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Executive Summary

Generative Al tools like ChatGPT can transform how managers make decisions, yet adoption
at the managerial level remains limited. Why? Through interviews with nine managers at
Rejlers and validation from a generative Al transformation specialist, we identified three key
constraining areas. Trust develops through domain expertise, creating a paradox where
knowledge enables verification of generative Al outputs while simultaneously making
managers more critical of them. Managers with stronger expertise feel confident using Al
because they can evaluate accuracy, yet this heightens their scrutiny of Al-generated content.
Boundaries are established based on contextual understanding. Managers readily delegate
routine tasks to generative Al while reserving complex, relationship-sensitive decisions for
human judgment. Al's lack of organization-specific context limits its utility for company-
specific challenges. Practical barriers impede adoption, including insufficient integration with
existing systems, established work habits, and limited awareness of generative Al capabilities.
These factors often prevent adoption even when managers recognize potential benefits.

From these insights, we developed the Managerial Al Interaction Framework illustrating how
managers progress through four stages: awareness and experimentation, competence building,
workflow integration, and boundary-aware collaboration. Our research suggests that effective
human-Al collaboration requires addressing trust dynamics, establishing appropriate task
boundaries, and overcoming practical integration barriers rather than focusing solely on
technical capabilities.
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1. Introduction

Imagine managers having access to a digital assistant that cuts their work time by 40%,
improves output quality by 18%, and saves them over four hours every week. These aren’t
hypothetical benefits but documented productivity gains when professionals use generative
artificial intelligence (Al) tools like ChatGPT (Noy & Zhang, 2023; Bick et al., 2025). Yet
despite this significant efficiency potential, most managers aren’t integrating these tools into
their daily decision-making. This productivity paradox defines the current state of generative
Al in business: powerful systems that can analyze data, draft documents, and reason through
complex problems remain largely underutilized in practice. The numbers prove this disconnect,
while 94% of executives consider generative Al a top priority and 91% believe it gives them a
competitive advantage, only 1% of companies report advanced Al deployment in practice
(Mayer et al., 2025; Riverbed, 2024). This implementation gap matters not just for
organizations investing in generative Al, but also for system developers who create impressive
features without understanding real-world human needs. Meanwhile, academic research has
focused more on organizational adoption than on how managers experience and use these
systems. As generative Al capabilities continue advancing rapidly, we risk developing
increasingly sophisticated tools that look impressive in demos but sit unused in practice.
Without deeper insight into how managers interact with, trust, and use Al in their decisions,
this productivity potential may remain largely untapped.

1.1 Research Aim and Question

This study aims to bridge multiple gaps in our understanding of how humans and generative Al
models work together in management settings. First, we examine how managers use these tools
in everyday decision-making, addressing the disconnect between generative Al strategies and
practical implementation. Second, we contribute to academic theory by exploring how existing
models of technology adoption apply to the unique characteristics of generative Al. Third, we
provide insights for generative Al developers who need to understand the human factors that
determine whether their systems will be used effectively in real-world professional settings.
Through a case study at Rejlers, a multinational engineering consulting firm, we investigate
how managers interact with generative Al, and what enables or constrains its use across three
key functions: reasoning, analysis, and knowledge acquisition. This practical focus leads to our
central research question:

“What factors enable and constrain managers’ use of generative Al for decision-making?”

By answering this question, we aim to provide practical insights that help organizations use
generative Al more effectively, contribute to academic understanding of how humans and Al
work together, and help developers create systems that better fit managerial work patterns and
decision processes.



1.2 Background: Relevance and Urgency

Al has developed considerably from its original applications in automation, classification, and
forecasting. Now, it has a much wider role in decision-making, problem-solving, and even
creative processes (Singla et al., 2024). Previously, Al was mainly used for organized,
predictable tasks like analytics and process automation. Today, however, its increasing ability
to create new content and work through complex situations is changing how businesses operate.
Generative Al, especially, is helping organizations move beyond simple efficiency gains to
improve strategic insights and creativity in their workflows.

The rapid advancement of generative Al capabilities has been driven by breakthrough
developments in reasoning models. New models like OpenAl's 03 represent significant leaps in
analytical capability compared to their predecessors (OpenAl, 2025). The timeline of these
developments (see Figure 1) illustrates how successive innovations in model design and training
approaches have progressively enhanced Al's capacity for complex reasoning and strategic
thinking.

Figure 1: Timeline displays introductions to new reasoning models
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This increase in reasoning ability is an important development for how businesses can use
generative Al. Instead of just finding and summarizing information, advanced reasoning models
can now perform step-by-step reasoning, create organized plans, and function as true thought
partners for decision-makers. Companies can also adjust these models with their own industry
knowledge, allowing them to provide more accurate and useful insights (OpenAl, 2024).

1.2.1 Current State of Al Adoption

Driven by increased practical use as previously stated, companies are investing heavily in
generative Al. Amazon has invested $8 billion in Anthropic, Microsoft over $13 billion in
OpenAl, and Google is committed to investing $75 billion in Al initiatives such as their Gemini
model lineup (Amazon Staff, 2024; Microsoft, 2024; Li & Chan, 2025). Overall, Al
infrastructure spending by major tech firms is up 40% year-on-year, projected to hit $325 billion
in 2025 (The Economic Times, 2025).



The rising investment signals more than corporate commitment, it reflects broader societal
interest in Al’s potential. Businesses, employees, and even the general public are becoming
more interested in Al’s capabilities. This is clear in rising search trends and publications for
generative Al and Al adoption in business (figure 2), showing a growing demand for knowledge
and practical guidance on using Al.

Figure 2: Number of publications on ‘Al’and ‘Business’ per year, including the release dates of ChatGPT models
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Despite all this interest, only 1% of executives say their companies are truly advanced in Al
deployment. Many organizations are still in early testing stages, finding it difficult to scale Al
effectively (Riverbed, 2024). While 94% of surveyed executives say generative Al is a top
priority at the C-suite level, only 37% of companies feel they are ready to implement these
technologies (Mayer et al., 2025; Riverbed, 2024).

One of the main obstacles to adoption of generative Al is not employees at the operational level,
according to Relyea et al. (2024). Rather, it is managers and leaders who are uncertain or have
not been able to include generative Al into their own workflows. While Al has been easier to
integrate into structured, process-driven operational roles, managerial workflows are much
more complicated. Managers often handle strategic thinking, reasoning, and problem-solving,
areas that Al has traditionally found challenging. Unlike operations, which usually follow set
processes that can be automated, managerial tasks are more context-based and require
flexibility. However, newer models like 03, Sonnet 4.0, and Gemini 2.5 Pro now support
advanced reasoning, making Al more useful for managerial decision-making (OpenAl, 2025;
Anthropic, 2025; Kavukcuoglu, 2025).

This convergence of Al's developing capabilities, the complex nature of managerial decision-
making, and the unprecedented levels of investment in Al proves this the right moment to study
generative Al adoption and usage at a managerial level.



1.2.2 Consulting Industry Context

The consulting industry is well-suited for studying managerial use of generative Al due to its
demand for complex, fast-paced decision-making. Mid-level managers must analyze
incomplete information, solve ambiguous problems, and generate creative, tailored solutions
which require strategic reasoning and innovation (Kubr, 2002; Christensen et al., 2013). At the
same time, consulting operates in a competitive environment with tight margins and pricing
pressure (Appelbaum & Fewster, 2003). Managers must balance resources, timelines, and
budgets, making efficient analysis and decision-making crucial to maintaining value and
profitability.

It is this combination of demands that makes the consulting industry worthwhile for studying
Generative Al adoption. Tools like ChatGPT can overlap directly with these core activities. For
example, they might help in accelerating initial research, examining complex data more
quickly, creating preliminary ideas, or helping organize strategic thoughts and reports
(Brynjolfsson et al., 2023; Lebovitz et al., 2023). Studying how managers use or avoid using
generative Al for these tasks, under these specific pressures, can provide important insights into
the human-Al interaction in professional settings.

Within this industry context, Rejlers AB serves as our case company. Despite strong digital
competence and a focus on learning, generative Al use in managerial work is still emerging and
uneven, reflecting the broader adoption trends. This makes Rejlers a relevant case for studying
how generative Al is adopted in real time, rather than retrospectively, offering valuable insight
into the enablers and constraints shaping its role in managerial decision-making within
consulting.

1.3 Scope, Delimitation, and Definitions

Generative Al refers to a type of artificial intelligence designed to create content, including text,
images, code, and even music, by analyzing large amounts of data. Unlike traditional Al, which
mainly focuses on classifying information and making predictions, generative Al produces new
content that imitates human creativity and reasoning (Caballar, 2024). Large Language Models
(LLMs) like ChatGPT use deep learning techniques based on transformer architectures, trained
on extensive datasets to generate outputs that resemble human-generated content (Marr, 2024).

While other generative Al systems may relate to image creation and audio models for music
generation, this thesis focuses specifically on LLMs. Text-based interaction aligns well with
how managers already work with reports, emails, memos, and analyses, making LLMs naturally
suited for managerial reasoning, communication, and decision-making tasks.



Table 1: Differences between traditional Al and generative Al.

Traditional Al Comparison Generative Al
Structured task execution based on defined Primary Function Synthesis of novel data from learned
inputs distributions
Rule-based or supervised learning Learning Paradigm Large-scale unsupervised neural
framework network training
Decisions, clarifications, or predictions Output Type Autonomously generated text, images,

video, audio, or code

Precision tasks, automated decisions Ideal Applications Creative exploration, content
systems, repetitive workflows development, complex reasoning

This technological landscape is changing rapidly. Some models and interfaces now combine
multiple modalities, and the line between model types is blurring. This introduces a limitation:
some parts of this thesis may become outdated as these technologies evolve into more general
systems.

Given these capabilities and limitations, the academic literature presents different models for
human-Al interaction, including automation, hybrid, and augmentation approaches. This study
focuses on augmented human-Al interplay, as it is widely recognized as the most effective setup
for strategic and knowledge-intensive decisions (Leoni et al., 2024; Shrestha et al., 2019).

In augmented interactions, Al supports human work by allocating tasks to the respective
strengths of each party. This iterative process fits well in knowledge-driven environments,
where Al's analytical capabilities and human judgment must be balanced. Al becomes a partner
rather than a replacement, helping managers benefit from Al-generated insights while
maintaining human control over strategic choices that require expertise and contextual
awareness (Leoni et al., 2024).

1.4 Disposition

The thesis is structured into six chapters. The first chapter introduces the background, outlines
the problem statement, and presents the purpose and research question. The second chapter
reviews relevant literature and introduces the theoretical framework, explaining how it connects
to both previous research and the study’s empirical findings. The third chapter describes the
methodological approach, including research design, data collection, analysis methods,
limitations, ethical considerations, and quality measures. The fourth chapter presents the
empirical findings and analysis based on interviews with nine managers and one expert
informant with extensive cross-industry Al-implementation experience. The fifth chapter
discusses the findings in relation to the literature, leading to the development of the Managerial
Al Interaction Framework. The final chapter concludes the thesis by summarizing the results,
highlighting contributions to theory and practice, and suggesting areas for future research.

Summary Chapter 1: Introduction

« Generative Al boosts managers’ productivity but is still under-used in practice.

« Our study targets the gap between generative Al’s promise and real-world managerial adoption.
« Case company = Rejlers; focus on managers’ reasoning, analysis & knowledge-acquisition tasks.
« Centralresearch question: What enables or constrains managers’ use of generative Al?



2. Literature Review

This chapter reviews relevant theories and empirical studies to frame the adoption and use of
generative Al in managerial decision-making. It begins with established frameworks for
technology acceptance and human-Al collaboration, including both traditional and Al-specific
models. It then outlines key factors that enable or hinder Al adoption, categorized into
individual, social, organizational, and technological dimensions. Recent developments in the
application of generative Al for managerial tasks, especially reasoning, analysis, and
knowledge acquisition, are also explored. The chapter further connects these Al capabilities to
established theories of decision-making, such as bounded rationality and Simon’s decision-
making framework. Together, these perspectives form the theoretical foundation for
understanding how managers interact with Al tools like ChatGPT in their daily work.

2.1 Theoretical Frameworks for Al Adoption and Human-Al
Interaction

Understanding how managers accept and work with Al systems requires a foundation in
technology adoption theories. Two key models in this area are the Technology Acceptance
Model (TAM) and the Unified Theory of Acceptance and Use of Technology (UTAUT),
hereafter referred to as the acceptance framework and the technology use framework,
respectively.

The acceptance framework suggests that a person’s intention to use new technology mainly
depends on two factors: perceived usefulness (how much they think the technology will
improve their job performance) and perceived ease of use (how much effort they think using it
will take) (Davis, 1989). Simply put, if managers find an Al tool helpful for their work and not
complicated to use, they are more likely to include it in their decision processes.

The technology use framework combines several earlier models (including the acceptance
framework) and adds other factors that affect adoption such as performance expectancy (similar
to usefulness), effort expectancy (similar to ease of use), social influence (how much colleagues
and bosses affect one’s use of the technology), and facilitating conditions (the organizational
and technical support available) (Venkatesh et al., 2003). The technology use framework
acknowledges that a manager’s social environment and organizational context matter alongside
personal views in technology acceptance.

Both acceptance and technology use frameworks have been widely applied to explain how new
technologies spread in organizations, and they offer a useful starting point for studying Al
adoption. However, these models were created for traditional information systems and might
not fully address the complications of Al adoption, which often involves issues like unclear
algorithms, trust, and automation concerns (Liang & Xue, 2009).

Recent studies have tried to expand or adjust these theories for generative Al and human-Al
collaboration. One important contribution is the Human-Al Collaboration and Adaptation
Framework (HACAF) developed by Russo (2024), which was specifically created to
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understand generative Al adoption in software engineering. Hereafter, HACAF will be referred
to as the adoption framework. The adoption framework builds on the acceptance framework,
technology use framework, Diffusion of Innovation (DOI) and Social Cognitive Theory (SCT),
combining their main concepts while adding new aspects discovered in qualitative research by
Russo.

For example, Russo’s (2024) framework keeps perceptions of the technology (usefulness, ease
of use, and relative advantage, similar to the acceptance framework) and shows that
practitioners judge Al tools, like ChatGPT, mainly by their practical benefits and time savings.
The adoption framework also stresses compatibility (from DOI theory), as in how well the Al
fits with current workflows, values, and needs. In practice, early adopters of generative Al said
that workflow compatibility was a key factor: tools that matched their existing processes were
adopted much more readily (Russo 2024).

Additionally, the adoption framework includes social influences and personal factors. In line
with technology use framework, social approval (like wanting to appear advanced) and the
user’s comfort with technology were found to affect adoption behavior (Russo, 2024). Personal
differences, such as one’s openness to trying new technologies, also proved important. Lastly,
the adoption framework considers organizational context (similar to facilitating conditions):
organizational support, through resources or an encouraging environment for Al use, can
significantly impact adoption (Russo, 2024). In short, models like the adoption framework
expand on classic models by adding trust, transparency, and situation-specific factors to better
explain human-Al collaboration, although in a software engineering context. While acceptance
and technology use frameworks point out general factors (usefulness, ease, social influence),
newer models recognize that trust in Al, perceived risk, and fit with work practices are crucial
in adopting Al decision tools (Marocco et al., 2024).

For instance, Russo’s (2024) adoption framework identified job security concerns as a
significant barrier, with 25% of software engineers expressing fear that Al could “automate a
lot of tasks and make most of my work obsolete.” This research shows that perceived threats to
job security can create resistance to Al adoption, and that emotional reactions can override
logical cost-benefit analysis when deciding whether to use Al (Marocco et al., 2024).

Overall, a mix of traditional and Al-specific frameworks is needed to understand the complex
human-Al interaction in management settings, where both the practical value of Al and human
aspects (trust, perceived threat, social norms) determine how technology and managers work
together in decision-making.

Summary Chapter 2.1: Theoretical Frameworks for Al Adoption and Human-Al Interaction

. Traditional technology adoption models look at usefulness and ease of use when explaining why people use new tools
. Newer models add things like trust, transparency, and workflow fit as important factors.
. Managers may avoid Al systems if they seem threatening or can’t be understood, even if they are useful.



2.2 Facilitating and Inhibiting Conditions for Al Adoption in
Management

When bringing generative Al into managerial decision processes, several factors can either help
acceptance or create barriers. These can be grouped into individual, social, organizational, and
technological factors, each affecting a manager’s ability to adopt Al support.

2.2.1 Individual Factors

At the personal level, a manager’s trust and view of Al is essential. Research on algorithm
aversion shows that managers often avoid relying on Al-generated insights, especially if they
cannot understand how the Al works (Dietvorst et al., 2015). Transparency is therefore crucial.
When Al systems give clear explanations or show fairness and accountability, users trust them
more (Shin, 2021). For example, Shin (2021) found that perceptions of an Al’s fairness,
accountability, and transparency directly build trust and acceptance. On the other hand,
managers tend to reject algorithms they cannot interpret, which happen often with complex Al
models (Marocco et al., 2024).

A manager’s comfort and confidence with technology also affects adoption. Those familiar with
digital tools feel less anxious and are more willing to try Al (Russo, 2024). In contrast, people
who fear technology may see greater risk in using Al, viewing it as stressful rather than helpful
(Marocco et al., 2024). Perceived ease of use reflects this idea that difficult or mentally
demanding Al tools will limit adoption. Personal traits like openness to new things also matter,
managers who like trying new technologies are more likely to use Al in their work (Russo,
2024).

2.2.2 Social Factors

Adoption does not happen in isolation, social and cultural influences greatly affect a manager’s
decision to use Al. Within organizations, peer usage and norms create pressure or
encouragement. If respected colleagues are successfully using generative Al, managers may
feel motivated to do the same. Russo’s (2024) study showed that developers valued being seen
as modern by peers, which drove Al adoption. This matches the technology use framework
social influence concept and what Mahmud et al. (2022) found: social influence can positively
affect Al acceptance in organizations.

On the other hand, organizational cultures may create social barriers. If using Al is seen
negatively, perhaps viewed as showing weak expertise, adoption may be held back. Tradition
can be a limiting social factor; one study noted “image barriers” where managers worried that
using algorithms could make them seem less capable or less in control (Mahmud et al., 2023).
Also, the need for human interaction can restrict Al uptake. Managers often prefer discussing
decisions with colleagues; replacing that with Al might seem impersonal. A recent review found
that some managers hesitate to accept algorithmic advice in areas like finance or HR because
they value human intuition and personal aspects of decision-making (Booyse & Scheepers,
2023).



2.2.3 Organizational Factors

Organizational setting often determines how well new technologies are adopted. Leadership
support is crucial. When top management backs Al initiatives by sharing a clear vision and
providing resources, managers at lower levels are more likely to use these tools. Organizational
readiness and digital maturity are also essential factors. Companies with good IT infrastructure,
available data, and in-house Al expertise make it easier for managers to include Al in decision
workflows (Nguyen Van Phuoc, 2022). Lada et al. (2023) found that organizational readiness,
including infrastructure and skilled staff, is linked to higher Al adoption rates among managers.

The level of digital transformation in a company also affects attitudes toward new tech.
Organizations further along with their digital transformation tend to have cultures that welcome
experimentation and value data. Managers in these firms see Al tools as more useful and easier
to use, showing greater intention to use them (Rodriguez-Espindola et al., 2022). In contrast,
organizations lacking technical infrastructure or data management present practical obstacles
to Al use.

Organizational culture and norms set the tone, companies that support innovation and accept
smart failures create environments where managers feel free to try Al tools. Another factor is
training and change management: giving managers proper training on how to use and interpret
Al outputs can reduce fears and build skills, helping adoption (Booyse & Scheepers, 2023).
Clear ethics and governance policies can either encourage or limit Al use. Guidelines on
acceptable Al use, data privacy, and accountability give managers confidence to use tools
properly, while unclear or strict rules limit use (Booyse & Scheepers, 2023).

2.2.4 Technological Factors

Features of the Al technology itself affect adoption. Usability is essential, an Al tool must have
an easy-to-use interface and fit well into existing workflows. This connects to perceived ease
of use in Davis’s (1979) acceptance framework. A well-designed generative Al assistant that
feels natural will lower barriers to entry. Reliability and accuracy are equally as important.
Users need to trust that the Al’s outputs are accurate enough to consider. Studies show that if
users see algorithms make mistakes, they often stop using them even if they perform better on
average than humans (Dietvorst et al., 2015; Marocco et al., 2024).

Transparency and explainability are technical factors that increase user trust and willingness to
rely on Al systems (Shin, 2021). Also, compatibility and integration help adoption, if Al tools
easily connect with data sources and software managers already use, they become more
valuable. If they require exporting data or switching between programs, they may be seen as
more trouble than they are worth. Lastly, security and privacy features matter, organizations
and managers are reluctant to use Al tools that might leak sensitive information or break
compliance rules (Shin, 2021).

By understanding these conditions across individual, social, organizational, and technical areas,
companies can better plan for successful human-Al collaboration. To encourage adoption, they
should build trust through transparency, develop a culture that supports innovation, ensure



leadership backing, invest in training, and select Al tools that match users’ needs and
workflows. Ignoring any of these areas could mean even powerful generative Al decision-
support remain unused or face resistance, showing that effective human-Al interaction needs
both technological readiness and human readiness.

Summary Chapter 