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Abstract  

This thesis examines how Generative AI reshapes cognitive work, managerial expertise, organ-

izational culture, and innovation logic in strategic decision-making environments. Using a 

mixed-methods approach, the study combines a quantitative survey on cognitive offloading 

with qualitative expert interviews across three subtopics. These were analyzed using Mayring’s 

content analysis method. The results demonstrate that, although Generative AI increases effi-

ciency, it also introduces risks such as overreliance, cultural resistance, and creative conver-

gence. Across all levels, AI integration creates new tensions between automation and human 

contribution. Overall, the findings suggest that Generative AI redefines human agency and or-

ganizational distinctiveness, making responsible, human-centered collaboration essential. 
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1. Introduction 

1.1. Context & Background 

The growing importance and widespread use of generative AI (GenAI) in businesses creates 

new opportunities such as enhanced efficiency and superior decision-making (DM) processes. 

However, it also introduces new risks and requirements. Public discussions, such as the case of 

an AI-supported Deloitte report for the Australian government that contained erroneous and 

fictious sources, illustrate how quickly challenges can arise (Paoli 2025). Moreover, studies 

have revealed that approximately one-third of responses derived from GenAI tools are AI-gen-

erated and subsequently presented as factual (Schieb 2025). It emphasizes that integrating AI 

requires sufficient awareness, expertise, and cultural preparation. While cases like Deloitte 

might be exceptions, they show that successful AI integration requires more than just technical 

expertise. In many companies, GenAI tools like ChatGPT, Gemini, and Claude have become 

integral to daily work routines and significantly impact DM processes and the way collaboration 

is structured (McKinsey 2025). Change is happening on several levels simultaneously. Individ-

ually, employees are developing new ways to interact with AI systems. At the organizational 

level, managers must maintain a balance between innovation and governance while adapting to 

employees' needs and the changes that AI introduces into everyday work (Zhu et al. 2021). In 

this context, the question is no longer whether organizations should use GenAI, but rather, how 

they can use it responsibly and effectively.  

1.2. Relevance of the Topic 

The significance of examining how GenAI affects strategic DM stems from the rapid and ex-

tensive spread of these technologies into economic and societal structures. Global analyses 

forecast that GenAI could contribute between USD 2.6 and 4.4 trillion annually, while produc-

tivity gains in advanced economies are expected to reach double-digit percentages once adop-

tion matures (Goldman Sachs 2025; McKinsey 2025). Adoption rates have increased sharply, 
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with nearly four out of five organizations now using AI in at least one business function, how-

ever, the majority continue to struggle with scaling and effective implementation (World Eco-

nomic Forum 2025). These developments mark a shift not only in technology, but also in cog-

nition and organization. While research shows that AI can improve the quality and speed of 

DM, it also raises concerns about overreliance, memory erosion, and blurred responsibility (Al 

Rousan 2025; Fabre et al. 2020; Kosmyna et al. 2025; Mundhe 2024). Overall, these develop-

ments point to a profound transformation in how decisions are made and, moreover, justified. 

As organizations, managers, and individuals increasingly collaborate with GenAI, the need to 

answer fundamental questions about agency and the distinctiveness of organizational DM pro-

cesses becomes more urgent. Therefore, understanding these shifts is essential for identifying 

the strategic and cognitive implications of GenAI in contemporary DM environments. 

1.3. Research Objectives and Central Research Question 

This thesis explores the impact of GenAI on strategic DM from multiple levels of analysis, 

offering a multi-layered exploration of how GenAI is reshaping human work, cognition, and 

organizational identity. The research program progresses from individual cognitive changes, 

through transformations at the managerial level, to cultural dynamics, and finally to strategic 

and organizational consequences. Taken together, these perspectives examine whether the in-

tegration of GenAI extends far beyond technological efficiency, fundamentally altering the 

structure of human agency and the cultural logic of organizations, as well as the qualities that 

define them. The overarching research question guiding this thesis therefore is: 

How does the integration of GenAI into strategic DM environments reshape individual and 

managerial DM as well as organizational distinctiveness? 

1.4. Structure of the Thesis 

This thesis is divided into nine chapters, combining a common theoretical foundation with four 

in-depth subtopics and a joint discussion.  



Group Part 

 
 

5 

The subsequent chapter provides the theoretical and conceptual grounding, exploring how 

GenAI is transforming knowledge work (KW), cognition, managerial capabilities, organiza-

tional culture, and strategic logic. Chapter 3 outlines the methodological approach, combining 

both quantitative and qualitative methods to address the subtopics. Chapter 4 presents the first 

subtopic, focusing on how GenAI affects cognitive offloading, psychological ownership, and 

responsibility. Chapter 5 introduces the second subtopic, which focuses on the impact of GenAI 

on managerial skills, the role of human intuition, and effective human-AI collaboration. Chapter 

6 examines the organizational aspects of AI transformation, with a focus on effective change 

management and leadership requirements. Chapter 7 explores the impact of GenAI on innova-

tion practices, emphasizing the dynamics between efficiency and originality and the cognitive 

tendencies that influence human-AI collaboration. Chapter 8 synthesizes insights from all sub-

topics into a joint discussion, emphasizing cross-topic patterns. Chapter 9 concludes the thesis 

by summarizing key findings, outlining theoretical and managerial contributions, reflecting on 

limitations, and offering suggestions for future research. The sections combined provide a thor-

ough and multi-perspective understanding of the impact of GenAI on KW. 

2. Theoretical Foundation & Literature Review 

2.1. Generative AI and the Foundations of Knowledge Work 

2.1.1. Generative AI as a Catalyst for Change 

GenAI refers to a class of AI systems designed to generate new content autonomously based 

on existing data (Feuerriegel et al. 2023). Unlike traditional rule-based or discriminative mod-

els, GenAI models rely on deep learning architectures, such as transformer-based large lan-

guage models (LLMs), which are trained using substantial quantities of text, code or visual 

data. These systems can produce fluent text, generate realistic images, write executable code, 

and create music and video content. Their functionality spans summarization, translation, ide-
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ation, simulation, and synthesis, enabling a wide range of applications across domains (Feuer-

riegel et al. 2023). Technically, GenAI operates by predicting the next most likely output token 

based on context (Huang and Rust 2025). This means that such systems function purely through 

statistical pattern recognition and the recombination of existing data. Therefore, they possess 

no moral intent, consciousness, or capacity for reasoning (Reyes and Huet n.d.). It is important 

to recognize this distinction, as GenAI systems can easily appear intelligent to users despite not 

thinking or understanding in a human sense (Messeri and Crockett 2024). The development of 

GenAI is considered so important that it forms the basis of this work, especially as its low 

barrier to entry is making these tools an indispensable part of daily workflows (Bick et al. 2024). 

They are accessible to the public, easy to use, and increasingly embedded in popular software 

and professional ecosystems. Adoption has spread rapidly across sectors and skill levels, out-

pacing previous technological shifts (Bick et al. 2024; Hsu and Ching 2023). Unlike past inno-

vations, which primarily changed the way humans work or communicate, GenAI has the po-

tential to transform the way humans think, reflect, and interact with their own ideas (Wieder-

hold 2025). 

2.1.2. Defining Knowledge Work and Cognitive Demands 

Work can take many forms, ranging from manual labor and routine administrative tasks to cre-

ative, analytical, and strategic efforts. This thesis focuses on KW, which is centered on the 

application of expertise, judgment, and complex problem solving. KW is on the cusp of trans-

formation through the integration of GenAI (Bolívar 2015). Peter Drucker (1999) coined the 

term “knowledge worker” to describe individuals whose primary capital is knowledge and 

whose tasks involve interpreting, generating and applying ideas rather than executing prede-

fined procedures. Typical knowledge-intensive roles include consultants, executives, policy-

makers, researchers, analysts, designers, and scientists. These professionals are central to the 
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modern economy’s innovation capacity. They navigate ambiguity, frame complex problems, 

and often craft strategies or drive change in dynamic contexts (Drucker 1999).  

To understand the implications of KW, it is essential to first define the cognitive demands that 

define effective KW. At its core is critical thinking, the ability to analyze, evaluate, and synthe-

size information to make sound judgments (Chance 1986; Scriven and Paul 1992). Gerlich 

(2025) emphasizes that critical thinking is essential not only for problem solving but also for 

resisting misinformation and sustaining intellectual independence. In high-stakes, knowledge-

intensive roles, critical thinking enables professionals to link abstract ideas and navigate trade-

offs, helping them to adapt to uncertainty. Drawing on Bloom’s taxonomy, Lee et al. (2025) 

describe critical thinking as a layered process involving comprehension, application, evalua-

tion, and synthesis. In professional contexts, this thinking must be contextual and anchored in 

ambiguity, organizational goals, and evolving constraints, making it strategic and reflective. 

Metacognition, the ability to monitor, evaluate, and regulate one’s own thinking, is closely re-

lated. It enables individuals to recognize cognitive biases, assess the reliability of their reason-

ing, and determine when to focus, or seek external input (Getenet et al. 2024; Guo et al. 2022). 

In AI-supported environments, metacognitive oversight is essential. Ghosh et al. (2025) argue 

that deciding whether to offload a task to a system, such as ChatGPT, is a form of metacognitive 

oversight. Users must judge the task’s complexity and time constraints, as well as their own 

confidence and the risks of delegating too much cognitive responsibility. 

Another essential aspect of KW is the ability to learn and reflect over an extended period. Ex-

pertise is not a static asset; rather, it develops over time through struggle, feedback and repeti-

tion (Ericsson et al. 1993). This view is supported by Wiederhold (2025), who emphasizes that 

deep understanding emerges through mentally demanding processes, such as revising and ap-

plying knowledge under pressure. These activities challenge the brain to consolidate abstract 

patterns, update assumptions, and internalize learning in a lasting way. Biologically, this is tied 
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to neuroplasticity: The hippocampus, the brain region associated with memory and learning, 

continuously produces new neurons that only survive if stimulated through active learning 

(Shors et al. 2011). 

Taken together, these insights highlight the fact that the cognitive demands of KW are complex 

and fragile. Skills such as critical thinking, metacognition, and reflective learning require con-

stant reinforcement. While GenAI can support these skills, it can also erode them, particularly 

if used passively or without intent. 

2.1.3. When Generative AI Meets Knowledge Work 

The integration of GenAI into KW marks a fundamental shift in how cognitive labor is per-

formed. While earlier digital tools, such as search engines, shaped how professionals accessed 

and processed information, GenAI now participates in the creation and refinement of 

knowledge itself (Cerchione et al. 2025; Fisher et al. 2021). The distinction between a tool and 

a co-agent is becoming increasingly blurred (Falconer 2025). Today, knowledge workers use 

GenAI to generate documents autonomously, design prototypes, simulate outcomes, and pre-

dict future trends by analyzing past and current data streams (Mao et al. 2016). Tools like 

ChatGPT accelerate ideation and iteration by providing context-specific responses and explor-

ing alternatives (Ray 2023). These systems reduce repetitive cognitive load and enable faster 

output generation (DiGiacomo 2025). However, this shift is not only operational but also cog-

nitive. According to Warner (2023), overreliance on GenAI tools can bypass the internal pro-

cesses essential for developing complex ideas. Rather than engaging in mental exploration, us-

ers often rely on prompting. While this may increase short-term efficiency, it can result in the 

long-term erosion of abstraction and reflection, which are two key faculties for individuals in 

strategic roles (Jadhav 2025). Frequent interaction with GenAI tools carries the risk of uncritical 

automation, like accepting strategic suggestions without checking assumptions or data. Fisher 

et al. (2021) demonstrate that frequent use of search engines can inflate users’ confidence in 
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their knowledge without them learning anything. GenAI intensifies this effect by reducing 

memory retention and motivation to think reflectively (Gerlich 2025; Ghosh et al. 2025; Spar-

row et al. 2011). In fact, Chen et al. (2025) found that moderate support, such as partial prompts 

or summaries, leads to better learning outcomes than fully automated support. Nevertheless, 

many users report feeling more productive when using AI, even if their performance does not 

improve. This discrepancy between subjective perception and actual output can be dangerous 

in high-stakes situations and the growing reliance on AI tools has structural consequences (Mo-

rey 2025). As control over DM shifts gradually from humans to AI systems, the risk of respon-

sibility diffusion increases (Fabre et al. 2020). Users may defer to outputs not because they are 

more accurate but because they are more convenient, faster, or because they misplace their trust. 

This is particularly likely when systems present results with high confidence but little transpar-

ency (Fabre et al. 2020). GenAI is not just a productivity tool; it is becoming a cognitive partner 

that reshapes thought processes as well as outputs. While GenAI brings speed and fluency, it 

also introduces risks, exposing the fundamental trade-off between efficiency and autonomy in 

modern KW. 

2.2. Cognitive Offloading and AI-Augmented Thinking 

The presence of GenAI in KW offers clear benefits, including reducing decision fatigue, accel-

erating analysis, supporting novice learners, and enabling rapid ideation (DiGiacomo 2025; 

Yang 2025). In many cases, it enables professionals to focus on higher-order reasoning by au-

tomating repetitive or low-value tasks (Gerlich 2025). According to Gerlich (2025), AI systems 

can reduce cognitive load, creating mental space for strategic and creative thinking. However, 

this apparent efficiency conceals a deeper transformation in the structure of thought itself. Hu-

mans are “cognitive misers” by nature, preferring to reduce effort through external aids (Jadhav 

2025; Risko and Gilbert 2016). Learners often prioritize convenience over cognitive challenge, 

even when it impairs reflection and memory (Chen et al. 2025). Therefore, this behavior is 
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highly relevant and must be understood to anticipate its consequences and develop strategies to 

mitigate potential cognitive downsides. 

2.2.1. Cognitive Offloading: Definition and Patterns 

One of the most significant downsides of integrating AI into KW is the phenomenon of cogni-

tive offloading, which is the tendency to delegate thinking processes to external systems rather 

than performing them internally (Gerlich 2025). Rather than relying on internal reflection or 

active problem-solving, users are increasingly leaning on AI systems to retrieve, generate, or 

evaluate information. Risko and Gilbert (2016) defined this process as including aids like notes 

or calculators. Today, however, it increasingly involves AI tools designed to reduce effort 

across nearly all cognitive tasks. While this can improve efficiency and allow users to focus on 

complex problems, it also carries risks. Gerlich (2025) notes that excessive offloading can erode 

memory, reflection, and analytical reasoning. This pattern first became visible with the rise of 

search engines when users began delegating memory retrieval to external sources. This behav-

ior has been described as the “Google effect” and illustrates how easily accessible information 

can lead to weaker recall and inflated confidence (Fisher et al. 2021; Sparrow et al. 2011). In 

AI-supported environments, this tendency expands further. Users not only outsource memory 

but also increasingly externalize thinking itself (Ghosh et al. 2025). Knowledge workers tend 

to make offloading decisions based on situational judgments about task demands and perceived 

returns. They are especially likely to offload tasks when learning gains are perceived as low, 

even when doing so is unnecessary (Dunlosky and Thiede 1998; Jadhav 2025). This behavior 

is captured by what Jadhav (2025) terms the “Cognitive Cost Comparator”: individuals subcon-

sciously weigh factors such as task complexity, confidence in their abilities, time investment, 

and the reliability of available tools. The findings of Lee et al. (2025) further support this, as 

they examined the role of trust in the offloading process. They found that users who have high 

confidence in AI systems tend to be less critical. Regarding self-confidence, the study revealed 
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that low self-confidence predicts stronger dependence on AI and diminished problem-solving 

capacity. 

The deeper cognitive consequences of this shift are becoming increasingly evident in neurocog-

nitive research. For example, Kosmyna et al. (2025) reported diminished neural activity and 

interconnectivity among ChatGPT users, particularly in brain regions associated with creativity 

and language processing. Functional magnetic resonance imaging studies have confirmed re-

duced activation in memory and reasoning areas when AI systems generate content compared 

to self-authored tasks (Ghosh et al. 2025). These findings imply that, when KW primarily in-

volves prompting rather than generating, the mental scaffolding that supports higher-order 

thinking begins to weaken. As Wiederhold (2025) warns, GenAI may push cognitive offloading 

to new extremes, gradually eroding not only how we process information but also how we 

maintain the mental autonomy that defines effective KW. What begins as a convenience can 

evolve into habitual dependence if left unexamined. 

2.2.2. From Offloading to Overreliance 

When cognitive offloading becomes routine, it can evolve into overreliance, a problematic form 

of dependence. This occurs when users stop treating AI as a support system and start relying 

on its outputs without sufficient scrutiny, even when those outputs are flawed or superficial. 

Overreliance is commonly defined as uncritically accepting incorrect or minimally satisfactory 

AI-generated recommendations (Lee et al. 2025). 

This condition can emerge through two main pathways. One pathway is behavioral: what begins 

as a way to manage cognitive load gradually displaces internal reasoning. Reduced mental ef-

fort leads to reduced abstraction and metacognitive engagement, which reinforces further of-

floading. Over time, this can result in representational atrophy, or the weakening of the internal 

mental structures necessary for deep, reflective thinking, as defined by Jadhav (2025). 
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Another driver is trust. Fluent and confident AI outputs can create a misleading sense of relia-

bility, even when transparency and understanding are lacking (Lee et al. 2025). In such cases, 

users may disengage from critical analysis and rely on AI for quick answers. Gerlich (2025) 

warns that this cognitive laziness is not a failure of intelligence, but rather a byproduct of over-

confidence in seamless tools. Similarly, Hlavinka (2025) argues that the danger lies less in AI’s 

capabilities than in the excessive dependence it fosters, particularly when users become accus-

tomed to instant, convincing results. 

The assistance dilemma, first introduced by Koedinger and Aleven (2007) and expanded upon 

by Chen et al. (2025), captures the central tension: too much support can hinder learning and 

autonomy, while too little can lead to overwhelm under pressure. AI systems optimized for 

usability often err on the side of over-assistance, making passive consumption more likely. 

These shifts are not only cognitive, but also strategic. For example, overreliance in leadership 

and managerial contexts can erode situational awareness, judgment, and long-term analytical 

resilience (DiGiacomo 2025). The ultimate risk is not access to information per se, but rather 

the erosion of the mental discipline required for critical thinking in the face of effortless, high-

quality outputs. 

2.2.3. Ownership, Agency, and Responsibility Shifts 

Beyond altering how people think, the integration of AI into cognitive work is also transforming 

how responsibility for outcomes is perceived. As generative systems increasingly support ide-

ation, writing, and DM processes, users often interact with content they did not independently 

create, which can result in a reduced sense of authorship and agency (Draxler et al. 2023). 

Research indicates that psychological ownership is not automatically preserved in AI-supported 

contexts. Rather, it depends on the user’s perceived level of control, cognitive involvement, and 

alignment with the final outcome (Draxler et al. 2023; Xu et al. 2024). When AI-generated 



Group Part 

 
 

13 

results are accepted with minimal reflection or revision, the cognitive connection between in-

tention and result weakens. In such cases, users are less likely to perceive the output as some-

thing they created, even if they initiated the process.  

Building on the previous perspective of individual cognition and responsibility, the following 

section offers a complementary view, also situated at the individual level. It focuses on how 

GenAI interacts with intuition, expertise, and analytical reasoning, thereby broadening the un-

derstanding of psychological dynamics in AI-supported professional environments. 

2.3. Intuition and Expertise under AI 

The rapid advancement of GenAI, including everyday tools like ChatGPT, is leading to a pro-

found transformation in the way decisions are made and skills are applied within organizations 

(Giraud et al. 2022; Mundhe 2023; Nivetha and Prasanth 2024). As AI becomes an integral part 

of managerial practice, it challenges traditional ways of thinking and acting, leading to shifts in 

the required capabilities and in the balance between human and machine intelligence. This de-

velopment raises key questions about the interaction between human intuition and judgement 

and data-driven reasoning, the effective structuring of collaboration between humans and AI, 

and the value of expertise in an increasingly automated world (Broeckx 2025; Harbath 2025; 

Jarrahi 2018; Vincent 2021). 

2.3.1. The Concept of Intuition 

Although GenAI is transforming how managerial decisions are made, intuition and human judg-

ment remain essential uniquely human capabilities that technology cannot fully replicate. 

Therefore, understanding intuition is key to explaining how humans continue to create value in 

increasingly automated DM environments. 

Contemporary DM research views intuition and rationality as two distinct yet complementary 

modes of thinking (Julmi 2019; Wang et al. 2017). Rationality, also known as analytical think-
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ing, involves deliberate, effortful, rule-based reasoning (Evans 2008; Kahneman 2003). It op-

erates through conscious control, sequential processing, and the logical decomposition of prob-

lems (Hogarth 2010). Decisions made through rational analysis rely on structured information 

and aim to minimize errors through conscious reflection (Betsch and Glöckner 2010; Kahne-

man 2011). In contrast, intuition is defined as a rapid, automatic, and emotional form of cogni-

tion (Evans 2008; Kahneman 2003; Stanovich and West 2000). It is characterized by the spon-

taneous emergence of unconscious associations and emotional cues that are often not subject to 

conscious deliberation (Krumay et al. 2018). Intuitive decisions are defined as the integration 

of dispersed information into a coherent pattern, allowing individuals to process large volumes 

of data in a short time without conscious effort (Betsch and Glöckner 2010). Intuition is often 

referred to as “knowing without knowing why” or a “gut feeling” (Claxton 1998). It is based 

on implicit knowledge acquired through experience, but its effectiveness depends on the context 

and the structure of the problem. It performs best in environments that are poorly structured, 

ambiguous, complex, or uncertain, where analytical decomposition is difficult and rational 

models may fail to capture contextual nuances (Betsch and Glöckner 2010; Daft and Lengel 

1986; Dane and Pratt 2007; Dane et al. 2012; Julmi 2019). Conversely, in well-structured prob-

lems with clear parameters, analytical reasoning tends to be more reliable (Scherm et al. 2016). 

The quality of intuitive judgment also depends on the presence of sufficient implicit knowledge 

and domain-specific expertise, which allow individuals to interpret complex cues accurately 

(Dane et al. 2012; Hodkinson et al. 2008). Without such experience, intuitive decisions may 

become biased or unreliable. Furthermore, intuition is susceptible to systematic cognitive bi-

ases, such as confirmation bias, which can distort judgment even in experienced decision-mak-

ers (Mercier 2016). Individual preferences for intuitive or analytical thinking also influence the 

accuracy and utilization of these tools (Phillips et al. 2016). Therefore, while intuition is a pow-
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erful human capability that enables rapid, holistic DM, it is most effective when grounded in 

experience and applied in environments characterized by uncertainty and ambiguity. 

In the context of AI-driven DM, intuition has gained renewed attention as one of the few human 

capabilities that AI cannot replicate. While AI demonstrates proficiency in processing struc-

tured data and identifying analytical patterns, it lacks the tacit knowledge, emotional awareness, 

and contextual sensitivity that underpin human intuitive judgment (Abby 2025; Jarrahi 2018; 

Vincent 2021). Therefore, intuition compensates for the inherent limitations of AI, which relies 

heavily on historical data (Cantonis 2025; Dane and Pratt 2007; Julmi 2019). This unique ability 

to act under uncertainty makes intuition a central focus when examining the evolving role of 

human judgment in an increasingly automated managerial environment. 

2.3.2. The Dimensions of Professional Expertise  

Intuition plays a critical role in professional expertise, yet the increasing use of AI in automating 

analytical and procedural aspects of work challenges this concept. Examining the evolution of 

expertise in these conditions provides insights that inform the future role of human contribution 

in intelligent systems. 

Professional expertise can be defined as the integration of explicit and tacit knowledge, each 

with distinct characteristics and implications for AI integration (Ganuthula and Balaraman 

2025). Explicit or codified knowledge, also referred to as public or propositional knowledge, is 

knowledge that is formally expressed and subject to validation. This validation can occur 

through academic publications, peer review, or professional debate (Eraut 2000). In contrast, 

tacit or implicit knowledge is experiential and intuitive, encompassing pattern recognition, con-

textual awareness, and the ability to “know more than we can tell” (Autor 2015; with reference 

to Polanyi 1966; Ganuthula and Balaraman 2025). It emerges through “socially embedded 

mechanisms” and often operates beneath conscious awareness, expressed through practical ac-

tion or shared collective understanding (Baumard 1999; Ganuthula and Balaraman 2025, 4). 
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As AI becomes increasingly prevalent in professional settings, the distinction between explicit 

and tacit knowledge becomes paramount. AI systems are particularly adept at processing ex-

plicit knowledge, defined as codified rules, data, and procedures that can be formalized into 

algorithms or training datasets (Jarrahi 2018; Shrestha et al. 2019). Tasks that primarily rely on 

analytical reasoning or structured information, such as data classification or procedural DM, 

are therefore highly automatable (Autor 2015; Levy and Murnane 2004). However, tacit 

knowledge – the intuitive, context-dependent understanding developed through experience – 

remains challenging to replicate. This is because if people cannot articulate why they perform 

a task in a certain way, it is difficult to automate it (Autor 2015). It requires situational flexibil-

ity, empathy, and judgment, qualities that current AI systems lack (Autor 2015; Norman 2017). 

Consequently, while AI extends the reach of explicit expertise, it simultaneously heightens the 

value of human tacit knowledge. This makes collaboration between both forms of intelligence 

increasingly central to professional performance.  

In the current era of AI, intuition and expertise are pivotal, as is the way humans collaborate 

with technology. As Badmus (2024) emphasizes, effective AI integration requires a nuanced 

interplay between human intuition and machine intelligence, as well as favorable organizational 

conditions, including leadership support, cultural readiness, and trust. These factors determine 

whether these new forms of collaboration can truly take root. They also provide the foundation 

for a sustainable AI transformation, which is examined in the following section. 

2.4. Meditating Role of Organizational Culture 

Analyzing organizational culture provides a link between individuals and the strategic dimen-

sions of AI transformation. While previous sections focused on how GenAI reshapes cognition 

and human-AI collaboration, this section emphasizes the social and cultural infrastructure that 

enables these individual-level adaptations to be scaled up to achieve sustainable collective 

transformation.  
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2.4.1. Organizational Culture as the Invisible Layer of AI Transformations 

Organizational culture is characterized by the values, beliefs, norms, and practices that jointly 

influence the behaviors and interactions of individuals within an organization (Murire 2024). It 

provides the underlying framework that guides DM, work practices, and social dynamics across 

various organizational levels (Murire 2024). Overall, organizational culture is a form of holding 

the entire organization together (Sherba et al. 2025). With the emerging integration of AI in the 

business landscape, this digital transformation is having a profound impact on established work 

practices (Thilagavathy and Venkatasamy 2023). Digital transformation extends far beyond 

technology as it fundamentally involves people, mindset and leadership (Goran et al. 2017). 

Within this context, organizational culture represents the often indivisible yet decisive layer of 

AI transformation processes that shapes how new technologies, such as AI, are adopted. Firican 

(2023) states that digital culture can act as both, an enabler and a barrier to transformation, 

depending on how flexible the organization is to change. Rigid and deeply embedded cultural 

values can impede transformation efforts. This observation is confirmed by Hartl and Hess 

(2017), who found that many transformation initiatives fail due to entrenched cultural norms. 

Supporting this view, Buvat et al. (2018) report that 62% of executives identify culture as the 

greatest obstacle to digital transformation. Taken together, these insights highlight the fact that 

a successful AI transformation requires creating an organizational environment shaped by 

shared cultural values and mindsets that enables organizations to adapt to and sustain techno-

logical change over time. 

2.4.2. How AI triggers Cultural Change 

Integrating AI into an organization has a significant impact on more than just efficiency. It 

reshapes how employees interact, make decisions, and define value (Aldoseri et al. 2023). AI 

offers organizations many advantages and opportunities. For example, implementing AI-driven 

automation of routine tasks enables employees to focus on more strategic, creative, or value-
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adding tasks. This, in turn, encourages a culture of innovation and sustainable improvement by 

reinforcing openness to experimentation and learning (Chaudhary et al. 2023). Consequently, 

such developments can strengthen trust in technology and increase engagement in transfor-

mation processes. However, implementing AI can also introduce cultural tensions. Aghion et 

al. (2019) note that AI automation can lead employees to fear job displacement and skills ob-

solescence, resulting in overall resistance to change. These reactions reflect underlying cultural 

concerns about control and trust in technology, which are overall central issues in AI transfor-

mation. The rapid integration of AI technologies has triggered significant changes in organiza-

tional cultures, compelling organizations to reconsider their values and leadership strategies 

(Murire 2024). Research shows that understanding and managing these shifts is complex, as 

they involve an interplay between technological adaptation and cultural evolution (Ademola 

2024). Therefore, the capacity of an organization to sustain transformation is dependent upon 

its ability to cultivate a culture of flexibility, continuous learning, and psychological safety 

(Murire 2024). These dynamics reveal that transformation is an ongoing negotiation between 

technological advancement and cultural adaptation, not a linear process. 

2.4.3. Resistance to Change in AI Transformations 

Resistance to change is a common challenge in organizational digital transformation processes. 

According to Kotter (1996), many change initiatives fail because organizations underestimate 

the importance of a clear vision, effective communication, and employee involvement. These 

factors are part of Kotter’s well-known eight-step model for transformation, and they are all 

crucial for overcoming resistance and enabling sustainable change. In the context of AI trans-

formations, these factors are even more critical because the introduction of intelligent systems 

fundamentally alters established ways of working and DM. Haefner et al. (2023) emphasize 

that, although AI offers significant potential for innovation and growth, many organizations 

lack the structured frameworks necessary to successfully implement and scale these technolo-
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gies. Structural uncertainty can foster hesitation and resistance as employees and managers 

struggle to navigate ambiguous expectations. Similarly, uncertainty regarding the return on in-

vestment and the timeline of AI initiatives were identified as key organizational risk factors that 

reinforce skepticism and resistance toward AI transformations (Bérubé et al. 2021). Beyond 

structural and strategic barriers, effective governance is essential for mitigating resistance to 

change. Zabala (2023) emphasizes that clear governance principles, such as ensuring that AI is 

used ethically and responsibly, help to foster trust and legitimacy. These are essential for em-

ployees to engage entirely. Additionally, it is argued that resistance often arises when employ-

ees cannot make sense of the purpose of the change (Zetterberg and Palestro 2024). Overall, 

these insights suggest that resistance to AI transformation is multidimensional and rooted in 

structural uncertainty and organizational culture. 

2.4.4. Fostering Cultural Readiness 

Resistance to change reflects the barriers and concerns organizations face during transforma-

tion. In contrast, cultural readiness represents an organization’s proactive capacity to embrace, 

align with, and sustain technological innovation. Cultural readiness is more than the absence of 

resistance; it is the presence of shared values, norms, and beliefs that enable adaptation and 

learning (Weiner 2009). Cultural readiness encompasses the commitment to change and the 

collective efficacy necessary for its successful implementation (Shea et al. 2014). According to 

Weiner’s (2009) foundational theory of organizational readiness, readiness emerges when 

members collectively believe that the organization is willing and capable of changing. When 

applied to AI transformation, this implies that cultural readiness reflects a state in which 

employees trust the purpose of AI adoption, perceive its alignment with organizational values, 

and feel empowered to use AI effectively. Furthermore, researchers argue that such readiness 

depends on cultivating a culture of innovation, learning, and flexibility, where experimentation 

and knowledge sharing are encouraged, and mistakes are viewed as opportunities for growth 
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(Hasan et al. 2025). Similarly, Jewapatarakul and Ueasangkomsa (2024) demonstrate that a 

robust digital organizational culture promotes readiness by facilitating knowledge acquisition 

and collaboration during technological transformation. Rather than viewing cultural readiness 

as a fixed state, it should be understood as a dynamic organizational capability that supports 

ongoing learning, adaptation, and the effective integration of new technologies into existing 

cultural structures (Alabi 2025). Culturally ready organizations move beyond defensive reac-

tions to change, transforming uncertainty into resilience and enabling the effective and 

sustainable integration of AI. According to Murire (2024), cultural readiness provides the foun-

dation for the sustainable adoption of AI and creates the conditions for broader organizational 

change, particularly in the evolution of innovation and strategic direction through technological 

integration. 

2.5. The Changing Logic of Innovation under AI  

Once AI has been successfully integrated into organizational practices, a new challenge emer-

ges: understanding how this transformation reshapes the innovation process. Innovation has 

long been considered a key source of competitive advantage and economic progress. It involves 

generating and implementing novel ideas that create value and differentiation (Schumpeter 

1934; Tidd and Bessant 2021). To foster creativity, organizations are increasingly adopting 

GenAI tools, particularly to support idea generation (IBM 2023, 2024). As GenAI becomes 

more embedded in business processes, it alters how organizations generate, evaluate, and im-

plement creative ideas (Csaszar et al. 2024; Felin and Holweg 2024). Recent studies have linked 

AI adoption to growing cognitive and strategic alignment across firms (Anderson et al. 2024; 

Calvino et al. 2025; Csaszar et al. 2024; Felin and Holweg 2024). This alignment reflects the 

gradual synchronization of DM and innovation processes across organizations through reliance 

on AI systems, creating conditions for convergence rather than differentiation (Csaszar et al. 

2024; Felin and Holweg 2024). The very thing that was once an engine of differentiation now 
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risks becoming a standardized, data-driven process, paving the way for a new phenomenon: 

homogenization in innovation processes. 

2.5.1. The Shift from Differentiation to Homogenization  

The term “innovation homogenization” is here used to describe the systematic reduction in the 

variance of ideas and creative outputs across organizations. This reduction is driven by a shared 

reliance on similar datasets, models, and interaction patterns with GenAI (Bommasani et al. 

2022). In other words, as firms become more dependent on the same algorithmic infrastructures, 

the diversity of creative and strategic outcomes decreases (Anderson et al. 2024; Csaszar et al. 

2024). This concept is related to the idea of algorithmic monoculture. Algorithmic monoculture 

refers to the risks that arise when multiple actors rely on the same or highly correlated algo-

rithms for DM. Even when a model is accurate on an individual level, collective dependence 

on it can reduce the overall quality and diversity of outcomes (Bommasani et al. 2022; Klein-

berg and Raghavan 2021). Kleinberg and Raghavan (2021) demonstrate that this convergence 

can impede performance. Identical evaluations cause decision-makers to overlook unconven-

tional yet valuable opportunities, thereby stifling innovation and reducing social welfare. A 

related concern is model collapse, which occurs when AI systems are repeatedly trained on their 

own outputs. This causes them to lose information about the true data distribution, gradually 

erasing rare elements and converging toward average patterns (Shumailov et al. 2024). Over 

time, this recursive training reduces variance and depth, thereby reinforcing homogenization 

both technically and conceptually. 

2.5.2. Mechanisms and Empirical Evidence of Homogenization  

At the practical level, GenAI systems tend to produce outputs based on the statistical mean of 

their training data. This privileges the reproduction of conventional patterns over truly original 

and divergent creative solutions (Desdevises 2025; Xie and Xie 2025). While these tools de-

mocratize creative capabilities, scholars emphasize that they can also diminish the diversity and 
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originality of innovation outcomes (Csaszar et al. 2024; Felin and Holweg, 2024; Fréry 2024). 

Even when firms use different AI platforms, their reliance on data-driven, backward-looking 

models leads to convergent results and a collective narrowing of creativity (Mariani and 

Dwivedi 2024). Empirical research confirms this homogenizing effect. Findings suggest that, 

while GenAI can make outputs appear more original and higher in quality, it simultaneously 

reduces collective novelty (Doshi and Hauser 2024). When aggregated, AI-assisted outputs be-

come increasingly similar, revealing a social dilemma in which individual gains in creativity 

come at the cost of collective diversity (Doshi and Hauser 2024). Other research demonstrates 

that LLMs produce semantically similar and less diverse outputs for creative ideation and writ-

ing tasks (Anderson et al. 2024; Wenger and Kenett 2025). These results suggest that algorith-

mic assistance amplifies uniformity rather than fostering divergent creativity (Anderson et al. 

2024; Wenger and Kenett 2025). Together, these findings suggest that homogenization stems 

not from cultural inertia but from the shared cognitive and computational architectures under-

lying GenAI systems. 

2.5.3. Strategic Implications for Competitive Advantage 

From a strategic management perspective, these developments challenge the principles under-

lying the ‘Resource-Based View”. According to Barney (1991), sustainable competitive ad-

vantage relies on resources that are valuable, rare, inimitable, and non-substitutable. However, 

as Tang et al. (2024) and Abonamah et al. (2021) point out, GenAI transforms many of these 

rare capabilities – such as analytical reasoning, design expertise, and creative ideation – into 

standardized, widely accessible functions. In effect, AI democratizes what was once distinctive 

(Fréry 2024). When every organization can produce similar analyses or designs at a comparable 

speed, the traditional basis for differentiation weakens (Csaszar et al. 2024; Felin and Holweg 

2024). The future of AI-enabled organizations ultimately depends on how these technologies 
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are implemented and whether firms can preserve the cognitive and cultural conditions that sus-

tain originality and innovation. These dynamics reveal how technological alignment and effi-

ciency gains not only reshape organizational strategy, but also the logic of innovation itself. 

This sets the stage for an integrated understanding of how GenAI transforms KW. 

2.6. Linking the Threads 

This literature review is structured to build a layered understanding of how GenAI is transform-

ing KW across individual and organizational levels. It begins with an exploration of GenAI’s 

technological foundations, outlining how it operates and why its rapid adoption signals a deeper 

transformation in the production and application of knowledge. The review then turns to the 

specific nature of KW, focusing on cognitively demanding fields like strategy, communication, 

and research. In such environments, professionals rely heavily on abstract thinking and situa-

tional judgment – qualities that GenAI may enhance but also potentially undermine.  

The analytical core of the review is organized along two interconnected dimensions: the “Indi-

vidual Level” and the “Organizational Level”, each consisting of two subtopics. On the indi-

vidual side, Subtopic 1 focuses on the cognitive consequences of GenAI use, particularly auto-

mation-driven offloading, overreliance, and changes in users’ sense of ownership and respon-

sibility. Subtopic 2 expands this perspective by examining how GenAI affects professional ca-

pabilities, namely shifts in expertise, skill development, and the role of intuition in DM. The 

organizational dimension begins in Subtopic 3, which investigates how GenAI adoption chal-

lenges leadership approaches, structural design, and cultural readiness. Subtopic 4 then focuses 

on the dynamics of innovation and human-AI collaboration, especially the interplay between 

efficiency and originality. 

These subtopics are not discrete. Figure 1 illustrates how individual behavior and cognition 

directly influence organizational change, while organizational structures and culture in turn 

shape individual attitudes toward AI. For example, convergent AI outputs can narrow users’ 
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cognitive search space (Subtopic 1 → 4), while innovation processes may redefine how indi-

viduals apply expertise (Subtopic 4 → 2). Leadership culture can either foster trust and engage-

ment or reinforce overload and resistance (Subtopic 3 → 1), just as evolving individual skill 

sets may pressure organizations to adapt roles, workflows, and leadership styles (Subtopic 2 → 

3). These interconnections are structurally grounded in the fact that individuals act within or-

ganizations, and that organizations rely on individual behavior to function and evolve. Con-

sequently, the line between individual and organizational impact is fluid. Organizational trans-

formation depends not only on formal change, but also on the informal cognitive and behavioral 

shifts already underway among users. The adoption barrier visualized in Figure 1 reflects this 

tension: GenAI is often introduced bottom-up, with individual users experimenting in informal 

ways before organizations formally adapt. Overcoming this barrier requires deliberate align-

ment between emerging usage patterns and strategic enablement. 

Together, these interdependent subtopics form a coherent view of how GenAI does not simply 

automate tasks, but fundamentally reconfigures cognitive processes, ownership structures, and 

innovation pathways in knowledge-intensive work. The following chapters explore each sub-

topic in depth, building on this shared analytical foundation. 

 
Figure 1: From Individuals to Organizations: Mapping the Effects of GenAI | Source: Own. 
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3. Methodology 

3.1. Research Philosophy and Methodological Approach 

This thesis adopts a pragmatic mixed-methods research philosophy. It integrates both quantita-

tive and qualitative approaches to capture the multifaceted impact of GenAI on cognition, DM, 

organizational dynamics, and innovation processes. The overarching goal is to understand how 

the integration of GenAI shifts not just workflows, but the deeper cognitive and cultural foun-

dations of knowledge-intensive work. A mixed-methods approach allows each subtopic to ap-

ply the most suitable methodological lens while ensuring that findings remain comparable un-

der a shared research objective. Subtopic 1 utilizes a quantitative survey to measure patterns of 

cognitive offloading and perceptions of agency across a broader sample. Subtopics 2, 3, and 4 

rely on qualitative semi-structured interviews to uncover how individuals navigate intuition, 

innovation, and cultural paradoxes in the context of AI adoption. This combination of scale and 

depth strengthens the validity of the overall thesis by enabling both generalizability and context-

sensitive interpretation.  

3.2. Research Design, Justification and Data Analysis Strategy 

3.2.1. Quantitative Design 

To examine patterns of cognitive offloading, authorship perception, and responsibility in AI-

supported KW, Subtopic 1 applied a quantitative research design. This methodological ap-

proach is well-suited for identifying behavioral patterns and psychological perceptions related 

to GenAI use in professional contexts (Ghanad 2023). The primary research instrument was a 

self-administered, structured online survey developed using Google Forms (see Appendix 0). 

This format enabled scalable, low-friction distribution and standardized data collection across 

a diverse target group. Participants were recruited through a combination of purposive and 

snowball sampling. The survey specifically targeted professionals, early-career employees, and 

advanced students with relevant work experience in knowledge-intensive fields such as stra-
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tegy, consulting, communications, research, or technology. Participation was both voluntary 

and anonymous. Ethical standards were upheld throughout: informed consent was obtained, 

and no personal or sensitive data was collected. 

The survey combined several question types to capture a wide range of responses. Likert-scale 

items were used to measure levels of agreement or disagreement with AI-related statements. 

Multiple-choice and checkbox items allowed participants to indicate one or more predefined 

options, while optional open-text fields invited them to elaborate on their own experiences and 

views. This design enabled the capture of both structured metrics and more nuanced individual 

perspectives. The questionnaire was conceptually grounded in the theoretical constructs of trust 

in AI outputs, cognitive effort, psychological ownership, and responsibility attribution. The re-

sulting data was analyzed using the statistical software Jamovi, which supported both descrip-

tive exploration and inferential testing. These analyses form the empirical basis for the hypoth-

eses explored in the subtopic. 

3.2.2. Qualitative Design 

Subtopics 2 through 4 follow a qualitative research design, relying on semi-structured inter-

views to explore how individuals experience and interpret the integration of GenAI in areas 

such as strategic intuition, cultural tension, and innovation logic. This design is well-suited to 

investigate context-sensitive and nuanced dynamics that cannot be meaningfully quantified. In 

addition, various case studies were examined in detail; these could not have been covered in a 

survey. Semi-structured interviews strike a balance between thematic consistency and conver-

sational openness. They provide sufficient structure to ensure alignment with research objec-

tives, while remaining flexible enough to uncover unexpected insights or associations (Gläser 

and Laudel 2010). As Gläser and Laudel (2010) emphasize, this format allows for an in-depth 

understanding of the underlying mechanisms, perspectives, and tensions that shape how indi-

viduals and organizations engage with AI. The interview guide plays a crucial role in expert 
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interviews, defined as interviews with individuals who, due to their professional position, edu-

cation, or practical experience, possess specialized knowledge that extends beyond general 

awareness (Genau 2021). This includes all the study’s relevant questions as well as the necessary 

procedural steps for conducting an expert interview. This guideline is instrumental in ensuring 

the consistency and quality of the interviews, as well as facilitating meaningful comparisons 

between them (Gläser and Laudel 2010). The interactive guide is a translation of the research 

interests and theoretical assumptions, and as such, it must be created with great care (Gläser and 

Laudel 2010). In qualitative social research, the interview process is characterized by open-

ended questions. These tools enable interviewees to present relevant contexts through their own 

formulations, facts, and illustrative examples (Züll and Menold 2014). The same interview guide 

was used for all interviews within each subtopic. This was necessary for the research interests 

of this thesis to ask the selected experts identical questions to meaningfully compare their re-

sponses. The objective of the questions was to document the experts’ opinions and experiences 

on the research topic, test hypotheses based on these and answer the research question. The in-

terviews followed a three-part structure: an opening section with introductory questions, a main 

part addressing the research topic, and a short closing statement. The complete interview guide 

for each subtopic can be found in Appendix 2 of the thesis. 

All experts were identified and approached via the respective researcher’s professional LinkedIn 

network. Each expert received a message outlining the study’s purpose and relevance and was 

invited to participate. Prior to the interviews, participants were provided with an introductory 

document containing a brief presentation of the researcher, an overview of the research objec-

tives, and a concise explanation of the key concepts. This document ensured a shared under-

standing of terminology during the conversation. The document also included the interview 

questions and an indication of the expected duration of approximately 30 to 45 minutes. Prior to 

conducting the expert interviews, a pilot test was conducted to evaluate the interview guide and 
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ensure that the procedure was well-prepared and logically structured. This preliminary step was 

essential for identifying potential challenges and adjusting the phrasing or sequence of questions 

accordingly. The interviews were then conducted, all via online video calls. After obtaining ver-

bal consent for the recording, the interview proceeded with the pre-tested interview framework.  

The qualitative data analysis followed a structured process rooted in Mayring’s Qualitative Con-

tent Analysis (Mayring and Fenzl 2019). This approach enables a theory-guided, transparent, 

and replicable analysis of textual interview data. It is particularly well-suited for applied research 

that aims to identify underlying patterns in expert narratives while maintaining sensitivity to 

context. After the translation and transcription of all interviews was completed, the data analysis 

began with a deductive category framework based on relevant literature and the respective in-

terview guides. During the initial review of the transcripts, these initial categories were refined 

and expanded inductively to reflect emerging themes and concepts expressed by participants. 

Each category was then clearly defined with coding rules and supported by anchor examples to 

ensure consistent application (Appendix 3). To ensure the integrity of the coding system, a test 

run was performed on a selection of transcripts. This step was designed to evaluate the clarity of 

category definitions and the effectiveness of coding rules. After careful consideration of the pilot 

round’s results, the coding scheme has been revised and finalized. All interview materials were 

then fully coded according to the updated structure. The final categories provide the analytical 

foundation for interpreting the findings in the respective subtopics, linking empirical observa-

tions to theoretical constructs. This systematic, multi-stage coding process ensures that individ-

ual meaning-making, perceived tensions, and implicit assumptions around GenAI use are cap-

tured in sufficient depth. It also facilitates a systematic comparison across subtopics, revealing 

how GenAI affects cognition, culture, and strategic behavior at different levels of analysis. 
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4. Offloading Thought: How Generative AI Reshapes Ownership and Responsibility 

[not included in this version] 

5. Managerial Skills and Human-AI Collaboration 

5.1. Introduction 

This subtopic focuses on the transformations occurring at the individual managerial level, par-

ticularly regarding the evolving skill landscape and the collaboration between humans and AI. 

In recent years, there has been a rapid acceleration in technological progress, particularly in the 

field of GenAI (World Economic Forum 2025). By leveraging natural language processing tech-

nologies, GenAI allows users to interact with systems as if they were communicating with an-

other human being. Consequently, the increasing accessibility and versatility of AI have had a 

profound impact on the nature of managerial work, reducing the need for specialized technical 

knowledge (World Economic Forum 2025). According to Merten (2025), algorithms have the 

potential to automate up to 67% of managerial tasks, including resource planning, budgeting, 

and organizational coordination. Even at the executive level, the estimated automation potential 

remains high at 55%, suggesting that AI can assume a wide range of analytical and administra-

tive functions (Merten et al. 2025). Consequently, the remaining share of human work becomes 

more crucial than ever. Recent reports further emphasize the economic implications of this shift. 

AI has been shown to enhance worker productivity and generate quantifiable value for organi-

zations (PricewaterhouseCoopers 2025). Industries that demonstrate the greatest aptitude for in-

tegrating AI technologies have been observed to experience three times higher growth in revenue 

per employee compared to those with less adaptability to AI sectors (PricewaterhouseCoopers 

2025). These developments indicate a fundamental shift in the composition of managerial skills. 

Following this introduction, the theoretical background will introduce the framework for the two 

research questions. This is followed by a description of the qualitative methodology and expert 

sample and the presentation of the coded findings. The chapter then provides an interpretation 
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of the results considering the research questions, outlines managerial implications, and con-

cludes with a summary of the main insights. 

5.2. Theoretical Background 

5.2.1. Managerial Skill Transformation and Human Expertise 

AI is fundamentally transforming the skill landscape of modern organizations. Its growing an-

alytical and predictive capabilities are changing how work is performed and which human abil-

ities are essential (Mundhe 2023). There are three major developments that can be observed in 

this transformation. Some skills are augmented by AI, others are replaced, and a third group is 

substituted by automation (Giraud et al. 2022). 

AI’s substantial data-processing capacity enables it to execute repetitive tasks with exceptional 

efficiency. It automates standardized procedures, supports basic DM, and enables fast, inex-

pensive prediction across a wide range of contexts (Abby 2025; Agrawal et al. 2017; 2019; 

Giraud et al. 2022; Mundhe 2023; Norman 2017). Importantly, the system is capable of per-

forming complex analytical functions that were previously exclusive to humans (Huang and 

Rust 2018). These advances are transforming the landscape of human work, with AI assuming 

responsibility for analytical precision while humans focus on the more interpersonal, creative, 

and interpretive aspects of problem-solving (Agrawal et al. 2017; 2019; Berente et al. 2021; 

Giraud et al. 2022; Huang and Rust 2018; Huang et al. 2019; Kolbjørnsrud et al. 2016; Mundhe 

2023; Pistrui 2018; Sousa and Rocha 2019).  

Consequently, there is a growing focus on competencies that are either too complex or too 

abstract for algorithms to replicate effectively. Emotional intelligence and critical thinking are 

two examples of such enduring competencies. Huang et al. (2019) describe this transformation 

as the emergence of a “Feeling Economy”. As AI continues to develop and mimic human in-

telligence, the competitive edge of humans shifts towards “feeling tasks”, which require empa-
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thy, intuition, and social sensitivity (Huang et al. 2019, 44). Managers must adopt an interper-

sonal approach to leadership, shifting their focus from data-driven strategies. The “soft” side of 

managerial work is now seen as the defining feature of effective human contribution in an AI-

augmented environment (Huang and Rust 2018; Huang et al. 2019, 44). Another capability 

gaining relevance is adaptability. In the face of accelerating technological cycles, managers 

must commit to continuous learning and adaptation in response to the evolving landscape of AI 

applications (Mundhe 2023). Adaptability is therefore defined as both a cognitive and behav-

ioral skill, combining curiosity, resilience, and a willingness to re-learn (Mundhe 2023). Many 

traditional management tasks, including parts of the DM process, can now be delegated to AI 

(Merten et al. 2025). However, this process paradoxically increases the need for distinctly hu-

man capabilities. As Huang et al. (2019, 44) state, “AI both replaces and augments”. This par-

adox gives rise to a critical managerial question: how can leaders stay relevant in an era of 

automation? Broeckx (2025) illustrates this duality through the Iceberg Problem. AI can exe-

cute the 10% visible above the surface, standardized processes, and explicit knowledge flaw-

lessly. However, most of this knowledge is tacit. This includes understanding the interplay of 

control systems, anticipating risks, interpreting cultural nuances, and recognizing when formal 

mechanisms fail. While AI has proven highly effective in recalling frameworks, it falls short in 

terms of the deep contextual understanding that characterizes professional mastery. The true 

challenge lies not in replacing expertise but in leveraging it alongside AI to unlock its full po-

tential. In this new environment, professionals who succeed are not those who compete with 

algorithms, but rather those who combine their expertise with AI (Broeckx 2025; Harbath 

2025). This approach necessitates the same level of expertise as the previous one, but also re-

quires better questioning, recognizing flawed assumptions, and understanding AI outputs 

within their organizational context (Mishra 2025). As AI systems become more sophisticated, 
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the dependence on human expertise for managing, interpreting, and troubleshooting these sys-

tems only increases (Mawson 2025). Accordingly, the first research question is: 

RQ 1: How does the increasing use of AI in managerial DM transform the composition 

of managerial skills, and how does human expertise remain valuable or risk being replaced? 

5.2.2. Human-AI Collaboration 

As the previous section demonstrated, the integration of AI into managerial contexts has not 

rendered human skills obsolete. Instead, it has reshaped how human and machine capabilities 

complement one another. Because both humans and AI systems exhibit bias, their distinct lim-

itations create opportunities for mutual reinforcement (Vincent 2021). 

AI demonstrates exceptional capabilities in tasks involving data processing, logic, and pattern 

recognition, operating with high speed, accuracy, and consistency (Abby 2025; Jarrahi 2018; 

Norman 2017; Paschen et al. 2020; Shrestha et al. 2019). Its strength lies in its ability to analyze 

vast data volumes and identify complex relationships that exceed human cognitive capacity. 

However, the performance of AI systems deteriorates in situations that are ambiguous, novel, 

or poorly structured, and that require creativity, adaptability, and emotional understanding 

(Abby 2025; Jarrahi 2018). It operates strictly within the boundaries of its training data and 

predefined parameters, lacking contextual awareness and the ability to interpret meaning be-

yond encoded information (Abby 2025; Vincent 2021).  

Humans, by contrast, demonstrate strengths in areas where AI exhibits limitations. They excel 

best in uncertain and complex environments, relying on tacit experience, intuition, and social 

awareness to interpret context and make sense of ambiguity (Jarrahi 2018; Norman 2017; 

Shrestha et al. 2019). Human decision-makers can envision alternative futures, apply judgment 

under uncertainty, and inspire others through emotion and meaning. These capabilities remain 

beyond the capacity of algorithms to replicate (Jarrahi 2018). In this sense, intuition “thrives in 

uncertainty”, while AI depends on data (Abby 2025, para. 2).  
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This complementary division of cognitive labor reflects the principle of “intelligence augmen-

tation”, which emphasizes that AI should enhance human intelligence (Jarrahi 2018, 577; Nor-

man 2017; Shrestha et al. 2019). Instead of considering AI a replacement, forward-thinking 

leaders are increasingly using it as a decision-support tool, an assistant that accelerates analysis 

but still requires human interpretation (Abby 2025; Badmus 2024; Barro and Davenport 2019; 

Jarrahi 2018; Kuzmanko and Vrbová 2024). AI can thus be regarded as a colleague or team 

member in the DM process (Huang et al. 2019; Kolbjørnsrud et al. 2016; Shrestha et al. 2019). 

Combining the speed and precision of AI with the intuition and creativity of human judgment 

enhances both efficiency and strategic quality (Badmus 2024; Vincent 2021). As Norman 

(2017, 27) observes, “the human mind is far more powerful when coupled with a smart tool”, 

emphasizing the efficacy of augmented DM (Abby 2025). By integrating computational analy-

sis with human creativity, organizations can uncover insights that the human mind alone might 

overlook (Abby 2025). Based on this understanding, the following research question is hereby 

proposed: 

RQ 2: How can a combined approach, integrating human judgment and intuition with 

AI-driven analysis, enhance the effectiveness of managerial DM in comparison to relying on 

either system alone? 

5.3. Methodology 

The selection of experts is a critical factor in ensuring the quality of the interviews conducted. 

For this subtopic, the selection of interview partners followed clear criteria to ensure informed 

and reflective insights rather than naive or superficial perspectives on AI usage. A key require-

ment was that all participants had at least five years of professional experience, ensuring they 

could draw on practical exposure to DM and technological adoption. This is particularly relevant 

in the context of the widespread accessibility of AI tools, which are often used without critical 
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evaluation or a comprehensive understanding of their implications (Venkatesh 2022). In con-

trast, experienced professionals can provide a more nuanced and critical assessment of the im-

pact of AI on managerial expertise, judgment, and DM processes (Inkpen et al. 2023). Therefore, 

the final sample consisted primarily of individuals in senior or executive positions, such as man-

aging director, founder, or department head (see Table 1). Several participants also hold a PhD 

in AI-related fields or have founded companies specializing in AI-based solutions. These criteria 

ensured that all interviewees possessed not only deep domain knowledge, but also strategic DM 

experience relevant to this research topic. 

ID Industry Field of Expertise Experience Position Interview Date 

E1 HRTech / AI Re-
cruitment Automa-
tion 

Digital Transformation 
& Sustainable Finance 

18 years COO & Co-
Founder 

20.10.25 

E2 Consulting / Tech-
nology & AI 

AI Strategy & Trans-
formation 

7 years Director 21.10.25 

E3 Consulting / Supply 
Chain & Operations 

Business Transfor-
mation & Supply 
Chain Management  

27 years Managing 
Director 

21.10.25 

E4 Consulting / Tech-
nology & AI 

AI Strategy & Data 
Transformation 

6 years Senior Con-
sultant  

23.10.25 

E5 Technology / SaaS 
& AI 

Investment Banking & 
Business Strategy 

12 years CEO & 
Founder  

25.10.25 

 
Table 1: Overview of Interview Partners E1-E5 

5.4. Data Presentation 

The following presentation is structured according to the categories and subcategories defined 

in the coding guide (see Appendix 3.1). The results offer insights into the individual perspectives 

and experiences of the interview participants, allowing for the identification of both shared pat-

terns and individual nuances. In accordance with Mayring’s (2019) qualitative content analysis 

methodology, a thorough examination of the expert interviews identified three primary catego-

ries: “DM Process” (C1), “Skills” (C2), and “Expertise” (C3) (see Figure 2). These categories 

reflect the core dimensions of the academic discourse on human and AI. Each category was 

further divided into specific subcategories that capture more detailed aspects of the topic. The 



Süheyla Uyar 

 
 

35 

subsequent section presents these categories and their respective subcategories in detail, illus-

trated with representative excerpts from the interview data. 

 

Figure 2: Categorization of Expert Statements E1-E5 | Source: Own. 

C1 DM Process. The first category is the largest, with 109 assigned quotes and four subcate-

gories: “Role of Intuition in DM” (22 citations), “Human Oversight and Responsibility” (17 

citations), “AI-Supported DM” (27 citations), and “Human-AI Collaboration” (27 citations). 

The first subcategory consists of statements regarding intuitive DM. Intuition is described as a 

“guiding authority” and a “layer of quality assurance” that helps to determine whether a deci-

sion feels “right or wrong” (E4 2025, L. 25ff., L. 58ff.). Furthermore, it is applied in interper-

sonal situations, in operational DM, and in future-oriented or uncertain areas (E3 2025; E4 

2025; E5 2025). In the context of AI, some experts argue that the role of intuition has remained 

constant but still significant (E2 2025; E3 2025; E5 2025). Others argue that intuition has be-

come more important because it must now be used more consciously and because the amount 

of data that can be generated in a short time is enormous (E1 2025; E4 2025). 

The second subcategory, “Human Oversight and Responsibility”, encompasses statements 

highlighting the importance of human involvement in DM. All experts concur that the ultimate 

decision rests with humans, who assess the outcome and determine its acceptability (E1 2025; 

S3: AI-
Supported 

DM 

S2: Human 
Oversight and 
Responsibility 

S1: Role of 
Intuition in 

DM

S4: Human-
AI 

Collaboration 

C1: DM-
Process 

C2: Skills 

S5: Emerging 
Skills 

S6: Declining 
Skills 

C3: Expertise 

S7: Enduring 
Value of 
Expertise 

S8: 
Substitution 
through AI 
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E2 2025; E3 2025; E4 2025; E5 2025). The reasons cited include humans’ capacity to compre-

hend connections, exercise judgment, and determine the appropriate approach for various situ-

ations (E3 2025; E4 2025). E4 (2025, L. 91ff.) provides the following example to illustrate this 

point: “If, like me, you work internationally and deal with different cultures, you know that you 

cannot apply the same approach everywhere. […] The proud Spaniard, for example, does not 

respond well to the very direct German style”. However, E5 (2025, L. 60ff.) takes a slightly 

different stance, emphasizing that he is “not a big fan of saying that certain things must neces-

sarily be decided by humans”, and arguing that “if AI demonstrably achieves better results, then 

it should also be allowed to make decisions”. 

The subcategory “AI-Supported DM” focuses on statements discussing the role of AI in DM, 

including when AI is used and its advantages and disadvantages. AI is primarily applied when 

“deeper understanding and broader perspectives” are required and is often used to prepare de-

cisions and structure information (E1 2025, L. 18ff.; E5 2025). All experts agree that the pri-

mary advantages of AI are speed and efficiency, which is why it would make “little sense to 

work without AI” (E1 2025, L. 24ff.; E2 2025; E3 2025; E4 2025; E5 2025). E3 (2025) 

acknowledges that this also contributes to competitiveness, as faster and better-informed deci-

sions can reduce costs – an assessment shared by E1 (2025). However, it is important to note 

that AI is not flawless, and therefore, it should not be regarded as a “miracle solution” (E1 2025, 

L. 179ff.; E5 2025). Additionally, concerns have been raised about the potential limitations of 

AI in terms of memory and continuous understanding. Without proper guidance, AI systems 

may not always produce the intended results (E5 2025). 

The final subcategory, “Human-AI Collaboration”, includes statements addressing the interac-

tion between humans and AI, focusing on their collaboration. Experts concur on the role of AI, 

which is described as a “tool”, “partner”, or “assistant”, illustrating how tasks are divided be-

tween humans and AI (E2 2025; E4 2025; E5 2025). For instance, E1 (2025, L. 48ff.) states 
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that “you have to work with it as you would with a junior employee”. This concept underscores 

the notion of ongoing collaboration. AI is primarily used for information provision, initial idea 

generation, brainstorming, and obtaining inspiration or a second opinion (E2 2025; E3 2025; 

E4 2025; E5 2025). In turn, humans provide input, integrate AI-generated results into a coherent 

whole, interpret the information, and refine the outcomes (E1 2025; E4 2025; E5 2025). The 

primary reason why humans continue to play a crucial role is that AI lacks contextual under-

standing and cannot account for key factors unless they are explicitly provided (E2 2025). For 

these reasons, “human-centric DM will continue for a long time” (E3 2025, L. 97ff.). As E2 

(2025, L. 57ff.) underscores:  

[…] AI is always a means to an end, a tool to solve problems that cannot be solved 

through exact mathematical models. […] This means that AI, by definition, always in-

cludes an element of error because it is never entirely accurate. For that reason, humans 

must always remain part of the DM process. This uncertainty is an inherent part of AI, 

sometimes stronger, sometimes weaker.  

C2 Skills. The second category comprises 32 assigned quotes and is divided into two subtopics: 

“Emerging Skills” (27 citations) and “Declining Skills” (5 citations). The first subcategory fo-

cuses on newly important or increasingly valuable skills in AI-supported work environments. 

Relevant competencies include the ability to work effectively with AI. This involves proper 

prompting as well as understanding the different forms of AI and how to apply them appropri-

ately (E3 2025; E4 2025; E5 2025). E3 (2025) even states that completing specific AI training 

sessions is mandatory in their company and directly linked to employees’ variable compensa-

tion. Another essential skill is critical thinking, which involves reflecting on and questioning 

AI-generated results, “instead of blindly trusting the AI”, which is particularly important given 

AI’s tendency to present results with high confidence (E1 2025; E4 2025, L. 52f.). E1 (2025, 

L. 144ff.) emphasizes in this context: “If people don’t use AI, they lose a competitive advantage 
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in the long run, but if they use it without reflection, new risks emerge”. Additional relevant 

skills include adaptability and forward-thinking when processes or models suddenly change, as 

well as interpersonal skills, such as presenting data effectively, engaging others, and adapting 

one’s reasoning based on others’ reactions (E1 2025; E4 2025). E5 (2025, L. 154ff.) also un-

derscores the significance of creativity and strategic thinking over mere execution, using pro-

gramming as an example: “[…] it’s no longer about having someone who simply writes clean 

code, but about having someone who thinks strategically, who decides which language to use, 

what the infrastructure should look like, where to host, and how systems interact”. 

The second subcategory, “Declining Skills”, addresses skills that are becoming less relevant, 

which is a noticeably smaller group. The “element of learning” that occurs during work pro-

cesses is diminishing, as the rapid upload of data and instant feedback are replacing the slower, 

more reflective learning experience, leading to a less engaged approach to topics (E1 2025, L. 

54ff.). Consequently, individuals often exhibit signs of mental slowness and complacency in 

their thinking, as they receive results that are both expeditious and highly customized (E1 2025; 

E5 2025). One expert also points out that technical skills becoming less valuable, as many of 

these can now be performed by AI (E5 2025). 

C3 Expertise. The third category stems from the question of how valuable expertise remains 

in a context where AI can increasingly take over human tasks. It comprises 21 assigned quotes 

and is divided into two subcategories: “Enduring Value of Expertise” (14 citations) and “Sub-

stitution through AI” (7 citations). The first subcategory includes statements emphasizing the 

continuing value of expertise in AI-driven environments. The value of expertise in such con-

texts depends largely on its degree of specialization (E1 2025). In highly specialized roles that 

require deep experiential knowledge and contextual understanding, the human element remains 

essential (E1 2025). Individuals who have demonstrated consistent success in a specific field 

for many years and possess extensive domain knowledge possess practical, experience-based 
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expertise that cannot easily be replicated by AI (E5 2025). This knowledge is derived from real-

life experiences rather than from books or theoretical frameworks (E4 2025; E5 2025). AI has 

its limitations in areas that are deeply contextual and highly complex, especially when solutions 

must be customized to meet the unique needs of individual clients (E2 2025). E3 (2025, L. 

204ff.) further contends that the issue at hand transcends mere technical expertise, encompass-

ing a dimension that extends beyond it:  

If you ask me what I’m actually paid for, I would argue that it’s not for my knowledge. 

At my level, the most important skills are facilitation and communication, bringing peo-

ple and diverse interests together. […] Technical expertise comes next, and that can be 

supported very well by AI. But the deliberation, the actual DM process, is what I’m 

really paid for. 

The second subcategory, “Substitution through AI”, contains statements discussing situations 

in which humans could potentially be replaced. This is particularly evident in standardized 

roles, or in areas where decisions are highly data-driven and knowledge is widely accessible 

(E1 2025; E2 2025; E5 2025). Strategy consulting exemplifies this point. Recommendations 

that are overly general can be easily replicated by AI. However, the more context-specific and 

less standardized the advice, the harder it is for AI to replicate (E2 2025). 

5.5. Interpretation & Discussion 

The first research question explores how AI integration affects the composition of managerial 

skills and the value of professional expertise. As the literature review indicates, emotional and 

interpersonal skills are expected to become increasingly important, while expertise itself may 

gain value in AI-driven contexts. The empirical findings support this assumption and reveal 

two skill areas that have become particularly central: first, the ability to work effectively with 

AI, and second, interpersonal skills. Competence in dealing with AI involves not only the tech-
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nical ability to formulate precise prompts and questions but also the cognitive ability to contex-

tualize, verify, and critically reflect on the results. Interpersonal skills, on the other hand, refer 

to the ability to translate complex data into meaningful communication. This includes the ability 

to present results persuasively, integrate others’ reactions, and apply empathy and emotional 

intelligence in doing so. In this sense, effective management in the age of AI requires less exe-

cution and more strategic and forward-oriented thinking. As AI becomes increasingly prevalent 

in analytical and repetitive tasks, technical and procedural skills are becoming less relevant. 

When it comes to expertise, the distinction between its two core dimensions, explicit and tacit 

knowledge, is decisive. Explicit knowledge, being standardized, codified, and widely accessi-

ble, is easily replicated by AI systems and therefore at risk of losing value. Tacit knowledge, 

by contrast, remains uniquely human. It is experiential, contextual, and rooted in real-world 

understanding. This dimension enables professionals to navigate ambiguity, interpret nuance, 

and adapt judgment to complex situations, abilities that AI cannot replicate. Consequently, ex-

pertise continues to hold value as long as its tacit dimension predominates. As it becomes more 

standardized and explicit, it becomes more vulnerable to substitution. 

In summary, the initial research question has been answered in the affirmative. AI undeniably 

transforms the composition of managerial skills, shifting the emphasis from technical profi-

ciency toward more human-centered and meta-cognitive capabilities. At the same time, human 

expertise remains essential, particularly in situations that require experience, interpretation, and 

contextual understanding. The expertise of professionals is at risk of being replaced by technol-

ogy only when it becomes overly standardized and data-driven.  

The second research question explores whether combining human and AI expertise leads to 

more effective managerial DM than relying solely on human intuition or AI-generated analysis. 

As the results demonstrate, all experts agree that, in its current state, AI cannot make autono-

mous decisions. The final responsibility for judgment remains with humans, and therefore, the 
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combination of human and AI capabilities constitutes the most effective form of DM. This 

shared perspective is based on two central insights: first, that AI systems trained on large qual-

itative and quantitative datasets can provide valuable analytical support and broaden the range 

of possible solutions; and second, that AI still lacks several key capacities that are essential for 

complex managerial decisions. While AI technology is advancing, it still has limited capacity 

to make decisions independently or provide the necessary context. Although AI can efficiently 

process vast amounts of information and identify relevant patterns, its outputs often lack clarity 

or situational nuance. Therefore, human intuition remains a vital component for integrating 

diverse insights into a cohesive whole. The application of AI does not inherently guarantee 

increased transparency or simplicity in DM processes, particularly in circumstances involving 

ambiguity, uncertainty, or value-based considerations. In such cases, intuition remains the most 

effective mechanism for making judgments in complex situations. 

In addition to intuition, other distinctly human qualities are necessary to complement AI. Since 

AI lacks contextual understanding, it is essential for humans to contribute their domain 

knowledge and situational awareness. This involves understanding which approaches or solu-

tions provided by AI are appropriate in specific contexts and how they affect different stake-

holders and objectives. This interpretive and ethical dimension of DM remains beyond the reach 

of current AI systems. Concurrently, one of AI’s most notable benefits is its capacity to expedite 

DM processes. By automating tasks such as information retrieval and the simulation of alterna-

tive scenarios, AI enables decision-makers to devote more time to evaluating strategic options 

and reflecting on implications. In this sense, AI serves as a robust analytical foundation upon 

which human intuition and judgment can be more effectively applied. 



Süheyla Uyar 

 
 

42 

Overall, the combined use of AI and human cognition enhances both the efficiency and quality 

of decisions. By integrating AI’s analytical precision with human intuition, contextual under-

standing, and empathy, organizations can achieve decision processes that are not only faster 

and more cost-effective but also more coherent, balanced, and strategically informed. 

5.6. Managerial Implications  

The study’s findings offer several significant implications for managerial practice and organiza-

tional strategy. As technological advances continue to transform the nature of human work, it 

becomes imperative for organizations to identify effective methods for human and AI collabo-

ration. This approach has been shown to enhance organizational efficiency, reduce feelings of 

threat among employees, and foster greater openness toward working with AI (Vincent 2021). 

The value of AI in supporting and advancing organizational processes is directly related to the 

degree of collaboration and complementarity that can be cultivated between human workers and 

AI systems (Vincent 2021). Therefore, it is essential to demonstrate to employees that AI en-

hances their capabilities, thereby fostering greater trust in the technology and encouraging its 

adoption within the organization (PricewaterhouseCoopers 2025).  

A practical illustration of how organizations can leverage AI to enhance, not diminish, human 

contributions is seen in Southwest Airlines’ collaboration with PwC to modernize its legacy 

systems through AI integration. Rather than replacing employees, the initiative freed up valuable 

time, allowing teams to focus on critical thinking, innovation, and complex problem-solving, 

while AI handled repetitive and data-intensive tasks (PricewaterhouseCoopers 2025).  

Considering these developments, organizations are advised to engage early with the implemen-

tation of AI technologies in DM processes. During the planning phase, organizations should 

integrate structured ethical guidelines into AI-supported DM. This includes formulating princi-

ples for responsible AI adoption, embedding human-centered design throughout the develop-

ment and implementation process, and aligning practices with existing regulatory standards 
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(Hossain et al. 2025). Such principles should ensure human oversight, safeguard fairness, and 

promote the explainability of AI systems (Hossain et al. 2025). 

A critical practical step involves training and education. As the findings demonstrate, proficiency 

in handling AI has emerged as a central skill for the future of managerial work. To address this 

need, organizations should consider investing in comprehensive training programs that cover 

both the technical operation of AI systems and a deeper understanding of how these systems 

function (Badmus 2024). Such initiatives can take the form of formal academic programs as well 

as on-the-job learning opportunities (Badmus 2024). Maintaining a balanced human-AI symbi-

osis also requires continuous adaptation. As AI evolves, both managers and employees must 

continuously update their AI literacy while strengthening their uniquely human comparative ad-

vantages, such as intuition, holistic judgment, and emotional intelligence (Jarrahi 2018). 

5.7. Subtopic Conclusion 

This subtopic examined how the integration of AI reshapes the skill composition and expertise 

requirements of managers, emphasizing that automation does not diminish the human role but 

rather redefines it. The findings indicate a marked transition from technical and procedural com-

petencies to meta-cognitive, interpersonal, and reflective capabilities, such as critical thinking, 

adaptability, and emotional intelligence. In this new paradigm, human expertise continues to be 

valuable due to its reliance on tacit, context-dependent knowledge. Furthermore, the study em-

phasizes that optimal DM efficacy is achieved by integrating human intuition and contextual 

awareness with AI’s analytical capabilities. 

In the broader context of this thesis, these insights contribute to understanding how GenAI trans-

forms human agency by redefining what constitutes valuable managerial contribution in strategic 

DM. As AI becomes increasingly sophisticated, it is estimated that human roles will evolve to 

encompass more interpretive, sense-making, and ethically grounded responsibilities within or-

ganizations. Future research and practice should therefore focus on developing frameworks for 
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human-AI complementarity, ensuring that technological advancement enhances rather than 

erodes the distinctly human dimensions of expertise, judgment, and leadership. 
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6. The Meditating Role of Organizational Culture [not included in this version] 

7. Cognitive Convergence in AI-Supported Innovation [not included in this version] 

8. Joint Discussion 

This thesis examined how the integration of GenAI reshapes strategic DM processes at four 

analytical levels: individual cognition, managerial work, organizational culture, and innovation 

practices. Each section provides a distinct perspective on these transformations, and their col-

lective insights reveal a consistent pattern. GenAI does more than automate tasks or accelerate 

workflows. It also redistributes cognitive effort, alters the role and expression of human exper-

tise, and transforms the cultural conditions under which creative and responsible DM can occur. 

The findings across these levels converge on the central research question guiding this thesis: 

How does integrating GenAI into strategic DM environments reshape individual and manage-

rial judgment, as well as organizational distinctiveness? Taken together, the results suggest 

that GenAI is not only a technological development, but also a cognitive, cultural, and creative 

shift. The following discussion synthesizes these insights to provide an integrated understand-

ing of how GenAI reshapes DM in contemporary organizations. 

8.1. Efficiency Gains and the Tension between Speed and Depth 

A dominant theme that cuts across all chapters is the growing tension between efficiency and 

cognitive depth. The findings show that GenAI significantly accelerates drafting, structuring, 

and information processing. While this enhances productivity, it also creates strong incentives 

for cognitive offloading. Users skip reflective steps, adopt AI-generated material prematurely, 

and rely on plausibility rather than verification. At the managerial level, the same efficiency 

logic alters the composition of work: routine analytical tasks are delegated to AI, thereby in-

creasing the importance of interpretive, relational, and judgment-oriented skills. Thus, effi-

ciency reduces operational burdens but simultaneously raises the stakes for human judgment 

because the remaining tasks are more ambiguous and context-sensitive. 
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Organizational culture can amplify or dampen this dynamic. Cultures characterized by limited 

transparency or low psychological safety encourage employees to use AI superficially or de-

fensively. When employees feel underinformed or excluded from sense-making, they either 

avoid AI entirely or use it in a shallow, compliance-driven manner. Both patterns intensify the 

offloading tendencies identified at the individual level. The consequences are most visible in 

innovation work. When many people start from the same AI-generated baseline, innovation can 

become homogenized: ideas converge toward statistically probable, familiar, and low-variance 

outputs. Rather than expanding the idea space, efficiency-driven AI use risks shrinking it. 

Together, these findings demonstrate that efficiency is not a neutral benefit. Without counter-

measures, efficiency reduces cognitive depth, weakens managerial judgment, and narrows cre-

ative variance. Therefore, the core challenge is not to increase efficiency further but to balance 

it with deliberate reflection and human-led exploration. 

8.2. Redefining Human Contribution: From Execution to Sense-Making 

Across all analytical layers, the findings reveal a redefinition of what constitutes a meaningful 

human contribution. At the individual level, small acts of reinterpretation, questioning, or con-

textual correction reestablish psychological ownership and accountability. This demonstrates 

that, in AI-mediated work, contributions lie less in producing every element of content and 

more in directing, evaluating, and making sense of what AI provides. 

This shift is even more pronounced in managerial work. As AI takes over routine analytical 

tasks, humans' comparative advantage increasingly rests in metacognitive and interpersonal ca-

pabilities, such as critical judgment, intuitive reasoning, tacit knowledge, contextual awareness, 

and the ability to synthesize ambiguous information. These abilities, once considered supple-

mentary, are becoming the foundation of competence in AI-augmented environments. 

However, these roles do not emerge automatically. Organizational culture determines whether 

individuals engage reflectively or resort to avoidance and overreliance. Cultures that tolerate 
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mistakes, normalize uncertainty, and encourage experimentation allow employees to view AI 

as a cognitive partner rather than a shortcut. Where such norms are absent, people respond 

defensively, either ceding too much autonomy to AI or retreating into passive compliance. 

Innovation practices further underscore this redefinition of contribution. While AI can acceler-

ate idea generation, it rarely produces deep, unconventional, or nonlinear insights on its own. 

Genuine divergence, moving beyond the “most likely answer”, remains largely human-driven. 

Breaking out of AI’s statistical tendencies and introducing novelty into the innovation process 

requires imagination, intuition, and critical detachment. 

Taken together, these findings suggest that GenAI shifts the focus of human value creation from 

execution to sense-making. In this new paradigm, humans become curators, interpreters, and 

creative navigators rather than mere producers. This transition requires deliberate skill devel-

opment and supportive cultural conditions, not simply technological availability. 

8.3. Cognitive Shortcuts and the Need for Deliberate Counterweights 

A unifying pattern across all chapters is the amplification of cognitive shortcuts. The fluency 

and confidence of GenAI outputs foster automation bias, or the tendency to accept suggestions 

without sufficient scrutiny. In DM contexts, this weakens accountability and reduces cognitive 

engagement. In innovation contexts, it fuels fixation bias, whereby early AI suggestions limit 

thinking and prematurely narrow the search space. Managerial capabilities provide the neces-

sary counterweights. Emerging skills such as AI literacy, prompt design, critical evaluation, 

bias awareness, and structured oversight enable individuals to interrupt automated defaults and 

preserve cognitive agency. These skills serve as practical safeguards for depth, responsibility, 

and originality. Whether these counterweights can develop depends strongly on organizational 

culture. Environments marked by fear, ambiguity, or weak communication make bias-prone 

behavior more likely as employees either rely on AI defensively or avoid reflective engagement. 
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In contrast, cultures that provide psychological safety, shared meaning, and time for experi-

mentation strengthen employees’ ability to question, refine, and reframe AI outputs. 

The risks across these perspectives share a common root: cognitive displacement, human think-

ing being replaced by automated patterns. The countermeasures also share a common founda-

tion: deliberate human engagement supported by skills, norms, and leadership. 

8.4. Culture and Leadership as the Decisive Switch 

One of the strongest integrative insights is that organizational culture and leadership determine 

whether GenAI becomes a source of augmentation or erosion. While individual and managerial 

dynamics explain how people interact with AI, culture explains why the same technology pro-

duces different outcomes across organizations. 

Learning-oriented cultures, characterized by openness, psychological safety, shared meaning, 

and tolerance for mistakes, enable individuals to maintain cognitive engagement. In such envi-

ronments, employees view AI as a supportive tool, experiment with prompting strategies, and 

apply their judgment to outputs. Leadership plays a central role in cultivating these conditions 

by modeling reflective AI use, offering time and resources for exploration, and clearly com-

municating purpose and expectations. In contrast, hierarchical or fear-driven cultures amplify 

overreliance, resistance, ambiguity, and convergence. When leaders promote AI without ade-

quate explanation, employees feel displaced rather than empowered. Under such conditions, 

the cognitive risks described in earlier sections – offloading, bias, and homogenization – accel-

erate. Thus, culture and leadership influence not only adoption but also the trajectory of cogni-

tive, managerial, and creative outcomes. GenAI does not determine these outcomes, organiza-

tions do. 

8.5. From Cognitive and Cultural Dynamics to Organizational Distinctiveness 

The integrated findings directly address the overarching research question. GenAI reshapes in-

dividual and managerial DM as well as the foundations of organizational distinctiveness. 
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At the individual level, DM becomes increasingly dependent on intentional reflection, owner-

ship, and critical oversight. From a managerial perspective, distinctiveness stems from human-

centered competencies that GenAI cannot replicate, such as intuition, contextual understanding, 

relational skills, and sense-making. At the cultural level, distinctiveness depends on collective 

capabilities, such as shared meaning, psychological safety, and a willingness to experiment. 

From an innovation perspective, distinctiveness is challenged by GenAI’s tendency toward con-

vergence, yet it is strengthened when humans use AI to broaden rather than narrow exploration. 

9. Conclusion 

9.1. Summary of Key Findings 

The joint findings of this thesis reveal a coherent pattern. Rather than diminishing the role of 

human judgment, GenAI elevates and reconfigures it. The results show that, from cognitive, 

managerial, cultural, and innovation-related perspectives, GenAI reshapes DM by shifting how 

cognitive work is performed, redefining how expertise is applied, and influencing the ways 

organizations create meaning and sustain distinctiveness. While GenAI reliably enhances the 

efficiency of knowledge-intensive work, this acceleration introduces new vulnerabilities. Un-

reflective engagement with GenAI has the potential to erode deliberative depth and attenuate 

individuals’ sense of authorship within the decision process, thereby rendering rushed consent 

more probable. This underscores the notion that gains in efficiency do not inherently guarantee 

the robustness or quality of DM processes. At the same time, the findings underscore that 

GenAI’s positive potential emerges when humans remain actively and critically engaged. Hu-

man expertise, particularly intuition, contextual understanding, sense-making, and ethical judg-

ment, become more central as GenAI takes over procedural or analytical tasks. Consequently, 

the human contribution shifts from execution to evaluative and interpretive work. This ex-

panded sense-making role is essential for maintaining depth, accountability, and organizational 

uniqueness in DM processes. 
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The results also highlight the decisive influence of organizational culture and leadership. Psy-

chological safety, shared meaning, transparency, and time for exploration determine whether 

employees engage with GenAI constructively or defensively. Learning-oriented cultures miti-

gate cognitive risks and enable broader exploration. In contrast, environments oriented solely 

toward speed and output amplify overreliance and uniformity, ultimately weakening organiza-

tional differentiation. 

Taken together, the findings answer the overarching research question, showing that GenAI’s 

impact on strategic DM stems not from the technology itself, but from how it reshapes the 

architecture of human judgment and organizational meaning-making. GenAI is reshaping the 

way decisions are formed and interpreted, altering how expertise is exercised and how organi-

zations generate value. Its influence unfolds through shifts in cognitive effort, evolving mana-

gerial roles, and cultural norms that determine whether employees engage reflectively or default 

to algorithmic convenience. Thus, GenAI becomes a strategic force only when embedded in 

human-centered structures that sustain critical thinking, encourage exploration, and anchor 

technological capabilities in shared purpose. Without these conditions, GenAI risks narrowing 

thought patterns and undermining the uniqueness it promises to enhance. 

9.2. Theoretical Contributions 

This work’s theoretical contribution lies in its integration of fragmented perspectives on indi-

vidual cognition, professional capabilities, organizational transformation, and strategic innova-

tion. While prior literature often examines these dimensions in isolation, this study develops an 

interconnected, layered view that demonstrates how GenAI alters KW at multiple levels, from 

the internal cognitive processes of individual users to the structural and cultural shifts within 

organizations. This integrated perspective advances the theoretical understanding of GenAI by 

positioning it not merely as a technological input, but as a socio-cognitive force that reshapes 

the conditions under which organizations produce judgment and value. 
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A core theoretical contribution is the explicit link between individual-level dynamics and or-

ganizational-level change processes. By integrating insights on cognitive offloading, psycho-

logical ownership, and human-AI collaboration with findings on organizational readiness, lead-

ership, and innovation strategy, the thesis shows how microlevel cognitive shifts can influence 

and be shaped by macrolevel structures, with organizational structure serving as the mediating 

role that links these levels. This bidirectional perspective addresses a critical gap in the current 

discourse, which often treats user behavior and organizational transformation as separate issues. 

Thus, the study clarifies how cognitive mechanisms mediate the relationship between GenAI 

and organizational outcomes, offering a more relational theoretical model. 

9.3. Managerial Implications and Recommendations 

The findings across the four subtopics make clear that the integration of GenAI is a strategic, 

cultural, and human transformation rather than a strictly technical one. As Badmus (2024) em-

phasizes, AI will be crucial for long-term competitiveness, but its value hinges on aligning 

technological investments with ethical safeguards and strategic clarity. Therefore, organizations 

must articulate explicit principles for responsible AI use and ensure that their implementation 

strategies are tailored to their specific environmental and organizational conditions rather than 

following uniform adoption patterns (Badmus 2024).  

A central implication is organizational readiness. Employees often view AI as a significant 

change, so transparent communication and reassurance about job security are essential for 

maintaining trust and engagement (Hengstler et al. 2016). Without psychological safety and 

meaningful employee involvement, resistance and disengagement are likely to occur, which 

limits the impact of well-designed AI initiatives. 

The findings also underscore the growing importance of human capabilities. To avoid overre-

liance and cognitive offloading as well as the resulting erosion of ownership, organizations 
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must treat metacognitive skills, such as critical reflection or self-monitoring, as strategic com-

petencies (Jadhav 2025; Wiederhold 2025). This complements insights which show that mana-

gerial effectiveness increasingly relies on contextual judgment and AI literacy. Rather than fo-

cusing on projected job displacement, leaders should prepare their workforce for the substantial 

number of new roles and skills associated with AI-driven growth (Alupo et al. 2022; McKinsey 

2025). Framing AI as a growth enabler rather than a cost-reduction tool allows firms to unlock 

new markets and value-creation opportunities. This reinforces the idea that AI often expands 

rather than reduces employment in exposed roles (PricewaterhouseCoopers 2025). Responsible 

human-AI collaboration requires careful design and governance. Interfaces that encourage ex-

planation, comparison, and iterative reflection help preserve agency and accountability (Lee et 

al. 2025; Reyes and Huet n.d.). Transparent decision paths and clear authorship norms also 

strengthen psychological ownership (Fabre et al. 2020; Xu et al. 2024). Review protocols and 

shared prompting standards are governance structures that are essential for ensuring the strate-

gic alignment and high quality of AI use, particularly in innovation contexts where the risk of 

homogenization is pronounced (Consumer Goods Technology 2025). 

Lastly, AI transformation must be understood as an ongoing learning process. Successful trans-

formation requires a supportive social context that includes a clear vision for the role of AI, 

robust technical foundations, and cultural conditions that encourage learning and experimenta-

tion (Haefner et al. 2023). As employee behavior evolves with the increased use of GenAI, 

organizations require continuous development mechanisms rather than one-off training sessions 

(Calvino et al. 2025). Ultimately, managers must orchestrate cognitive, cultural, and structural 

shifts that enable humans and AI systems to effectively complement one another; a task that 

remains fundamentally human, even as technology advances (Badmus 2024; McAfee and 

Brynjolfsson 2017). 
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9.4. Limitations and Future Research 

Despite the implications of this work, there remain some limitations to which attention is drawn 

here, and which offer opportunities for future research. 

When interpreting the findings of this subtopic, it is important to acknowledge several empirical 

limitations. First, Subtopics 2-4 employed a qualitative approach exclusively. Combining in-

formation from the interviews with quantitative data ensures a more holistic understanding of 

the studied phenomenon (Baxter and Jack 2008; Eisenhardt and Bourgeois 1988; Giraud et al. 

2022). Analogously, Subtopic 1 employed a quantitative approach exclusively. Employing a 

combination of these two approaches assists in determining the generalizability of the results 

(Giraud et al. 2022). Secondly, there is a lack of diversity with respect to country of residence, 

as well as industries. Notably, almost all interviewees reside in Germany and are employed 

there, which also reduces the transferability and dependability of the results (Guba and Lincoln 

1994). Thirdly the interviews were not conducted until saturation point, where additional data 

collection would not provide further explanatory insights (Charmaz 2006). It is possible that 

conducting additional interviews would have led to more generalizable results (Sousa and Ro-

cha 2019). This limitation also applies to the survey. Fourthly, the survey did not collect gender 

data, making it impossible to analyze potential differences in AI adoption, reflection behavior, 

or agency perception across gender groups. This omission limits the ability to explore intersec-

tional patterns in cognitive offloading or accountability attribution. Furthermore, given the var-

iability in the capabilities of AI tools (e.g., writing assistants versus decision-support systems), 

it is possible that participants had different interpretations of what it means to “use AI”. While 

the survey provided examples, respondents may have applied the questions to varying contexts, 

potentially affecting the consistency of responses. Fifthly, it is important to note that partici-

pants may have adjusted their responses due to social desirability or organizational constraints, 
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especially when discussing AI-related strategic decisions (Bispo Júnior 2022). Research indi-

cates that people often overestimate their critical engagement or underreport cognitive 

shortcuts, especially in professional settings (Fisher 1993; Podsakoff et al. 2003). This, for ex-

ample, may help to explain why fixation bias appeared less frequently in the interviews. As 

cognitive biases often operate unconsciously, individuals may find it difficult to recognize them 

accurately (Kahneman 2011). Finally, the insights reflect a moment in time within a rapidly 

evolving technological landscape. AI capabilities, organizational expectations, and leadership 

practices are in a constant state of flux, meaning that some findings may require re-evaluation 

as GenAI becomes more widely institutionalized (McKinsey 2025). Future studies should 

therefore include longitudinal and multi-stakeholder designs to capture how cultural and lead-

ership dynamics develop across different organizational settings and over time. 

Beyond methodological concerns, there are also conceptual limitations. Regarding Subtopic 2, 

while the study identifies key managerial skills and forms of expertise relevant in AI-augmented 

environments, the analysis does not account for the full breadth of factors that shape effective 

human-AI collaboration. Trust in AI systems plays a critical role in determining whether hu-

mans rely on or override algorithmic recommendations. This is a fundamental aspect of human-

AI interactions, given the inherent risks associated with the complexity, opacity, and nondeter-

ministic behavior of these systems (Glikson and Woolley 2020). Trust significantly impacts 

behavior in DM. Initially, individuals may place trust in an algorithm, but if it makes mistakes, 

even when it still outperforms human judgment overall, they often abandon it in favor of human 

decision-makers (Dietvorst et al. 2015). This subtopic only touched upon these dynamics indi-

rectly, leaving an important conceptual dimension underexplored. A more explicit examination 

of trust and related psychological variables would likely have provided deeper insights into how 

and when managers choose to collaborate with, rely on, or reject AI systems. The analysis of 

Subtopic 3 was shaped by a conceptual focus on cultural readiness, resistance, and leadership-
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mediated change mechanisms. While this approach allowed for a structured examination of the 

influence of culture and leadership on AI transformation, it also limited the observable range 

of organizational dynamics. A key limitation stems from the composition of the interview sam-

ple; all participants were external consultants. While their insights offer valuable cross-organi-

zational perspectives, they remain indirect and filtered through client interactions rather than 

being grounded in internal, lived experience. Consequently, the findings reflect interpretations 

of organizational culture from an outside-in viewpoint and may overlook informal practices, 

micro-level interactions, and internal power dynamics (Nesheim and Hunskaar 2015). Addi-

tionally, the interviews capture perceived patterns rather than longitudinal cultural evolution, 

which limits the observation of deeper cultural shifts or internal resistance processes (Kashima 

2014). These constraints suggest that to develop a more granular account of cultural mecha-

nisms in AI transformation, complementary data from internal stakeholders or ethnographic 

perspectives would be necessary. Regarding Subtopic 4, the analysis was guided by a specific 

theoretical lens that focused on homogenization, the efficiency-originality paradox, and two 

cognitive biases. While this approach allowed for an in-depth analysis of cognitive convergence 

in GenAI-supported innovation, it limited the range of observable dynamics (Eisenhardt 1989). 

Other mechanisms relevant to AI-assisted creativity, such as trust formation, emotional re-

sponses, and collaborative team processes, were beyond the scope of the study. 
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11. Appendix 

Appendix 1: Interview Guide 

A. Introduction of the Interviewer 

• Brief introduction of the interviewer and outline of the study’s purpose 
• Confirmation of consent to mention names and company affiliations (declaration of 

consent) 
• Commencement of the audio recording 

B. Background of the Interviewee 

• Introduction of the interviewee, including their current position and key responsibili-
ties related to strategic DM and AI/advanced analytics 

C. Thematic Questions 

1) In the past 12 months, in which kinds of situations did you rely primarily on your own 
intuition rather than analysis or AI, and how common is that in your work? 

2) Which strategic decisions do you prefer to make based on your own judgment rather 
than AI-supported analysis, and why? (For example: market entry, M&A, pricing, sen-
ior hiring, crisis response.) 

3) Since adopting AI, how has the role, timing, or weight of your intuition changed within 
your decision process? 

4) Which parts of your decision process must include a human because AI cannot substi-
tute, and which distinctly human capabilities make the difference? 

5) When a significant decision starts, how is the Human-AI collaboration architecture set 
in practice (full automation, human-in-the-loop, or combined outputs)?  

6) In your own practice, where has AI clearly improved a real decision process? Please 
name one or two concrete decisions and explain what improved (e.g., speed, quality, 
consistency, risk) and how you know (e.g., KPIs, error rate, rework, stakeholder feed-
back). 

7) Please indicate which of your day-to-day tasks are now being performed by AI. Has this 
been a net positive or a net negative? 

8) Which new core leadership skills have become critical because of AI, and how are you 
building them across your team? 

9) How irreplaceable are your own expertise, professional background, organizational 
knowledge, or accumulated intuition when it comes to making strategic decisions? 

10) In your organization, to what extent is expertise still viewed as a critical asset in DM, 
especially as AI tools become more common? 
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Appendix 2: Coding Guide 

Code Category/ Sub-
category 

Coding Rules Anchor Examp-
les 

C1 DM Process All statements that relate to how decisions are 
made in human-AI contexts, including the 
roles of intuition, human responsibility, AI 
support, and human-AI interaction. 

 

S1 Role of Intui-
tion in DM 

Code statements that describe the use, value, 
or limitations of intuition or gut feeling in de-
cision processes. It includes reflections on 
when and why intuitive judgments are applied. 

“My intuition 
helps me espe-
cially in situa-
tions that are 
strongly inter-
personal.” (E4) 

S2 Human Over-
sight and 
Responsibility 

Code statements that emphasize which aspects 
of DM must remain under human control, such 
as accountability, ethical judgment, contextual 
understanding, and final validation of AI out-
puts. 

“But the final 
decision should 
always be made 
by humans, 
they should ul-
timately use 
their intuition to 
make a judg-
ment.” (E1) 

S3 AI-Supported 
DM 

Code statements that discuss how AI informs 
or enhances decision processes. They include 
mentions of speed, efficiency, accuracy, data 
integration, and the use of AI as an analytical 
or decision support tool. 

“[...] AI is ex-
tremely helpful 
because it 
speeds up the 
process enor-
mously. It saves 
a tremendous 
amount of time 
and is therefore 
a clear ad-
vantage.” (E2) 

S4 Human–AI 
Collaboration 

Code statements that emphasize collaborative 
or complementary interactions between hu-
mans and AI. They include the balance be-
tween automation and human input, and re-
flections on AI as a supportive or co-creative 
“partner” rather than a replacement. 

“The AI simply 
accesses data 
sets and repro-
duces what it 
finds, but it 
cannot interpret 
the information 
the way a hu-
man can.” (E4) 

C2  Skills All statements that relate to changing skill re-
quirements in AI-supported work environ-
ments. 

 

S5 Emerging Ski-
lls 

Code statements that highlight newly im-
portant or increasingly valuable skills in AI-
supported work environments. They include 

“But I believe 
critical thinking 
is just as im-
portant, the 
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reflections on how professionals need to learn 
to collaborate with AI tools. 

ability to ques-
tion things, 
even when they 
seem convinc-
ing at first 
glance.” (E1) 

S6 Declining Ski-
lls 

Code statements that describe skills, tasks, or 
competencies that are becoming irrelevant due 
to automation, data processing, or AI assis-
tance. 

“In the past, 
technical skills 
or mastering 
certain standard 
processes were 
often crucial, 
but today those 
skills have lost 
some of their 
value.” (E5) 

C3 Expertise All statements that relate to the role or rele-
vance of human expertise in AI-supported 
work. 

 

S7 Enduring Va-
lue of Exper-
tise 

Code statements that emphasize the continued 
or growing importance of human experience, 
contextual understanding, and tacit knowledge 
in complex or strategic contexts. 

“In highly spe-
cialized roles 
that require 
contextual un-
derstanding, the 
human element 
remains essen-
tial.” (E1) 

S8 Substitution 
through AI 

Code statements that discuss areas in which AI 
can replicate or replace human expertise, par-
ticularly for standardized, data-driven, or re-
petitive tasks. 

“However, 
where things 
become more 
standardized, 
such as in the 
handling of typ-
ical sales con-
tracts, replace-
ment becomes 
easier.” (E1) 

 
 

 

 

 

 


