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Abstract

Laavanya Ramaul
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This dissertation examines how the adoption of Generative Al, particularly large language
model tools such as ChatGPT, reshapes human—AlI relations in knowledge-intensive work
and the implications for organizational practices and business models. While earlier Al
systems focused on automation, prediction, and structured decision support, Generative
Al introduces distinct capabilities in content creation, analysis, and interactive
collaboration. Despite its rapid diffusion across industries, existing research remains
fragmented and often relies on implicit assumptions that portray Al as either perfectly
rational or human-like, obscuring how its organizational role is shaped by context, social
relations, and the ways it is enacted in practice. To address these gaps, the study combines
three methodologically complementary approaches: a problematizing literature review,
semi-structured interviews with 29 professionals across knowledge-intensive industries,
and a multiple-case study of eight organizations. Drawing on agency and relational
perspectives, affordance theory, and business model innovation, the dissertation connects
conceptual assumptions about Al with the practical capabilities Generative Al provides
in knowledge work and the organizational outcomes that follow.

The findings yield three interrelated contributions. First, prevailing assumptions of
rationality and anthropomorphism structure how Al is theorized in organization and
management research in ways that risk oversimplifying its organizational role and
obscuring its relational and context-dependent nature. Second, Generative Al introduces
creational and conversational affordances that evolve through use, reinforcing one
another in ways that progressively expand the scope and value of human—Al interaction
over time. Third, although Generative Al supports business model innovation, its impact
is asymmetric: organizations can more readily enhance internal processes than develop
new offerings, and they find it hardest to establish viable revenue models. Collectively,
these findings reconceptualize Generative Al as a relational, embedded technology whose
organizational consequences emerge through ongoing human—Al interaction, thereby
advancing organization and management theory with an integrated framework spanning
theoretical assumptions, practical capability development, and business model
transformation.

Keywords: Generative Al, affordances, business model innovation






Acknowledgements

Completing this dissertation has been the most challenging and rewarding undertaking of
my life, and it would not have been possible without the support, guidance, and kindness
of many people. I would like to express my deepest gratitude to my supervisors, Professor
Paavo Ritala and Dr. Péivi Aaltonen, for their steadfast support throughout my doctoral
journey. Their invaluable mentorship and guidance have shaped this work into what it is
today. My gratitude to Associate Professor Jukka Luoma and Professor Tuure Tuunanen
for their feedback, which helped me refine this dissertation.

I had the good fortune of interviewing people, just at the cusp of a new wave of Al, a time
marked by both enthusiasm and experimentation. This dissertation would not have been
possible without the openness and generosity of the participants who shared their insights.
Speaking with them reminded me why this research matters and deepened my
appreciation for the human side of technological change. This research has been exciting,
daunting, and arduous all at once, but it would have been impossible without my co-
authors, Professor Thomas Clauss, Professor Mika Ruokonen, and Associate Professor
Angelos Kostis. Thank you for all your discussions, contributions, and support throughout
the research and publication process.

I am grateful to the members of the MORE SIM platform for years of collaboration that
have inspired new ideas and perspectives, and for being integral to my learning. I am
grateful to Liikesivistysrahasto, the Wallenberg Foundation, and Business Finland for
funding my research at LUT, enabling me to develop my skills, pursue my curiosity, and
bring this dissertation to completion.

My friends and colleagues at LBS - Argyro, Irene, Jessica, Kaarina, Luke and Noopoor -
have been a constant source of patience, love, and encouragement, celebrating every
milestone, large or small. I could not have reached this point without your unwavering
presence, and I am deeply grateful to each of you. Akash, Giota, Tuhin, Niharika, Saara,
thank you for keeping me grounded, bringing lightness to difficult moments, and
reminding me to look beyond the immediate demands of this journey. A heartfelt thank
you to my brother, Eshaan, for always being ready to listen, whether to my frustrations
or my joys. I owe a profound debt of gratitude to my parents, whose love and strength
have carried me through this journey. Their resilience, sacrifices, and belief in me have
shaped who I am and made this achievement possible. I am also deeply grateful to my
grandmother and uncle for their love, support, and encouragement. I carry with me the
memory of my late grandfather, whose presence and values continue to guide me. To
Pramiti, my closest confidante, thank you for helping me find perspective when I needed
it most, even across the distance. And finally, to Aditya, thank you for being the warmth
on the gloomiest day, especially through the final stretch of this journey.

Laavanya Ramaul
May 2026
Lappeenranta, Finland






Contents

Abstract
Acknowledgements
Contents
List of publications 9
Nomenclature 11
Declarations 13
1 Introduction 15
1.1 Research gaps and positioning of the study.........cccccceevviiiiiiiieeerennnnnn, 16
1.2 Research questions and 0bJECtIVES .......ceeeeeeeiiiiiiiieeeeeeeeiiiieeee e e 19
1.3 Structure of the diSSertation ............ooccueeiiiiiiiiiiiiiiiiiie e, 22
2 Theoretical background 23
2.1 Al in organizations and management: a SUMMATY ...........ccccccvvvrrrereeennn. 23
2.2 Generative Al as an emerging digital technology for organizing........... 25
2.3 Al and knowledge work: Affordance perspective .........ccceeevvvveeeeeennnnes 27
2.4 Generative Al and Business Model Innovation (BMI) .......................... 30
3 Methods 33
3.1 Research desi@n..........uuviiiiiiiiiiiciiiiiie e e 34
3.2 Problematizing literature review (Publication I)...........ccccvvvvieeeennnnnnne. 35
3.3 Qualitative interview study (Publication IT) .........cccccceeeviiiiiinieeeees 37
3.4 Qualitative case study (Publication III)..........ccccceviveeeeeiiiiiiiiiiieeeeee, 41
4 Results 45
4.1 Publication I: Rethinking how we theorize Al in organization and management:
a problematizing review of rationality and anthropomorphism.............. 45
4.2 Publication II: Creational and conversational Al affordances: how the new breed
of chatbots is revolutionizing knowledge industries ...........c..cccceeeeennee. 49
4.3 Publication III: Generative Al as an enabler of business model innovation: a
multiple-case StudY.........eeiiiiiiiiiiiii e 50
5 Discussion and conclusions 53
5.1 Theoretical contribution and Implications ..........cccceeevueerniiiinieernieenne 53
5.2 Managerial IMPlICAtIONS ......cccueeiriiiiriiiiiiiiie ittt 55
5.3 Limitations and future research............ccoccceiiiiiiiiiiiniiiiieeieeeeee e 57
References 61

Publications






List of publications

This dissertation is based on three papers. Publishers have granted the rights to include
the papers in the dissertation. In this thesis, these papers are referred to as Publication I,
Publication 11, and Publication III.

I. Ramaul, L., Ritala, P., Kostis, A., and Aaltonen, P. (2026). Rethinking how
we theorize Al in organization and management: A problematizing review of
rationality and anthropomorphism. Journal of Management Studies
https://dot.org/10.1111/joms.13246

II. Ramaul, L., Ritala, P. and Ruokonen, M. (2024). Creational and
conversational Al affordances: How the new breed of chatbots is
revolutionizing knowledge industries. Business Horizons, 67(5), 614-627.

I11. Ramaul, L., Ruokonen, M., Ritala, P. and Clauss, T. (2024). Generative Al as
an enabler of business model innovation: a multiple-case study. The 84th
Annual Meeting of the Academy of Management, Innovating for the Future:
Policy, Purpose and Organizations. Academy of Management Proceedings
(Vol. 2024, No.l) Valhalla, NY: Academy of Management, DOI:
10.5465/AMPROC.2024.16009abstract

Author's contribution

Laavanya Ramaul is the principal author and investigator of all the publications. In these
three publications, she was responsible for designing the methodology, conducting the
majority of the data collection, and conducting the analysis. She was involved in writing
all parts of the paper and, as the corresponding author, was the lead researcher responsible
for subsequent related revisions. The author order reflects the amount of contribution in
each paper. More specific details below.

In Publication I, Prof. Ritala contributed to the ideation and the data analysis process,
Assoc. Prof. Kostis contributed to the data analysis, and Dr. Aaltonen to the methodology.
All authors contributed to the finalization and subsequent revisions of the paper.

In Publication II, Prof. Ritala contributed to the ideation and data analysis framework.
Prof. Ruokonen helped with data collection. All authors contributed to the writing
process, finalized and visualized the findings, and subsequently revised the paper.

In Publication III, Prof. Ruokonen helped with data collection and analysis of the paper.
Prof. Ritala provided valuable feedback during the data analysis and writing processes of
the paper. Prof. Clauss contributed to the conceptualization of the paper. All authors
participated in revising and refining the paper.






11

Nomenclature

Abbreviations

Al artificial intelligence

OMT organization and management theory
BM business model

BMI business model innovation

GPT general-purpose technology






13

Declarations

Turnitin

The originality of this dissertation has been reviewed with the Turnitin similarity
checking service.

Commercial software
This dissertation was prepared with the help of the following commercial software:

NVivo 12 - a qualitative data analysis software that is used for data coding, classification,
and analysis. NVivo licensed software is provided by LUT University for researchers.
NVivo 12 was utilized for qualitative data coding and analysis in Publications II and III.

Al use

During the preparation of this doctoral dissertation, Laavanya Ramaul used Grammarly
and ChatGPT to improve the presentation and grammar of the dissertation. After using
the tools, the author reviewed and edited the content and takes full responsibility for the
doctoral dissertation.






15

1 Introduction

The integration of Artificial Intelligence (AI) into the modern enterprise is the
culmination of a decade-long transition toward pervasive computing and intelligence.
Before the current wave of Generative Al, Al was primarily seen as a tool for decision-
making, automation, and advanced analytics (Araujo et al., 2020; Jarrahi, 2018). These
traditional Al systems operated largely on rules-based and statistical learning paradigms,
providing predictability and efficiency in narrow domains such as predictive maintenance
or fraud detection in financial services (Brynjolfsson and Mitchell, 2017; Zonta et al.,
2020). By 2024, however, approximately 78% of organizations reported using some form
of Al in at least one business function, indicating that the technology has transitioned
from an emerging capability to a widely adopted component in everyday tasks and
processes (Beauchene et al., 2025; Singla et al., 2025). For the purpose of this dissertation,
Al is defined as “a system that builds on machine learning (ML), computation and
statistical techniques as well as relies on large datasets to generate responses,
classifications or dynamic predictions” (Grote et al., 2024, p.1).

Generative Al refers to a class of models that can produce novel outputs, such as text,
images, code, and other multimodal content, based on patterns learned from large
datasets. Within this broader category, Large Language Models (LLMs) represent a
specific class of models designed to process and generate human-like language. The
release of ChatGPT 3.5 in November 2022 brought these capabilities into mainstream
use. Since then, a range of LLM-based systems have gained widespread adoption,
including Gemini, Claude, and Copilot across both consumers and organizations.

This new generation of Al is characterized by an unprecedented rate of diffusion. Industry
reports suggest that approximately 75% of knowledge workers already use Generative Al
tools to augment their daily tasks (Mayer et al., 2025), while adoption rates have outpaced
earlier digital technologies, such as the internet (Bick et al., 2026; Calvino et al., 2025).
Beyond simple automation, Generative Al introduces capabilities such as generating
content across modalities, rapidly synthesizing insights from large volumes of
unstructured data, and supporting creative and cognitive tasks through iterative human—
Al interaction (Dell’ Acqua et al., 2026; Eloundou et al., 2024; Retkowsky et al., 2024).
In contrast to earlier Al systems that operated largely in the background of organizational
processes, Generative Al is increasingly enacted as an active participant in knowledge
work rather than merely a supporting tool (Krakowski, 2025; Ritala et al., 2024).

Additionally, as Generative Al is increasingly used for tasks previously reserved for
human actors, the relationship between humans and technology becomes more relational
and dynamic, shaped through iterative prompting and refinement (Leonardi, 2011; Raisch
and Krakowski, 2021). In this sense, Generative Al can be understood as exhibiting a
form of agentic behavior within organizational contexts, such that it appears to generate
output and respond to inputs without constant intervention (Jarrahi and Ritala, 2025;
Leonardi, 2025; Vanneste and Puranam, 2024). This does not imply intentionality in the
human sense but rather highlights how these systems are enacted as quasi-participants in
organizational processes.
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These developments extend beyond individual task performance to broader
organizational and strategic implications. Firms use Al to reconfigure how they create,
deliver, and capture value, and to redefine their interactions with customers and
stakeholders (Burstrom et al., 2021; Sjodin et al., 2023; Wirtz, 2020). As Generative Al
becomes embedded in workflows, it enables new ways to organize knowledge, coordinate
work, and deliver value. Yet despite widespread enthusiasm for Al, there is a significant
difference between ambition and actual value. Research spanning more than 1,000
companies indicates that the vast majority have yet to move beyond experimentation, with
only 26% successfully scaling Al to generate substantial value (Apotheker et al., 2025).
Consequently, understanding the role of Generative Al in organizations requires attention
to how these capabilities are enacted in practice and how they reshape organizational
processes. Therefore, this dissertation focuses on understanding the impact of Generative
Al tools, specifically ChatGPT, in knowledge-intensive industries, using the concepts of
affordances and business model innovation (BMI). Knowledge-intensive industries are
those that “revolve around the use of intellectual and analytical tasks” (Alvesson, 2004).
Therefore, this dissertation focuses on organizations that rely on highly skilled
professionals engaged in knowledge-intensive work, such as software development, as
well as on creative domains, including marketing and advertising, and established firms
that are increasingly incorporating such knowledge-intensive activities into their
operations.

The next section illustrates the gaps and the positioning of the dissertation to better
understand the context of the study.

1.1 Research gaps and positioning of the study

Despite the rapidly expanding body of research on Al in organization and management
studies, literature remains fragmented across multiple dimensions (Lebovitz et al., 2022;
Raisch and Fomina, 2025a; Waardenburg et al., 2022). At the same time, emerging
technologies such as Generative Al extend the scope of Al from predictive and perceptive
tasks to activities traditionally associated with human knowledge work, including writing,
analysis, and ideation (Dwivedi et al., 2023; Jarrahi et al., 2023). Understanding these
developments requires examining how the technological affordances of Generative Al
reshape the interaction between human expertise and machine capabilities, thereby
transforming work practices and professional capabilities (Faraj and Azad, 2012; Nelson
et al,, 2017). These changes may also have broader implications for organizations,
particularly regarding how firms create, deliver, and capture value through new or
reconfigured business models (Clauss, 2019; Kanbach et al., 2024). However, existing
research rarely connects these perspectives. Conceptual discussions of Al often remain
detached from empirical investigations of emerging technologies. Therefore, this
dissertation positions its contribution at the intersection of three interrelated domains—
Al research, Generative Al affordances in knowledge work, and business model
innovation—through which it examines how evolving human—Al relations reshape
organizational practices and value creation.
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While the implications of Al for work, society, and organizations are studied across
multiple topics and perspectives, each highlights different aspects of the phenomenon.
For instance, studies have explored organizational processes associated with Al adoption,
such as decision-making involving Al predictions (Lebovitz et al., 2022), Al-augmented
problem-solving (Raisch and Fomina, 2025), and knowledge-brokerage work
(Waardenburg et al., 2022). Despite the rapid expansion of Al research across different
streams, much ofthe existing literature implicitly draws on conceptualizations originating
in technical fields where the focus is on the ability of Al to mimic, surpass, or even replace
human intelligence (Brynjolfsson and McAfee, 2014; Brynjolfsson and Mitchell, 2017;
Russell and Norvig, 2016). However, in an organizational context, Al can perform tasks
and assume roles previously limited to humans, changing processes, practices, and
relationships. At the same time, Al needs to be understood as a powerful agentic
technology (Vanneste and Puranam, 2024), while avoiding oversimplifying its value by
considering it solely as a standalone agent independent of its context (Gehman et al.,
2025). Therefore, the conceptual grounds on which scholars debate the role of Al in
organizations often remain unclear, making it difficult to develop a coherent and
cumulative body of research. Reflecting on this issue, Keding (2021) observes that
research on the interplay between Al and strategic management remains fragmented and
lacks a theoretical structure. This ambiguity becomes increasingly problematic as Al
research continues to expand across management domains. Consequently, these
developments highlight the need for a more distinct organizational perspective on Al —
one that moves beyond technical vocabulary to examine how Al is embedded within
organizational relations and practices, therefore leading to the first research gap:

Research gap 1: Absence of critical reflection on implicit theoretical assumptions
regarding Al

The rapid diffusion of Generative Al tools, particularly ChatGPT, has brought Al directly
into the everyday practices of knowledge workers across a wide range of industries.
Earlier conversational chatbots were primarily functional systems designed for simple
tasks such as information retrieval and lacked the ability to generate coherent responses
or learn iteratively from conversational input (Kietzmann and Park, 2024). In contrast,
newer conversational Al systems such as ChatGPT enable iterative interaction,
customization, and broad public accessibility across professional fields including
consulting, marketing, law, and software development (Dwivedi et al., 2023; Kietzmann
and Park, 2024). As organizations experiment with these tools, managers and
professionals increasingly face questions regarding where these systems can add value,
which tasks can they perform effectively, and how human—AlI collaboration should be
organized.

From a technological perspective, digital technologies shape work practices through the
affordances they create for users (Duan et al., 2024; Nelson et al., 2017). Affordance
refers to the possibilities for action that emerge from the interaction between the features
of technology and the goals of the users (Faraj and Azad, 2012). In the context of
Generative Al, conversational interaction, content generation, and iterative prompts
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introduce new possibilities for knowledge workers to collaborate with Al systems in
performing tasks such as writing, analysis, and ideation.

While these affordances appear novel, their underlying components have existed in earlier
generations of Al technologies. Generative capabilities have long been present in machine
learning systems used to summarize information, generate reports, or assist with
analytical tasks (Jarrahi et al., 2023). Similarly, conversational affordances have been
discussed in earlier research on chatbots, with studies showing that features such as
anthropomorphism and interaction consistency influence engagement with
conversational agents (Adam et al., 2021), how users differ in their perceptions of the
humanness of Al systems (Hu and Lu, 2021), and how interaction rates increase when
users believe they are interacting with humans rather than machines (Grimes et al., 2021).
What distinguishes Generative Al tools, such as ChatGPT, is the integration of these
previously separate affordances, that is, combining conversational interaction with
generative capabilities. These systems increasingly participate in tasks traditionally
associated with human expertise, including writing, ideation, and analytical reasoning.

As Generative Al enters domains previously considered predominantly human, the
boundaries between human and machine contributions to knowledge work are becoming
hard to distinguish (Dwivedi et al., 2023). Professionals must continually reconfigure
their skills, delegating routine tasks to Al while identifying new areas where human
judgment remains essential (Faulconbridge et al., 2025; Sarala et al., 2025; Zirar et al.,
2023). At the same time, concerns regarding the reliability and accuracy of Generative
Al outputs mean that human oversight cannot be ignored (Brynjolfsson et al., 2025;
Edelman and Abraham, 2023). Despite growing interest in these developments, empirical
understanding of how Generative Al affordances reshape professional capabilities and
human-machine boundaries in knowledge-intensive work remains limited, therefore
pointing to the second research gap in this dissertation:

Research gap 2: Interplay between Generative Al affordances and human-AI capability
boundaries

Existing research has examined the implications of Al for business models, with
empirical studies suggesting that Al capabilities such as prediction, automation, and data
analytics can enable new forms of value creation and support the development of novel
business models (Astrom et al., 2022; Paschen et al., 2021; Simon et al., 2024). However,
much of this research has focused on earlier forms of machine-learning-based Al that
primarily support predictive or perceptive tasks (Sjodin et al., 2021; 2023), leaving
limited understanding of how newer forms of Al, particularly Generative Al, may have
the capacity to restructure the underlying logic of business models.

Business model innovation (BMI) refers to how a firm creates, delivers, and captures
value across three core elements — value creation, value proposition, and value capture
(Aagaard, 2024; Clauss, 2019). While digital technologies have long been recognized as
important antecedents to BMI, there remains a gap in the literature regarding how these
three elements interact with and depend on one another when new technology is
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implemented. This matters because firms can achieve superior performance when change
occurs across all three elements simultaneously, rather than in isolation (Clauss et al.,
2020). Generative Al is particularly relevant in this regard, as it differs from earlier Al
systems by enabling the creation of new content, knowledge, and analytical outputs —
expanding its potential impact beyond operational efficiency to the broader ways in which
firms create and capture value (Jorzik et al., 2024; Kanbach et al., 2024).

Despite this potential, empirical understanding of how Generative Al reshapes
organizational business models and of the factors that enable or constrain Al-driven BMI
in incumbent firms remains limited, thereby pointing to the third and final research gap
in this dissertation.

Research gap 3: Emergence of new business models (BMs) and business model
innovation (BMI) across industries

1.2 Research questions and objectives

Recent research suggests that Generative Al chatbots influence organizations at multiple
levels, including individual productivity, organizational processes, and broader industry
dynamics (Feng et al., 2024). Understanding the implications of Generative Al, therefore,
requires examining both micro-level changes in knowledge work and broader
organizational transformations associated with Al adoption. The objective of this
dissertation is to develop a deeper understanding of how the adoption of Generative Al
reshapes human—Al relations in knowledge-intensive work. To achieve this objective, the
dissertation combines a conceptual examination of how Al is theorized in organization
and management research with empirical investigations of the use of Generative Al in
organizational contexts. By doing so, the dissertation provides a multi-level perspective
that connects conceptual assumptions about Al with the evolving practices through which
Generative Al is enacted in organizations. To address this objective, this dissertation is
guided by the following main research question:

How are human-Al relations changing in knowledge-intensive work due to the adoption
of Generative Al in organizations?

In this dissertation, human-Al relations form the central unit of inquiry because it is
through these relations that the potential of Generative Al in knowledge-intensive work
is realized. By human-Al relations, this dissertation refers to the evolving ways in which
knowledge workers interact with, make sense of, and are shaped by Generative Al tools
in their everyday work. The question encompasses both how individual professionals
experience and adapt to Generative Al and how organizations reconfigure their processes
and structures in response to its adoption. The focus on knowledge-intensive work reflects
the relevance of Generative Al in domains where cognitive and creative tasks are central,
such as consulting, software development, marketing, and legal services. The main
research question is explored through three sub-questions, each of which maps to one of
the research gaps identified in the previous section, that is: the conceptual foundations of
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Al research, the changing abilities enabled by Generative Al in knowledge work, and the
organizational implications of Generative Al-enabled BMI.

To address the first gap, this dissertation examines the hidden assumptions that shape the
conceptualization of Al in organizational and management literature. As established in
the previous section, much of the existing literature draws implicitly on
conceptualizations borrowed from technical fields, framing Al as either a perfect
calculator (rationality) or a human-like teammate (anthropomorphism). Such assumptions
overlook how people and the organizational conditions surrounding Al shape its effects,
rather than treating the technology as operating independently. Without critically
reflecting on these foundations, researchers risk building theory on assumptions that
misrepresent how Al functions in organizations, therefore leading to the first research
question:

RQI1: What underlying theoretical assumptions shape how Al is conceptualized in
organization and management research?

To address the second gap, this dissertation adopts a practice-oriented perspective to
examine how the affordances of Generative Al reshape the boundaries of knowledge
work. As established in the previous section, the rapid diffusion of Generative Al tools
has brought AI directly into the everyday practices of knowledge workers, raising
questions about where these systems add value, which tasks they can perform effectively,
and how human—AlI collaboration should be organized. While earlier Al systems offered
generative and conversational capabilities separately, what distinguishes Generative Al
tools is the integration of these previously separate affordances — combining
conversational interaction with generative capabilities in ways that allow these systems
to increasingly participate in tasks traditionally associated with human expertise,
including writing, ideation, and analytical reasoning. As a result, professionals must
continuously reconfigure their skills, delegating routine tasks to Al while identifying new
areas where human judgment remains essential. This dissertation, therefore, examines
what human-only tasks Generative Al can now perform, how the division of work
between humans and machines is being altered, and what affordances, disaffordances,
and meta-affordances Generative Al provides to its users, therefore leading to the second
research question:

RQ2: What are the new abilities Generative Al enables in knowledge work?

To address the third gap, this dissertation examines how Generative Al enables and
constrains business model innovation in organizations. As established in the previous
section, while earlier forms of machine-learning-based Al have been studied in the
context of business models, research has focused primarily on predictive and perceptive
tasks, leaving a limited understanding of how Generative Al — with its capacity to create
new content, knowledge, and analytical outputs — may restructure the underlying logic
of business models. Digital technologies have long been recognized as important
antecedents of BMI, enabling firms to reconfigure value-creation processes, develop new
value propositions, and establish novel revenue mechanisms. However, a gap remains in
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understanding how the three core elements (value creation, proposition, and capture)
interact with and depend on one another when Generative Al is implemented. This
matters because firms can achieve superior performance when change occurs across all
three elements simultaneously rather than in isolation, and because Generative Al's
potential impact extends beyond operational efficiency to the broader ways in which firms
create and capture value. Yet empirical research on how Generative Al shapes each of
these dimensions, and whether the resulting changes are modular or architectural, remains
limited — therefore leading to the third research question:

RQ3: How does Generative Al enable and constrain change in organizations’ business
models?

Table 1 below summarizes the research gaps, the subsequent research questions that each
research gap aims to answer in relation to the paper, and the major results from each
publication.

Table 1 Overview of research

Research gap Results

Research question

Title of publication

affordances and
human-Al
capability
boundaries

knowledge work?

the new breed of
chatbots is
revolutionizing
knowledge
industries

Gap 2: | RQ2: What are the | Publication  II: Generative Al-powered
Interplay new abilities | Creational  and chatbots combine creational
between Generative Al | conversational Al affordances (producing new
Generative Al | enables in | affordances: How content and automating

tasks) and conversational
affordances (contextual,
interactive engagement) to
form meta-affordances —
accessibility, accumulation,
and adaptability
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Gap 3: | RQ3: How does
Emergence of | Generative Al
new BMs and | enable and constrain
BMI across | change in
industries organizations’

business models?

Publication III:
Generative Al as
an enabler of

business model
innovation: a
multiple-case

study

Case studies of 8 companies
indicate that firms find it
easier to innovate on value
creation dimension (internal
efficiency) rather than on
value proposition
(developing new product or
service) and hardest to
innovate on value capture
dimension (monetization).
Additionally, most
Generative Al-driven
innovations are currently
“modular” (change in only
one dimension of business
models) rather than
“architectural” BMIs
(changes across all three
dimensions) that holistically
transform  internal and
external structures

1.3 Structure of the dissertation

This dissertation consists of two sections. The first section provides an overview of the
dissertation, beginning with an introduction (Chapter 1) that outlines the research
background. Chapter 1 aims to provide context and the dissertation's objectives. Chapter
2 outlines the key theoretical concepts. Chapter 3 describes the problematizing review
methodology employed in Publication I and the qualitative empirical methods utilized in
Publications II and III to answer the research questions. Chapter 4 summarizes all
publications included in this dissertation and presents the main findings of each. Finally,
Chapter 5 discusses the theoretical and managerial implications, considers the research
limitations, and suggests ideas for future research.

The second section presents the three research papers included in the dissertation.
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2 Theoretical background

This section develops the theoretical foundation of the dissertation through four
interconnected lenses. Firstly, Section 2.1 traces the historical evolution of Al in
organizational research, from rule-based symbolic systems to predictive machine learning
and, finally, to Generative Al, establishing how each paradigm has successively reshaped
assumptions about knowledge, expertise, and control within firms. Secondly, Section 2.2
examines Generative Al as an emerging digital technology for organizing, drawing on
agency and relational perspectives to theorize how these systems interact with human
actors and organizational processes in ways that distinguish them from prior generations
of Al. Thirdly, Section 2.3 introduces the affordance perspective to examine how the
action possibilities of Generative Al are perceived and actualized in knowledge work
contexts. Finally, Section 2.4 adopts business model innovation (BMI) as the macro-level
analytical lens through which the practical effects of Generative Al can be connected to
broader questions of value creation, delivery, and capture at the firm level. Together, these
frameworks provide the analytical foundation for examining how human-Al relations in
knowledge-intensive work are reshaped through the organizational adoption of
Generative Al.

2.1 Al in organizations and management: a summary

A considerable body of literature has examined the evolution of Al and its transformative
impact on organizational structures and management practices (Anthony et al., 2023;
Balasubramanian et al., 2022; Iansiti and Lakhani, 2020; Raisch and Fomina, 2025;
Raisch and Krakowski, 2021). The research to date has tended to focus on how shifting
computational logics redefine expertise (Allen and Choudhury, 2022; Lebovitz et al.,
2022, Tang et al., 2022), alter managerial judgment and decision making (Fiigener et al.,
2021, Waardenburg et al., 2022), and reshape authority (Mayer et al., 2026) within firms.
While the conceptual foundations of Al date back to the 1950s, the field has evolved from
rigid symbolic logic to flexible, data-driven systems.

Rule-based and symbolic Al, frequently categorized as “good-old-fashioned AI”
(GOFAI), such as chess-playing programs and rule-based medical diagnosis systems,
represented the dominant paradigm from the formal introduction of the term at the 1956
Dartmouth conference through the 1980s (Townsend et al., 2025). These systems rely on
logic and deductive reasoning to solve well-defined problems using a series of “if-then”
statements. Studies have shown that such systems lacked the ability to understand tacit
knowledge, therefore making it difficult to codify tasks that may be easy for humans but
logically complex for machines (Autor, 2014; Belle et al., 2023). Consequently, while
successful in structured settings — as demonstrated when IBM’s Deep Blue defeated Garry
Kasparov in chess — the systems struggled in real-world organizations, where complexity
and limited human knowledge made it difficult to fully encode rules in advance
(Townsend et al., 2025).

Predictive Al and machine learning emerged as the next major paradigm, shifting the
focus from explicit human programming to systems that iteratively learn and make
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predictions based on historical data (Choudhury et al., 2020; Lindebaum et al., 2020).
Rather than following explicitly fixed rules, these systems detect patterns in large datasets
and use them to predict outcomes such as generating accurate forecasts and detecting
anomalies (Choudhury et al., 2020). Research revealed that the implementation of such
technologies reshapes “regimes of knowing” (Pachidi et al., 2021) — that is, the
organizational norms governing what counts as valid knowledge, who has the authority
to interpret data, and whose judgment is trusted in decision-making. Additionally,
machine learning systems can enhance individual performance and decision quality
(Allen and Choudhury, 2022; Tong et al., 2021); however, more empirical research
suggests that this augmentation depends on how the systems are used. Lebovitz et al.
(2022) show that radiologists often struggled to use Al recommendations when the system
provided probability scores without underlying reasoning, therefore increasing
uncertainty rather than reducing it. Similarly, Waardenburg et al. (2022) demonstrated
that police officers were the “brokers” to translate, reinterpret, or even override
algorithmic outputs. These findings suggest that the managerial implications of predictive
Al extend beyond efficiency gains to questions of trust, expertise, and authority (Glikson
and Woolley, 2020; Mayer et al., 2026). While predictive systems are positioned as
offering calculative superiority, their opacity and reliance on historical data create
organizational tensions. Research also shows that substituting human judgment with
machine learning can reduce diversity in decision patterns and induce learning myopia
when environments shift beyond the training data (Balasubramanian et al., 2022). These
limitations of predictive Al — its opacity, dependence on historical data, and inability to
handle unstructured or novel tasks — set the conditions for the emergence of a new
paradigm.

Beyond viewing Al as another digital tool, research has established Al as an active
organizational member and subsequently, as an organizational capability that emerges
from the complex interactions and relationships between technology and humans (Glaser
et al., 2021; Ritala et al., 2024a; Stelmaszak et al., 2026). The public release of LLMs
such as ChatGPT in 2022 accelerated adoption across organizations, integrating Al
directly into everyday knowledge work (Bilgram et al., 2023; Dell’Acqua et al., 2026;
Noy and Zhang, 2023). Evidence shows that Generative Al tools meaningfully change
how professional tasks are executed beyond just accelerating output but also altering the
nature of work itself, as employees shift from content creation towards evaluation,
editing, and judgment (Noy and Zhang, 2023; Retkowsky et al., 2024). Therefore, the rise
of Generative Al marks a shift from Al as a decision-support tool to an active participant
in how work is organized and performed (Chalmers et al., 2026). These developments
call for a theoretical framework that addresses how agency is attributed to Generative Al
within organizational processes and how its capabilities reshape the everyday practices
through which knowledge is produced and value is created. The following sections
develop this framework progressively, moving from how humans and Al systems relate
to one another, to how those relations shape knowledge work in practice, to how they
ultimately reconfigure the ways firms create and capture value.
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2.2 Generative Al as an emerging digital technology for organizing

Agency perspective

Understanding Generative Al as an organizational actor requires first examining the
organizational consequences of attributing intentionality to technology. A defining
characteristic of human cognition is the tendency to attribute agency — understood as the
capacity for purposeful, goal-directed action — to entities encountered in one's
environment (Leonardi, 2025). This tendency carries organizational consequences that
extend beyond cognition, as attributing agency to an entity, whether human or artificial,
is a performative act that actively redistributes power and responsibility. The entity to
whom agency is attributed becomes the perceived locus of intentional action, while the
attributing party simultaneously experiences a reduction in its own sense of control and
accountability (Leonardi, 2025; Vanneste and Puranam, 2024).

Organizational scholarship has traditionally treated agency as a human-only domain
(Csaszar and Steinberger, 2022; Glaser et al., 2024). The capacity to act with intent, that
is, drawing simultaneously on past experience, present circumstances, and future
expectations to guide action, was considered the province of human actors alone and the
primary mechanism through which organizational routines develop and change (Murray
et al., 2021). In this context, technologies served as assistive tools used by humans who
retained full authority over both the protocols governing organizational processes and the
decisions made within them. Any deviation from intended outcomes was treated as a
technical malfunction rather than an agency problem, as earlier systems lacked the
capacity to initiate actions or pursue goals independently of human instruction (Humberd
and Latham, 2025).

As Al became more sophisticated, this assumption began to erode. Murray et al. (2021)
demonstrate that technologies capable of exercising intentionality over organizational
processes produce new forms of shared, or "conjoined," agency between humans and
machines. In earlier Al systems, including rule-based systems and predictive algorithms,
conjoined agency took the form of augmentation, whereby the technology contributed
recommendations derived from patterns in structured data while humans retained
authority over action selection (Choudhary et al., 2020; Jarrahi, 2018; Omidvar et al.,
2023; Waardenburg et al., 2022). The human remained the dominant locus of agency, and
the technology remained, in functional terms, a sophisticated instrument.

Generative Al represents a departure from this pattern. Unlike earlier systems, which
were primarily suited to convergent tasks such as classification and optimization,
Generative Al can engage in divergent tasks involving ideation and creative problem-
solving (Boussioux et al., 2024; Krakowski, 2025). This extension into unstructured,
generative work is organizationally significant because it is in these contexts that Al
outputs become difficult to verify and anticipate. When a system participates not merely
in executing predefined routines but in generating novel content and reframing problems,
users tend to experience its outputs as expressions of autonomous judgment rather than
programmed responses. Because Generative Al models are inherently opaque in that their
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internal reasoning processes are not accessible or readily interpretable, humans are
inclined to attribute intention and purpose to their outputs even in the absence of genuine
intentionality (Lebovitz et al., 2022; Vanneste and Puranam, 2024; Waardenburg et al.,
2022).

This perceived agency produces concrete organizational consequences. Vanneste and
Puranam (2024) identify three causal mechanisms by which perceptions of agency shape
human trust in Al systems. First, perceiving Al as more agentic enhances perceptions of
its capability, thereby increasing willingness to rely on its outputs. Second, perceived
agency shifts the locus of trustworthiness away from the system's designers and toward
the system itself, such that the Al's outputs are increasingly evaluated on their own terms
rather than as extensions of human design choices. Third, perceived agency amplifies
betrayal aversion; that is, as a system appears more autonomous, the anticipated
psychological cost of a trust violation increases because an agentic Al is experienced as
capable of actively betraying rather than malfunctioning. Collectively, these mechanisms
indicate that as Generative Al becomes more widely adopted, the human relationship to
it increasingly acquires the character of a relational, trust-dependent dynamic rather than
a purely instrumental one.

These shifting attributions give rise to what Leonardi (2025) terms agency loops, which
are recursive cycles through which power and responsibility circulate between humans
and Al systems. When Al performs reliably, humans attribute agency to the system and
experience a corresponding reduction in their own sense of control, whereas when
contingencies arise, humans must reassert authority and reclaim accountability, with each
such cycle reshaping the conditions under which they delegate to and relate to the system
in subsequent interactions. Empirical evidence supports this view, as research on Al
adoption in professional service firms demonstrates that human-Al boundaries are not
established once but are continuously reconfigured through ongoing professional
responses to Al disruption, resulting in new forms of work and jurisdiction rather than
stable arrangements (Faulconbridge et al., 2025). Organizing around Generative Al
should focus on actively managing the ongoing redistribution of agency as organizational
circumstances evolve (Humberd and Latham, 2025; Leonardi, 2025) rather than focusing
on establishing a concrete division of labour.

Understanding that Generative Al is perceived and enacted as a quasi-participant in
organizational processes rather than merely as a tool provides an important but
incomplete account of its organizational role. The agency perspective illuminates how
attribution processes redistribute power between humans and Al, but it does not fully
account for the broader organizational conditions through which those attributions take
shape. The relational perspective, developed in the following section, addresses this by
examining how Generative Al's role in organizations is constituted through its ongoing
interactions with people, data, routines, and norms rather than residing in technology
itself.
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Relational perspective

While the agency perspective foregrounds how attribution processes redistribute power
between humans and Al, the relational perspective examines the broader organizational
conditions through which those attributions take shape.

The relational view of technology focuses on “the relations through which technologies
are constituted and through which they interact with other processes and entities around
them” (Bailey et al., 2022, p. 4), emphasizing that technology gains meaning only through
its interactions with people, data, routines, and norms. Applying this lens to Al allows us
to view the technology not as a standalone system but as embedded in everyday practices
(see Gehman et al., 2025; Huysman, 2025). Its influence unfolds gradually, as algorithmic
reasoning becomes integrated into organizational routines and reshapes patterns of
authority and decision-making (for an empirical example, see Pachidi et al., 2021).
Importantly, expertise in this context is relationally constituted and recognized through
social transactions, meaning that Al systems remain fundamentally incomplete without
the relational expertise embedded in human ties (Pakarinen et al., 2025).

Generative Al marks an inflection point in this relational trajectory because, unlike earlier
expert systems that operated with fixed rule structures, its outputs can be fine-tuned
during use, thereby blurring the boundary between system development and application
(Baygi and Huysman, 2025; Huysman, 2025). Positioning Generative Al within a
relational framework requires examining three characteristics that reshape workplace
interactions (Baygi and Huysman, 2025). First, multipurpose usability allows a single tool
to perform diverse tasks across domains, such as writing code or marketing copy (Baygi
and Huysman, 2025). While this democratizes expertise, it risks causing employees to
bypass human specialists, reducing the social pathways through which specialized
knowledge traditionally flows (Baygi and Huysman, 2025). Second, unpredictable
plausibility refers to the ability to generate authoritative sounding but stochastic and
potentially inaccurate outputs (Baygi and Huysman, 2025), which could threaten trust
among colleagues and hinder collaboration. Thirdly, hyper-personalization enables
individuals to train private Al companions on their unique writing style, thereby creating
a convenience gap in which workers favour the speed of a bot over a peer, potentially
isolating employees or eroding spontaneous encounters that build workplace collegiality
(Baygi and Huysman, 2025).

Understanding Generative Al as relationally embedded rather than technically standalone
provides the necessary foundation for examining how its capabilities are perceived and
actualized in knowledge work, a topic the following section addresses from an affordance
perspective.

2.3 Al and knowledge work: Affordance perspective

To understand how Generative Al reshapes knowledge work, this section adopts an
affordance perspective. Originally developed in ecological psychology, the concept of
affordances explains how action emerges from the relationship between an agent and its
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environment (Gaver, 1991; Gibson, 1977). Gibson argued that individuals do not interact
with objects in a detached or purely observational way; rather, interaction is guided by an
immediate sense of what an object enables in relation to their own goals. Affordances,
therefore, do not reside solely in the object or in the individual; rather, they arise when a
particular feature of the environment becomes relevant to action (Gibson, 1977). In the
context of technology use, affordances refer to “the possibilities for goal-oriented action
afforded to specific user groups by technical objects” (Markus and Silver, 2008, p.622).
This means that when individuals perceive technologies as constraining, they tend to
modify the technologies themselves; in contrast, when technologies enable new ways of
working, individuals are more likely to adapt their own routines (Leonardi, 2011).
Therefore, technologies can both facilitate and constrain individuals’ goals (Faraj and
Azad, 2012).

This perspective complements the agency and relational perspective. As mentioned in the
previous section, agency loops describe when and how humans and Al systems
redistribute control and accountability, that is, the relational dynamics through which Al
is treated as a quasi-participant rather than a tool. Affordances specify how the
redistribution is operationalized at the level of concrete work, that is, deciding which tasks
become easier, which new actions become available, and which existing practices become
constrained. Furthermore, new technologies propagate affordances that can reshape
users’ routines and work practices, as individuals adapt their behaviors in response to new
possibilities (Leonardi, 2011; Markus and Silver, 2008). At the same time, affordances
may introduce new constraints or “disaffordances” that limit certain forms of action even
as they enable others (Lin et al., 2022). Each technological shift, therefore, reconfigures
both opportunities and limitations for organizing.

Research on digital technologies further develops the affordance perspective by
highlighting how their unique characteristics reshape action and organizing (Nelson et
al., 2017). As Holmstrom (2018) explains, digital innovation emerges through the
recombination of digital resources, such as devices, networks, services, and content. This
recombination enables different forms of value creation, where actors continuously
generate new “‘value paths” by connecting digital components in novel ways. Therefore,
digital technologies afford constant reinterpretation and reuse, allowing them to support
a wider range of activities than traditional, more stable technologies. An example is given
by Ronzhyn et al (2023), who show that affordances in digital environments, particularly
social media, are relational, perceptual, and context-dependent. Their review highlights
how affordances such as visibility, persistence, editability, and association shape how
users communicate, share information, and coordinate activities. Importantly, these
affordances do not reside in technology alone but arise from how users perceive and
engage with technological features within specific organizational settings. This reinforces
the idea that digital technologies both enable and constrain action in ways that vary across
users and contexts.

Earlier Al systems extended these affordances by enabling prediction, optimization, and
classification (Krakowski, 2025). Their primary contribution was to support convergent
tasks — activities aimed at narrowing down alternatives and improving accuracy under
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uncertainty. In such contexts, Al typically handles data-intensive analysis, while humans
remain responsible for interpretation and creative problem framing (Jarrahi, 2018).
However, these systems remained limited in their ability to handle unstructured, context-
dependent tasks, as their reliance on structured data and predefined patterns constrains
their flexibility and adaptability (Murtarelli et al., 2021; Paschen et al., 2019). As a result,
earlier Al systems were primarily designed to handle structured, rule-based tasks, limiting
their effectiveness in contexts that require creativity, contextual judgment, and iterative
problem-solving. For instance, prior research highlights that previous-generation chatbots
were largely confined to rule-based execution, relying on static, pre-scripted responses
and often failing to adapt to dynamic user inputs or sustain conversations (Adam et al.,
2021; Gkinko and Elbanna, 2023). Similarly, Lin et al. (2022) showed that Al-powered
chatbots were unable to interpret new contexts beyond those encountered in training data,
lacked the ability to express or respond to emotional and social cues, and could not make
decisions independently.

Generative Al introduces a different configuration of affordances. In doing so, it
addresses several limitations of earlier Al systems, particularly in domains requiring
flexible, context-specific, creative outputs (Bouschery et al., 2023; Holmstrém and
Carroll, 2024). Rather than simply reducing uncertainty, generative systems provide
alternative outputs, reframe problems, and assist in evaluating competing ideas
(Krakowski, 2025; Leonardi, 2023b; Park, 2024). These systems, therefore, expand the
space of possible solutions, enable more open-ended exploration of knowledge, and
support iterative problem-solving (Krakowski, 2025; Leonardi, 2023a). As a result, tasks
such as drafting reports and designing products increasingly involve iterative exchanges
between humans and Al systems, shifting knowledge work from linear execution to
ongoing collaboration.

These affordances are shaped by how agency is interpreted in practice. As Leonardi
(2025) and Vanneste and Puranam (2024) suggest, perceptions of autonomy and
competence shape whether Al systems are treated as tools, collaborators, or decision
authorities. For instance, when Al is perceived primarily as a tool, users may limit its role
to efficiency-enhancing tasks, whereas viewing Al as a collaborator may encourage more
exploratory and iterative engagement. Therefore, such interpretations affect how
responsibility is allocated, how outputs are evaluated, and how control is distributed
within an organization (Vanneste and Puranam, 2024).

Therefore, the affordance perspective clarifies that Generative Al does not simply
automate existing knowledge work but reconfigures how knowledge is generated,
evaluated, and validated. These changes at the level of everyday practice provide the
foundation for broader organizational transformations, including shifts in value creation
and capture, which the following section examines through the lens of business model
innovation.
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2.4 Generative Al and Business Model Innovation (BMI)

Business model (BM) has evolved from a narrow information technology (IT)-focused
system modelling tool into a holistic unit of analysis for strategic management (Foss and
Saebi, 2017; Li, 2020). The most prominent definition is the architectural perspective
(Teece, 2010), which describes BM as “the design or architecture of the value creation,
delivery, and capture mechanisms” of a firm (Teece, 2010: p. 172). Alternatively, BM
can also be defined as “a system of interdependent activities that transcend the focal firm
and span its traditional boundaries” (Wirtz et al., 2016; Zott and Amit, 2010). Business
model innovation (BMI) is defined as “designed, novel, nontrivial changes to the key
elements of a firm’s business model and/or architecture linking these elements” (Foss and
Saebi, 2017, p.207). BMI is characterized by three core dimensions — value proposition,
value creation, and value capture — that form an interdependent architecture. The value
proposition establishes specific product or service offerings, intended customer segments,
and the channels used to reach them. Value creation represents the organizational design
of the value chain, focusing on the internal and external orchestration of the resources,
capabilities, and processes required to produce value. Value capture refers to the revenue
models and cost structures necessary to translate generated value into economic profit.
Unlike product or process innovation, BMI can range from being new to the firm to being
new to the industry — the extent of change can be more incremental, with modular changes
made across the elements, or the change can be more architectural (Clauss et al., 2020;
Foss and Saebi, 2017).

Existing research underscores the importance of transforming firms’ business models to
realize the full potential of Al within organizations (Iansiti and Lakhani, 2020), yet
empirical evidence suggests otherwise. For instance, Burstrom et al. (2021) highlight a
mismatch between Al functionalities and core business model elements in a qualitative
study of managers in incumbent manufacturing firms. Rather than reshaping competitive
positioning, Al is frequently utilized as a tool for incremental improvement, enhancing
efficiency without altering the underlying logic of value creation, proposition, or capture.
Research further indicates that successfully leveraging Al for BMI requires developing
specific organizational capabilities, including data pipeline capabilities and expertise in
algorithm development (Astrém, 2022; Ritala et al, 2024a). Beyond technical
capabilities, leadership also plays a critical role. For example, research suggests that top
management must cultivate an “Al mindset” to operate across different levels of
abstraction and foster data-driven decision-making, rather than relying primarily on
intuition (Jorzik et al., 2023).

Unlike earlier predictive AI, which primarily enhanced efficiency, Generative Al
introduces capabilities for large-scale content generation, recombination, and rapid
experimentation, thereby expanding the scope and speed of innovation processes
(Bouschery et al., 2023; Holmstrom et al., 2024; Kanbach et al., 2024). Specifically,
Generative Al tools, such as ChatGPT, exhibit characteristics of general-purpose
technologies, suggesting their broader impact across entire economies (Eloundou et al.,
2024). Research provides numerous examples of how Generative Al lowers barriers to
experimentation, reduces reliance on highly specialized expertise, and thus democratizes
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access to advanced capabilities (Bilgram et al., 2023; Noy and Zhang, 2023). While this
democratization enables a wider set of individuals to perform tasks previously restricted
to specialized expertise, this also means that access to Al alone is unlikely to be the
differentiator for gaining a competitive advantage (Ritala et al., 2024a; Wahid et al.,
2025). Additionally, many organizations remain in the piloting and upskilling process of
adopting Generative Al rather than focusing on changes in products, services, or
processes (Ruokonen and Ritala, 2025). Therefore, to understand how Generative Al
creates business value, it is necessary to study how it is embedded in firm-specific
processes and business models through which firms create, deliver, and capture value
(Budhwar et al., 2023; Kanbach et al., 2024; Singh et al., 2024).

Regarding the value-creation dimension, Generative Al reshapes how firms organize and
execute the internal processes that generate value. Unlike earlier Al systems that primarily
optimized existing workflows, Generative Al expands participation in knowledge-
intensive activities by enabling non-technical users to generate code, analytical outputs,
and strategic content (Bilgram et al., 2023). This democratization of expertise reduces
reliance on specialized knowledge workers and accelerates ideation, iteration, and
recombination processes. Noy and Zhang (2023) found ChatGPT benefited low-skill
performers significantly more than their highly skilled counterparts, therefore creating a
levelling effect on output quality. This was corroborated by a field experiment with
consultants, in which lower-skilled performers saw a 43% increase in quality when using
Al, compared to only 17% for top-tier performers (Dell’ Acqua et al., 2026).

Regarding the value proposition dimension, Generative Al reshapes how firms define,
develop, and communicate their offerings to customers. Unlike value creation, which
concerns internal process reconfiguration, value proposition innovation requires
translating internal Generative Al capabilities into distinct customer-facing offerings.
Generative Al supports this by accelerating the pace at which firms can develop, test, and
refine new offerings, lowering the cost of experimentation and enabling rapid iteration
between concept and market-ready product or service (Bouschery et al., 2023; Holmstrom
and Carroll, 2024). It also enables new forms of personalization and customization in
customer-facing offerings, allowing firms to tailor products and services to individual
customers' needs at a scale previously unattainable (Kanbach et al., 2024; Teng et al.,
2025). Yet precisely because Generative Al is broadly accessible as a general-purpose
technology, adopting it does not automatically provide a competitive advantage; that is,
firms must build their value propositions around how Generative Al is combined with
firm-specific knowledge, customer relationships, or proprietary processes rather than
around Al access alone (Ruokonen and Ritala, 2025; Shonubi, 2026). Furthermore, as the
human role shifts from content creation to evaluation and judgment, firms must develop
new ways to demonstrate quality and expertise in their Al-assisted offerings to customers
(Kanbach et al., 2024; Kim et al., 2024).

Regarding the value capture dimension, Generative Al reshapes how firms generate
revenue and manage costs. Generative Al significantly reduces the marginal cost of
producing knowledge-intensive outputs. For instance, in text-heavy tasks such as data
annotation, LLMs have proven to be twenty times cheaper than traditional human crowd-
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working platforms while maintaining quality (Gilardi et al., 2023). However, this cost
reduction does not automatically translate into new or sustainable revenue models.
Rather, it creates ambiguity around how firms should price and monetize Al-enabled
offerings, particularly in knowledge-intensive industries where value has traditionally
been tied to human expertise and effort (Gebauer et al., 2020; Kanbach et al., 2024; Zhang
et al., 2025). Prior research on general-purpose technologies suggests that broad
accessibility creates a differentiation paradox, that is, the wider a technology diffuses, the
harder it becomes for individual firms to capture unique value from it, as competitors can
adopt similar capabilities with comparative ease (Gambardella and McGahan, 2010;
Ruokonen and Ritala, 2025). Sustainable value capture is therefore more likely to emerge
from combining Generative Al with proprietary data, deep customer relationships, or
execution capabilities that cannot be replicated (Cui et al., 2024; Lanfranchi et al., 2026;
Ruokonen and Ritala, 2025).
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3 Methods

This chapter outlines the justification for research design, data collection, and analysis
methods, as well as the chosen methodology for addressing each sub-research question
that answers the main research question (Table 2).

Table 2 Overview of research questions, methods and main findings

Publication L:
Rethinking how we
theorize Al in
organization and
management: A

problematizing review
of  rationality  and
anthropomorphism

Main research question:
How are human-AlI relations changing in knowledge-intensive work due
to the adoption of Generative Al in organizations?

Publication 1I:
Creational and
conversational Al

affordances: How the
new breed of chatbots is
revolutionizing
knowledge industries

Publication I1I:
Generative Al as an
enabler of  business
model innovation: a
multiple-case study

Results

Criticizes the
underlying  dominant
assumptions that frame
Al as both rational yet
human-like

Generative and
conversational
affordances create

a feedback loop where
human input triggers Al
outputs, which further
trigger new interactions
between the user and
the Al

Firms innovate more
readily in value creation
than n value

proposition, while value
capture remains the most
difficult dimension to
transform




34

3.1 Research design

The research adopts an interpretive paradigm, which focuses on understanding socially
constructed meanings and the contextual nature of phenomena. Rather than assuming an
objective reality, interpretive research acknowledges that knowledge is co-constructed
through interactions between the researcher, empirical material, and theoretical
frameworks (Walsham, 2006). This choice is suitable for examining emerging and
evolving phenomena such as Generative Al, where meanings, practices, and implications
remain fluid and have not yet been established by theory. There is also a growing body
of research that adopts an interpretive and qualitative approach to capture the complexity
and multi-level nature of organizational change, especially in the context of Al (Lebovitz
et al., 2022; Retkowsky et al., 2024; Sergeeva et al., 2020). Therefore, to address the main
research question, this dissertation employs a qualitative research design. Qualitative
research is particularly appropriate for “how” and “why” questions and for studying
contemporary phenomena in real-world contexts (Yin, 2003; Eisenhardt, 1989).
Moreover, phenomenon-driven research benefits from methodological pluralism, where
multiple methods are combined to capture different dimensions of a complex
phenomenon (Eisenhardt and Graebner, 2007). In order to answer the research questions
through the three sub-research questions (see Table 2), this dissertation combines a
problematizing literature review with empirical qualitative studies, including semi-
structured interviews and multiple case studies.

First, the problematizing literature review moves beyond traditional integrative literature
reviews and instead critically reflects on the basic assumptions of a research field that
often remain implicit (Alvesson and Sandberg, 2011; Bartunek et al., 2006). Review
articles that examine underlying assumptions go beyond summarizing existing
knowledge; that is, they open up new ways of thinking about a phenomenon that more
conventional reviews tend to overlook (Post et al., 2020). Therefore, the basic premise of
this methodology is to make assumptions about Al explicit, thereby fostering alternative
perspectives. Implementing this method requires a selective, in-depth reading of the
literature to identify “gaps” rather than simply summarizing the existing literature
(Alvesson and Sandberg, 2011; 2013; 2020). This study examines two dominant
assumptions about Al: rationality, the view that Al produces logical, consistent, and goal-
oriented outputs, and anthropomorphism, the attribution of human-like features and
behaviours to Al systems. Problematizing is especially valuable in emerging fields, where
prior research may be fragmented or based on implicit conceptualizations (Alvesson and
Blom, 2022).

Second, empirical studies explore how Generative Al is enacted in practice. Semi-
structured interviews allow for in-depth exploration of individual experiences and
interpretations of Generative Al in knowledge work, making them well-suited to
addressing questions about emerging capabilities and evolving human—machine
boundaries (Kvale and Brinkmann, 2009). In parallel, the multiple case study approach
enables examination of Generative Al within organizational contexts, facilitating cross-
case comparison and pattern identification (Eisenhardt, 1989; Yin, 2003).
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In terms of research reasoning, the dissertation primarily follows an inductive logic,
moving from empirical observations toward theoretical abstraction (Gioia et al., 2013).
At the same time, elements of abductive reasoning are incorporated, as insights emerge
through iterative engagement between data and theory (Timmermans and Tavory, 2012).
This combination enables both theory building and theory refinement, which is
particularly important when studying rapidly adopted technologies such as Generative
Al

Overall, this multi-method design enables a comprehensive and multi-level understanding
of Generative Al. The problematizing review addresses the conceptual foundations of the
phenomenon, while interviews and case studies provide empirical insights at individual
and organizational levels. Together, these methods ensure that the sub-research questions
are systematically addressed and integrated, thereby providing a coherent and robust
answer to the main research question. By combining complementary qualitative
approaches within a consistent interpretive framework, the dissertation offers a nuanced
account of how Generative Al reshapes organizational practices, particularly regarding
affordances and business model innovation.

3.2 Problematizing literature review (Publication I)

The objective of Publication I was to critically examine and challenge the underlying
theoretical assumptions that shape Al in organizational literature. This was done through
problematizing review methodology (Alvesson and Sandberg, 2011; 2020). The
problematizing methodology is guided by four core principles: reflexivity, selective yet
broad reading, problematization over accumulation, and less is more (Alvesson and
Sandberg, 2011, 2020). Reflexivity focuses on questioning existing interpretations,
therefore going beyond simply extending existing dominant concepts (Alvesson and
Sandberg, 2011). This requires researchers to critically engage with their own
assumptions as well as those embedded in the literature. The principle of reading broadly
but selectively highlights the need to focus on literature “in the immediate neighborhood
of the target domain or more broadly relevant for the perspectivation of the review
domain” (Alvesson and Sandberg, 2020, p.9). The third principle, problematization rather
than accumulation, emphasizes depth over breadth in the review process. Instead of
attempting to cover a large volume of studies, the focus is on a close, critical reading of
influential and foundational literature. This approach facilitates the identification of both
explicit and implicit assumptions that shape theorizing within the field (Alvesson and
Sandberg, 2020). Finally, the principle of less is more challenges the conventional
assumption that rigor is achieved by covering more literature.

Rather, it advocates a more focused, analytically intensive engagement with a smaller
number of studies, therefore enabling a deeper scrutiny of their underlying concepts
(Alvesson and Sandberg, 2020).
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Data collection and analysis

The data collection process followed an iterative and selective approach consistent with
the principles of a problematizing literature review (Alvesson and Sandberg, 2011; 2020).
Firstly, a keyword search was conducted in major databases, including EBSCO and
Scopus, using the terms “Al” and “artificial intelligence.” This initial search yielded over
250,000 publications dating back to 1975, the majority of which were from technical
disciplines such as computer science and engineering. Within management-related fields,
3,135 publications were identified, including 2,149 journal articles. To align the dataset
with the scope of OMT, an initial step was applied. Subject areas such as environmental
sciences, information science, and industrial engineering were excluded, resulting in 785
articles, as we wanted to focus on understanding how organizational and managerial
literature changes in context with Al. However, this sample remained too broad, given
the emphasis on selective and reflective engagement in a problematizing review
(Alvesson et al., 2011, 2020).

Another round of iteration focused on the most recent wave of Al technologies, given that
contemporary Al fundamentally differs from earlier paradigms, such as rule-based
systems and expert systems. The review was therefore limited to studies published from
2012 onward, corresponding to the rise of machine learning, deep learning, and neural
networks, as well as the broader emergence of Industry 4.0 and 5.0 technologies (Xu et
al., 2021). This period also reflects the “Al winter” resurgence (WIPO, 2019), including
technologies characterized by the capability to learn, predict, and adapt, which also has a
significant impact on the organization itself (Haenlein and Kaplan, 2019). The scope thus
included research addressing machine learning, Generative Al, and related algorithmic
technologies (e.g., Townsend et al., 2025). Consequently, we added keywords such as
“algorithm,” “machine learning,” “deep learning,” and “supervised learning” to the
keyword search. At the same time, the sampling strategy was further refined by restricting
the dataset to publications in 12 leading management and organization studies journals,
selected for their rigor and influence in the field (Lumineau and Oliveira, 2018; Ryan-
Charleton et al., 2022).

This resulted in a sample of 115 articles, which were screened based on titles and
abstracts. This was followed by a more detailed analysis. First, multiple criteria were
applied to exclude papers that used Al or ML methodologies (n=58), examined
macroeconomic topics (n=11), or mentioned Al peripherally (n=20). This was followed
by a workshop in which the authors discussed initial interpretations and coded intuitively
to identify root metaphors and field-level assumptions (Alvesson and Sandberg, 2020) in
the context of Al. In parallel, after a thorough review of all included papers, 10 articles
were excluded. Next, additional articles were added to the sample through forward and
backward citation searches and literature suggestions from fellow scholars. This was
supplemented by two more rounds of eliminations and additions in 2023 and 2024 to keep
the dataset up to date and include the latest insights from Al research in the organizational
and managerial context. Figure 1 provides an overview of the iterative process of data
collection and analysis.



* Time span 2012 to 2024
» Document type: Peer-reviewed journal articles
» Keywords: “Al,” “machine learning,” “deep learning,” “supervised learning,”

“reinforcement learning”, "algorithm*"
* Published in top 12 management and organizational studies journals

|

* Applying exclusion criteria
* Using AI/ML as a method (n = 58)
* Topics related to macroeconomics topics like trade and labour markets (n
=11)
* Al not a focal point of the paper (n = 20)

» Focus on organizational theory insights
* Exclusion of papers based on reading full papers (n = 10)

* Adding articles by
» Forward and backward citation search (n = 5)
* Literature suggestions from fellow researchers (n =7)

« Eliminating irrelevant articles after addition of literature suggestions and
forward and backward citation (n = 3)

+ Addition of publications from 2023 (n = 5) and 2024 (n = 9)

. EIi1r'r)1inating articles from 2023 publications ( n = 1) and 2024 publications (n

Figure 1: Data collection and analysis process (reproduced from Ramaul et al., 2026, based on
CC BY 4.0 license)

3.3 Qualitative interview study (Publication II)

Publication II employs interview-based qualitative research to gain an empirical
understanding of the effect of Generative Al on everyday work. It focuses on
understanding the affordances, disaffordances, and meta-affordances that Generative Al
provides to its users, especially in knowledge-intensive and creative industries.

Data collection and analysis

This publication involves collecting data through semi-structured interviews to gather
multiple perspectives on a novel phenomenon that requires careful interpretation
(Brinkmann, 2014; Eriksson and Kovalainen, 2015), and developing an understanding of
the extent to which work practices would change with the use of Generative Al tools.

As the technology was still in its infancy and undergoing extensive experimentation in
the empirical contexts where the studied informants resided, the informants were selected
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using purposive sampling (Patton, 2015). That is, professionals were selected based on
their knowledge and experience of the research topic. Due to this choice, 29 professionals
across industries, including advertising and marketing, business consulting, software
development, and legal advisory services, at several Finnish-based organizations were
selected based on whether they had experimented with or already adopted LLMs, and
most notably at the time, ChatGPT. The interviews were conducted during April-June
2023 (see Table 3 for an overview of the types of organizations and job positions of the
informants). The focus was on involving informants who implemented ChatGPT either
as individual experiments to increase productivity or efficiency, or as a group, where one
person could experiment with different applications and then act as the “ambassador” to
guide other employees. A questionnaire was designed to outline major topics, including
informants’ roles and use cases of ChatGPT, perceived strengths and weaknesses, impact
on knowledge-intensive work, managerial implications, risks and concerns, and future
expectations regarding Generative Al. However, the flexibility of semi-structured
interviews allowed the informants to raise important issues and allowed the researcher to
adapt to the situation, and probe matters that required more nuance and clarification
(Silverman, 2011). The interviews were conducted via Zoom and averaged 33 minutes
each, yielding 134 pages of written content from over 15 hours of recorded material. To
ensure anonymity of informants, industry-specific aliases (e.g., Software Consultancy A,
Advertising Agency A, Business Law Firm A) are used.

Table 3 Interview data from Publication II

Organization Job position of informants

Software Consultancy B

Software Consultancy D Vice President, Digital Industries
Director, Digital

IT and Business Consultancy A Vice President, Technology
Chief Technology Officer

Software Company B
Software Company D
Strategic Communications Agency A

Creative Agency C
Marketing Agency E Digital Marketing Specialist

Business Consulting Firm A Head of HR and Legal Operations
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Digital Training Provider A Digital Skills Specialist
Energy Company A Vice President, Marketing

University A Academic Rector

For data analysis, inductive open coding (Miles and Huberman, 1994) was initially
employed, and the interview transcripts were analyzed using NVivo software. Given the
nascent and rapidly evolving nature of Generative Al adoption, such an inductive
approach was particularly appropriate as it allowed concepts and themes to emerge from
the data rather than being imposed from existing theory. Following Gioia et al. (2013),
informant-specific first-order categories were defined, retaining informants' own terms
and expressions. These were subsequently aggregated into second-order themes reflecting
broader conceptual patterns across informants and, finally, refined into aggregate
dimensions representing a higher level of theoretical abstraction. Ultimately, all the
aggregate dimensions were placed within two broader categories of affordance: creational
and conversational.

In terms of roles of authors in the coding process, I conducted the first round of open
coding, second-order themes, and aggregate dimensions, which were further triangulated
with the co-authors through multiple rounds of discussion. The analysis followed an
iterative logic, moving back and forth between individual codes and the emerging overall
structure of themes and aggregates (Gioia et al., 2013). Finally, building on both the
empirical data and the emerging conceptual understanding, we developed a final
framework (see Figure 4 in the results section). Within the framework, the two
affordances — creational and conversational — were found to be interrelated and
mutually reinforcing, with overlapping codes across these dimensions pointing to broader
synergies, as depicted in the final framework (see Figure 4 in the results section). The
identified meta-affordances in the framework represent our analytical generalization from
common features across the two affordance categories and, as such, are a theoretical
artifact resulting from interpreting the findings within the broader literature on generative
Al in organizational contexts. The detailed coding and data analysis process is presented
below.
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CREATIONAL AFFORDANCES

First-order categories Second-order themes

Variety of text can be created such as legal texts,

Aggregate dimensions

first drafts of creative texts, design prompts and
even email templates

—

Creating new content

Capable of generating high-quality content
Lots of content — leads fo saturation of content

CONTENT
CREATION AND

Summarizing and
modifying content

Enables listing and combining text from different
places in a smart way

ENHANCEMENT

Helps in digesting content by summarizing key
points

+ ChatGPT seen as a replacement for Google Search

+ Able to synthesize all information on a new topic in N K ledge b
one place, without needing to search several ' now:el 9? A58,
Sabsites acquisition

KNOWLEDGE
ACQUISITION AND

Can act as an idea generator — helps in idea

CREATIVITY
AUGMENTATION

creation by producing a combination of texts for a
topic

—>| Creative search facilitation

Generation of texts and ideas as a starting point for
creative people, which requires human input

Provides initial content, giving a head start to
accelerate creation of new content

Accelerating knowledge
work

TASK

Specialists could free up time from mundane tasks,
using saved time for new complex tasks

AUTOMATION

Outsourcing repetitive, time-consuming tasks to
ChatGPT therefore reducing manual effort
ChatGPT can spot anomalies and similarities from

Elimination of unnecessary
work

large amounts of text, which is part of trivial work

CONVERSATIONAL AFFORDANCES
First-order categories

Second-order themes

+ Can understand customers’ need or intent and
respond according to the context
* Due toincreased input token limit, it can remember

Aggregate dimensions

conversations » Maintaining
= Can adjust tone and content based on human conversational context
user's need

+ Human input and iterative prompting required to

refine ChatGPT-generated outputs
+ Reduced need for prompt engineering as compared

———>| User- driven fine tuning

(=

to previous conversational Al
lterative and more specific inputs improve output
quality

Previous conversational Al tocls were too crude or

would give incomplete answers

——-Dl Improved responsiveness

ChatGPT is comparable to high-grade
conversational Al

INTERACTIVE
ENGAGEMENT

Easy user experience enables people with little to
no experience with prior technologies to test
prompts

Inclusive and user-friendly
interface

Non-technical people can interact with ChatGPT
using natural language

Natural language interfaces are becoming new

4’{ Pervasive adaption

standard of human-computer communication
Democratized access to ChatGPT increases its
popularity and wider adoption

= Good partner to brainstorm ideas with

= lterative interaction with ChatGPT supports and

——-Pl Acts as sparring partner

enhances users’ thinking and idea development

HUMAN-AI
WORKFLOW
SYNERGY

= Viewing ChatGPT as a member of a new team

= Replace onboarding processes as well or anything Emergent team roles

—

that needs to learnt
= People will become ‘content reviewers' to decide
what is released and what isn’t

Figure 2: Coding and data analysis process for Publication I1
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3.4 Qualitative case study (Publication III)

Publication III follows a multiple-case research strategy. In general, case study research
is a research strategy particularly suited for investigating complex, contemporary
phenomena within their real-life contexts, and is often qualitative in nature (Yin, 2012).
It is especially appropriate when existing theory is limited or insufficient, allowing
researchers to engage in phenomenon-driven inquiry and develop research questions that
capture the richness and relevance of emerging phenomena (Eisenhardt, 1989; Eisenhardt
and Graebner, 2007). Case studies use multiple data sources to produce rich empirical
descriptions and identify patterns of relationships among constructs, both within and
across cases, thereby supporting theory building grounded in empirical evidence (Yin,
2012; Stake, 1995). By focusing on cases that are theoretically relevant or likely to occur,
researchers can deepen their understanding of the phenomenon under investigation
(Silverman, 2023).

Case study designs can be broadly categorized into single-case and multiple-case studies.
A single-case study allows for an in-depth examination of a unique or critical case,
whereas a multiple-case study involves analyzing several cases to enable comparison and
contrast across different contexts (Yin, 2003). Multiple-case designs are particularly
valuable for enhancing the robustness and generalizability of findings, as they enable
replication logic, in which insights derived from one case can be compared and validated
across others (Eisenhardt, 1989).

Therefore, a multiple-case study approach was adopted to examine how Generative Al
could serve as both an enabler and a constraint on business model innovation (BMI). Prior
research and emerging evidence suggest that the effects of Generative Al on work and
jobs are uneven, varying across organizational contexts, roles, and tasks (Brynjolfsson et
al., 2025; Henseke et al., 2025; Hosseini and Lichtinger, 2025; Xu et al., 2025). This
unevenness makes it difficult to capture the phenomenon through a single case. By
examining multiple organizations, this study accounts for such variation, identifying
drivers and barriers in how Generative Al affects the different BMI elements.

Data collection and analysis

Initially, a purposive sampling approach (Patton, 2015) was adopted to interview a total
of six companies (three product-oriented firms and three consultancies). However, given
the rapid evolution of the phenomenon and its adoption, and the difficulty in identifying
more than one or two suitable informants per organization, the sample was expanded to
eight companies to ensure sufficient depth and variation in the data, consistent with the
principle of data sufficiency in purposive sampling (Suri, 2011). Key dimensions of
variation were identified, such as industry sector (i.e., manufacturing, advertising, and
consulting services), organizational size, market position, and organizational structure,
were deliberately selected. This reflects the principle of maximum-variation sampling
(Suri, 2011), which focuses on yielding both rich, case-specific descriptions and shared
patterns that emerge across a heterogeneous sample. The varied sample allowed us to
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identify patterns that held across different organizational settings, strengthening the
broader relevance of our findings.

The selection of case companies was further informed by their level of engagement with
Generative Al. In particular, organizations in which multiple members were actively
experimenting with generative Al were prioritized, as they were better positioned to
provide more extensive and experience-based insights. Consequently, three companies -
Retail Optimization Systems, Next Wave Creative, and Strategic Innovation Partners-
were included in both Publication II and Publication III.

In total, we interviewed 13 informants across eight case companies. The interviews for
Publication III were conducted between August and November 2023 to ensure that
insights into generative Al use remained timely, given the rapid pace of technological
development. The Director of Data and Al Solutions at Retail Optimization Systems, the
Chief Executive Officer at Next Wave Creative, and the Vice President at Strategic
Innovation Partners were initially interviewed as part of Publication II and subsequently
re-interviewed after 3—4 months for Publication III. While these interviews were treated
as independent observations in each publication, given that they were conducted at
different points in time and addressed distinct research objectives, the earlier interviews
conducted for Publication II informed our baseline understanding of these organizations’
use of Generative Al. The follow-up interviews in Publication III thus enabled us to
capture the ongoing development and evolution of Generative Al practices within these
organizations. Overall, each interview lasted on average for 45 minutes. The interviews
were semi-structured, guided by an interview protocol covering organizational context,
generative Al implementation experiences, and the three BMI dimensions, central to the
study — value creation, value proposition, and value capture. Table 4 provides an overview
of the companies and the job roles of the informants.

Table 4 Overview of interviewees from Publication III

Company name Role of informant

Insight Pulse Software Lead Data Scientist
Sales Head and Co-Founder

Next Wave Creative Chief Executive Officer

Nordic Trust Group Product Owner
Technology Exploration Lead

Insight Driven Consulting Competence Development Lead (Data
Science)




43

The data analysis was conducted iteratively and in parallel with data collection,
combining within-case and cross-case approaches to develop a grounded understanding
of Generative Al use across organizations. We began with within-case analyses for each
of the eight case companies, developing structured case descriptions capturing value
creation, value propositions, and business model innovation (BMI) dimensions. This
within-case step was a necessary precursor to cross-case comparison, as no insight drawn
from across cases can be considered valid until it has first been shown to hold within
individual cases (Ayres et al., 2003). These case narratives facilitated deep contextual
understanding prior to comparison, preserving the contextual richness of each
organization's experience that cross-case coding and sorting alone would risk stripping
away. This is consistent with Ayres et al.'s (2003) argument that coding and sorting alone
risk making within-case analysis an essential complement to cross-case analyses.

Subsequently, cross-case analysis was conducted to identify patterns across organizations
and common drivers and barriers across the dimensions of business model innovation.
For the cross-case analysis, interview transcripts were analyzed in NVivo using an
inductive coding approach (Thomas, 2006). Initial open coding remained close to
informants’ terms, generating a broad set of first-order codes. Following Gioia et al.
(2013), informants’ perspectives were prioritized in the early stages. Through iterative
comparison, these codes were progressively consolidated into second-order themes,
enabling movement from descriptive insights to more abstract, theoretical interpretations.
These themes were further distilled into aggregate dimensions, forming a data structure
that transparently links raw data to emergent concepts (Gioia et al., 2013). In this regard,
as in the within-case analysis, we used the conceptual division among the value-creation,
proposition, and capture dimensions, aligned with the existing literature on business
model innovation (Clauss, 2017). This decision was reinforced during the coding process,
as we found that the emerging insights fit these three categories and provide a feasible
way to explain and position our findings within the existing BMI literature. I was in
charge of the initial coding process, after which the emerging themes and aggregated
dimensions were discussed with the co-author team in multiple coding meetings. The
coding and data structure are presented in Figure 3.



44

First-order codes

Second-order themes

Provides technalogy access to everybody; democratization of technological
resources

Shift of focus more towards creative ideas Irrespective of background

Tech skills needed for generative Al implementation are seen as reasonable and
sufficiently easy to acquire

Aids in breaking down data silos especially in large organizations

Technology democratization,
bility and
implementation

Open and innovative nature of company; agile and fast-moving
Top management provide encouragement to “function” ambassadors
Ambassadors encourage utilization of genAl tools according to best practices

Forward-looking customers encaurage quicker reactions to the changing
technology landscape

Aids in consolidating and assessing customer data from different sources for
better visibility of customer intent

| Market readiness and

Forming common databases to reuse knowledge therefore ensuring ease in
switching contexts for several clients at the same time

Possible scaling of internal genAl innovations to the customer market enables
dynamic collaboration

Adaptive productization

—’| framework

Customization is available if the customer is willing to pay for it
Possibility of creating individual prompts for each customer on a case-by-case
basis

———’I Offering customized services

Optimized operations and cost savings due to the increased productivity by using
generative Al

Rapidly increasing efficlency internally, potentially less headcount needed,
potentially more flexibility

Operational efficiencies and

¥ | business model integration

Value-addition fram genAl forms a part of current pricing

Clients would be willing to pay double for value-based pricing because product is
good

Well-established pricing schemes and productization methods work for genAl
innovations as well

Integrated monetization
approach

—

First-order codes

Second-order themes

Expectation management necessary to successfully implement generative Al
Drive to create individual use cases but implementation is incremental

Leadership and management
support

Technological constraints

.

Limited understanding benefits are unclear to all employees — stalled adoption
efforts

Multiple Al solutions to evaluate

Data security and safety issues strongly present

Internal processual concerns

Uncertainty about how much of internal resources are needed —
Scalability challenges as no clarity on need for new resources and growth with
current resources

Hesitation to allocate internal
resources and investment

* Unable to implement genAl in main product offering
« Need to localize genAl solution to local languages that requires time and effort

Strategic productization ‘

Forced to react to market demand and create products and offer services as part
of customer offerings; may divert existing resources
Lack of time hinders the ability to form well-integrated product portfolio

I
_—
H challenges
— |

Sense of urgency to innovate

* Unclear value proposition makes it difficult to estimate price
* No consensus on a uniform price structure

|—g| Monetization structure ambiguity

+ Difficult to estimate the expertise of one person in terms of working hours
Estimating work hours by genAl is still a challenge

Demeonstrating value-added
towards customers

H

}/’

Aggregate dimensions

VALUE CREATION
DRIVERS

VALUE
PROPOSITION
DRIVERS

VALUE CAPTURE

DRIVERS

Aggregate dimensions

VALUE CREATION
BARRIERS

VALUE
PROPOSITION
BARRIERS

VALUE CAPTURE
BARRIERS

Figure 3: Coding and data structure for the drivers and barriers of BMI dimensions
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4 Results

This section summarizes the main findings from all the publications. In the subsequent
sub-sections, a detailed explanation of the main objective, results, and how each
publication contributes to the dissertation is provided.

4.1 Publication I: Rethinking how we theorize Al in organization and
management: a problematizing review of rationality and
anthropomorphism

Background and objectives

The objective of Publication I is to critically examine existing assumptions regarding Al,
using a problematizing review methodology (Alvesson and Sandberg, 2011). Existing
frameworks regarding Al are inspired by adjacent disciplines such as computer science
and economics (Brynjolfsson and Mitchell, 2017; Russell and Norvig, 2016), however,
there is a need to understand Al beyond a technical artifact. Additionally, there is a
growing body of literature that calls for understanding how Al is implemented,
interpreted, and acted upon in an organizational context (Anthony, 2021; Bailey et al.,
2022; Pakarinen and Huising, 2025). This study examines the existing literature and the
ways dominant assumptions about Al can be problematic.

Results and main contributions

The study identifies two core assumptions that structure how Al is theorized in OMT
research: rationality and anthropomorphism. First, under the assumption of rationality,
the review reveals a strong tendency to portray Al as computationally superior to humans.
Al systems are commonly assumed to process larger amounts of information more
efficiently, generate more accurate predictions, and support objectively rational decision-
making. This framing often justifies delegating control and decision-making authority to
Al systems, positioning them as tools that correct or compensate for human cognitive
limitations (for instance, bounded rationality). The analysis shows that such assumptions
frequently downplay issues of context, interpretation, and value judgment, implicitly
treating Al outputs as neutral and universally applicable. Second, under the assumption
of anthropomorphism, the study finds that Al is often described using human-like
attributes such as agency, intentionality, and learning capacity. Al is framed as
autonomous or semi-autonomous actors that participate in organizational processes,
sometimes even being discussed as members of teams or organizational actors (Faraj et
al., 2018). The review demonstrates that framing Al in anthropomorphic terms creates
conceptual ambiguity by obscuring the human, organizational, and technical processes
involved in designing, training, and governing Al systems. Consequently, these
assumptions produce a paradoxical image of Al as both rational and agentic, reinforcing
expectations that Al-driven systems will lead to improved organizational outcomes.
However, the review argues that these assumptions are rarely examined explicitly and
may hinder theoretical development in conceptualizing Al in the context of its effects on
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organizations. Table 5 summarizes current research that extends or reconfigures this
underlying assumption about Al.

Table 5 Summary of current research extending or reconfiguring underlying assumptions
regarding Al (reproduced from Ramaul et al., 2026, based on CC BY 4.0 license)

Underlying
theoretical
assumption

Al benefits
humans through
unchallenged
predictive
accuracy

Al is
objective and
rational, and
control based on
Al is justified

always

Examples of the assumption in use

Computational superiority

Al can draw correct and precise

predictions from historical data
(Balasubramanian et al., 2022). The
only reason they appear wrong is
humans’ inability to comprehend the
complexity of the data; thus, it remains
unquestioned (Lebovitz et al., 2022).

Notions of “control” carry with them
expectations that Al can make
objective decisions about
organizational processes and actors
(Anthony et al., 2023; Kellogg et al.,
2020), and this  control s
fundamentally different from other
regimes of control such as the technical
and bureaucratic forms (Kellogg et al.,
2020). Full rationality is also
achievable and desirable (Murray et al.,
2021; Raisch and Fomina, 2023).

OMT scholars
extending or
reconfiguring the
assumption

Computational
capabilities are context-
dependent, with Al’s
effectiveness limited by
data quality and
organizational
dynamics. Al struggles
with tasks requiring
intuition or creativity,
particularly under
uncertainty,
highlighting the need for
human oversight and

augmentation n
complex decision-
making processes

(Lebovitz et. al., 2022;
Raisch and Fomina,
2023; Townsend et al.,
2023).

Challenge the view of
Al as an autonomous

rational  entity;  Al-
driven decisions are
shaped by  socio-

material factors such as
human expertise, trust,
and organizational
practices (Lebovitz et
al., 2022; Waardenburg




47

Al is
independent and
intentional

Al is an
embedded
feature of
organizational

social reality

Anthropomorphism

et al., 2022; Wang et al.,
2024).

Critique the assumption
of AI’s objectivity,
arguing that its outputs
are inherently shaped by
the biases and
subjectivities of the
human-generated data
on which it relies. These
biases stem from how
data are constructed,
curated, and used,
making Al’s predictions
context-dependent and
far from universally
rational or unbiased
(Alaimo et al., 2020;
Choudhury et al., 2020;
Waardenburg et al,
2022).

Al systems have independent abilities
such as autonomous decision-making
capabilities that mirror the organized
approach of conscientious employees
(Tang et al., 2022).

Al also exercises “intentionality” in the
form of varying levels of “conjoined
agency” (Murray et al., 2021, p. 553).

Al is a relational entity that is in
interactions with other entities; it takes
on the role of an organizational
member or member of a team (Ramaul
et al.,, 2024; Ritala et al., 2024), “an
active counterpart in a system of
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interactions” (Anthony et al., 2023,
p.9) to wunderstand its role in
organizational structures (Krakowski
and Raisch, 2023)

This review contributes to OMT theory, firstly, by offering an analysis of how Al is
conceptualized, extending beyond debates about adoption, to examine how assumptions
have been built on research in computer science and economics. Secondly, it advances
methodological discussions by demonstrating the value of problematizing reviews for
examining emerging research domains. Thirdly, the paper opens new avenues for
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theorizing Al by encouraging scholars to critically reflect on rationality and
anthropomorphism, and to explore alternative conceptualizations.

4.2 Publication II: Creational and conversational AI affordances: how
the new breed of chatbots is revolutionizing knowledge industries

Background and objectives

The objective of this study is to address RQ2: What are the new abilities Generative Al
enables in knowledge work? This is done by applying technology affordance theory
(Faraj and Azad, 2012; Leonardi, 2011) to examine how ChatGPT affords and disaffords
possible outcomes in different professional settings. Drawing on 29 qualitative interviews
with professionals working in the creative and knowledge industries in Finland, the study
examines the key affordances shaping human—Al interaction. The paper introduces two
interrelated dimensions of affordances, namely, creational and conversational
affordances, which differ from those provided by previous-generation chatbots (Gkinko
and Elbanna, 2023). The study aims to develop a conceptual framework explaining how
Generative Al provides actionable guidance for organizations seeking to leverage this
technology.

Results and main contributions

The study identifies two distinct, yet mutually reinforcing sets of affordances enabled by
ChatGPT: creational affordances and conversational affordances. Creational affordances
capture ChatGPT’s ability to generate novel outputs and automate aspects of knowledge
work. These include (1) content creation and enhancement, such as drafting,
summarizing, and refining text; (2) knowledge acquisition and creativity augmentation,
whereby users leverage ChatGPT as a learning aid and idea generator; and (3) task
automation, which allows professionals to accelerate routine and repetitive tasks.
Together, these affordances enable users to reallocate time and effort toward more
complex and value-adding activities, while also expanding the scope of tasks in which Al
can meaningfully contribute (Brynjolfsson et al., 2025; Noy and Zhang, 2023).
Conversational affordances describe how users interact with ChatGPT through fluent,
iterative dialogue. The study identifies three such affordances: (1) contextual sensitivity,
which allows the system to maintain conversational continuity and adapt responses to
user intent; (2) interactive engagement, enabled by responsive and user-friendly natural
language interfaces; and (3) human—Al workflow synergy, where ChatGPT functions as
a “sparring partner” that supports iterative thinking and collaborative problem-solving.
These affordances mark a significant departure from earlier chatbots, which lacked
sustained contextual understanding and flexible interaction (Adam et al., 2021; Murtarelli
et al., 2021).

Additionally, the study also identifies disaffordances, including opacity, hallucinations,
response quality, and legal and ethical concerns. Based on these findings, the paper
introduces an integrated framework that shows how creational and conversational
affordances reinforce one another through three higher-order meta-affordances:
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accessibility, accumulation, and adaptability (Figure 4). These meta-affordances explain
how value from Generative Al increases through iterative use and learning over time.

The paper contributes to research on Al and organizations by extending affordance theory
(Faraj and Azad, 2012; Leonardi, 2011) and highlighting how Generative Al, as a new
technology, enables and constrains certain actions. Within the dissertation, this study
provides a detailed individual-level explanation of how Generative Al capabilities are
enacted in practice and informs later analysis of organizational-level implications in
Publication I1I.

s ™

Human inputs trigger generative Al outputs

™ r )

Conversational affordances Meta affordances Creational affordances

Contextual sensitivity Content creation and enhancement

Accessibility

Accumulation
Adaptability

Interactive engagement Knowledge search and discovery

Human-Al workflow synergy Task automation

P —prr—
\\III
—

kIII

Al outputs trigger new interactions between
user and Al

3 4

Figure 4: Cycle between conversational, creational and meta-affordances for Generative Al
chatbots (reproduced from Ramaul et al., 2024, based on CC BY 4.0 license)

4.3 Publication III: Generative AI as an enabler of business model
innovation: a multiple-case study

Background and objectives

The objective of this study is to examine how Generative Al acts as an enabler of BMI,
and under which contextual conditions it facilitates or hinders innovation across the three
core BMI dimensions: value creation, value proposition, and value capture (Clauss, 2019;
Foss and Saebi, 2017). To this end, the study adopts a qualitative multiple-case study
approach, drawing on 13 interviews with informants from eight Finnish companies across
different industries and organizational sizes. By focusing on early adopters of Generative
Al the study seeks to provide empirically grounded insights into the drivers, barriers,
scope, and novelty of Generative Al-enabled BMI in organizational practice.
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Results and main contributions

The findings identify distinct drivers and barriers that enable or constrain firms'
innovation across the value-creation, proposition, and capture dimensions of BMI when
using Generative Al (see Table 6).

Table 6 Summary of drivers and barriers to Generative Al enabled BMIs

Drivers of Generative-Al enabled BMIs | Barriers to Generative-Al enabled

BMIs

The findings show that Generative Al enables BMI in uneven and asymmetrical ways
across the three BMI dimensions. Firms generally find it easiest to innovate in value
creation, using Generative Al to augment employee capabilities, improve internal
processes, analyze data, and enhance operational efficiency. In contrast, value proposition
innovation—such as embedding Generative Al into customer-facing products or
services—proves more challenging, requiring commercialization, market readiness, and
customer acceptance. The most difficult dimension is value capture, as firms struggle to
monetize Generative Al-enabled offerings, define pricing structures, and demonstrate
clear value-added to customers. These findings highlight that productivity gains and
internal efficiencies do not automatically translate into sustainable revenue models. The
cross-case analysis further reveals that most firms frequently innovate across either of the
following elements - value creation, proposition, and capture (modular innovation);
however, they rarely simultaneously innovate across more than two elements
(architectural innovation) (Clauss et al., 2020; Foss and Saebi, 2017). Architectural BMI
is constrained by technological uncertainty, regulatory concerns, data security issues, and
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organizational resistance. Similarly, the degree of novelty tends to be incremental rather
than radical, with most firms focusing on improving existing offerings rather than
redefining markets or customer relationships.

Therefore, the study advances five propositions that explain the scope, novelty, and
distinctiveness of Generative Al-enabled BMI. Collectively, these propositions suggest
that Generative Al currently supports bottom-up experimentation and localized
innovation rather than large-scale strategic transformation. The study contributes to the
BMI literature by providing empirical evidence on how Generative Al affects different
BMI dimensions and by showing why monetization and competitive differentiation
remain particularly challenging for general-purpose technologies (Kanbach et al., 2024;
Ruokonen and Ritala, 2024).

In the dissertation, this paper extends the organization-level insights on the use of
Generative Al, demonstrating how human—Al augmentation translates into strategic
outcomes.
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5 Discussion and conclusions

This dissertation examines how human-Al relations are changing in knowledge-intensive
work as organizations adopt Generative Al. The three research gaps addressed in this
dissertation are interrelated: existing Al research is built on implicit theoretical
assumptions that portray Al as either perfectly rational or human-like, which shapes —
and limits — how its practical capabilities and organizational implications are
understood. These conceptual limitations translate into empirical gaps in knowledge
work, where the actual affordances that Generative Al provides remain underexplored
and extend further to the organizational level, where understanding of how Generative Al
enables or constrains business model innovation remains nascent. Addressing each gap
required a distinct methodological approach, reflected in the three publications that
constitute this dissertation. In Publication I, [ employed a problematizing literature review
to surface rationality and anthropomorphism as the dominant field assumptions that
structure Al theorization in OMT. Publication II drew on 29 qualitative interviews to
identify the creational and conversational affordances Generative Al provides in practice,
along with their higher-order meta-affordances. Publication III applied a multiple-case
study of eight organizations to examine how those capabilities translate into business
model innovation. Together, the findings reconceptualize Generative Al as a relational,
embedded technology that reshapes human—Al relations across individual,
organizational, and strategic levels.

5.1 Theoretical contribution and implications

Firstly, this dissertation contributes to theorizing Generative Al as an agentic (Vanneste
and Puranam, 2024; Leonardi, 2025; Krakowski, 2025) and relational technology (Bailey
et al., 2022; Huysman, 2025; Pakarinen and Huising, 2025) that reconfigures the
traditional role of technology. Existing research in organization studies has typically
conceptualized digital technologies as tools or infrastructures that support and enable
human action. In contrast, this dissertation shows that Generative Al, through its
generative and conversational capabilities, goes beyond being just a tool and must be seen
as an embedded actor within organizational practices. In this regard, it contributes to the
emerging paradigm in which Al is situated within organizational configurations, affecting
not only how humans use technology but also how organizational actors relate to one
another and their practices overall (Anthony et al., 2023; Bailey et al., 2022; Huysman,
2025). By conceptualizing Al as a root metaphor, Publication I reveals how prevailing
assumptions of rationality and anthropomorphism shape Al theorization within the field
(Ramaul et al., 2026), thereby influencing the attribution of agency to technology. As
Generative Al participates in knowledge work by generating content, proposing
alternatives, and supporting iterative, user-initiated interactions, this shifts the focus from
viewing technology as subordinate to human intention to understanding agency as
relational, emerging from interactions between humans and technology. In doing so, the
dissertation advances relational perspectives in organization theory by specifying how
Generative Al reshapes the distribution of agency and its role within organizations
(Bailey et al., 2022; Pakarinen and Huising, 2025; Leonardi, 2025).
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Secondly, this dissertation contributes to affordance theory (Faraj and Azad, 2012;
Leonardi, 2011) by introducing the idea of meta-affordances. By showing how creational
and conversational affordances reinforce one another to produce higher-order meta-
affordances of accessibility, accumulation, and adaptability, this dissertation shifts the
focus from individual technological features to the ways in which multiple capabilities
interact to influence behavior. This suggests that affordances in the context of Generative
Al are dynamic and generative, deepening in value as human-Al interaction becomes
more iterative and cumulative over time. In this way, the affordance framework advanced
in this dissertation operationalizes the agency and relational perspectives established in
Section 2, specifying the mechanisms through which the redistribution of agency between
humans and Generative Al is enacted in knowledge work practice.

Thirdly, this dissertation contributes to research on business model innovation (BMI) and
strategy by explaining how Generative Al reshapes the processes through which firms
create, deliver, and capture value. While prior research has established that new
technologies act as important antecedents of BMI (e.g., Baden-Fuller and Haefliger,
2013; Chesbrough, 2007), this dissertation shows that Generative Al shapes BMI
iteratively — firms initially engage through incremental and modular changes, often
focused on localized improvements in productivity, customer interaction, or service
delivery. Rather than immediately transforming entire business models, Generative Al is
first incorporated through experimentation and selective integration into specific
activities.

This finding extends BMI theory by showing that the adoption of complex, general-
purpose technologies such as Generative Al does not automatically lead to radical
(involving significant change in at least one of the core elements of BMI) or architectural
innovation (involving change across all BMI elements) (Clauss, 2019; Foss and Saebi,
2017). Instead, BMI emerges through an iterative process in which organizations
gradually align value creation, value proposition, and value capture mechanisms over
time (Foss and Saebi, 2017; Casadesus-Masanell and Ricart, 2010). In this sense,
Generative Al-enabled BMI is not a one-time transformation, but a cumulative process
shaped by ongoing experimentation, capability development, and strategic alignment.
This perspective contributes to the literature by clarifying how different dimensions of
the business model are reconfigured in practice and addresses prior calls for more
integrated accounts of how digital technologies affect BMI (Ancillai et al., 2023).
Furthermore, the findings highlight that Generative Al introduces a tension between its
high potential for productivity gains and the ambiguity surrounding its implementation
and strategic value (Ruokonen and Ritala, 2025). Organizations face pressure to adopt
Generative Al while lacking clarity on how to integrate it effectively into their business
models. This tension shapes managerial decision-making and influences the pace and
direction of BMI processes. By identifying key drivers and barriers of Generative Al
adoption, the dissertation contributes to emerging research on the organizational use of
Generative Al by showing how technological uncertainty, capability constraints, and
strategic intent jointly influence the realization of business model change.
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Finally, this dissertation contributes methodologically by extending the use of
problematizing review methodology (Alvesson and Sandberg, 2011; 2020) to study the
common assumptions used to define Al In recent years, problematizing review
methodology has gained attention as a means of providing a more reflexive approach to
the literature (Mikalef et al., 2022; Dzhengiz et al., 2023; Shao, 2024). While integrative
literature reviews are commonly used to synthesize existing knowledge and therefore
build on underlying assumptions, a problematizing approach interrogates established
ways of thinking (Alvesson and Sandberg, 2020). In particular, Publication I interrogates
how Al is conceptualized within OMT research. By treating Al as a root metaphor, the
study reveals how assumptions originating in technical domains, such as computational
rationality and human-like agency, are implicitly imported into theorizing within the
OMT literature (Ramaul et al, 2026). For instance, by highlighting the implicit
assumptions of computational rationality and human-like agency, the study enables more
contextually grounded examination of Al in organizational settings, where outcomes are
understood as shaped by social and organizational conditions rather than inherently
optimal (Vanneste and Puranam, 2024; Gehman et al., 2025). Furthermore, it encourages
scholars to define the boundary conditions of Al’s role and the capabilities it provides
more explicitly, rather than treating Al as an autonomous actor. In this way,
problematizing review methodology supports the development of more organizationally
grounded and theoretically precise conceptualizations of Al, particularly for concepts that
have gained popularity but remain underexamined in their underlying assumptions. The
conceptual openings generated by Publication I directly inform the empirical inquiries of
Publications II and III, which translate the identified boundary conditions of Al's
organizational role into empirically grounded investigations of affordances in knowledge
work and business model innovation, respectively.

5.2 Managerial implications

The findings of this dissertation point to four interrelated managerial priorities for
organizations navigating the adoption of Generative Al. Reflecting the dissertation's
progression from individual knowledge work to organizational strategy, these priorities
build on one another, that is, effective human—AI collaboration at the individual level is
a precondition for embedding Generative Al into collective workflows, which in turn
creates the organizational foundation for structured experimentation and, ultimately,
differentiated business model innovation.

Firstly, managers should redesign roles and capabilities to enable effective human—Al
collaboration. Evidence from Publications II and III shows that Generative Al tools
function as "algorithmic assistants" that support drafting, idea generation, and synthesis,
but their value depends on how actively users guide and iterate with them. Employees
who engaged in iterative prompting and conversational interaction generated more
diverse and higher-quality outputs. Managers should therefore formalize Generative Al-
supported tasks — for example, using Generative Al for first drafts, alternative scenario
generation, or idea expansion — while assigning employees responsibility for evaluation,
refinement, and contextualization. As shown in Publication II, Generative Al can
significantly accelerate tasks such as producing summaries and generating content,
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therefore allowing organizations to reallocate human effort toward interpretation,
decision-making, and creative direction. This implies that job roles should be redesigned
to redistribute responsibilities and redefine performance expectations accordingly.

Secondly, managers should embed Generative Al into collaborative workflows rather
than treating it as an individual productivity tool. This requires integrating Generative Al
into team-level processes, particularly in activities such as brainstorming, product
development, and strategic planning, where outputs are continuously refined through
iterative cycles of human discussion and Al interaction. Because Generative Al
accelerates idea generation and evaluation, teams may operate in faster, more iterative
cycles, requiring new coordination mechanisms. Managers should therefore establish
shared practices for generating, evaluating, and incorporating Generative Al outputs into
work processes — defining when the technology should be used, how outputs should be
validated, and how insights are shared across teams. Without such coordination,
Generative Al use risks remaining fragmented at the individual level rather than
contributing to organizational capability.

Thirdly, managers should identify and prioritize specific use cases where Generative Al
can create measurable value, such as accelerating content production or enhancing
customer communication, and design targeted pilot initiatives. Such pilots should focus
on testing how Generative Al changes the execution of specific tasks, improving
workflow efficiency, and enhancing output quality. As evidenced in Publications II and
III, valuable Generative Al applications during early adoption emerged through
experimentation by individuals and teams; however, such experimentation risks
remaining localized and difficult to scale. Experimentation must therefore be iterative and
cumulative. Given the rapid evolution of Generative Al capabilities and the variety of
tools being launched, managers should regularly reassess use cases as new functionalities
emerge, establishing feedback loops where insights from pilots are systematically
captured and compared. Furthermore, because Generative Al outputs require
interpretation and validation, managers should define clear responsibility structures for
reviewing and approving Al-generated content, particularly in customer-facing or high-
stakes contexts.

Fourthly, Generative Al should be leveraged as a driver of differentiated BMI rather than
as an incremental efficiency gain. Publication III demonstrates that while organizations
are already using Generative Al to enhance customer interactions, develop new services,
and improve internal productivity, firms differ significantly in how they approach these
opportunities. Competitive advantages will not arise from the rapid adoption of
Generative Al tools alone, but from how these tools are integrated into firm-specific
capabilities and value propositions. Managers should therefore systematically examine
where Generative Al can reshape the core elements of their business model — value
creation, value proposition, and value capture — and prioritize opportunities where it
enables new forms of differentiation. In practice, this may involve combining Generative
Al capabilities with proprietary data, embedding it into customer-facing services, or
redesigning service delivery processes to support Al-driven interactions. Rather than
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treating Generative Al as an add-on, managers should position it as an integral component
of value creation and delivery.

In conclusion, these insights suggest that the organizational challenge of Generative Al
adoption extends well beyond technology implementation. The central challenge is
reorganizing how knowledge work is performed and how value is created and captured
— precisely the human—Al relational dynamics this dissertation has examined.
Organizations that integrate Generative Al strategically across roles, workflows, and
business models, rather than adopting it in isolation, will be better positioned to translate
its capabilities into sustained organizational impact.

5.3 Limitations and future research

Due to the exploratory nature of the research questions, this dissertation is subject to
several limitations. It provides an early view into how Generative Al reshapes knowledge
work and BMI, and continued research will be needed to understand how these dynamics
evolve as the technology matures and becomes more deeply embedded in organizational
practices.

A central limitation relates to the timing of the empirical studies. Most of the data was
collected in 2023, during the early diffusion of Generative Al tools, when organizations
were still experimenting with the technology and had not yet fully integrated it into their
workflows, strategies, or business models. While this temporal context limits the ability
to observe long-term organizational outcomes, it also offers an opportunity to examine
how organizations initially interpret, experiment with, and make sense of Generative Al
in its formative stages. Since data collection, technology has evolved rapidly, with new
models, capabilities, and integrations reshaping how organizations engage with these
tools, meaning that some of the practices described by interviewees have continued to
evolve. The findings should therefore be interpreted as capturing an early but critical
phase of organizational adoption, reflecting the initial conditions under which
transformation begins. Subsequent studies could build on this work by examining how
Generative Al adoption progresses over time, particularly as organizations move from
experimentation toward more systematic and strategic integration.

Secondly, the geographical context of the empirical data is a limitation. The interviews
were conducted primarily with professionals working in Finnish organizations, and while
Finland provides a relevant context due to its strong digital infrastructure and
technologically advanced firms (Asikainen, 2026; EIB, 2025), the findings may not fully
capture the diversity of Generative Al adoption across different environments.
Organizations operating in different regulatory contexts, labor markets, or technological
ecosystems may adopt Generative Al in distinct ways, facing opportunities and
constraints that differ from those identified here. Further inquiry could therefore explore
Generative Al adoption across national and institutional contexts to better understand
how organizational responses vary across environments.
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Thirdly, empirical studies primarily focus on knowledge-intensive industries, including
consulting, marketing, software development, legal advisory, and financial services.
These sectors are particularly well-suited for Generative Al applications because they
involve tasks such as writing, ideation, analysis, and information processing. However,
Generative Al may influence other industries — such as manufacturing, healthcare, or
logistics — differently, for example, by embedding it into robotics, automation systems,
or operational technologies (Wirtz and Homburg, 2025). The insights presented here may
therefore be most applicable to knowledge work settings, and further research is needed
to examine how Generative Al affects other types of work and organizational contexts.

Fourthly, the empirical studies rely primarily on qualitative interview data, which
provides rich insights into how professionals interpret and experience Generative Al in
their work. This approach is particularly suitable for studying emerging technologies
when organizational practices are still evolving. However, respondents' accounts may
reflect their perceptions, expectations, or interpretations of Generative Al rather than fully
observable organizational outcomes (Eriksson and Kovalainen, 2015). Additionally,
because adoption was still relatively new at the time of data collection, some respondents
described anticipated or experimental uses of the technology rather than established
practices. Future research could complement these qualitative insights with quantitative
or longitudinal analyses to examine how Generative Al adoption affects organizational
outcomes over time.

Beyond these limitations, the findings open several avenues for future research. Building
on the affordance perspective, subsequent studies could examine how Generative Al
evolves from enabling individual affordances — such as content generation or
summarization — to producing meta-affordances, where multiple affordances are
combined, sequenced, and enacted across tasks. With the emergence of agentic Al
systems, such as autonomous copilots that can draft reports, retrieve relevant data, and
schedule follow-up actions with minimal human intervention, the focus shifts from what
Al enables users to do toward what Al can orchestrate across workflows (Chalmers et al.,
2026). This raises important questions about how organizations design, coordinate, and
govern these systems when action is no longer initiated solely by human users but
emerges through ongoing human—AlI configurations.

Although Generative Al is frequently associated with enhanced creativity and innovation,
the findings of'this dissertation suggest the need to more carefully examine the conditions
under which these outcomes emerge. Further inquiry could investigate when Al supports
genuine novelty and when it instead leads to convergence of ideas, repetition, or surface-
level ideation. For example, marketing teams using Generative Al to rapidly generate
campaign ideas may produce a high volume of content that appears diverse but ultimately
draw on similar patterns, potentially limiting true differentiation. This calls for a more
nuanced understanding of the role of Al in BMI, distinguishing between the incremental
augmentation of existing ideas and the generation of fundamentally new value
propositions.
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Finally, future research could explore how business models evolve as Generative Al
capabilities become widely accessible and no longer serve as a source of differentiation.
As Al features are integrated into standard enterprise tools and platforms, competitive
advantage may no longer stem from access to the technology itself but from how it is
embedded within organizational processes (Ritala and Ruokonen, 2025). Firms may need
to shift differentiation towards complementary capabilities, governance mechanisms, and
novel configurations of value creation and capture — moving the focus of BMI from
technology adoption to the strategic orchestration of Al.
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ABSTRACT  Artificial intelligence (Al) has long held the promise of imitating, replacing, or even
surpassing human intelligence. Now that the abilities of Al systems have started to approach
this initial aspiration, organization and management scholars face a challenge in how to theorize
this technology, which potentially changes the way we view technology: not as a tool, but as
something that enters previously human-only domains. To navigate this theorizing challenge, we
adopt the problematizing review method by engaging in a selective and critical reading of the
theoretical contributions regarding Al in the most influential organization and management
journals. We examine how the literature has grounded itself with Al as the root metaphor and
what field assumptions about Al are shared — or contested — in the field. We uncover two core
assumptions of rationality and anthropomorphism, around which fruitful debates are already
emerging. We discuss these two assumptions and their organizational boundary conditions in
the context of theorizing Al Finally, we invite scholars to build distinctive organization and
management theory scaffolding within the broader social science of Al

Keywords: anthropomorphism, artificial intelligence, management, organization,
problematization, rationality, review

INTRODUCTION

As an emerging digital technology that can learn and perform tasks autonomously, ar-
tificial intelligence (Al) has challenged the existing understanding of organizations and
management and has quickly, if not abruptly, become a central item on the research
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agenda in organization and management theory (OMT). Scholars in the OMT field
have quickly attended to the pressing issue of understanding what Al means for organi-
zations, the future of work, and society at large. Thus far, Al has been theorized through
a plethora of lenses that have shed light on topics such as human-machine collaboration
(Allen and Choudhury, 2022; Murray et al., 2021; Raisch and Krakowski, 2021), the
implications of humans’ perceptions of Al agency (Gehman et al., 2024; Vanneste and
Puranam, 2024a), changes in regimes of knowing (Pachidi et al., 2021), and emerging
organizational processes like algorithmic control (Kellogg et al., 2020), decision making
involving Al predictions (Lebovitz et al., 2022), Al-augmented problem solving (Raisch
and Fomina, 2024), and knowledge brokerage work (Waardenburg et al., 2022). Open
questions and emerging topics abound.

Considering the rapid growth of OMT research on Al in the last few years, it is an ap-
propriate time to reflect on and examine how and why we theorize Al in the OMT field.
Early conceptualizations of Al initially drew on popularized metaphors, conventional
wisdom, and general perceptions of what Al is and can accomplish. That initial under-
standing relied on the aspiration of computer scientists to create Al systems that can
learn and act autonomously, thus carrying the possibility of mimicking, surpassing, or
even replacing human intelligence (e.g., Russell and Norvig, 1995, 2016; Samuel, 1959),
and on economics research that followed and echoed such expectations (e.g., Brynjolfsson
and McAfee, 2014; Brynjolfsson and Mitchell, 2017). For organizational scholars, the ex-
pectation that Al can support, imitate, or replace human intelligence is as fascinating as
it is problematic. It is fascinating since Al can now undertake tasks and roles that were
previously solely within the human domain, which can change organizational processes,
practices, and relations in a substantial, even revolutionary, way. However, it is problem-
atic for OMT scholars who need to understand Al as a powerful and agentic technology
in organizations (Vanneste and Puranam, 2024a) but at the same time avoid the tempta-
tion to frame it as a stand-alone and dominant agent in their approaches, explanations,
and vocabulary. Indeed, Gehman et al. (2024) argue that conceptualizing Al as a ‘stand-
alone’ agent oversimplifies and ignores the socio-material entanglements — consisting of
human actors, algorithms, data, and artefacts — that shape the role of Al in organiza-
tions. In this paper, we problematize prior research by highlighting the absence of clarity
regarding the grounds on which OMT scholars debate Al’s role in organizations. Given
the immense popularity of and fascination with Al, the absence of such clarity runs the
risk of Al becoming a /hembig — a hegemonic, ambiguous, and big concept — that will lead
to an overexploitation of the concept, ambiguous meanings, and difficulties in drawing
conceptual boundaries (Alvesson and Blom, 2022).

A growing body of conceptual work (Anthony, 2021; Bailey et al., 2022; Hinds and
von Krogh, 2024; Pakarinen and Huising, 2023) has provided the OMT field with theo-
retical approaches and guidelines that help avoid deterministic and unquestioned expec-
tations about Al’s superior abilities or what it offers in comparison to humans. Relatedly,
this recent research stream emphasizes the cascading changes triggered by Al when em-
bedded within relationships among organizational actors, including humans, organiza-
tions, data, or technologies. Although this “relational turn” is valuable, there remains
insufficient critical reflection on the explicit and implicit assumptions underpinning Al
theorizing and related vocabulary employed by OMT scholars, which involve frequent
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Rethinking How We Theorize Al 763

borrowing or at least inspiration from technical fields such as computer science and eco-
nomics. In this regard, we should pay closer attention to how scholars have been affected
by the root metaphor of Al —1i.e., “the basic image or metaphor of social reality informing
a text or school” (Alvesson and Sandberg, 2011, p. 257). Thus, it i3 essential to analyse
the merits and shortcomings of our intellectual approaches and assumptions regarding
the role of Al in organizations, ultimately, developing better theories. Achieving this may
require enriching the existing metaphor or constructing new ones. To this end, we adopt
Alvesson and Sandberg’s problematizing review approach (2011, 2020) to examine the
following research question: How has the root metaphor of Al affected the field assumptions in
OMT; and what opportunities and challenges do these assumptions reveal for theorizing AL in orgam-
zations? In contrast to earlier conceptual work, the goal of our problematizing review is
neither to propose an alternative theoretical lens or integrative framework to study Al
nor to point out “flaws” or “biases” in OMT scholars’ theorizing. This is not the aim of
problematizing reviews; rather, the goal is “to combine critical and constructive consider-
ations of a research domain, to open it up for serious consideration and reconstruction”
(Alvesson and Sandberg, 2020, p. 1301).

We hope that our analysis of extant influential OMT studies on Al is approached as
a provocative piece, calling for a discourse in which the core metaphor and underlying
assumptions are deeply considered and openly discussed, with new ones proposed even
as others surface and are problematized over time. Our study takes two steps toward this
vision. First, in defining Al, we find OMT scholars using it as a root metaphor (Alvesson
and Sandberg, 2020) in particular ways that have implications for the assumptions they
build upon, to conduct their studies. Al 1s portrayed simultaneously as something “hu-
manlike” — a system capable of some level of intelligence — and as something “arti-
ficial” and “alien”: that is, a technological, designed system that possesses capabilities
superior or even unavailable to humans. Second, we demonstrate how the expectations
embedded in the root metaphor have long-term consequences that we identify in the
two subsequent field assumptions of rationality and anthropomorphism, which have been ap-
proached differently and provide diverse views on Al and its relation to organizing. On
one hand, the rationality assumption revolves around the belief that Al systems provide
superior performance that does not involve the typical human behavioural and cognitive
biases and shortcomings, thus making Al a kind of “improved version of humanity.” On
the other hand, the anthropomorphic assumption associates Al with humanlike features
such as learning or creativity that distinguish it from previous technologies and tools or
regard it as an “entity” about which we can “feel” one way or another, with which we can
interact, and by which we can be persuaded.

In this review, we demonstrate the impact of the rationality and anthropomorphism
assumptions on theorizing Al and discuss how they have been adopted or questioned.
We also elaborate on how future research might build on studies that have paved the
way with a more critical approach to expand the qualitative differences between hu-
mans and Al, their limitations and complementarities, and their coexistence in rela-
tions through which work is performed and organizing occurs. Taken to an extreme,
expectations of perfect rationality in Al systems can turn out to be overblown, as re-
cently demonstrated by Townsend et al. (2023). Similarly, at the other extreme, the an-
thropomorphic portrayal of Al using humanlike conceptualizations — or theorizations
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764 L. Ramaul et al.

— regarding traits like agency, learning, intentionality, and creativity could lead to a
skewed portrayal of what Al is and what it does in organizations and beyond. A key
outcome of this study is a research agenda that identifies two ways to better theorize
Al in organizations. First, we identify the variable of interest approach, which focuses
on developing more explicit theories about the field assumptions themselves, and sec-
ond, the boundary conditions approach, which secks to deepen and contextualize the
field assumptions. Overall, we hope our study helps accelerate the building of an
OMT scaffolding for the social science of Al that is needed to better understand the
distinctive and increasingly important role of Al from an organizational perspective
that acknowledges, yet departs from, the vocabulary earlier discourses in other fields
have established.

THE PROBLEMATIZING REVIEW METHODOLOGY

Our intent in the present review is to critically assess, reflect on, and challenge the
key theoretical assumptions of OMT research. Making such assumptions explicit and
opening them to further scrutiny can lead to deviating from the homogenizing ten-
dencies of the literature in terms of perspectives and research agendas and thus, to a
deeper and more multi-faceted understanding of AI’s role in organizations. However,
such assumptions often remain implicit or entirely unacknowledged. To this end,
we adopt the problematizing review methodology (Alvesson and Sandberg, 2011,
2020), which aims to provide critical, in-depth analysis of the root foundations of
the phenomena at hand and diverges from unspoken paradigmatic assumptions (e.g.,
Bartunek et al., 2006) while allowing for the creation of novel research agendas.m A
problematizing review aims not to accumulate, catalogue, and classify sources but to
reflect on a selected set of studies (Alvesson and Sandberg, 2011). Analysing implicit
assumptions leads to the opening up of new and potentially “better” ways of thinking
about the phenomena (Post et al., 2020). The word “potentially” is added because
a problematizing review does not attempt to provide an alternative theoretical lens
but rather invites reflexivity and doubt that can generate new research pathways in
an open-ended manner. In contrast with other types of literature reviews — such as
integrative or systematic efforts — the goal of a problematizing review is to unveil im-
plicit or explicit assumptions and trigger further scrutiny; for recent problematizing
reviews, see Dzhengiz et al. (2023) and Mikalef et al. (2022).

The problematizing review methodology (Alvesson and Sandberg, 2011) is based on four
key principles: reflexivity, reading more broadly but selectively, problematizing rather than
accumulating, and less is more. Reflexivily focuses on making a systematic effort to not sim-
ply follow and build on dominant existing logics but instead to challenge assumptions and
seek alternative interpretations (Alvesson and Sandberg, 2013). Reading more broadly but se-
lectively encourages considering texts “either in the immediate neighborhood of the target
domain or more broadly relevant for the perspectivation of the review domain” (Alvesson
and Sandberg, 2020, p. 9). By following the logic of problematizing rather than accumulating,
researchers can emphasize an in-depth reading of foundational and leading articles, an ap-
proach that aids in the better identification and articulation of assumptions that implicitly
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Rethinking How We Theorize Al 765

or explicitly affect the field (Alvesson and Sandberg, 2020, pp. 10-11). Finally, lss s more
propagates “fewer readings of a large number of studies,” thus challenging the notion that
the sheer number of studies examined ensures quality and emphasizing instead a critical
scrutiny of texts and their underlying assumptions (Alvesson and Sandberg, 2020, p. 1300).

Data Collection and Sample Selection

To gain initial insights, we began data collection with a keyword search (Canabal and
White III, 2008; Keupp and Gassmann, 2009). Following the problematization ap-
proach, which encourages a broad but selective reading of the primary sample (Alvesson
and Sandberg, 2011, 2020), we conducted an initial keyword search in databases such
as EBSCO and Scopus using the terms “Al” and “Artificial Intelligence.” Due to the
popularity of these terms, the overall literature consisted of over 250,000 manuscripts
since 1975, most of which were in computer science and engineering; 3135 were in
management fields, of which 2149 were journal articles. To refine our initial sample, we
excluded categories such as environmental sciences, information science, and industrial
engineering, leaving us with 785 articles at this stage.

Since a sample of over 700 articles was still too broad and did not adhere to the se-
lectiveness and deep reflective reading characteristic of a problematizing review (Alvesson
and Sandberg, 2011, 2020), we chose to restrict the review to incorporate only the latest-
generation Al technologies, 1.¢., predictive and generative Al, given their major differences
from how Al was perceived in previous technology cycles (e.g:, expert systems and decision
trees). Therefore, we focused on the period that parallels the emergence of Industry 4.0
and 5.0 technologies, such as cloud computing and advanced algorithms (Xu et al., 2021),
and recent advances in machine learning (ML), which mainly meant the artificial neural
networks and deep learning that emerged in the early 2010s. This latest generation of Al
emerged roughly after 2012, after the latest “Al winter” (WIPO, 2019), and involves technol-
ogies that can learn, predict, and adapt, making them different not only technologically but
also organizationally (Haenlein and Kaplan, 2019). Concretely, the review scope focuses on
the period of Al development that emerged after rule-based and symbolic Al systems and
includes ML, generative Al, and causal Al (for a discussion, see, e.g,, Townsend et al., 2023).

"To maintain our methodological approach and focus on the latest wave of Al, we nar-
rowed our initial sample to begin in 2012 and conducted additional keyword searches
based on Al-related terms such as “algorithm,” “deep learning,” “supervised learning,” and
“machine learning” Additionally, we chose to focus on the top 12 journals in management
and organizational studies, following the problematizing review principles of quality over
quantity and less is more and drawing on the selection criteria in several previous reviews
(Lumineau and Oliveira, 2018; Ryan-Charleton et al., 2022; Shepherd and Suddaby, 2017):
Academy of Management Annals, Academy of Management Journal, Academy of Management Review,
Admanistrative Science Quarterly, Journal of International Business Studies, Journal of Management,
Journal of Management Studies, Management Science, Orgamzation Science, Organization Studies,
Research Policy, and Strategic Management jJournal. The focus on articles published in these jour-
nals reflects their high visibility and, by extension, thought leadership in the research field
and the high expectations for theoretical contributions typical of such top OMT journals.m
After applying the selection criteria of including only manuscripts from 2012 onward in
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766 L. Ramaul et al.

high-quality OMT journals, our sample was reduced to 115 papers. Figure 1 presents our
iterative process; the data analysis is justified in detail in the next section.

Data Analysis

Given that we aimed to examine theorizing Al in OM'T, we had to carry out several ad-
ditional steps of inclusion and exclusion. After an initial review of the 115 manuscripts
based on titles and abstracts, we decided to exclude more than half of them that focused
on using Al or ML primarily as a computational method — such as reinforcement learn-
ing, natural language processing, or supervised machine learning — for data analysis,
rather than engaging with Al theoretically (n=>58), while other excluded manuscripts
focused more generally on the impact of technology on various organizational theories,
such as stakeholder theory (Chen et al., 2023; McGahan, 2021) or the management of
data (Alaimo and Kallinikos, 2021; Saifer and Dacin, 2022). Such papers do not men-
tion Al as a focal point (n=20); rather, they use Al as an example of the multitude of
digital technologies that exist without having substantial and specific implications for
the theorization of ALP! Furthermore, some manuscripts dealt with macroeconomic
topics (n=11), such as indicators of the market power of Al-related labor (Duch-Brown
et al., 2022) or how advances in Al can affect employment and productivity (Ban and
Keskin, 2021; Wu et al., 2019). While these studies make important contributions, they
did not (primarily) address or advance theoretical arguments on Al in organizations.
After excluding all such manuscripts, we were left with a total of 26 items.

—{_Step L: Defining literature scope —

* Time span 2012 to 2024
«Document type: Peer-reviewed journal articles Scope = 115
*Keywords: “AlL” “machine learning,” “deep learning,” “supervised

learning,” “reinforcement learning”, "algorithm*"
« Published in top 12 management and organizational studies journals

[~ [ Step 2: Initial review based on title and abstract )|
« Applying exclusion criteria
+Using AI/ML as a method (n = 58) Scope =26
. To)pics related to macroeconomics topics like trade and labour markets (n =
11

« Al not a focal point of the paper (n = 20)

Ik

Step 3: Secondary review based on reading full papers | Scope = 16

Focus on organizational theory insights
« Exclusion of papers based on reading full papers (n = 10)

Step 4: Additional review articles J

* Adding articles by
* Forward and backward citation search (n = 5)
« Literature suggestions from fellow researchers (n = 7)

Scope =28

|
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Step 5: Final sample of articles J
« Eliminating irrelevant articles after addition of literature suggestions and
forward and backward citation (n = 3) I Scope =37

* Addition of publications from 2023 (n = 5) and 2024 (n =9)
« Eliminating articles from 2023 publications ( » = 1) and 2024 publications (n

Figure 1. Iterative data collection and analysis process. Al = Artificial intelligence; ML = Machine learning
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Rethinking How We Theorize Al 767

To begin a more detailed analysis, a collaborative workshop was organized during which
the authors discussed their initial impressions of the selected papers. Additionally, the root
metaphor and field assumptions (Alvesson and Sandberg, 2011, 2020) were tentatively
coded during this workshop. After thoroughly reviewing the papers and considering the ex-
clusion criteria, the authors reached a consensus on which papers to remove from the sam-
ple. A total of 10 such papers were excluded, which are listed in Supporting Information
Appendix B. Therefore, the focus was placed on papers that specifically discuss topics
related to organizational theory in the context of Al, narrowing the sample to 16 papers.
To offset the scarcity of material at this stage, additional papers were added to the sample
based on peer network suggestions (n=7) and backward and forward citation searches
(n=>5), bringing the sample size to 28 manuscripts. These additional papers were subject to
the same journal sampling and time-bound criteria (i.e., published after 2012 in one of the
top 12 journals listed above, and advancing Al theorization either directly or indirectly).

In our final stages of analysis, we excluded three additional manuscripts that ad-
dressed topics falling under our exclusion criteria. All excluded manuscripts are listed
in Supporting Information Appendix B, with detailed justifications for their exclusion.
In addition, five new manuscripts were added to the sample; these were a combination
of literature suggestions from the author team and relevant articles published in 2023.
Applying the same overall quality and time criteria as well as inclusion and exclusion
criteria, in 2024, we added nine new papers to the sample by going through the database
once again to keep our sample updated and to ensure the inclusion of recent work.

Furthermore, we excluded one paper each from the 2023 and 2024 samples based on
our exclusion criteria (see Supporting Information Appendix B), resulting in a final sam-
ple of 37 academic papers. This number meets the standards of the problematization
protocol, where the focus is on a specific strand of literature to open up more reflexive
ways of thinking (Alvesson and Sandberg, 2020), which differs from other types of lit-
crature reviews. Indeed, while recent reviews on Al in OM'T have provided valuable
contributions, they follow different objectives. For instance, systematic literature reviews
such as Di Vaio et al. (2020) employ bibliometric analysis to synthesize a large body of
literature (e.g., 73 papers) whereas Pereira et al. (2023) construct a framework on the an-
tecedents and challenges of embedding Al in human resource management based on 60
papers. Similarly, Glikson and Woolley (2020) offer a comprehensive integrative review
of human trust in Al across multiple disciplines, and Hillebrand et al. (2025) develop an
integrative framework for understanding managing with Al by synthesizing human-Al
collaboration and algorithmic management literature. Further, a recent integrative re-
view of 335 articles provides valuable insights into four perspectives on Al and inequality
at work (Karunakaran et al., 2025). Such integrative frameworks are important for our
theorizing efforts in OMT; as they collectively enable a more expansive understanding of
the phenomenon, e.g., inequality across the stages of the Al lifecycle. However, our prob-
lematizing review has a different starting point, as it emphasizes the reflexive examination
of the root metaphor and the entailed field assumptions. The final list of articles included
in our problematizing review is presented in Supporting Information Appendix A.

Our analysis was based on the problematization principles, inductive analysis, and our
guiding research question: How has the root metaphor of Al affected the field assumptions in OML
and what opportunities and challenges do these assumptions reveal for theorizing Al in orgamizations? As
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such, we took the notion of a root metaphor (Alvesson and Sandberg, 2020) as our starting
point for the analysis, seeking to identify what types of meanings and expectations OMT
scholars place on Al. In our initial reading of the literature, we realized how the vocab-
ulary borrowed from more technical fields and the metaphorical perceptions of Al as a
“superior agent” has significantly shaped theorizing in OMT. Aligned with this initial view,
we recognized Al as a root metaphor with high generative power, originally based on the
early conceptualizations and intuitions from computer science, economics, and popularized
perceptions. After a series of coding meetings and discussions over various alternatives and
labels, we uncovered two field assumptions of rationality and anthropomorphism as two core
issues around which OMT scholars theorize Al in organizational settings (either in adhering
to them or in a critical way). We then identified sub-themes in the literature that build on
these two assumptions and developed a research agenda for the social science of Al from
the OMT standpoint, calling for further study on the field assumptions from what we call
“variable-of-interest” and “boundary conditions” standpoints.

The Root Metaphor: Defining Artificial Intelligence in Organization and
Management Theory

In organizational theory, metaphors and metaphorical thinking have been viewed as a useful
way to understand organizations and organizational processes especially when they help
capture the salient features of the theorized phenomena (Cornelissen and Kafouros, 2008).
Root metaphors are associated with “broader images of a particular subject matter under-
lying existing literature” (Alvesson and Sandberg, 2011, p. 255; Morgan, 1980), offering
possibilities for “disciplined imagination” (Morgan, 1998) and for expressing ideas in a way
that engages the readership with expectations that relate to the metaphor’s core messages.
Not all theoretical concepts and topic-related labels are root metaphors; however, a concept
maybe considered a root metaphor, when the word or phrase used, depicts an overarching
worldview toward a phenomenon and reflects ingrained, universal assumptions about that
phenomenon within a scientific field (Alvesson and Sandberg, 2011; Morgan, 1980).

A root metaphor operates at the worldview level with significant implications for the the-
oretical assumptions of a particular field or research stream, orienting scholarly attention
toward certain types of framing and questions, favouring certain types of explanations and
theorizing efforts, with a clear risk of creating homogenization tendencies in our research
programs. In a recent problematizing review, Dzhengiz et al. (2023) illustrate, how the
root metaphor of “circular economy” frames resource use as a closed-loop system, lead-
ing to assumptions about the feasibility of resource reuse in business settings. Alvesson and
Sandberg (2011) suggest that “root metaphor assumptions can be explored by (1) identifying
the basic image or metaphor of social reality informing a text or school and (2) detecting or
producing alternative possible confrontational metaphors™ (p. 257). In our study, we mainly
focus on the first of these two analytical alternatives toward the root metaphor. In this sec-
tion, we start by discussing the initial conceptualizations of Al in the OMT literature.

Given that Al is a group of technologies that has developed rapidly and changed
markedly over the years, it has escaped a durable definition. Within the temporal scope
of our review, OMT researchers primarily study predictive ML-based systems, neural
networks, deep learning, natural language processing, and generative Al systems, all of
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Rethinking How We Theorize Al 769

which significantly deviate from the decision trees, expert systems, and other determinis-
tic, rule-based systems of the past (for discussion, see, e.g., Townsend et al., 2023). More
broadly, Al is often grouped with emerging technologies and advanced computer sys-
tems that exhibit autonomy, learning capabilities, and a degree of inscrutability (Berente
et al., 2021; Waardenburg et al., 2022). Table I summarizes the definitions of Al used
in each paper in our sample and documents the key references used to support those
definitions.

The term artificial intelligence — given its role as a root metaphor —is loaded with meaning,
expectations, and assumptions. Broadly speaking, artificial refers to a human-designed,
machine-originated element, whereas ntelligence is a deeply human, creative, unpredict-
able, and not fully understood feature (Anderson et al., 2014; Lindebaum et al., 2020). As
such, the intelligence of an Al system has been defined as an “agent’s ability to achieve
goals in a wide range of environments” (Legg and Hutter, 2007, p. 402). In combination,
the two words involve an expectation of non-natural or machine systems that possess at
least some capacities typically associated with human intelligence, such as cognitive and
decision-making capabilities. Contemporary Al systems are perceived as agentic due to
their increasing autonomy in performing tasks and the opacity surrounding the mecha-
nisms behind their performance (Vanneste and Puranam, 2024a). Therefore, as a root
metaphor, Al carries multiple expectations for the classic question of whether and how it
can mimic, replace, and surpass human intelligence.

The first expectation we identify, which stems from the root metaphor, is that Al
1s distinct and potentially superior to human intelligence. Townsend et al. (2023) sug-
gest — referring to Agrawal et al. (2019) and Russell and Norvig (2016) — that the
overall goal of the AI endeavour is to create systems that simulate or surpass the
task performance capabilities of humans. Similarly, Tong et al. (2021) — referring
to Jarrahi (2018) — point out that “Al technologies have superior data analytics skills
compared to those of humans, thus enabling Al to make more accurate predictions”
(p. 1605). Miller (2018) suggests that Al technologies are “less biased and more ac-
curate than the humans they are replacing” (p. 2). Furthermore, Polli (2019) argues
that machines are capable of eliminating human bias in the hiring process, a notion
echoed in studies on algorithmic control (Kellogg et al., 2020). Authors also occa-
sionally foreground very explicitly the non-human or superhuman features of Al;
Balasubramanian et al. (2022), for example, note that Al is performing “impersonal
quantitative calculations” (p. 448; emphasis in original). As demonstrated by these
and other similar conceptualizations of Al, we identify an underlying expectation
that Al is not only different from human intelligence but also potentially superior in
certain domains. The second expectation stemming from the root metaphor refers to
the abilities of Al to mimic or simulate unique human characteristics such as reasoning,
learning, and agency. According to Merriam Webster (2023), Al is either “a branch
of computer science dealing with the simulation of intelligent behavior in computers”
or “the capability of a machine to imitate intelligent human behavior.” Many OMT
scholars have followed these mainstream definitions of Al. For instance, Choudhury
et al. (2020) directly apply the latter dictionary definition by associating Al with the
imitation of intelligent human behaviour. Similarly, Glikson and Woolley (2020) de-
fine Al as “a highly capable and complex technology that aims to simulate human
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intelligence” (p. 627). Other scholars incorporate more detailed descriptions of Al
that involve potentially humanlike “intelligent” abilities and capabilities, including
the views that Al is “an umbrella term that refers to a computer system that is able
to sense, reason, or act like a human” (Brynjolfsson et al., 2025, p. 1), or that it “re-
fers to cognitive functions usually associated with human minds, such as learning,
interacting, and problem solving” (Raisch and Krakowski, 2021, p. 192). Notions of
agency and intentionality are also involved; for example, Murray et al. (2021) further
conceptualize Al as agentic, capable of intentionally shaping human routines, empha-
sizing AD’s perceived intentionality and autonomy since it possesses “a temporally em-
bedded capacity to intentionally constrain, complement and substitute for humans in
the practice of routines” (p. 553). Relatedly, Vanneste and Puranam (2024a) point out
that the perceptions of agency in contemporary Al systems are distinct and stronger
in comparison to previous-generation technologies due to the opacity and autonomy
features of ML algorithms. Furthermore, scholars also evoke goal-directed adaptive
behaviour — a characteristic of human intelligence (Sternberg, 1982) — as part of Al
systems, as portrayed in the widely cited definition by Haenlein and Kaplan (2019):
a “system’s ability to interpret external data correctly, to learn from such data, and
to use those learnings to achieve specific goals and tasks through flexible adaptation”
(p. 17).

In summary, following the root metaphor, Al is often perceived as possessing
machine-like computational capabilities while still being expected to perform simi-
larly to a humanlike actor. Problematizing this root metaphor presents OMT scholars
with the challenge and opportunity to look beyond the ideas of mimicking, replac-
ing, or surpassing human intelligence to question and revisit those ideas through or-
ganizational lenses. We argue that the Al root metaphor further signifies two field
assumptions — first, that when machines behave intelligently, they are assumed to
embody rationality; and second, that machines can perform tasks traditionally consid-
ered uniquely human, giving rise to an assumption of anthropomorphism. When taken
to extremes, the simultaneous adoption of both assumptions is inherently paradoxical
(can machines be rational and humanlike at the same time?) and potentially unrealistic
(can we truly build systems that avoid human flaws but reap the benefits of machine
intelligence?). In the following sections, we discuss how authors rely on, reflect, and
navigate what we refer to as the two sharp edges of Al theorizing in OMT — rational-
ity and anthropomorphism.

FIELD ASSUMPTIONS
Rationality

Grounded in the root metaphor, a key field assumption relates to the claims of Al’s ra-
tional ontology. In the mainstream management literature, rationality is regarded as a
goal in decision making and among decision makers, but at the same time it is deeply
constrained by humans’ cognitive abilities and information processing limitations
(Puranam et al., 2015). Accordingly, the notion of “bounded rationality” has long
been a foundational concept in management scholarship (Cyert and March, 1963;
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Rethinking How We Theorize Al 779

Simon, 1955). Al is expected to overcome these limitations by reducing uncertainty,
minimizing cognitive biases, and mitigating the tendency to satisfice, which restricts
humans from achieving perfect rationality (Augier and March, 2002; Simon and
Barenfeld, 1969; Simon, 1991).

At the root metaphor level, artificial entities and machines are expected, although
misleadingly, to move closer to the ideal, data-driven rational decision maker, which
partly explains the enthusiasm in both management theory and practice to em-
brace Al In the most explicit case, Lindebaum et al. (2020) refer to Al systems
as “supercarriers” of rationality due to their ability to learn from their mistakes
and to process vast amounts of data. Relatedly, both Balasubramanian et al. (2022)
and Krakowski et al. (2023) point to the superior computational capabilities of Al
systems which stem from their formal rationality, grounded in calculations and pre-
dictions based on “objective” data. Yet rationality is not uniformly treated in OMT
literature. It often appears as an idealized assumption, contextually bounded and
contested. In addition, not all studies in our sample explicitly cover rationality —
rather, the theoretical accounts provide notions such as algorithmic control (Kellogg
et al., 2020) or arguments that AI might not suffer from the same limited cognitive
capabilities as humans (Gregory et al., 2021, citing Simon, 1991). We argue that
rationality — to different degrees and within different boundary conditions — is an
important field assumption in theoretical accounts of Al, and it is thus useful to
uncover the nuances of how rationality is portrayed, perceived, and empirically
studied.

In describing relative “strong” forms of rationality, several OM'T scholars build
perspectives from computer science and economics. For instance, computer science
scholars such as Russell et al. (Russell and Norvig, 1995; Russell and Norvig, 2016)
are referenced in works like Glikson and Woolley (2020) and Townsend et al. (2023).
Similarly, economics-oriented perspectives — particularly those of Brynjolfsson and
colleagues (Brynjolfsson et al., 2018; Brynjolfsson and McAfee, 2014; Brynjolfsson
and Mitchell, 2017) — inform studies such as Choudhury et al. (2020) and Jia
et al. (2024). Insights from Agarwal et al. (2018) also play a role in shaping con-
ceptualizations of Al rationality in OMT as cited in Gregory et al. (2021), Raisch
and Fomina (2023) and Tang et al. (2022). In computer science, perfect rationality
refers to “the capacity to generate maximally successful behaviour given the avail-
able information,” while calculative rationality refers to “the in-principle capacity
to compute the perfectly rational decision given the initially available information”
(Russell, 2002, p. 38). While some OMT scholars build on these traditional and to
some extent, extreme positions on machine rationality, they often combine them
with insights provided by organizational theorists such as Simon and March to
explain how the goal of Al systems is to overcome human limitations and biases
in decision making by relying on data-driven predictions and decisions (Gregory
etal., 2021; Murray et al., 2021). Rationality is thus a field assumption that portrays
Al as potentially more capable, less biased, and more “rational” than human actors
in organizations.
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780 L. Ramaul et al.

The use of the rationality assumption in the field

As discussed above, the rationality assumption appears in the management and orga-
nizational studies literature in ways that are more or less explicit. Our reading of the
literature reveals two particular aspects of the rationality assumption — computational
superiority and decisional objectivity — that OMT scholars have used to identify or justify
the rational features of Al systems.

First, computational superiority assumes that A7 processes more information than humans
and does so more efficiently. An example of this is a study on chess engines that “pro-
cess information far more comprehensively and rapidly than humans” (Krakowski
et al., 2023, p. 12). Additionally, Raisch and Fomina (2023) integrate arguments from
previous research and suggest (citing Agrawal et al., 2018; Murray et al., 2021) that AI
does not suffer from the same cognitive limitations as humans and, relatedly, that Al’s
information-processing capabilities are superior to those of humans. Computational
superiority is discussed in terms of its predictive accuracy; that is, its ability to make
“correct” predictions from historical data. As Balasubramanian et al. (2022) note, AL
relies on “formal rationality embedded in statistical models and codified input data to
find a small set of decision models that best predict an outcome variable and applies
those models to new input data” (p. 451). Furthermore, computational superiority im-
plies that A7 benefits humans through its predictive accuracy. Making accurate predictions is
argued to be possible, given that Al is computationally superior to human beings and
can identify patterns in (big) data that the human mind simply cannot comprehend
and analyse.

Second, decisional objectivity involves the twofold assumption that A7 s always
objective and rational, and that control based on Al is therefore justified. This assumption is
grounded in the belief that Al builds on data and increasingly sophisticated capabili-
ties can approach the ideal of “a perfectly rational actor” (Murray et al., 2021, p. 563).
Objectivity is also strongly advocated by Raisch and Fomina (2023), who integrate ar-
guments from behavioural literature, economics, and computer science in discussing
how Al can avoid many of the cognitive limitations and biases to which humans are
subject when making decisions. Furthermore, decisional objectivity implies that A/
benefits individuals by offering greater decision-making efficiency compared to human decision mak-
ers. This notion of Al as inherently intelligent and perfectly rational is highlighted in
notions of “control” that carry the expectation that Al can make objective decisions
about organizational processes and actors (Kellogg et al., 2020). Based on their calcu-
lative power and technical capabilities, algorithmic systems are argued to “facilitate
a form of rational control that is distinct from the technical and bureaucratic control
used by employers for the past century” (Kellogg et al., 2020, p. 366, emphasis added),
leading to “algorithmic control.” In addition, powerful Al systems and data analytics
are found to offer precise predictions and more accurate, relevant, and customized
feedback on employee performance than human feedback (Tong et al., 2021).

In summary, we problematize the view in which Al is regarded as a computationally
superior, perfectly rational system that escapes human biases and limitations. This as-
sumption might appear technically correct on the surface, but often does not survive a
deeper and more critical investigation. As we discuss below, Al is fundamentally subject
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Rethinking How We Theorize Al 781

to human inputs and data that humans construct, along with potential biases in how it is
designed, how it operates, and how it is used in organizations. While the assumption of
rationality is problematic, it is also an assumption that can help clarify the limitations of
Al systems, as several OMT scholars have noted.

Working around the rationality assumption. Many, if not most, OMT scholars critique and
work around the rationality assumption by adopting two complementary approaches.
The first focuses on identifying scenarios where AI’s predictive capabilities are limited or
fail to account for organizational complexities (e.g., Townsend et al., 2023). The second
focuses on how the development and use of Al systems are shaped by organizational
contexts, particularly how training data is selected, interpreted, and translated into
predictions that reflect existing practices and limitations (e.g.,, Lebovitz et al., 2022;
Pachidi et al., 2021; Waardenburg et al., 2022). Together, these perspectives reveal that
AT’s role in organizations is far more nuanced than the rationality assumption suggests.
We therefore argue that adopting the assumption of perfect rationality is a double-
edged sword: while it can guide research by offering explanations regarding the roles
Al plays in organizations, it could also lead to deterministic technological narratives
that portray digital technologies and information systems as straightforward solutions
to human biases and as principal drivers of social change and progress (Thompson and
Bates, 1957; Winner, 1980; Wyatt, 2008).

The first problem concerns the shifting dynamics of decision-making power and control,
particularly in contexts where Al is perceived to surpass human judgement. This is
demonstrated, for example, in the increased emphasis that is placed on algorithmic
control (Kellogg et al., 2020). When Al is perceived as objective and achieving super-
human rationality, the optimal method of operations is for humans to learn to use it
“better” and to behave differently (Allen and Choudhury, 2022; Tang et al., 2022).
For example, Krakowski et al. (2023) suggest practical recommendations aimed at
human chess players, stating that Al “makes human traditional competitive strategies
obsolete” (p. 1).

However, several scholars have challenged the notion of Al as an autonomous decision-
maker. Emerging work emphasizes relational approaches — viewing Al as embedded in
socio-material assemblages (Gehman et al., 2024) and how such a view can challenge the
notion that Al operates as an isolated agent (Anthony et al., 2023; Bailey et al., 2022).
Several studies have shown how domain experts often interrogate, assess, and may even
challenge the predictions provided by Al, emphasizing human judgement and over-
sight (Allen and Choudhury, 2022; Eicke et al., 2025; Lebovitz et al., 2022; Raisch and
Fomina, 2023). For instance, Lebovitz et al. (2022) note that medical professionals may
not engage with or even question the predictions provided by Al, highlighting the role
of human users’ judgement. The potential danger of taking the rationality assumption
at face value is viewing Al as a powerful tool with agentic power in isolation from its
organizational embeddedness, interaction dynamics, and relational tractions and reac-
tions that emerge when organizational actors observe real-world Al-driven decisions and
outcomes. Wang et al. (2024) illustrate this danger in the context of human-Al decision
making, where senior workers, despite their broad expertise, often resist AI recommen-
dations due to a lack of trust and transparency, thus emphasizing the importance of
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fostering trust and designing Al systems that align with the cognitive and organizational
dynamics of diverse worker profiles.

While the assumption that Al can support or even enhance decision-making may be
justified in specific settings — such as production line optimization and quality control in
factories — many organizational contexts demand a more nuanced view. The rationality
assumption implies a passive view of human agency, which often misaligns with how
individuals engage with Al in organizational contexts. In fact, studies adopting the Al-
centric view on agency (e.g, Jia et al., 2024; Krakowski et al., 2023; Tang et al., 2022) and
studies of algorithmic control (Kellogg et al., 2020) demonstrate how Al guides human
behaviour. However, an algorithm is merely a set of calculations and lacks an upbring-
ing, emotions, and a history, whereas changing human and organizational behaviour
(e.g., discarding old routines to make way for new ones) can be time-consuming and
mentally and emotionally draining (Tsang and Zahra, 2008). This challenge highlights
one fascinating aspect of an emerging Al-centric managerial orientation in a subset of
OMT studies. Relying on algorithms may be optimal — or even the only possible decision
(given, for example, data-heavy settings that require automated prediction) — but critical
attention must be paid to the implications of Al-driven agency and decision-making, its
limitations, and its dynamics.

The second challenge is overlooking the role of data while focusing more on the algorithm
level. There is an alignment problem between Al-based rationality and “true” rational-
ity, especially as AI models build on data that are made by people and “brought into
being through situated practices of conceptualization, recording and use,” which means
that data are far from “a referential, natural, foundational, objective and equal repre-
sentation of the world” (Jones, 2019, p. 3). Data are constructed, re-constructed, and
repurposed (Giinther et al., 2022), involve domain-specific meanings, and are context-
bounded (Aaltonen et al., 2021; Alaimo et al., 2020; Gitelman, 2013; Jones, 2019); there
is often ambiguity regarding what they represent and whether they are (or even can
be) faithful to what they are supposed to represent (Burton-Jones and Grange, 2013).
How data are used to train algorithms is also affected by human judgement, as “training
machine learning algorithms involves much tinkering and experimentation, iteratively
learning from data to detect patterns and predict outcomes faster” (Gregory et al., 2021,
p- 536). Choudhury et al. (2020) also note that ML, models can be biased by potential
input incompleteness — “all relevant information required for search and prediction is
not provided” (p. 1385) — and by arguing that individuals need to work on that issue to
mitigate bias.

In conclusion, a wealth of evidence demonstrates that Al algorithms are only as truly
“rational” as the data with which they are trained. Algorithms reflect the decisions, as-
sumptions and practices of their human makers and, more specifically, of human data
work (Parmiggiani et al., 2022). Far from being inherently objective, Al predictions are
contingent upon the work involved in creating, curating, and interpreting the data (van
den Broek et al., 2021; Waardenburg et al., 2022). Their utility and meanings are shaped
not only by the technical structure but also by domain expertise, judgement, and interac-
tive contexts (Lebovitz et al., 2022; Ramaul et al., 2024).
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Anthropomorphism

Anchored in the root metaphor’s expectations regarding the intelligence of Al sys-
tems, anthropomorphism represents another field assumption that has shaped the
theorizing efforts of organizational scholars. We argue that the tendency to discuss
Al in terms of technological systems that are able to mimic human features and
behaviour makes anthropomorphism a key field assumption underpinning Al the-
orizing and fueling ongoing debates. In mainstream literature, anthropomorphism
refers to attributing humanlike qualities to non-human entities, ranging from physical
resemblance (Hinds et al., 2004; Xu et al., 2013) to inferred cognitive behaviours
such as reasoning and decision-making (Epley et al., 2008). Studies have shown that
such perceptions influence adoption, interaction, and commitment — whether in how
employees relate to organizations (Shore et al., 2010), consumers engage with brands
(Aaker, 1997; Aggarwal, 2004) or how humans respond to collaborative robots (Xu
et al., 2013; Zlotowski et al., 2016).

Anthropomorphism has traditionally been defined as “the perception of technology or
an object as having human qualities” (Glikson and Woolley, 2020, p. 643). In this paper,
we adopt a more expansive definition of anthropomorphism that encompasses not only
individuals® attribution of observable humanlike characteristics to non-human entities
but also the perception that those entities can demonstrate humanlike capabilities and
behaviour and can perform actions whose accomplishment has traditionally been associ-
ated with human intelligence (Ashforth et al., 2020).

In the reviewed OMT literature, Al is presented in humanlike terms not by discussing
its physical characteristics but by highlighting its cognitive capabilities and capacity to
learn (Choudhury et al., 2020), act autonomously (Tang et al., 2022), and interact with
others (Lebovitz et al., 2022), all of which resemble human agency. Our analysis reveals
that — like other organizational literature research streams that attempt to make sense
of the role of non-human entities and how humans interact with them (see Ashforth
et al., 2020) — OMT research on Al has adopted anthropomorphism as an implicit “de-
fault schema” (Gaporael, 1986, p. 226). A fundamental point of departure is either an
emphasis on or scepticism about the anthropomorphic nature of Al, even when the
word anthropomorphism 1s not used. While the majority of the articles provide definitions
that touch on the humanlike nature of Al, they subsequently either emphasize AI’s hu-
manlike role in organizations (Glikson and Woolley, 2020) or decouple from that idea
by centering on humans’ domain expertise, intuition, and tacit knowledge: the overall
human capacities that Al falls short of capturing.

Relatedly, we identify two approaches to Al anthropomorphism: reductionist and holistic.
The former focuses on the capabilities of Al and considers it capable of automating work
that is, however, viewed out of context and independent of the relations through which
work is performed (Kellogg et al., 2020; Murray et al., 2021; Raisch and Fomina, 2023;
Raisch and Krakowski, 2021; Tong et al., 2021). The latter discusses organizing and
foregrounds how human actors rely on their relations and capacities to engage with Al
as an agentic technology (Lebovitz et al., 2022; Pakarinen and Huising, 2023; Townsend
et al., 2023; Vanneste and Puranam, 2024a; Waardenburg et al., 2022). The holistic
approach does not ignore AI’s potential to mirror human capabilities but at the same
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time highlights that the outcomes from humans and Al, along with the outcomes from
their interaction, emerge through situated, embedded, and embodied relations (Bailey
et al., 2022; Fleming, 2019).

The use of the anthropomorphism assumption in the field

The reductionist approach to anthropomorphism has drawn on the work of computer
science and economics scholars, who have portrayed the technology as resonating with
the original goal of Al developers: emphasizing the creation of humanlike, if still arti-
ficial, capabilities and intelligence. For instance, Tang et al. (2022) refer to Brynjolfsson
and colleagues in suggesting that Al involves automated reasoning, ML, and the ca-
pability to (semi-)autonomously make decisions (Brynjolfsson et al., 2018; Brynjolfsson
and McAfee, 2014). Similarly, Raisch and Krakowski (2021, citing Nilsson, 1971) are
relatively direct about the anthropomorphic nature of Al in noting that “Al refers to
machines performing cognitive functions usually associated with human minds, such as
learning, interacting, and problem solving” (p. 192). Under this assumption, Al is por-
trayed as possessing humanlike intelligence and capabilities of reasoning, learning, and
adapting its behaviour to achieve desired outcomes (Haenlein and Kaplan, 2019) in an
intentional manner (Murray et al., 2021). Nevertheless, we argue that different forms of
anthropomorphism are included in the varied and often contrasting theoretical accounts
of Al and it is thus useful to uncover the nuances of how such forms are portrayed and
discussed.

The first implication of adopting a reductionist approach is the emphasis on an-
thropomorphic agency under the assumption that A7 is independent and intentional in
organizational contexts. This assumption — when made too simplistically — involves
an expectation that Al possesses independent and autonomous abilities to engage in
humanlike agency as part of its intelligence. Researchers tend to attribute the predic-
tions that are produced through synergies of data and algorithms to an Al agency that
can, for instance, undertake the task of providing performance feedback to employ-
ees, produce highly customized insights, and enhance employee productivity (Tong
et al., 2021). In addition, Al has been portrayed as embodying agentic properties (or
“intentionality”) that are embedded in the human-nonhuman domain, which leads
to varying levels of “conjoined agency”: that is, the “shared agency between humans
and non-humans to exercise intentionality” (Murray et al., 2021, p. 553). This means
that there is a shift from solely human agency to varying levels of conjoined agency
that implement intentionality in applying protocol development (e.g., defining guide-
lines to be followed) or action selection (e.g., choosing a direction to follow), which
further affects organizational routines. Relatedly, Tang et al. (2022) acknowledge that
interactions with intelligent machines are richer compared to previous technologies,
noting that the autonomous decision-making capability of Al overlaps with the order-
liness of conscientious employees.

Second, scholars are increasingly theorizing Al’s organizational actorhood in assuming
that A7 s an embedded feature of organizational social reality. Vanneste and Puranam (2024b)
note that this embeddedness raises questions about balancing human and Al agency, es-
pecially when perceptions of Al’s intentionality and trustworthiness shape organizational
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Rethinking How We Theorize Al 785

outcomes. Killoran et al. (2024) further show how designers’ intentional choices in dis-
closing (or withholding) information about Al can either reinforce the view of Al as an
autonomous actor or redirect attention to its designers. At face value, Al embeddedness
assumption is problematic when it pays limited attention to the qualitative differences
between humans and AI’s actorhood in organizations. While scholars have called for
studying “Al as an active counterpart in a system of interactions to unpack and under-
stand its role in organizational processes, as well as the unintended consequences that
might emerge from all stakeholders working with AI”’ (Anthony et al., 2023, p. 9), doing
so requires a deep consideration of what Al and human actors respectively contribute
and how they are mutually constituted. Building (too readily) on the anthropomorphic
assumption hinders not only the unique aspects of human cognition and how it arises
and 1s exercised but also the processes through which new cognitive forms appear. A step
further from this view regards Al as an integral part of an organizational social system
that also involves the agentic or performative features noted above. Indeed, recent re-
search, especially regarding generative Al models, in which Al is highlighted as a poten-
tial “team member” (Ramaul et al., 2024; Ritala et al., 2024) underlines the increasing
tendency to view Al as a type of technology that can enter social structures and adopt
independent (and interdependent) organizational roles.

In summary, we problematize the anthropomorphic agency and actorhood assump-
tions that expect Al to act independently or intentionally, “as if”” it were human (Glikson
and Woolley, 2020; Raisch and Krakowski, 2021), thus being assigned humanlike activ-
ities such as problem solving and creative solutions (Krakowski et al., 2023; Raisch and
Krakowski, 2021). Viewing Al as a technology that performs a task in humanlike ways —
such as learning, adapting, or executing — may lead to generalizing theoretical frameworks
of human actions and routines in the domain of Al. This, however, overlooks the differences
underlying Al and human actions and routines. For instance, discussing the value of Al by
highlighting that machines never get tired or emotional and that their calculations are ac-
curate (Krakowski et al., 2023) might hew too closely to anthropomorphic portrayals of Al,
rather than considering it for its own qualities that make it operate differently. In addition,
the idea of “delegating a task to AI” points toward the presence of a single Al system, ignor-
ing the reality that multiple Al systems and subsystems become part of an organization and
interact with one another and human actors for work to be performed.

Working around the anthropomorphism assumption

The reductionist approach problematized above is countered by scholars who adopt a ho-
listic approach to Al anthropomorphism. Several researchers highlight that Al falls short of
incorporating human capacities and emphasize the relational context within which humans
are embedded, acquire tacit knowledge, generate and apply their domain expertise, and
perform their work. Those studies acknowledge that compared to previous generations of
digital technologies, Al does indeed mirror human intelligence more closely, but with some
important caveats. Many of these authors dispute the likelihood of Al replacing humans
in a variety of contexts. For instance, Fleming (2019) discusses three key socioeconomic
factors (the price of labor, organizational power relations, and the nature of the tasks ne-
cessitating at least some sort of human intervention) that limit the capacity of’ Al systems
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786 L. Ramaul et al.

to take over human jobs. Relatedly, Pakarinen and Huising (2023) highlight that expertise is
generated and applied through interactions and is not merely a cognitive accomplishment
that intelligent, autonomous, and self-learning machines can automate. As such, Al par-
takes in the reconstruction and application of expertise but cannot replace humans who
possess capacities and engage in interactions that Al systems cannot replicate. Further, sev-
eral studies highlight that Al’s predictions penetrate individuals’ situated practices, but the
domain expertise of humans determines whether such predictions will be accepted and
implemented or contested and even rejected (Lebovitz et al., 2022). For instance, Allen and
Choudhury (2022) show that different degrees of domain expertise are critical in comple-
menting algorithmic predictions, while Choudhury et al. (2020) note that Al does not possess
human experts’ insights that limit biases existing due to incomplete information. Following
a similar logic, Kemp (2024) discusses the importance of balancing Al’s agency with human
agency, highlighting the importance of situated Al, which is “the process of contextualizing
AT’s agency in a firm by collectively anchoring Al in the firm’s experiential, relational and
strategic systems” (p. 13). In such a holistic view, research suggests that human interventions
when Al is implemented for problem solving under uncertainty are important (Raisch and
Fomina, 2023), especially given that Al is short of semantic awareness and agentic control
(Townsend et al., 2023), while at the same time it lacks “sentience and relies on formal ratio-
nality, or impersonal quantitative calculations to select a small set of statistical models that
best describe the specific context of historical data” (Balasubramanian et al., 2022, p. 448).
Opverall, building on the criticism that the holistic view of Al anthropomorphism has articu-
lated and our own critical evaluation of the core literature, we identify three major problems
with the reductionist anthropomorphic view, which relate not only to the limitations that
such assumptions entail but also to the missed research opportunities that a stronger and
more grounded anthropomorphic view of Al would enable.

First, despite resembling human behaviours in some cases, Al systems operate auton-
omously but not independently from humans. Their agency is fundamentally shaped by
human decisions to relinquish or retain certain roles (Jia et al., 2024). The intelligence
and anthropomorphic agency of Al does not lie in the machine itself but in how hu-
mans allocate agency to it. For instance, Raisch and Fomina (2024) emphasize that large
language models (LLMs) — while capable of humanlike generative behaviours —lack the
ability to independently set objectives, highlighting the artificial nature of their agency,
which remains primarily reliant on human inputs. In fact, Vanneste and Puranam (2024a)
highlight this by discussing humans’ ‘perceptions of agency’ of Al rather than Al agency
itself. While algorithms can self-repair, self-adjust, and self-govern, they lack human
decision-making freedom, foresight, and initiative (Townsend et al., 2023).

Therefore, assuming Al has independent capabilities leads to excluding human agency
from algorithmic assumptions of independent deliberation or agency without substantial
evidence. Relatedly, as long as Al systems are designed by humans, their capabilities are
limited to the scope that those designs enable them to reach. Tor these reasons, theorizing
Al should not readily assume that Al systems act as if they were independent, deliber-
ative, and agentic entities. Interestingly, the development of “Al agents” is technically
challenging these notions (Chandra et al., 2022), but many of the previously mentioned
limitations and implications still hold, and seeing how the notion of agency shifts in or-
ganizations remains a valuable research agenda.
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Second, although Al systems might appear humanlike, their intelligence is funda-
mentally based on a different set of processes in both practice (e.g., human neural net-
works vs. artificial neural networks) and also theoretically (Anthony et al., 2023; Faraj
et al., 2018). For scholars challenging the anthropomorphic assumption, Al is a sophisti-
cated technology designed to perform tasks based on algorithms and its data processing
capabilities, with clear deviations from human intelligence and intentionality. One such
example is examining Al as a complement or even replacement in chess competitions
(Krakowski et al., 2023), where the underlying assumption is that machines play chess
differently than humans; people are highly selective when considering their options and
commit blunders due to their emotional capabilities (Cowen, 2013). Balasubramanian
et al. (2022) discuss how switching to ML instead of human decision making could de-
crease variations in organizational routines and the depth of contextual knowledge that
could impact and alter organizational routines and have long-term consequences, thus
“creating new sources of learning myopia” (p. 449). Additionally, while algorithms for
organizational control can be employed in defining a framework that can be used to
direct, evaluate, and discipline workers (Kellogg et al., 2020), the finer details of such
control will necessarily deviate from human control in practice, even if the processes and
routines are the same. In summary, theorizing Al by using the same conceptual toolbox
as found in past research on aspects like routines, learning, control, and decision making,
might not result in an accurate representation of what Al does and is within the scope
of an organization.

Third, while prior research emphasizes anthropomorphic assumptions, it often over-
looks the promising opportunity to explore the perceptional dynamics involved in the
interactions between humans and Al and their consequences, which surface due to the
humanlike features that Al displays. Most research focuses on the functional interactions
of humans and Al and has failed to address the emotional connections between them
and the forms of emotional work (Heaphy, 2017) that humans may carry out due to Al
anthropomorphism. We urge future research to investigate the impact of the perceived
humanlike characteristics (and perceived agency; see Vanneste and Puranam, 2024a,
2024b) of Al in its adoption and use in organizations, as well as the deeper implications
of human-Al co-habitancy in the contemporary workplace.

Table II summarizes the field assumptions identified related to rationality and anthro-
pomorphism and OMT scholars’ attempts to extend or configure those assumptions in
various ways.

TOWARD AN ORGANIZATION AND MANAGEMENT THEORY
SCAFFOLDING FOR A SOCIAL SCIENCE OF ARTIFICIAL
INTELLIGENCE

The “social science of AI” is gaining momentum across different fields, including con-
tributions calling for sociological perspectives on, for example, how Al affects equality;
bias, and social structures (e.g, Joyce et al., 2021; Liu, 2021; Sartori and Bocca, 2023;
Zajko, 2022). As organizational scholars, we are witnessing a pressing need to develop
an OMT=-specific scaffolding for a social science of Al. Joining recent contributions, our
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problematizing review is an effort in this direction — and particularly an effort that we
hope encourages critical and reflective research that is unique to theorizing Al in organi-
zational contexts.

Faced with the challenge of studying an emerging phenomenon for which OMT
lacks a well-developed vocabulary — often broadly categorized as emerging digital
technologies or ‘digital transformation’ — early conceptualizations of Al have drawn
heavily on insights from computer science and economics, as well as non-scientific de-
bates exploring utopian and dystopian perspectives. While OMT research has swiftly
embarked on investigations into Al’s role in organizations, the rapid pace of this shift
has raised concerns about how and why Al is theorized in OMT. The point of de-
parture of the present study, is the argument, that the assumptions with which OMT
researchers have studied and debated the role of Al in organizations remain (at least
partially) hidden or taken for granted, which can instigate homogenization tendencies
in our theorizing efforts. This is problematic because the rapid incorporation of Al
into our research agendas can lead to premature conclusions and early convergence
around ideas, concepts, or frameworks that are borrowed or inspired by fields that
have traditionally paid more attention to Al but operate under fundamentally distinct
onto-epistemologies and theorizing priorities. For instance, it is not surprising that a
framework that gained increased attention in OMT studies is the automation/aug-
mentation lens (Raisch and Krakowski, 2021) which echoes discussions around what
Al does in relation to human intelligence and whether it is able to replace or support
human work.

We conducted a problematizing review (Alvesson and Sandberg, 2011, 2020) and
demonstrated how the initial conceptualizations of Al (which relied heavily on com-
puter science and economics scholars) resulted in debates centering on the expecta-
tion that systems can achieve a non-human level of rationality that boasts humanlike
features such as learning, creativity, and agency. Our review and critical reading of
prior scholarly work suggest that OM'T research has explicitly or implicitly incorpo-
rated — both positively and critically — assumptions about Al’s rationality and anthro-
pomorphism. Thus, we argue that rationality and anthropomorphism constitute the
two sharp edges of Al theorizing in the OMT field. On one hand, the paradoxical
and often positive portrayal of Al as both a rational and an anthropomorphic “en-
tity” is part of the fascination with the phenomenon in both theory and practice —
the original question of the 1950s computer scientists regarding whether we could
develop systems that imitate, replace, and surpass human intelligence persists (e.g,
Samuel, 1959). On the other hand, recent OMT studies have offered both implicit
and explicit critiques of these expectations and assumptions. Building on our findings,
we argue that crafting an OMT scaffolding for a social science of Al requires deep
consideration and comparison of the different and often competing viewpoints and
interpretations of Al’s rationality and anthropomorphism, which can also lead to
identifying alternative root metaphors and additional assumptions.

To stimulate crafting an OMT scaffolding for a social science of Al, we first build
a research agenda grounded in our problematization of the rationality and anthropo-
morphism field assumptions, inviting deeper and more explicit investigations of these
extreme edges in Al theorizing. We incorporate two lenses in developing our call for
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Rethinking How We Theorize Al 791

such Al theorizing in OMT. First, we invite scholars to adopt what we call the variable-
of-interest approach. Here, the focus should be on explicitly addressing a particular as-
sumption about Al (rationality or anthropomorphism), unpacking its components and
preconditions, and theorizing the mechanisms through which it impacts organizations
(involving the role of humans’ perceptions about it). Second, we invite scholars to study
the boundary conditions of the identified assumptions. Identifying the key boundary
conditions of the field assumptions not only helps determine the empirical boundaries
of the applicability of a theory (Busse et al., 2017) but also helps in theoretically ground-
ing the field assumptions in organizational contexts, conditions, and relations. These
conditions are reflected in the nature of work and organizational processes, and they
emerge, evolve, or become obscured as Al is adopted and applied in organizational set-
tings. Together, developing more explicit theories about the field assumptions themselves
(i.e., the variable of interest) and the organizational and relational embeddedness of
those (i.e., the boundary conditions) will create better and more accumulative Al theoriz-
ing in the OMT field. Following our problematizing review and with the above thoughts
in mind, we present a research agenda in Table III that promises alternative pathways of
theorizing for OMT scholars.

Theorizing Al Rationality

Arguably, Al is more “rational” than human decision makers within certain areas.
This view has a great deal of evidence behind it, starting with Al outperforming
humans in a variety of tasks, such as error detection and, recently, more complex
tasks such as non-deterministic games like “Go” and text annotation and categori-
zation (Gilardi et al., 2023). The extreme assumption of Al rationality would then
consist of two dimensions: Al is computationally superior to humans, and Al makes
more objective decisions. Taken at face value, both arguments speak to the substan-
tial promise that Al offers for organizations and decision makers, advocating for the
relative benefits of Al systems. However, as demonstrated by Townsend et al. (2023),
Al rationality is bounded by its ability to deal with Knightian uncertainty — it cannot
envision and act on disruptive changes that relate to internal organizational or ex-
ternal systemic changes. It is also well documented that while it may be objective in
decision making, Al is bounded by the data fed into its systems (Lebovitz et al., 2022;
Pachidi et al., 2021; Waardenburg et al., 2022). Therefore, alternative conceptual-
izations and theoretical frameworks are needed to understand the nature, boundar-
ies, and implications of Al rationality in organizations. In the following, we discuss
how computational superiority and decisional objectivity can be studied using the
variable-of-interest and boundary conditions approaches.

Computational superiority. As a variable of interest, computational superiority is a relative
statement and clearly has performance implications. For instance, without modern
ML systems, learning and the scaling of learnings from data for different products
and services would not be (humanly) possible (Gregory et al., 2021). Thus, when we
assess and discuss computational superiority, we should be relating the features and
outcomes of Al superiority against the potential human intelligence that is being
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replaced. Some of the implications are relatively straightforward: Al driving error
detection in production lines, assisting in navigation, or powering recommendation
engines across many content platforms. These and many other use cases remain
relatively uncontested, at least when it comes to their performance, as Al systems can
scale decisions and predictions at a level that is unfathomable to humans (Agrawal
et al., 2018). Yet, there are many situations where the relative superiority of either
Al or humans is less clear, including complex and surprising decision-making
situations (Mudassir et al., 2024) and contexts of entrepreneurial intuition (Townsend
et al., 2023).

To understand the boundary conditions of computational superiority, we need
to situate this phenomenon within an organizational context and examine the rela-
tional implications of relying on computationally superior artificial agents rather than
human actors. However, from a contingency perspective, Al’s relative superiority is
far from clear. For instance, while Al dominates human cognition computationally, it
is not clear whether this power necessarily leads to a better outcome or whether there
are positive or negative implications for the relations among organizational actors. In
this regard, Wang et al. (2024) demonstrate that Al’s computational power improves
productivity for task-specific workers but is less effective for senior workers, empha-
sizing the role of organizational dynamics, experience, and trust in successful Al in-
tegration. Moser et al. (2024) argue that AI’s effectiveness in achieving competitive
advantage depends on its integration into organizational and industry contexts, as its
computational outputs may fail to deliver better outcomes when misaligned with local
conditions, cultural dynamics, or industry-specific practices. This highlights the im-
portance of contextualizing Al within organizational realities. Consider, for instance,
generative Al systems where outputs are produced efficiently and quickly but may
nevertheless fail to achieve their intended purpose (e.g., effectively communicating
key priorities in textual formats) and can instead result in misrepresentations and
hallucinations (Hannigan et al., 2024) and in hindering important relations among in-
dividuals (Hinds and von Krogh, 2024). We argue that deeper discussions are needed
to better situate and understand the role of AI's computational superiority in an orga-
nizational context and how that interacts with human expertise and human relations.

Furthermore, while computationally superior, Al-driven predictions and outcomes
have boundary conditions for both applicability and application. In terms of applica-
bility, Townsend et al. (2023) and many other scholars (e.g., Jia et al., 2024; Raisch and
Fomina, 2023) have demonstrated that Al has a difficult time identifying novel patterns
that incorporate intuitions about uncertain aspects of the world. Adding to the challenge
are the rapidly moving boundaries of Al technology and the data requirements of those
newest systems. In terms of application, OM'T scholars have pointed out that Al predic-
tions — while computationally superior — are not always used by professionals and deci-
sion makers in organizations (Lebovitz et al., 2022). This means that there are agentic
considerations when it comes to Al prediction that are not isolated from organizational
reality: rather, they are embedded in it. In this sense, we need to foreground and under-
stand humans’ perceptions about Al and the relational considerations and practices that
condition how Al is integrated or how and why potential aversion takes place, and what
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the deeper implications of such processes are for the ways individuals experience work
and relations with others.

Decisional objectivity. As noted by many scholars in our review and debated by others,
Al is perceived as being more objective than humans, given its ability to escape
humans’ bounded rationality (Murray et al., 2021; Raisch and Fomina, 2023; see also
Simon, 1991). However, how are rationality and decisional objectivity built in the first
place, and what are their sub-components or distinct elements? Are there bounds to “Al
rationality”? If so, are they similar to or different from humans’ bounded rationality?
There are interesting opportunities to theorize Al decisional objectivity around these and
similar questions.

As a variable of interest, Al is often viewed as inscrutable and opaque, as essentially
a black box technology that explains the ambiguity and (in)explicability of Al in or-
ganizations (Lebovitz et al., 2022). Yet, while Al is often black boxed in how it ends
up making particular predictions, the determinants of its rationality involve the types
of data used for training, algorithmic design choices, and data work practices occur-
ring in the backrooms of data science as well as in the frontstage of domain experts’
work (Alaimo et al., 2020; Kostis et al., 2024; Muldoon et al., 2024; Parmiggiani
et al., 2022). IFrom the data work angle, Al fundamentally depends on situated data
construction and the organizational conditions and contexts under which such con-
struction takes place. Given that data are seen as context-dependent and not raw
objective entities, Al can thus be portrayed as potentially bias-inflicted and a poten-
tial booster of marginalization and inequalities. Additionally, more data work studies
are needed to shed light on the ethical dimensions that surround the construction of
the assumed Al rationality. Foregrounding the role of data work provides multiple
potential research opportunities for how Al is developed, approached, and used, and
what Al rationality means. For instance, studying data work can explain Al rationality
as inflicted by dominant perspectives or how organizational actors address different
types of opacity in Al In this regard, some Al models might be (partially) explainable
through their algorithmic design and the nature and features of their training data.
Future research should be more critical in its assumptions of what aspects of Al are
truly black boxed and which can be explained via a more detailed understanding of
data and algorithms, and organizational work around them.

Another interesting theoretical opportunity is to be more specific about Al’s
“bounds” of rationality. As noted above, Townsend et al. (2023) have already theo-
rized about AI’s limitations under Knightian uncertainty. These bounds resemble the
behavioural bounds identified by Gavetti (2012) related to rationality, plasticity, and
shaping abilities — the more distant the opportunities pursued, the more behavioural
failures take place across these dimensions. Relatedly, Nishant et al. (2024) demon-
strate that Al rationality, given that it follows mathematical optimization procedures,
can lead to poor decisions in complex contexts. Given these accumulating pieces of
evidence and arguments, there is a need for further research to study the boundaries
of AI rationality across different dimensions. The distant opportunity search is an
obvious one, especially if (and when) Al is constrained by training data that rely on
past events and episodes. Other dimensions might relate to the material world — there
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may be data that exist outside the scope of AI’s training data or access — and can play
a role when pursuing objectivity. In summary, we believe that Al is only truly objective
within a certain system relying on specific assumptions, and examining the boundar-
ies of that objectivity is central to understanding the implications and limitations of
Al in organizations.

The organizational boundary conditions for decisional objectivity include how the
decisions are interpreted in the organizational context and what relations and actors
are involved in interpreting those decisions. While Al might appear as a perfectly ra-
tional agent — and formally act as one (Nishant et al., 2024) — its objectivity might be
questioned or contested in the organizational context, and new relations and actors
might be needed to enact or contest such objectivity. Similarly, Grote et al. (2024)
highlight the importance of aligning control and accountability among the stake-
holders involved in Al development and use. They argue that this alignment fosters
collaborative processes for interpreting Al outputs, ensuring that decisions are not
only technically accurate but also contextually relevant and socially credible. This
emphasizes the need for shared governance and relational mechanisms to translate
AD’s outputs into actions, thus addressing the inherent complexities of organizational
decision making;

Theorizing AT Anthropomorphism

The initial goal of Al developers was to develop systems that would mimic or re-
place human intelligence (Russell and Norvig, 2016). Indeed, as we have documented
above, the significant leaps in this pursuit have led to both conceptual and theoret-
ical expectations that Al behaves and operates similarly to or closely resembles the
intellectual operations of humans. The Al literature across different disciplines has
conveniently used terms such as learning, creativity, adaptation, and agency (Berente
et al., 2021; Tong et al., 2021). This is not surprising given that these are the features
of human intelligence and intent that Al systems are intended to imitate. However,
while they may appear similar from a distance, Al and humans are obviously different
entities. Therefore, taking anthropomorphic portrayals at face value risks simplifying
or overlooking the differences between humans and machines. Therefore, we need
to build a research program to explain the nuances of “humanlike” features of Al in
organizations.

Anthropomorphic agency. Al can be viewed as an (impersonal) calculator and statistical-
mathematical algorithm that uses the data provided to it or as an intelligent agent that is
able to perform humanlike functions such aslearning, adaptation, and execution (Haenlein
and Kaplan, 2019). The first perspective sees Al as an organizational technology that
helps optimize and economize a variety of predictions; Agrawal et al. (2018), who are
cited in several OMT studies, discuss the metaphor of “prediction machines.” While
logical and useful, this approach could miss out on theorizing some of the increasingly
interactive and humanlike affordances of Al systems, such as goal-oriented adaptation,
intentionality, and reasoning.
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First, when anthropomorphic agency is a variable of interest, we should put more
effort into recognizing the agentic limitations and idiosyncrasies of Al in organizations.
As noted by several scholars (Anthony et al., 2023; Jia et al., 2024), Al and humans
might play very different roles inside organizations. In some other cases, Al might fully
replace human tasks or roles (Raisch and Krakowski, 2021). Empirically, we can pursue
identitying the relative ability of Al to engage in mimicking human behaviour, both di-
rectly by observing what Al does and indirectly by observing the tasks that Al replaces.
Beyond these types of observations, we urge scholars to go deeper into what constitutes
“Al creativity,” “Al agency,” or “Al persuasion,” for instance. What are the driving forces
of these processes? Are they artefacts of human design or perhaps an emergent feature
of the technology that is perceived and valued by organizational observers (see Vanneste
and Puranam, 2024a)?

A second important and emerging theoretical pathway for anthropomorphic agency
is on the other side of the equation — the “machinification” of humans and their
work. By human machinification we refer to a perspective that focuses on questions
such as how to maximize humans’ willingness and ability to follow machine agency
or machine-in the loop (e.g., via algorithmic management, Kellogg et al., 2020), or
how to structure work so that it is better and more readily monitored by algorithms
and surveilled via data (e.g., Pachidi et al., 2021). In citing this emerging assumption
as an example, we see an urgent need to reveal, discuss, and debate foundational field
assumptions, their interconnections, and the ways or conditions under which they
enrich current theorizing efforts. While the automation-augmentation framework has
been widely (and perhaps prematurely) adopted as a key lens to look at Al and human
collaboration, revealing, discussing, and debating AI’s anthropomorphism and hu-
mans’ machinification can move the field toward other types of relevant theoretical
endeavours. We also invite scholars to consider whether such machinification could
be considered even as an alternative root metaphor for studying the intersection of
Al and organizing processes.

In terms of boundary conditions for anthropomorphic agency, we should be mind-
ful of the implications when Al is perceived by an individual or an organization as
doing something humanlike, despite the indisputable differences between humans
and Al systems. We propose a grounded perspective that we call performative anthro-
pomorphism that could help identify the instances and mechanisms through which hu-
mans develop perceptions and emotions for Al due to AI’s humanlike features and
identify how those emotions manifest themselves and are managed and regulated over
time. This includes understanding how humans relate to, rely on, and/or distrust
AD’s predictions when Al appears to display human characteristics, even though its
“humanity” is in essence a fiction. For instance, how does the language and tone of
GenAl influence the perceived trustworthiness, persuasiveness, and credibility of the
provided content? There is a nascent research program on this aspect in consumer
marketing and chatbot literature that could provide some inspiration. For instance,
Adam et al. (2021) found that humanlike features in Al increase users’ engagement
with Al chatbots, Hu and Lu (2021) identified various user perceptions of humanness-
related features of Al, and Grimes et al. (2021) showed that users who believe they
are interacting with a person rather than an Al chatbot increase their expectations
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of the quality of the interaction. More recently, in the OMT domain, Vanneste and
Puranam (2024a) theorize how perceived agency changes along with the opacity of
Al systems; when opacity reduces and essentially Al becomes less black boxed, per-
ceptions of agency also decrease. Indeed, with the advent of generative Al models,
Al is increasingly perceived as agentic, and this will have major implications on how
organizational actors interact with and form expectations such as trust regarding Al
(Vanneste and Puranam, 2024a, 2024b). Such notions can be applied to much broader
organizational contexts and expanded to explain when and how performative aspects
of anthropomorphism play a role in organizational and managerial processes and in
relations among organizational entities.

Organizational actorhood. Actorhood in organizations relates to who takes the initiative,
how different actors are prioritized, and which actors drive decisions. Interestingly,
an increasing number of scholars have begun studying the role of Al as an actor in
organizational and social systems (Anthony et al., 2023; Bailey et al., 2022). An important
research opportunity remains in further identifying the distinctive roles and relative (dis)
advantages of Al and humans in organizational systems.

As a variable of interest, it is important that we identify what is required from Al to
gain actorhood in organizational contexts. While actorhood is a well-known concept
in OMT (Patriotta, 2020), the actorhood of Al as part of different institutions and or-
ganizations is much less understood. To graduate as an “actor” within an institutional
arrangement, Al would need to be able to both act and possess the legitimacy to do so.
This is a question that might be evolving with technology and our normative expecta-
tions of Al systems and their relative autonomy (Vanneste and Puranam, 2024a), but it is
also important on a theoretical and ethical level. We need more studies explaining when,
why, and how Al gains actorhood in institutional and organizational settings.

In terms of the boundary conditions, we first need a better understanding of orga-
nizationally embedded Al, following the accounts of organizational scholars regard-
ing technology as constitutive of relations and interwoven with organizing (Bailey
et al., 2022). Here, Beane and Leonardi (2022) note that while prior research has in-
vestigated linkages between changes in the nature of work when new digital technolo-
gies are introduced, the most profound changes happen after digital technologies have
become parts of the organization and begun shaping organizing processes. Thus,
instead of looking at whether a decision or task is automated immediately upon the
introduction of a new Al tool, deeper insights are needed into what the involvement
of Al as an organizational actor in a task means for organizing and the relations that
emerge, are reconfigured, or become obscured within an organization. Importantly, as
an organizational actor, Al has an expanded reach and the capacity to simultaneously
influence multiple parts of an organization while creating new interdependencies and
exchanges (Bailey et al., 2022). Having the capacity to integrate data collected by
the different digital technologies that exist within an organization, Al can provide
insights into different parts of the organization and create integrations that were not
previously imaginable. Future research can expand on these ideas by considering how
different forms of rationality manifest in such cascading changes and what role an-
thropomorphism plays in further reshaping relational dynamics, especially with the
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increasing physicality of Al systems, such as robots, drones, and other technologies
that are embedded with ML and even generative Al features. In addition, if Al rep-
resents an actor that is embedded, like the human being, within an organizational
context, then multiple Al actors are expected to be involved and interact with one
another. However, it has been both striking and surprising to see a lack of interest in
AI-AI collaboration, despite the data exchanges that increasingly take place among
Al systems within an organization. Following this logic, future empirical work could
focus on how predictions offered by different Al systems are interlaced or conflict with
one another, creating new organizing needs and coordination requirements. In this
regard, alternative root metaphors and related assumptions could support a deeper
understanding of how Al systems gain organizational actorhood.

Second, there is tension between the expectation that humans can alter Al sys-
tems or are (more or less passive) recipients of the capabilities of those systems; the
latter perspective is closely related to our earlier discussion of the machinification
of human agency and action. Indeed, situations have been identified in the litera-
ture in which humans are expected to change their behaviour based on Al-driven
predictions (Lebovitz et al., 2022) or demands made by Al systems (for a summary;,
see Kellogg et al., 2020; for a contrasting view, see Waardenburg et al., 2022). An
alternative starting point could begin with human capabilities and examine how Al
could be altered over time to complement those. The solution to this tension is to
view human-Al interplay as a two-way street. Humans are the subjects, users, and
receivers of Al capabilities, but they are also the creators, editors, and overseers of
those capabilities. This requires recognizing that Al and human systems essentially
co-evolve over time and jointly constitute new patterns of behaviour, novel capabili-
ties, and different types of outcomes that require agency and contribution from all
actors within a system. Indeed, some scholars have begun moving in this direction.
For instance, Krakowski et al. (2023) note that while replacing traditional human
domain-specific cognitive capabilities with Al’s computational abilities provides cer-
tain benefits, it also “enables complementation when humans use previously domain-
unrelated cognitive capabilities to augment machines’ capabilities, thus creating new
persistent sources of competitive advantage” (p. 3). This emphasizes the central role
of individuals’ domain expertise and that AI’s rationality is not inherently sufficient
to produce positive organizational outcomes. Furthermore, combining human intu-
ition and machine rationality is key because automation cannot be separated from
augmentation, and the juxtaposition of the two approaches “generates outcomes that
neither application can enable individually” (Raisch and Krakowski, 2021, p. 200).
Indeed, as Anthony et al. (2023) highlight, drawing on the notion of distributed cogni-
tion (Hutchins, 1991) and paying attention to how Al changes the ways that cognitive
functions are altered, with new forms emerging that provide a promising pathway
forward. Finally, viewing Al as having organizational actorhood has cascading effects
on the skills required of human actors. We call on scholars to pay attention to this
issue and to consider whether and under what conditions increasing reliance on Al
systems can lead to deskilling.

© 2025 The Author(s). Journal of Management Studies published by Society for the Advancement of Management Studies
and John Wiley & Sons Litd.

:sdiy) suoNIpUO.) pue swo | o) 095 [9707/20/L1] U0 Aeiqr auuo Aojip “AFojouyos] JO Ansioatun eueiusadder] Aq 9pze [ SWol/| | [0 1/10p/wooKojm AIeiqiaut]uoy/:sdpy woiy papeojumoq ‘Z 9207 “9849L9b |

Ko

95K suOWILIO)) dAKEAL) d[qeat]dde ay) £q POUIdAOT SIE SI[IIE V() 2SN JO I[N 10§ AIEAGIT AUIUC) AD[IAY UO (:



Rethinking How We Theorize Al 799
CONCLUSION

Alongside a social science of data (Alaimo and Kallinikos, 2024), we need to increas-
ingly incorporate social science ideas when theorizing Al in OMT and when develop-
ing cumulative contributions that provide a strong organizational and management
lens within the broader social science movement of Al (see, e.g., Joyce et al., 2021;
Liu, 2021; Sartori and Bocca, 2023; Zajko, 2022). To accomplish this, we should pro-
gressively build on the scaffolding insights of OMT scholars’ theorizing efforts that
extend, modify, and challenge the initial expectations placed on Al systems, based
on research in computer science and economics. While that literature has been and
remains central in understanding the potential of AI, OMT scholars need to adopt
a more penetrating, nuanced, and holistic view of the role of Al in organizations. In
this regard, we hope that our problematizing review has revealed the potential of the
organizational literature to move forward in building a research program that pro-
vides complementary and novel insights.

In theorizing Al in OMT, we organizational scholars need to make both informed
theoretical choices and accept “informed compromises.” For informed theoretical
choices, we have suggested studying the field assumptions of rationality and anthropo-
morphism both as variables of interest (i.e., going deep into an assumption and theoriz-
ing it) and as boundary conditions (i.e., situating the assumptions within organizational
and social contexts). For informed compromises, we advocate intellectual humility in
recognizing that Al remains partly a “black box” (see also Hinds and von Krogh, 2024)
around which we will need to theorize. Relatedly, while OMT scholars increasingly
identify the differences across various Al paradigms (e.g., Townsend et al., 2023), we
might have to accept that it is difficult to fully capture the nuances of this rapidly evolv-
ing technology. Yet, we believe that the identified field assumptions and the emerging
theoretical streams and questions that help make sense of them provide a pathway
toward better theories, richer explanations, and a deeper understanding. Furthermore,
while we focused on examining how the root metaphor of Al has affected the theoriz-
ing efforts in OM'T, we call for more scholarship to question this approach and build
new, even confrontational metaphors to examine the role of intelligent technologies in
organizations and society.
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NOTES

[1] Current reviews on the topic of Al in OMT tend to focus either on particular applications of Al in a
given field (Di Vaio et al., 2020; Haefner et al., 2021) or on Al as a tool (Glaser et al., 2021), lacking a
critical metatheory perspective on how Al is studied in the field overall. We believe our review approach
complements these types of studies by offering alternative lenses through which to critically reflect on
the implicit and explicit assumptions in theorizing (Alvesson and Sandberg, 2011).

[2] There is some literature discussing — sometimes even critically — the dominance of top journals in the
field of management. Yet, the broadly adopted view is that research published in top management
journals tends to be more influential and is perceived as more legitimate than studies published in other
journals, and that these journals are more exclusive given the higher level of rigor and oversight used in
their review and editorial processes (Singh et al., 2007; Zickar and Highhouse, 2001). Given our focus
on the emerging theoretical field assumptions of Al in OMT, we feel that focusing on top 12 journals is
warranted.

[3] While we do not consider papers with a primary focus on data in organizations without a separate or
tangential consideration of Al as part of our core set of reviewed papers, we still follow the principle of
problematizing reviews in acknowledging any relevant work in the field that is informative for the review.
Therefore, we cite — as appropriate — other OMT literature throughout this paper when discussing field
assumptions or future research agenda.
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Abstract The new generative Al (GenAl) paradigm offers unprecedented opportu-
nities for users to tap into. Al capabilities are increasingly helpful in creative and
knowledge-intensive domains that have long been considered a territory of human
expertise. The new breed of chatbots is based on large language models (LLMs), and
they have overcome many constraints that plague the everyday use of previous Al
technologies. This article employs the theory of affordances to understand how
ChatGPT facilitates (i.e., affords) and constrains (i.e., disaffords) the usefulness
of a new breed of chatbots. We further divide two distinct yet interrelated dimen-
sions of new Al affordances: creational and conversational. Via 29 interviews with
professionals using ChatGPT in various creative and knowledge-intensive sectors,
we identify three creational affordances (content creation and enhancement,
knowledge acquisition and creativity augmentation, and task automation) and
three conversational affordances (contextual sensitivity, interactive accessibility,
and human-Al workflow synergy). Creational affordances refer to the system’s abil-
ity to produce novel outputs and automate routine work, whereas conversational
affordances encompass the variety of interaction possibilities with an Al system.
Both affordances also involve disaffordances that limit the usefulness of the new
types of Al systems. Furthermore, we introduce an integrated framework that
shows how creational and conversational affordances reinforce each other via
meta-affordances of accessibility, accumulation, and adaptability. We illustrate
our findings with practical examples and offer guidelines for using these emerging
capabilities in company settings.
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1. The emerging potential of the
generative Al revolution

Once considered the domain of computer scien-
tists and software engineers, Al has become
important for practically everyone. Chatbots,
algorithmic tools, and other interfaces—most
prominently, ChatGPT (Chat Generative Pre-
trained Transformer)—have provided access to
large language models (LLMs) to everyday users
who are continuously coming up with new use
cases across all types of industries (Dwivedi et al.,
2023; Ritala et al., 2024). Although the new
generative Al (GenAl) revolution promises that Al
can do everything and anything, many are
confused about exactly what it can do for them
and their companies. Given the accumulating evi-
dence (Brynjolfsson et al., 2023; Feng et al., 2024;
Gilardi et al., 2023; Noy & Zhang, 2023) and
consultancy-generated estimates (Chui et al.,
2023) about the productivity benefits of GenAl, it
is important to understand how to make the best
use of this new technology. To date, every orga-
nization has had to create its own procedures and
practices, and universal practices are lacking. To
make things more difficult, Al-based tools evolve
quickly, and the guidelines that were solid
yesterday may be outdated tomorrow. At the time
of writing this article, we are still in the early days
of ChatGPT and GenAl, which means that nobody
fully understands the extent to which work prac-
tices will change in the coming years.

The literature in this area is still nascent, with
evidence only beginning to emerge. The first
studies have showcased various ChatGPT use cases
across industries (Dwivedi et al., 2023; Ritala
et al., 2024) and in specific industries or con-
texts, such as marketing and advertising (Cui
et al., 2024; Osadchaya et al., 2024; Paul et al.,
2023), customer service (Ferraro et al., 2024),
tourism (Carvalho & Ivanov, 2023), education
(Hashmi & Bal, 2024; Kasneci et al., 2023), and
innovation management (Bouschery et al., 2023;
Sundberg & Holmstrom, 2024). However, there is
no consensus on exactly how this new technology
fundamentally changes users’ abilities in their
professional and organizational environments.
Finally, it is still unclear what tangible steps
companies, their managers, and individual experts
should take to turn ChatGPT and GenAl into valu-
able tools for their daily lives and contribute to the
competitive advantage of companies.

We adopt the technology affordance theory
(Faraj & Azad, 2012; Leonardi, 2011; Retkowsky
et al., 2024; Trocin et al., 2021) to examine what

affordances (i.e., action potentials of technology)
ChatGPT provides its users in professional settings
across industries and what disaffordances (i.e.,
constraints) of previous generation Al systems and
chatbots (see, for example, Lin et al., 2022) it
helps overcome. Creative tasks were previously
considered unlikely to be completed by Al systems
because of the pattern recognition nature of Al
(Kaplan & Haenlein, 2020), yet ChatGPT can
overcome such constraints because of the new
affordances it provides. In addition, more primi-
tive Al systems were difficult to access because of
their code-heavy interfaces (Sundberg &
Holmstrom, 2023). However, ChatGPT overcomes
this hurdle by enabling people with little to no
expertise to test prompts and develop code as
well. In this article, we focus on two distinct but
interrelated dimensions of new Al affordances:
creational and conversational. Creational affor-
dances involve the creative and productive outputs
generated by ChatGPT, while conversational
affordances involve the possibilities of users
interacting with Al systems. These two dimensions
are now available in the new breed of chat-
bots—not only ChatGPT but also an increasing
number of competing tools and capabilities.

Our insights are based on 29 interviews con-
ducted in Finland in the spring of 2023 with pro-
fessionals working in creative and knowledge
industries (e.g., advertising, marketing, business
consulting, software development, education, and
legal advisory). Based on our inductive analysis of
these interviews and the emerging literature on
generative chatbots, we distinguish the creational
and conversational affordances of ChatGPT and
provide practical illustrations and use cases. We
also identify new emerging disaffordances that
demonstrate how new risks and limitations also
arise along with new opportunities. Based on our
empirical insights, we develop a framework
demonstrating how the two sets of affordances
mutually reinforce each other in a virtuous
cycle—including three important meta-
affordances: (1) accessibility, (2) accumulation,
and (3) adaptability—which further facilitate
value creation. We conclude with a set of recom-
mendations for professionals and managers on how
to make the best use of these new capabilities.

2. New technology affordances and
disaffordances of Al

Technology affordances refer to “the possibilities
for goal-oriented action afforded to specific user
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groups by technical objects” (Markus & Silver,
2008, p. 622). In other words, affordances
involve different ways in which a user can interact
with or utilize a technology based on its features.
Scholars have shown that technologies both facil-
itate and constrain individuals’ goals (Faraj &
Azad, 2012). Technology constraints, or dis-
affordances, refer to the actions that users are
unable to accomplish using a particular technology
(Lin et al., 2022). In addition, when individuals
feel that technologies constrain them, they tend
to change the technologies, yet when technologies
enable them to do new things, individuals tend to
change their routines (Leonardi, 2011). Therefore,
technology affordances and disaffordances are not
inherent properties of users or characteristics of
the technologies themselves. Rather, they repre-
sent how a user interacts with the technology to
realize their own goals. For example, natural lan-
guage processing (NLP) is a core feature of Al that
enables machines to generate human-like lan-
guage. This feature affords a conversational
interaction between users and Al. Understanding
how technologies enable or constrain users also
has implications for how designers create user-
friendly interfaces and view the technology
beyond its features (Faraj & Azad, 2012). New
technologies like Al can also create new routines,
practices, and capabilities among users and within
organizations. In doing so, they can help overcome
disaffordances of previous technology while
potentially introducing new constraints as well. In
other words, with each new technology paradigm,
a new set of affordances and disaffordances arises.

Different Al technologies have previously
allowed individuals and organizations to effec-
tively explore and search for knowledge (Haefner
et al., 2021). Such possibilities are now widely
disseminated and improved dramatically with the
advent of LLMs and GenAl (Bouschery et al., 2023).
These capabilities of the new breeds of chatbots
like ChatGPT help overcome many of the dis-
affordances that have been limiting Al so far in the
creative and knowledge industries.” For instance,
rule-based chatbots have long been prevalent, and
they rely on large datasets to detect patterns and
create rules, yet their limited training data confine
their understanding of new and unlikely scenarios
(Paschen et al., 2019). In addition, the previous
generation of chatbots lacked human qualities like
the ability to express emotions and understand the
user’s varying contexts (Lin et al., 2022; Murtarelli

' For a summary of the long history of Al chatbot develop-
ment, see Kietzmann and Park (2024).

et al., 2021)—affordances that are imperative to
having an engaging user experience. Although Al
chatbot design has been focused on making it more
user-friendly, only a handful of conversational
chatbot solutions, such as IBM Watson, have been
designed to mimic human qualities while also
allowing for more flexible and empathetic re-
sponses as compared with static responses by the
rule-based chatbots (Adam et al., 2021).

The previous Al paradigms involved expert sys-
tems and machine-learning-based predictions that
excelled in information processing, prediction,
and analytics but lacked the holistic and intuitive
abilities of humans (Jarrahi, 2018). These para-
digms included for example, supervised learning
(the computer learns from a set of input-output
pairs, and Al is provided with labeled data), un-
supervised learning (the computer learns without
explicit instructions and finds structures in the
data on its own), and reinforcement learning (the
computer learns through rewards and punishments
and adjusts its actions based on human feedback),
or some combination of them. In contrast, modern
GenAl systems allow users to create completely
new content and provide a new set of technology
affordances, therefore expanding to human-only
territories by augmenting human capabilities
across a diverse range of fields. The development
of a GenAl paradigm has gradually built up in
recent years as various approaches to deep
learning, neural networks, and natural language
processing have been used for some time to sum-
marize and create knowledge (Jarrahi et al.,
2023). However, until the arrival of ChatGPT and
similar easy-access tools, such capabilities mostly
benefited professional and advantaged users. The
availability of ChatGPT and other GenAl tools by
everyday users has greatly increased the explora-
tion and diffusion of the potential use cases and
practices (i.e., affordances) of Al systems, as well
as helped overcome the constraints of previous-
generation Al.

3. The new breed of Al affordances

Recently, the new wave of GenAl tools such as
ChatGPT has received significant attention and
shown preliminary evidence for a variety of pro-
ductivity benefits. An early contribution by
Bouschery et al. (2023) demonstrated that GPT
models can augment human creativity in new
product ideation and concept creation processes.
Ritala et al. (2024) showed that ChatGPT has
allowed knowledge workers in different industries
to routinize mundane knowledge work tasks (e.g.,
drafting emails and summarizing meeting notes)
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and has helped brainstorm completely new ideas
and concepts in fields including sales, marketing,
and consulting. Emerging quantitative evidence
indicates that ChatGPT can significantly improve
productivity in  customer support  work
(Brynjolfsson et al., 2023) and in professional
writing tasks (Noy & Zhang, 2023). Furthermore,
Gilardi et al. (2023) showed that ChatGPT can
outperform human workers in routine knowledge
tasks, such as text annotation. Several studies
have suggested that ChatGPT can be particularly
helpful to lower-skilled or low-performing workers
because it can close the skills gap with the help of
Al (Brynjolfsson et al., 2023; Noy & Zhang, 2023).
This finding is coupled with the assessment that
ChatGPT especially impacts higher-income and
higher-education-aligned occupations (Eloundou
et al., 2023). Overall, the evidence on affordan-
ces provided by ChatGPT highlights the major
potential to create novel content and ideas,
augment human creativity through a wider
knowledge base, and improve the productivity of
mundane and repetitive tasks. Collectively, we
call these benefits the creational affordances of
GenAl, including traditional notions of creativity
(in producing novel outputs), while also auto-
mating routine aspects of work (i.e., producing a
variety of useful outputs).

Conversational affordances have been studied
relatively little in the context of GenAl. However,
there is a greater understanding of previous-
generation Al chatbots and their relationships
with users. For instance, Gkinko and Elbanna
(2023) found that some users viewed chatbots
merely as search tools, while others adopted them
as virtual personal assistants. Moreover, Adam
et al. (2021) found that anthropomorphism (i.e.,
adding human-like features to Al) and consistency
increased users’ likelihood of engaging with chat-
bots. Hu and Lu (2021) also found that users have
differential perceptions of the humanness-related
factors of conversational Al systems, while Grimes
et al. (2021) demonstrated that when users believe
they are engaging with humans rather than chat-
bots, their expectations for interactions are
higher. We are now witnessing how the new breed
of chatbots like ChatGPT are changing these
conversational affordances and potential con-
straints into a radically new configuration. In an
intuitive—even cunning—way, chatbots are now
able to engage with users and provide them with
unprecedented feelings of encouragement, inspi-
ration, and satisfaction.

4, Leveraging the creational and
conversational affordances of ChatGPT

Although the use cases and practices around
ChatGPT are still emerging, several creational and
conversational affordances are present across mul-
tiple industry and company settings (see Table 1). In
Section 4.1., we outline these key affordances that
are available for multiple types of productive pur-
poses and supercharge how the new breed of chat-
bots augment (i.e., complement or involve synergies
with) and automate (i.e., replace or take place of)
human efforts. We use industry-specific aliases (e.g.,
Software Consultancy A, Advertising Agency A, and
Business Law Firm A) to provide illustrative quotes
and examples from professionals working in creative
and knowledge industries.

4.1. Creational affordances

4.1.1. Content creation and enhancement
Creating new content is the revolutionary feature
of GenAl systems in general, and when ChatGPT
was introduced, it was this affordance that caught
everyone off guard. The major benefit is the
scalability of new content creation for both
routine work (e.g., creating legal contracts and
providing software coding snippets) and creative
work (e.g., creating new ad slogans and design
sketches). The generative nature of content cre-
ation is true to the broader understanding of
generativity (i.e., the ability of a system to come
up with unbounded combinatorial innovations;
Thomas & Tee, 2022). The new breed of chatbots
will unlock the creative side of content creation at
scale, releasing the previous constraints that
limited the amount of high-quality content.

GenAl systems typically excel at summarizing
and modifying content. There is often a lot of
textual or visual content in different formats that
can be edited, modified, or summarized which
improves the overall quality of the content.
ChatGPT helps digest and synthesize large
amounts of text by extracting key insights and
effectively presenting information. As an inter-
esting use case, a vice president from a software
consultancy used ChatGPT to summarize all the
blog posts he had written in the past, providing a
useful overview of the key knowledge base and
arguments that had been built previously. In sum,
ChatGPT not only helps to create new but also
helps to improve existing text.
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Table 1. Creational and conversational affordances of ChatGPT
Aggregate dimensions Main themes Detailed categories
Content creation and e Creating new content
Creational affordances: enhancement e Summarizing and modifying content
Complementing human creativit Knowledge acquisition and ¢ Knowledge base acquisition
P s y creativity augmentation e Creative search facilitation

and productivity with Al-generated

outputs

Task automation

e Accelerating knowledge work
e Elimination of unnecessary work

Contextual sensitivity

e Maintaining conversational context
e User-driven fine-tuning

Conversational affordances:

Fluent, continuous, and cumulative
chat-like human-machine interaction

Interactive engagement

e Improved responsiveness
e Inclusive and user-friendly interface
e Pervasive adoption

in natural language

Human-Al workflow synergy

e Acting as a sparring partner
e Emergent team roles

4.1.2. Knowledge acquisition and creativity
augmentation

Knowledge base acquisition is a feature that we
found to supercharge the learning process for
many professionals. A substantial number of in-
terviewees viewed ChatGPT as a de facto
replacement for Google Search, allowing users to
effortlessly access and integrate information
across diverse domains present in the training
database. Furthermore, many professionals found
it useful to synthesize long and complicated texts
from new domains, quickly capturing the key
learnings and arguments for easy entry into a new
area. As such, chatbots helping to translate and
summarize materials can act as personal learning
tutors or coaches, accelerating and augmenting
professionals’ learning.

Creative search facilitation is a new affordance
in which the search function not only returns a list
of resources—like in Google Search—but also a list
of converged and synthesized ideas and perspec-
tives. ChatGPT acts as a catalyst for augmenting
human creativity and plays the role of an idea
generator in the content creation process, thus
helping users overcome challenges such as writer’s
block or the blank page syndrome and providing a
starting point for users’ creativity. In essence,
ChatGPT acts as a creative search engine that
supports the initiation and augmentation of users’
creative search for ideas. The CEO at Creative
Agency E called ChatGPT “a very hard-working
idea generator next to you, giving ideas.” Several
interviewees agreed that the connection between
human ingenuity and the generative capabilities of

ChatGPT boosts their thought processes and en-
hances their overall creative output.

4.1.3. Task automation

Accelerating knowledge work relates to the holy
grail of Al development: the ability to mimic and
replace human intelligence. Although the previous
generation of chatbots could automate some
amount of routine work, the new and improved
content creation abilities of ChatGPT further
accelerate knowledge work. ChatGPT allows for
more work to be done in less time, thereby
allowing users to allocate their time to solve
complex problems instead of easy routine ones, or
for companies to grow their businesses without
adding more workers. Many users noticed that they
could get a head start for a variety of tasks by
having ChatGPT generate base material so that
they could tailor more specific or advanced con-
tent. Ideally, by automating some knowledge work
tasks, there is more time and capacity for higher
productivity inputs.

If | look at some of the experiments | did, for
example, | tried to create 30-page course
material. Normally, it takes about 3 or 4 days
of work to get that sort of thing out. | was
also able to create decent course material in
about 3 hours using ChatGPT. So, the effi-
ciency you could get out of this is very good.
(Digital Training Provider A, Digital Skills
Specialist)

The elimination of unnecessary work is a major
promise in making the lives of white-collar workers
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better. There are many repetitive and arduous
tasks that knowledge workers tend to despise, so
getting help in this aspect improves productivity
and boosts work quality. ChatGPT helps streamline
workflows and reduce manual effort by “elimi-
nating laborious and repetitive tasks, such as
spotting anomalies or similarities, from large
amounts of texts and automating such tasks to
some extent” (Software Company C, Chief Product
Officer). Essentially, many users found that they
could effectively outsource some of the most
arduous tasks that previously required significant
time and mental resources to ChatGPT.

4.2. Conversational affordances

4.2.1. Contextual sensitivity

Maintaining a conversational context is something
that the previous generation of chatbots could not
do—to the frustration of their users and customers
who received guidance from service chatbots.
ChatGPT excels at understanding language in-
tricacies and responding to queries in a manner
that helps maintain a specific context for a pro-
longed period. With ChatGPT, the ability to
perceive users’ needs, intentions, tone, and se-
mantic meanings is far superior to that of previous
chatbots. This allows the model to tailor its re-
sponses to reflect the desired tone or level of
detail, thereby personalizing the conversational
experience. Furthermore, the increased input
token limit enables ChatGPT to handle larger text
inputs compared with previous chatbots. All of
these features improve the model’s capacity to
retain and remember the context, facilitate
longer, turn-based conversations, and solve com-
plex queries.

Chatbots in the early phases of development
were quite deterministic. So of course, with
clever programming, one could make them
feel a little bit less deterministic, but typi-
cally, they were quite deterministic, with
queries with some clever designing behind
the scenes. But still, they kind of gave the
same kind of responses to similar questions.
But [ChatGPT] doesn’t feel deterministic. It
actually feels quite creative. It understands
what the user is asking and can quite elasti-
cally adjust tone and content when it replies.
| would say that’s the main difference when
you compare it to any other system. (Soft-
ware Consultancy C, CEO)

User-driven fine-tuning is a crucial new feature that
improves and enables the contextual sensitivity of
new-generation chatbots like ChatGPT. In this

regard, prompt engineering refers to textual com-
mands aiming to iteratively improve the outcomes of
generative models by further refining the results in a
particular direction (see Robertson et al., 2024).
Fine-tuning, on the other hand, refers to the over-
arching sensitization of LLMs to work better in the
users’ context. On the one hand, while previous
chatbots required proficiency in prompt engineering
to produce a response, ChatGPT always produces
some kind of output. On the other hand, ChatGPT
requires multiple iterations, a substantial volume of
inputs, and a degree of proficiency in prompt engi-
neering to optimize the output fully according to
users’ needs. According to the Managing Director at
Software Consultancy A, there is a reduced need for
extensive prompt engineering with ChatGPT
because it can generate appropriate responses with
simple prompts. This contrasts with previous lan-
guage models, which required formulating prompts
with precise instructions to obtain optimal outputs:

If you ask, ‘Write me a poem,’ it will write you
the poem. You don’t need to think much. In the
earlier versions, you needed to be very careful,
give instructions, and maybe have a look at
some examples like discussion (portals) on how
other people create similar prompts. (Software
Consultancy A, Managing Director)

In addition, ChatGPT functions based on rein-
forcement learning, in which an Al system learns
through trial and error and improves its perfor-
mance based on fine-tuning from users. Providing
feedback on the quality and relevance of re-
sponses helps extend the training data beyond the
initial pretraining phase, which enables the model
to provide more accurate and contextually
appropriate answers. Such feedback can establish
a continuous feedback loop that aids in the
improvement of the model itself, which can then
become even more useful. Given that ChatGPT can
access online content in real-time—by tapping
into a massive amount of fresh and continuously
increasing data—we expect its capabilities to
learn new things and give accurate answers to
users to significantly improve going forward.

4.2.2. Interactive engagement

Improved responsiveness is a major conversational
leap that makes chatbots work with the idea of
chatting (i.e., seamlessly, intuitively, and in real-
time). Previously, conversational Al tools (e.g., Siri
and Google Assistant), provided rudimentary or
incomplete answers. ChatGPT and the other new
breed of chatbots have taken a major step forward
by providing real-time responses to user queries
using natural language processing, which enables



Creational and conversational Al affordances

621

intuitive and seamless conversational experiences.
This improved responsiveness to various user needs
is highlighted in the following statement by an
interviewee:

They are fundamentally different. If you look
at previous types of Al, they are either very
crude and, half the time, they give you
nonsense answers. Like, if you compare
ChatGPT to Siri or Google Assistant, those
were pretty good, but a lot of the time they
ended up with you not getting the answer you
wanted. (Digital Training Provider A, Digital
Skills Specialist)

An inclusive and user-friendly interface ensures a
more approachable conversational experience for
people with different kinds of expertise, which is
enabled by the system’s ability to use natural
language to communicate with users and provide
useful prompts. Inclusivity and user-friendliness
further increase the possibilities for people with
little to no technical expertise or prior experience
with Al technologies to test prompts. This elimi-
nates the need for technical jargon and allows new
types of Al power users and champions to emerge.

The user experience is so easy that you can
learn [ChatGPT] quite quickly. Now, if you
have focused these past few months on
learning the new thing [ChatGPT], you can
talk about it quite equally with the top ex-
perts in the world, like me. | am a marketing
expert by background. | am not a technology
person. Yet | can now talk about these topics
with anyone. (Creative Agency C, CEO)

The pervasive adoption of ChatGPT further helps
to make interacting with Al an everyday task
rather than a special event. Unlike proprietary
systems—such as IBM Watson, which was initially
limited to specific enterprise clients and involved
licensing fees—ChatGPT has democratized avail-
ability to everyone. The intuitive and easy-to-use
interface encourages people across various domains
to effortlessly try different tasks with ChatGPT,
which increases its widespread adoption. As
ChatGPT becomes more prevalent, users will gain
more familiarity with the conversational dynamic
and learn how to effectively use the tool for specific
tasks. In this vein, the chief product officer of a
software company emphasized that natural lan-
guage interfaces are becoming the new standard for
human-computer communication—particularly for
complex tasks—with ChatGPT being the first mass
product to be embedded into Microsoft Office
products, probably still in 2023—2024.

4.2.3. Human-Al workflow synergy

Acting as a sparring partner is a feature that up-
grades ChatGPT from a simple tool to a human-Al
collaborative partnership. ChatGPT engages in a
back-and-forth conversation between the model and
the user in an iterative, ongoing process. This back-
and-forth dynamic, which was not easy to achieve
with previous-generation Al systems, contributes to
a new human-Al workflow synergy combining human
ingenuity with machine-generated insights. The
ubiquitous and 24/7 availability of conversational
sparring involves major changes in the ability of
professionals to iterate and improve their thinking.

My CTO—the guy says he won’t call his coding
colleagues anymore when he gets stuck. He
asks ChatGPT because he has prewritten which
language, which version, which stack, “This is
the problem I’m solving, here is the language,
prompts.” That’s how he gets at any time of the
night. He has a sparring buddy. (Small Business
A, Al Evangelist & Trainer)

Emergent team roles change the way professionals
position Al in their organizations and teams. Many of
our interviewees tended to anthropomorphize
ChatGPT by perceiving it as an actual team member.
Indeed, we found that integrating ChatGPT into or-
ganizations can introduce new team roles and
transform traditional work dynamics. Some pro-
fessionals saw ChatGPT as a personal assistant who
could assist with basic administrative tasks, creating
meeting memos, responding to emails, and gener-
ating reminders. Others saw ChatGPT as playing the
role of a creative worker or another specialized team
member, reflecting the capabilities that Al can bring
that resonate with what was previously only the
human domain. Approaching ChatGPT as a new
member of a team highlights the shift whereby Al is
seen as a collaborator rather than a tool:

It is a good way to describe it—that you have a
new member there. You could say that in the
world of marketing agencies, there is one very
important team, and that is AD [advertise-
ment] and copy. That is where the ideas and
concepts start—the fairy dust that is market-
ing. In this new world, the most important
team is humans and machines. The machine
boosts the human’s thinking and creativity,
bringing it to a new level...[ChatGPT] creates
50 ideas (good ones), which we could never
have done ourselves. (Creative Agency E, CEO)

The adoption of Al has also involved changes in
human roles. For instance, beyond the obvious role
of a prompt engineer, ChatGPT-generated content
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requires that some individuals in an organization
assume the role of content reviewers to guarantee
that tailored, validated, and targeted content
reaches the right stakeholders and customers.
Going forward, we expect organizations of various
shapes and sizes to innovate further on how they
integrate chatbots into their teams and organiza-
tions. This is also a necessity if organizations want
to truly harness the power of such technology in
their business transformations.

4.3. ChatGPT disaffordances

Although ChatGPT provides new creational and
conversational affordances, it suffers from several
old and new constraints.

4.3.1. Machine learning opacity

First, machine-learning-based predictive Al was
seen as an opaque, black box technology that
makes it challenging to fully trace how predictions
and content are generated (Berente et al., 2021;
Faraj et al., 2018). The same disaffordance pla-
gues the new GenAl systems because they are also
based on deep learning and neural networks
without the ability to explain or trace how they
came up with a certain outcome beyond the
prompt that was given to them. For instance,
although ChatGPT is not perceived to be as
deterministic as previous conversational Al sys-
tems, the LLM on which ChatGPT is based still
suffers from black boxing of the technology, and
OpenAl—the developer of ChatGPT—has done
very little to explain how its LLM really works.

4.3.2. Hallucinations

Second, a well-known disaffordance of GenAl is
that of hallucination (i.e., the tendency to come
up with potentially convincing but false informa-
tion; Brynjolfsson et al., 2023; Chui et al., 2022;
Hannigan et al., 2024). The severity of the hallu-
cination depends a lot on the use case. Although
ChatGPT could help with a lot of content genera-
tion, the ease of content generation turns out to
be a burden when information accuracy and
factual aspects are pronounced. The generative
nature of the new Al systems can lead to
information-containing errors—and the system it-
self does not know whether there is an error or
not. Therefore, an accumulation of errors could
lead to untrustworthiness toward ChatGPT-
generated content and may require critical input
and verification from experts. Errors might also
escalate: "“Once you see this error pop up, the next
sentences will have a cascading amount of these
errors...if you talk with ChatGPT for long enough,

then the answers become less trustworthy, and
errors tend to accumulate” (Digital Skills
Specialist, Digital Training Provider A). Depending
on the use case at hand, hallucination can be
either a nuisance (i.e., not a big deal, like in a
random ideation session of people at the office) or
a life-threatening risk (e.g., large mobile machines
acting on inaccurate information and injuring
people while doing so).

4.3.3. Response quality

Third, although the conversational interface is a
major—and revolutionary—new affordance, the
inability to articulate a prompt precisely could
also turn out to be a constraint. In using ChatGPT,
the quality of responses is contingent on the clarity
and specificity of the prompts because ambiguous
or unclear queries may lead to less accurate or
relevant responses. Moreover, several pro-
fessionals—especially in the field of communica-
tions—have noted that ChatGPT-generated content
may exhibit a degree of similarity in terms of out-
puts, irrespective of differences in specific input
prompts. For instance, one marketing professional
expected that when competing firms use ChatGPT,
they might come up with 10 selling points from which
“eight or seven will be identical.” This means that
the output must be refined and customized to align
with individual needs and preferences, which miti-
gates the risk of generic content. Therefore,
learning the craft of human-Al collaboration is crit-
ically important to achieving unique, creative, and
valuable outputs from ChatGPT and similar Al sys-
tems. Merely prompting something is not enough for
individuals and firms to achieve competitive and
distinctive results. Rather, thoughtful prompting
becomes a competence that needs to be practiced
and honed to perfection to stand out from the rest.

4.3.4. Legality concerns

Finally, several professionals highlighted the confu-
sion over the breadth and depth of ethical and leg-
islative concerns while utilizing ChatGPT. This
includes customers questioning whether they have
the right to use certain images and how broad those
rights are, as pointed out by one creative profes-
sional. In addition, there should be a degree of
caution exercised while posting company-sensitive
information into ChatGPT, and there are doubts over
who could claim ownership of the machine-created
content, as mentioned by the CEO of creative agency
C. These concerns seem to be a major bottleneck for
further proliferation of chatbots in business use.
However, legislation concerning the copyright and
originality of Al-created content is progressing fast,
as is the diffusion of more information-secure
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enterprise versions of different GenAl models.
Therefore, many of the constraints and concerns
that relate to GenAl today might be resolved quickly
(e.g., regarding information security), while some of
the disaffordances are more likely integral features
of LLMs (e.g., hallucination potential) that are more
difficult to fully resolve (see Hannigan et al., 2024).

5. The virtuous cycle of new generative
chatbots

The creational and conversational affordances dis-
cussed in Section 4 provide unique user value when
they are used together in everyday creative and
knowledge work. Insights from our interviews with
frontrunner professionals and companies demon-
strated that there is a virtuous cycle in which affor-
dances take place, and this virtuous cycle connects
to technology-related capabilities that are specific
to ChatGPT and similar Al systems. Given that pre-
vious Al tools could generate music and pictures
(among other things), the creational affordances of
ChatGPT are not entirely new. In addition, numerous
kinds of chatbots have existed for some time. For
instance, customers have been able to interact with
either a machine or a human on some company web
pages, which shows that the conversational ele-
ments alone are not new. However, with ChatGPT,

users can initiate new prompts, get replies, ask for
improvements, receive refined replies, and so on,
leading to a continuous dialogue that produces a new
kind of value to the human-machine relationship. As
portrayed in Figure 1, there is a virtuous feedback
loop between conversational and creational affor-
dances that runs in two directions and continuously
feeds into one another: human inputs trigger Al
outputs (the upper arrow), and Al outputs trigger
new conversational interactions between the user
and Al (the lower arrow).

As depicted in Figure 1, the virtuous cycle of
creational and conversational affordances together
represents broader, higher-order affordances we
call meta-affordances. These meta-affordances can
be defined as broader metalevel synergies that go
beyond immediate, surface-level functionalities or
affordances and provide a holistic understanding of
how various affordances combine or influence each
other to create new behaviors (see Milioni & Papa,
2022). This means that GenAl systems are not
merely content generators or conversational in-
terfaces, but they imply longer-term fundamental
and even institutional changes in organizational
processes and human-Al work practices. We identi-
fied three underlying meta-affordances: (1) acces-
sibility, (2) accumulation, and (3) adaptability.
These meta-affordances are truly revolutionary in
the sense that they were not present to the same

Figure 1. Relationship between conversational, creational, and meta-affordances in the context of GenAl
chatbots
4 N
Human inputs trigger Al outputs
R )
Conversational affordances Meta-affordances Creational affordances
Accessibility
creativity augmentation
Adaptability
. v \ /
Al outputs trigger new
interactions between user and Al
N J
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extent in the previous generation of Al technologies
and chatbots. In addition, each meta-affordance
contributes to reinterpreting perceived affordan-
ces (e.g., adapting the way ChatGPT interprets and
generates content), revealing the inner workings of
processes (e.g., accessible interfaces empower a
broad range of users to understand complex topics,
demystifying the inner workings of algorithms), and
gaining an understanding of how user behavior
changes (e.g., an accumulative knowledge base aids
in understanding users’ actions).

5.1. Accessibility

Accessibility refers to users’ ability to conve-
niently access the multimodal interface with nat-
ural language and, most recently, with many other
modalities, such as inserting documents and pic-
tures (Chui et al., 2023; OpenAl, 2023). Accessi-
bility leads to a virtuous cycle in which users are
increasingly able to engage with the conversa-
tional features of Al in multiple easy-access and
high-convenience ways. This accessibility triggers
Al outputs, which further trigger new human in-
terventions that lead to refined and creative out-
puts, and so on. In many cases, accessibility allows
for flexible professional use of ChatGPT in ways
that were not possible with the previous genera-
tion of chatbots. For instance, an interviewee from
the legal field explained how ChatGPT can conve-
niently act as an extra pair of eyes in multiple
steps of a process when accessing, summarizing,
and interpreting legal information:

The benefit is that you can feed a whole legal
frame to ChatGPT and ask questions. It can
find the correct answer in seconds instead of
a human eye trying to find the correct infor-
mation. (Business Consulting Firm A, Head of
HR & Legal Operations)

5.2. Accumulation

Accumulation refers to the path dependency in the
inputs and outputs in GenAl models, creating a de
facto memory of the interactions between users
and Al (Dwivedi et al., 2023; Edelman & Abraham,
2023). This functionality of ChatGPT enables con-
tent creation that gradually builds on the previous
prompts and improves and iterates in the direction
desired by users. As insights and outputs accumu-
late, the relative benefits and usefulness of out-
comes increase. This feature in the new GenAl
systems represents a major leap from the previous
generation of chatbots. Chatbots based on deci-
sion trees could not accumulate improved results

because they provided predefined answers to
specific prompts. Conversely, ChatGPT has pro-
vided major creational and conversational affor-
dances that accumulate in value over iterative
discussions. One interviewee working in the
advertising sector highlighted the iterative process
of improving input prompts, combined with the
possibility of remembering the conversation,
which could lead to improved outputs.

You just start asking it some trivial things to
test it, but then, | realized that you could ask
for a certain style of text or the form of
output or anything, practically, and then the
outputs would improve. And the iteration is
another thing when you could grasp that it
remembers the conversation for quite some
time, so it, of course, changes how you
approach the conversation or what you try to
get first and then ask it to fix it. (Advertising
Agency B, Digital Strategy & Planning Leader)

5.3. Adaptability

Adaptability means that users can adapt the out-
puts of ChatGPT beyond the previously discussed
short-term memory function. ChatGPT can adapt
as a tool over time as users’ preferences and
practices evolve. In fact, with ChatGPT and other
enterprise GPT models, there are possibilities to
sensitize or pretrain models with users’ prefer-
ences or with organization-specific data, which
will further improve the adaptability of Al capa-
bilities to specific use cases and contexts
(Bouschery et al., 2023; Chui et al., 2023).
Adaptability is crucial for creative and knowledge
industries because it helps improve the contextual
fit of Al tools to a specific work task or environ-
ment. For instance, we have seen companies
crowdsource the training of the enterprise GPT
model according to the company’s specific lan-
guage, culture, and writing style to democratize
and improve the use of ChatGPT across employees.

| thought, to democratize this, let’s make it
conversational because then | have to make
sure that this enterprise account and 100
people using it at the same time are
retraining the bot or the LLM about our lan-
guage, our culture, our writing style, and
improving it. It’s like crowdsourcing the
training part through conversation. | can fast-
track the learning part of it through 100
people telling it to do this and do that and
correcting what is not right. (Software Con-
sultancy D, Digital Director)
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6. Taking advantage: How can
organizations reap the full potential of
ChatGPT and GenAl chatbots?

The emergence of ChatGPT and other similar
GenAl tools marks the first time in human history
that machines are becoming similar to human
peers in various work tasks and offering practical,
human-like, productivity-enhancing, and comple-
mentary benefits in multiple contexts. Despite Al
systems being far from perfect, they can help us
become better versions of ourselves in performing
our daily tasks.

ChatGPT and other GenAl systems represent a
new paradigm of Al. Although creational and
conversational dimensions have been incremen-
tally introduced to users over the past few decades
of Al development, the combination of the two is
what has made the introduction of new systems so
notable. We argue that the literature on
Al—human collaboration (Jarrahi, 2018; Sundberg
& Holmstrom, 2023), chatbots (Adam et al.,
2021), and Al as black box technology (Berente
et al., 2021) will remain helpful in explaining
what the new Al is and what its constraints are. At
the same time, with the introduction of new
affordances (see Retkowsky et al., 2024), we
expect users to change their routines (Leonardi,
2011) to align themselves with the new technol-
ogy as they become active overseers and modifiers
of the technology.

From a practitioner’s perspective, our findings
call for both experimentation with and strategic
consideration of creational and conversational Al.
We recommend that professionals and companies
implement the following seven steps and practices
to capitalize on ChatGPT and other new Al sys-
tems, as outlined in Sections 6.1.—6.7.

6.1. Embrace creational affordances

Do not be satisfied with just producing novel in-
formation or fine-tuning your creative work. Go
beyond the obvious and truly look for new coun-
terintuitive ideas and transformative ways of doing
business because that is what the generative and
creative power of ChatGPT is all about. Try
prompting the system in many different ways and
see how its answers change. Evaluate which types
of answers bring the most promising input to your
creative work, save those creations for later use,
and then ask for more ideas in new ways. ChatGPT
can complement the innovative potential of
human imagination and vice versa—the combina-
tion of the two can be a source of an

unprecedented number of innovative and valuable
ideas and openings.

6.2. Embrace conversational affordances

Instead of using ChatGPT as a traditional search
engine or replacing Google, learn the tips and
tricks of prompting it and nudging it to give you
more sophisticated inputs. Talk with it, not to it.
Remember that it remembers. Ask it to take its
ideas further or twist ideas in new directions after
the initial response is in place. Do this over and
over again. Furthermore, identify various use
cases in your operations (e.g., sales, marketing,
customer service, product development) in which
the conversational nature of interactions is
already being used or could be beneficial, and then
take the GenAl tools there.

6.3. Embrace the interplay

Given the opportunity to generate new content
and have conversations with ChatGPT, how can
these two capabilities, when combined, create the
most value? For instance, can you create virtuous
cycles in which the generation of new ideas and
conversations of such ideas lead to continuous
iteration and improvement? What are the use
cases in which both new content creation and
continuous dialogue are needed? Could you, for
example, ideate new marketing and sales strate-
gies, business plans, product features, or better
ways to communicate critical information to your
customers? How can these two capabilities of
ChatGPT benefit your customers, your partners,
and your employees? These are a few questions
organizations can ask to maximize value.

6.4. Stay up to date

Given that ChatGPT and other GenAl tools evolve
quickly and constantly, prepare for a continuous
rethinking of what is possible and desirable. Read
books and online articles, listen to webinars and
podcasts, visit companies that already use ChatGPT
extensively, and so on. Importantly, test the new
features of ChatGPT and other GenAl tools as they
appear—some of those features will likely become
useful in your work or for your company. Always look
for new ways of harnessing creational and conver-
sational affordances, whether in terms of their
coverage and sophistication or their applicability to
different processes and practices in your
organization.
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6.5. Understand what not to do going
forward

Given the new capabilities, what are the tasks that
should no longer be done manually? In which tasks
can time be freed up? Once that time is available,
which tasks involving human excellence should you
strengthen and focus on going forward? Review
tasks in customer service, sales, and marketing, as
well as research and development (R&D), to see
whether there is repetitive, time-consuming work
that can be either optimized, automated, or
renewed with ChatGPT. Ideally, a lot of human
capacity can be unleashed for more creative and
high-value-adding tasks that benefit most from
human intelligence and presence.

6.6. Scale up

Given that ChatGPT is beneficial in so many
different tasks, make sure that it is not only you
who fully uses its affordances but also the rest of
your organization. Only by systematically scaling
up the usage of these affordances can you achieve
an impact that moves the needle in your company.
By using training and information sessions, ensure
that there is widespread know-how and under-
standing of what is possible, as well as what kind of
usage is desirable in your organization to improve
productivity and output quality. Collaborate with
your colleagues to develop a roadmap for the
changes needed in your workforce, team struc-
tures, workflows, and work practices.

6.7. Make it strategic

Move toward a state in which Al becomes part of
your strategic edge and competitive advantage. To
make the creational and conversational affordan-
ces truly useful, embed them in your core opera-
tions, key value drivers, and business models, if
possible. Given these new powerful capabilities at
hand, consider which business you are truly in and
how to distinguish yourself from competitors with
your particular Al-driven strategy (see Ruokonen &
Ritala, 2023). Discuss these topics with the com-
pany board and the management team in a critical
but constructive manner. Ensure that you also
cover disruptive and radical new ideas and go
beyond the obvious when it comes to ChatGPT
implementation. At a minimum, make sure that
your company does not risk lagging behind your
peers.

7. Conclusion

To conclude, we hope that our article provides
academics and managers with useful thought
structures, frameworks, and examples to better
understand the new creational and conversational
capabilities of Al, paving the way for further
research and their full implementation in practical
company settings.
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ABSTRACT

Generative artificial intelligence (Al) is rapidly transforming industries and business functions. This paper explores
its role in driving business model innovation (BMI), examining its impact on value creation, value proposition and
value capture. Through a multiple-case study of eight companies across different industries and sizes, we (i)
explore the drivers, barriers and opportunities that Generative Al provides within the dimensions of BMI, and (ii)
investigate the scope and novelty of Generative Al in BMI. We reveal how firms find it relatively easier to innovate
on value creation than with value proposition and find it hardest to innovate on value capture. We also demonstrate
the challenges for incumbent firms in developing truly “architectural business model innovations” using
Generative Al that would change both internal and external activities and structures of existing companies. This
study aims to provide empirical evidence on the use of Generative Al and bridge the gap between research and
practice.
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GENERATIVE AI AS AN ENABLER OF BUSINESS MODEL INNOVATION:
A MULTIPLE-CASE STUDY
INTRODUCTION

Generative Al is a new paradigm in Al that involves new powerful algorithmic tools such as ChatGPT, Microsoft’s
Copilot, Google’s Gemini, Midjourney, and DALL-E-3, that enable individuals and organizations to work faster,
smarter, more efficiently, or to avoid doing some tasks altogether. The "generative" aspect refers to a new group
of Al algorithms that can create new and original content based on the data in response to prompts by the user, and
oftentimes including a conversational interface that enables iteration and further refinement over Al outputs
(Ramaul et al. 2024). Use cases and applications of Generative Al include, for example, creating, analyzing, and
editing of text, images, audio, video, code, and 3D objects. These productivity-enhancing features of Generative
Al relate to its role as a general-purpose technology — i.e., technology that spurs an infinite number of different
applied innovations across different facets of industry and society (Eloundou et al. 2023; Suleyman & Bhaskar
2023).

Thus far, scholarly and practitioner attention has focused on the use cases and application of Generative
Al that provide various productivity benefits (e.g., Brynjolfsson et al. 2023; Eloundou et al. 2023; Ritala et al.
2023). However, we argue that beyond this surface-level excitement, is a longer-lasting and deep transformative
p

Sotential in which Generative Al will be embedded in the core organizational processes and practices,
and eventually, in firms’ business models. Similar general-purpose technologies such as the internet (Timmers
1998) or the internet of things (Kiel et al. 2017), spurred major transformation and innovation in business models.
Additionally, we are witnessing the impact of machine-learning-based Al on BMI (e.g., Burstrom et al. 2021),
notably visible in well-known recommendation engine-based content platforms such as Netflix or Spotify, and
many more. Generative Al represents a new paradigm in Al technology, which not only acts as an external factor
influencing companies and industries, but also acts as a catalyst requiring businesses to rethink the BMI potential
and the challenges involved when Generative Al is embedded in different parts of firms’ business models,
including value creation, capture, and proposition dimensions to stay competitive (Kanbach et al. 2023).
Generative Al is expected to impact certain business functions (such as marketing and sales, customer operations,
product development) and to disrupt certain industries (such as advanced technology, banking, insurance, media

and entertainment) more than others (e.g., Chui et al. 2023).
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Many pioneering companies have already tested and implemented Generative Al as part of their business
models, and we are already seeing rapidly emerging examples across value creation, proposition, and capture
dimensions (for a descriptive review of existing evidence, see Kanbach et al. 2023). However, the literature has
not yet provided comprehensive and in-depth empirical evidence of the organizational challenges, struggles,
opportunities, and drivers that firms encounter when adopting Generative Al in their BMI process. Furthermore,
while we know that digital technologies — such as Al — impact different dimensions of BMI, existing literature
does not provide any explanation about how different BMI dimensions interact when digital technology is
implemented (Ancillai et al. 2023). Finally, given the uneven impact of generative Al across industries and
business functions, and major uncertainty over which industries and functions will be eventually most affected and
how, there is a need to understand which contextual conditions facilitate or hinder generative Al adoption in a
firm.

To bridge this gap in the research and practice, we pose the following research questions: 1) How can
companies utilize Generative Al as an enabler that allows them to renew and transform their business models, 2)
What are the contextual conditions under which Generative Al adoption hinders or facilitates different business
model innovation dimensions? To answer these research questions, we conducted interviews with forerunning
companies during 2023 to understand how they could use Generative Al for BMI. In our sample, we searched for
substantial use of Generative Al tools in the daily work of organizations, as well as lead user individuals of such
tools. We interviewed a total of 13 informants with job titles such as managing directors and chief executive
officers (CEOs), marketing managers and professionals, software engineers and designers, lawyers, as well as
technology and business consultants. Our data analysis focused on understanding Generative Al-induced
transformations in the business model of firms, with particular attention to the well-established three core
dimensions of BMI: value creation, value proposition, and value capture (Clauss 2017).

Our study contributes to the existing literature in three ways. First, we contribute to the BMI literature by
demonstrating how Generative Al involves distinct drivers and barriers that enable — but also constrain — firms to
conduct innovation across value creation, proposition, and capture dimensions of BMI. In this regard, we
demonstrate how firms find it relatively easier to innovate on value creation than on value proposition and find it
hardest to innovate on value capture. In line with others (Clauss et al. 2021; Menter et al. 2020) we emphasize the
necessity of investigating BMI’s dimensions to reveal distinct innovation mechanisms. This is especially relevant
when examining phenomena like the adoption of Generative Al. Relatedly, we demonstrate the challenges of

developing truly “architectural BMIs” in the context of Generative Al that would change both the internal and
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external activities and structures of existing companies. Second, we contribute to the organizational perspective
on Generative Al adoption by demonstrating how the urgency and drive to innovate new BMI can turn out a source
of ambiguity and potential anxiety. Therefore, the results imply the need to strike a balance between urgency and
deliberation. Third, we contribute to the strategic management of Generative Al by identifying the challenges with
monetization and revenue models, and potential pain points in achieving competitive advantages with Generative
Al offerings. The results imply that companies need to incorporate Generative Al into their other unique
advantages to distinguish themselves from the competition.

CONCEPTUAL BACKGROUND
Generative Al as a General-Purpose Technology
General-purpose technologies are transformative forces that transcend industry boundaries, drive widespread
innovation and reshape economies. Historically, technologies such as electricity, the steam engine, and the internet
have qualified as general-purpose technologies due to their pervasive impact on business operations, economic
structures, and societal norms (Suleyman and Bhaskar, 2023). More recently, general-purpose technologies such
as the internet, and the previous wave of Al based on machine intelligence, have not only introduced new
efficiencies but also redefined value propositions and disrupted existing business paradigms (Timmers 1998;
Burstrém et al. 2021). Some scholars go as far as to claim that Al can represent a fourth industrial revolution,
given its potential as a catalyst for a new stream of subsequent innovations (Crafts 2021). General-purpose
technologies such as Al thus compel organizations to innovate and adapt, leading to new products, services, and
business models, and occasionally giving rise to entirely new industries.

Generative Al stands at the frontier of Al research and application, characterized by its ability to generate
novel outputs such as text, images, and more, from a given input. By leveraging techniques like deep learning and
neural networks, Generative Al systems can autonomously produce content that aligns closely with human-like
creativity and variability, leading to a myriad of documented use cases, especially in knowledge-intensive work
(Ritala et al. 2023; Ramaul et al. 2024; Retkowsky et al. 2024). Thus far, the management and economics
scholarship around Generative Al has largely focused on its capability to enhance efficiency and productivity
across diverse domains (e.g., Brynjolfsson et al. 2023; Eloundou et al. 2023). However, the rapidly emerging
literature and practical evidence suggest the need for deeper exploration into its potential ramifications on
organizational structures and business models (Kanbach et al. 2023).

Recognizing Generative Al as a general-purpose technology emphasizes its potential to be more than just

a simple tool for productivity enhancement. Much like how electricity and the internet became integral to varied



The 84™ Annual Meeting of the Academy of Management, “Innovating for the Future: Policy, Purpose
& Organizations”, 9-13 August 2024, Chicago, Illinois, USA

organizational processes, Generative Al holds similar potential in the future, but likely with different nuances and
characteristics. In any case, the extent to which organizations can harness and integrate Generative Al into their
core functions and business models will determine their ability to create competitive advantage. The differentiating
factor will not just be the adoption of Generative Al, but the strategic depth of its integration into processes that
enhance value across different dimensions of BMI (Kanbach et al. 2023, for example), as well as companies’
ability to differentiate themselves in the use of data and algorithms (Ruokonen and Ritala 2023).
Business Models and Business Model Innovation
Business model conceptualizations can broadly be categorized into two dominant schools. On the one hand, the
configuration-based perspective considers business models as aggregated patterns of organizational configurations
that holistically define the logic and gestalt of how a firm does business (e.g., Baden-Fuller and Morgan 2010;
Leppénen et al. 2023; Zott and Amit 2008). On the other hand, the element-based perspective subdivides business
models into three separate yet interrelated elements: value creation, value proposition, and value capture (e.g.,
Clauss et al. 2021; Foss and Saebi 2017; Menter et al. 2020; Teece 2010). The element of value creation is about
how a business sets up its operations to create value for its customers. This involves aligning the company's
primary resources and activities in intra- and inter-organizational processes. The value proposition element refers
to how a business offers and delivers products or services to its customers. This comprises the identification of
customer problems and the product market fit, as well as defining adequate channels and marketing relationships.
Finally, the value capture element is about how a company makes money and manages its costs effectively,
incorporating revenue sources and decisions about whether to position in low-cost or high-quality segments
(Clauss et al. 2021; Menter et al. 2020). These elements can be observed separately but are interrelated and aligned
as a mutually enforcing system that defines the organizational business logic (Teece 2010). According to the
element-based perspective business models can, therefore, be decomposed into separate elements and understood
at an aggregated level by investigating the entirety of these. In line with the element-based perspective, BMI is
commonly defined as "designed, nontrivial changes to the key elements of a firm's business model and/or the
architecture linking these elements" (Foss and Saebi 2017, p.201). For our study, we adapt the element-based
perspective as it enables a detailed analysis of the elements of the business model. Currently, companies have not
yet holistically altered their business model based on Generative Al therefore this perspective enables a more fine-
grained analysis of Generative Al-driven BMI.

BMI has long been established as a separate type of innovation from other types of innovation, such as

product and process innovation (Spieth et al. 2023). This distinction is rooted in a more holistic focus on innovation
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opportunities in an organization compared to an isolated view on the outcomes of research and development
activities. Studies indicate that this broader focus on innovation opportunities within organizations is correlated
with positive outcomes for companies (Clauss 2023; Spieth et al. 2023).

BMI often emerges as a response to environmental shifts that compel companies to adjust to new
conditions, such as new technological developments (Lubik and Garnsey 2016), competitive pressure (Casadesus-
Masanell and Zhu 2013), changing customer demands (Priem et al. 2018; Pynnonen et al. 2012) and crises (Clauss
et al. 2022; Kraus et al. 2020). Additionally, research has also identified BMI as an opportunity for proactive action
aimed at improving competitive positioning by developing necessary operational (Hock-Doepgen et al. 2021;
Hock et al. 2016; Mezger 2014) and dynamic capabilities (Clauss et al. 2021; Randhawa et al. 2021) that facilitate
continuous changes to the business model.

Research has shown that BMI can be an essential and effective mechanism to commercialize new
technologies (Chesbrough 2010; Chesbrough and Rosenbloom 2002). Furthermore, empirical research has
demonstrated that BMI in many cases is beneficial to various operational and strategic performance outcomes such
as customer satisfaction (e.g., Clauss et al. 2019), firm growth (Cosenz and Bivona 2021), competitive position
(Desyllas and Sako 2013) and financial firm performance (e.g. Karimi and Walter 2016; Leppénen et al. 2023;
Menter et al. 2020).

The research recognized that BMI — according to the element-based perspective — can range from
incremental to more radical degrees of innovativeness (Egfjord and Sund 2020). Although the nature of BMI is
more systemic, it does not necessarily require radical changes in one or all business model elements. It can also
result from more incremental reconfigurations of these elements (Foss and Saebi 2017; Massa and Tucci 2013).
Along this line of thought, Foss and Saebi (2017) have categorized BMI along two dimensions: the degree of
novelty (i.e., whether the business model is new to the firm or new to the market) and the scope (i.e., whether the
BMI is modular or architectural). This typology allows a classification of different degrees of business model
innovativeness.

Business Model Innovation and Artificial Intelligence

BMI research has recently recognized Al's significant potential for changing established business models,
providing ample opportunities for change in existing organizations. lansiti and Lakhani (2020) underlined the
importance of transforming firms' business models to realize the full potential of Al within the organization.
Several studies have investigated the Al capabilities necessary for facilitating BMI. For instance, Sjodin et al.

(2021) identified three Al capabilities (i.e., data pipeline capability, algorithm development capability, and Al
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democratization capability) that can only be effectively utilized through adjustments to the business model (i.e.,
agile customer co-creation, data-driven delivery operations, and scalable ecosystem integration). Jorzik et al.
(2023) explored top management competencies in Al (such as knowledge, mindset, leadership, ability to navigate
and make decisions) that lead to conducive organizational conditions (e.g., commitment, access to resources,
providing freedom for experimentation) that are crucial for fostering Al-enabled BMI.

Other studies investigate how Al features enable BMI. Recently, Sjodin et al. (2023) empirically linked
Al’s perceptive, predictive, and prescriptive capacities to the development of new circular economy business
models, namely — augmentation business models, where sustainability is optimized through Al-enabled
optimization of customer operations and automation business models, where sustainability is achieved through
Al-enabled automation of business operations. In a similar vein, Burstrom et al. (2021) observed that using Al for
central business applications, such as forecasting, monitoring, process optimization, and decision-making, can
provide innovation opportunities in the three dimensions of the business model which enables the firm to better
align with its industrial ecosystem. Astrom et al. (2022) study how Al technology can be commercialized by
aligning value creation and value capture by identifying prerequisites for value creation and matching them with
value capture dimensions in order to develop a holistic Al-based BMI offer.

Although these research results substantiate that Al has significant potential to affect firms' business
models, these findings focus on general types of Al integrated into the firms' operations and decision-making.
However, the new prospects of Generative Al after the recent introduction of OpenAlI’s ChatGPT 3.5 in November
2022 remain unexplored. Kanbach et al. (2023) conducted an initial assessment of Generative Als' potential for
BMI, finding it particularly promising for creative, high-knowledge business models, product extensions and
enhancing or substituting white-collar jobs. Although they provide three exemplary cases of business model
changes based on Generative Al, we lack a systematic empirical understanding of how and under which conditions
Generative Al can lead to different degrees of BMI in incumbent firms. Based on a systematic review, Ancillai
and colleagues (2023) identify a similar gap in the broader literature on digital technology and BMI — there is a
lack of studies explaining how digital technology implementation changes overall configurations and
interdependencies in different dimensions of firms’ business models. Based on the literature, we assume that
Generative Al will have the potential to stimulate innovation in each of the BMI elements and the architecture of
how these elements are linked.

To conclude, in the context of Generative Al, the essence of the value creation innovation component is

that a company harnesses Generative Al as a resource and capability to create value within its business model.
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Furthermore, this dimension encompasses the potential for improving relationships with the extant ecosystem and
utilizing external resources through Generative Al. Generative Al may, particularly in white-collar jobs for
marketing, HR, or software development, lead to substantial opportunities for productivity improvement and/or
substitution of typical job profiles. Furthermore, the value proposition innovation component means that
Generative Al is embedded in the company's portfolio of solutions for customers and how and through which
channels they are offered. It may provide support in creating new solutions to customer problems, especially
exploration, idea generation, and digital prototyping. It may further be embedded into products and services to
improve customer offerings and interfaces (Kanbach et al. 2023). Finally, the third and final BMI element of value
capture innovation is about Generative Al generating revenues and cost savings for a company to achieve higher
profits and ensure sustainable performance. This may, for instance, affect revenue models as prices for Generative
Al embedded solutions versus traditional solutions (e.g. for software products) can be differentiated.
METHODS AND DATA COLLECTION

The paper employs a multiple-case study approach to understand similarities and differences between the cases
(Stake, 1995; Baxter and Jack, 2008) and to gain a comprehensive understanding of the phenomenon by studying
different cases where Generative Al is used as an enabler for BMI and the consequent drivers, barriers, and
opportunities a firm may face. Additionally, multiple-case studies can be used to anticipate either contrasting
results for expected reasons or similar results across the studies (Yin 2003). This ensures the freedom to choose
cases purposively that offer unique insights or variations, maximizing the potential for cross-case analysis.
Accordingly, we utilized the principle of maximum-variation sampling (Suri 2011) that resulted in rich set of data
of companies across industries and different sizes. We selected a sample of eight Finnish-based companies
operating in different industries (i.e., manufacturing, advertising, and consulting services) with different sizes,
market share, and organizational structure. We confined our attention to Finnish companies, as Finland is
considered a strong adopter of Generative Al tools (Hajikhani and Cole 2023) and is projected to add €13 billion
to the GDP of the country by 2045 according to a study by McKinsey (2024).

We initially aimed at interviewing a total of six companies following the maximum-variation sampling
principle — three product-oriented companies as well as three consultancies. The focus was on choosing
interviewees who were directly involved with digital and Al development initiatives in the firms. An interview
guide was formed with questions related to value creation innovation, value process innovation, and value capture
innovation as well as the opportunities and challenges that interviewees saw in the adoption of Generative Al

Since Generative Al is a rapidly evolving technology and its widespread adoption is still in the early stages, it was
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difficult to find more than 1-2 people available for interviews, which led us to increase the number of case studies
from six to eight companies. We interviewed a total of 13 people with job titles such as managing directors and
CEOs, marketing managers and professionals, software engineers and designers, lawyers, as well as tech and
business consultants. Four of the interviewees were interviewed twice over a period of 4-5 months as part of the
data collection process for other ongoing projects related to generative Al. Overall, each interview lasted on
average 45 minutes. Table 1 provides an overview of the cases with the job roles of informants per case.
INSERT TABLE 1 HERE

We started analyzing the data with within-case analyses, by writing short case study descriptions for each
of the cases including initial identification of value creation, proposition, and capture dimensions of BMI. This
was followed by a few rounds of inductive coding which allowed the findings to emerge from frequent, significant
themes inherent across the data and in line with the objectives of this research (Thomas 2006) of gaining an
understanding of how Generative Al is used across firms currently. The coding structure focused on specific
drivers and barriers for each dimension of BMI. As the final phase of analysis, we used the insights from within-
case analyses and the cross-case analysis on drivers and barriers to draw inferences on BMI scope, novelty, and
distinctiveness.
BUSINESS MODEL INNOVATION AND GENERATIVE Al: MULTIPLE-CASE STUDY
In the following section, we present the case studies of eight companies, including the starting points of the firm,
the key Generative Al-related choices made, as well as the anticipated path forward with Generative Al
implementation.
Case study: Global Manufacturing Company
Global Manufacturing Company, a global leader in elevators and escalators provide a diverse range of offerings
such as various equipment, maintenance, modernization, and digital and remote monitoring services. Recognizing
the transformative potential of Generative Al, the company explored various use cases, engaging with technology
vendors, and launching proof-of-concept (POC) projects to build initial solutions. Generative Al was viewed as a
source of major business transformation in the future, even though most of the operations would involve physical
products and manual work outside the digital domain, with major potential in client-facing operations such as
sales, marketing, customer service and field operations including maintenance. The company envisioned
leveraging Generative Al to process a vast repository of equipment data, providing contextual, client-specific
information to employees through conversational interfaces. This approach could create synergies across different

functions, potentially leading to a unified Generative Al solution. Tangible action points included training
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management on understand Al opportunities, ideating more solutions within core operations, building technology
infrastructure, launching additional POC:s, prioritizing use cases and creating a vision based on experiments. The
company planned to gradually roll out Generative Al solutions globally, considering local circumstances and
languages. Change management was deemed crucial to address the significant impact on employee roles and
responsibilities.

Case study: Next Wave Creative

Next Wave Creative is a creative advertising agency that specializes in delivering marketing and advertising
strategies and campaigns. Recognizing the impact of Generative Al on the industry, the agency is transforming its
business model to adapt. Traditionally, agencies earned revenue from the implementation phase of campaigns.
However, with clients now capable of generating high-quality content independently and automation reducing the
workload, the agency is shifting its focus.

To adapt, the agency is investing in a new business model that offers consulting, advisory, facilitation,
and coaching services to help clients use Generative Al in their marketing efforts. New consulting service offerings
include Al Masterclasses, Al Design Sprints, Al Intensive Coaching, and Al Accelerators, designed to empower
clients with the skills and tools to leverage Generative Al effectively.

While the new model has generated excitement among clients, many still find Generative Al unfamiliar.
The agency sees this consulting model as a temporary measure to "buy time" while developing future-proof
business models. The agency aims to quickly adapt, learn new skills, iterate continuously to identify its unique
“sweet spot” and establish a niche in the marketplace. The agency aims to navigate an ambidextrous plan, striving
to avoid cannibalizing existing services or client relationships while pursuing the new model. For Next Wave
Creative, embracing Generative Al is crucial for survival in the rapidly changing advertising landscape.

Case study: Insight Pulse Software

Insight Pulse Software offers a customer experience platform that centralizes diverse customer feedback sources,
helping clients analyze sentiments and issues across the customer journey therefore facilitating the integration of
customer feedback in shaping clients’ strategic business decisions.

In early 2023, the company began implementing Generative Al to enhance its feedback analysis
capabilities. Initially, the company researched generative technology, then identified potential use cases. It quickly
became evident that GPT models could significantly improve the analysis and summarization of large volumes of
customer feedback data. Using OpenAl's GPT on MS Azure, the company now provides sophisticated analyses

that answer key questions about customer sentiment and preferences.
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Generative Al, combined with the company’s proprietary algorithms, helps filter relevant insights from
extensive customer feedback data, offering actionable advice to both clients and end-customers. Insight Pulse
Software is seen as a leader in applying Generative Al within its industry, leveraging the company’s nimble size,
innovative approach, and agility to outpace larger competitors. With positive client responses, approximately 70%
of the company’s clients have adopted Generative Al functionalities. Moving forward, the company planned a
substantial investment in Generative Al to further enhance customer feedback analysis, with a focus on delivering
the most valuable new functionalities.

Case study: Retail Optimization Systems

Retail Optimization Systems is a software company that provides planning solutions to customers in the retail
industry around the world. The company helps retail businesses improve their competitiveness through localized
assortments, profitable use of retail space, accurate forecasting and replenishment, and optimized workforce
planning. The company has strongly committed to harnessing Generative Al technologies and data analysis to
further deepen its understanding of customers in the retail industry. This commitment has led to the development
of three innovative solutions.

The first solution is for internal use: a "co-worker" who significantly improves efficiency by serving as
an all-knowing, experienced employee. Such productivity gains are crucial for the company to achieve its growth
ambitions without increasing the headcount. The second solution is for partners, enabling them to access crucial
information efficiently. The third solution is to help customers navigate the company’s technical, customizable
software by understanding extensive product instructions, enhancing customer satisfaction, and helping less
technically oriented users.

Going forward, the company plans to fine-tune these solutions, explore additional Generative Al use
cases, provide more tools and upskilling opportunities for its employees, and, overall, facilitate the implementation
of Generative Al solutions organization-wide. Ambassadors are appointed in each division to promote the
implementation of Generative Al, and the software development department regularly shares best practices for
using Generative Al in coding.

Case study: Strategic Innovation Partners

Strategic Innovation Partners is a Finnish consultancy firm specializing in orchestrating and coordinating grant
writing and management of research consortia. The recent focus on Generative Al began with developing an
internal chatbot platform (related to Enterprise Content Management) powered by a customized version of

ChatGPT, hosted on a secure cloud. This tool, primarily for internal use, was designed to support various data-
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related tasks, funding schemes, internal content management (e.g., employee handbooks & processes), and a
variety of internal workflows. The firm is experimenting with Microsoft Co-Pilot integration to enhance
productivity in various internal processes.

The company adopts Generative Al tools primarily for internal processes and market analysis. The firm is careful
in how they introduce these capabilities to clients, ensuring that the technology is robust and reliable before
considering any implementation in customer-facing products. In this journey, safeguarding customer data with the
utmost security and ensuring privacy are not just practices but core principles it upholds, complying with the
General Data Protection Regulation (GDPR) at every step. The initial internal efficiency gains are clear and have
exhibited immediate benefit, while the broader adoption (of Al), transformation of the business model, and
integrating Al into their service offerings, is a longer-term opportunity that the company is approaching with
caution and diligence given the impending technological paradigm shifts are looking volatile.

Case study: Nordic Trust Group

Nordic Trust Group is a large Finnish-based financial services corporation that has three core business areas: retail
banking, corporate banking, and insurance. The company began exploring Generative Al technologies in 2021 and
significantly intensified its efforts in early 2023. Current initiatives include GPT-aided code translation, document
retrieval use cases mimicking Google search (e.g. GPT models that browse through company-internal
documentation to help in finding relevant information) and creating housing listings using text-generating
algorithms. The company has also explored using Generative Al to analyze operations, services, and customer
needs to enhance financial services offerings.

Despite implementing several solutions, the company has yet to see clear, measurable business benefits
or cost savings from Generative Al. The company sees many challenges in Generative Al-enabled BMI such as
data privacy and security, company reputation, risk management, ethics, and maintaining customer trust. Solutions
like ChatGPT, which may hallucinate and provide inconsistent answers, are problematic for banking and
insurance, where trust, reputation, safety, and risk avoidance are crucial. Consequently, the company has not
launched any Generative Al services for customer use yet.

Going forward, the company plans to integrate Generative Al solutions across its systems, making
conversational Al available to all employees. The company will also train staff to use these solutions effectively
and continue exploring new use cases, experimenting, prototyping, and building targeted solutions for its core
businesses.

Case study: Digitalization Builder Plc
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Digitalization Builder Plc is a Finnish consultancy firm specializing in IT transformation projects and it operates
across Europe and the USA. The company focuses on helping clients in building digital solutions, digitalizing
businesses through establishing webstores and mobile applications and enhancing overall business efficiency.
Serving a diverse clientele, ranging from large organizations to startups, the company integrates Generative Al
tools into its software development processes to boost the productivity of developers, particularly in updating
legacy code. Moreover, the firm is exploring the application of Generative Al tools in customizing products to
enhance the SAP development process.

The company’s adoption of Generative Al tools is driven by a commitment to creating value for
customers while ensuring the reliability and safety of customer data, in line with the firm’s Generative Al
principles. Generative Al is viewed as a necessity rather than an option for personnel in the future, with
incentivized learning initiatives proposed across various roles within the organization. The strategy includes
encouraging 100 employees to gain certification in various Al certifications and creating specific learning paths
for different roles within the organization. The company aims to raise awareness and formulate strategies for each
business function to maximize the benefits of Generative Al, emphasizing both internal and client-facing
applications.

Case study: Insight Driven Consulting

Insight Driven Consulting is a marketing technology agency that provides consultancy services by combining
analytics and technology skills with a focus on business growth and improving efficiencies. The company has also
evolved from providing marketing automation services to providing data-driven insights and more recently
providing consulting services powered by Al with its most recent interest in Generative Al.

Initial experiments with Generative Al included building an internal custom Al assistant which was
trained on company knowledge and was used by employees and customers as a search engine to search for
company-specific information and to understand the company’s various products and services respectively, for
instance. After developing the internal version, the company recognized a broader application beyond its initial
creation. Since then, Generative Al has been used to create a versatile framework called "Your Company GPT”.
This framework allows tailored GPT setups according to customer needs by combining public and operational data
from customers’ websites and internal resources to facilitate a global reach in various languages. The resulting
demo presented through a user interface and supported by a database serves as a proof of concept. The company
has strategically integrated an internal generative Al tool, as part of a wider initiative, to enhance operational

efficiency of employees in their daily processes.
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However, the long-term strategy of the company with Al tools is to build knowledge databases based on
current clients, which enables the company to work on several clients parallelly and ensures ease in switching
between different contexts as the basic framework would remain the same.

Based on our initial analysis of each of the cases, Table 2 below outlines in more detail how the eight
case companies of our study are innovating on various dimensions of their business model, thanks to Generative
Al technologies. With regards to value creation, our case companies typically harness Generative Al in analyzing
their business-critical data, improving their service delivery, and/or augmenting the tasks and capabilities of their
employees. Value proposition improvement, on the other hand, is often focused on launching new standalone
product/service offerings to the marketplace and/or adding new features to the existing products the case firms
have, thus Generative Al becomes visible in the various consumer-facing offerings of the firms. Finally, value
capture of Generative Al happens in multiple ways, including various new revenue models and pricing schemes,
or efficiency improvements capitalization whenever possible; however, as the table 2 illustrates, many companies
still struggle to innovate in this area. Furthermore, for each company, we identify the type of BMI in terms of
whether it can be viewed as “modular” (includes major innovation in atleast one of the three dimensions of BMI)
or “architectural” (includes major innovation across all BMI dimensions) innovation. Additionally, we also
identify the degree of novelty in terms in markets dimensions as either incremental or radical.

INSERT TABLE 2 HERE

CROSS-CASE ANALYSIS: DRIVERS AND BARRIERS FOR BMI IN THE CONTEXT OF

GENERATIVE Al

In the following, we analyze our case data and highlight the contexts in which Generative Al-enabled BMI is
being driven or hindered by company internal or external factors. Table 3 briefly summarizes those, and they are
discussed in more length in this section.
INSERT TABLE 3 HERE
Value creation drivers
Technology democratization, accessibility, and implementation are pivotal drivers in the value-creation process
with Generative Al. This paradigm shift provides widespread access to technological resources, allowing
individuals from diverse backgrounds to harness the power of Generative Al. With this democratization, the focus
transitions from building rigid technical prerequisites to the encouragement of creative ideas, making it inclusive
and accessible. The perceived ease of acquiring the necessary technology skills for Generative Al implementation

further accelerates its adoption, fostering an extended and more diverse talent pool. Our informant at the creative
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advertising agency, Next Wave Creative, explained how thanks to the user-friendly nature of Generative Al, their
employees could be more involved in the creative processes of producing high-quality content without requiring
any prior experience or knowledge of Al. Additionally, the democratization of technology aids in breaking down
data silos, particularly in large organizations. It facilitates a collaborative environment where individuals from
various departments can actively participate in the experimentation with Generative Al, and to eventual decision-
making process.

Leadership and management support helps further fostering an environment where experimentation and
innovation with Generative Al are encouraged. For instance, at the software company, Retail Optimization
Systems, leadership support is manifested and concretized through the presence of ambassadors who act as
champions for Generative Al tools across all business functions. These ambassadors, endorsed by top
management, actively promote the utilization of Generative Al tools according to best practices. Their role is
instrumental in ensuring that the potential of Generative Al is fully harnessed throughout the organization, aligning
with strategic objectives, and contributing to the overall success of value creation initiatives.

5.2 Value proposition drivers

Market readiness & segmentation play a crucial role in shaping the value proposition innovation with Generative
Al. Forward-looking customers who are attuned to the changing technology landscape serve as a catalyst for
quicker reactions and adaptations to emerging trends. For instance, at Digitalization Builder Plc, the informant
highlighted how customers asked for project estimations from the company and could even challenge such
estimations since they were aware of Generative Al capabilities. This highlighted the customers’ awareness of
Generative Al and it became clear to the informant that the company would have to take quick steps to match the
customers’ expectations powered by Generative Al. Moreover, Generative Al aids in market segmentation by
ensuring the consolidation and assessment of customer data from various sources. This data-driven approach
improves visibility into customer intent and needs, enabling companies to tailor their value propositions more
effectively. When there is customer readiness available, and customer segmentation becomes easier,
implementation of Generative Al seems quite straightforward. For instance, one of our informants explained how
different types of customer data such as phone calls or chat conversation can be consolidated using Generative Al
which can aid in creating better and more relevant services.

Adaptive productization potential refers to flexibly shaping the value proposition innovation with
Generative Al. For instance, some of the case firms noted that creating common databases for data reuse facilitates

seamless context switching for multiple clients simultaneously. This not only streamlines operations but also
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enhances the adaptability of Generative Al applications across different use cases. For example, at the marketing
consultancy B, different Al pipelines were built using current customer cases that gave the informant the flexibility
to work with different clients at the same time which increased the informant’s interest in developing the Al
framework as this would make their daily work easier. Relatedly, the potential scaling of internal Generative Al
innovations to the customer market opens avenues for new types of collaboration and to extend the benefits of
Generative Al to a broader customer base. For instance, one of our informants discussed the possibility of opening
up their secure version of ChatGPT that was trained on specific knowledge to their customers which could possibly
enable collaboration and provide the possibility of scaling this to different customers.

Offering customized services is a significant driver in the value proposition innovation with Generative
Al For instance, the possibility of creating individual prompts for each customer on a case-by-case basis adds
another layer of customization. Personalization of services enhances user engagement and satisfaction, as
Generative Al adapts to the unique preferences and contexts of individual clients. The ability to offer customized
services ensures that Generative Al applications are not one-size-fits-all but rather tailored to meet the diverse and
evolving needs of the customer base. For instance, one of our informants explained that the possibility to tailor
prompts in customer service allows for a personalized approach whether the goal is to enhance sales or address
specific customer needs. The focus is on creating unique prompts for each customer, ensuring a case-by-case
customization.
Value capture drivers

Operational efficiencies & business model integration serve as significant drivers in capturing value with
Generative Al. By optimizing operations, Generative Al contributes to increased productivity, often leading to
measurable cost savings. Automation of repetitive tasks and streamlining of workflows result in operational
efficiency gains, potentially reducing the need for additional headcount and offering organizations greater
flexibility in resource allocation. For instance, one of our informants gave the example of a financial analyst who
could use ChatGPT to parse through various spreadsheets to find patterns of problems which would “release
capacity” so that the analyst could do more than their defined roles and responsibilities which would cut down on
the need to acquire more resources or hire more people. The rapid increase in internal efficiency due to Generative
Al adoption is transformative. Companies find themselves achieving more with fewer resources, leading to
enhanced agility and responsiveness. The integration of Generative Al into the business model allows for the

exploration of new ways to deliver value, emphasizing efficiency gains and cost-effectiveness.
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Integrated monetization approach is a key driver in capturing value with Generative Al. Integrating
value-addition from Generative Al into current pricing structures ensures that the technology becomes an integral
part of the overall product or service offering. This aligns with a strategic approach to pricing that reflects the
added value derived from Generative Al capabilities. For example, the principal consultant at Strategic Innovation
Partners mentioned that developing a new service offering that could help in leveraging the company’s knowledge
and expertise to advise clients on potential use cases would demand charging customers for consulting fees but the
revenue model would largely remain unchanged. Additionally, leveraging well-established pricing schemes for
Generative Al innovations ensures seamless integration into existing business models. This approach aligns with
proven strategies, reducing resistance to change and facilitating a smoother transition into value capture through
Generative Al
Value creation barriers
Technological constraints of Generative Al models, especially those related to large language models, represent
significant barriers to value creation with Generative Al. Expectation management is crucial for successful
implementation, as there can be a disparity between the perceived capabilities of Generative Al and its actual
functionalities. For instance, the “hallucination” issue of Generative Al models might make value creation more
difficult than initially anticipated, especially for use cases where reliable customer-facing outcomes are necessary
(e.g. in the finance and banking industry). Managing expectations helps organizations navigate the learning curve
and achieve realistic outcomes. The drive to create individual use cases often encounters incremental
implementation challenges. While there is enthusiasm to explore the potential of Generative Al, the
implementation process tends to be gradual. This incremental approach may be attributed to the evolving nature
of Generative Al applications and the need for continuous adjustments to achieve optimal results.

Internal processual concerns constitute a set of barriers that organizations face when adopting Generative
Al for value creation. Limited understanding of the benefits across all employees creates challenges, necessitating
various training and change management methods to ensure that the workforce is aligned with the goals of
Generative Al implementation. Concerns related to data security and safety are prevalent, leading to hesitation in
allowing Generative Al access to internal confidential data. This reluctance stems from the need to safeguard
sensitive information and maintain the integrity of organizational data assets. For example, one of our informants
discussed how even though the company servers were on Microsoft Azure where there were no data security

threats, large knowledge-intensive companies were still skeptical of utilizing Generative Al-enabled offerings.
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Limited willingness to invest in Generative Al often attributed to challenges in measuring its tangible
value. Organizations may be hesitant to allocate resources without a clear understanding of the direct impact on
business outcomes. Especially for smaller companies investing in a new technology with limited resources seems
like a big investment especially if not everyone at the company understands how to exploit the capabilities. In the
long term, some companies were considering scalability challenges such as maximizing benefits, decreasing
hallucinations, and productizing for a large customer base. These challenges arose due to the lack of clarity on the
need for new resources and the potential for growth with current resources.

Value proposition barriers

Strategic productization challenges present a significant barrier to the effective integration of Generative Al into
the main product offering. In particular, the inability to seamlessly implement Generative Al into the core product
offering is a notable hurdle. This may be due to technical complexities, resistance to change, or a lack of alignment
with the overall product strategy, hindering the realization of potential value. These challenges are pronounced for
global companies, where a Generative-Al-powered service offerings may need to achieve a global readiness before
being refined to be used in each country. While Generative Al enables ease of training, localizing the training
according to local language is still a concern that has remained.

A sense of urgency to innovate was also perceived, interestingly, as a barrier since the added time pressure
makes it more difficult to formulate coherent value propositions. This approach may divert resources from strategic
planning and hinder the organization’s ability to shape its productization strategy. It poses challenges in
maintaining a coherent and well-integrated product portfolio, potentially resulting in a fragmented or disjointed
customer experience. For example, one of our informants from highlighted how the company was forced to react
to customer questions to create a new product on demand. Thus, while sense of urgency drives admittedly also
drives innovation and experimentation, it can also turn out a barrier to coherent design of value propositions given
the lack of time and resourcing.

Value capture barriers

Monetization structure ambiguity is a key barrier for most the companies, as unclear value propositions create
challenges in estimating prices for Generative Al solutions. The lack of consensus on a uniform price structure
adds to the complexity, making it challenging for organizations to communicate and determine the fair value of
their Al-driven offerings. To date, there seem to be very few companies that have some direction to knowing how
to fully monetize Generative Al solutions — aside from well-known global Al leaders — and there are not that many

success stories to “copy with pride”.
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Demonstrating value-added towards customers is another core challenge for value capture. For instance,
especially for creative and knowledge-intensive companies such as Next Wave Creative and Digitalization Builder
Plc, estimating the expertise of an individual in terms of working hours becomes difficult, as the unique capabilities
of Generative Al may not be measured in a traditional way. Moreover, accurately estimating work hours by
Generative Al remains a challenge, reflecting the evolving nature of Al applications and the need for refined
metrics in the estimation process.

DISCUSSION: BMI SCOPE, NOVELTY, AND DISTINCTIVENESS
In this section, we summarize our findings from the within case analyses and cross-case analyses to elaborate the
implications to BMI in the context of Generative Al. We will discuss first BMI scope, followed by BMI novelty,
and finally the role of Generative Al in demonstrating added value in firm’s overall business model.
BMI Scope and Generative Al

As demonstrated in Table 2 above, only a few of the companies were able to achieve what we call
architectural BMI — i.e., innovating across all three dimensions. Most BMIs we identified remained on the level
of individual dimensions (which we label modular BMI). As Generative Al is still a new technology, companies
seem to find it hard to holistically re-think their business and find a viable path to renew their overall business
model architectures. The internal and external barriers, as discussed previously, have a major role to play in this.
For innovating the whole architecture, the barriers also become intertwined — e.g., when companies have
difficulties in formulating a value proposition that provides true added value from Generative Al — then value
capture is particularly tedious to implement and justify.

Proposition #1: Generative Al-enabled modular BMIs are more common than architectural
innovations.

Generative Al was found as a major productivity-enhancing tool and resource, driving cost savings or
better throughput per employee. Indeed, our data suggests that companies find it fairly straightforward to innovate
new value-creation methods thanks to Generative Al. Taking such technology as a resource and capability in
company processes and ecosystems drives new opportunities, and companies are continuously exploring more use
cases. However, both value proposition and value capture innovation seem much more challenging. For instance,
achieving measurable financial benefits in terms of revenues or higher profits that would be directly linked to
Generative Al. Many of our case companies are still moving from experimentation to execution and figuring out
how to concretize all the experimentation, operational enhancement, and new features/offerings into concrete cost

savings, pricing structures, or revenue sources. The differences in this complexity between BMI elements may be
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explained by shifts in time: companies first learn to create value, and only later learn how to propose that value to
clients, then charge for such value. In summary, many companies have issues with productization, integration, and
bundling/unbundling of Generative Al in their business model. Therefore, translating changes from internal to
external architecture seems to be an issue, and companies are figuring out how to move from individual Generative
Al experimentation to connect this work with customer-facing products.
Proposition #2: When using Generative Al for BMIs, complexity increases when moving from
value creation to value proposition and to value capture.
BMI Novelty and Generative Al
Novelty is an important theme in BMI research, and it can relate to the novelty of individual BMI dimensions, or
the novelty of the overall BMI (e.g., Foss and Saebi, 2017). From our findings, we could identify attempts towards
BMI novelty from two dimensions: customer and markets, and technological capabilities, aligned with the classic
notions of Abernathy and Clark (1985) on novelty/disruption in markets and technology dimensions.

Our findings mainly didn’t indicate major innovations that would have shaken customer
relationships or market dynamics. Next Wave Creative, the creative advertising agency, is an exception in this
regard, as it is launching various Generative Al-related consulting and training services that are new to the industry
and thus transforming how clients perceive creative advertising work. The banking and finance company OP, on
the other hand, is forced to take a more incremental innovation path, and this is due to the stringent regulations
and risk-avoidant mindsets of the financial industry that often prevent novel innovations in the sector. Given the
nascent nature of Generative Al technologies, the situation might change in the future, but to date, it seems that
companies overall are still working on rather incremental innovations, both on the level of the business model
architecture and its dimensions.

Proposition #3: Generative Al-enabled incremental BMIs are more common than radical

customer/market redefining innovations.

Disruptive and technology-redefining GenAl-enabled business model changes or innovations were rare
in our data. Generative Al-enabled BMI currently seems characterized as an emergent, opportunistic, and bottom-
up process as companies are experimenting and testing the technology and the ideas related to its implementation.
To date, many companies are considering Generative Al technologies as part of their overall technology stack (as
evidenced by Insight Pulse Software, for instance). However, we are not yet witnessing these technologies
revolutionizing those stacks completely, leading to radically new technology configurations. This might be a

matter of time; as technology adoption gets more pervasive, and Generative Al becomes part of all productivity
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software, it might be easier to implement more overarching technological transformations. Yet driving a radical
technology-driven BMI is also a strategic question of organizational renewal. Often major organizational
technology transformations that affect structures, incentives, and processes are led (or at least initiated or
resourced) top-down (Boonstra 2013). However, across our cases, and due to the democratized access to the
technology, the adoption of Generative Al is very much a bottom-up activity in the organizations. Such bottom-
up adoption creates more “local innovation”, experimentation, and piloting, and might lead to broader cultural
acceptance of the new technology. However, the focus on bottom-up approach also drives more likely incremental
improvements than major organizational transformations that would require also top-down guidance.

Proposition #4: Incremental BMIs on technical process improvements with Generative Al are

more common than radical technological-capability redefining innovations.

Identifying the Distinctive Advantage of Generative AI Within BMI Context

Like electricity and the internet, Al is a general-purpose technology (Crafts 2021; Suleyman and Bhaskar 2023).
While previous generation machine learning models were not always accessible to all companies, Generative Al
seems to be much easier for companies to adopt and utilize. While this broad accessibility is useful for technology
adoption, it poses the challenge of proving and monetizing such value. Consider the analogy to other productivity
tools and resources — would it be possible for a company to estimate the price for electricity, or the MS Excel
sheets, or PowerPoint slides it uses while delivering solutions to its clients — other than charging for those as one
small part of the whole bill? The companies in our sample need to grasp with such fundamental consideration
when thinking about the competitive differentiation available from Generative Al— what is, in the end, the value
of technology as it becomes embedded in organizational processes, products, and customer-facing outcomes?

A related challenge is how to reliably measure and provide Generative Al-enabled improvements
to both internal and external stakeholders. We found that companies are still very much struggling to do so, leading
to difficulties in both concretizing but also monetizing the value created. If employee time was saved, or tasks
eliminated, there is still other work to be done, thus roles and responsibilities of people are predominantly evolving
to a new state rather than being replaced. Furthermore, customers expect to receive excellent service, and might
not be able to understand the added value of technology to deliver those services. Therefore, the value capture
challenge remains as Generative Al becomes an integral part of the firms’ processes and structures.

Proposition #5: The distinctive competitive differentiation of Generative Al-enabled BMIs is

challenging to identify due to the general-purpose-technology features.
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CONCLUSION

We have studied BMI that is related to adoption and use of Generative Al in value creation, proposition, and
capture dimensions of BMI. Via a multiple-case study, we demonstrated how companies in different industries
have achieved both modular (i.e. innovating on one or two BMI dimensions) or architectural (i.e. innovating on
all dimensions of BMI) innovations, and how companies often struggle especially in translating value creation
towards value propositions targeted to customers, and with the most challenging aspect, value capture. In the
following, we will discuss the implications to research and practice, as well as the limitations and related future
research opportunities stemming from our study.

Research Implications

First, we contribute specifically to the emerging literature on the effects of AI — and particularly Generative Al —
on BMI as well as to the general understanding of BMI. In line with recent studies (e.g., Astrém et al. 2022;
Burstrom et al. 2021; Sjodin et al. 2023; Sjodin et al. 2021), we could show that Generative Al has the potential
to substantially alter how value is proposed, created and captured in firms. With our empirical analysis, we build
on the initial work of Kanbach et al. (2023) by providing a more systematic analysis of the concrete BMIs that
firms already utilize in the early phases of adoption of Generative Al technology. Our identification of the main
drivers and barriers to this adoption also help to contextualize different maturity degrees across firms. Contributing
to the general BMI literature, we support fundamental previous works that argued that new technologies are an
important antecedent to the creation of BMI (e.g., Baden-Fuller and Haefliger 2013; Chesbrough 2007;
Gambardella and McGahan 2010; Lubik and Garnsey 2016). Our study however reveals, that compared to other
antecedences of BMI such as capabilities (e.g., Clauss et al. 2021; Hock-Doepgen et al. 2021) the external
emergence of complex general-purpose technologies is affecting firms’ BMI in an incremental and modular way.
Despite the potential to more radically and architecturally changing the business model, the firms’ early adoption
of this new technology is characterized by smaller scale experimentation and assessment. In the current stage,
business model innovation is operational in nature and thus particular and isolated changes with clear return on
invest are conducted. In line with early work by Langley and Truax (1994), this phase may lead into more complex
and strategically aligned Generative Al implementation process that may affect the architecture of the business
model over time. It can be assumed that the technology adoption — BMI process is an iterative one that may or
may not develop into architectural BMI (Foss and Saebi 2017) over time. Following the work on the BMI strategy
nexus by Casadesus-Masanell and Ricart (2010), achieving more holistic changes to the business model would

likely require clear and bold technology adoption strategies that help orchestrate resources across the business
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model dimensions (Menter et al. 2020). Overall, these findings also shed more light on the broader gap in the
literature regarding digital technologies and BMI, as noted by Ancillai et al. (2023) who identified a lack of
evidence regarding how different BMI dimensions are affected together. Our results demonstrate the need for
aligning value proposition, creation, and capture elements in order for firms to take full use of Generative Al in
their business models. Future studies should further investigate these iterative processes for different types of
technologies over time.

Second, we contribute to the nascent research stream focusing on organizational implementation
and use of Generative Al systems (e.g., Brynjolfsson and Raymond 2023; Prasad Agarwal 2023; Ramaul et al.
2024; Retkowsky et al. 2024). We find how organizational members face at the same time the major productivity
improvement potential of Generative Al, but at the same time suffer from major ambiguity and stakeholder
pressure to adopt these systems. Our findings imply therefore a tension-intensive context where decision-makers
and professionals need to cope with time pressure and ambiguity at the same time. In this regard, research on
previous generation Al systems has demonstrated resulting technological anxiety and organizing challenges (e.g.,
Johnson and Verdicchio 2017). The identification of drivers and barriers of implementation of generative Al serves
as a further direction to companies adopting generative Al to consider resource allocation, optimizing capabilities
as well as planning for necessary training programs. These would be important decisions to consider before
investment into a new technology such as Generative Al. Due to the hype created around generative Al, there is a
possibility that everyone might want to incorporate Generative Al in their daily operations; however, in order to
effectively leverage Generative Al in internal and external organizational processes, it is essential to understand
the drivers and barriers. This understanding can facilitate moving forward with the necessary transformation and
investments.

Third, our results provide implications for strategic management of Generative Al Building on
our empirical data, we propose that companies need to put more effort into BMI thinking, i.e., carefully considering
how the added value of Generative Al could be reliably measured and then monetized, and how to drive long-
lasting profit improvements. Failure to do so may result in Generative Al technologies becoming commoditized,
offering only temporal competitive advantages for companies, something that rivals could rather easily copy. In
this regard, it has been suggested that depending on their starting points, physical assets, and competitive strategies,
firms can pursue unique Al-based advantages in data, algorithmic, or execution focus (Ruokonen and Ritala 2023).
For Generative Al, the jury is still out about the types of companies and strategies that can gain such advantages.

While Generative Al might be more commonly accessible compared to previous generation machine learning
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models (Chui et al. 2023), we still expect that companies that combine Generative Al with proprietary data,
cultivate deep customer relationships, and demonstrate excellent execution will effectively establish their
competitive position and differentiation.
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TABLES

Company name Employees Role of informant
Global Manufacturing 60,000 Head of Data and Analytics
Company Head of Analytics Development
Insight Pulse Software 35 Lead Data Scientist

Sales Head and Co-Founder
Retail Optimization 2,000 Director (Data & Al solutions)
Systems Data Analyst
Next Wave Creative 19 Chief Executive Officer
Strategic Innovation 100 Vice President, Digital Industries
Partners Principal Consultant (Generative Al)
Nordic Trust Group 13,000 Product Owner

Technology Exploration Lead
Digitalization Builder 900 Business Director
Plc
Insight Driven 130 Competence Development Lead (Data Science)
Consulting

Table 1. Overview of cases and informants
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Firm Industry Value Value Value capture Scope of Degree of
creation proposition BMI novelty
(customers/m
arkets)
Global Manufactu  Engaged in Seen as new Generative Al Modular Incremental
Manufac ring delivering  functionalities in enhancing value
turing essential existing digital capture by winning
Compan informatio  products or as the competition,
y nto new standalone increasing market
enhance products share, selling more to
client the clients
service and
overall
operational
efficiency
Next Advertisin ~ Restructuri  New consulting Value-based pricing Architectur Radical
Wave g agency ngofcore  offerings such as  for new Generative al
Creative processes online training Al-enabled services;
and and monthly scalable, recurring
resources events powered retainer fees for
with the by Generative Al clients
requiremen
ts of
consulting
services
Insight Software Enables Generative Al isa  Opportunity to Architectur  Incremental
Pulse new data novel value- incorporate new al
Software analysis enhancing feature  functionalities in the
methods in the existing pricing of existing
thus product offering products; various
providing bundling and
new unbundling options to
competenc be considered
ies
Retail Software Generative  Generative Al The value of Modular Incremental
Optimiz Alisseen  solution asa Generative Al is
ation as a “co- standalone incorporated in the
Systems worker” or  product offering current prices of
as an solutions; no extra
added fees
resource
that
increases
employees
capabilities
Strategic Research Augments  Pilot testing Al Hallucinations prove ~ Modular Incremental
Innovati consultanc  and assists  tools internally, to be a barrier to
on y employee  potential capturing value at the
Partners capabilities extension of some  cost of putting
leaving Al functionalities  significant time and
more time  to clients effort into validating
for outputs
strategic
decision-
making
Nordic Banking & Improves Not possible to No significant Modular Incremental
Trust Finance employee  integrate revenue generation or
Group efficiency ~ Generative Al in cost savings
but core client-facing
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processes products & opportunities

remain services identified yet

unchanged
Digitaliz  Software Anticipate  Efforts to upskill ~ Pricing structure to Modular Incremental
ation consultanc  increased employees to remain the same
Builder vy availability  keep up with the
Plc of shift in resource

employee’  allocation

S cognitive

resources

along with

improved

efficiencie

s
Insight Marketing ~ Working Generative-Al No specific revenue Modular Incremental
Driven consultanc  towards framework generation or cost
Consulti y buildinga  developed which  savings identified yet
ng database of combines public

common data with

knowledge company-specific

for future operational data

customers  to provide an

to enable individualized

handling GPT solution for

multiple customers

customers

at the same

time

Table 2. Value creation, value proposition, and value capture dimensions of BMI with Generative Al

Drivers of Generative Al-enabled BMIs

Barriers to Generative Al — enabled BMIs

Value creation drivers
- Technology democratization, accessibility &
implementation
- Leadership & management support

Value proposition drivers
- Market readiness & segmentation
- Adaptive productization potential
- Offering customized services
Value capture drivers
- Operational efficiencies & business model
integration
- Integrated monetization approach

Value creation barriers
- Technological constraints
- Internal processual concerns
- Limited willingness to invest

Value proposition barriers
- Strategic productization challenges
- Sense of urgency to innovate

Value capture barriers
- Monetization structure ambiguity
- Demonstrating added value to customers

Table 3. Drivers and barriers for BMI with Generative Al

33



1260.

1261.

1262.

1263.

1264.

1265.

1266.

1267.

1268.

1269.

1270.

1271.

1272.

1273.

1274.

1275.

1276.

1277.

ACTA UNIVERSITATIS LAPPEENRANTAENSIS

ABDULLAI, LARRY. Orchestrating ICT ecosystem for sustainability transition :
strategies, models and empirical evidence from the Finnish ICT sector. 2025. Diss.

ADIBE, PIA. Navigating the in-between : exploring individuals’ different meanings of
creating space for collaborative innovation. 2025. Diss.

ELO, TIMO. Synthesis of novel functionalized and exfoliated hexagonal boron nitrides
filler and their compatibilization chemistry for high-performance biocomposites. 2025.
Diss.

KONSTARI, PlIA. Characteristics of sustainability-oriented innovation activities in a
shared semiconductor infrastructure : insights on the European, regional and
organisational level. 2025. Diss.

ABDELSALAM, AHMED. Towards deployable autonomous robots. 2025. Diss.

KOVALEVA, YEKATERINA. Towards gender-inclusive pathways into software
engineering education and industry. 2025. Diss.

TRIPATHI, ASHOK KUMAR. Integrating sustainability into software engineering
education. 2025. Diss.

VALTONEN, ALENA. Digital technologies and employee wellbeing : navigating the
complexities of digital transformation. 2025. Diss.

HASAN, MD TANVIR. Integrating user-centered design into scrum : a canvas approach.
2025. Diss.

GIVIROVSKAIA, DARIA. Advanced synthesis and characterization of metal-organic
frameworks for diverse applications. 2025. Diss.

TUKIAINEN, TEEMU. Optical and photoelectric modeling of thick film bacteriorhodopsin
sensors. 2026. Diss.

LEHTIMAKI, JUHA. Metalliteollisuuden alihankkijoiden suorituskyvyn vertailu ja
kehittdmismahdollisuudet. 2026. Diss.

LYLY, NATALIA. Institutional design and organised system change for sustainable
urban mobility : shifting gears for transformative outcomes. 2026. Diss.

SINGH, SHRUTI. Design, analysis, and manufacturing of low-power high-speed
synchronous generators. 2026. Diss.

DODONOQV, VIKTOR. Finite-horizon optimisation and control of dynamic systems with
uncertainty. 2026. Diss.

VINOGRADOVA, MARIIA. Magnetic shape memory alloy Ni50Mn27Ga22Fe1 with
commensurate and incommensurate modulations: thermal and stress-induced
transformations. 2026. Diss.

NOROUZI INALLU, MEYSAM. Experimental study on the influence of wall thickness
and scanning strategy in laser powder bed fusion of Ni-Mn-Ga magnetic shape memory
alloys. 2026. Diss.

KNUUTILA, MIRIKA. Organisational intention to invest in energy efficiency
improvements and perceptions of energy efficiency in buildings. 2026. Diss.



1278.

1279.

1280.

1281.

1282.

1283.

1284.

1285.

1286.

1287.

1288.

1289.

1290.

1291.

1292.

1293.

1294.

1295.

1296.

1297.

LEV, ROMAN. Creasability of novel-coated paperboards for packaging production.
2026. Diss.

JOUZI, FATEMEH. Money and time in sustainable consumption : a well-being
perspective. 2026. Diss.

RAAPPANA, ANU. The effect of various learning environments on the development of
adolescents' entrepreneurial potential. 2026. Diss.

V K, RAJAN KUMAR. Performance management with novel technologies : integrating
sustainability performance in digital transformation. 2026. Diss.

IPPOLITOV, VADIM. The recovery and recycling of a deep eutectic solvent after
biomass fractionation with cellulosic membranes. 2026. Diss.

MUSTONEN, KATI. Transforming primary sludge originating from pulp and paper
industry into sustainable composites : technical feasibility and climate benefits. 2026.
Diss.

ELORANTA, VILPPU. Planning and optimization of smart local energy systems for cost-
effective decarbonization. 2026. Diss.

PATEL, GULAM HUSAIN. Climate change performance of hydrogen production and
utilization in Power-to-X technologies. 2026. Diss.

ALTUNAY KAN, RABIA. Mathematical models and optimization methods in biomedical
applications. 2026. Diss.

PESONEN, TERO. Finite element simulation-based fatigue assessment of welded high-
strength steel joints. 2026. Diss.

ALIYON, KASRA. A systematic approach to using artificial intelligence as surrogate and
generative models in energy systems : applications in carbon capture and electricity
markets. 2026. Diss.

GULZAR, MARYAM. From expectations to reality : organizational adoption of Al and
other emerging technologies. 2026. Diss.

KINNUNEN, JORMA. Performance management through sustainability management in
the Finnish construction industry. 2026. Diss.

SAURIO, RIIKA. Implementation of exoskeletons in care work : a study of acceptance,
domestication, impacts and orientation needs. 2026. Diss.

FISHBURN, JESSICA. Rethinking how we do things : how fostering socio-ecological
perspectives reshapes innovation management. 2026. Diss.

TOMAS FILLOL, LETICIA. Bridging demand-side growth dynamics and supply-side
design for rural mini-grids in Sub-Saharan Africa. 2026. Diss.

HALONEN, VILMA. The impact of individual actions, motivations and knowledge on
reducing consumption-based greenhouse gas emissions. 2026. Diss.

COLE, CAROLYN. Towards responsible design of Al-augmented systems : applications
for evidence-informed decision making. 2026. Diss.

JIANG, DEZHI. Computational dynamics in industry and healthcare : from heavy
machinery to human locomotion analysis. 2026. Diss.

IBEBUNJO, KOSISOCHI. 3D-printed adsorbents from recycled polymer for urban
mining and wastewater treatment. 2026. Diss.



LUT
LS University

ISBN 978-952-412-477-5
ISBN 978-952-412-478-2 (PDF)
ISSN 1456-4491 (Print)
ISSN 2814-5518 (Online])
Lappeenranta 2026



	Laavanya Ramaul_A4_LutPubiin.pdf
	Abstract
	Laavanya Ramaul

	Acknowledgements
	Contents
	Abstract Acknowledgements Contents
	9

	List of publications
	Author's contribution
	Nomenclature
	Abbreviations

	Declarations
	Turnitin
	Commercial software
	AI use

	1 Introduction
	16
	1.1 Research gaps and positioning of the study
	17
	18
	19

	1.2 Research questions and objectives
	20
	21
	22

	1.3 Structure of the dissertation
	23


	2 Theoretical background
	2.1 AI in organizations and management: a summary
	24
	25

	2.2 Generative AI as an emerging digital technology for organizing
	26
	27
	28

	2.3 AI and knowledge work: Affordance perspective
	29
	30

	2.4 Generative AI and Business Model Innovation (BMI)
	31
	32
	33


	3 Methods
	34
	3.1 Research design
	35

	3.2 Problematizing literature review (Publication I)
	36
	37

	3.3 Qualitative interview study (Publication II)
	38
	39
	40
	41

	3.4 Qualitative case study (Publication III)
	42
	43
	44
	45


	4 Results
	4.1 Publication I: Rethinking how we theorize AI in organization and management: a problematizing review of rationality and anthropomorphism
	46
	47
	48

	4.2 Publication II: Creational and conversational AI affordances: how the new breed of chatbots is revolutionizing knowledge industries
	49
	50

	4.3 Publication III: Generative AI as an enabler of business model innovation: a multiple-case study
	51
	52
	53


	5 Discussion and conclusion
	This dissertation examines how human-AI relations are changing in knowledge-intensive work as organizations adopt Generative AI. The three research gaps addressed in this dissertation are interrelated: existing AI research is built on implicit theoret...
	5.1 Theoretical contribution and implications
	54
	55

	5.2 Managerial implications
	56
	57

	5.3 Limitations and future research
	58
	59


	References
	60
	61
	62
	63
	64
	65
	66
	67
	68
	69
	70
	71
	72

	Rethinking How We Theorize AI in Organization and Management: A Problematizing Review of Rationality and Anthropomorphism
	Abstract  
	INTRODUCTION
	THE PROBLEMATIZING REVIEW METHODOLOGY
	Data Collection and Sample Selection
	Data Analysis
	The Root Metaphor: Defining Artificial Intelligence in Organization and Management Theory

	FIELD ASSUMPTIONS
	Rationality
	The use of the rationality assumption in the field
	Working around the rationality assumption. 

	Anthropomorphism
	The use of the anthropomorphism assumption in the field
	Working around the anthropomorphism assumption

	TOWARD AN ORGANIZATION AND MANAGEMENT THEORY SCAFFOLDING FOR A SOCIAL SCIENCE OF ARTIFICIAL INTELLIGENCE
	Theorizing AI Rationality
	Computational superiority. 
	Decisional objectivity. 

	Theorizing AI Anthropomorphism
	Anthropomorphic agency. 
	Organizational actorhood. 


	CONCLUSION
	Acknowledgement
	NOTES
	REFERENCES

	Creational and conversational AI affordances: How the new breed of chatbots is revolutionizing knowledge industries
	1. The emerging potential of the generative AI revolution
	2. New technology affordances and disaffordances of AI
	3. The new breed of AI affordances
	4. Leveraging the creational and conversational affordances of ChatGPT
	4.1. Creational affordances
	4.1.1. Content creation and enhancement
	4.1.2. Knowledge acquisition and creativity augmentation
	4.1.3. Task automation

	4.2. Conversational affordances
	4.2.1. Contextual sensitivity
	4.2.2. Interactive engagement
	4.2.3. Human-AI workflow synergy

	4.3. ChatGPT disaffordances
	4.3.1. Machine learning opacity
	4.3.2. Hallucinations
	4.3.3. Response quality
	4.3.4. Legality concerns


	5. The virtuous cycle of new generative chatbots
	5.1. Accessibility
	5.2. Accumulation
	5.3. Adaptability

	6. Taking advantage: How can organizations reap the full potential of ChatGPT and GenAI chatbots?
	6.1. Embrace creational affordances
	6.2. Embrace conversational affordances
	6.3. Embrace the interplay
	6.4. Stay up to date
	6.5. Understand what not to do going forward
	6.6. Scale up
	6.7. Make it strategic

	7. Conclusion
	Acknowledgment
	References

	Publication III
	Generative AI as an enabler of business model innovation: A multiple-case study

	DISCUSSION: BMI SCOPE, NOVELTY, AND DISTINCTIVENESS
	Laavanya Ramaul_A4_LutPubiin.pdf
	Dissertation_LR VALMIS




 
 
    
   HistoryItem_V1
   Nup
        
     Trim unused space from sheets: no
     Allow pages to be scaled: yes
     Margins and crop marks: none
     Sheet size: 8.268 x 11.693 inches / 210.0 x 297.0 mm
     Sheet orientation: tall
     Scale by 90.00 %
     Align: centre
      

        
     0.0000
     10.0000
     20.0000
     0
     Corners
     0.3000
     ToFit
     0
     0
     1
     1
     0.9000
     0
     0 
     1
     0.0000
     0
            
       D:20260528144516
       841.8898
       a4
       Blank
       595.2756
          

     Tall
     1064
     474
    
    
     0.0000
     C
     0
            
       CurrentAVDoc
          

     0.0000
     0
     2
     0
     1
     0 
      

        
     QITE_QuiteImposingPlus3
     Quite Imposing Plus 3.0k
     Quite Imposing Plus 3
     1
      

   1
  

 HistoryList_V1
 qi2base





