final 

outputs. Another concern is that designers might become passive users of AI-generated output 

and thus neglect their own expertise in favor of automated outputs, eventually losing 

understanding to how they derive certain insights. Accordingly, exploring how to embed 

explainability in AI algorithms for outputs on how the system functions, is important for 

transparency and adoption. Thus ensuring transparency and explainability while consistently 

sharing descriptives of definitions can help mitigate these risks. 

2.6 Generative AI Literacy 

An emerging perspective within the topic of GenAI adoption is the notion of Generative AI 

literacy. Annapureddy et al. (2025) propose twelve defining competencies that move beyond 

basic awareness of LLMs and GPTs, such as ChatGPT, and showcase different aspects of 

importance to fully grasp and thus use GenAI tools effectively. These competencies 

encompass basic AI literacy, knowledge of generative model capacity and limitations, skill in 

tool usage, and the ability to detect and critically assess AI-generated content. 

While prompt engineering is widely cited as a critical skill, these authors argue that genuine 

literacy in GenAI requires  a foundation in contextual, ethical and legal considerations.  

The first number of competencies can be clustered, as they reflect a foundational 

understanding of how GenAI works, how it is trained on large datasets and produces novel 

output rather than simple retrieval (Annapureddy et al., 2025). These prepare the user for 

what GenAI tools can handle and what limitations exist, which reduces ambiguity of its use 

and potentially reduces overreliance and trust of its output. The second cluster, focused more 

on practical application, discusses the competency to select the right model for the right task, 

use prompt-engineering techniques effectively and how to tune hyperparameters where it is 

necessary, the latter being the level of creativity of the model. Moreover, the authors stress 

that users should understand that prompt engineering must be paired with critical assessment 

of generated ideas, including the ability to identify “hallucinations” and verify information in 
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a reliable way. Likewise is the importance of privacy and integrity concerns when feeding 

data into these models. (Annapureddy et al., 2025). Lastly, the final step seen to these 

clusters, is the central perspective that GenAI is not static, but evolves at an unprecedented 

haste. The authors recognize this by positioning continuous learning as influential for all of 

these aspects previously mentioned (Annapureddy et al., 2025), to enhance technical methods 

and guidelines as the models improve. Moreover, as this perspective on continuous skill 

development shows some overlap with prior mentioned AI literature that further underscores 

the need for flexibility in practices (Corvello, 2025), Annapureddy et al. (2025) work 

specifically shows how it translates to GenAI tools. Moreover and interestingly, that prompt 

engineering whilst still important to maximize its usage, also demands multifaceted skills to 

utilize GenAI tools proficiently. This perspective could add nuances to the discussion and 

potential in developing possible solutions to identified tensions. 

2.7 Summary of the Literature Review  

The literature addresses both the transformative potential and the inherent complexities of 

integrating AI and GenAI into Innovation Management and DT. A recurring argument is that 

AI offers powerful capabilities for augmenting human decision-making by automating routine 

tasks to managing vast data sets, thus accelerating iterative processes. This is particularly 

relevant in what is described as the fuzzy front end of innovation, or the exploratory stages of 

problematization and thus understanding of customer needs, where early stage ideation and 

empathy work often require extensive user research and sensemaking of problems and 

possible solutions. On the other hand, a range of organizational, cultural, and ethical 

challenges emerges, including employee resistance, algorithmic biases, and concerns about 

transparency and legal concerns. Beyond the technology’s operational potential, and although 

difficult to discern given various interpretations of AI, researchers seemingly debate whether 

GenAI primarily automates or augments work. Many suggest a dual role of GenAI where 

automation can streamline certain activities (data processing, idea filtering) and augmentation 

supports creativity and user empathy, tasks that benefit from nuanced human judgment where 

complexity resides. Following chapter will explain the research design and decision made in 

this study, and showcase how data collection was carried out. 
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3 Research Design  

3.1 Research Approach and Rationale 

This research adopts a qualitative, inductive research approach using a single case study to 

examine how Generative AI (GenAI) tools influences the UX work process for services 

internally in Volvo Group. Given the study's focus on understanding the applicability of 

GenAI within Volvo Groups unique context, the research engaged experts' opinions on the 

topics to provide external perspectives while conducting internal interviews, with a detailed 

rationale provided in section (3.1.1). The study follows an instrumental case study design 

(Bell et al., 2022, p. 63) with the presence of intrinsic elements, as the study is partly 

motivated by a desire to understand the unique challenges and structures within Volvo Group, 

particularly its decentralized UX environment and ongoing pilots.  

The balance between instrumental and intrinsic design depended on factors such as the 

availability of internal and external respondents and the extent to which similar cases have 

been documented in previous research. To provide a solid theoretical foundation the inclusion 

of Innovation management, DT and UX design, in connection with AI were conducted in a 

systematic literature review, to cover a broad cross-disciplinary literature search relevant to 

the study utilizing the search engine Scopus. Reviewing these theories helped position the 

study within existing research and identify knowledge gaps. Since GenAI is a relatively 

recent development (2.2.1), flexibility is required in defining AI to ensure that valuable 

theoretical and empirical insights from prior studies are incorporated. 

An initial structured literature review was conducted early to inform the interview design, 

with further refinement and additions occurring in parallel with data collection and analysis. 

Rather than applying a rigid theoretical model, the study uses its theoretical framework as a 

guiding lens, allowing findings to emerge organically from the collected qualitative insights 

in an abductive manner in analysis (Bell et al., 2022, p 25). The research plans to generate 

in-depth and context-specific knowledge that contributes to both academic literature on 

GenAI, DT and Innovation Management, and to develop practical recommendations for 

Volvo Group (Bell et al., 2022). 
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3.1.1 Interview Logic 

To obtain the relevant information to answer the research question on ‘How does Generative 

AI influence early UX work processes in a large organization?’, two groups of UX 

practitioners and UX leads were identified. UX practitioners are the group conducting user 

experience tasks through a variety of tools and methods. Since the paper directly asks how 

these processes can be influenced by GenAI, it is critical to collect information on their tasks 

and challenges, and probe how and why they use AI applications at work, as these individuals 

would be the primary end users of AI implemented solutions in UX. Understanding their 

perspective is key in assessing the effect of GenAI on UX work as these insights will only be 

impactful if it enhances how insights are translated into feature prioritization and product 

development decisions, thus including both groups as necessary. Lastly, other experts in fields 

regarding GenAI, Design and DT were scouted to enhance the picture of current practices and 

use-cases of GenAI in organizational contexts. 

The study applies semi-structured interviews over quantitative measures for several reasons. 

First, semi-structured interviews offer the opportunity to derive more comprehensive and 

nuanced insights from each participant, while also providing the flexibility to investigate 

emergent topics as they arise (Bell et al., 2022, p. 429). This level of adaptability is 

particularly important in a qualitative context centered on open-ended questions, where online 

surveys as an example, frequently prove less effective. In addition, because our inquiries 

involve organizational policies and attitudes and nuanced use of GenAI tools, we anticipated 

that respondents would feel safer and more inclined to disclose how they operate during 

one-on-one discussions than when typing their answers into a survey platform. Furthermore, 

the semi-structured format offered a balance between consistency across interviews while 

remaining adaptable to probe further in emerging themes, a flexibility that structured formats 

would not allow. It also ensured that no matter who led the interviews, the format enabled 

greater comparability in interview style (Bell et al., 2022). 

The interview-guide with thematic questions was designed to flow naturally, starting with 

background information and their mission, to then probe deeper into more specific questions 

about certain practices, tools, and perspectives on generative AI (Appendix 8.3). The idea was 

that the interview guide would be applicable to the respondents convenience, thus to work 

both in-person and through virtual platforms for 45 minutes to 60 minutes meetings. The 

following criteria, if conducting the interview online, is to allow for some extra seconds for 
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respondents to reply based on the delayed nature of responses (latency) and understanding of 

potential loss of emotional connection (Bell et al., 2022). The convenience of online meetings 

lies in increasing respondents acceptance rate, by eliminating geographical distances and 

associated costs and time allocation, thereby broadening the pool of potential respondents 

(Bell et al., 2022). All interviews were audio recorded and the interviews were transcribed 

verbatim by using transcription services, and corrected through re-listening of the interviews. 

3.1.2 Interview Sampling 

A purposive typical case sampling logic was applied (Bell et al., 2022. p, 388-391),  

beginning by ensuring we get representatives from each of the three divisions who hold the 

UX service development functions for Volvo group: Volvo Connected Solutions, Volvo 

Digital & IT and Volvo Group Design. By sampling across these groups, the study aimed to 

capture the unisom UX practices, organizational culture and openness to Generative AI 

integration that build up the user journey.  

The aim was to ask an equal number of UX practitioners from each of these groups until 

saturation, to get a more holistic picture from the potential different cultures and work 

practices when we examine GenAI application on UX work. Although there was an initial 

expectation of divergence between divisions, interviews indicated strong thematic similarities 

across groups. Ultimately, nine internal interviews were conducted (Average duration: 55 

minutes), thematic saturation was tentative, meaning that the final interviews did not reveal 

any substantially new insights regarding perceptions, uses or challenges associated with 

GenAI. Simultaneously, three additional expert interviews were conducted to enrich the 

analysis with external perspectives. The data was analyzed through the Gioia method (Bell et 

al., 2022, p 540), on a sentence level and was considered sufficiently rich to provide a holistic 

understanding of UX practitioners and managers perspectives on Generative AI’s influence 

on UX work processes within the case. The sampling strategy remained flexible throughout 

the study. Snowball sampling was encouraged so participants could recommend other 

relevant individuals with experience with GenAI tools in UX contexts of case critical 

character (Bell et al., 2022. p, 394). However, many had schedules issues and some never 

replied which resulted in no respondents included in this way. 

Thus, the participants represented a range of seniority, non-seniority and UX employees in 

manager positions from each of these divisions. This diversity enabled the researchers to 
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analyze differences in experiences and perceptions across the organizational hierarchies. In 

the analysis phase, respondents were tagged with labels: managers (MA), practitioners (PR) 

and experts (EXP) to capture further nuances.  

3.2 Keyword and Systematic Literature Review.  

As outlined in section 3.1, the review focuses on literature intersecting AI, DT and Innovation 

Management. These are related streams of literature of interest to identify and discuss how 

AI, and GenAI, can assist in cognitive demanding tasks in the fuzzy forefront of innovation to 

research and identify underlying problems for the intended user. A Systematic literature 

review allowed the researcher to examine this context while enabling a transparent, replicable 

process  (Bell et al., 2022), that ensures relevant keywords from both fields are included in 

the search, enforcing the coexistence of both perspectives in the body of literature to get a 

foundational understanding.  

 

Furthermore, adopting a structured review approach aligns with the study’s goal of 

systematically mapping knowledge on the intersection of AI, DT and Innovation 

Management, rather than imposing a predefined theoretical framework. As this research took 

a qualitative inductive path, the structured literature review serves to establish a theoretical  

objective foundation to reduce researcher biases (Bell et al., 2022, p. 94), allowing new 

insights to emerge throughout the research process. This approach ensures that existing 

discussions, key themes, and knowledge gaps are identified while maintaining flexibility for 

further theoretical refinement. To achieve objectivity in literature selection and reduce bias in 

reviewing prior work, a systematic keyword search was applied. The search included author 

names, article titles, DOIs, abstracts, issues, and pages to maximize relevant document 

retrieval. To ensure rigor and consistency, inclusion and exclusion criteria were predefined 

and discussed internally, utilizing synonyms and related terms to expand coverage (Bell et al., 

2022, p 105). 

 

Both authors independently reviewed abstracts, comparing them against the 

inclusion/exclusion criteria to reduce the risk of overlooking relevant studies or including 

irrelevant ones. For example, articles were excluded if AI was only mentioned in technical 

applications (e.g., regression models in Python) rather than in the context of Generative AI 

and innovation management. Although this selection process introduces some interpretative 

 



 

38 
bias, it was mitigated through independent review and cross-validation by the researchers to 

address the issue of subjectivity that otherwise is a main critique from the quantitative field 

when conducting qualitative research, that the literature are ‘cherry picked’ and thus influence 

the end result (Bell et al., 2022. p 375).  

AI-Related Keywords Design Thinking & Innovation Keywords 

Artificial Intelligence, AI, Generative AI, Large 
Language Models 

Design Thinking, Innovation Management, 
Democratization of AI, Human-Centered 
Design, Generative Design, Employee-Friendly 
Implementation, UX design  

 
To ensure further relevance, articles were limited to Social Sciences and Business, 

Management, and Accounting, resulting in 326 articles where 58 were marked relevant. An 

additional Scopus search was conducted to objectively add articles with UX design in 

conjunction with AI-Related keywords, that provided 121 articles for review where 16 where 

marked relevant. The authors first screened a couple abstracts together then separately, 

marking them for inclusion before an initial discussion meeting. Potential differences in 

selection were handled through interval sampling and were reviewed collaboratively by the 

authors, and the process was supplemented with additional readings of relevant streams of 

literature as they emerged from the empirical evidence. The structured approach aims to 

strengthen objectivity and transparency in the literature selection process while allowing 

flexibility for theoretical refinement. A snapshot of this process is given in Appendix (Figure 

7), and the data sheet can be handed out on request.  

 

Special attention was given to the conceptualization of key terms such as AI and DT, as 

misinterpretation or overgeneralization of concepts can lead to Type I errors, perceiving 

phenomena where they do not exist. Such errors would undermine the study’s trustworthiness 

and authenticity when conducting the interviews (Bell et al., 2022, p. 369), especially in 

qualitative research where context and nuance are paramount. To address this, the research 

adopts a sensitizing approach to concepts in the literature review, which allows for flexible 

and nuanced interpretations, thereby creating a fuller and more accurate picture of the 

phenomena under study (Bell et al., 2022, p. 367). 
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3.4 Limitations 
One aim of the study was to expand the understanding of how generative AI influences UX 

work processes in a large organizational setting. Thus, effort was made to figure out where 

the majority of these personnel worked and how we could reach them, and to include UX 

designers/ Senior UX Designers, as well as UX leads to achieve a managerial perspective of 

processes and tools of use in early product development. Sourcing was done through searches 

on Linkedin and attempts to connect there and on email gave positive results. Even though 

purposive sampling was the primary strategy to ensure relevance to the research objectives, 

the final selection of participants was also shaped by practical availability constraints. Thus, 

some elements of convenience sampling were present, as participation depended on 

respondents’ willingness and availability within the limited time frame of the study which 

may further hamper generalizability of the study (Bell et al., 2022, p. 200). Thus, the UX 

coverage may not fully represent all UX roles or perspectives across the organization, as well 

as to amplify the perspectives of those interested in GenAI. 

 

The approach primarily captured perspectives from respondents situated within broader 

organizational contexts, rather than deep-diving into every specific team workflow, to capture 

perspectives of the whole user-journey. Moreover, the division between UX-designers/Senior 

UX-designers and UX-leads/UX-managers allows us to view differences in perspectives at a 

high level, but generalises their varying skill-sets and different disciplinary backgrounds. 

Furthermore, the signaled tentative data saturation was not confirmed with an additional 

interview based on scheduling and time constraints. Thus, although we searched respondents 

through purposive sampling and reached individuals from each division, the sample is tied to 

availability rather than ultimate research goals, as we could not force them to participate in an 

interview. The researchers' collaboration with Volvo Energy may have helped with higher 

response rates during recruitment of the UX chapter, likely due to the company name. This 

introduces an element of access based convenience, where the sample reflects who was 

accessible and willing to participate. At the same time, it also enabled deep insight into 

organizational context and GenAI related developments that might have otherwise been 

inaccessible due to reduced responses and less openness during interviews, which is valuable 

for the transferability of the findings. 
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Another limitation is that although we discussed our definition of AI in beforehand the 

interviews, we did not want to force the explanation when asking the respondents and thus 

used the wording AI when asking the initial questions. The common phrasing for the 

respondents used AI when describing image generation and novel outputs, thus following our 

definition compiled in (2.2.1). The description and question regarding the likes of ChatGPT 

and other tools appeared during the interview, to see how they described AI in the first 

instance. In the end, we have to trust that the respondents are aware of certain boundaries of 

what constitutes GenAI in their daily work, and this understanding may inevitably vary. 

Although the vast majority discussed GenAI through ChatGPT and Midjourney examples, 

their definitions may influence the analysis stage of the empirics as their understanding of 

GenAI becomes embedded in the empirical material and influences the findings.  

3.5 Research Quality and Trustworthiness 

The researchers employ Bell et al. (2022, p 369) evaluation criteria for qualitative research. 

These include credibility, dependability, transferability and confirmability to assess the 

trustworthiness of the study. 

3.5.1 Credibility 

Credibility was ensured through early collaboration with our supervisor at Volvo, who 

explained the different relationships and contextual understanding of how they operate. The 

authors purposefully selected respondents based on their relevance to the research objective 

through LinkedIn sourcing, where some respondents went through gatekeeper-facilitated 

access. Due to availability, the sourcing generated nine respondents from Volvo Group and 

three expert opinions on Design and UX work. The interviews were conducted between 

late-February to the beginning of March. The final selection of respondents was partly shaped 

by participants availability, introducing some elements of convenience sampling. The last 

interview from Volvo Group indicated emerging signs of tentative data saturation, as it 

provided little variation to other respondents' responses but was not confirmed by an 

additional interview. The semi-structured interview format designed with flexibility in mind 

allowed for sufficient depth and adaptability in data collection within the time constraints of 

the study. While participation was generally positive, the final sample was shaped by practical 

constraints, and some participants' knowledge of GenAI applications varied. This could limit 

some technical depth in some interviews, but variation also enriched the exploration of 
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different adoption stages. Nevertheless, all participants contributed valuable perspectives on 

how GenAI influenced and might influence UX work. 

3.5.2 Dependability 

Great effort was conducted to ensure dependability. Seen from the literature, the formal 

structured literature approach ensured that the academic backbone were objectively chosen, 

thus reducing potential bias regarding GenAI and ‘hyped’ seen to application areas. 

Furthermore, using a consistent interview format based on the conducted initial-literature 

review ensures that questions are of relevance while at the same time increases our ability to 

catch interesting probing questions. Further, the data was coded on a sentence level, enabling 

emerging themes and patterns from the data. Two additional interviews were then added 

independently and coded into the constructed second-ordered themes.  

3.5.3 Transferability 

Although this study focuses on a single case within a specific organizational context, we aim 

to support transferability by providing a detailed description of the company's UX structure 

along with GenAI initiatives and UX work processes. Volvo Group represents a large, mature 

and decentralized organization that is integrating AI solutions across the organization, and we 

look into GenAI applicability in UX related work. These organizational conditions are shared 

by other industrial firms engaging in similar innovation processes, where UX connection to 

direct end-user interaction is structurally limited with internal GenAI infrastructure. Thus, by 

deep diving and generating vast amounts of data, we hope that through thick-description 

readers can assess the relevance and applicability of the findings to other organizational 

contexts facing comparable challenges with GenAI adoption in user-centered design 

practices. However, given that GenAI adoption was still emergent during data collection, 

transferability may be more applicable to organizations at similar early maturity stages of 

GenAI integration. 

3.5.4 Confirmability and Reflexivity 

The interpretive and abductive nature of the analysis, it is important to reflect on the role of 

the researchers in shaping the outcome of the study. The authors approached the study with a 

strong commitment of objectivity and replicability, by choosing a structured literature 

approach in effort to produce an objective theoretical foundation. Empiric evidence was 
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handled with care: all interviews were recorded and transcribed verbatim, ensured by 

listening by either writing or correcting automation mistakes. During the analysis, procedural 

steps such as joint coding and iterative collaborative theme discussions of the sentence-level 

analysis were done in tandem to limit single assumptions. These coding were initially done 

jointly by the authors for two interviews, and later handled separately until it was time to 

create second order-themes: these were debated and created jointly that lasted over a 

two-week period to strengthen analytical rigor and consistency, aligning interpretations across 

more than 900 coded citations to mitigate individual bias in theme development.  

 

We acknowledge that our backgrounds and assumptions inevitably influenced interpretation. 

Our shared academic interest regarding innovation, DT and AI may have sensitized us to 

particular framings of GenAI as either an opportunity or a threat and may have influenced 

which insights we deemed most important, although such biases were actively discussed. For 

example, as the experts saw that GenAI output can be screened by professionals for 

inaccuracies, they also mentioned loss of tacit knowledge through augmentation of tasks and 

reduced competency generation. Similarly our engagement with Volvo Group and the 

practical realities uncovered during interviews may have influenced which insights we 

deemed most important.  

3.6 Abductive reasoning Approach 

This research adopts an abductive reasoning approach for analysis where empirical insights 

and theoretical exploration continuously informed and shaped the additional theories and 

ultimately discussions carried out (Bell et al., 2022, p. 25). From the beginning, the authors 

strived for and inductive grounded approach based on the empirical findings, and as the initial 

structured literature review established a foundational understanding of the intersection 

between GenAI, DT and UX work processes, it became evident during the interviews that the 

respondents and the organization was undergoing significant changes related to AI 

integration. Participants referenced evolving internal structures with leadership driven 

initiatives around AI adoptions. The described experiences of anxiousness regarding new 

tools and a lack of its proper use to social dimensions called for the inclusion of Weick’s 

(1996) concept of sensemaking. Furthermore, as interviews progressed, recurring themes 

around the desire for new skills, role adaptations and tensions between human expertise and 

AI capabilities, in large matched discussion found in the literature review around the 
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automation and augmentation discussions amongst others, but further inclusion of theories 

matching this interplay were sought after. Thus, the empirical findings affected the theoretical 

frame, by including relevant theories as they emerged. The method might end up in a case of 

interpretive research, as the dialogical inference between theory and empirics results in 

reflective narratives as the end product, in which we seek explanation of one phenomenon 

from other related theories. The empirical material was developed inductively following a 

grounded approach (Bell et al., 2022, p. 539), while the discussion chapter adopts an 

abductive logic connecting findings to broader literature of Innovation Management and DT 

connected to GenAI and AI, with additional articles on GenAI research.  

3.7 Empirical Material and Gioia Analysis 

3.7.1 Context and Participants 
To provide a transparent overview of the interview participants and how they were 

categorized in the analysis, Table 1 presents all respondents with the following ID for 

anonymization, titles and interview duration, and role codes used in the Gioia analysis (PR = 

Practitioner, MA = Manager, EXP = Experts). As noted earlier, respondents from Volvo 

Group are grouped collectively as one UX unit.   

3.7.1.1 Ethical considerations 

Ethical integrity was prioritized throughout the research process. All participants were 

informed of the study’s purpose and that they at any time could cancel the meeting. Informed 

consent was obtained verbally at the beginning of each interview where they had to agree to 

being recorded. Because some statements could be viewed as sensitive, we decided to name 

the external experts who explicitly consented to being identified, while anonymizing all other 

participants to protect their privacy, hence some titles have been modified. 
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Table 1: “Respondent presentation” 

Company/institu
tion 

Title Name Interview 
time 

ID Gioia first-order marker (PR 
= practitioner | MA = 
Manager | Experts = EXP) 

Volvo Group UX Designer - 57 min 1 PR 

Volvo Group Senior UX 
Designer 

- 54 min 2 PR 

Volvo Group UX Research 
Lead 

- 1:09 min 3 MA 

Volvo Group UX Designer  - 56 min 4 PR 

Volvo Group Expert 
Service 
Designer 

- 55 min 5 MA 

Volvo Group UX Designer - 54 min 6 PR 

Volvo Group Head of UX  - 52 min 7 MA 

Volvo Group UX & 
Service 
Design 
manager 

- 51 min 8 MA 

Ambition PHD Designer & 
Educator 

Pontus 
Wärnestål 

1:07 min 9 EXP 

RISE Researcher 
Design 
Thinking 

- 45 min 10 EXP 

University of 
southern 
Denmark 

Professor of 
Innovation, 
Design and 
Management 

Alf Rehn 58 min 11 EXP 

Volvo Group Lead UX 
Designer 

- 45 min 12 MA 

 

3.7.2 Gioia Method 

Detailed rigour was used to find hidden themes and perspectives through the use of a Gioia 

method sentence analysis to view emerging perspectives from the data. The approach is 

grounded in two core assumptions: that participants are knowledgeable agents capable of 
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articulating meaningful perspectives on their organizational experiences, and that researchers 

must give voice to informants before imposing theoretical interpretations (Gioia et al., 2013; 

Bell et al., 2022), which we sought to achieve through sentence-level coding, to reduce the 

potential loss of context as the sentence-level coding create intimacy with the data (Bell et al., 

2022, p. 544). 

 

The time of interviews was approximately 55 minutes long, and each interview provided 

around 90 first order concepts. Analysis on such detail is good to provide rigor in data 

gathering, but also risks cluttering the analysis while being time consuming. Thus, we applied 

a preliminary clustering process of concepts into seven main categories that we thought 

would answer the RQ, enabling some categorisation before finding common second-order 

themes during analysis. This was deemed necessary as the researchers found themselves with 

950 descriptive first-order concepts at the time. The preliminary clustering process allowed 

for further detailed separation into more second order themes, to later reconfigure these 

second-order themes into dimensions. Labels for practitioners (PR), managers (MA) and 

experts (EXP) were used to trace role-specific patterns and divergences in perception. 

However, since our interviews weren't structured but semi-structured, some deviation on how 

and what questions were asked might dilute such a comparison. Despite these deviations, 

several common themes recurred across roles, and interview direction often varied by 

organizational position, allowing for meaningful cross-roll comparison. 

3.7.3 Finding Structure 

During the analysis stage, we used google sheets to organize each statement and to allow for 

quick and fast reorganization of the large amount of data that we had. Both authors 

participated in the divisions into second-order themes spending a week's time iterating and 

discussing and deciding where statements should be allocated, to reduce single subjectivity. 

Below is a snapshot of the dataset, to keep track of statements and first order concepts. 

Once the second-order themes were established, the researchers engaged in gestalt level 

synthesis, stepping back to identify overarching conceptual patterns.  

 

This led to the emergence of five aggregated dimensions, which captured broader areas of 

influence relevant to the research question of how GenAI influenced early UX work in a large 

organization. Each second-order theme was assigned with a numeric ID to support 
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spreadsheet categorization to enable traceability and assure alignment with the data structure 

visuals. Thus, the layered structure of moving from informant-centric codes to 

researcher-centric concepts, formed the analytical foundation for the emergent themes 

presented in the findings and discussed theoretically in chapter 5 (Gioia et al., 2013). Theme 

development continued until no substantial new insights emerged, indicating theoretical 

saturation. 

 

Figure 1 shows an excerpt from the coding sheet, where first-order concepts are grouped and 

abstracted into second-order themes. Figure 2 presents the complete sets of second-order 

themes and their allocation into five aggregated dimensions, forming the backbone of the 

findings chapter. 

Figure 1: “First-Order Concepts and Second-Order concept categorization.” 

Description: Each sentence was assigned a first-order concept label in english. These were one by one 

divided and grouped up in a second-order concept as seen to the right. The odd numbers were for 

easier separation during searches. 
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Figure 2: “Showcase of Second-order theme & aggregated Dimensions” 

Description: Here the Second order dimensions are listed on the left hand side, with following 

numerics. These numerics are then included in the dimension to see where each second order 

dimension resides.
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3.8 Summary of Methodology 

This chapter has defined the methodological approach used to investigate how Generative AI 

influences Early UX work processes in a large corporation. A qualitative, single-case study 

design centered on Volvo Group was employed, with data gathered through semi-structured 

interviews from a range of UX practitioners, managers, and external experts. The Gioia 

method was used to analyze the empirical material, identifying themes that were later 

developed into dimensions of influence. This approach ensured analytical rigor through 

systematic coding and collaborative theme development, while contextual sensitivity was 

achieved by balancing internal perspectives from across Volvo Groups UX divisions with 

external expert insights, capturing both organisational depth and broader relevance. The 

following chapter presents the empirical findings derived from the methodology. 
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4 Results 

4.1 Presenting themes with narratives  

Figure 3: “Gioia Dimensions and Second-order themes”  

Description: This figure presents the five aggregated dimensions and their associated second-order 

themes derived through the Gioia Method. First-order concepts are not shown here for clarity, based 

on the data-scale.  
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4.1.1 Organisational Context  

For reasons of anonymity and to maintain a consistent focus on UX practices across the 

organization in this chapter, the study refers collectively to the three Volvo Group divisions as 

a unisom group under the broader category of  “UX work” in a large innovation-focused but 

structurally fragmented industrial organization. The case setting is characterized by a matrix 

structure in which UX responsibilities are split across specialized business units and are 

embedded in different layers of product and service development which results in a 

distributed and sometimes fragmented UX landscape. This appears to affect how GenAI tools 

are trialed and evaluated. 
“As they say, it's a little different in what we focus on, but what unites us is that we work with different 

parts of the customer's customer journey so that all these things have to fit together as a whole for it to be 

a good customer experience for the customer.” - (8MA) 

Overall, many participants view the organizational climate as positive to GenAI and other 

emerging technologies. What is evident is that UX practitioners at various levels experiment 

with GenAI application and have on occasion had a shared local forum to showcase use-cases 

for others. Several participants describe the organization as open to new techniques such as 

GenAI, often describing a positive climate. 
“I would say that Volvo is kind of positive about it.” - (2PR) 

“[...] there is a drive to... and a desire to work more with AI in our internal processes and at group level, 

so there is an initiative and joint initiative in working with it.” - (3MA) 

They also note in their surroundings and off work that employees are gradually using AI 

functionalities more and more. A recurring sentiment is that exploring AI tools such as GenAI 

applications depends on personal motivation and readiness for new tools. And many of these 

tools still require iteration. 
“There are tools that are getting better and better, but I won't get anything finished, I'll still have to 

process it anyway, then it might lose its purpose for me.” - (6PR) 

Participants also describe local group AI initiatives, like internal ‘AI in action’ events or 

small volunteer forums for sharing successful use-cases in their work. However, such forums 

remain relatively ad hoc in the organization. The adoption of GenAI at Volvo UX chapters is 

still in its early stages, voiced by the majority of respondents. They have access to internal 

ChatGPT like systems, and have tested pilots to augment UI & mockup creation.  
“Because the time saved was quite significant because like, I mean, you put a prompt and maybe you put 

like very detailed requirements or whatever […] you press a button and in like 2 minutes you have 

hundreds of of mockups, which is something that takes a lot of time for a designer.” - (7MA) 
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There is also a pilot with aims to assemble and unify the fragmented user journeys across the 

UX chapter into a single body, a holistic picture, and remains in an early pilot stage during 

this study with implementation test being evaluated. Alongside the growing interest in AI, 

participants also stressed the importance of user-centricity in guiding both digital and service 

design decisions. Many saw customer understanding as a foundational value which also could 

be expanded upon, as involving actual users remains complex in large organizations. The 

sentiment is that there is advance in UX work that sometimes frustrates UX practitioners. 
“Business wants to have a say, as I mentioned, we have like 30 apps in the truck and I don't know how 

user-friendly that is in reality with so many different ones. It's not potentially good, but of course there is 

that you have an economic [side], that you sell these apps as add-ons [to increase value]” - (4PR) 

Here the participants point at conflicting incentives and perspectives between revenue 

generation and making user-experience seamless. This is jointly discussed from the managers 

perspectives who sees limited issues in pushing for further user-experience related knowledge 

for UX-designers, but rather sees it as difficult to push its value into the organization. 
“The difficulty may not actually be to incorporate it so much into the UX or design work, but the problem 

may be primarily to incorporate it into the rest of our business.” - (8MA) 

This tension is described as common in large organizations, where the distance to the 

customer is major. Some participants noted a communication gap between market divisions 

and thus deeper user needs as troublesome as the dealers are the ones in direct contact with 

the customers which makes the situation sensitive. 
“[...] We need to help the marketing companies with: yes, this customer is screaming for something but, 

what is it that he is really requesting [the underlying problem]?” - (5MA) 

Thus, UX works in this context is seemingly formally disconnected from the customer and 

relies on data gathered by market divisions, which results in a fragmented picture of the 

customer journey between the divisions. The company uses customer satisfaction studies to 

provide a ‘way of the tide’ for UX practitioners in their practices, as indications to triangulate 

with their expertise. Beyond the organizational readiness, participants also outline the 

day-to-day experience that defined UX work at Volvo. Participants explained that UX work at 

Volvo often involves navigating technical constraints to tying business requests back to the 

user needs. 
“You often have a lot of technical constraints, so you do what you can, from the best of your ability, 

within what’s technically possible.” - (4PR) 

“It’s about how it all ties together, what our brands want, their strategies, what they aim to achieve, and 

then what we actually build.” - (5MA) 
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Majority of the participants discussed their more hands-on experience, from developing 

concepts and prototypes to testing them, where some discussed their supporting role of 

providing research and insights. One participant stated that their UX work often goes into 

navigating internal structures and advocating for user-centeredness rather than practicing it. 
“You might not actually spend much time on your actual tasks, but instead work a lot with change 

management of other people to make it possible for, for example, me to talk to users. I spend the majority 

of my time not doing what I’m officially employed to do, but trying to find ways to enable myself to do it.” 

- (6PR) 

This is also one of the frequently revisited main challenges, that UX practitioners experience 

a struggle to access users directly, and often needing to go through layers of actors which 

provides UX practitioners with insights not conducted by themselves, thus risking 

misinterpretation and depth. 
“[...]We are basically in the third line. The market company has the customer contacts, then comes Volvo 

Trucks global, and then comes us.” - (5MA) 

As a result they often engage in second-hand sensemaking which affects both the depth of 

user insights and reduces the effectiveness of GenAI tools designed for empathy-driven 

research tasks as they can only validate against their own expertise and the data they were 

provided. This reality makes it difficult for UX teams to directly validate assumptions or test 

ideas with users in an iterative fashion, as getting access requires going through formal and 

slow-moving internal channels. 
“It’s hard to make it happen because you’re not always allowed to contact people directly, it has to go 

through certain channels [...] so even if you want to, it’s difficult.” - (2PR) 

“I only hear from them, so I sometimes feel like we're just speculating about things, like we think this is 

good for business, but if I actually get to go out and test it for real [with users], I'll know for sure.” - 

(4PR) 

Which puts a lot of responsibility on the business areas on how they interpret users 

complaints or requested needs by the customers, as that information is important for UX work 

and indirectly the end product. Participants noted that what users explicitly ask for may not 

always reflect the most effective solution, thus the need for a deeper understanding is required 

to identify underlying needs to effectively address issues in ways that simplifies the user’s 

experience. Yet, this translation from need to solution is often distorted by structural issues. 

Further, participants note that the organization notices the importance of customer journeys in 

theory, but in practice they often end up struggling to make the experience united.  
“So we break customer journeys all the time…” - (5MA) 
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This quote is referencing a case where users had to exit one application to complete a task in 

another, disrupting what the user was doing. Such fragmentation reveals how organizational 

silos become visible in user interaction, as another summarized: 
“But for a customer who jumps between all four, it might be... or the solution might be very weird for 

them [...]” - (2PR) 

Then, beyond the problem solving at interface levels and primary user information, 

participants note a advocacy aspect of UX, which is listening and synthesizing what brands 

and business stakeholders are saying, identifying their pain-points, then framing those issues 

in a way that enables action. 
“Introducing an argument and then driving all such [initiatives] is a lot about [...] listening to the brands 

[...] what their pain points are and then using their pain points against them [in order] to get them to 

understand that they have to solve 'this', otherwise you will never be able to meet this pain point.” - 

(5MA) 

Moreover, some participants describe that the underlying discussion about the term UX and 

design can be limiting, given the broader skills that are involved in actually creating the 

customer experience. This finding strengthens the broad inclusion decision of various roles 

for analysis, to enable a deeper discussion of GenAI influence of what encompasses UX 

work. What is also worth noting is how the matrix-like nature of the organization when it 

comes to product domains, market divisions and UX teams, overlap, and the complexity in 

navigating these perspectives to align technical and business associated goals. Despite these 

challenges, UX competence is formally represented at a strategic level, with UX roles 

embedded in various leadership teams. 
“... We have UX competence at the strategic level in all leadership teams, for example…” (6PR) 

This shows a structural ambition to integrate user-centered perspectives into decision-making, 

even if operational alignment remains fragmented. 
“So that's where I end up, sort of, in the overlap of the two perspectives [as lead business designer], so I 

know what challenges we have in our platform, for example, and can see what our business wants to 

achieve and what we then need to do together.” - (5MA) 

A number of participants emphasized that mediation is a key part of their role, where 

listening to brand requirements to bridge the user experience to enable viable projects are an 

important competence. Meanwhile, daily coordination often involves many demo sessions 

with stakeholders from the business areas, where UX practitioners are voicing their concerns. 
“We have these demos every other week where we present what we’re doing, and we bring in various 

stakeholders from business [...] Sometimes I need separate meetings before the next demo regarding, like, 

‘What do you think of this concept?[...]” - (1PR) 
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Thus, to conclude the context findings, this case does not aim to evaluate Volvo Groups 

GenAI strategy broadly, but instead to offer an indepth look at how early-stage UX work is 

being reshaped and influenced by GenAI in an organization that is gradually implementing its 

use where UX is seemingly gaining strategic relevance, yet remains constrained by the 

organizational structure.   

4.1.1.1 Design Thinking Critique 

The UX practitioners' structural disconnect from direct user contact brought up in the 

organizational context, seems to undermine the principles of DT seen to first hand 

engagement and iterative nature. It creates a situation where the user's understanding is 

filtered, delayed or abstracted when provided to the UX worker for analysis, indicating that 

DT practical use is limited by the organizational structure. Participants themselves expressed  

skepticism about DT as it is often adopted for its reputation rather than its practical 

contributions: 

We’re implementing design thinking because it’s so famous… and it ends with someone having a 

PowerPoint that doesn’t mean much” - (10EXP) 

DT is also described as a helpful compass, that becomes impractical in operational realities of 

a product focused environment: 

“Design Thinking, in its purest form, is a great approach to work with, but it's not realistic [...] if you 

don't work with innovation [...] then [Design Thinking] is more of a mindset that you get to apply than a 

total process that you have to complete.” - (3MA) 

In day-to-day product development, DT is seemingly downscaled into a mindset rather than a 

full methodology, which is not inherently negative but it seemingly reduces DT’s 

transformative potential in this instance. In efforts to transgress this disconnect with users, DT 

is seemingly reinterpreted or substituted with working with available internal data as a 

complement:  

“It's more about seeing 'what data we have that we can work with more' to bring a user approach to it” - 

(3MA) 

This reframing of DT into a more data-centric internal process of user insights again 

showcases the mismatch between DT’s direct engagement logic with the user and the 

constrained realities of  a large organizational setting. In this context, a participant described 

DT becoming a hygiene factor, a check for relevance. 

“But then it becomes more of a hygiene factor than anything else.” - (3MA) 
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4.1.2 Potential risks and Challenges with GenAI 

A frequent topic of discussion was the potential risks and challenges associated with AI 

overall, not just generative AI. The UX practitioners at Volvo provided both cautious and 

critical perspectives to the use of GenAI and its role, or soon to be role, in early design stages. 

The risks and challenges identified span both the individual and the impact it has on their 

tasks, to structural issues concerning data security and quality. An occurring discussion was 

acknowledging that employees can enhance productivity with AI, with skepticism if the 

output quality improves. 
“You can be fast with AI, but the question is whether it's the right quality” - (5MA) 

Others push this further, pointing out that current GenAI models often fail to capture the deep 

complexity of internal systems and relationships within large organizations like Volvo, 

thereby limiting their practical use in high-complexity environments. In contrast, the expert 

group brought a broader, more systematic critique to the conversation. They warned that the 

current wave of AI optimism might lead to premature and uncritical integration of GenAI 

tools in design work.  
“I'm a little worried about this incredibly naive optimism surrounding these tools.” - (10EXP) 

“An AI doesn't care whether the text it generates is excellent. It only cares if it's good enough, we kind of 

strive for the mediocre, what works.” - (11EXP) 

Building on these concerns, several participants point out a recurring perspective, that while 

GenAI might streamline tasks, it also carries hidden risks like inherent biases that shape user 

thinking unconsciously. 
“And then we have other risks and it's this with the first stages starting to come out now that shows that 

overuse of generative AI, not only in design but in all other forms of knowledge work, means that you 

inherit bias from the AI ​​service even when you're not using the service, so you're subliminally influence 

over time by the service's way of expressing itself.” - (10EXP) 

“Yes, it [GenAI] has to handle old data, in principle, that's how it works so 'it resonates in a room'” - 

(7MA) 

This concern was particularly notable when it came to gathering user insights, a foundational 

part of UX work. Experts questioned the legitimacy of insights generated by AI and GenAI, 

especially when designers feed personas or transcripts into the model and receive 

convincingly phrased interpretations in return, but lack real substance. One expert likened it 

to “a self-playing piano” - (10EXP)  cautioning that the well formulated responses might 

mask the superficiality of the underlying analysis. This sentiment continues and the criticism 

lies in the full automation of insight generation with the use of GenAI. 
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“I'm a little worried that in their drive for efficiency and productivity, they won't quality-assert these 

insights, but will accept them as they are. And if you then know that between 30 and 40% are 

hallucinations, then you have a 30 to 40% source of error baked into your insight work, and I think most 

people can't afford to do that because you need a much higher degree of accuracy in your analysis (X).” - 

(10EXP) 

In addition to the risks of biased insight generation, participants frequently expressed data 

privacy and compliance concerns as limitations shaping how GenAI can be used in UX work, 

especially when the data relates to internal products and sensitive information of proprietary 

character and user-information. This effectively restricts what employees feel comfortable 

feeding into GenAI systems. This in turn limits opportunities to explore GenAI’s potential for 

early ideation and insight generation. 
“But then there is also the limitation of what we can provide to ChatGPT and things like that, since a lot 

of this is IP issues, sensitive information.” - (5MA) 

“I would have liked to have it as a help in the context I'm in, but I can't, because sometimes it becomes 

Volvo specific, I can't put that into ChatGPT.” - (6PR) 

However, even when employees felt culturally open to adopting AI tools, participants noticed 

organizational frictions of legal and security departments, making it difficult to adopt GenAI 

tools, pushing them into lengthy pilot testing phases. Several participants described 

uncertainty around what information is safe to use and a general atmosphere of caution which 

impacts whether GenAI gets integrated at all during early design phases. 
“I'm afraid of leaking Volvo information in the AI ​​tool. It's very vague regarding what kind of information 

I can give, I'm unsure. Also when you're working with an internal product, if I happen to write a product 

name I might feel and think ‘Is this even a problem?’, but I don't know what kind of risk it would actually 

be. Then you'd rather take the risk-free option. [and don't use it]” - (6PR) 

Beyond data security, experts warn that users of GenAI treat the model as intelligent and 

emotionally aware simply because its language appears frequently coherent and human-like, 

thus leading users to overestimate its true capabilities. 
“It has to do with anthropomorphism that we have a tendency to humanize technology [...] So it's very 

easy for us to start projecting that ChatGPT is kind or that chatGPT understands me or ChatGPT wants 

to help me. All of those things are completely wrong. It's like a statistical word machine.” - (10EXP) 

In addition to these trust and quality concerns, the participants of the study all mentioned 

inherent limitations of GenAI when it comes to, among other things, capturing deep context 

and emotional shades in qualitative research. 
“The really good insights are the ones you get when you go out into a context and spend time in the same 

context as the user, doing in-depth interviews. You’ll never be able to get those kinds of insights from a 

generative language model, because that data simply isn’t in the model.” - (10EXP) 
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“When thinking about that type of generative AI, especially in terms of drawing conclusions for insights 

and summarizing data in different ways, it requires an incredible amount of trust. If it’s making 

conclusions based on X number of thousands of interactions and saying this is the reality, I need to be 

able to trust it if I’m going to share this information.” - (3MA) 

Where employees believe that the contextual emotional part of UX will be difficult to replace. 

Several employees emphasized that the emotional and empathic dimensions of UX, such as 

understanding user needs and interpreting emotional cues remain beyonD GenAI’s reach. 

They stressed that while AI can support analysis, it lacks the human capacity for empathy, 

making it unsuitable for fully capturing the emotional context critical to user-centred design. 

A common perspective among managers and practitioners was that while GenAI can assist in 

identifying patterns in user behaviours, it frequently falls short when interpreting emotional 

nuances and qualitative ‘soft values’.  
“It sounds very interesting how you sort of grade interviews [...] and it could be good if you can find 

some types of patterns. But it's like themselves, the emotions behind it, they disappear anyway so you 

have to be a bit critical of it, like when you read and interpret the results I think.” - (1PR) 

“But this mass of code that we have and then it is still text in some way that it [GenAI] reads that may not 

have quite as many soft values ​​as a designer might have.” - (8MA) 

Continuing the theme of misleading GenAI outputs, experts note that these often lack relevant 

substance. They advise against GenAI use for truly innovative solutions, as they are 

constrained by historical data which the participants from Volvo also acknowledge.  
“This innovative solution comes from elsewhere, because it [GenAI] is always based on historical 

data.”- (10EXP)   

In addition, some managers note that while GenAI could make certain repetitive tasks more 

efficent, it inherently lacks the ability to replace critical thinking and contextual 

understanding that is crucial for especially novel tasks and in decision making. 
“It depends a bit on the context, is it just like [Changing] a text on web pages and you use AI to make 

sure it changes and stuff like that, I don't think anyone has a problem with that, but if we're going to 

invest 100 million something then it has to be double-checked” - (5MA)  

Synthesizing the above concerns about limited data contexts, potential biases and insufficient 

creative depth, participants questioned whether GenAI can reliably assist in generating 

quality insights in early stages of design. These reflections touch upon how GenAI, while 

promising, is not yet seen as a reliable or autonomous contributor in insights generation. The 

skepticism is not rooted in rejection, but in the desire to retain quality. The question is not 

whether GenAI can assist, but at what cost and what aspects of UX work will be 
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compromised in the process. These reflections raise an even deeper concern of what effects 

GenAI will have on UX competencies and skill development. 

4.1.2.1 Reflection on UX skills and competencies 

This concern leads us into a profoundly discussed sub theme on GenAI’s effect on UX 

designers competencies and skill development. At Volvo, the discussion primarily landed in 

that the company offers AI training programs, which are not mandatory and a expressed 

belief that different UX employees, primarily in creating user interfaces (UI), may fear to lose 

relevance. This anxiety is further amplified by the media narrative, which often frames AI as 

a threat to creative and knowledge-based professions like UX-professions.  
“I think a lot of people have been a little scared, like the UX designers who focus more on creating like 

the visual. That there you can be scared that like: ‘oh no it takes my work now’ that it like produce all the 

prototypes and so on” (1PR) 

“So if you read the media, like reporting about it, it feels like there's often a bias towards [Job loss].. It 

doesn't just apply to design, like ‘AI will take your job” - (2PR) 

From a managerial perspective, the use of GenAI has over time affected a manager's ability of 

professional expression, particularly when used to support formulation or writing tasks. 
“How can you work with AI without losing your own [expertise], like maybe then, expressive ability or, 

you know, what should we call it?” - (5MA) 

“I also notice that it takes away some of my ability [...]” -(5MA) 

However, while concerns about skill erosion emerged only occasionally from participants 

from Volvo, it became a central concern among the experts for the design practice as a whole, 

who repeatedly emphasized the long term consequences of GenAI on design competences 

and professional practice. Figure 4 shows the frequency of scored codes from the varying 

groups on the negative, where red and blue stands for Volvo Group frequency and yellow for 

the experts. The frequency indicates that respondents from Volvo Group put less 

consideration in these fields. 
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Figure 4: “Frequency of first-order concepts in the second-order theme: ‘GenAI negative 

impact on Design Skills/Competence’” 

 

 

For the Experts, the issue is not about whether GenAI should be used or not, but how it is 

used, and whether that use supports or undermines the development of expertise:  
“There is always a downside to these efficiency tools” - (10EXP) 

They acknowledge that AI, not just GenAI, will increase productivity in the short term,  

but they warn that routine use of GenAI risks eroding core design skills typically gained 

through hands-on practice, iteration and reflection, through a telling example where one 

expert compares the autonomous airplanes and pilot interaction. 
“We've seen it in the aviation industry, autopilots, take a lot of agency away from the pilot. The 

regulations require that there is a human who can take over if something goes wrong. But the irony is that 

because we have such good autopilots, the pilot so rarely needs to do anything that the ability to act when 

needed decreases.” - (10EXP) 

This metaphor reveals a broader concern that AI may weaken core design capabilities if not 

used critically. The question, as one expert framed it, is whether GenAI serves as a supporting 

agent or slowly replaces essential human competences, seemingly unresolved design choices 

often overlooked by leaders and practitioners. This notion was discovered from UX 

practitioners that claim that they trust GenAI enough to not fact check its output rigorously.  
“That I currently don't fact-check too much of what I get in an idea generation or analysis [using 

GenAI], that could of course also be incorrect, and if I then take it further, things could become very 

problematic. [...]” - (6PR) 

Furthermore, experts maintain that GenAI is not a tool for excellence, but one of 

predictability. Because it generates output based on probabilistic modeling, it tends to aim for 
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what is most likely, not what is most creative or exceptional, prompting one expert to call 

them ‘mediocracy engines’. 
“I have sometimes, as a kind of rhetorical point, called AI or generative AI for mediocracy engine. And 

that's simply because what they generate is a "good enough" guess at what could be a good answer to all 

conceivable, like questions.” - (11EXP) 

This led to concerns about tacit knowledge which composes intuition and experimental 

know-how, to erode with GenAI use based on the mediocracy-engine discussion previously, 

as designers become comfortable accepting “good enough” outputs.  
“It was like they had lifted it up and taken it to another level that we didn't know existed, that we hadn't 

been able to see. And this is what I'm afraid we're losing. That we [Designers] become 'okay' and 'lazy' 

and like yeah, yeah, "close enough for rock n roll", that we don't even push ourselves to really, really 

amazing design.” - (11EXP) 

4.1.2.2 GenAI a Paradoxal use 

Many of the reflections on GenAI’s risks culminated in a broader paradox expressed by the 

experts: the same tools that promise efficiency, accessibility and speed also risk dissolving the 

very depth, contextual understanding, and reflective thinking that define high-quality design 

work. A core tension identified by several experts was that AI-generated content often sound 

plausible but lacks the nuanced insights that comes from actual expertise and lived 

experience:  
“[...] I got the impression that it [GenAI] had thrown all the innovation buzzwords into a pot [...] for 

someone who didn't have a clue [about the subject], it made a lot of sense, but when you had a clue, it's 

like 'okay, it says bullshit here'” - (9EXP) 

The Illusion of coherence thus is framed as a potential trap, especially for lesser experienced 

users who may struggle to discern errors or surface-level outputs from truly meaningful 

insights. This led to the mention of paradox from an expert, whose sentimen is evident for the 

expert group. 
“The paradox is that those who need the AI ​​service the most, that is, those who may not know much 

themselves, unfortunately have the least use for it. They cannot distinguish what is wrong from what is 

established and we who are perhaps more senior in a certain field, actually have the least use for AI, but 

the paradox is that we will also have the most use because we will probably be able to filter out the errors 

and be able to pick out the gems.” - (10EXP) 

This dependence on what some call cognitive shortcuts, raises questions on how design teams 

build and lose knowledge, especially when relying on systems that lack awareness, contextual 

depth and emotional interpretation of text. There is a risk of eroding experiential depth, and 

experts noted that language models can’t replicate the nuanced insights gained through direct 
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user engagement. The concerns also extended to the technical structure of GenAI, its 

probabilistic foundation means that outputs are generated based on likelihood and not factual 

truth which experts called ‘mediocracy engines’, and are often presented with confident 

phrasing regardless of accuracy.  Experts cautioned that this illusion of certainty makes it 

difficult for users, and especially those with less experience, to detect hallucinations or 

misinformation. The challenge, then, lies not only in interpreting GenAI outputs, but in 

recognizing the limits of its reliability, especially in insight driven design tasks where 

credibility and contextual validity are important topics. 
“The output from a generative language model doesn’t even know if it’s wrong. There are no truth values 

in a connectionist model. It is their job to express themselves as confident in their answers and a human 

doesn't do that. A human that we interview we can interpret somewhat..” - (10EXP) 

The paradox is in a sense counterintuitive. The tasks for automation are the same tasks that 

form a great designer, through mundane tasks and grunt work, which shapes a designer’s 

expertise and tacit knowledge. Without those skill developments that same designer can’t 

effectively utilize GenAI’s output, which the experts evidently suggest. To maintain this 

knowledge, experts reinforce a need of having some employees with deep tacit knowledge of 

the craftsmanship to reduce the negative impact of utilizing GenAI in the long term through 

an example of engineering school still viewing the physical drawing ability as important 

when admitting new students.  
“[...] That's why I want us to still have engineers who can draw and that's why I would like us to go back 

to, at least … some of us, back to the craftsmanship because I believe that there is a direct connection 

between basic knowledge and excellence.” - (11EXP) 

“I think that within the design world there is probably still this kind of cautious curiosity, to some extent 

people are a bit stuck in the belief that yes, but design is a craft.” - (8MA) 

Given that early stage design often relies on exploratory thinking and informal insights, the 

loss of tacit knowledge and growing dependence on GenAI may pose particular risks to the 

fluid iterative nature of early product and service design. This concern from experts is rooted 

in the fact that we don’t fully understand what builds expertise, especially not tacit knowledge 

developed over time through executing tasks and projects. This makes it difficult to know 

which parts of the design process that can be safely automated without unintended 

consequences when GenAI application for tasks increases: 
“I think tacit knowledge will be something that is in our discussion about this [AI in design] will be a 

hugely exciting, dynamic, but also difficult thing. Because there's a difference between it being tacit 

knowledge that we can still automate: like cycling for example, and that which we don't even really know 

what it consists of [expert knowledge].” - (11EXP) 
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A particularly compelling implication discussed in essence of the paradox is the reduction of 

junior positions in companies, which experts have begun to observe. As organizations 

automate entry-level tasks they unintentionally disrupt traditional career paths and potential 

key stages in the development of design expertise, connecting back to GenAI’s applicability 

for experts rather than inexperienced individuals. They also pose that this development will 

make employees dependent on the technology with deteriorating knowledge of foundational 

expertise. 
“What's about to happen now is that they[companies] are not hiring anyone for the grunt work because 

they can be automated, which means that the people who normally joins a company this way don't make 

it through the typical career-path. They don't get this big picture, they don't develop their own knowledge. 

They don't become master designers because they skip time in the "salt mines" [grunt work].” - (11EXP) 

Further, this undermines the sentiment that UX practitioners use their expertise to screen 

GenAI output for relevance as a quality-assurance, if that expertise is not developed in the 

same way, it could impact future reliance further and the ability to spot mistakes. Considering 

this, the experts voice possible solutions during competencies creation which compiles down 

to not taking any shortcuts, and to maintain few individuals who know the gritty details of the 

process so the tacit ‘hard to define’ knowledge remains in the company. While several 

participants and especially Experts voiced concern about loss of depth and mastery, others 

saw GenAI as a force of democratisation making UX work more accessible to non-designers 

and encouraging transparency across departments. This is particularly evident in the 

discussion by a manager on cultural change. 
“And I think that this big change we have to make for people to get this perspective that ‘Yes, I can also 

be involved and influence [user experiences]’, that it's not just UX designers, and design that has an 

impact on this.“ - (3MA) 

However, following the paradox discussion, some experts believe that democratization could 

have limited impact as GenAI tools still work best for individuals with high skills in the area, 

suggesting that the boundaries between disciplines are not that easily eroded. 
“Because you usually hear that AI democratizes knowledge and now everyone can have a personal 

assistant and so on, but if you scratch the surface, I actually think it's the opposite.” - (10EXP) 

However, experts do see the tearing down of informational boundaries as positive, thus 

affirming the viewpoint that transparency could greatly increase and open up design processes 

to scrutiny.  
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4.1.3 Potential of AI 

Across the interviews, AI is portrayed as a complementary tool that enhances rather than 

replaces work. By offering valuable assistance in specific aspects of the design or 

communication process, AI can streamline tasks and prove highly effective.  

“AI should enhance what you do, it cannot replace it.” - (5MA)  
"Sometimes AI might be the best choice, and other times something else might be more suitable. But it 

must be seen as just a tool for accomplishing something." - (8MA)  

"It adds a bit of spice to your usual design activities, it doesn't replace anything significant, but it 

streamlines the process a bit." - (9EXP)  

Participants consistently describe how AI improves efficiency and accelerates workflows. 

One of its main advantages is the speed with which tasks can be completed compared to 

working without AI tools.  
"I feel tempted to use AI because it makes things go faster." - (5MA)  

“The goal is to be more efficient in every aspect, so it's clear that AI will play a significant role in 

that.” - (12MA)  

"They definitely have an advantage over those who don't have access to generative AI." - (9EXP)  

Recognizing AI’s potential is empathized as participants believe they currently serve a 

functional role in enhancing product development by streamlining specific tasks, thereby 

freeing up time for other responsibilities. AI solutions are seen as valuable time- and 

cost-saving assets in the field. Looking ahead, they anticipate that AI will continue to be 

essential in this regard, further evolving to play a more central role in the future. 
"I believe that soon we will be able to create better products because, well, like anything else, you can 

use it to handle repetitive tasks and spend more time on other things." - (2PR)  

“AI solutions in creative work saves both time and money.” - (5MA) 

"In the coming years, AI will likely continue to serve primarily as a tool or complement to speed up 

certain aspects of work. However, over time, I am fully convinced that it will take up an increasingly 

central role." - (8MA) 

AI tools are viewed as a valuable source of inspiration, appreciating their ability to ignite new 

ideas and offer alternative perspectives. AI can help users explore new possibilities, leading 

them to insights they may not have considered independently. 
“The response from AI could potentially provide inspiration.” - (4PR)  

“I believe it can be helpful for finding inspiration” - (10EXP) 

“The power of a language model like ChatGPT lies in its potential to inspire me, which could lead to 

new insights or encourage me to think in different ways.” - (9EXP)  
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Such inspiration can manifest in the early stages of a process, such as idea generation and 

exploring possible directions. AI is regarded as a starting point that helps users navigate their 

next steps. 
"Generating ideas and then being able to choose where to go next, that’s where I see my biggest benefit 

right now, in the near future.” - (2PR) 

“It was very convenient when I was preparing for a workshop; I found it super helpful to get ideas. I 

still have to adjust it to my needs, but it was great for quickly figuring out how to structure a good 

workshop.” - (1PR) 

"Test things out and challenge my own thinking, you know, and my idea of what I'm looking for." - 

(5MA) 

However, while the usefulness of AI for idea generation is recognized, some participants still 

value the collaborative and social dimensions of developing ideas with colleagues. In these 

instances, human interaction is considered more enjoyable, emphasizing that the creative 

process is shaped not only by efficiency but also by shared experience and dialogue. 
“Of course, I could use it for idea generation too, but that’s something I find more enjoyable to do 

together with my colleagues, rather than on my own.” - (6PR) 

AI tools can also be used to identify potential gaps, verify best practices, and support critical 

self-reflection. They help users assess their own understanding, check their reasoning and 

ensure that nothing important has been overlooked. 
“By asking 'have you considered this?' or 'have I missed any best practices here that I should pay 

attention to?'" - (6PR)  

“You can quickly check your own knowledge or bounce a few questions like 'Am I thinking right here?'” 

- (5MA) 

”If I get stuck or need help, that's when I might turn to AI for assistance." - (1PR)  

Moreover, also provide support throughout the prototyping process. Participants emphasize 

that creating a successful prototype often requires careful fine-tuning, and AI can assist by 

helping to refine and develop ideas. By utilizing AI, users can more efficiently test their 

concepts and test various approaches, accelerating the iterative process. 
"A lot in prototyping as well, you can leverage it a lot, because if you want to build a good prototype, 

there's a lot that you have to fine-tune yourself, and it would be great to get that support" - (6PR)  

“ChatGPT is the tool I’ve used most often, and I’ve also used it to create prototypes.”- (1PR)  

“I had iterated the logo in five minutes, which would have probably taken me a day, along with various 

versions.” - (5MA) 

Participants describe how AI contributes to more efficient development processes by enabling 

the use of standardized components, reducing the need to design and code everything from 
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scratch. It also supports creative tasks, such as generating visuals for presentations and other 

materials, helping to accelerate everyday workflows this way.  
"It helps speed up development by using building blocks, so instead of designing and coding everything 

from scratch, you can quickly assemble standardized components” - (2PR)  

"I also use AI to create images, such as background visuals, presentations, and similar materials." - 

(5MA) 

Additionally, AI tools can be used for quickly summarizing large amounts of information, 

accelerating the process by analyzing input data, like interviews, to identify key themes and 

emerging patterns.  
“I use it as a way to make the summarization process faster” - (2PR)  

"Input interviews or different forms of data (..) get help summarizing frequently mentioned words or 

forming an initial impression of what is being talked about the most." - (4PR)  

"What emerging patterns can we discern?" - (7MA)  

They can also facilitate the generation of written content, assisting with drafting and 

structuring text for everyday communication tasks, such as composing presentations, emails, 

or other documents, thereby enhancing both efficiency and quality. 
"I wanted to know how to write this or how to hand it over to them in the best way." - (1PR)  

“I want to express this idea, but I can’t quite find the right word or phrasing, so I turn to the tool for 

help." - (2PR) 

“Especially when it comes to presentations, [we use] ChatGPT and so on.” - (3MA)  

“That’s something you shouldn’t underestimate when writing emails to people.” - (8MA)  

AI tools can also assist in improving text by offering suggestions for rephrasing and 

correcting grammar.  
“I've used tools like ChatGPT or similar to find better ways to phrase things, like describing what this 

page or type of service should do." - (2PR)  

“ChatGPT can come in and say, 'fix the grammar a bit,' which is something I might have missed.” - 

(5MA)  

Participants use them also when doing repetitive and manual tasks, offloading these 

responsibilities and allowing people to focus on more engaging and creative work instead. 
“It can be things like repetitive tasks (...) you can spend time on things that are more rewarding and 

fun.” - (4PR) 

"It's incredibly valuable for speeding up that kind of work compared to doing it manually, transcribing 

things yourself takes forever." - (8MA)  

“I’d say there’s a lot that AI can do to ease our workload, especially when it comes to reducing manual 

tasks and picking up on things we might otherwise miss.” - (3MA) 
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However, when it comes to research, participants point to limitations in how AI can be 

applied. While there is potential for using AI in data collection, many highlight the continued 

importance of human interaction, interpretation and emotional understanding. Tasks such as 

conducting interviews, interpreting user needs and translating insights into design are still 

seen as fundamentally human-driven. As a result, AI is viewed as less applicable in early 

research phases, where empathy remains central.  
“Our primary task is to listen to and understand the user’s needs, so yes, the collection of quantitative 

data with the help of AI has a lot of potential, but in this case, I see a challenge in integrating AI 

today.” - (6PR)  

"We’re still needed to interpret data, to conduct interviews, to talk to people and understand their 

emotions, and then bring that into the prototypes. So we might need to shift how we work a little, since 

AI can take over the visual side." - (1PR)  

"Perhaps not primarily in the research phase, as I believe that part will remain largely 

human-to-human and qualitative." - (9EXP) 

But AI tools can, for instance, be used to simulate user responses or test interview questions 

in advance, helping to refine materials before engaging with real users.  
“I write my questions and then instruct a GPT model to act as a user I have in mind. I then test the 

questions and see which ones seem to generate a lot of material and which ones fall a bit flat. From 

there, I can adjust the interview material.” - (9EXP) 

4.1.4 Maximizing AI  

Participants consistently underscore the importance of human judgment in critically 

reviewing AI-generated content, as such tools are not seen as dependable on their own. 

Rather, AI is commonly perceived as a supportive resource that requires guidance and 

professional oversight to yield successful outcomes. It could be likened to an intern, which is 

very capable of contributing useful input but dependent on guidance to ensure its output 

aligns with expectations. Participants emphasize that professional competence is essential for 

evaluating, filtering and refining AI-generated content to maximize its value. It is emphasized  

that in the end, it is the human user who must critically assess and ensure the quality of the 

output.  
“You could liken it to an intern. It can offer something, but it requires guidance and input. You must 

provide direction to ensure that the outcomes align with your expectations.” - (7MA)  

"It requires a competent designer or researcher to filter it and do something with the material." - 

(9EXP)  
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It is described as important to assess the relevance and suitability of the content within its 

specific context, identify any necessary adjustments, and actively refine, edit and adapt the 

material to serve its intended purpose.  
"[...] And then I need to think critically about the results it gives me, not just accept it as is because it 

said so and then just implement it." - (1PR)  

“You still need to evaluate whether the AI is doing something poorly. That can be quite quick to screen, 

and you can decide, 'Yeah, this will work for our case.'" - (2PR)  

"As a designer, you have to be aware that you need to go through the text. You can't just take it for what 

it is and move on, because then it will be wrong” - (5MA)  

Moreover, there is a strong emphasis on verifying AI-generated content to ensure accuracy 

and reliability. Participants report using various strategies for this purpose, such as 

cross-referencing sources, conducting checks and requiring supporting evidence.  
"To completely rely on what GPT says would be like blindly trusting that a friend is always right [...]. 

It's a bit like accepting something without questioning it or verifying the information." - (4PR)  

“While you can get ideas from it, you still need to be able to verify things against so many different 

aspects." - (2PR) 

"You always have to verify it in different ways. You need to check the sources, perform some kind of 

sanity check, and it must provide citations or references to support its arguments." - (8MA)  

Since AI generates content based on statistical probabilities and lacks introspection, it cannot 

determine whether its outputs are right or wrong. This further underscores the important role 

of the human user to critically review and refine AI-generated material to ensure it becomes 

valuable and relevant within its intended context.  
"It’s not about it introspecting on itself and its own response, it just generates likely words based on 

that." - (9EXP)  

"The output from a generative language model doesn’t know whether it's right or wrong." -  (9EXP)  

“You can't assign a vector to doubt, meaning the way we build these models doesn't include the 

possibility of that.” - (11EXP) 

There are, however, instances where AI-generated output is over relied upon and goes without 

deep verification. The ease of accepting such content, which can arise from factors such as 

convenience or time pressure, can overshadow the acknowledged need to critically analyze 

and question its accuracy.  
"One must, in a way, analyze and perhaps be a bit critical, not just accept it as it is. But I, along with 

many others, might be a bit lazy, and I might not always question it." - (4PR)  

"Currently, I don’t fact-check everything I get from idea generation or analysis. Of course, it could be 

inaccurate, and if I take it further, things could become really problematic." - (6PR)  
"Going through all that data on your own and drawing conclusions can take a long time. So, I’m not 

sure if, in such a case, people would be more inclined to trust it right away." - (2PR) 
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At the same time, participants suggest that experts often don't need a detailed review, as their 

domain knowledge allows them to quickly spot inconsistencies in AI outputs. Since AI draws 

from existing data and established knowledge, its results may already be familiar to those 

well-versed in the field, making it easier to assess and filter out inaccuracies. 
“When it comes to design or using tools in this way, I don't think you need to be as meticulous in 

checking everything, because you can also do a pretty good sanity check yourself on what comes out, 

provided you have a good understanding of the area, of course.” - (8MA)  

“Yes, it [GenAI] has to handle old data, in principle, that’s how it works, so it resonates in a room.” - 

(7MA)  

“If you’re an expert in a field or senior or reasonably knowledgeable, you probably already know, or 

should know, the majority of what generative AI tools produce, because they are trained on existing 

literature and material that’s available in the world.” - (9EXP) 

Beyond evaluating results, participants highlight the ability to craft well-constructed prompts 

as a key skill for harnessing AI’s full potential. However, many users express uncertainty and 

face challenges in communicating effectively with AI tools. 
“Training on how to formulate requests to AI is important as well. It's an art in itself, and I don't feel 

very skilled at it.” - (4PR)  

"If you can't craft your prompts well, you won't get anything useful out of it. That's what I find most 

challenging."  - (2PR)   

“I can get OpenAI models to do some design work, but I need to know really well how to prompt them” 

- (11EXP) 

This difficulty arises naturally as the introduction of new tools, such as AI, requires a shift in 

methodology. Professionals may instinctively try to use familiar approaches to unfamiliar 

tools, which may not fully align with the tool’s affordances. As a result, their effectiveness 

can be limited, highlighting the importance of adapting practices to the unique characteristics 

of new technologies. 
“You can either look at the lump of clay and think, "Alright, I guess I’ll work with clay now," and start 

using your brush to mold it onto your two-dimensional canvas, as that's how you're used to working. 

But that’s not how clay should be used. Clay should be used to shape a three-dimensional form. So, the 

output, the method, and the tools are all different.” - (9EXP)  

“I think that has to do with habit as well, much like how we've learned to Google things. So, you might 

end up phrasing things differently now.” - (4PR)  

Just as traditional tools, such as a hammer, require deliberate and appropriate use, AI tools 

also demand understanding and a targeted approach to unlock their full potential. 
“One needs to understand a bit about how it works and what it’s good at." - (12MA)  
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’You have a digital tool that acts as an extension of yourself, which requires handling, much like any 

tool. If you think about it, a hammer requires you to hold the handle, strike, and choose the right nail, 

and so on. - (9EXP)  

The respondents express an interest in seeing  use-case examples from others, to get 

inspiration and guidance for how to integrate AI into their own practice and unlock the 

practical value that AI tools can offer. There is an emphasis on developing an understanding 

of which specific AI tools are suited to particular tasks, by recognizing their strengths and 

intended purposes. It is suggested that Volvo could take a key role in defining which AI tools 

are best suited for different tasks, thereby offering guidance on how to utilize them effectively 

in workflows and work-related tasks.  
"It would be really valuable to see examples of how others are using AI, or get inspiration around its 

usage. I think that would make it easier for me to get inspired about how I can use it." - (4PR)  

“Then you need to understand: 'Which AI tool should you use for each task?'” - (8MA)  

“If the company could say, 'These are the AI tools we use here,' similar to how some tools are not used 

for certain tasks [...], it would be great to have tailored training on how to use that particular AI tool 

and its applications.” - (6PR)  

However, the existing AI training appears to receive limited attention from participants. The 

reasons for this remain somewhat unclear. While lack of time is mentioned as a contributing 

factor, it is also suggested that time could potentially be allocated if the perceived importance 

were higher. 
"I believe there is AI training available, specifically for those who are completely new to it. But I 

haven’t used it myself.” - (1PR)  

"[...] it’s been a while since I looked through it, so I’m not really sure what it covers.” - (2PR) 

"We do get assigned different training sessions sometimes, I haven’t been great at doing them, and 

that’s probably because I feel like I don’t have the time. But I mean, you always have time." - (4PR)  

It emerges that broader AI competence is viewed more as a personal choice than an integral 

part of professional development, and despite the existence of a dedicated team working 

exclusively on AI, there seems to be minimal interaction between this team and some others. 
"If you want to focus on AI, that’s something you choose yourself." - (2PR)  

“We do have a team that works only with AI, that’s their focus, kind of. But we don’t really collaborate 

or anything” - (4PR)  

At the same time, participants acknowledge the value and necessity of AI-related training, 

recognizing that such tools are here to stay and will become increasingly integrated into 

professional workflows. 
“AI isn’t going away, it will only grow. The more we learn about it, the better we can use it in the least 

harmful way possible.” - (2PR) 
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"I believe training is necessary." - (6PR) 

It is emphasized that providing high-quality input is crucial for fully harnessing the potential 

of AI, as the effectiveness of AI outputs, as perceived by participants, is influenced by the 

quality of the data it receives.  
"The more we can provide the input data, the better the quality that will come out in the end." - (8MA) 

"If you can't ensure high-quality input, you won't get a good outcome." - (5MA)  

"It's just garbage in, garbage out." - (10EXP)  

Furthermore, participants exercise caution when using AI tools, particularly due to the 

potential risks associated with the data being shared. They demonstrate an awareness of these 

risks and are careful about what kind of information they input into such systems. At the same 

time, there is some uncertainty about the magnitude of the potential consequences, as it is 

unclear whether they are severe or relatively insignificant.  
"It needs to be, like, Volvo-approved tools because when dealing with customer data, it’s sensitive. It 

has to be handled the right way." - (2PR)  

"Then I really have to think a lot about what I write, and I can't just write anything related to the work. 

I try to write in a very general way." – (1PR) 

“Really hard to gauge the consequences, are they huge or are they not that significant?” - (4PR) 

Participants also stress the risks associated with AI use, highlighting the significant trust 

required in relying on these systems. The ability of AI to draw conclusions from vast amounts 

of data demands trust, as individuals need to be confident in the system’s reliability and 

accuracy when using it. Moreover, the overconfidence often displayed by AI systems, where 

conclusions are presented with a high degree of certainty, can lead users to place too much 

trust in its outputs. Therefore, it is important to maintain a critical perspective and not accept 

the system’s confidence at face value. 
"It requires an incredible amount of trust. If it’s making conclusions based on X number of thousands of 

interactions and saying this is the reality, I need to be able to trust it if I’m going to share this 

information." - (3MA)  

"It expresses itself with a lot of certainty all the time." - (9EXP)  

"I’m training the chatbot quite well not to be overly confident and to remind me not to take its 

confidence for granted. But it still requires some work, it takes prompting and understanding." - (9EXP) 

As one expert observes, AI literacy appears to lag behind other forms of digital literacy. 

While many users are adept at identifying fake news or detecting bias on social media 

platforms, they appear less equipped to critically assess AI-generated content. This could be 

seen as an increasing need to strengthen AI literacy across all contexts. 
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“Students who are extremely good at reading Facebook and Twitter, identifying fake news, recognizing 

algorithmic bias, and seeing all of that, don’t have the same level of AI literacy for some reason. They 

should understand that both are algorithmically generated texts" - (11EXP) 

4.1.5 Evaluating GenAI Influence on UX practices 

Participants envisioned a future in which UX becomes increasingly central to the 

organization. Many see an opportunity to align design work more closely with business goals, 

broaden skill sets, and eventually move towards higher value tasks. Several also noted that 

while UX is still considered ‘new’ in large industries, its relevance and impact seem to be on 

the rise. 
“I've worked with this for 25 years and so throughout all those years this question has been the same, but 

there is a higher acceptance today than there was 25 years ago, when if you said UX, no one knew what it 

was.” - (10EXP) 

Despite the growing awareness, some participants pointed out that involving users directly in 

operations can remain “sensitive”, which reflect an ongoing uncertainty amongst large 

manufacturers about how UX fits into organizational processes. 
“UX is pretty new, not just at Volvo, but generally in the industry, UX is also something new and it is still, 

in my experience, a bit sensitive to bring in users.” - (1PR)  

Another topic was how GenAI and similar tools could enable UX practitioners to focus more 

on strategic UX tasks such as user journeys and needs and what some mentioned as higher 

value tasks, rather than routine UI work. Managers described a growing desire for more 

‘generalistic’ designers who can flexibly adapt to various roles.  
“I do see a benefit for having people that are capable of like playing these different roles so that that was 

even like before AI. Now with AI, it is in my mind even more needed.” - (7MA) 

The sentiment is that AI over all, can relieve some of the manual overhead tasks in early 

design and potentially enabling a need for broader competencies. One manager also noted 

that this change will likely come with broader implications, including changes in 

responsibilities and governance with these tools. Continuing on this sentiment, the 

participants conclude the overall sentiment touched upon in limitations of GenAI dimension, 

when it comes to affirming humans as critical for high value tasks of UX.  
“So I think that's where the high value tasks are: Centered around more like the human or behavioral 

component, as opposed to drawing a mock up.” - (7MA). 

Another subject regarding high-value tasks also follows an organizational challenge where 

the participants want to increase UX value and importance in the organization to be included 
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in strategic decisions and the end-user interaction, as that is where the greatest opportunity 

lies in influencing design choices. A way of getting there is both through education and to 

showcase why UX matters through minor victories where it has made differences, promoting 

its importance upward the decision-chain.  
“I think it will only continue, if UX and service design continuously demonstrate their value, it will be 

incorporated more and more into organizations.” - (10EXP) 

“Or like think ourselves as UX designers, but also from the lens of more like a service design angle 

because that's where we will have to [go]” - (7MA) 

Furthermore, the participants express a need to scale insights and to make them more 

actionable across the organization in an effective way to prove why certain decisions matters: 
“[...] I think in my work and the way I work, I need to have things fairly clear and easy to grasp. Again, 

in my role, I have to convince people. I often talk to people who aren’t in UX, so my task is really to 

convey why we should do things within UX” - (1PR). 

However, participants also stressed that presenting value goes beyond day to day practices 

with stakeholders. Some argued that to establish UX earlier in the process at a strategic level, 

designers must speak the language of business and retain early stakeholder interactions. 
“I think another solution is that designers need to get better at talking about economics and business. 

There's a culture around the design profession that it's almost a bit foul about discussing money, costs 

and business models, that it instead should be very, very human-centered and that ‘I should ignore 

business models’ and so on.”- (10EXP) 

One participant framed this nicely, where the ideal workflow would work in tandem with 

business and technical stakeholders from the beginning before product directions are locked 

in. 
“The idea of how we should work is that, when you have a product, it is rooted in the business need, 

which you want to marry with the possible technical solutions at your disposal. Then UX-designers ask 

the question ‘Would anyone want to use this?’, and then try to combine them all in the middle.” - (2PR) 

This vision is shared and expanded upon by another participant, who suggests that it is not 

only designers who need to step up and enter strategic discussions earlier. For UX to be 

effectively embedded in decision-making, the entire product organization must take an 

advisory role towards business stakeholders. 
“Because it's not just a designer who has to rise a little higher and get into an earlier stage, but it's also 

the product team and the entire organization, who then have to take on a role of being a better advisor at 

an earlier stage to our business stakeholders [...] We are the ones who should be able to help them into 

the digital world.” - (8MA) 
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GenAI has the ability to ease linguistic barriers cross-disciplinary and is commonly brought 

up as a democratization tool for such a change. An expert pivots and suggests that this 

phenomenon can make design more inclusive, as disciplines and backgrounds of individuals 

can be blurred. This erosion of boundaries, they argue, may expand who can meaningfully 

participate in the UX process. The desired future workflow is thus one with an enhanced UX 

value through continuous proof of value, by information sharing.  

4.1.5.1 Organizational Challenges in Integrating AI and UX 

Participants also acknowledge that realizing these ‘desired workflows’ is not merely a matter 

of adopting new tools or processes. They describe several organizational challenges that 

affect how GenAI solutions are integrated into the business. 

One of the typical issues of large organizations is raised as a managerial inability to view UX 

value in their daily operations and prioritization: 
“[...]Then you should also remember that there are relatively many [...] who are not necessarily 

incentivized to start running with the latest [process] [...] We also have a generation of managers and 

leaders in organizations who do not necessarily want to see their power base disrupted by AI being 

adopted too quickly [...]” - (11EXP) 

They note that creating legitimacy for such changes is vital but also common, through sneaky 

tactics of minor ‘stealthy’ successes, because mid-level managers may be reluctant to fund 

initiatives with uncertain short-term outcomes. 
“I think that's a key thing to create ‘legitimacy’ in different ways. Sometimes you might have to work 

quite sneakily to create legitimacy.” - (9EXP) 

However, much of the organizational resistance encountered seems to stem from basic 

prioritization challanges and resource constraints. 
“So there is definitely a desire and a drive to work with AI as a whole, but it's a question of how much we 

implement it, and it's not necessarily out of malice or ignorance per se, it's about pure prioritization, I 

think.” - (3MA) 

By pointing out that some managers seemingly hold onto the status quo due to resource and 

prioritization constraints, the participants point to a risk that early GenAI driven efforts may 

stall if they don’t clearly align with short-term results. Yet, focusing exclusively on near-term 

efficiency can undermine the broader long term capability discussed in the second dimension. 
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4.1.5.2 The Tool of X for Journey Management 

A recurring example of the organizational complexities around AI and UX was “X”, a 

journey management tool in the implementation stage intended to unify varying micro 

journeys from UX-designers and scalable into what eventually becomes a customer journey 

with shared pain and gain points to assist in aligning the bigger picture for stakeholders and 

product teams to assist in feature and solution creations. 
“We are actually grouped into different stages in a larger user journey, so we have products in our area 

where we share users, and then it is important for us to understand to find common ground, in a perfect 

world we could have had all this in X and just quickly check to get the context” - (6PR) 

According to the participants, the tool uses OpenAI’s open AI enterprise LLM amongst other 

machine-learning methods to assist in insight generation from text input. 
“They [X] use OpenAI open AI enterprise LLM.” - (5MA) 

Here, Managers believe that as long as the value of the tool is proven, integration issues 

amongst its users will greatly diminish. 
“I don't really think it's a problem as long as there's a clear purpose and a clear value of the program 

[X]. Because the alternative is that we handle it the way we do today, which is very manual if there even 

are common customer journeys like this” - (8MA) 

However, the degree of practical awareness about X varied amongst participants. Some 

showed that they had limited to no first-hand familiarity with the tool and others expressed a 

greater understanding on an abstract level. For those that did test the tool, user experience 

emerged as a concern. They described confusion about the interface, issues about time 

investment to grasp the tool and its imperfect nature at current state. 
“However, I haven't received anything like "this is how X works", but it was a rather confusing 

experience: ‘how do I find this’, ‘where is this’. So my experience wasn't like ‘oh what an easy interface’ 

[...]” - (6PR) 

Some participants also worried about adding yet another system to their workflows as to be 

time consuming, preferring to use familiar tools like Figma to work more efficiently. 

Despite these usability concerns, several participants see what the tool has to offer, and that it 

could solve more systematic problems such as the lack of a unified repository for customer 

journeys across the divisions. As one manager describes, each unit might only handle a part 

of the overall customer journey, that can result in overall fragmented insights. 
“ [...] you often lack a repository for customer journeys. We are responsible for one part of the customer 

journey, so that other parts of the company [have] responsibility for other parts of the customer journey.” 

- (8MA) 
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This tool would enable teams from varying backgrounds to put their insights and micro 

journeys and connect them to specific touchpoints and create a bigger picture, to track pain 

and gain points broadly. However, participants noted a big threshold of ensuring that all data 

is standardized and accurately tagged from the outset. Because the tool utilizes GenAI to help 

identify and categorize insights, its effectiveness depends on how well the initial data is 

structured and validated, as one participant noted while using the functions. 
“No, because it's not perfect, and it says the wrong things. It brings up the wrong insights and stuff, so 

it's still a work in progress all the time. It's not finished just because you're just using AI.” - (5MA) 

Another limitation is the integrity and data security aspect needing the data to be anonymised 

before usage. The participants overall see the value X promise as a platform of bringing the 

organizational picture of the customer journey to a holistic whole, it does from a platform 

perspective assist with this regardless of the GenAI functionalities. 
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5 Discussion  
This chapter integrates the empirical findings with the literature review to create a discussion 

that leads to the development of an influence model grounded in these insights. The empirical 

findings in the context of Volvo Group show a complex interaction between GenAI’s promise 

of efficiency and its unintended consequences for UX work at an early adoption stage. The 

participants of the study acknowledge GenAIs potential to support and augment specific 

tasks. However, they also voice concerns in doing so, what effect it will have on UYX 

competencies and GenAI limitations in dealing with complexity such as human feelings to 

critical reflection, attributes that are important to the early stages of UX-work in 

understanding customers actual problems. 

5.1  The Potential of GenAI  

5.1.1 GenAI as an Augmentative Tool in UX Work 

The findings indicate a strong recognition of GenAI’s potential among the participants, 

particularly in automating and augmenting repetitive tasks and freeing up time for more 

meaningful work. Participants describe GenAI as a valuable and effective tool that is capable 

of supporting product development while reducing time and resource demands. This aligns 

with the view that GenAI enables tasks to be automated or augmented into smaller subtasks 

by streamlining certain workflows and accelerates development by offloading tasks with 

lower cognitive load and structure (Corvello, 2025; Johnson et al., 2022, Garbuio & Lin, 

2021). The findings also reflect an expectation that GenAI will continue to evolve and have 

an increasingly central role for UX work, similar to Mariani and Dwivedi’s (2024) forecast of 

GenAI growing impact in innovation. The material further indicates a perception of GenAI as 

a tool that complements rather than replaces human contributions which aligns with the view 

that GenAI plays an augmentative role by supporting creative processes and contributing to a 

broader shift toward hybrid collaboration between humans and AI (Johnson et al., 2022; 

Mariani & Dwivedi, 2024; Gama & Magistretti, 2025). In the context of UX work, this 

suggests a move toward more integrated and collaborative workflows where GenAI supports 

both routine and creative tasks in tandem. The findings show that these tools are applied 

across multiple stages of the design process, where human input and AI-generated content are 

used together to shape outcomes in contextual understanding. This will be examined in more 

detail in the following sections. 
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5.1.2 Practical Applications of GenAI  

GenAI tools are commonly used in the early stages of the design process by the respondents, 

where they serve to inspire idea generation and introduce alternative perspectives to help 

users establish a clear starting point in their projects. They also support critical self-reflection 

by revealing gaps or overlooked aspects in designers' approaches. Several scholars support 

these observations by emphasizing GenAI’s and AI’s role in early-stage design by expanding 

idea spaces, challenging initial assumptions or offering new directions for exploration 

(Bilgram & Laarmann, 2023; Nguyen & Nguyen, 2024; Garbuio & Lin, 2021). In addition to 

stimulating creativity, these tools may help reduce cognitive load by making it easier to 

navigate complex design challenges (Garbuio & Lin, 2021; Chen et al., 2025). 

GenAI-generated drafts are further viewed as efficient starting points, as refining them is 

often quicker than producing content from scratch, which enables more flexible and iterative 

design cycles similar to Bilgram and Laarmann’s (2023) findings. Moreover, the findings also 

highlight that creativity is shaped by social collaboration, reflecting studies that emphasize 

the cognitive and motivational value of shared ideation and human connection in design work 

(Magistretti et al., 2024; Chen et al., 2025; Polster et al., 2024). 

 

In the prototyping phase, GenAI supports creativity and exploration by enabling faster testing 

of ideas and more fluid iteration between alternatives by generating low fidelity prototypes of 

UI and Mockup creation. However, while these capabilities are valuable to speeding up 

prototyping, some scholars caution that rapid iteration may risk reducing deeper cognitive 

engagement or emotional connection with the design process (Polster et al., 2024), that speed 

might come at the cost of depth. Thus, balancing GenAI’s efficiency with deliberate reflection 

seems to become ever pressing to ensure meaningful and user-centered outcomes. Expanding 

on this, the empirical material also indicates that GenAI can speed up development by reusing 

standard components and supporting creative tasks, such as generating visuals for 

presentations and UI, which accelerates everyday workflows. The use of image creation tools 

to assist their creativity was an anticipated finding but the extent and perceived effectiveness 

of its use, saving several hours of iteration, shows its growing value in the design practice. 
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Furthermore, GenAI tools can be utilized to summarize large amounts of information, such as 

interviews transcripts from our findings, thereby enabling the identification of core themes 

and patterns more efficiently. It resonates with Just’s (2024) view of GenAI as a tool for 

pattern recognition and sensemaking in the early phases of innovation, where large volumes 

of unstructured data must be interpreted. By quantifying qualitative interviews with GenAI 

tools for insight mining, it seemingly contradicts some of the material that voice the need of 

empathy and human involvement in this process. However, authors such as Garbuio and Lin 

(2021) describe how AI can support abductive reasoning by structuring fragmented inputs 

into coherent insights, and thus argue for the applicability of such a use-case where problem 

finding will be shared between AI and employees. 

 

Thus, the findings also point to certain limitations in the application of GenAI within 

research, particularly in areas that rely on human interpretation and emotional understanding. 

Tasks such as conducting interviews, identifying user needs, and translating insights into 

design are still predominantly viewed as human-led, even if AI lead projects are exploring 

these fields. As empathy remains a core element in early research stages, GenAI is perceived 

as less suited for these aspects of the process. This observation is supported by previous 

studies (Higuera and Macias, 2024; Stige et al., 2024), which note that identifying user needs 

relies heavily on empathy and problem defining, an area in which AI systems struggle to 

capture deeper emotional and contextual nuances. However, the empirical findings also 

suggest that GenAI tools may serve a preparatory role, for example by simulating user 

responses or testing interview questions in advance, thereby aiding the refinement of research 

materials.  

5.2  Enabling Maximization of GenAI 

5.2.1 Human Evaluation and Interpretation of GenAI  

Our findings indicate that human judgment remains essential when reviewing AI-generated 

content as such tools are not seen as fully reliable on their own. Generative AI is likened to an 

intern who can offer valuable assistance but requires professional oversight. Since it operates 

on statistical probability and lacks self-reflection often with a confident tone, it struggles with 

assessing its own accuracy or determining right from wrong. Participants describe using 

various strategies to validate content, including assessing contextual fit, verifying facts, and 
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cross-referencing sources for the holistic picture. This connects with the literature that 

positions GenAI not as a standalone decision-maker, but as a tool requiring active human 

interpretation. Nguyen and Nguyen (2024) stress that users must critically assess and refine 

AI outputs, especially when content is generated without contextual awareness or reflective 

capacity, which participants note that GenAI tools lack. Moreover, several scholars stress that 

AI systems, while powerful, lack human capacities such as self-reflection and moral 

judgment, which places the responsibility for assessing the quality, relevance and accuracy of 

outputs on the human user ( 2024; Nguyen & Nguyen, 2024; Sreenivasan & Suresh, 2024; 

Füller et al., 2022). At the same time, the empirical material suggests that a full review of 

GenAI outputs may not always be necessary, as subject-matter experts often rely on their 

existing knowledge to quickly spot inconsistencies. Since GenAI draws from established 

content, often noted as historical data: much of its output aligns with what experts already 

know, allowing for a more targeted and selective evaluation process. This reflects findings by 

Nguyen and Nguyen (2024), who note that prior experience and contextual understanding 

enable some users to evaluate AI-generated outputs more efficiently. Similarly, Annapureddy 

et al. (2025) argue that higher GenAI literacy allows for more selective and critical 

engagement, especially among expert users who are better equipped to identify errors or 

irrelevant content without exhaustive review. 

5.2.2 Realities in the Effective Application of GenAI Tools 

The participants pointed out that, beyond evaluating results, the ability to craft effective 

prompts is important for utilizing GenAI's in an effective manner. Yet some respondents 

acknowledge uncertainty and struggle to interact with these tools efficiently. It highlights a 

competence gap in GenAI literacy, particularly around prompt engineering, which is 

considered a foundational but often overlooked skill for GenAI use (Annapureddy et al., 

2025). It is not merely a technical act, but a reflection of users’ understanding, where 

limitations can hinder both creativity and augmentation. This also speaks to the relational 

nature of affordances, where a tool’s potential depends on users’ ability to perceive and act 

upon its potential (Polster et al., 2024). Empirical data suggests that such difficulties are 

common when new tools challenge established ways of working. Professionals often apply 

familiar strategies to unfamiliar systems, which may conflict with GenAI’s specific 

affordances. This behavioral pattern reflects Weick’s (1996) notion of “not dropping one’s 

tools”: the tendency to hold onto known routines even when they no longer fit the task. As the 
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empirical findings suggest, GenAI is frequently approached through traditional heuristics, 

potentially limiting its potential value.  

 

The findings reflect a strong interest in exploring the practical applications of GenAI tools. 

Participants emphasize the importance of learning from others’ experiences and seek concrete 

examples that can offer both inspiration and practical guidance. A recurring theme is the need 

to understand which tools are best suited for specific tasks, based on their capabilities. The 

findings suggest that Volvo could take on an important role in identifying and communicating 

appropriate GenAI tools for certain use-cases, thereby supporting more effective integration 

into designers’ workflows. This aligns with Annapureddy et al. (2025), who emphasize the 

importance of contextual GenAI literacy, to know when and how to use different tools, which 

also reflect the broader concern mentioned by Muralikumar & McDonald (2024) about AI 

capability uncertainty in its behaviour. Both Ångström et al. (2023) and Corvello (2025) 

highlight that bridging the gap between GenAI’s technical potential and its meaningful 

task-specific use requires strong organizational support and clear guidance. Without shared 

narratives or visible use-cases that demonstrate how abstract GenAI capabilities translate into 

practical outcomes users may fail to recognize or act on its potential. This is an issue also 

noted by Nguyen and Nguyen (2024), who highlight that successful engagement with GenAI 

depends on both individual literacy and exposure to concrete, relatable examples. With this in 

mind, the empirical suggestion that Volvo could take a more active role in identifying and 

promoting appropriate tools aligns with broader calls in the literature for organizational 

enablement as a key factor in GenAI integration. The ability of the organization to clarify, 

contextualize and legitimize GenAI use, may determine whether the technology becomes a 

driver of distributed innovation or remains an underutilized resource. 

 

Although AI training is available, the participants indicate that it receives limited attention. 

While time constraints are mentioned, participants suggest that time could be allocated if the 

training were given higher priority or instinctive. AI proficiency is often treated as a personal 

choice rather than a professional necessity and engagement with the dedicated AI team 

appears limited. Still, participants recognize the long-term relevance of GenAI tools and the 

value of developing the skills needed to use them effectively. This highlights a broader 

challenge discussed by Annapureddy et al. (2025), who note that many AI training initiatives 

tend to emphasize general capabilities rather than addressing task-specific and contextual 

needs. Ångström et al. (2023) similarly stress that without a clear connection to daily work 
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practices, training may be perceived as optional rather than necessary. Underlying this is a 

deeper cultural tension, where the use of AI is often framed as a matter of personal initiative 

instead of a shared professional responsibility (Sreenivasan & Suresh, 2024; Corvello, 2025). 

This suggests a need to reframe AI training not simply as access to learning, but as a process 

that is meaningful, embedded and aligned with everyday professional priorities. Effective 

GenAI adoption may depend less on access to training itself and more on how that training is 

positioned, such as professionally prioritized, practically relevant and embedded within 

everyday workflows.  

 

Moreover, the limited interaction between the dedicated AI team and other departments raises 

questions about organizational structure and cross-functional collaboration. The perceived 

lack of integration may prevent the transfer of domain-specific knowledge that is crucial for 

contextualizing GenAI use, thereby reducing both relevance and adoption. This reflects 

Ångström et al.’s (2023) argument that successful AI integration requires internal 

coordination and shared learning structures. Corvello (2025) similarly notes that without 

cross-departmental engagement, AI may remain underutilized despite its availability. As 

Sreenivasan and Suresh (2024) emphasize, embedding AI in everyday work demands not just 

access to tools, but collaborative practices. From an innovation management perspective, this 

misalignment can hinder the iterative feedback loops necessary for meaningful AI 

augmentation (Just, 2024; Magistretti et al., 2024), for UX tasks. These insights suggest that 

realizing GenAI’s potential depends on stronger cross-functional collaboration. Without such 

integration, its broader value may remain unused.  

5.3 Potential risks and Challenges with GenAI  

5.3.1 Data Privacy and Risk Aversion 

The dimension ‘Potential Risk and Challenges with AI’ indicate that practitioners from Volvo 

Group position the limitations and challenges of GenAI from an arguably short term 

perspective, viewing issues with GDPR and integrity as a vital concern in order to utilize such 

tools. A common concern was the limited ability to, in an unfiltered way, use company 

specific information in their internal GenAI application when drafting sensitive documents or 

summarizing certain workshops. This appears to contribute to risk averse behavior where 

some employees completely avoided using GenAI in certain tasks that use sensitive data or 
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company secrets. These observation connects to the literature regarding augmentation and 

automation (Makowski & Kajikawa, 2021; Johnson et al., 2022; Corvello, 2025), particularly 

Johnson et al. (2022) who argue that AI’s role is not inherently fixed as either augmentation 

or automation, but a mixture of both, and that the distinction depends not on the technology 

itself but on the complexity of the task.  

 

In simple routine tasks such as writing and summarizing data, GenAI automates large amount 

of the tasks with limited user intervention, and for complexity in the more abstract stages of 

UX work, such as image generation for concepts, it seems to rather assists in sparking 

creativity or assists with rapid knowledge-transfer, as an augmentor. This supports the study 

made by Roberts and Candi (2024), that applications of GenAI solution are predominantly 

used in development and prototyping of structured tasks and follows the discussion made by 

Makowski & Kajikawa (2021) where automation is mainly conducted in exploitation tasks of 

simpler character, while augmentation may boost overall performance together with the 

human operator. In both cases, however, human-oversight remains necessary to ensure quality 

for both automated and augmented tasks, suggesting that GenAI in this case offloading 

cognitive processes but does not fully automate them. These findings thus support Johnson et 

al. (2022) claim that augmentation vs automation should be treated as an intertwined 

phenomenon in many cases.  

5.3.2 Competency Erosion and Democratisation 

The empirical findings suggest a deeper long-term risk that is less explored in the literature. 

This centers around how GenAI may interfere with the development of reflective and 

contextual thinking. While there is evidence of increased productivity and creativity in the 

use of GenAI as an augmentary tool, the experts do critically reflect upon the long term issues 

of such an adoption. They stressed that augmenting tedious but competence-building tasks 

may lead to a situation that may undermine the development of essential cognitive skills for 

the employee, such as critical evaluation or contextual reasoning and reflection. An indication 

of this phenomenon was lifted by an individual at Volvo Group who experienced a sense of 

deprived competence development from extended GenAI usage. This respondent reported 

sensing that a dependency on these tools had developed that diminished the respondents 

ability to formulate complex text without assistance. 
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These dependencies, the experts warn, may lead to a situation where the joint UX-design 

capability of an organization erodes over time where individual tacit-knowledge or excellence 

that produces novelty becomes a rarity, suggesting a replacement component of such tasks. 

Seemingly, while productivity will increase, this comes at a down-side. Experts were 

particularly concerned that the very tasks GenAI helps offload from the user may also be the 

tasks through which the designer develops reflective, critical and contextual judgement and 

understanding of what is possible. Thus, as these ‘learning through doing’ moments become 

automated, the opportunity to cultivate deep tacit knowledge may diminish over time, to 

arguably become more reliant on GenAI capabilities. Thus, even if GenAI can offload 

cognitive tasks, this signals that they can also be undermined. 

 

Polster et al. (2024) build upon this, by suggesting that over reliance on GenAI could possibly 

constrain creativity in contrast to 5.1.1, and that the ability to produce novelty decreases. 

While 5.1.2 discusses that GenAI can support critical self-reflection it also surfaces concerns 

about the risk of bypassing deeper, deliberate reflection. DT emphasizes both the output 

quality and the cognitive and reflective journey towards contextual understanding and 

insights. These reflective skills may become sidelined with automation of early-stage tasks 

for speed and efficiency, which might be negative as time spent in reflective cognitive 

engagements have been shown essential for deeper learning and contextual understanding 

(Chen et al., 2025), which may limit employees' understanding and increase the reliance of 

the automated result in the process. This seemingly points to a deeper risk that GenAI may 

take the focus away from a human centered process of sensemaking, toward a dependency on 

AI automated outputs. 

 

This broader risk is also evident in the discussion of GenAI’s role in the democratization of 

UX work. The democratisation of UX work that has been discussed in the empirics and 

connects back to GenAI ability to democratize cross-disciplinary knowledge (Bilgram & 

Laarmann., 2023). Participants emphasized GenAI’s capacity to lower linguistics and 

disciplinary barriers, making UX work more legible across workgroups and divisions. These 

observations reinforce what Dell’Acqua et al. (2025, working paper) suggest, that GenAI 

enables non-expert individuals to perform on matching levels with experts in certain fields, 

thus putting tension on the expertise required and how collaboration efforts should be 

structured. Furthermore, GenAI tools may also allow non-UX-designers in product teams to 

create visual components and mockups using GenAI solutions, which was uncovered in the 
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interviews. This indicates that GenAI expands access to ‘who does what’ UX tasks, but may 

also blur the boundary between expert and non-experts, which may raise new questions 

around collaboration structure and skill requirements. This observation align with what 

Bilgram and Laarmann (2023) concluded on a less potent GenAI such as the OpenAI model 

GPT-3, that these models can reduce barriers to ideation and prototyping, enabling 

non-disciplinary users to enter and do UX related tasks such as journey mapping. From this 

perspective, drawing back to the automation and augmentation discussion, GenAI empowers 

a wider group of employees to contribute to early stage design work through 

knowledge-transfer, thus augmenting their competencies with the potential of reducing 

traditional silos and enabling broader participation in the UX domain.  

 

However, a more complex and paradoxical picture emerges when these findings are examined 

alongside the deeper concerns raised by participants from the expert group. They note that 

democratization and efficiency gains following GenAI implementation are a real phenomenon  

that simultaneously may threaten the cultivation of deeper design expertise over time. The 

respondents suggest a paradox around this topic: The ones that need these services the most 

and do not have knowledge in a certain field, are the ones that can’t use it as they wouldn’t 

know when the output is wrong. An interpretation together with the discussion of loss of 

excellence, is that the more UX tasks that get augmented, the harder it may be to sustain 

design excellence as it removes ‘learning by doing’. This subject is lightly touched upon in 

the literature, where Brea and Ford (2023) and Pietronudo et al. (2022), describe that AI 

adoption may lead to paths dependencies and an uncertainty of its effect on employees 

cognitive capacity and their role in such system, possibly as merely data providers for the 

systems. In the empirics this became a main concern for the expert group, as they warn that 

repeated routine use of GenAI risks eroding critical skills that are typically developed from 

the tasks that are now automated or augmented.  

 

The tension is nicely presented by an expert who paints a metaphor of the autopilot system in 

the aviation industry in the empiric chapter (4.4.2). As autopilots become more reliable, the 

pilot's manual flying skills diminish simultaneously, leaving them less capable in critical 

moments when human intervention is needed. Applied to UX design, an indicated concern is 

that over-reliance on GenAI may gradually undermine designers' abilities to critically 

interpret data and creatively synthesize insights that is a vital part in understanding the 

customer. This analogy reinforces the concern that GenAI does not just change how work is 
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done, but may change how designers think, potentially eroding the skills needed to challenge 

or improve automated results. However, what these skills are requires further investigation. 

This could raise theoretical challenges for DT practices other than structural, suggesting that 

if GenAI erodes the reflective loop foundational to sensemaking and that some designers may 

struggle to retain abductive reasoning capacity, potentially moving UX from problem framers 

to output validators focused on efficiency rather than grounded in empathy. As Chen et al. 

(2025) argues, DT engagement duration and cognitive immersion have been central to 

achieve deep user insights. Automating such important tasks provides uncertain effects that 

suggestively risks flattening these cycles in favor of GenAI automated insights. 

 

Bilgram and Laarmann’s (2023) vision of democratized innovation through GenAI holds in 

our findings. The empirical material reveals a concern that democratization of UX-design 

may paradoxically hollow out certain skills needed to sustain high quality design over time. 

These findings may support the view that augmentation is not simply a technical 

improvement but that it has socio-technical consequences. The experts stress that automating 

tasks always comes with trade-offs, such as in competency creation, as GenAI is described as 

black-boxed process it becomes difficult to discern how conclusions are developed for its 

users. Automating such tasks over time may risk limiting new hires opportunities to develop a 

deeper understanding of core UX processes, and thus potentially create a loss of long 

term-competence. This situation is further addressed in the literature, where scholars cautious 

against the development of decision-making becoming a black box process, as they fear such 

decisions could come with biased and unreliable outcomes difficult to spot, and emphasizes 

the need of explainability (Corvello, 2025; Nguyen and Nguyen, 2024; Füller et al., 2022; 

Haefner et al., 2021; Sreenivasan and Suresh, 2024; Tham et al., 2022).  

 

Several empirical examples further reinforce this concern. Some UX practitioners in our 

sample admitted to trusting GenAI outputs without rigorous fact-checking during idea 

generation or analysis, which is counterintuitive when the common solution voiced to spot 

hallucinations or faulty outputs where the human factor, using their expertise as a screening 

mechanism for quality assurance. However, we found limited discussion in the literature 

directly connecting long-term competency erosion with the reliability of GenAI output for 

quality assurance.  
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5.3.3 Algorithmic Bias and Overreliance 

Keding and Meissner (2021) show that the polished and convincing language of AI outputs, 

could disguise low-quality underlying insights into quality in these circumstances, leading to 

misjudgment in decision-making. This becomes particularly problematic as these early steps 

of sensemaking and problem definition of underlying user needs are important for the 

applicability of the designed product for the end-user. If GenAI outputs of insights are 

gradually accepted with a less critical view, in the long run there is a risk of gradually 

reinforcing shallow or biased assumptions of insights unnoticed, as noted in the empirics. 

Such uncritical reliance resembles what Truong and Papagiannidis (2022) discussed 

‘algorithm appreciation’, referencing Keding and Meissner (2021) who found that executives 

frequently trust AI-based recommendations more than human advisors as AI-outputs are 

perceived as structured and objective. Building on this argument, the theory shows that 

algorithms could shape managerial perceptions and behaviors in ways that reduce the role of 

human judgement, which arguably increases dependability on such systems and thus infuses 

risks of hallucinations or biases as discussed prior. 

 

A potential solution to such issues is to enforce explainability of how these AI generated 

solutions where conveyed to allow for some transparency (Stige et al., 2024), and another 

solution voiced by experts is to maintain some UX practitioners who understands the gritty 

details of UX work throughout every process, so that the knowledge capability is not lost. 

Moreover, the notion that one's competencies diminish with GenAI usage over time, tying 

back to the aviation metaphor, questions the reliability of individual expertise as a safeguard 

of quality output, as a reduction in competence would greatly increase dependence of the 

technology’s accuracy. Beyond explicit task automation, the empirical findings also discusses 

a more subtle cognitive risk of inheriting biases during long-term usage. As one expert 

explained “[...] you inherit bias from the AI ​​service even when you're not using the service, so you're 

subliminally influence over time by the service's way of expressing itself” - (10EXP). Thus, GenAI’s 

impact may not only reduce competency development but may gradually influence how 

individuals structure their tasks and make decisions, which could be beneficial for oversight 

but limiting for novelty. 

 

Experts further noticed a reduction of junior positions for design occupations as a 

consequence of GenAI adoption, and that their professional trajectory is seemingly being 
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pushed forward, skipping fundamental steps of competence development typically created of 

tedious tasks that experts call crucial for excellence creation, which we’ve not found in the 

literature and demands further research. Moving forward and in contexts similar to ours, there 

may be an increased tension between GenAI outputs and human work, where the perceived 

objectivity of GenAI could override human judgement if safeguards are not implemented. 

This may not only put tension on internal accountability structures, but increase reliance on 

the tool producing these outputs. One way to mitigate this risk is to develop these GenAI 

solutions in-house. Doing so may allow greater transparency into how models are trained, 

evaluated and applied, reducing the black-box by enabling explainability efforts 

(Muralikumar & McDonald, 2024), which may reveal limitation and applicability areas for 

the user while adding legitimacy of human oversight over the process, thus reducing 

accountability tension of its output. 

5.3.4 Limited Novelty & ‘Mediocracy Engines’ 

The respondents discussed the GenAI algorithmic function as probabilistic, statistically most 

likely but rarely exceptional answer, and an expert coined such tools as ‘mediocracy engines’, 

which may produce plausible-sounding outputs, with risk of hallucinations. GenAI is 

optimized to replicate what is common and known based on its training data, which may limit 

originality. This notion connects to the  literature (Füller et al., 2022; Truong and 

Papagiannidis, 2022; Hutchinson, 2021) which discusses the constraints of AI in it’s isolation 

and the creation of novelty based on the historical perspective they are forced to take, making 

GenAIs use for incremental innovation rather than radical improvements as it may reinforce 

existing ideas rather than challenging them. Although reconfiguration innovations might 

come from this, the experts' reflections appear to align with concerns in the literature and 

view it as an organizational risk in the long run and that, over time, dependence on such tools 

might reach a threshold where reverting back from GenAI work-processes becomes 

troublesome. Such rigidity could limit exploratory innovation capabilities within the 

organization, a dynamic observed by Brea and Ford (2023), on how AI can reinforce 

entrenched knowledge in firms while enabling others. Over time and in large organizations 

adopting GenAI extensively, the dependence on probabilistic engines for ideation may not 

only standardize outputs, but could risk normalizing mediocrity within team cultures, and 

reduce collaboration efforts which Polster et al. (2024) observed in their case-study on 

workshop and GenAI usage. These findings indicate that GenAI may favor exploitative, 
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incremental innovation over exploratory innovation, that may further reinforce convergent 

thinking modes and organisational inertia for when exploratory experimentation of design is 

needed. 

5.4 Organizational Context 

In many ways, the organization described by the participants emit a sense of openness to 

technologies such as GenAI. It is an environment where individuals spontaneously test 

AI-enabled tools and share their discoveries in local forums and with colleagues, informal 

and formal. Such grass-root engagement connects with what Tekic and Füller (2023) describe 

as increasing importance of open and collaborative dynamics as typically seen in open 

innovation contexts. However, on a closer inspection, this embrace of GenAI seems to remain 

inclined more towards an informal and decentralized spectrum as discussed in 5.2. A mere 

positive attitude to new technology does not alone guarantee sustainable implementation 

unless accompanied by the right structures and leadership commitments, which seemingly is 

supported by other scholars (Ångström et al., 2023; Füller et al., 2022).  

 

This duality also reflects earlier concerns (5.3.1, 5.3.2) that organizational caution can limit 

GenAI experimentation while insufficient safeguards may risk long-term competency erosion. 

Many see a chance to use GenAI for productivity gains in day-to-day tasks, but they also 

describe an enterprise that despite an open culture to change, has complex channels for 

security and approval for testing of new AI solutions. This appears to hamper 

experimentation to a degree, which Corvello (2025) press could limit employees 

empowerment and thus their curiosity. Some participants explicitly mentioned that even when 

motivation exists, these organizational constraints slow trial and error, indicating that GenAI 

uptake is inconsistent across individuals. In this sense, the recognized positive readiness of 

the individual collides with the typical large-organizational friction.  

 

Another persistent concern is the limited access to end-users, which echoes the concern 

discussed in 5.3.2 where lack of contextual understanding can make designers overly reliant 

on GenAI for user insights. The UX worker instead relies on ‘business areas’ and marketing 

teams for insights. This layered access structure, combined with the fragmented realities of 

large organizational domains, creates a distance that makes real time user validation and 

information extraction difficult. This seems to connect with the concerns raised by 
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Muralikumar and McDonald (2024), who found that failing to embed user research and UX 

teams early, albeit in AI projects, often results in misaligned solutions. Similar challenges 

seem to be at play here in the product development phase. Arguably, the core principles of DT 

are significantly constrained by organizational structures by being in the third row from the 

customer, limiting both direct empathy and problem defining, while also harming the iteration 

of information loops that enables fast iteration. These patterns strongly align with the critique 

by Calgren et al. (2016) who argues that DT exploratory and iterative nature often clashes 

with the structural and cultural conditions of large firms. As a result, GenAI may help to 

compensate for the practical inaccessibility of its foundational principles in this 

organizational context: as in the case of GenAI power user journey projects as a way to 

triangulate insights from several instances. Thus, although DT is framed in this thesis as 

well-aligned with early exploration and problem setting definitions, the empirical material 

shows how the realities of organizational complexities reduces or forces reinterpretation of 

DT more towards a hygiene factor to confirm relevance of actions.  

 

This further seems to confirm Stige et al. (2024) arguments of the importance of embedding 

UX early in processes for best user-outcomes, seemingly validating the issue in this context. 

Several participants also emphasized that their role as UX practitioners often extends beyond 

their core design tasks requiring considerable internal advocacy and stakeholder alignment to 

enable basic user research. Still, GenAI assists with reducing linguistic and contextual 

barriers between disciplines, enabling UX practitioners to more easily move between 

stakeholder-perspectives and how to frame the importance of user-experience work for the 

customer experience, and what value it adds. The observations also point towards a broader 

tension between revenue-focused objectives, and a deeper DT style approach to understand 

the user’s holistic experience. The description of changing roles of UX-designers moving 

forward in attempts to solve priorly discussed tension, and in doing so, it requires UX to 

equip new tools and skills to take on the role as mediators between disciplines in order to 

better champion the importance of design.  

5.5 Integration of GenAI on UX 

Participants of the study note that UX is becoming more recognized and impactful in the 

organization, but acknowledge that it is relatively new, with a need to increase UX presence 

in operational and strategic decisions. Our findings suggest that technical challenges are not 
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the sole issue at play, but tied to identity, status and perceptions of managers and 

professionals within the organization with similarities to the discussion by Rizzo et al. (2024) 

on individuals dispositions and effects on AI engagement. Without continuous efforts to 

reframe UX as a strategic imperative for customer retention and value creation, the 

integration of user perspectives will likely continue facing structural and cultural frictions.   

5.5.1 Suggested Shift toward Higher-Value UX work  

Respondents report seeing a noticeable productivity increase in tandem with the GenAI, 

however, in many cases they still express a need for practical examples for different use-cases 

in their work. The empirics also noted an indication of a possible change of what constitutes 

UX tasks moving forward, where skillsets of UX become more generalistic in the sense that 

UX practitioners would focus more on understanding the whole rather than micro-parts of 

user journeys, with a greater focus on the cross-domains of stakeholder perspectives which 

resonates with (Garbuio and Lin., 2021) who suggested that when problem solving is 

automated by AI, designers could move to higher conceptual work. However, as discussed in 

5.3.2, this change may come at the cost of deeper specialization and competencies paramount 

for design excellence, but what those are remains unclear and in need of investigation. The 

recurring reason for moving towards generalist capabilities seems to be the need for UX to 

more clearly demonstrate its value across the organization. A possible way of achieving this 

better is to further make efforts to understand multi-stakeholder perspectives, and thus 

become more of a generalistic in their skillset, or as a participant suggested, become more of 

a ‘service designer’ whose perspective is more holistic.  

5.5.2 Generalist Roles 

A driving element of this change is GenAI adoption that suits unstructured workflows based 

on GenAI broader applicability for varying tasks, free-ing up time for higher value tasks 

(Corvello, 2025), that require complexity and cognitive capacity, connected to augmentation 

discussion. This is empirically supported by Dell’Acqua et al. (2025, working paper), who 

found that GenAI reduces task time for individuals and teams alike, reinforcing GenAI’s 

potential to free cognitive resources for more valuable UX tasks. From a DT perspective, 

GenAI could enable UX practitioners to focus more on aligning insights and specifications to 

suit the user journey and thus shifting the focus earlier in the design process towards problem 

framing through user-empathy and ideation phases, areas known for less structure and 
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constant iteration with traditionally high dependence on human cognition (Polster et al., 2024; 

Garbuio & Lin, 2021).  

 

With that being said, scholars have noted that machine-learning algorithms and GenAI can 

reduce cognitive overload for users in handling vast amounts of data, suggesting that the 

application area may be that of cognitive complexity as well. Yet, several respondents claim 

GenAI currently lack the ability to comprehend complexity, as a delimiting factor for its 

use-case, primarily between different groups of people or systems which suggest that it’s not 

GenAI lack of finding patterns in large amount of data that is the issue (5.2.2), but rather a 

lack of considering different contextual realities and weighing their importance for the 

outcome. Thus, this signals that UX may potentially move towards a more generalist role, 

requiring further contextual understanding of several stakeholders and reinforces the need for 

human contextual judgement discussed in 5.3.3, as this is where human capability seemingly 

outshines current GenAI systems (Roberts & Candi, 2024). The move toward generalist roles 

also reflect a deeper alignment with DT principles, which emphasize empathy across 

functions and a system view of problem spaces to navigate towards the customer's real needs, 

based on the increasing desire of UX as mediators between user needs, business constraints 

and technical feasibility.  

5.5.3 Ownership and Responsibilities 

Although these findings point to a desire for “generalist” UX profiles in response to AI 

advancements, adaptable to cross-disciplinary domains such as business and technical 

domains, this trend also introduces discussions of ownership and responsibilities in its 

integration. This is seemingly evident in answers given of uncritical acceptance of GenAI 

insights and the discussion of such longtime risk in the discussion prior (5.3.3). It also 

connects to the cognitive constraints discussion found in the augmentation debate (Füller et 

al., 2022), and adds depth to the discussion of what automating lesser cognitive tasks does to 

the profession. Further, such developments have been evident in other work (Stige et al., 

2024) which denotes that GenAI, while offering efficiency gains, can affect UX workers to 

experience technostress and fatigue (5.1.2). Such a turn of events may introduce cultural 

barriers to GenAI adoption for designers as users become reluctant to drop their habits 

(Weick., 1996). This suggests that GenAI’s integration is likely to introduce a psychological 

load that must be managed thoughtfully, as UX designers are not just adjusting their 
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workflows but also redefining what it means to be accountable, skilled, and effective in their 

day-to-day profession. These concerns also align with Rizzo et al (2024) who found that some 

managers trust GenAI not only for its many uses, but to avoid criticism, using GenAI as a 

shield from accountability. Thus, the findings suggest that psychological impact following 

GenAI implementation may dilute ownership and responsibility, potentially increasing 

avoidance behaviours. Further research is needed to investigate the magnitude and long-term 

effects of such changes in areas of high cognitive work in relation to GenAI application, 

suggestively through longitudinal studies. 

5.5.4 X as a Example of GenAI/UX integration 

A reoccuring example of a GenAI solution in early UX work is X, a journey management tool 

with effective visuals that in theory could unify the scattered user-journeys in the organization 

by bringing different stages of the overall customer journey into one platform. It builds upon 

and uses GenAI, more specifically, OpenAI’s ChatGPT alongside other machine-learning 

models, to automatically score transcripts together with personas, to retrieve user pain and 

gain points, which when aggregated with multiple micro-journeys creates a unisom actionable 

journey map. As participants describe, X offers the potential to standardize how UX workers 

store and communicate user pain and gain-points through several micro journeys to scale 

upwards and connect several micro journeys to a holistic overview of the customer journey of 

the product, in a dynamic way. To our interpretation this aims to centralize and visually show 

the customer journey, while assisting in insight generation to scale UX understanding across 

touchpoints and be used in decision making. In theory, this would generate a holistic picture 

across divisions and touchpoints, aligning prioritization for decision-making and to more 

easily showcase UX. These aspirations connect to the literature regarding open innovation 

(Holgersson et al., 2024; Kuzior et al., 2023), between divisions in the organization as this 

aims to communicate and frame insight generation between them, which resonate with Füller 

et al (2022) who argue that AI solutions can support end-to-end insight generation through 

pattern recognition of customers needs and trends. 

 

However, the interviews did reveal barriers for its application. Some participants were 

unaware of the tool, and some viewed it as yet another platform adding complexity to daily 

workflows. Some expressed concerns about data quality and privacy when feeding the tool 

with interview transcripts or sensitive information in the micro-journey instances. Even 
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though the X solution offers automation and augmentation of insight generation through its 

transcript mining, success depends on cultural readiness through alignment of data protocols 

and sustained managerial support (Ångström et al., 2023). As Weick (1996) argues, people 

often resist ‘dropping’ their established habits, especially if new systems threaten established 

routines or require stepping outside well defined job boundaries. From a DT perspective, X 

illustrates a practical pilot of AI augmented research and empathy, by automating journey 

maps and synthesising insights to pain and gain points, might offload some routine tasks in 

persuading and voicing why UX matters, enabling UX designers to concentrate on 

higher-value conceptual or empathic activities (Polster et al., 2024). However, as participants 

note, current shortfalls of said tool, such as confusion about interface, data privacy and 

uncertain data tagging and outcomes, could disrupt this synergy, echoing Stige et al (2024) on 

the importance of ensuring AI tools remain genuinely user-friendly and trustworthy. If the 

tools are too complicated or insufficiently explained, technostresses (Stige et al., 2024) and 

user resistance can overshadow the benefits. Again, a potential remedy for such issues may be 

XAI, which researchers (Muralikumar & McDonald, 2024), stress that the need for humans to 

understand the logic behind GenAI and its outputs enables understanding of its capability and 

limitations, enabling trust. Without explainability in GenAI, the tool risks becoming a 

black-box, with effects voiced in prior discussions of automation risks (5.3.3). 

 

Additionally, in line with Corvello (2025) and Mariani and Dwivedi (2024), X’s reliance on 

open AI enterprise LLMs reveals how data integration and model performance hinge on both 

technical and adaptability to organizational willingness. AI’s capacity to handle textual input 

such as transcripts and reports from unstructured data is promising, yet participants mention 

that output of the model is not always accurate, that it brings up the wrong insights and says 

the wrong things, which may be the case of hallucinations. In relation to the second 

dimension (5.2) where risks were mentioned, this becomes a practical example of where these 

risks of competence, important in validating the output of GenAI solutions and thus the safety 

mechanism to it use, could erode if it is not completely ignored based on time constraints 

mentioned by the participants. This puts even greater importance on GenAI's accuracy of 

insight generation, or explainability of the model to reduce the black-box process of the 

insight generation of the tool. Thus, stakeholder education of said tools, how it works and 

operates behind the scene is crucial for the user to understand how the output was generated 

in order to spot flaws, and might be important enough to consider requesting full transparency 

of who this operates. 

 



 

94 
 

A further complication arises from the rapid pace of enterprise GenAI development. The 

development of enterprise AI has been rapid in the last year, becoming more potent in 

handling greater amounts of tokens of text and in greater complexity. While this ongoing 

evolution can make tools like X increasingly potent, it could also create challenges for the 

organization as the company attempts to keep up with constantly updated third party AI 

services, as it could sway accuracy or predictability of the outputs.  

5.6 Positive and Negative Influence 

Building on the core discussion themes (5.1-5.5) along with the literature, this section takes a 

step back to synthesize and evaluate how specific elements of GenAI observed in the 

empirics material influence early UX work in a large organizational context. Although 

discussed separately across the prior dimensions, it is important to recognize that challenges 

such as technostress, data-privacy concerns, the novel competency erosion contribution and 

algorithmic bias are deeply interconnected. Emerging from the discussion, we observed that 

certain effects of GenAI influence on UX appear immediately beneficial or potentially 

harmful, whereas others may materialize more fully over time. To digest this complexity, 

seven elements have been constructed based on the discussion material, and will be plotted 

and analyzed on a model in this section. Thus, the following chapter will discern GenAI 

influence on UX work through a construction of the recognized elements which can be 

viewed in the appendix (8.1). 

5.6.1 GenAI - UX Process Influence Framework  

Following model visualizes the seven elements conceived in the discussion chapter of GenAI 

influence on UX work. These elements showcase the recurring themes and interdependencies 

as analyzed in the discussion chapter based on the interviews. These were mapped across two 

dimensions, namely Time (Short-term vs. long-term) on the x-axis, and Influence (Positive 

vs. negative) on the y-axis. It is important to acknowledge that the material was gathered in a 

snapshot in time, where the discussion of each of these elements ranged from both short to 

long term perspectives. Both dots on the ranges, black and white, represent the endpoints of 

the element discussion range, where the majority of the discussion is in between these dots. 

Thus, the ranges plotted on the model represent the discussion-range around each of these 

topics. The black dot represents an indication towards which side within this range the 
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respondents discussed the topic the most. The arrows are incorporated for clarity to show that 

the discussion started in the contemporary perspectives of GenAI’s influence to discussions of 

these element impacts over time, pointing towards the future perspectives of their discussion.  

Figure 6:  “GenAI - UX Work Influence Framework” 

 
 
 

Description: Line ‘range’ = discussion-range of each Element with dots. Dark dot = Which direction in the 

range the discussion leans, the focal point. White dot = Endpoint of the discussion range with less focus. Arrows 

= Represents the direction of the discussion pointing from “here and now” towards “in the future” in the 

discussion. 
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These time boundaries are inherently difficult to ground based on the discussions' varying 

perception of short to long-term, together with the rapid development of GenAI capabilities. 

As such, the time dimension should be treated as a relative continuum instead of fixed years, 

based on the data gathered during this study. Based on the ‘GenAI - UX work influence 

Framework’ that represents the broader discussion, five key takeaways summarizes the thesis 

contributions to understanding how GenAI shaped early UX work in a large organizational 

context. 

5.6.1.1 Short-term Utility: Long-term Ambiguity 

Seen to the model, most GenAI applications provide immediate benefits of increased working 

speeds with higher efficiency and spark creativity during the design process, such as idea 

generation, which can lead to improved product development and innovation. Moreover, 

augment mentioned tasks (5.1.2) to off-load cognitive skills, helping users to focus on more 

valuable tasks. At the same time GenAI can remove boundaries separating disciplines from 

the UX field and visávis. However, a recurring theme in the discussion is that short-term 

gains often disguise long-term risks, such as a degradation of novel creativity and eventually 

skill-loss, to create tensions of accountability with its use. These risks can be further 

amplified if employees work under time pressure or with insufficient GenAI training, as the 

empirics showed occasional blind output acceptance during time pressures with limited 

human evaluation. The influence framework reflects this duality showing that while GenAI is 

perceived positively in the short-term, many elements are being ‘pulled’ toward the negative 

long-term quadrant. 

5.6.1.2 Competency Erosion as a Core Risk 

Present and relevant in many of these elements are the discussion of competency erosion. 

Experts described how routine reliance on GenAI for idea generation, insight generation or 

sensemaking may over time reduce user’s ability to think critically and identify nuances. This 

observation was especially compelling as this discussion was heavily covered by the expert 

group, but lacking from the Volvo Group respondents, and in need of further validation. What 

this means is that managers and employees should be aware of this tension as GenAI 

applications get implemented, and what it would mean for their business and capabilities in 

carrying out their work tasks from a UX perspective over a long period of time. This 

awareness becomes especially important in fast-paced environments, where time pressure 

 



 

97 
may discourage thorough evaluation of GenAI content. If taken for granted, insight 

generation may reach a point where practitioners accept output with little evaluation.   

 

The metaphor of pilots losing manual flying skills due to autopilots, captures how UX 

workforce may become more efficient with GenAI tools, but less resilient or reflective, the 

very skill discussed by participants as a safety-mechanism to screen GenAI output from 

faultiness. This concern is further emphasized with the reduction of junior positions and 

changes to their learning paths as GenAI automates repetitive work, and how that will affect 

their skill development over time. In doing so, they could lose the opportunity to develop tacit 

knowledge, but experts note that not all tacit knowledge is equally important. This suggests 

the need to examine what tasks develop great UX excellence, although this is beyond the 

present study. This erosion may not be immediately visible but may surface in the form of 

reduced problem-framing quality or reduced innovation capacity. Consequently, it may 

increase the risk of knowledge concentration in the organisation, as fewer remain with tacit 

knowledge and experience in critical interpretation that can still ‘fly manually’ under 

pressure, which may create single points of failure.  

5.6.1.3 Structural Barriers to GenAI 

The elements of Data privacy & Risk Aversion and Algorithmic Bias & Over Reliance remain 

on the negative spectrum both on short and long-term. These elements are important for 

GenAI applicability and use in product development, and they emerge as persistent inhibitors 

of GenAI experimentation, often leading individuals to avoid unfamiliar tools and instead 

‘stick’ to what they know. Consequently, efforts to ensure compliance and safe data usage 

may suppress the benefits of GenAI tools until bulletproof evidence of its safety has been 

confirmed. This seemingly indicates a dysfunctional risk-averse environment where 

exploration is prioritized but crippled at the same time through practical constraints, where 

the space for learning through trial-and-error becomes less pronounced in favor of more 

top-down initiatives, which is viable to ensure compliance and quality. For UX work, this 

may result in inconsistent integration of GenAI into user research, ideation or content 

generation, and the reduction of experimentation may also reduce practical cases of valuable 

GenAI usages discovered by the practitioners. 
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5.6.1.4 Duality of Democratization 

The influence model reveals how democratization of UX work emerges as a double edged 

mechanism. On one hand, it broadens access to UX practices and design tools, thus 

contributing to further cross-functional collaboration between disciplines and roles with 

potential to dissolve communication silos between business, tech and UX teams. On the other 

hand, there is a risk that democratization could dilute UX design excellence over time, 

particularly when junior hires or non-experts rely on GenAI to bypass foundational 

skill-building tasks. This is distinct yet interrelated with the concerns of GenAI systems 

functioning as “mediocracy engines” as viewed in the empirics, tools that generate averages 

and plausible outputs based on statistical likelihood of then incremental character rather than 

producing breakthrough thinking. Thus, in the studied case, democratization appears to 

influence who performs UX work while the statistical component affects what kind of work 

that is produced. Over time this may limit the organization's ability to support more novel 

forms of UX practice, but at the same time could drastically improve the iteration speeds as 

well as spark creativity, which as argued can augment product development and innovation 

both currently and in the future. However, this also raises questions about long-term quality 

and organizational capacity when novel innovation is desired based on the competency 

erosion discussion, showcasing a duality in need of further research. 

5.6.1.5 Education & Upskilling as Remedy 

Education of GenAI’s limitations and strengths could serve as a systematic lever to mitigate 

broader risks apparent within the framework. As human evaluation remains essential for 

ensuring quality and relevance of GenAI outputs, understanding when and how to use these 

tools and the logic it is built upon could potentially reduce overreliance tendencies as users 

understand the tools weaknesses. Additionally, prompt engineering familiarity and tool 

selection competence emerged as underdeveloped skills, alongside with a need for more 

exposure to practical and inspiring examples that can be directly applied to their own work. 

Addressing these competency gaps seems to be an important first step to remedy several of 

the risks presented in the model, as it could limit the overreliance tendencies when users 

know what can and can’t be done, as well as increasing conscience in selectively integrating 

GenAI into appropriate parts of the UX. Education and upskilling of GenAI seems to be the 

most effective solution to provide UX workers with better understanding of GenAI 

capabilities and limitations and thus support more grounded decisions and reduce blind trust. 

This may assist in preserving design quality and contextual sensitivity.  
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6 Conclusion & Practical Recommendations 

The study set out to investigate the research question: How GenAI influences early UX work 

processes in a large corporation? 

 

This thesis, based on a single case study with Volvo Group, uncovered a range of both 

positive and negative short-and long-term complexities in the use of GenAI in early UX 

work. The findings demonstrate that GenAI offers immediate benefits from a short-term 

perspective as participants report gains in efficiency for image and text creation, as well as 

faster iterations during idea generation and prototyping. In these instances, GenAI often 

serves as a source of inspiration and a starting point to build from. The findings also point to 

broader opportunities in how GenAI may enhance the role of UX professionals beyond 

immediate efficiency gains, by enabling them to redirect focus to higher-value tasks. These 

include complex and creative work, such as strategic alignment between stakeholder 

perspectives and to champion UX importance in product development. At the same time, 

participants suggest that integration with GenAI itself can spark creativity, thereby 

stimulating innovation and supporting product development as well. While these findings 

reflect several concrete benefits, a number of challenges emerged, such as data privacy 

concerns, limited prompt-crafting skills, uneven levels of AI literacy and a desire for more 

applicable use-cases for their context. 

 

However, in the long-term perspective, GenAI may simultaneously introduce deeper 

organizational and cognitive risks, a discussion that remained unevenly addressed by our 

case-study respondents. It illustrates how benefits such as efficiency, accessibility and broader 

participation, typically attributed democratization effects that can provide quick positive 

results which simultaneously conceal deeper systematic risks that could materialize over time. 

These include risks such as the loss of expertise, overreliance and potentially the development 

of ‘design mediocracy’ through extensive use of augmentation: that develops more subtly 

over time. This indicated erosion of knowledge is not a matter of task displacement alone but 

that of cognitive disengagement as GenAI automates competence building tasks, and how that 

disengagement affects the skill of the individual UX worker. Reducing or augmenting the 

slow, iterative sensemaking tasks that develop deep contextual understanding, build 

competence and tacit knowledge, may dilute designers capabilities when they are no longer 

frequently engaged with these tasks. This may be especially impactful for those in their early 
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careers, which would effectively skip these tasks altogether, with uncertainty of the effect this 

has on their skill development.  

 

The dualism presented between democratization and competency erosion illustrates the 

multifaceted impact of GenAI integration. It serves as a reminder that augmentation of work 

tasks is not a neutral process as it inevitably affects workflows that have contributed to the 

present UX competence development. From the researchers standpoint, navigating this 

dualism thoughtfully in augmentation and automation decisions will determine how GenAI 

contributes to the long-term maturity of UX. 

6.1 Recommendations 

To address the risk of long-term erosion of critical design competencies, particularly 

reflective judgement and creative synthesis, we recommend the implementation of 

competence retention loops, especially for junior UX practitioners. These would involve task 

rotation schemes and structural exposure to formative design activities that have or will be 

GenAI augmented, as a precautionary step to evaluate if these tasks of tacit-knowledge are 

safe to ‘fully’ augment without loss of critical skill. Further, developing an internal 

framework that identifies ‘competency-critical tasks’ that are deemed foundational to 

knowledge development may showcase what tasks have a lighter trade-off being optimized 

with these tools than others. The competency retention loops should establish structured task 

rotation cycles where juniors and mid-level practitioners alike are intentionally reintroduced 

to these identified key tasks for competency development. Over time, these interventions 

would build resilience in the workforce by preserving tacit know-how and countering 

over-dependence on such tools, a recommendation supported by an expert respondent. 

However, it is important to consider how such rotation strategies may be perceived by 

practitioners. In environments where efficiency and speed are prioritized, returning to slower 

and manual tasks can appear counterproductive or even career-limiting. Without clear 

organizational support and communication such initiatives risk being deprioritized or 

overlooked. Nonetheless, investing in preservation efforts of known core-design 

competencies early seems justified from our point of view, to maintain quality of designers 

capabilities in light of our findings.  
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Furthermore, keeping track of and preventing competency erosion is important as it was 

voiced as a safeguard against GenAI inaccuracies, which our findings suggest might erode 

over time and usage if foundational skills are not continuously reinforced. This could, in the 

example of the user-journey tool, lead to inaccuracies of micro-journeys that when 

aggregated, may emphasize the wrong pain points, potentially leading to decisions made on 

poor grounds. To remedy this potential issue for insight mining from customer interviews, we 

suggest that the interviewers themselves are the ones to log and screen outputs of GenAI 

insight generation, as they are more likely to spot faults and correctness based on their 

contextual understanding. Further, adding a label system of GenAI assisted micro-journey 

creation that requires peer-review of the output, may further ensure the quality of the 

aggregated journeys. 

 

Secondly, while GenAI offers clear potential to broaden participation in UX practices, it also 

introduces risks of reduced standards if critical thinking and quality control are sidelined. Our 

recommendation is to make GenAI literacy training an essential part of professional growth 

through mandatory participation, or to incentivise employees to take these courses with 

monetary compensation of sorts as the participants' use of GenAI was shown with varying 

levels of scrutiny. Drawing on Annapureddy et al (2025), this training should emphasize 

responsible use, interpretation limits and the necessity of human oversight in quality 

assurance, along with the proper level of prompt-engineering skills required. Further, 

incorporating explainability into the model could reduce several of the listed negative effects 

in the first place. A reduction of black-box processes are key to retain both levels of control 

and reduce technostress, but also to better understand how the model operates, revealing its 

strengths and weaknesses. Our recommendation to prioritize model explainability and 

minimize black-box processes, by extending partnership with pilots or creating them in 

house, finds support in Muralikumar and Macdonald (2024), Sreenivasan and Suresh (2024), 

Stige et al (2024) and Haefner et al (2021), who emphasized that explainable AI is essential to 

sustain human agency, which is needed for quality assurance in this case. Ideally we see that 

these tools should be created in tandem with UX practitioners inhouse to gain deeper control 

and accuracy of its capability.  

 

Building upon this, based on what the participants themselves expressed, we recommend that 

Volvo provides inspiring and practical examples of how GenAI tools can be used in everyday 

work, which employees can directly apply into their own tasks. Participants also emphasized 
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the importance of understanding which tools are suitable for different situations and 

highlighted the need to learn how to prompt more effectively. For this reason, we also suggest 

that Volvo facilitates peer training sessions where colleagues can share knowledge and learn 

from one another, for example through involvement from departments already working with 

GenAI in different ways. If such examples or training cannot be developed in-house, we 

suggest that Volvo considers leveraging external training resources to ensure employees still 

receive the necessary support and inspiration. By embedding this type of AI training more 

fully into professional development than is currently the case, Volvo can reinforce employees’ 

existing motivation and support them in building the confidence and knowledge needed to 

enable the potential of GenAI in their daily work. 

6.2 Limitations 

Given the breadth of this study, we do not claim to offer a definitive model of GenAIs 

influence. Instead, we offer a preliminary framework that maps the key elements' indicational 

impact on early UX work, as they are currently perceived by the authors' synthesizing 

capabilities. Further research could focus more narrowly on certain teams combined with 

phases of UX work and review if the elements as discussed prior, especially around 

competency erosion, holds. Longitudinal studies would also be valuable in understanding 

how GenAI influences evolve over time in the UX domain. Thus, GenAI is seemingly 

shaping UX practices in subtle but meaningful ways, and whether it leads to improved design 

quality or gradual skill erosion seemingly depends on how organizations structure its use, 

support human oversight and preserve reflective, human centered principles over time. 

6.3 Theoretical contributions 

This thesis contributes to the emerging literature on GenAI in Innovation Management and 

Design Thinking by exploring its contemporary influence on early-stage UX work, a domain 

that remains underdeveloped in current research. While scholars such as Stige et al (2024) 

identify that AI applications in UX are primarily concentrated in downstream phases such as 

solution development and evaluation, this study indicates likewise observations, with efforts 

to streamline mockup creations. In addition, it identifies efforts to include GenAI in the 

empathy and problem framing parts in the early stages of UX design. 
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Furthermore, by examining GenAI as a tool for surfacing latent user needs and synthesizing 

qualitative data for journey management, the thesis provides empirical grounding for the 

‘reveal’ function proposed in the theoretical work of Gama and Magistretti (2025). Their 

framework distinguishes between AIs capacity to replace, reinforce or reveal new insights, 

and thus by showcasing the beginning of an implementation process of a GenAI solution used 

for insight generation and synthesis in a large organizational UX workflows, this research 

highlights an organizational area for further investigation. While this study primarily 

examines how GenAI influences internal UX work processes within a large organizational 

context of Volvo Group, it is important to recognize that UX processes in the end, exist to 

improve the end-user experience. Logically, changes that impact UX practitioners' reflective 

capacity, creativity and contextual understanding could, over time, influence the quality of 

user-centered design delivered to customers. However, as the present study did not include 

direct end-user evaluations, the downstream effects on users remain outside the empirical 

scope. Future research could therefore explore how GenAI-driven changes in UX workflows 

manifest in user satisfaction or product useability. Moreover, Pietronudo et al. (2022) renewed 

chaos conceptualization discussing the dark side of AI, resonates with the findings of data 

privacy, cyber security, and homologation of solutions, which the empirical ‘mediocracy 

engines’ sentiment align with. A potential addition to this concept is the indication of 

competency erosion derived from the findings and discussion, which appears to suit as an 

addition to the renewed chaos conceptualization. 

 

In addition, the findings build on broader discussions of democratization observed in the 

innovation literature. Bilgram and Laarmann (2023) and Dell’Acqua et al (2025, working 

paper) argue that GenAI can lower barriers for non-experts to participate in innovation 

processes and ideation activities. Although their work focuses on general innovation contexts 

rather than UX specifically, the present findings extend these insights into the UX domain, 

showing how GenAI can similarly enable non-UX specialists to perform certain UX specific 

tasks such as prototyping of UI elements, to research synthesis. Moreover, the empirical 

material emerging suggests that within UX work, GenAIs augmentation of routine tasks could 

at the same time erode competencies and potentially harm the designing excellence in the 

long run, albeit further research of what constitutes vital UX competencies is needed for such 

an assessment. This points to a perceived underexplored tension between democratization and 

the preservation of creative expertise in cognitively loaded work. Future research could 

therefore investigate how large organizations can balance the benefits of GenAI-driven 
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democratization with the need to sustain long-term professional competencies within the UX 

domain. 
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8 Appendix 
For information regarding the structured literature review and Gioia coding data sheets: 
please reach out to the authors of this study. 

8.1 Scopus search 
2025-01-23 TITLE-ABS-KEY ( "artificial intelligence" OR "AI" OR "Generative AI" OR "large 
language models" ) AND TITLE-ABS-KEY ( "design thinking" OR "innovation management" 
OR "democratization of ai" OR "human-centered design" OR "generative design" OR 
"employee friendly implementation" ) AND ( LIMIT-TO ( SUBJAREA,"SOCI" ) OR LIMIT-TO ( 
SUBJAREA,"BUSI" ) ) AND ( EXCLUDE ( DOCTYPE,"cp" ) ) 
 
2025-02-20 TITLE-ABS-KEY ( "artificial intelligence" OR "AI" OR "Generative AI" OR "large 
language models" ) AND TITLE-ABS-KEY ( "design thinking" OR "UX design") AND ( 
LIMIT-TO ( SUBJAREA,"SOCI" ) OR LIMIT-TO ( SUBJAREA,"BUSI" ) ) AND ( EXCLUDE ( 
DOCTYPE,"cp" ) ) AND ( LIMIT-TO ( LANGUAGE,"English" ) ) 
 

Figure 7: “Snapshot of Systematic literature review” 
-​ Upon request access to the sheet can be offered. 

 
 
 

8.2 Element Motivation 

Element 1: Data privacy & Risk Aversion 

This element captures concerns raised around GDPR compliance, proprietary information, 

and the culture of caution it creates. Fear of breaching GDPR or leaking proprietary info leads 

to many avoiding or severely restricting GenAI usage, which prompt a Short-term negative 
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influence, as this kills experimentation and creates a risk-averse culture that limits potential 

quick wins or pilot tests. It also has long-term negative influence, such as overreliance, if it is 

never resolved the play it safe mindset continues to stifle deeper AI integration in general. Its 

location in the model is scores based on the aspects conceived importance for each element. 

 

Element 2: Competency Erosion & Democratisation 

This element captures the dual edge impact of GenAI, with broader participation while 

evidently risking loss of deep skill-building. By offloading routine, ‘tedious but potentially 

skill-building’ tasks, such as UI tweaks and drafting docs, it frees up UX practitioners for 

higher level tasks and further creative work that would lead to UX generalist roles. Some 

respondents see immediate productivity increases in certain tasks when using GenAI, 

prompting a short-term positive influence of this element. However, a repeated long-term 

issue is the potential loss of competency building tasks, junior hires skipping gruntwork with 

long-term reduction of tacit knowledge regarding novel design as a potential consequence, 

ultimately reducing creativity amongst employees. Some participants mentioned a tendency 

to trust GenAI outputs without any scrutiny, raising concerns for over-reliance. In this 

discussion, there’s also a concern that continuous exposure to GenAI outputs may shape the 

way designers approach and structure problems, reducing a variety of thinking styles.  

 

Element 3: Algorithmic bias & Over Reliance 

This element reflects the risk of uncritical acceptance of GenAI outputs, which can bias 

insights and lead to flawed decisions. Participants described habits of “blind trust” of GenAI 

outputs, which have been termed “Algorithmic appreciation” in the literature, which leads to 

overreliance and potential poor or biased decisions in especially early-stage UX (problem 

definition). If teams accept AI generated insights uncritically, they risk quick but flawed 

outcomes and thus is a short-term negative influence. If unaccounted for together with the 

decrease of competence as discussed in 5.2 with the use of GenAI, the skills required to spot 

output faults erodes, it could entrench shallow or skewed user understanding, compounding 

the risk of consistent but suboptimal design decisions. Since it’s rooted in short-term negative 

influence, it is placed in that quadrant with influential pull from negative long-term 

influences.  
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Element 4: Limited Novelty & Mediocrity engines 

The element concentrates the participants' concerns that GenAI tends to optimize for what’s 

common, not what’s novel. Respondents view GenAI as producing a good enough decision 

for UX tasks. This assists in their tasks and for incremental improvements or routine design 

tasks in the near term. However, the probabilistic nature of GenAI and the fact that it uses 

historical data as reference points, it may struggle to produce novelty, and might influence the 

products towards what is most common, with the fitting term from a respondent as a 

mediocracy engine: that it produces what is known. In the long term, its usage might delimit 

novelty and real breakthrough solutions if they rely solely on GenAI. Thus, short-term 

positive with a negative long term influence. 

 

Element 5: Suggested shift towards Higher Value UX work  

This element describes how GenAI offloads low-level tasks and enables UX to focus on more 

strategic, human centered activities. A common notion in the material was the potential 

efficiency gains created by implementing GenAI solutions. By offloading routine tasks such 

as workshop summaries to admin duties, and even UI design in the near future, GenAI can 

free UX practitioners to focus on strategic or creative aspects. It’s mentioned that 

‘higher-value’ tasks, such as user empathy, and increased stakeholder mapping could increase 

stakeholder engagement and thus potential momentum upwards to be included earlier in the 

process. This links directly to stakeholder inclusion as participants mention the importance of 

building a cultural understanding of UX value to secure earlier and more strategic 

involvement. However, moving UX work upward to be more influenced in strategic decisions 

requires buy-in from managers and colleagues who might still prioritize technical feasibility 

instead of user journeys. Suggestively, this creates a ‘competence loop’, where early trust in 

GenAI tools and demonstration of UX value through small wins, can feed back into getting 

UX practitioners involved earlier in design and business processes. 

 

Element 6: Ownership & Responsibilities 

This element focuses on how expanded UX roles, boosted by GenAI, may introduce 

ambiguity in accountability and ownership. As UX professionals take on broader, 

cross-disciplinary roles alongside GenAI tools, new questions arise regarding accountability, 

well-being and the boundaries of creative responsibility. On the upside, we view that a more 

adaptable workforce may strengthen collaboration across businesses, technical and design 

teams, enabling more designers to focus holistically on strategic problem solving. However, 
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the concern regarding loss of competence and overreliance on GenAI could diminish 

user-centricity in decisions. Further, navigating rapid change with unclear expectations could 

increase stress and also resistance of its usage, while blurring the lines of responsibility 

between employee and tool.  

 

Element 7: Education 

This element captures how GenAI can improve early-stage UX activities such as ideation, 

research synthesis, and content drafting that have potentially accelerating workflows. When 

guided by strong prompting competence and expert evaluation, GenAI allows designers to 

work efficiently, freeing up time to focus on higher-value tasks. However, this acceleration is 

dependent on GenAI literacy, tool familiarity, and organizational enablement. While 

experienced users can selectively validate output less experienced users may either overtrust 

the tool or lack the skills to extract value. Additionally limited training in relevant areas of 

GenAI according to the participants, fragmented tool knowledge, and risk-averse behavior 

also discussed in element 1 may hinder speed gains from such tools. If these barriers are 

addressed GenAI seems to provide great potential to meaningfully improve UX efficiency. 

 

8.3 Interview Guide 

8.3.1 Swe - Case-study Group interview guide (guiding questions) 
How does Generative AI influence early UX work processes in a large organization? 

1.​ Introduktion & bakgrund 
●​ Kan du beskriva din nuvarande roll på Volvo Group? 
●​ Hur länge har du jobbat med UX-design på Volvo?  
●​ Vilka är huvudansvaret i ditt team eller för dig? angående användarforskning, 

bra kartläggning och produktutveckling? 
 

2.​ UX-designprocess & nuvarande praxis  
●​ Kan du leda oss genom en typisk UX-design- och forskningsprocess i ditt 

team?  
●​ Hur samlar du för närvarande använder insikter för att informera 

designbeslut? 
●​ Vilka skulle du säga är de största utmaningarna i ditt arbete?  
●​ Vilka skulle du säga är de största utmaningarna för att säkerställa ett 

användarcentrerat tillvägagångssätt?  
●​ Hur går samarbetet till, samarbetar du för närvarande med team som 

ingenjörer, designers och produktchefer för att implementera UX-insikter i din 
roll?  
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3.​  AI i Collaboration & Design Process 
●​ Har du använt dig av några ai verktyg i ditt eget arbete? Vet du om ditt team 

använder ai verktyg i sitt arbete?  
●​ Vad är din allmänna uppfattning om Generativ AI, som chatGPT för att förstå 

och producera nytt material, i ditt UX-arbete?  
●​ Ser du någon potential för GenAI att stödja eller hindra UX-uppgifter?  
●​ Var tror du att AI kan vara mest användbar i ditt nuvarande 

designarbetsflöde?  
●​ Enligt dig är AI-genererade insikter jämförbara med mänskligt ledd 

UX-forskning? 
 

4.​ Utmaningar och risker med AI i UX 
●​ Vilka är de största utmaningarna du ser med att integrera GenAI i UX? 

forskning och design?   
●​ Hur tror du att långsiktigt användningen av AI kan påverka ditt arbete? 
●​ Vilka av UX uppgifter kanske inte är väl lämpade för AI-integration?  
●​ Finns det något motstånd mot AI-antagande i UX, för dig? 

5.​  Organisatorisk beredskap & AI-integration 
●​ Hur ser arbetskulturen ut för att pröva nya metoder eller tekniker? 
●​ Vilken typ av utbildning eller stöd skulle behövas, för att arbeta effektivt med 

AI? varför?  
●​ Hur tänker du/ditt team, kring att lita på AI-genererade insikter när du fattar 

designbeslut?   
●​ Har du testat applikationen "X" i ditt arbetsflöde?  
●​ Vilket skulle vara ditt idealiska AI-verktyg för UX-arbete? Vilka förmågor skulle 

det behövas? 
 

6.​ Avslutning & ytterligare tankar 
●​ Hur skulle du betygsätta dina UX-färdigheter på en skala från 1 till 5, där 1 

representerar minimal UX-expertis och 5 betyder en mycket hög 
kompetensnivå i UX-arbete? 

●​ Finns det något vi inte har täckt som du tycker är viktigt angående AI och UX? 
●​ Finns det någon du tycker att vi borde prata med som skulle vara fördelaktigt 

för vår RQ?  
●​ How would you rate your UX skills on a scale from 1 to 5, where 1 represents 

minimal UX expertise and 5 signifies a very high level of proficiency in UX 
work? 

8.3.2 Eng- UX Volvo Group Interview guide (guiding questions) 
How does Generative AI influence early UX work processes in a large organization? 

1.​  Introduction & Background 
●​ Can you describe your current role at Volvo Group and how UX is integrated 

into your work? 
●​ How long have you been working with UX design at Volvo? 
●​ What are the key responsibilities in your team? (Regarding user research, 

journey mapping, and product development?) 
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2.​  UX Design Process & Current Practices 
●​ Can you walk us through a typical UX design and research process in your 

team? 
●​ How do you currently gather user insights to inform design decisions? 
●​ What would you say are the biggest challenges in your work?  
●​ What would you say are the biggest challenges in ensuring a user-centered 

approach? 
●​ How do you currently collaborate with teams like, engineers, designers, and 

product managers to implement UX insights 
 

3.​  Generative AI Awareness & Perception 
●​ Have you used any AI tools in your UX work before? If yes, which ones and 

for what tasks? How do you iterate with the tool and evaluate the answers? 
●​ What is your general perception of Generative AI, like chatGPT in 

understanding and producing new material, in your UX-work? 
●​ Do you see any potential for GenAI to support or hinder UX tasks? such as 

journey mapping, prototyping, or user research synthesis? 
●​ Where do you think AI could be most useful in your current design workflow? 

Why? 
●​ According to you, are AI-generated insights comparable to human-led 

UX-research?  
 

4.​  Challenges & Risks of AI in UX 
●​ What are the biggest challenges you see in integrating AI into UX? research 

and design? 
●​ How do you think using AI might affect your work? 
●​ What tasks might not be well suited for AI integration? 
●​ Is there any resistance to AI adoption in UX, to you? 

 
5.​  Organizational Readiness & AI Integration 

●​ How does the culture view trying out new methods or techniques? 
●​ What kind of training or support would be needed for UX for you, to work 

effectively with AI? why? 
●​ Do you think UX to you would trust AI-generated insights when making design 

decisions? 
●​ Have you tried the application ‘X’ in your workflow? 
●​ What would be your ideal AI tool for UX work? What capabilities would it 

need? How and why? 
 

6.​  Closing & Additional Thoughts 
●​ How would you rate your UX skills on a scale from 1 to 5, where 1 represents 

minimal UX expertise and 5 signifies a very high level of proficiency in UX 
work? 

●​ Is there anything we haven’t covered that you think is important regarding AI 
and UX? 

●​ Is there anyone you think we should talk to that would be beneficial for our 
RQ? 
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8.3.3 Experts Interview Guide (Guiding questions) 

How does Generative AI influence early UX work processes in a large organization? 

1.​ Introduktion 
●​ Kan du berätta lite om dig själv och vad du jobbar med? 
●​ Vilka skulle du säga är de största utmaningarna för att säkerställa ett 

användarcentrerat tillvägagångssätt i UX-design eller innovation?  
●​ Ser du att AI kan påverka användarcentrerad design? fördjupa förståelsen för 

kundbehov 
 

2.​ Design Thinking/UX & AI/GenAI 
●​ Vilka utmaningar har du sett organisationer stöta på när de försöker integrera 

GenAI i sina design- eller innovationsprocesser? 
●​ Hur ser du att samarbetet inom grupper fungerar när AI blir en del av 

processen? 
●​ Finns det specifika steg i processen där AI har störst eller minst påverkan? 
●​ Vad är din allmänna uppfattning om Generativ AI, som ChatGPT för att förstå 

och producera nytt material? 
 

3.​ Samarbete och Design-processer 
●​ Hur influerar dagens AI teknik användarcentrerad design enligt din 

erfarenhet? 
●​ Jag har hört dig beskriva att Generative AI möjliggör en 

demokratiseringsprocess av innovation, har du några exempel? 
●​ Har du några nyliga exempel på cases där man använt sig av AI lösningar i 

designarbetet? 
●​ Finns det specifika AI-verktyg som du sett få särskilt positiv eller negativ 

respons? Vad tror du ligger bakom dessa reaktioner? 
●​ Vilken roll kan Generativ AI spela i användar-förståelse? 

 
4.​ Utmaningar och risker 

●​ Vad anser du är den största utmaningen med att införa Generativ AI i UX eller 
innovationsarbetet? 

●​ Vilka risker finns det med att införliva AI i processerna? 
●​ Hur ser du på att låta AI överta delar av den explorativa processen? 

 
5.​ Organisation 

●​ Hur kan organisationer mäta effekten av AI i sina Design Thinking-initiativ? 
●​ Är det någonting du tänker på som vi inte täckt in ännu angående 

integrationenen mellan AI och design thinking/innovation som du vill ta upp? 
 

6.​ Avslutning 
●​ Om du var i vår position, vem skulle du intervjua för att få ytterligare insikter 

om detta ämne? 
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