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Artificial intelligence (AI) is reshaping knowledge work, yet little is known about how

product managers (PMs), who connect business, technical, and customer concerns, accept

and use AI tools. This study explores the factors that influence AI technology acceptance

among PMs and how they use AI in their work. The study adopts a qualitative, exploratory

approach based on semi-structured interviews with eight PMs in software and technology-

driven organizations. It is guided by the technology acceptance model (TAM), which centers

on perceived usefulness and perceived ease of use, and extends it with three AI-specific

factors: trust in AI, perceived risk of AI, and AI literacy. The interviews were analyzed

using thematic analysis. All five factors shaped acceptance, but in different ways. Perceived

usefulness was the strongest driver, though task-specific rather than general. Perceived ease

of use was high for basic use but depended on prompting skill for professional-quality out-

put. Trust was partial and calibrated by task type, earned through systematic verification.

Perceived risk, including a notable concern about overreliance and cognitive decline, func-

tioned as a regulator of how AI was used rather than as a barrier to use. AI literacy operated

as the upstream enabler connecting the other factors. PMs used AI widely but selectively,

following a consistent draft-and-refine workflow in which AI produces a first draft that the

PM reviews and finalizes, while deliberately avoiding AI for sensitive-data, relational, and

judgment-heavy tasks. Organizational context further moderated individual acceptance. The

study offers role-specific insight into AI technology acceptance, showing that for PMs it is

a task-specific, actively managed process in which AI assists but does not replace human

judgment.

Keywords: artificial intelligence, AI technology acceptance, product manager, product man-

agement, technology acceptance model, trust in AI, perceived risk, AI literacy, qualitative

research
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1 Introduction

This chapter provides an overview of the research study. It presents the background and

motivations for examining artificial intelligence (AI) technology acceptance among product

managers (PMs), identifies the research objectives and research questions, specifies the scope

and limitations of the study, and defines the key terms used throughout the thesis. The chapter

concludes by outlining the structure of the remaining chapters.

1.1 Background and motivations of the study

Rapid technological development increasingly necessitates continuous organizational trans-

formation for maintaining competitive advantage (Omol, 2024). One of the key forces driv-

ing this development is the rapid growth of AI, which has been argued to reshape contem-

porary work practices and organizational structures (Dwivedi et al., 2021). Recent literature

reports that AI is increasingly used in organizational settings to support productivity, work

efficiency, task automation, and decision-making (Maslej et al., 2025). The development

of AI technologies has intensified, and AI currently plays a vital role across industries and

within organizations (Maslej et al., 2025; Singla et al., 2025). Although many organiza-

tions across industries have started implementing and integrating AI into their operations,

successful AI value creation depends on the organization’s ability to utilize and maximize

AI technologies (Romeo & Lacko, 2026), especially across technical, organizational, and

people-related dimensions (Tursunbayeva & Chalutz-Ben Gal, 2024; Westenberger et al.,

2022). In particular, the ability of employees to understand AI capabilities and limitations,

trust in AI systems, and to integrate AI into their work practices is essential for organizations

to generate AI business value (Chowdhury et al., 2022). This highlights that AI technology

acceptance is not only a technical capability, but also depends on individual perceptions,

understanding, and evaluation of AI tools in their work.

Within this organizational context, PMs play an important role, acting as a strategic

bridge across business, technical, and customer perspectives to ensure that product devel-

opment meets market and customer demands (Maglyas et al., 2013; Grigoryan et al., 2025;

Tkalich et al., 2022). Their responsibilities require a broad set of skills, including guid-

ing product direction, supporting product planning, coordinating stakeholders, interpreting

customer and market information, and contributing to data-informed product decisions (Kit-

tlaus, 2022; Grigoryan et al., 2025). These responsibilities make the PM role demanding,

as PMs must manage cross-functional communication and balance reactive and proactive re-

sponsibilities while coordinating multiple stakeholders (Springer & Miler, 2022; Grigoryan

et al., 2025). In agile and digital product contexts, PM work is also increasingly shaped

by data, short feedback loops, and emerging technologies such as AI (Olsson & Bosch,

2025). In this environment, technology-driven support, including AI-enabled tools, can help
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improve product management work by supporting decision-making, enabling more com-

prehensive customer analytics, and accelerating product development and launch activities

(Mahajan, 2024). Therefore, understanding the factors that influence AI technology accep-

tance is important, especially in professional roles where decision-making, coordination, and

knowledge work are central to organizational performance.

Prior research on AI technology acceptance has examined various domains such as or-

ganizational contexts, including employees and workplace users (Choi, 2021; Nguyen et al.,

2026), managers involved in organizational decision-making (Cao et al., 2021), public sector

employees (Ahn & Chen, 2022), students (Lai et al., 2024), and teachers in higher education

(Al-Abdullatif, 2024). However, there remains limited research focusing specifically on PMs

as a role-based professional group. This gap provides the motivation for this study, which

explores the factors that influence AI technology acceptance among PMs at the individual

level, drawing on their perspectives and experiences in organizational settings.

To address this research gap, this study draws on the technology acceptance model

(TAM) as the main theoretical lens. TAM explains technology acceptance mainly through

perceived usefulness and perceived ease of use as the key determinants of acceptance (Davis,

1989). In addition to this framework, this study also considers AI-specific factors, particu-

larly trust in AI, perceived risk of AI, and AI literacy, which recent literature has identified

as relevant to AI technology acceptance in organizational settings (Long & Magerko, 2020;

Choung et al., 2023; Nagy & Hajdú, 2021; Lai et al., 2024).

1.2 Research objectives

This study pursues two research objectives (ROs), which together address the identified re-

search gap and inform the development of the research questions that follow. The study

focuses on PMs’ individual-level AI technology acceptance, particularly how PMs perceive,

evaluate, and use AI tools in their work practices. The study adopts TAM as the main theoret-

ical lens and also considers AI-specific factors to better understand AI technology acceptance

in the context of product management work.

RO1: To explore how PMs perceive the role of individual-level factors, including perceived

usefulness, perceived ease of use, trust in AI, perceived risk of AI, and AI literacy, in

their acceptance and use of AI tools.

RO2: To explore how PMs use AI tools in their work practices and identify the benefits

and limitations they experience.



12

1.3 Research questions

Building on the ROs outlined above, this study addresses two research questions (RQs), each

designed to examine AI technology acceptance and use from the perspective of individual

PMs.

RQ1: How do PMs perceive the role of individual-level factors, including perceived use-

fulness, perceived ease of use, trust in AI, perceived risk of AI, and AI literacy, in their

acceptance and use of AI tools?

RQ2: How do PMs use AI tools in their work practices, and what benefits and limitations

do they experience?

1.4 Research scope and limitation of the study

This study uses a qualitative approach to explore how PMs in software, digital, and

technology-driven organizations perceive and use AI tools in their work. The focus is

on the individual PM level, meaning the study examines personal perceptions and ex-

periences rather than how organizations as a whole adopt AI. Data were collected through

semi-structured interviews with eight participants in product management roles, with the aim

of gaining in-depth insights rather than producing results that can be statistically generalized.

In this study, AI refers to AI-enabled tools and applications that support PMs’ work prac-

tices. These may include generative AI tools, AI-assisted analytics tools, and AI-based

productivity tools used for tasks such as information analysis, content generation, summa-

rization, automation, decision support, customer insight analysis, and market analysis. The

study focuses on AI tools as work-support technologies used by PMs, rather than AI as a

product feature, technical AI development, or AI systems being developed.

The scope of the study is limited to individual-level acceptance and use of AI tools. More

specifically, the study focuses on perceived usefulness, perceived ease of use, trust in AI,

perceived risk of AI, and AI literacy. Organizational aspects, such as workplace context,

available tools, or general guidance, may appear in participants’ responses, but they are not

treated as the main focus of the study. The study does not examine formal organizational

AI adoption, enterprise-wide AI implementation, organizational AI transformation, or AI

governance.

The study has certain limitations. First, the study does not investigate the technical de-

velopment of AI systems, AI model performance, machine learning engineering, agentic AI
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implementation, or AI infrastructure. Second, the study does not compare the effectiveness

of different types of AI tools or evaluate their technical accuracy. Third, the study uses a

cross-sectional design, meaning that participants’ perceptions are collected at one point in

time. Since AI technologies and work practices continue to evolve, the factors influencing

AI technology acceptance may also change over time.

1.5 Definition of key terms

A product manager (PM) refers to an individual professional working in a software-related,

digital, or technology-driven product context who performs product-related responsibilities,

including guiding product direction, supporting product planning, coordinating stakeholders

and product-related activities, interpreting customer and market information, and contribut-

ing to data-informed product decisions (Kittlaus, 2022; Maglyas et al., 2013; Grigoryan et

al., 2025). The plural form, PMs, refers to these individual professionals.

Software product management (SPM) refers to the discipline and organizational function

of planning, coordinating, and managing software products and software-intensive products

and services across the product lifecycle. It also applies to corporate information technology

(IT) organizations where software-related products and services are developed, managed, or

supported. SPM combines business and technical perspectives with the aim of generating

business value (Kittlaus, 2022; Ebert & Brinkkemper, 2014). SPM denotes the broader

organizational function, while PM and PMs refer to the individual professionals performing

these responsibilities.

Artificial intelligence (AI) tools in this study refer to data-driven digital applications or fea-

tures that use machine learning, natural language processing, or generative model capabilities

to support professional work tasks (Kaplan & Haenlein, 2019). This scope covers both an-

alytical AI tools that support information processing, prediction, market analysis, customer

insights, recommendations, and decision support, and generative AI tools that support con-

tent creation, summarization, documentation, and professional communication (Kaplan &

Haenlein, 2019; Witkowski & Wodecki, 2025; Feuerriegel et al., 2024). The study focuses

on AI tools used by PMs in their professional work rather than on the technical development

of AI systems, and excludes rule-based automation, conventional business software, and

theoretical AI forms such as artificial general intelligence and artificial super intelligence.

AI technology acceptance refers to PMs’ willingness to use and integrate AI tools into their

professional work practices. It is treated as an individual-level acceptance concept rather

than formal organizational adoption of AI (Davis, 1989; Dillon & Morris, 1996; Kelly et al.,

2023).
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Perceived usefulness refers to the extent to which PMs believe that using AI tools can en-

hance their work performance by supporting productivity, decision-making, and product

management tasks. This definition is adapted from Davis’s (1989) original definition of

perceived usefulness.

Perceived ease of use refers to the extent to which PMs believe that AI tools are easy to

learn, understand, use, and integrate into existing work practices. This definition is adapted

from Davis’s (1989) original definition of perceived ease of use.

Trust in AI refers to PMs’ confidence in and willingness to rely on AI systems or AI-

generated outputs, particularly when evaluating their reliability, accuracy, explainability, and

appropriateness for work-related tasks. This definition is adapted from trust in automation

and AI trust literature (Lee & See, 2004; Hoff & Bashir, 2015; Glikson & Woolley, 2020).

Perceived risk of AI refers to PMs’ concerns about possible negative consequences, uncer-

tainty, or undesirable outcomes associated with using AI tools, including concerns related to

output accuracy, bias, privacy, security, ethical issues, and overreliance on AI-generated in-

formation. This definition is adapted from perceived risk and AI risk literature (Featherman

& Pavlou, 2003; National Institute of Standards and Technology [NIST], 2023, 2024).

AI literacy refers to PMs’ perceived ability to understand, evaluate, and use AI tools appro-

priately and responsibly in their professional work practices. This definition is adapted from

AI literacy literature and applied to product management work contexts (Long & Magerko,

2020; Carolus et al., 2023; Laupichler et al., 2023; Al-Abdullatif, 2024).

1.6 Thesis structure

This thesis is organized into five chapters, each addressing a distinct component of the re-

search. Chapter one introduces the research background and motivations, research objec-

tives, research questions, scope and limitations, definitions of key terms, and the structure

of this thesis. Chapter two reviews the literature across three areas: the context and role

of PMs, AI tools and their capabilities, and technology acceptance and AI-specific factors.

It then summarizes the research gap and presents the conceptual framework of this study.

Chapter three presents the research methodology, covering the research approach, research

context, participant selection, research instrument, data collection, data analysis, trustwor-

thiness, researcher reflexivity, and ethical considerations. Chapter four presents the findings

and analysis derived from the interview data, organized around the two research questions.

It also includes cross-cutting observations and a chapter summary. Chapter five presents the

conclusions, limitations, and recommendations for future research.
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2 Literature review and conceptual framework

This chapter reviews the literature relevant to AI technology acceptance among PMs. It

first discusses the professional context of the PM role, including how the role has evolved

and what responsibilities it involves in software and digital product contexts. The scope

of AI tools is then established, followed by a review of TAM as the main theoretical lens

and an examination of AI-specific factors including trust in AI, perceived risk of AI, and

AI literacy. The chapter concludes by summarizing the research gap and presenting the

conceptual framework guiding this study.

2.1 Context of the study: product managers

This section establishes the professional context of the PM role as a foundation for this study.

The PM role varies considerably across organizations and product contexts, making it neces-

sary to clarify what the role involves and under what conditions PMs operate. Understanding

these conditions is essential for examining how PMs perceive and respond to AI tools in their

professional work. The section clarifies how the role has evolved, what responsibilities it en-

compasses, and how agile and digital product contexts shape the conditions of PM work.

2.1.1 Evolution of the product manager role

Product management has undergone substantial evolution since its early twentieth-century

origins, expanding into contemporary software, digital, and technology-driven product con-

texts. The PM role was shaped through technological advancements, shifting market con-

ditions, and evolving organizational strategy. Modern product management is commonly

traced back to Neil H. McElroy’s “Brand Man” concept at Procter & Gamble in 1931, which

proposed assigning dedicated roles to manage individual brands, while emphasizing the in-

dividuals’ accountability for a product’s success. In its early form, product management was

closely associated with brand performance and product accountability (Parikh, 2025).

The role expanded beyond marketing when Hewlett-Packard applied this product man-

agement concept in the 1940s, assigning PMs to work closely with engineering teams while

maintaining focus on customer needs, bridging the gap between technical development and

market demand (Eriksson, 2015; Parikh, 2025). By the 1990s, the scope of the PM role

had expanded considerably in leading technology companies such as Google, Microsoft, and

Amazon, repositioning the discipline at the intersection of business, technology, and cus-

tomer experience, well beyond its marketing origins (Parikh, 2025).

In today’s software contexts, product management encompasses product strategy and

product planning as PM’s core responsibilities, extending to strategic management activi-

ties and the coordination of development, marketing, sales and distribution, and service and

support functions (Kittlaus & Fricker, 2017). Kittlaus (2022) describes this expanded scope
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as a key success factor for technology and software-intensive products. This evolution is

ongoing, as the PM role continues to adapt in response to agile methodologies, technologi-

cal advancements, and AI, all of which place new demands on how PMs operate in modern

software contexts (Parikh, 2025).

2.1.2 Roles and responsibilities of PMs

PM responsibilities vary considerably depending on the organizational context, shaped by

factors including the nature of the product, organizational culture, organizational structure

and history, and reward systems (Kittlaus, 2022; Parikh, 2025). Despite this contextual vari-

ability, several studies have sought to identify common PM activities across organizational

settings.

Springer and Miler (2018) identified a set of responsibilities that persisted regardless

of company context, including defining goals, proposing solutions, prioritizing projects or

tasks, user research, analysis of requirements, market analysis, stakeholder management,

and cooperation with the development team. Maglyas et al. (2017) identified five core and

six supporting PM activities through a synthesis of three empirical studies. Vision creation,

product lifecycle management, roadmapping, release planning, and product requirements

engineering were described as core activities, while strategic planning, portfolio manage-

ment, product analysis, product launches, product support, and product development were

identified as supporting activities.

Tkalich et al. (2022) extended this understanding into agile contexts, organizing PM

work into three overarching categories. Product-related activities covered product discovery

and strategic vision creation. Team-related activities included supporting delivery and pro-

cess leadership. Supporting activities encompassed stakeholder engagement and resource

acquisition. While the scope of PM work varies, certain responsibilities recur consistently

across contexts. Defining product direction and vision along with roadmapping appear across

all three studies, while requirements-related work, market and user analysis, stakeholder

management, and collaboration with development teams appear in at least two of the three,

pointing toward a recognizable core of PM responsibilities in practice.

Product management can be understood as the planning and coordination of all relevant

product-related areas inside and outside the company, with the aim of sustainably optimiz-

ing product success (Kittlaus, 2022). Within this broader organizational function, the PM

is the individual professional who performs these responsibilities. Maglyas et al. (2013)

empirically identified four role profiles observed in practice, described as the expert, the

strategist, the leader, and the problem solver. These profiles reflect differences in the degree

of authority delegated to the role, firm size, and the maturity of product management within

the organization, confirming that PM work is context-dependent rather than uniform. The

existence of these distinct role profiles also suggests that PMs’ engagement with AI tools
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may not be uniform. A PM operating primarily as a strategist, for example, may perceive AI

tools differently from a PM functioning as an expert analyst or a problem solver, given the

different analytical, communicative, and decision-related demands associated with each pro-

file. This variation is relevant to how AI technology acceptance is examined at the individual

level.

In this thesis, the focus is on PMs working in software-related, digital, or technology-

driven product contexts. PM refers to an individual professional who performs product-

related responsibilities, including guiding product direction, supporting product planning,

coordinating stakeholders and product-related activities, interpreting customer and market

information, and contributing to data-informed product decisions (Kittlaus, 2022; Maglyas

et al., 2013; Grigoryan et al., 2025). Software product management (SPM) refers to the dis-

cipline and organizational function of planning, coordinating, and managing software prod-

ucts and software-intensive products and services across the product lifecycle. It also applies

to corporate IT organizations where software-related products and services are developed,

managed, or supported. SPM combines business and technical perspectives with the aim

of generating business value (Kittlaus, 2022; Ebert & Brinkkemper, 2014). SPM is distinct

from generic product management because software has specific characteristics, including

frequent change over the lifecycle, high complexity, customer interaction through the prod-

uct, flexibility of reconfiguration, and the importance of requirements management (Kittlaus,

2022). Throughout this thesis, SPM denotes the broader organizational function, while PM

and PMs refer to the individual professionals performing these responsibilities.

2.1.3 PMs in agile and digital product contexts

The Agile Manifesto, introduced in 2001, marked a significant shift in software development

by promoting a more flexible and collaborative approach that prioritizes people, working

software, customer involvement, and adaptability to change over rigid processes, extensive

documentation, contractual constraints, and fixed planning (Beck et al., 2001). These val-

ues have direct implications for PM work, as they place a greater emphasis on continuous

prioritization, ongoing customer feedback, and close coordination between product and de-

velopment teams (Inayat et al., 2015). This requires PMs to extend their responsibilities

to support product discovery, backlog refinement, stakeholder alignment, and development

decisions across the product lifecycle (Kittlaus, 2022; Parikh, 2025).

In agile organizations, this positions PM work as a cross-functional role responsible for

integrating design, business, and technical perspectives in software product development

(Tkalich et al., 2022). Further research indicates that the product owner (PO) role in agile

methods carries similar responsibilities to the PM role, and both roles may coexist within

large-scale agile organizations, though the PM role is considerably broader, covering mar-

ket analysis, product strategy, and stakeholder negotiation that a typical PO does not ad-
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dress. Empirical research on the PO role confirms that PO responsibilities center on back-

log management, prioritization, and sprint-level coordination with the development team

(Bass et al., 2018), further highlighting the difference in scope between the two roles. The

scope of PM work in agile organizations is also confirmed by empirical evidence on the PO

role, which carries overlapping but narrower responsibilities. Bass and Haxby (2019) show,

through interviews with practitioners across 21 organizations, that POs in large-scale agile

settings operate beyond conventional backlog management to include sponsorship, architec-

tural governance, and cross-team coordination. Berntzen et al. (2019) similarly demonstrate

that PO coordination spans inter-team boundaries and requires managing conflicting busi-

ness stakeholder needs. While distinct from the PM role, these findings reinforce the cross-

functional and coordinative character of product-side roles in agile organizations, consistent

with Tkalich et al. (2022). In practice, PMs in agile companies act not only as product strate-

gists but also as negotiators who reconcile input from multiple internal stakeholders, and as

process leads who define team goals and facilitate cross-functional collaboration (Tkalich et

al., 2022). This multi-dimensional role introduces particular challenges, as PMs must bal-

ance reactive responses to emerging product issues with proactive long-term product plan-

ning, a tension identified by Springer and Miler (2022) as among the most persistent and

frequent challenges in SPM.

Digital transformation has further extended the scope of PM work in software-intensive

industries. As the nature of products increasingly relies on DevOps, short feedback loops,

data-driven approaches, AI, and digital ecosystems, the conditions in which PMs operate

have changed substantially (Olsson & Bosch, 2025). Olsson and Bosch (2025) present a

framework for strategic digital product management, arguing that PM work in such contexts

has become closely tied to data-informed decision-making, experimentation, and continuous

adaptation, and that PMs must select and prioritize development approaches based on the

degree of certainty in the product context. PMs in digital product contexts are therefore ex-

pected to respond to changing customer needs, market signals, and technological opportuni-

ties while coordinating product direction across business and technical stakeholders, making

the PM role inherently adaptive and context-sensitive.

The most recent development reshaping PM work is the growing integration of AI into

organizational and product contexts. At a broader organizational level, AI adoption has ac-

celerated markedly, with recent evidence indicating that a substantial and growing proportion

of organizations now report using AI in at least one business function (Maslej et al., 2025). In

product management specifically, a structured literature review by Witkowski and Wodecki

(2025) maps AI applications across product development and management phases, identify-

ing that AI methods such as sentiment analysis, knowledge extraction, demand forecasting,

and recommendation systems are increasingly being applied to support PM activities, though

significant gaps remain in later lifecycle phases and in integrative AI solutions spanning the
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full product lifecycle.

Empirical research on generative AI in professional work supports the view that AI

functions primarily as an augmentation tool rather than a replacement for human expertise.

Dell’Acqua et al. (2023) conducted a randomized controlled trial with Boston Consulting

Group consultants and found that professionals using generative AI produced higher-quality

outputs on realistic knowledge tasks. The largest performance gains were observed among

initially lower-performing workers. This pattern is consistent with AI distributing expert-

level capability more broadly across a team. For the purpose of this study, AI is understood

as a tool that may support and augment PM work rather than replace the PM role, given

that PM work involves human judgment, contextual interpretation, stakeholder alignment,

and strategic decision-making that are difficult to fully automate. This position is consistent

with research on human-AI collaboration suggesting that the relative value of automation

and augmentation depends on task characteristics and the type of complementarity between

human and AI capabilities (Fügener et al., 2022). As PMs increasingly encounter AI tools in

their professional work, their individual perception of acceptance of these tools becomes a

distinct and relevant area of inquiry, which the following sections examine through the lens

of technology acceptance theory.

2.1.4 Summary

The reviewed literature shows that PM work has evolved from brand- and market-oriented

product accountability into a strategic, cross-functional, and information-intensive profes-

sional role in software and digital product contexts. PM work is therefore not limited to

product accountability or market coordination, but also involves strategic, tactical, analyti-

cal, and coordinative responsibilities.

The review also shows that PM work is context-dependent. The scope of the PM role may

vary according to the organization, product type, and business context. However, PMs gener-

ally contribute to product direction, product planning, customer and market understanding,

stakeholder coordination, and data-informed decision-making. In software contexts, these

responsibilities are situated within SPM, which requires coordination between business and

technical perspectives that span the product lifecycle.

In agile and digital product contexts, PM work is further shaped by customer collabora-

tion, responsiveness to change, data use, feedback loops, and broader ecosystem dynamics.

PMs in such contexts work across customer, business, technical, and design boundaries while

responding to new information and evolving product priorities.

These characteristics make PM work a relevant context for examining AI technology

acceptance. AI tools may support PMs by assisting with information processing, analysis,

documentation, communication, and decision preparation. However, the extent to which

PMs accept and use such tools cannot be explained only by the technical capabilities of AI.
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It also depends on how PMs perceive AI technology. Therefore, the following section defines

the scope of AI tools in this study before the chapter turns to technology acceptance theory

and AI-specific acceptance factors.

2.2 AI tools

This section establishes how AI and AI tools are understood and scoped in this study. AI

is a broad and evolving concept, and its applications in professional work range widely in

form and capability. Defining the scope is therefore necessary to ensure that the subsequent

analysis of technology acceptance is grounded in a clear and bounded understanding of the

tools under examination. The section first defines AI as a technological concept, then dis-

cusses the types and capabilities of AI tools, and finally reviews how these tools are applied

in professional and product management contexts.

2.2.1 Definition of artificial intelligence

Artificial intelligence has been defined in multiple ways across academic, institutional, and

professional contexts, reflecting the conceptual and disciplinary complexity of the term. The

difficulty in defining AI partly comes from the fact that intelligence itself is difficult to define,

the rapid development of AI technologies, and disciplinary differences, as legal scholars, pol-

icymakers, technical specialists, and management researchers may each emphasize different

aspects of AI depending on their field and purpose (Kaplan & Haenlein, 2019; Dwivedi et

al., 2021). Historically, definitions of AI have differed along two main dimensions. The

first concerns whether AI is defined by what it achieves or by how it operates. The second

concerns whether intelligence is measured against human cognition or against rational and

optimal behavior (Russell & Norvig, 2021). For these reasons, defining AI for research pur-

poses requires careful consideration, as the concept carries different meanings depending on

disciplinary perspective.

Early definitions of AI were strongly human-centered. In the founding proposal for the

Dartmouth summer research project on AI, McCarthy et al. (1955) described AI as the

problem of “making a machine behave in ways that would be called intelligent if a human

were so behaving.” Similarly, Minsky (1968, p. v) defined AI as “the science of making

machines do things that would require intelligence if done by men.” These early definitions

show that AI was initially framed in relation to human intelligence and human-like behavior.

Later scholarship developed more systematic approaches to defining AI. Russell and

Norvig (2021, p. 19) classify AI into four perspectives including thinking humanly, act-

ing humanly, thinking rationally, and acting rationally. This framework shows that AI can

be understood not only as the imitation of human thought or behavior but also as the design

of systems that reason or act rationally. These perspectives broaden the understanding of AI
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beyond human imitation and highlight rationality, adaptation, and action directed toward a

purpose.

A management-oriented definition is offered by Kaplan and Haenlein (2019, p. 17), who

define AI as a system’s ability to interpret external data, learn from such data, and use those

learnings to achieve specific goals and tasks through flexible adaptation. This definition

is useful for the present study because it identifies three important characteristics of AI,

including data interpretation, learning, and goal-oriented adaptation. These characteristics

help distinguish AI from conventional information systems that mainly follow predefined

rules or fixed instructions.

AI can be understood as a moving frontier of computing capabilities rather than a fixed

technology. Berente et al. (2021) argue that AI is not a single technology or fixed set of tech-

nologies, but a continually evolving frontier of computational advancement that addresses

increasingly complex decision-making problems. This aligns with the observation that capa-

bilities once considered intelligent may later become normalized as ordinary software once

they are widely deployed (Berente et al., 2021; Kaplan & Haenlein, 2019). Therefore, AI

should not be understood only as a specific tool, algorithm, or application. It should be

understood as a changing category of computational systems whose meaning evolves as

computing capabilities advance (Berente et al., 2021; Russell & Norvig, 2021).

Taken together, these definitions suggest that AI can be understood as machine-based

systems that process data, infer patterns, learn or adapt to varying degrees, and generate

outputs that support or influence action. These outputs may include predictions, recommen-

dations, decisions, content, or other forms of analytical or generative output. At the same

time, the boundary between AI and ordinary software remains fluid because AI is a moving

technological frontier and some capabilities may become normalized over time.

In this study, AI is understood in line with Kaplan and Haenlein (2019, p. 17) as systems

with the ability to interpret external data, learn or adapt from such data, and generate out-

puts such as predictions, content, recommendations, or decisions. This definition is suitable

for the present research because the study focuses on AI tools used by PMs in professional

work settings rather than on the technical development of AI systems. Accordingly, AI tools

in this thesis refer to data-driven digital applications or features that use machine learning,

natural language processing, or generative model capabilities to support professional work

tasks. This scope covers both analytical AI tools that support information processing, pre-

diction, market analysis, customer insights, recommendations, and decision support, and

generative AI tools that support content creation, summarization, documentation, and pro-

fessional communication (Kaplan & Haenlein, 2019; Witkowski & Wodecki, 2025; Feuer-

riegel et al., 2024). It excludes rule-based automation and conventional business software

because such systems operate through predefined fixed instructions and do not involve the

data interpretation, learning, or flexible adaptation that Kaplan and Haenlein (2019) iden-
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tify as the distinguishing characteristics of AI. These systems execute predetermined logic

rather than generating adaptive outputs from data and therefore fall outside the scope of AI

as understood in this study.

2.2.2 Types and capabilities of AI tools

Building on the definition, AI tools can be understood through their levels of intelligence,

types of intelligence, and practical capabilities in work settings. Kaplan and Haenlein (2019,

p. 16) distinguish between artificial narrow intelligence (ANI), artificial general intelligence

(AGI), and artificial super intelligence (ASI). ANI refers to AI systems designed to perform

specific tasks within a limited domain. AGI refers to a hypothetical form of AI that would

be able to perform a broad range of intellectual tasks at a human-like level. ASI refers to a

further hypothetical form of AI that would exceed human intelligence. For the purpose of

this study, ANI is the most relevant category and represents the current form of AI deployed

in professional tools. Current AI tools used in professional settings are task-specific rather

than generally intelligent. They are designed to support defined activities such as analyzing

information, identifying patterns, making recommendations, or supporting decision-related

work (Kaplan & Haenlein, 2019; Witkowski & Wodecki, 2025). This scope reflects the

study’s focus on AI-enabled tools that PMs may encounter in daily work, rather than on

theoretical forms of general or super intelligent AI.

Beyond levels of intelligence, AI can also be classified according to the type of intelli-

gence exhibited by the system. Kaplan and Haenlein (2019, p. 18) distinguish between ana-

lytical AI, human-inspired AI, and humanized AI. Analytical AI relies mainly on cognitive

intelligence and is used to analyze data, identify patterns, and support decisions. Human-

inspired AI combines cognitive intelligence with elements of emotional intelligence, such as

recognizing or responding to human emotion. Humanized AI represents a more advanced

and largely theoretical form of AI that would combine cognitive, emotional, and social intel-

ligence. In relation to product management work, analytical AI and some forms of human-

inspired AI are the most relevant because they align with PM tasks involving analysis, inter-

pretation, communication, and decision preparation (Witkowski & Wodecki, 2025).

From a functional perspective, AI tools can also be understood through the capabilities

they provide. The most relevant capabilities for professional and product management work

include information processing, pattern recognition, prediction, automation, content genera-

tion, summarization, recommendation, and decision support (Witkowski & Wodecki, 2025;

Feuerriegel et al., 2024). Prior research in AI and product development identifies specific

applications within these categories, including conversational AI, computer vision, anomaly

detection, and machine learning-based analytics (Witkowski & Wodecki, 2025). These ca-

pabilities matter because product management work frequently involves large volumes of

information that require processing, interpretation, and transformation into actionable out-
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puts (Raisch & Krakowski, 2021).

Underlying many of these capabilities, machine learning (ML) serves as an important

technical foundation. Janiesch et al. (2021) explain that ML allows systems to learn from

problem-specific training data and automate analytical model building. Deep learning is a

form of ML based on artificial neural networks and is often used for complex tasks involving

language, images, speech, and other high-dimensional data (Janiesch et al., 2021).

Building on these technical foundations, natural language processing (NLP) is partic-

ularly relevant in professional product management contexts because many core PM tasks

are language-based (Witkowski & Wodecki, 2025). Hirschberg and Manning (2015) de-

scribe NLP as computational techniques for learning, understanding, and producing human

language content. NLP-based tools may support tasks such as sentiment analysis, topic

extraction, summarization, translation, chatbot interaction, knowledge extraction, and docu-

mentation work (Hirschberg & Manning, 2015; Witkowski & Wodecki, 2025).

A more recent and increasingly prominent category of AI capability, generative AI, is

directly relevant to contemporary professional work because it can generate new content

such as text, images, audio, code, or synthetic data (Feuerriegel et al., 2024). NIST (2024)

describes generative AI as models that emulate the structure and characteristics of input data

to generate derived synthetic content. Feuerriegel et al. (2024) explain that generative AI can

be understood at the model, system, and application levels. At the model level, generative

AI refers to the underlying ML model. At the system level, these models are embedded into

user-facing tools such as chatbots, writing assistants, or coding assistants. At the application

level, generative AI is used for practical work tasks such as drafting, summarizing, ideation,

documentation, and decision support.

In this study, generative AI is treated as one category of AI tool capability rather than as

a separate form of general intelligence. Its relevance lies in the way it supports language-

based and knowledge-intensive work tasks (Feuerriegel et al., 2024; Witkowski & Wodecki,

2025). However, its outputs should be understood as generated suggestions or drafts that

require human review and contextual interpretation, rather than as automatically authoritative

outputs (NIST, 2024; Feuerriegel et al., 2024).

2.2.3 AI tools in professional and product management work

The relationship between AI tools and human work has been characterized as one of comple-

mentarity rather than substitution (Raisch & Krakowski, 2021; Jarrahi, 2018). This charac-

terization reflects the observation that AI and humans tend to be strong in different types of

tasks. ML performs well in prediction-based work such as pattern recognition, data process-

ing, and systematic forecasting. Human judgment, creativity, and contextual reasoning, on

the other hand, tend to remain most valuable in tasks that require interpretation beyond what

data alone can provide (Brynjolfsson & Mitchell, 2017). Because these strengths often apply
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to different aspects of work, AI and human contributions may be complementary rather than

purely competitive. When AI handles data-intensive tasks, it may allow human attention to

be directed toward the judgment-dependent aspects of work where human contribution is

most distinctive (Raisch & Krakowski, 2021). AI tools in organizational settings have there-

fore been associated with an augmentation role, supporting human capacity for information

processing while preserving human responsibility for decisions that require contextual and

ethical judgment (Jarrahi, 2018). Understanding this distinction provides a basis for exam-

ining where and how AI tools tend to appear in product management practice.

However, the complementarity framing should not be treated as an unconditional account

of human-AI interaction. Rinta-Kahila et al. (2023), in a case study of cognitive automation

in an accounting firm, document how sustained reliance on automated systems gradually

eroded workers’ underlying skills and expertise, leaving them unable to perform tasks inde-

pendently when automation failed. Dell’Acqua et al. (2023) further show that AI assistance

can actively worsen performance on tasks that fall outside its current capability boundaries,

a pattern they describe as the jagged technological frontier. These findings suggest that the

benefits of AI augmentation are not uniform across tasks or over time. For PMs, this means

that AI tools may be most valuable when applied to well-defined, information-intensive tasks

while human judgment remains essential for contextually sensitive decisions where AI out-

puts cannot be fully verified. These boundaries are relevant to how PMs perceive and accept

AI tools in their work, and they inform the risk and literacy constructs reviewed later in this

chapter.

Within product management, this pattern is reflected in which PM tasks AI tools are

most commonly applied to. A structured literature review of 190 publications combined

with expert interviews found that AI may support activities across new product develop-

ment and product management phases, ranging from idea generation and concept testing

through product design, development, testing, launch, improvement, optimization, and on-

going product management (Witkowski & Wodecki, 2025). Among these, AI methods such

as sentiment analysis, knowledge extraction, and demand forecasting are predominantly used

in early new product development phases including market analysis, user research, and idea

screening (Witkowski & Wodecki, 2025). These are phases where PMs must work through

large volumes of customer feedback, market data, and user-generated content. This concen-

tration reflects the data-intensive character of PM work more broadly, which involves 139

distinct tasks across 16 different role types, many of which require significant amounts of

data (Grigoryan et al., 2025). In this environment, AI tools have been associated with re-

ducing the analytical burden on PMs by enabling faster information processing, supporting

iterative development cycles, and shortening the time required for tasks such as hypothesis

testing and performance evaluation (Mahajan, 2024). The overall pattern is one of targeted

support. AI tends to handle the high-volume, structured parts of PM work, while human
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judgment remains central to interpretation, prioritization, and decision-making (Raisch &

Krakowski, 2021; Witkowski & Wodecki, 2025).

The scope of AI’s relevance in PM is not limited to data analysis alone. PM work is

also language-intensive, involving information processing, customer and market analysis,

product documentation, prioritization, stakeholder communication, and decision preparation

as regular activities (Springer & Miler, 2018; Grigoryan et al., 2025; Witkowski & Wodecki,

2025). Research with software-intensive companies shows that AI is changing how PMs

approach not only data-related tasks but also portfolio management, strategy definition, and

product development coordination (Olsson & Bosch, 2025). These are areas that depend

heavily on communication and documentation rather than data processing.

The evidence reviewed in this section suggests that analytical and generative AI tools

may support several dimensions of PM work, including informational, analytical, commu-

nicative, and documentation activities. This breadth is relevant for the present study. Given

how widely AI tools are relevant across PM responsibilities, whether and how PMs choose

to engage with them has implications for how the work is performed. Having access to AI

tools does not, however, automatically mean that PMs will use them. Perceptions, attitudes,

and organizational context may all shape the gap between what AI tools can do and what

PMs actually choose to do with them. Yet, existing research in this area primarily maps what

AI tools can do in product development and management processes rather than examining

how individual PMs perceive and accept these tools in their professional work. This gap

motivates the present study, where the focus is not on AI as a product feature or technical

system but on AI tools as they are encountered and evaluated by PMs in practice.

2.3 Technology acceptance and AI-specific factors

This section reviews the theoretical foundation used to examine AI technology acceptance

among PMs. Because acceptance of AI tools cannot be fully explained by the tools’ techni-

cal capabilities alone, a theoretical lens is needed to account for individual-level perceptions

and attitudes. The section first discusses the meaning of technology acceptance and AI tech-

nology acceptance, then presents TAM as the main theoretical lens, and finally examines

trust in AI, perceived risk of AI, and AI literacy as AI-specific factors that may further shape

PMs’ acceptance and use of AI tools.

2.3.1 Technology acceptance

Technology acceptance is commonly discussed in relation to individual willingness to use

a technology. It has been defined as the demonstrable willingness within a user group to

employ IT for the tasks it is designed to support (Dillon & Morris, 1996). In this view,

technology acceptance is not only about the availability of a system, but also about whether
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users are willing to use it for relevant task-related purposes.

In AI-related research, acceptance is often examined through individual behavioral inten-

tion, willingness, or use behavior toward AI technologies. These dimensions are commonly

used to study factors that predict AI technology acceptance (Kelly et al., 2023). In workplace

and managerial contexts, AI technology acceptance has also been examined through employ-

ees’ willingness to accept AI technology and managers’ behavioral intentions to use AI for

organizational decision-making (Choi, 2021; Cao et al., 2021). Based on these perspectives,

AI technology acceptance can be understood as users’ willingness, behavioral intention, or

use behavior toward AI technologies or AI-enabled tools for relevant tasks. In this thesis, the

concept is applied to PMs’ willingness to use and integrate AI tools into their professional

work practices.

Empirical research on AI technology acceptance in workplace contexts shows that these

acceptance dynamics are shaped by both general technology acceptance factors and AI-

specific concerns. In a survey of 1,224 working adults across two samples, perceived useful-

ness and trust in AI were found to predict employees’ intentions to adopt AI at work through

affective attitudes toward AI use (Nguyen et al., 2026). However, findings for perceived ease

of use were inconsistent, suggesting that its role may be more context-dependent in work-

place settings (Nguyen et al., 2026). This indicates that traditional TAM constructs remain

relevant but may not fully explain AI technology acceptance in professional environments.

Beyond usefulness and ease of use, workplace AI technology acceptance is also influ-

enced by how users understand AI’s role in their work and by concerns specific to AI. A

survey of 454 Korean employees using hierarchical regression found that role clarity be-

tween users and AI, user motivation, and user ability increased employees’ willingness to

accept AI (Choi, 2021). The study also found that privacy concerns weakened the link be-

tween role clarity and acceptance, while trust strengthened the link between user ability and

acceptance (Choi, 2021). Similarly, an integrated AI acceptance-avoidance model combin-

ing technology acceptance factors with threat-avoidance and personal concern factors was

developed and tested on 269 UK business managers (Cao et al., 2021). The findings show

that managerial AI technology acceptance involves not only positive expectations such as

performance and effort expectancy, but also avoidance-related concerns including perceived

threat, personal wellbeing, and personal development (Cao et al., 2021). These findings sug-

gest that AI technology acceptance in professional settings involves an evaluation of both

expected benefits and possible negative consequences (Choi, 2021; Cao et al., 2021).

User characteristics and prior experience further shape AI technology acceptance. In a

study of government employees’ perceptions and willingness to adopt AI in public admin-

istration, willingness to support AI was associated with positive and negative perceptions

of AI, long-term views about AI’s societal role, and prior familiarity with AI applications

(Ahn & Chen, 2022). Perceptions of AI as an efficiency tool versus a competitor to human
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labor, and beliefs about AI’s capacity for ethical judgment, also influenced acceptance (Ahn

& Chen, 2022). Although this evidence comes from a public administration context, it re-

inforces the view that AI technology acceptance is shaped by users’ knowledge, experience,

and broader attitudes toward AI, not only by task-level evaluations of usefulness (Ahn &

Chen, 2022).

Overall, these studies indicate that AI technology acceptance in workplace and organiza-

tional settings cannot be explained only through traditional technology acceptance factors.

Perceived usefulness and perceived ease of use remain relevant, but trust, perceived threats

and concerns, privacy concerns, familiarity, prior experience, and user ability also help ex-

plain how users evaluate AI technologies (Choi, 2021; Cao et al., 2021; Ahn & Chen, 2022;

Nguyen et al., 2026). These findings support the relevance of examining AI technology ac-

ceptance through an established technology acceptance framework while also accounting for

AI-specific factors. The following subsections develop this approach through TAM and the

AI-specific constructs of trust, perceived risk, and AI literacy.

2.3.2 Technology acceptance model (TAM)

TAM was developed by Davis (1989) to explain user acceptance of IT. The model was de-

signed to identify the beliefs that influence whether users accept or reject a technological

system. In its original form, TAM focuses on two central constructs, which are perceived

usefulness and perceived ease of use. Davis’s study also developed and validated measure-

ment scales for these constructs, establishing them as key determinants of user acceptance

of IT (Davis, 1989).

Perceived usefulness refers to the extent to which a person believes that using a particular

system would enhance their job performance, while perceived ease of use refers to the extent

to which a person believes that using a particular system would be free of effort (Davis,

1989). Together, these constructs explain user acceptance through users’ beliefs about the

expected performance benefits and effort required to use a system.

The TAM framework provides a conceptual lens for understanding technology accep-

tance through individual perceptions of usefulness and ease of use. The empirical relevance

and robustness of TAM have been widely supported in subsequent research. A meta-analysis

of 88 published TAM studies confirmed that TAM was a valid and robust model across di-

verse research contexts (King & He, 2006). A systematic literature review of TAM research

published between 1986 and 2013 further confirmed that perceived usefulness and perceived

ease of use continued to serve as central explanatory variables across diverse technology

and user contexts (Marangunić & Granić, 2015). In this thesis, TAM is not used as a full

causal model to be statistically tested. Instead, it guides the qualitative examination of how

PMs describe the perceived usefulness and perceived ease of use of AI tools in their work

practices.
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In this thesis, perceived usefulness is applied to examine whether PMs believe that AI

tools can improve their work performance or support product management tasks. These tasks

may include analyzing information, summarizing customer feedback, generating insights,

supporting documentation, and improving decision-making, which reflects the analytical and

decision-related nature of PM work (Grigoryan et al., 2025). Perceived ease of use is applied

to examine whether PMs believe that AI tools are easy to learn, understand, use, and integrate

into existing work practices. AI tools may be less likely to be accepted if PMs perceive them

as overly complex, time-consuming, difficult to control, or disruptive to established routines

(Davis, 1989).

2.3.3 AI-specific factors influencing AI technology acceptance

Although TAM provides a focused basis for examining technology acceptance through per-

ceived usefulness and perceived ease of use, AI tools introduce additional considerations that

may not be fully captured by these two constructs alone (Davis, 1989; Kelly et al., 2023).

Unlike conventional information systems, AI tools can generate outputs, support recommen-

dations, process data, and inform work-related judgment. Users may therefore evaluate AI

technologies not only in terms of usefulness and ease of use, but also in terms of whether AI-

generated outputs are trustworthy, whether related risks are manageable, and whether users

have sufficient ability to understand and assess these outputs (NIST, 2023, 2024). Therefore,

this section reviews three AI-specific factors relevant to AI technology acceptance: trust in

AI, perceived risk of AI, and AI literacy.

Trust in AI

Trust in AI can be understood from the broader literature on trust in automation, where

trust refers to a user’s willingness to rely on an automated system under conditions of un-

certainty and possible vulnerability (Lee & See, 2004). Trust in automation is influenced

by dispositional, situational, and learned factors, including user characteristics, task context,

system characteristics, and prior experience with the system (Hoff & Bashir, 2015). In AI

contexts, trust is also associated with how users perceive the system’s capability, reliability,

transparency, and form of representation (Glikson & Woolley, 2020). These perspectives

suggest that trust in AI concerns users’ confidence in, and willingness to rely on, AI systems

or AI-generated outputs when their behavior or results cannot be fully predicted or verified.

Trust is relevant to AI technology acceptance because users may be less willing to use AI

systems if they do not consider the outputs reliable, explainable, or appropriate for the task.

Research suggests that trust tends to influence intention to use AI technologies indirectly, op-

erating through perceived usefulness and attitudes toward AI (Choung et al., 2023; Nagy &

Hajdú, 2021). This implies that users’ assessments of AI output quality may shape whether

they perceive AI tools as useful, which in turn affects their willingness to adopt them. In
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this thesis, trust in AI is explored by examining how PMs evaluate the reliability, accuracy,

explainability, and appropriateness of AI-generated outputs in their work practices. This

is relevant because PMs may use AI tools to support information analysis, customer feed-

back interpretation, documentation, insight generation, and decision preparation, which are

connected to analytical and decision-related PM work (Grigoryan et al., 2025).

Perceived risk of AI

Perceived risk refers to users’ concerns about possible negative consequences, uncer-

tainty, or undesirable outcomes associated with using a technology. In technology acceptance

research, perceived risk helps explain why users may hesitate to adopt or use a technology

when they associate it with possible loss or uncertainty (Featherman & Pavlou, 2003). In AI

contexts, these concerns may relate to output accuracy and reliability, bias, privacy, confiden-

tiality, security, ethical issues, overreliance on AI-generated information, and inappropriate

use of AI in decision-related work. These risks are relevant because AI systems can pro-

cess large volumes of data and generate outputs that users may not be able to fully verify

or understand. Generative AI risks identified in recent frameworks include confabulation

or hallucination, data privacy, harmful bias, information integrity, information security, in-

tellectual property, and human–AI configuration issues such as overreliance (NIST, 2024).

When characteristics associated with trustworthy AI, such as validity, reliability, account-

ability, transparency, explainability, interpretability, privacy enhancement, and harmful-bias

management, are perceived to be lacking, users may associate greater risk with using AI

systems (NIST, 2023).

Perceived risk is relevant to AI technology acceptance because users may limit their use

of AI systems, examine outputs more carefully, or avoid using AI for sensitive tasks when

they perceive significant risks. Research on ChatGPT adoption for assessment support sug-

gests that perceived risk negatively affects behavioral intention to use AI, while trust serves

as a stronger determinant of adoption (Lai et al., 2024). Although this finding comes from

an educational context, the underlying mechanism, that users evaluate AI tools in relation

to both expected benefits and possible negative consequences, is applicable to other profes-

sional settings. In this thesis, perceived risk of AI is explored by examining how PMs in-

terpret concerns related to uncertainty, data privacy, output accuracy, ethical considerations,

and cautious use of AI in product management work. This is relevant because PMs may

use AI tools to support tasks involving customer feedback, organizational data, stakeholder

communication, product documentation, and product-related decisions, which are part of

analytical and decision-related PM work (Grigoryan et al., 2025).
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AI literacy

AI literacy refers to the competencies that enable individuals to understand, evaluate,

communicate with, and use AI technologies appropriately (Long & Magerko, 2020). Later

research has further operationalized AI literacy as a multidimensional construct that includes

the ability to understand, apply, detect, and evaluate AI, as well as ethical awareness and

self-management when interacting with AI systems (Carolus et al., 2023). AI literacy is also

relevant for non-expert users, as AI tools are increasingly used by individuals who may not

have formal technical or computer science backgrounds (Laupichler et al., 2023).

AI literacy is relevant to AI technology acceptance because users’ willingness to use

AI tools may depend on their ability to understand AI capabilities, recognize limitations,

and evaluate AI-generated outputs. Research on the acceptance of generative AI suggests

that AI literacy plays an important role in explaining users’ acceptance of generative AI

technologies, alongside perceived ease of use and perceived trust (Al-Abdullatif, 2024). AI

literacy has also been positively associated with AI technology acceptance and with users’

perceptions of AI usefulness and ease of use, while some dimensions of AI anxiety partly

mediated the relationship between AI literacy and acceptance (Schiavo et al., 2024). Related

research on human–generative AI collaboration suggests that AI knowledge and perceived

value are associated with users’ trust in generative AI, and that users consider whether AI

produces accurate information when deciding whether to trust its outputs (Pan et al., 2025).

Further research suggests that generative AI literacy involves more than effective prompting,

extending to understanding limitations, evaluating outputs, considering ethical issues, and

reflecting on appropriate use (Cox, 2024).

In this thesis, AI literacy is explored by examining whether PMs feel capable of under-

standing, evaluating, and using AI tools appropriately and responsibly in their professional

work practices. This is relevant because PMs may need to assess AI-generated outputs, rec-

ognize possible limitations, and decide when AI tools are appropriate for product manage-

ment tasks. Overall, prior research supports the relevance of perceived usefulness, perceived

ease of use, trust in AI, perceived risk of AI, and AI literacy for examining AI technology

acceptance. These factors provide a focused basis for studying how PMs evaluate and accept

AI tools at the individual level.

2.4 Summary and research gap

The literature reviewed in this chapter establishes that PM work is strategic, cross-functional,

and information-intensive, and that AI tools may support multiple dimensions of this work.

At the same time, individual acceptance of these tools depends not only on technical capa-

bility but also on how users perceive their usefulness, ease of use, and the trust, risks, and

competencies associated with AI.

However, prior research has examined AI technology acceptance primarily in other pro-
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fessional contexts, and research on AI in product management has focused on mapping ap-

plications rather than examining individual-level acceptance. Direct research on PMs’ AI

technology acceptance remains limited. This study addresses that gap, and the following

section presents the conceptual framework guiding this examination.

2.5 Conceptual framework

Based on the literature reviewed in this chapter and the research gap identified in the pre-

ceding section, this study develops a conceptual framework for examining AI technology

acceptance among PMs. The framework adopts TAM as its theoretical foundation, using

perceived usefulness and perceived ease of use as core acceptance factors. It also incorpo-

rates three AI-specific factors identified from prior research: trust in AI, perceived risk of

AI, and AI literacy.

The framework therefore consists of five key factors: perceived usefulness, perceived

ease of use, trust in AI, perceived risk of AI, and AI literacy. Together, these factors provide

the conceptual basis for examining how PMs perceive, evaluate, and accept AI tools in their

professional work practices. The framework aligns with the research questions, particularly

RQ1, which explores how these factors are reflected in PMs’ acceptance and use of AI tools

in product management work.

Figure 1: Conceptual framework of factors influencing AI technology acceptance among PMs
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3 Research methodology

This chapter presents the methodological approach adopted to investigate AI technology

acceptance among PMs. It explains and justifies the research approach, and describes the re-

search context, participant selection, research instrument, data collection, and data analysis

procedures. The chapter also addresses the trustworthiness of the study, researcher reflexiv-

ity, and research ethics. Each methodological decision is explained to ensure transparency

and reproducibility of the research process.

3.1 Research approach

This study adopts a qualitative exploratory research approach to examine how selected fac-

tors are perceived in relation to AI technology acceptance among PMs. This approach is

appropriate because the study aims to understand how participants perceive, interpret, and

give meaning to their experiences with AI tools in real-world work contexts (Creswell, 2014).

In information systems research, qualitative methods such as interviews are particularly well

suited to generating rich and meaningful empirical data (Goldkuhl, 2019). This enables

a detailed examination of how PMs evaluate AI tools in relation to the acceptance factors

identified in the conceptual framework.

Qualitative research is also consistent with the study’s emphasis on depth of insight rather

than statistical generalization, as it focuses on the meaning individuals attach to their expe-

riences (Merriam & Tisdell, 2016). Semi-structured interviews are therefore used to gather

detailed responses, allowing participants to describe their use of AI tools in their own words.

3.2 Research context

This study focuses on PMs working in software, digital product, or technology-driven orga-

nizations. Such settings are relevant because PMs in these environments commonly engage

in tasks related to product planning, customer analysis, prioritization, stakeholder coordi-

nation, documentation, and data-informed decision-making. As reviewed in Chapter 2, PM

work is increasingly shaped by data-driven approaches, AI adoption, and the availability

of AI-enabled tools that may support information processing, analysis, documentation, and

decision preparation. This context shaped the criteria used to select participants.

3.3 Participant selection

Participants were selected through purposive sampling to ensure that they had relevant

knowledge and professional background related to the focus of this study. This sampling

strategy was considered appropriate because the study sought individuals who could provide

insight into AI technology acceptance in product management work. The participants were
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required to work in product management-related roles within software, digital product, or

technology-driven organizations. They also needed at least one year of experience in such a

role and some familiarity with AI tools through use, awareness, or workplace exposure.

The sample size was guided by the exploratory purpose of the study and the logic of qual-

itative sampling. Since the study aims to generate in-depth insights rather than statistically

generalizable findings, participants were selected based on their relevance to the research

questions and their ability to provide rich information. This is consistent with Saunders et al.

(2007), who emphasize that research design and sampling decisions should be justified by

the research questions and objectives. In addition, Malterud et al. (2016) suggest that sam-

ple size in qualitative interview studies can be guided by the concept of information power,

meaning that the more relevant information the sample holds for the study, the fewer partic-

ipants may be needed. Several characteristics of this study support the information power

of the sample. First, the study aim is narrow, focusing on a specific set of individual-level

factors related to AI technology acceptance within a defined professional group. Second, the

sample is specific: all participants held product management roles, had relevant professional

experience, and had direct exposure to AI tools, meaning that each participant could speak

directly to the research questions. Third, the study is guided by an established theoretical

framework (TAM) supplemented by constructs identified in prior literature, which provided

a focused analytical structure and reduced the need for purely exploratory sampling. Fourth,

the semi-structured interview format, with interviews lasting 30 to 60 minutes, enabled de-

tailed and in-depth responses from each participant. These characteristics collectively in-

creased the information power of the sample, supporting a smaller but purposefully selected

group of participants. Based on this reasoning, a sample of eight participants was consid-

ered appropriate for addressing the research questions. The participants were also chosen to

provide variation in professional experience, seniority, organizational context, and exposure

to AI tools. All eight participants worked in different organizations, spanning financial ser-

vices, e-commerce, gaming technology, climate and property technology, and digital agency

sectors. This variation was intended to support a broader understanding of how PMs per-

ceive, evaluate, and use AI tools in their work practices. An overview of the participants is

presented in Table 1.

Table 1: Overview of the participants

Participant Gender Position Industry PM Experience

(Years)

P01 Female PM Financial services (corporate banking) 2

P02 Female PM Financial services (financial

technology)

4

P03 Female PM E-commerce platform 3
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Participant Gender Position Industry PM Experience

(Years)

P04 Male Senior PM Gaming tech start-up (software as a

service)

9

P05 Female PM Financial services (financial

technology)

6

P06 Male PM/ Branch

manager/

Industry

manager

Technology climate & property

(Internet of Things)

2

P07 Female PM Digital agency (software as a service

and websites)

4

P08 Male PM Financial services (banking and mobile

app)

5

3.4 Research instrument

A semi-structured interview guide was used as the primary research instrument in this study.

This instrument was selected because it allowed key questions to be prepared in advance

while still giving participants flexibility to elaborate on their experiences and explain their

views in their own words. This approach was suitable because AI technology acceptance

may be shaped by individual-level perceptions, work practices, and prior exposure to AI

tools.

The interview guide was developed based on the research objectives, research questions,

literature review, and conceptual framework of the study. The main interview themes were

informed by TAM, specifically perceived usefulness and perceived ease of use, and by the

three AI-specific factors selected for this study, which are trust in AI, perceived risk of AI,

and AI literacy. These themes provided the basis for designing questions that explored how

PMs evaluate AI tools in relation to work benefits, usability, reliability, risks, and their ability

to understand and critically assess AI-generated outputs.

The guide was structured around the two research questions of this study. It covered

questions on selected individual-level factors related to AI technology acceptance among

PMs, as well as questions on how PMs apply AI tools in their work practices. The guide

also included questions about participants’ current use of AI tools, examples of AI use in

product management work, perceived benefits, limitations, and overall willingness to use

AI tools in their professional practice. The questions were designed to support the study’s

focus on individual-level AI technology acceptance and use, rather than organizational AI

adoption or enterprise-wide AI implementation. All interview questions were open-ended

and were supported by probing questions where necessary, allowing the researcher to seek

clarification, request examples, and explore relevant responses in greater detail.
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Before the main data collection, the interview guide was pilot tested with a professional

working in the product management field who was not a participant in the study. The pri-

mary purpose of the pilot was to verify that the interview questions were clear and would be

understood by participants as intended. Based on the feedback received, several questions

were revised to improve clarity and comprehensibility. The pilot also provided an opportu-

nity to assess the overall flow and timing of the interview. This process helped ensure that

the final interview guide was suitable for collecting meaningful and relevant data from the

study participants.

The finalized interview guide was reviewed against the research questions to ensure that

the collected data would be sufficient to address RQ1 and RQ2. Table 2 presents the align-

ment between the research questions and the interview questions. The full semi-structured

interview guide is provided in Appendix 1, and the detailed interview question mapping is

provided in Appendix 2.

Table 2: Alignment between research questions and interview questions

Research questions Main interview questions

RQ1: How do PMs perceive the role of

individual-level factors, including perceived

usefulness, perceived ease of use, trust in AI,

perceived risk of AI, and AI literacy, in their

acceptance and use of AI tools?

Q5: Usefulness of AI tools in product management

work

Q6: Ease or difficulty of using AI tools

Q7: Trust in AI-generated outputs

Q8: Evaluation of whether AI-generated outputs are

appropriate to use

Q9: Concerns or risks related to AI tool use

Q10: Tasks where AI tools may be avoided because

of risk

Q11: Understanding and confidence in using AI tools

Q12: Overall factors influencing willingness to use

AI tools

RQ2: How do PMs use AI tools in their work

practices, and what benefits and limitations do they

experience?

Q3: Current use of AI tools in product management

work

Q4: Example of using an AI tool in product

management work

Q5: Usefulness or non-usefulness of AI tools

Q9: Concerns or limitations related to AI tool use

Q12: Overall benefits, limitations, and willingness to

use AI tools

Q1 and Q2 served as background questions to provide information on participants’ prod-

uct management roles and organizational contexts. Although these questions were not di-

rectly mapped to a specific research question, the responses helped inform the interpretation

of subsequent interview data.
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3.5 Data collection

Primary data were collected through semi-structured interviews. Potential participants were

contacted through LinkedIn, email, and other professional communication platforms. Be-

fore participation was confirmed, the purpose of the study, the interview format, the partic-

ipation requirements, and the participant’s rights were clearly communicated. Participants

who agreed to take part were then scheduled for an interview at a mutually agreed date and

time. The interviews were conducted using the semi-structured interview guide described in

Section 3.4. Each interview lasted approximately 30 to 60 minutes and took place through

online voice calls. With participants’ informed consent, all sessions were audio-recorded,

and field notes were taken during the interviews to capture contextual cues and emerging

analytical ideas.

The interviews were conducted in the language preferred by each participant to support

clear and natural expression. Seven interviews were conducted in Thai and one in English.

After each interview, the researcher transcribed the recording manually, listening to each

recording several times to ensure accuracy. The transcripts were lightly edited for readabil-

ity, for example by removing filler words and false starts, without altering the meaning of

participants’ responses. For the Thai interviews, the verbatim Thai transcripts were trans-

lated into English for analysis and reporting. The translation aimed to preserve the meaning,

emphasis, and work-related context of participants’ responses rather than provide a word-for-

word rendering. The completed transcripts were then returned to the respective participants

for verification, allowing them to confirm the accuracy of their statements before analysis;

this member-checking step supported the credibility of the data (Lincoln & Guba, 1985). The

quotations selected for the findings chapter were checked against the original Thai transcripts

to ensure the translated version accurately represented the participant’s intended meaning.

3.6 Data analysis

This study adopted thematic analysis as the method for analyzing the interview data. The-

matic analysis is a widely used method in qualitative research for identifying, analyzing, and

reporting patterns or themes within data (Braun & Clarke, 2006). This method was appropri-

ate for exploring participants’ perceptions, experiences, and attitudes toward AI technology

acceptance and use in product management work.

Drawing on Braun and Clarke’s (2006) six-phase thematic analysis framework, the inter-

view data were analyzed systematically, with the phases applied in a flexible and recursive

manner rather than as strictly linear steps. In the first phase, familiarization with the data,

the researcher reviewed the interview transcripts several times and took preliminary notes

on ideas related to AI technology acceptance among PMs. In the second phase, generating

initial codes, the interview transcripts were imported into NVivo, and meaningful parts of
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the transcripts were coded to capture important ideas, experiences, and patterns in the data.

The coded data were organized in NVivo to support systematic retrieval and comparison of

relevant extracts.

In the third phase, searching for themes, related codes were grouped in NVivo to identify

broader patterns across the interview data. The themes were developed through both deduc-

tive and inductive analysis. Deductive themes were informed by the conceptual framework

of the study, particularly perceived usefulness, perceived ease of use, trust in AI, perceived

risk of AI, and AI literacy. Inductive themes were identified from the interview data, espe-

cially in relation to how PMs applied AI tools in their work practices and the benefits and

limitations they experienced.

In the fourth phase, reviewing themes, the researcher checked whether the themes and

sub-themes were consistent with participants’ responses, relevant to the research questions,

and supported by sufficient interview data. Themes that were too broad, overlapping, or

weakly supported were refined, combined, or removed. In the fifth phase, defining and

naming themes, the researcher refined the meaning and scope of each theme and named the

themes to reflect their descriptive clarity and relevance to the study.

In the final phase, producing the report, the researcher connected the empirical findings

to the research questions and related literature. The final themes were presented with relevant

quotations from the interview transcripts to support interpretation. Throughout the analysis,

NVivo was used to manage transcripts, codes, coded extracts, and theme development.

3.7 Trustworthiness of the study

The trustworthiness of this study was considered through four criteria proposed by Lincoln

and Guba (1985), which are credibility, transferability, dependability, and confirmability.

Credibility was supported by using a semi-structured interview guide developed from the

research questions, literature review, and conceptual framework. The use of open-ended and

probing questions allowed participants to explain their experiences in detail and enabled the

researcher to clarify responses when necessary.

Transferability was supported by describing the research context and providing an

overview of the participants, including their roles, industries, and product management ex-

perience. Dependability was supported by following Braun and Clarke’s (2006) six-phase

thematic analysis framework and documenting the coding and theme development process.

Confirmability was supported by grounding the findings in interview transcripts, coded

extracts, theme development, and relevant participant quotations.
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3.8 Researcher reflexivity

In qualitative research, the researcher is the primary instrument of data collection and in-

terpretation, and their background, assumptions, and relationship to the research topic may

shape both the interview process and the analysis (Creswell, 2014; Merriam & Tisdell, 2016).

It is therefore important to acknowledge the researcher’s positionality in relation to this study.

The researcher is a master’s student in Software Product Management and Business,

which provided academic familiarity with product management concepts, terminology, and

professional practices prior to the study. This background may have facilitated rapport with

participants and enabled the researcher to follow domain-specific descriptions during the

interviews. At the same time, it may have led to assumptions about PM work that partici-

pants did not share, or to a tendency to interpret responses through an academic lens rather

than attending to how participants themselves framed their experiences. To mitigate this,

the interview guide included open-ended questions and probing follow-ups that allowed par-

ticipants to describe their work and AI use in their own terms, and the researcher made a

deliberate effort during analysis to ground codes and themes in participants’ actual language

rather than in pre-existing academic categories.

The researcher is also a user of AI tools, including for supplementary tasks during the

preparation of this thesis, as declared in the AI usage statement. This personal experience

with AI may have created a predisposition toward viewing AI tools positively, potentially

influencing how participants’ responses were interpreted, particularly regarding perceived

usefulness and AI literacy. To address this, the analysis followed a systematic thematic

analysis process with documented coding, and participant responses expressing limitations,

concerns, or negative evaluations were actively sought and reported rather than treated as

peripheral. Divergent cases, such as participants who expressed lower confidence or more

restricted use, were preserved in the findings rather than subsumed under dominant patterns.

Finally, the researcher did not hold a professional product management role during the

study, which meant that the relationship with participants was that of an external academic

researcher rather than a peer or colleague. This positioning may have encouraged partici-

pants to explain their practices more explicitly than they would to a fellow PM, potentially

enriching the data. However, it may also have limited the researcher’s ability to probe certain

tacit or taken-for-granted aspects of PM work. These considerations should be kept in mind

when interpreting the findings.

3.9 Research ethics

The researcher followed the ethical research principles described by Saunders et al. (2007)

and the guidelines of the Finnish National Board on Research Integrity (TENK, 2019), as

the study involved human participants through interview sessions.
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All participants were provided with adequate information about the purpose of the study,

the interview process, participation requirements, and their rights before the interviews were

conducted. Participants were also informed that participation was voluntary and that they

had the right to withdraw from participation in the study at any stage without negative con-

sequences. Informed consent was collected from all participants before the interviews.

All collected data were treated confidentially and pseudonymized during the research

process. Participant codes were used instead of real names to protect participants’ identities.

Personal and organizational information were removed from the transcripts before analysis.

Audio recordings, transcripts, and related research materials were stored securely and used

only for academic purposes. In reporting the findings, participants were not identified by

name, organization, or other directly identifiable information.
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4 Findings and analysis

This chapter presents the findings derived from the interview data and analyzes them in

relation to the research questions and the conceptual framework introduced in Chapter 2.

The analysis draws on the accounts of eight PMs working in software-related, digital, or

technology-driven product contexts. The findings are organized thematically to address the

two research questions:

RQ1: How do PMs perceive the role of individual-level factors, including perceived use-

fulness, perceived ease of use, trust in AI, perceived risk of AI, and AI literacy, in their

acceptance and use of AI tools?

RQ2: How do PMs use AI tools in their work practices, and what benefits and limitations

do they experience?

Throughout this chapter, participants are referred to by pseudonymized identifiers (P01–

P08), consistent with the ethical commitments described in Chapter 3. Because the inter-

views were transcribed from spoken responses, quotations have been lightly edited for read-

ability (for example, by removing filler words and false starts) without altering their meaning.

Where participants diverge from a dominant pattern, this divergence is reported explicitly

rather than smoothed over, in order to represent the data accurately. The remainder of the

chapter is structured as follows. Section 4.1 profiles the participants. Section 4.2 presents an

overview of the themes. Section 4.3 reports how PMs use AI tools in practice (addressing

RQ2). Section 4.4 analyzes the five individual-level acceptance factors (addressing RQ1).

Section 4.5 synthesizes the benefits and limitations experienced (addressing RQ2). Section

4.6 discusses cross-cutting observations. Section 4.7 summarizes the chapter.

Quotations from interviews conducted in Thai are the researcher’s English translations,

prepared and verified as described in Section 3.5.

4.1 Participant profiles

Eight PMs participated in the study. In line with the purposive sampling strategy described

in Chapter 3, the participants represented a range of industries, levels of experience, orga-

nizational contexts, and levels of AI tool use. All participants held product management–

related roles in software, digital, or technology-driven organizations, had at least one year

of product management experience, and had some exposure to AI tools in their work. Their

professional experience ranged from two to nine years, and their self-described AI usage

ranged from moderate use to advanced, daily power use.
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Table 3: Overview of the participants’ AI usage

Participant Gender Position Industry PM

Experience

(Years)

AI usage level and main tools

P01 Female PM Financial

services

(corporate

banking)

2 Daily: Microsoft 365 Copilot

for enterprise use (integrated

across Teams, Word, Excel,

PowerPoint, and Outlook)

P02 Female PM Financial

services

(financial

technology)

4 Almost daily: ChatGPT

(personal), Gemini, Google AI,

Mixpanel AI

P03 Female PM E-commerce

platform

3 Daily: internal company AI

tool (generative and agentic),

Claude (personal)

P04 Male Senior PM Gaming tech

start-up (software

as a service)

9 Daily: Claude, Claude Code,

ChatGPT / GPT, Codex,

Gemini, Perplexity,

Midjourney, Stable Diffusion

(multi-model, multi-agent

pipeline)

P05 Female PM Financial

services

(financial

technology)

6 Almost daily: NotebookLM,

Claude, ChatGPT, Gemini

P06 Male PM/ Branch

manager/

Industry

manager

Technology

climate &

property (Internet

of Things)

2 Daily: Microsoft Copilot

(integrated with internal

database), Claude, Claude Code

P07 Female PM Digital agency

(software as a

service and

websites)

4 Daily: Notion AI, Gemini,

ChatGPT, Claude

P08 Male PM Financial

services (banking

and mobile app)

5 Daily: Perplexity Pro, Claude,

ChatGPT (enterprise)

The sample reflects deliberate variation. Four participants worked in financial services or

banking contexts (P01, P02, P05, P08), where regulatory and data-sensitivity considerations

are pronounced, while the remaining four worked in e-commerce (P03), a gaming technol-

ogy start-up (P04), a climate and property technology firm (P06), and a digital agency (P07).

Experience ranged from relatively early-career PMs (P01 and P06, two years) to a highly

experienced senior PM (P04, nine years). The participants’ tool ecosystems also differed

in ways that proved analytically important. Some operated within tightly restricted enter-
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prise environments (for example, P01, whose employer blocks external tools), others within

organizations that actively encourage AI use (P03 and P07), and one within an essentially

unconstrained start-up setting (P04). This variation provided a broad basis for examining

how PMs perceive and use AI tools, and several findings below can be understood only with

reference to it.

4.2 Overview of the themes

The analysis produced two groups of themes corresponding to the two research questions.

For RQ1, the conceptual framework contributed five deductive themes. These were perceived

usefulness, perceived ease of use, trust in AI, perceived risk of AI, and AI literacy, each of

which was supported by the data and elaborated into sub-themes. For RQ2, three principal

themes were developed, largely inductively. These were the patterns of AI use in product

management work, the benefits experienced, and the limitations experienced. Three cross-

cutting observations were also identified across both research questions. These were the

moderating influence of organizational context, a shared augmentation stance toward AI, and

the interactions among the acceptance factors. Table 4 summarizes the thematic structure and

indicates, for each theme, whether it was derived deductively from the conceptual framework

or inductively from the data.

Table 4: Summary of themes and sub-themes mapped to the research questions

RQ Theme Sub-themes Orientation

RQ2 AI tools use in PM

work practice

• Strategic tool selection

• Task applications

• Draft-and-refine workflow

• Deliberately avoided tasks

Inductive

RQ1 Perceived

usefulness

• Time-saving and efficiency

• Quality enhancement and new perspectives

• Capability extension

• Usefulness bounded by task and domain

Deductive

RQ1 Perceived ease of

use

• Low barrier to basic use

• Output quality depends on prompting

• Learning curve for advanced use

• Integration into workflow

• Barriers to ease of use

Deductive
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RQ Theme Sub-themes Orientation

RQ1 Trust in AI • Calibrated partial trust

• Universal verification

• Trust calibrated by task type

• Drivers of trust and distrust

• Human judgment as indispensable

Deductive

RQ1 Perceived risk of AI • Data security, privacy, and leakage

• Accuracy and hallucination

• Overreliance and cognitive decline

• Broader and societal risks

• Risk mitigated rather than avoided

• Proposed safeguards

Deductive

RQ1 AI literacy • Confidence within current scope

• Prompting competence

• Critical evaluation of AI output

• Learning pathways

• Literacy as an enabler of acceptance

Deductive

RQ2 Benefits

experienced

• Time and capacity gains

• Output amplification

• Quality and new perspectives

• Extension of individual capability and confidence

Inductive

RQ2 Limitations

experienced

• Lack of organizational and contextual knowledge

• Hallucination and accuracy limits

• Verbosity and tone

• Double-handling

• Tasks AI cannot handle

Inductive

Cross Cross-cutting

observations

• Organizational context as a moderator of acceptance

• Shared augmentation stance (assistance, not

replacement)

• Interactions among the acceptance factors

Inductive

4.3 How product managers use AI tools in their work (RQ2)

This section addresses the first part of RQ2 by describing how the participants actually use AI

tools in their product management work. Four patterns were identified. The strategic selec-
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tion of tools, the range of tasks to which AI is applied, a common draft-and-refine workflow,

and the deliberate avoidance of AI for certain tasks. Together these patterns provide the

practical context in which the acceptance factors examined in Section 4.4 operate.

4.3.1 Strategic tool selection

All eight participants reported regular use of one or more AI tools, but the tools they used and

the freedom they had to choose them varied considerably. A first group worked within enter-

prise environments where the available tools were determined by the organization. P01, for

example, used Microsoft 365 Copilot almost exclusively because other tools were blocked.

“Because my company has strict policies, I primarily use Microsoft 365 Copilot.

Other tools like Gemini cannot be accessed because the company blocks them

for data security reasons.” (P01)

P06 similarly used Copilot integrated with the company database, with Claude made avail-

able through Copilot once the IT department had integrated it, and P08 used a company-

customized “AI for Enterprise” version of ChatGPT alongside Perplexity and Claude. P03

was required to use the company’s internal ecosystem for work but turned to Claude for per-

sonal use, noting that she had switched from ChatGPT because Claude generated files such

as slides and spreadsheets more effectively.

A second, overlapping pattern was the strategic selection of different tools for different

tasks according to their perceived strengths. This was clearest among the most experienced

and intensive users. P05 described using four tools deliberately, each matched to a task.

“I use NotebookLM primarily for research and ideation ... As for Claude, be-

cause my role requires me to do UX copywriting, I try to use it to help me come

up with words ... I use ChatGPT to think through various scenarios, do impact

analysis, or ask quick questions.” (P05)

P08 reserved Perplexity for market research because it retrieved more and fresher informa-

tion, Claude for creative ideation, and ChatGPT for process-flow brainstorming. P04 took

this furthest, operating a multi-model, multi-agent pipeline in which Perplexity performed

live research, Claude was the model he used most heavily, and a dedicated agent reviewed

the final logic. This strategic matching of tools to tasks indicates that, for several partici-

pants, AI tool use is not a single undifferentiated activity but a portfolio of practices, a point

that becomes important when interpreting their trust and usefulness judgments below.

4.3.2 Task applications

Across the eight participants, AI tools were applied to a recurring set of product manage-

ment tasks. The most frequently mentioned were information search and market research,
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summarization, documentation drafting, ideation and content generation, and data analysis,

with automation and agentic use appearing among the more advanced users.

Information search and market research were central for several participants. P02 used

AI largely as a faster substitute for web search, and P08 used Perplexity to compile competi-

tor features and perform a preliminary gap analysis, estimating that work which previously

took two weeks could be reduced to a few days. Summarization was equally prominent.

P01 used Copilot to summarize meetings and email threads, P02 to condense long specifi-

cation documents, and P07 to generate meeting notes automatically as a backup to her own.

Documentation drafting, a core and time-consuming part of PM work, was widely supported

by AI. P01 fed meeting summaries into Copilot to produce a first draft of a requirements

document. P03 used AI to draft quarterly review documents and business requirements doc-

uments. P07 used Gemini to structure technical tickets. Ideation and content generation fea-

tured in the work of P03, P04, P05, and P08, ranging from generating additional perspectives

and brainstorming feature ideas to UX copywriting. Data analysis and interpretation were

supported for P02 (funnel and drop-off analysis), P03 (dashboards and database queries),

P04 (analytics), and P06, who used AI for engineering load calculations. Finally, the most

advanced users described automation and agentic applications. P04 used Claude Code to

write scripts that automated routine tasks and to build internal tools replacing paid software,

and P06 generated AI agents to search a customer relationship management database and

conduct market research. The breadth of these applications is consistent with the literature

reviewed in Chapter 2, which characterizes PM work as information-intensive and language-

intensive (Grigoryan et al., 2025; Witkowski & Wodecki, 2025) and identifies AI as relevant

across many product-related activities (Mahajan, 2024).

4.3.3 Draft-and-refine workflow

The most robust pattern observed across the sample was a workflow in which AI is used to

produce an initial draft, suggestion, or input, which the PM then reviews, verifies, and refines

before use. No participant reported using AI output directly without review. P02 expressed

the principle plainly.

“I never use the AI’s output directly, I use it only as one input for decision-

making.” (P02)

P04 described the same division of labor in terms of his own role. AI does execution while

I prompt and evaluate, explaining that his work had shifted from performing every step

himself to writing a brief and then reviewing and refining the output. P05 stated that she

never used AI output one hundred percent directly but always reviewed and adapted it, and

P01 characterized AI as a capable “junior” colleague whose drafts always required checking.

This draft-and-refine workflow is analytically significant because it links RQ2 to RQ1. It is
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the practical mechanism through which the participants reconcile the usefulness of AI (it

produces a starting point quickly) with their limited trust in it (the output must be verified)

and their sense of professional responsibility (the human makes the final decision). It is

therefore revisited in the analysis of trust and human judgment in Section 4.4.3.

4.3.4 Deliberately avoided tasks

Although the participants used AI widely, all of them identified tasks they deliberately

avoided delegating to AI, and these exclusions were strikingly consistent, falling into three

primary categories. The first involved the input of sensitive or confidential data. While an-

alyzed conceptually under perceived risk (Section 4.4.4), this concern operated as a strict

practical boundary on use. The second concerned direct human communication and rela-

tionship management. P06 was the most emphatic on this point.

“I try not to answer my customers’ and my colleagues’ emails using AI. I try to

keep them personal.” (P06)

P03 corroborated this stance, arguing that AI cannot truly replace human interaction, while

P04 reserved face-to-face communication with management and partners for himself so that

he could defend his own reasoning. The third involved tasks the participant could perform

better or faster themselves. P02 avoided writing PRDs because the AI’s language was too

complex for her team, P07 avoided detailed front-end tickets because her own work was more

reliable, and P05 chose to review a ten-page consent document herself rather than rely on

Claude. These deliberate exclusions show that acceptance among the participants is selective

and bounded rather than total, even among heavy users, and they foreshadow the limitations

analyzed in Section 4.5.

4.4 Individual-level factors influencing AI technology acceptance (RQ1)

This section addresses RQ1 by analyzing how the participants perceived the role of the five

framework factors in their acceptance and use of AI tools. Each factor is treated as a theme,

with sub-themes developed from the coded data and interpreted against the literature re-

viewed in Chapter 2.

4.4.1 Perceived usefulness

Perceived usefulness emerged as the most robust and consistently articulated factor within

the dataset. All eight participants acknowledged the utility of AI tools in their professional

practice, frequently citing this usefulness as the primary catalyst for adoption. Within this

overarching theme, four distinct sub-themes were identified: time-saving and efficiency,
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quality enhancement and new perspectives, capability extension, and the boundedness of

usefulness by task and domain.

Time-saving and efficiency. The dominant form of perceived usefulness was the reduc-

tion of time spent on routine, high-volume, and structural tasks. This benefit was reported

universally across the sample, with several participants identifying it as the single most im-

portant benefit. P08 illustrated the magnitude of this impact, noting a significant reduction

in research cycles.

“Normally we’d spend two weeks, but now that we have AI, it’s like having ten

or a hundred people helping search ... we get answers within three to four days.”

(P08)

Similarly, P04 framed this efficiency in terms of amplified output capacity, likening AI to

having an assistant so that one person can deliver much more. P01 corroborated this by iden-

tifying specific administrative and structural applications, including documentation, sum-

maries, presentation decks, and email handling, as areas where AI ‘helps save time.’ This

sentiment was systematically supported by P03, P05, and P06, with P06 explicitly iden-

tifying execution speed as “the main reason” for using the AI tools. This finding aligns

directly with Davis’s (1989) construct of perceived usefulness as the belief that a technol-

ogy enhances job performance. Furthermore, these findings corroborate the augmentation

literature discussed in Chapter 2, which links AI implementation to accelerated information

processing and a reduction in the analytical burden inherent to product management (Raisch

& Krakowski, 2021; Mahajan, 2024).

Quality enhancement and new perspectives. In addition to operational efficiency, mul-

tiple participants reported that AI tools elevated the substantive quality of their deliverables

by providing analytical perspectives they might not have formulated independently. P03, for

instance, emphasized the value of AI in surfacing alternative strategic views.

“They also give me other perspectives because AI has more data than we do,

providing views we might not have thought of ourselves.” (P03)

P08 used AI to evaluate proposed features through SWOT and similar analyses, noting that

it offered another perspective and improved the quality of the work, and P04 argued that

multi-agent cross-checking produced higher quality than doing it alone. P01 was more mea-

sured, locating the quality benefit chiefly in “cosmetic” improvements such as structure and

professional rewording rather than in substantive content. This nuance is consistent with

the view that AI augments rather than replaces human contribution, supporting the more

language- and presentation-oriented dimensions of work while leaving substantive judgment

to the human (Jarrahi, 2018; Raisch & Krakowski, 2021).
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Capability extension. A distinctive form of perceived usefulness was the extension of an

individual’s capability into areas where they lacked depth, allowing them to undertake tasks

that would otherwise have been outside their reach. P04 framed this as a democratization of

technical capability.

“I can’t code, but now I can do a website stack from using Claude Code.” (P04)

P07, whose background is in psychology, used Gemini to gain the confidence to write tech-

nical back-end tickets she previously wouldn’t have known how to start, describing the tool

as functioning almost like an educator. P05 used AI to build her understanding of the bank-

ing domain, including its regulations and technical terminology, given that she had only

two years’ experience in the sector. This capability-extension benefit resonates with evi-

dence that the largest performance gains from generative AI accrue to less experienced or

lower-performing workers (as discussed in Chapter 2), since AI can distribute a degree of

expert-level capability more broadly.

Usefulness bounded by task and domain. Importantly, perceived usefulness was not

unconditional. Participants drew clear boundaries around where AI was useful, and these

boundaries depended on the task and the domain. P02 articulated this most explicitly, ob-

serving that the value of AI depended heavily on the kind of work.

“For my current work, which is focused on internal backend systems, the benefits

are quite limited. But for document-heavy domains like compliance or legal, I

think AI could significantly reduce time.” (P02)

P06 explicitly delineated the physical limitations of AI, noting its inapplicability to site op-

erations as “useless if you go to site operations, it cannot build houses,” pointing to the limits

of AI for physical and hands-on work, and both P01 and P02 found AI of little use for tasks

requiring deep, organization-specific product knowledge or business judgment. This bound-

edness indicates that perceived usefulness among PMs is task-contingent. AI is perceived as

highly useful for informational, analytical, documentation, and drafting tasks, but markedly

less useful for judgment-intensive, relationship-based, physically situated, or highly context-

specific work. This pattern is consistent with the complementarity view in the literature,

in which AI is most valuable for well-defined, information-intensive tasks while human

judgment remains essential elsewhere (Raisch & Krakowski, 2021; Witkowski & Wodecki,

2025).

4.4.2 Perceived ease of use

Perceived ease of use was also broadly positive, but in a more qualified way than perceived

usefulness. The participants generally found AI tools easy to use at a basic level, but they
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identified conditions under which ease of use declined. Five sub-themes were developed: a

low barrier to basic use, the dependence of output quality on prompting, a learning curve for

advanced use, integration into the workflow, and specific barriers to ease of use.

Low barrier to basic use. Basic use of AI tools was perceived as very easy, even trivial.

P06 illustrated the low barrier to entry with a practical comparison.

“using AI is very simple at a basic level, my grandma could do it, opening

ChatGPT and asking a question is easy. But there are many layers to it.” (P06)

P08 noted that modern tools tolerate imperfect input, “even if we make a typo, AI still knows

what we’re trying to convey”, making them easier than earlier systems, and P01 considered

the tools “not hard” and learnable by “anyone.” This corresponds to Davis’s (1989) perceived

ease of use as the belief that using a system is relatively free of effort, at least at the entry

level.

Output quality depends on prompting. A recurring qualification was that, although

asking a basic question is easy, obtaining a high-quality or specific output requires skillful

prompting and therefore more effort. P02 distinguished the two clearly.

“Easy to use for asking general questions, but hard to use if we want a very

specific output.” (P02)

P01 stressed that one has to be detailed when prompting, since a short prompt yields a lower-

quality result, and P07 reported that her prompts were sometimes “literally as long as the

actual ticket would be.” This sub-theme indicates that perceived ease of use is not uniform

across uses. It is high for casual queries but lower for the precise, work-grade outputs that

PM tasks often require, an effort that participants linked to their own AI literacy (Section

4.4.5).

Learning curve for advanced use. The participants who used AI most intensively de-

scribed a clear learning curve for advanced functionality such as agents and multi-tool work-

flows. P04 summarized the gradient.

“They’re easy for basic use ... they definitely have a learning curve if you want

to use them to their full potential.” (P04)

P06 likewise observed that there are many layers to it. . . tools like Claude Code go more

advanced, and P03 noted that the advanced features existed but require time to study. Several

participants nonetheless expected this curve to flatten as tools became more user-friendly

(P04, P06, P08).
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Integration into workflow. Ease of use also depended on how well AI fit existing rou-

tines, and here the participants differed in a way that reflected their tools and tasks. For some,

integration was seamless. P04 reported AI was “already integrated into all of my routines,”

P05 described her tools as very well-integrated, and P01 said AI simply “blends in.” For

others, integration was partial. P02, working on internal back-end systems, estimated that

AI integrated into only about twenty percent of her work because it could not handle her core

tasks, and P03 wished to automate her daily routine but had not yet had time to configure the

features. This shows that perceived ease of use is shaped not only by the interface but by the

degree of fit between AI capabilities and the participant’s specific work.

Barriers to ease of use. Finally, participants identified specific factors that reduced ease

of use. The need to re-learn tools when interfaces change (P01, P04), complex configuration

such as agent set-up and parameter settings (P03, P04, P08), and output verbosity requiring

clean-up. P07 found this last barrier particularly acute with Notion AI, reporting that even

after configuring the tool’s “personality” to be concise she still had to remind it to “keep it

short.” These barriers did not prevent use, but they tempered the otherwise positive assess-

ments of ease of use.

4.4.3 Trust in AI

Trust in AI emerged as a pivotal factor mediating between the participants’ evident enthusi-

asm for AI’s usefulness and their actual reliance on it. The data revealed a consistent posture

of calibrated, partial trust accompanied by systematic verification. Five sub-themes were

identified: calibrated partial trust, universal verification, the calibration of trust by task type,

the drivers of trust and distrust, and the indispensability of human judgment.

Calibrated partial trust. No participant reported trusting AI outputs unconditionally,

Instead, they described a measured level of trust, often quantified. P04 and P08 placed

numerical estimates on it (“around 80–90 percent” and around 70–80 percent, respectively),

while P03 and P06 expressed the same idea categorically.

“I don’t trust it 100%, because it still has errors. I always have to use my own

judgment because sometimes it hallucinates.” (P03)

Notably, P04’s comparatively high trust was explicitly a function of his verification system

rather than of faith in the model. He trusted the output “because I use multi-agent and multi-

model cross-checking.” Trust, in other words, was earned through process. This finding

is consistent with the conception of trust in automation as a willingness to rely on a system

under uncertainty (Lee & See, 2004), and with the view that trust in AI is shaped by perceived

reliability and the user’s prior experience (Hoff & Bashir, 2015; Glikson & Woolley, 2020).

Universal verification. The corollary of partial trust was that every participant verified

AI outputs, and several described verification as non-negotiable. P01 was emphatic.
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“It must be checked every time. Just to inform everyone out there, please always

check the output it generates!” (P01)

The verification methods varied and were often combined. Comparison against the partici-

pant’s own knowledge and that of their team (P01, P02, P03, P05, P07, P08). Cross-checking

against source materials such as meeting recordings (P01). Cross-checking across multiple

AI tools (P02, P04). Testing the tool with data whose answer was already known (P02, who

tested checksums). Consulting domain experts such as the policy team or developers (P05,

P08). And multi-layer automated review followed by human review (P04). P02 described

her test-based method succinctly.

“I take data with a known answer, like an existing checksum, and test it against

the AI first. If it passes, it is usable. If it doesn’t, I do not use it for that task.”

(P02)

This universal verification practice is the behavioral expression of calibrated trust and is the

same mechanism observed in the draft-and-refine workflow (Section 4.3.3).

Trust calibrated by task type. Trust was not a fixed disposition but varied systemati-

cally with the type of task, and participants were articulate about where their trust was high

and where it was low. P02 trusted general information that is already fixed but absolutely

distrusted calculations and time-sensitive information. P08 quantified the difference by task,

estimating roughly ninety percent confidence for coding-related tasks but only about seventy

percent for communication-related tasks. P06 drew a particularly clear distinction.

“it’s not about trusting the output, it’s just giving me new inspiration and in-

sights. But then when I’m looking at more advanced things, like engineering,

calculating HVAC systems, when we go down to the numbers ... I never fully

trust them. So I need to double-check.” (P06)

P03, P04, and P05 reported similar task-based calibration, with higher trust for structured or

factual tasks and lower trust for creative, abstract, or regulatory content. This finding refines

the trust construct in the present context. Rather than holding a single level of trust in “AI,”

PMs hold a portfolio of task-specific trust judgments, which they use to decide how much

verification each output requires.

Drivers of trust and distrust. The participants identified consistent reasons for trust-

ing or distrusting outputs. Trust was increased when the output was relevant to the work

context (P01, P03), when it was consistent across sources or tools (P02, P04), and when it

matched the participant’s existing knowledge (P01, P02). Distrust was triggered by hallu-

cination (P01, P03, P04, and P06), by the AI’s lack of organization-specific or contextual

knowledge (P02, P03, and P04), by outdated information arising from the model’s knowl-

edge cut-off (P02, P04, and P08), and by calculation errors (P02). P04 noted that AI could
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be “confidently wrong,” giving the example that a model may not know the current date,

a concern that bears directly on the reliability of time-sensitive product decisions. These

drivers correspond closely to the trustworthy-AI characteristics emphasized in the literature,

including reliability, transparency, and the management of inaccurate or fabricated output

(NIST, 2023, 2024).

Human judgment as indispensable. Underlying all of the above was a firm conviction

that human judgment must remain central and that AI is a support rather than a decision-

maker. This was expressed by every participant. P02 grounded it in accountability.

“The person who decides and bears the risk must still be human.” (P02)

P06 used the metaphor of an assistant manager that helps along the way but does not make

the final calls, P01 described AI as “a supporting tool, not a decision-maker,” and P04 tied

the point to professional defensibility, observing that if he sent AI work to management

without review he “can’t defend where the reasoning came from.” This emphasis on retained

human judgment is the clearest expression of the augmentation stance discussed in Section

4.6, and it explains why, despite high perceived usefulness, the participants embed AI within

human-controlled processes rather than delegating decisions to it.

4.4.4 Perceived risk of AI

Perceived risk was a salient factor for all participants, although the specific risks they empha-

sized and the way those risks affected their behavior varied. Six sub-themes were identified:

data security, privacy, and leakage, accuracy and hallucination, overreliance and cognitive

decline, broader and societal risks, the effect of risk on use, and proposed safeguards.

Data security, privacy, and leakage. The most frequently raised concrete risk was the

possible leakage or misuse of data fed into AI tools, which was especially acute among

participants in financial services. P01 questioned the assurances she had been given.

“I’m concerned about data leakage. Because even when they tell us the data

stays within the enterprise, is that really true? I’m not sure if it leaks.” (P01)

P02 noted that her company used “free, personal AI accounts, not enterprise ones, so there’s

no certainty whether the fed-in data goes externally or not,” and P05 and P08 expressed firm

rules against entering personal or confidential information. P04 raised a more technically

sophisticated version of the concern, identifying prompt injection and the risks of granting

agents execution privileges as particularly dangerous in the current agentic-AI era. One

participant, P03, was a partial exception, reporting that she was “not particularly concerned

about data leakage” because her work did not involve highly sensitive data and because she

confined work tasks to internal tools. These concerns correspond to the data-privacy and

information-security risks identified in the AI risk literature (NIST, 2024).
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Accuracy and hallucination. A second risk was that AI might produce inaccurate,

fabricated, or misleading output and that acting on it could damage the work. P06 connected

the two.

“giving wrong answers, misleading outputs. If you solely trust what the AI says,

it could mislead you very much. And it could cause the project that we’re running

and the service that we’re carrying out... it could harm the customer.” (P06)

P08 made the consequence explicit, noting that if we just take the answer and use it, and

it’s wrong, it affects the project, and P02 and P05 reiterated their concern about accuracy in

calculations and regulated content respectively. This risk is the mirror image of the distrust

drivers in Section 4.4.3 and reflects the perceived-risk literature’s emphasis on uncertainty

and potential negative consequences as inhibitors of use (Featherman & Pavlou, 2003; Lai et

al., 2024).

Overreliance and cognitive decline. A prominent concern, identified by five of the eight

participants, pertained to the potential erosion of independent cognitive skills resulting from

habitual reliance on AI tools. P01 introduced this concern unprompted, expressing appre-

hension about a decline in critical thinking: "I’m concerned that we might stop using our

brains!" P07 articulated a similar risk, noting that pervasive reliance without active cognitive

engagement could fundamentally diminish the user’s analytical capabilities

“If we rely on it all the time without actively thinking, our brains might genuinely

be gone.” (P07)

P04, despite being the most intensive user, regarded this as more pressing than fears of AGI.

“I use it so heavily myself that sometimes I wonder, if there were no AI now,

could I even do my job anymore? I can’t do without it.” (P04)

P03 described the same worry and made it the explicit reason she forces herself to keep

exercising her own judgment, and P06 cautioned against losing our human touch and critical

thinking. Only P02 dismissed the concern, on the practical grounds that she did not have

time to prompt the AI deeply enough for it to do her thinking for her. This concern maps

onto the overreliance and human-AI configuration risks noted by NIST (2024) and onto the

skill-erosion dynamic documented in the automation literature reviewed in Chapter 2, and it

is notable that the participants treated it as a reason for maintaining, rather than abandoning,

human involvement.

Broader and societal risks. Some participants, particularly the more experienced, ex-

tended their concerns beyond their own tasks to broader and societal risks. P04 extended

his concern to job displacement, noting starkly that “about three Claude Pro subscriptions

cost roughly the same as one junior salary.” P07 observed a related tension within her own

organization, where management’s push for AI created friction with creative teams.
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“the content-writing team, the writers, hear it and clench their fists ... ’I’ve

helped generate half of it already, just take it and use it.’ They’d clench their

fists really hard, because it’s not like that.” (P07)

P03 framed the long-term existential risk of AI as analogous to climate change, likely, but

not something an individual can avert, and P06 found the pace of AI development a bit scary.

While these risks fall outside the immediate scope of individual acceptance, they form part

of how some PMs make sense of the technology they are adopting.

Risk mitigated rather than avoided. A key finding is that perceived risk rarely led

participants to stop using AI. Instead, it shaped how they used it. The typical response was

to limit the data they fed in and to verify outputs, while continuing to use the tools. P08

made the trade-off explicit.

“I still use it. Because we want the results, we accept this risk trade-off ... the

confidential data, we won’t put it in.” (P08)

P02 reported that her concerns limited her AI usage to general information searching only,

a clear instance of risk narrowing the scope rather than ending use, while P04 stated that,

having studied AI security and adopted strict data hygiene, the risks affected his actual usage

“very little.” This indicates that, for these PMs, perceived risk operated as a regulator of

the manner and scope of use rather than as an outright barrier. This is consistent with prior

research showing that perceived risk negatively affects intention to use AI technologies (Lai

et al., 2024), though the present findings extend this by suggesting that risk may regulate the

manner and scope of use rather than functioning as an outright barrier to adoption.

Proposed safeguards. Finally, the participants proposed safeguards that echoed their

concerns. These included classifying data before input (P01, P08), human expert review of

outputs (P02, P04, P06), the use of enterprise or internally customized tools to reduce data

exposure (P03, P06, P08), and the maintenance of clear boundaries between AI-appropriate

and human-only tasks (P06). P02 went further, arguing for system-level rather than purely

individual protection.

“There should be an automated monitoring or detection system that warns or

blocks when someone is about to input sensitive data... a protection layer that

doesn’t rely solely on user judgment.” (P02)

P08 valued his company’s customized “AI for Enterprise” for precisely this reason, since

it lowered the data-leakage risk. These proposals suggest that, in the participants’ view,

responsible AI use depends on a combination of individual discipline, organizational tooling,

and, ideally, technical safeguards.
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4.4.5 AI literacy

AI literacy, understood as the participants’ perceived ability to understand, evaluate, and use

AI tools appropriately, was the final framework factor. The participants generally felt compe-

tent within their current scope of use while recognizing that more advanced capabilities lay

beyond their present skill. Five sub-themes were identified: confidence within current scope

alongside an awareness ceiling, prompting competence, critical-evaluation ability, learning

pathways, and literacy as an enabler of acceptance.

Confidence within current scope. Most participants described themselves as confident

in their everyday use of AI but explicitly aware of an upper limit to their skill, most often in

relation to agentic and more technical capabilities. P05 expressed this balance clearly.

“I’m confident within my current usage scope, confident only at that level. But

if I wanted to go more advanced than that, I’d probably need time to learn how

it can do things.” (P05)

P04 and P06, the most advanced users, both rated themselves around six or seven out of ten,

attributing the remaining gap to the deeper technical proficiency of engineers and developers,

and P08 estimated his confidence at about 75 percent, citing AI agents as something he had

not yet studied. P02 was the clearest exception, describing herself as “not very confident”

because she had not trained much. This pattern suggests that AI literacy among these PMs

is largely self-assessed in relation to current tasks, and that even capable users perceive a

substantial unexplored frontier.

Prompting competence. The participants associated effective AI use closely with the

ability to write good prompts, and several had taken active steps to develop this skill. P01

had completed a prompt-engineering course.

“It was a kind of ’Prompt Engineering for. . . ’ course but this one was the

Project Manager course from PMI, so it leaned toward Project Management.”

(P01)

P02 and P05 had attended prompt-related training (a company course and a no-code course

respectively), and P07 rated her work-related prompting at “an 8 out of 10,” investing sub-

stantial effort in each prompt. A distinctive meta-strategy appeared among the advanced

users. Both P04 and P06 used AI itself to generate effective prompts, with P06 noting that

one can ask AI to generate prompts for AI. The recurrence of prompting as a perceived com-

petency connects AI literacy directly to perceived ease of use (Section 4.4.2), since the effort

of obtaining a good output is, in effect, the exercise of prompting skill.

Critical evaluation of AI output. Consistent with their emphasis on verification and

human judgment, all participants regarded the ability to critically evaluate AI output as es-

sential, and most felt able to do so on the basis of their domain knowledge. P04 placed this

skill at the center of working with AI.
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“critical thinking will always be important, no matter what. No matter how

smart AI gets, if there’s no one to command it, it has no objective.” (P04)

P06 considered critical evaluation not optional when AI output is used in real work, given

the potential consequences of passing on incorrect data, and P03 felt able to judge outputs

because she knew “the goals, limitations, and scope of the work well.” This sub-theme rein-

forces the conceptual link in the literature between AI literacy and the capacity to evaluate

AI outputs and recognize their limitations (Long & Magerko, 2020; Carolus et al., 2023).

Learning pathways. The participants had acquired their AI literacy through a combi-

nation of routes, of which experiential, on-the-job learning was universal. Every participant

described learning by doing. Formal training also featured prominently and was often orga-

nizational. Company e-learning (P03), optional company courses (P02), a no-code course

and company guidelines training (P05), and internal workshops (P07). Peer and knowledge-

sharing learning was common (P02, P03, P05, P07), and a minority used self-directed online

resources (P03, P06). P04’s pathway was distinctive, driven by early-adopter curiosity and

continuous adaptation to evolving tools. P02 noted a practical constraint on her learning that

helps explain her lower confidence.

“The more I use it, the more familiar I become with it. I don’t watch YouTube

tutorials ... because I simply don’t have the time.” (P02)

Literacy as an enabler of acceptance. Finally, the data suggest that AI literacy functioned

as an enabler of fuller and more confident acceptance. P02 herself observed that attending

her company’s optional prompt-engineering training “helped me use AI more effectively than

those who didn’t attend,” directly linking literacy to effective use. More broadly, the contrast

between the most literate participant (P04), whose high literacy underpinned an expansive

and confident pattern of use, and the least confident (P02), whose limited training and time

constrained her use to general search, illustrates how AI literacy conditions the breadth and

depth of acceptance. This is consistent with empirical findings that AI literacy is positively

associated with AI technology acceptance and with perceptions of usefulness and ease of use

(Al-Abdullatif, 2024).

4.5 Benefits and limitations experienced (RQ2)

This section addresses the second part of RQ2 by synthesizing the benefits and limitations

the participants reported experiencing in practice. Because these draw on the same evidence

as the usefulness and risk analyses above, the focus here is on the benefits and limitations

as lived experiences in product management work, rather than on restating the perceptual

factors.
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4.5.1 Benefits experienced

Four benefits recurred across the interviews. The first and most universal was a gain in time

and capacity. The participants experienced AI as freeing them from routine, high-volume

work and enabling them to accomplish more. P03 reported that AI allowed me to do more

work and finish it faster. . . tasks that previously required two people can now be done by

just one. The second, closely related, was output amplification. Rather than simply working

less, several participants used the freed capacity to produce more or to take on work they

could not previously attempt. P04 was explicit that AI did not necessarily make his day eas-

ier but allowed him to do “more work” at greater effectiveness. The third benefit was quality

improvement and the gaining of new perspectives, as discussed under perceived usefulness.

AI helped catch errors (P03), surfaced alternative views (P03, P08), and improved structure

and wording (P01, P05). The fourth was the extension of individual capability and confi-

dence into unfamiliar territory, exemplified by P07’s ability to write technical tickets and

P05’s accelerated understanding of the banking domain. These experienced benefits sub-

stantiate, at the level of participants’ work practices, the augmentation role attributed to AI

in the literature (Raisch & Krakowski, 2021; Mahajan, 2024).

4.5.2 Limitations experienced

The participants also reported consistent limitations encountered in practice. The most

prominent was the AI’s lack of organizational and contextual knowledge. P02 articulated

that the AI doesn’t know the current systems of the company, adding that much organiza-

tional knowledge lives entirely in people’s heads, some of whom have already left, so that

complete context could not be supplied even in principle. P03 made a related observation

about the recognizability of unedited AI output.

“say AI writes a PRD. You can tell right away it was AI-written, it doesn’t feel

very human. It’s pretty obvious.” (P03)

Beyond contextual gaps, participants frequently encountered hallucination and accuracy fail-

ures. P02 found that AI “always” miscalculated checksums in her testing, and P01 noted that

outputs sometimes contained points that come from who knows where. Compounding these

functional errors, participants also cited stylistic limitations, particularly output verbosity and

unsuitable tone, most acutely felt by P07 with Notion AI and by P02, who found AI-written

PRDs too complex for her team. A fourth, raised candidly by P07, was double-handling,

the realization that the combined time of prompting and cleaning up output could exceed the

time of doing the task manually.

“I feel writing it myself, it’s done in one pass. But if I have AI do it, it produces

it and then I have to go check it again.” (P07)
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P07 also recounted a concrete failure in which she sent a message containing an unreplaced

placeholder with her manager’s name still in brackets, a vivid illustration of the risk of in-

sufficient review. A fifth limitation was the non-applicability of AI to relational, physical,

and judgment-intensive tasks, as established under perceived usefulness. AI could not con-

duct genuine human communication (P03, P06, P08), perform site work (P06), or make final

business decisions (P01, P02, P06). Taken together, these limitations help explain why par-

ticipants generally confined AI to a support role, retained certain tasks for themselves, and

identified the deliberately avoided tasks described in Section 4.3.4.

4.6 Cross-cutting observations

Three observations cut across both research questions and across several of the factors above.

Unlike the themes presented in the preceding sections, which were coded directly from the

interview data, the following observations are interpretive. They represent the researcher’s

synthesis of patterns that recur across the themes, offered to integrate the findings rather than

as separately coded categories. Each is grounded in the evidence already reported above and

is presented as analytical interpretation rather than as a direct empirical finding.

4.6.1 Organizational context as a moderator of acceptance

Although this study focuses on individual-level acceptance, the data can be read as showing

that organizational context consistently shaped how the five individual factors played out

in practice, functioning as a moderator of acceptance. Organizational context determined

which tools were available, how much data could be entered, and how strongly use was en-

couraged. At one extreme, restrictive policies narrowed use. P01 was confined to Microsoft

365 Copilot because external tools were blocked, and P02 worked within broad confiden-

tiality policies whose application to AI was unclear. At the other extreme, organizations

actively promoted AI. P03 reported that her company actively encourages heavy use because

it lets them produce more output, and P07 noted that management strongly pushed AI use.

Between these, the integration of AI into enterprise systems clearly enabled fuller use, as for

P06, whose IT department had integrated Claude through Copilot with access to the internal

database, and P08, who trusted his customized enterprise tool with more data. The partici-

pants in regulated financial and banking contexts (P01, P02, P05, P08) were also the most

cautious about data, indicating that industry context conditioned perceived risk specifically.

These observations imply that, while acceptance is experienced at the individual level, it can

be enabled or constrained by the organizational environment. This connects the individual

level findings of this study to the organizational considerations noted, but bracketed, in the

study scope.
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4.6.2 The shared augmentation stance

The second cross-cutting observation is that the participants shared a coherent stance toward

AI. They consistently positioned it as a tool that augments and assists human work rather

than one that replaces human judgment or the professional. This stance surfaced in their

metaphors and recurred independently of their level of use. P01 likened AI to a capable

“junior” colleague, P06 to an assistant manager that does not make the final call, and P04

described it as labor-saving, not full replacement. The stance unifies several of the findings

above. It explains the draft-and-refine workflow (Section 4.3.3), the insistence on verification

and retained human judgment (Section 4.4.3), and the treatment of perceived risk as a reason

to keep humans in the loop rather than to abandon the tools (Section 4.4.4). Crucially, the

participants did not view this augmentation stance as a temporary limitation to be overcome

but as the appropriate and responsible way to use AI in product management work, where

judgment, contextual interpretation, and stakeholder relationships remain central. This is

consistent with the augmentation-automation perspective in the literature, in which the value

of AI depends on its complementarity with human capabilities rather than on substitution

(Jarrahi, 2018; Raisch & Krakowski, 2021).

This augmentation stance also framed the participants’ overall willingness to use AI,

captured in their closing reflections. Time-saving was again the dominant driver across all

participants, but several added that AI use had become, in P04’s words, “unavoidable,” and

a source of competitive advantage, a view P03 shared in stating that knowing how to use

AI is a competitive advantage. The factors that participants said would increase their future

willingness were consistent with the analysis above. Easier and more integrated tools (P01,

P02, P06), greater transparency about data security (P01, P02), lower cost and fewer usage

limits (P03, P08), and more capable agentic AI able to handle end-to-end tasks (P05). These

desired improvements correspond directly to the ease-of-use, risk, and usefulness factors

examined in Section 4.4, suggesting that the same factors that currently shape acceptance

also define the conditions under which acceptance would deepen.

4.6.3 Interactions among the acceptance factors

A final, more interpretive observation concerns how the five individual factors appear to

operate together rather than in isolation. AI literacy functioned as the upstream enabler.

Participants who could prompt effectively and critically evaluate output, such as P04, P07,

and P03, also reported higher perceived ease of use, because the effort of obtaining a us-

able result is itself an exercise of prompting skill, and higher perceived usefulness, because

literacy allowed them to recognize which tasks AI could genuinely accelerate. The same

literacy underpinned calibrated trust, since the capacity to judge an output against domain

knowledge is what allowed participants to extend partial, task-specific trust rather than either
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rejecting AI outright or accepting it uncritically. Ease of use, usefulness, and trust were thus

not independent determinants but a connected sequence anchored in literacy.

Perceived risk interacted with these factors in a distinctive way. Rather than acting as

a simple barrier that reduced use, risk was managed through verification. The universal

draft-and-refine workflow (Section 4.3.3) was the behavioral mechanism through which par-

ticipants reconciled limited trust and real risk with continued, and often intensive, use. Risk

therefore regulated the manner and scope of use, what data was entered, which tasks were

delegated, and how heavily outputs were checked, rather than the decision to adopt at all.

Cutting across all of this, organizational context (Section 4.6.1) moderated every factor at

once: it determined which tools were available and how easily they could be used, how

much data could be exposed, and how strongly use was encouraged and rewarded. The aug-

mentation stance (Section 4.6.2) can in turn be read as the participants’ synthesis of these

tensions, a settled position in which AI is useful, partially trusted, bounded by risk, and ex-

tended by literacy, yet always kept subordinate to human judgment (Jarrahi, 2018; Raisch &

Krakowski, 2021).

4.7 Chapter summary

This chapter has presented and analyzed the findings of the eight semi-structured interviews

using Braun and Clarke’s (2006) thematic analysis, combining deductive themes from the

conceptual framework with inductive themes from the data, and has related the findings to

the two research questions.

In response to RQ1, the analysis found that all five framework factors were reflected in

the participants’ acceptance and use of AI tools, but with characteristic patterns. Perceived

usefulness was the strongest and most consistent factor, centered on time savings but also

encompassing quality improvement, new perspectives, and the extension of individual capa-

bility. However, usefulness was bounded by task and domain. Perceived ease of use was

positive at the basic level but qualified by the dependence of output quality on prompting, a

learning curve for advanced use, uneven workflow integration, and barriers such as verbosity.

Trust in AI took the form of calibrated, partial trust that was earned through systematic veri-

fication and calibrated by task type, underpinned by a firm conviction that human judgment

remains indispensable. Perceived risk was salient, chiefly data leakage, accuracy and hal-

lucination, and a notably widespread concern about overreliance and cognitive decline, but

it generally regulated the manner and scope of use rather than preventing use. AI literacy

was characterized by confidence within current scope alongside an awareness of an unex-

plored frontier, by an emphasis on prompting and critical evaluation, and by predominantly

experiential and organizationally supported learning. It functioned as an enabler of fuller

acceptance.

In response to RQ2, the analysis found that the participants used AI tools widely but
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selectively. They chose tools strategically, applied AI mainly to information search and re-

search, summarization, documentation drafting, ideation, and data analysis, and, most con-

sistently, followed a draft-and-refine workflow in which AI produced a first draft that the

human reviewed and finalized, while deliberately avoiding AI for sensitive-data handling,

relational, and certain expertise-intensive tasks. The benefits experienced were gains in time

and capacity, output amplification, quality and new perspectives, and capability extension.

The limitations experienced were the AI’s lack of organizational and contextual knowledge,

hallucination and accuracy failures, verbosity and tone, double-handling, and tasks AI cannot

handle.

Finally, three cross-cutting observations integrated these findings. Organizational con-

text consistently moderated individual acceptance by shaping tool availability, permissible

data, and encouragement. The participants also shared an augmentation stance, treating AI

as an assistant that supports but does not replace human judgment, which underlay the draft-

and-refine workflow, the verification practices, and the cautious treatment of risk observed

throughout the data. In addition, the five factors operated as an interconnected system rather

than independently: AI literacy enabled usefulness, ease of use, and calibrated trust, while

perceived risk shaped the manner and scope of use rather than preventing it. The conclusions

drawn from these findings, together with their implications, limitations, and recommenda-

tions for future research, are discussed in Chapter 5.

Because these findings derive from a purposive sample of eight product managers, they

are offered as analytical rather than statistical generalization. Their value lies in the depth

and coherence of the patterns identified and in their resonance with established theory, which

may inform understanding of comparable product-management settings rather than support

claims about the wider population.
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5 Conclusions, limitations, and future recommendations

This chapter presents the conclusions drawn from the findings and discusses their theoretical

and practical implications. It acknowledges the limitations of the study and offers recom-

mendations for future research.

Conclusions

RQ1: Individual-level factors influencing AI technology acceptance

RQ1 asked how product managers perceive the role of perceived usefulness, perceived

ease of use, trust in AI, perceived risk of AI, and AI literacy in their acceptance and use of

AI tools. The findings confirm that all five factors were present and active in participants’

accounts, but each operated differently and none alone explained the differences observed in

acceptance and use.

Perceived usefulness emerged as the most prominent factor. All eight participants val-

ued AI tools, and most identified usefulness as the main reason they used them. The clearest

benefit was a reduction in the time spent on routine, high-volume tasks such as summariza-

tion, document drafting, market research, and data analysis. Participants also valued AI for

providing new perspectives they had not considered, and for helping them work on tasks

outside their main expertise, especially in fields where they lacked familiarity or in-depth

knowledge.

This usefulness, however, had clear limits. Participants found AI much less helpful for

tasks that required deep organization-specific or contextual knowledge, business judgment,

or in-person engagement. Usefulness was therefore task-specific rather than general, and this

distinction matters theoretically. Davis (1989) described perceived usefulness as a broad be-

lief that a system improves job performance. The present findings suggest that, in a complex

professional role such as product management, usefulness is not a single overall judgment

but a set of task-level evaluations. It was high for well-defined, information-intensive, and

language-intensive work, where AI performs well, and low for judgment-intensive and rela-

tional work, where it does not. This study therefore suggests an extension to Davis’s (1989)

construct, indicating that perceived usefulness may operate as a portfolio of task-specific

judgments rather than as one general attitude, a pattern that broad usefulness measures would

obscure.

Perceived ease of use was broadly positive, but only at a basic level. Entry-level use,

such as asking a question or generating a first draft, was perceived as trivially easy, and

several participants described the barrier to entry as very low. Obtaining output at a profes-

sional quality, however, was a different matter. It required skilled prompting and repeated

refinement, which participants described as demanding rather than effortless. Advanced ca-

pabilities, such as agentic workflows and multi-tool pipelines, carried a further learning curve
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that even experienced users acknowledged. Ease of use also depended on how well AI fit

into existing work routines.

Ease of use was therefore not uniform, and this matters theoretically. Davis (1989) treated

perceived ease of use as a single belief about whether a system is free of effort. The present

findings suggest that, for AI tools, ease of use is better understood not as a single property

but as a function of the level of use. It was high at the basic level, lower at the professional

level where output quality depends on prompting skill, and lowest at the advanced level. This

study therefore suggests that perceived ease of use in AI contexts may be better understood

as layered rather than uniform, extending the way Davis’s (1989) construct is typically ap-

plied. The effort required rises precisely as the work becomes more valuable, which means

supporting AI adoption depends less on making tools simple to open than on building users’

prompting skill, linking ease of use directly to AI literacy.

Trust in AI took a more differentiated form than prior literature typically describes. No

participant trusted AI output unconditionally, yet none rejected AI on grounds of distrust.

Instead, all eight maintained what this study terms trust calibrated by task type, a set of trust

judgments that varied systematically with the type of task, the consequences of error, and

the tractability of verification. Participants extended higher trust to structured, factual, and

verifiable tasks and lower trust to creative, abstract, regulatory, or decision-critical content,

adjusting the intensity of verification accordingly. Distrust was driven mainly by halluci-

nation, outdated information, and AI’s lack of organization-specific knowledge. Practically,

participants used verification to balance what AI produced against what they remained pro-

fessionally accountable for.

This finding extends the trust-in-automation literature in a specific direction. Hoff and

Bashir (2015) and Glikson and Woolley (2020) emphasize relatively stable, system- and

experience-based antecedents of trust. The present data suggest that these PMs did not

hold a single, global level of trust in AI. Instead, they held a portfolio of context-dependent

trust judgments. Each judgment was calibrated to a particular task and continuously refined

through verification. A key enabler of this calibration appeared to be the participants’ do-

main knowledge. Because PMs could evaluate an output against what they already knew,

they could extend partial, task-specific trust rather than accepting outputs uncritically or

rejecting them wholesale. This pattern may extend to comparable knowledge-work roles,

though that remains a question for further research. On this account, trust in AI is better

understood as an active and knowledge-dependent evaluation rather than a settled attitude.

Perceived risk of AI was present for all participants, but the way it shaped behavior dif-

fers from how the construct is typically treated in technology acceptance research. The most

frequently raised concerns were data security and leakage, particularly among the four partic-

ipants in regulated financial settings, followed by accuracy and hallucination. Yet perceived

risk did not reduce their use of AI tools. Participants continued to use AI tools daily while
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limiting the data they entered, verifying outputs, and bounding which tasks they would del-

egate. Risk, in other words, functioned as a regulator of the manner and scope of use rather

than as a barrier to use itself.

This reframes the role of perceived risk relative to prior work. Featherman and Pavlou

(2003) and Lai et al. (2024) position perceived risk primarily as an inhibitor that lowers

behavioral intention to adopt. The present findings suggest a different pattern among these

PMs. The adoption decision was effectively settled by perceived usefulness, and risk oper-

ated downstream of it, governing how AI was used rather than whether it was used at all.

This distinction between risk as regulator and risk as inhibitor has practical consequences.

It implies that interventions addressing perceived risk should aim at supporting responsible

and bounded use rather than at persuading reluctant users to adopt.

The most distinctive risk in the data, however, was not data security or accuracy but a

concern about cognitive decline arising from sustained AI use. Five of the eight participants

raised, often unprompted, the worry that habitual reliance on AI could weaken their inde-

pendent thinking over time. The most intensive user in the sample regarded this as more

pressing than any concern about the technology itself. While overreliance and skill erosion

are increasingly discussed in the automation and human-AI interaction literatures, they have

rarely been incorporated as a perceived-risk dimension within TAM-based AI technology

acceptance research, which has tended to operationalize risk in terms of accuracy, privacy,

and security. The spontaneous emergence of this concern among the participants connects

their accounts to the skill-erosion dynamic documented by Rinta-Kahila et al. (2023) and

suggests this dimension deserves fuller attention as an acceptance factor.

The study therefore identifies a self-directed and long-term dimension of perceived risk,

distinct from the immediate task-level risks that dominate existing acceptance frameworks.

This concern also had a paradoxical effect. Rather than diminishing participants’ commit-

ment to keeping human judgment central, it reinforced that commitment, since several named

it as the explicit reason they continued to exercise their own reasoning rather than defer to

AI.

AI literacy operated as the upstream enabler that connected the other four factors to ac-

tual use behavior. Participants with higher literacy reported broader perceived usefulness,

lower perceived effort, more confident and calibrated trust, and more effective risk man-

agement. The lower perceived effort followed from skilled prompting, which narrowed the

gap between raw output and professional standard. The contrast between the most literate

participant, who operated a multi-model, multi-agent pipeline with confidence, and the least

experienced, whose limited training and time constrained use to general search, illustrates

that literacy does not merely complement acceptance. Rather, it determines the range and

depth of acceptance that is possible. This is consistent with Al-Abdullatif (2024) and Schi-

avo et al. (2024), and the present study extends these findings by identifying the two literacy
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dimensions most relevant to PM work. These were prompting competence, the ability to

elicit professional-quality output, and critical evaluation ability, the capacity to assess AI-

generated content against domain knowledge and organizational context.

Taken together, the five factors operated as an interconnected system rather than as in-

dependent determinants. Perceived usefulness motivated adoption. AI literacy shaped the

range of use that became accessible. Perceived ease of use and trust determined how much

value could be extracted from a given task. Perceived risk bounded the scope and conditions

of use. These interactions explain why no single factor alone accounted for the differences

in acceptance observed across participants, and why AI technology acceptance among these

PMs is better understood as a dynamic and actively managed process than as a static attitude.

RQ2: AI use in practice, and the draft-and-refine workflow

RQ2 asked how PMs use AI tools in their work practices and what benefits and limita-

tions they experience. The findings reveal a consistent and structured pattern that warrants

designation as a conceptual contribution in its own right. This study terms it the draft-and-

refine workflow.

Across all eight participants, regardless of experience level, industry, or tool ecosystem,

AI use followed the same logic. AI generates an initial output, such as a draft, a summary,

a research compilation, or a first version of a document, and the PM then reviews, verifies,

adapts, and finalizes it before use. No participant used AI output directly without review.

This workflow is not merely a cautious habit. It is the behavioral mechanism through which

PMs reconcile several things at once. AI produces a starting point quickly, which makes

it useful. The output must be verified, because trust is limited and calibrated. The PM

rather than the AI bears responsibility for the final result. Systematic review is the primary

safeguard against the risks of error and data exposure.

The draft-and-refine workflow carries theoretical significance beyond its descriptive

value. It provides empirical support for the human-AI complementarity view set out by

Jarrahi (2018) and Raisch and Krakowski (2021), and it specifies the complementarity

mechanism at the level of individual work practice. AI contributes generative speed and

breadth, while the human contributes contextual judgment, domain knowledge, and pro-

fessional accountability. The workflow also connects to the finding by Dell’Acqua et al.

(2023) that AI output requires human evaluation to distinguish what falls within AI’s current

capability boundaries from what falls outside them, a pattern they describe as the jagged

technological frontier. In the draft-and-refine workflow, the PM’s review step is precisely

the human act of navigating that frontier on each task.

Participants also identified three consistent categories of tasks they deliberately excluded

from AI use. The first was inputting sensitive or confidential data. The second was direct

human communication and relationship management. The third involved tasks the PM could
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perform better or more reliably without AI. These exclusions were consistent across all par-

ticipants regardless of usage intensity, which clarifies that AI technology acceptance among

these PMs was selective and bounded rather than total, even among the heaviest users.

The benefits experienced were time and capacity gains, output amplification, quality im-

provement through new perspectives, and capability extension into less familiar domains.

These substantiate the augmentation view of AI in the literature. The limitations experi-

enced were AI’s lack of organizational and contextual knowledge, hallucination and accuracy

failures, output verbosity, double-handling, and inapplicability to relational and judgment-

intensive tasks. These clarify the boundaries of that augmentation and explain why the draft-

and-refine workflow remained necessary rather than a temporary workaround.

Overall conclusions

Three observations integrate the findings across both research questions.

First, organizational context functioned as a moderator of individual-level acceptance

throughout the data, although it was not the primary focus of this study. The organization

determined which tools were available, what data could safely be entered, and how strongly

AI use was encouraged or rewarded. Participants in regulated financial settings were the most

cautious about data; participants in organizations that actively promoted AI used it more

broadly and confidently. This moderating role suggests that individual-level AI technology

acceptance cannot be fully understood in isolation from the organizational conditions in

which it takes place.

Second, all participants shared what this study characterizes as an augmentation stance,

a consistent positioning of AI as a tool that supports but does not replace human judgment.

This stance was articulated not as a temporary limitation to be overcome, but as the appropri-

ate and professionally responsible way to use AI in PM work. It explains the draft-and-refine

workflow, the verification habits, and the deliberate exclusion of relational and judgment-

heavy tasks observed throughout the data. The stance is consistent with Jarrahi (2018) and

Raisch and Krakowski (2021), and the present findings ground it empirically in a specific

professional role where the human dimensions of the work, including stakeholder align-

ment, contextual interpretation, and professional accountability, remain central regardless of

AI capability.

Third, the five individual-level factors operated as an interconnected system rather than

independently. AI literacy served as the upstream enabler that strengthened perceived ease

of use and usefulness and supported calibrated trust, while perceived risk shaped the manner

and scope of use rather than preventing it. The draft-and-refine workflow was the shared

mechanism through which PMs reconciled partial trust and real risk with continued, and

often intensive, use. This interdependence is the central explanatory contribution of the

study: AI technology acceptance among PMs is a task-specific, actively managed process
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in which usefulness, trust, risk, literacy, and ease of use are not competing determinants but

cooperating ones.

Implications

Theoretical implications

This study offers five contributions to the AI technology acceptance literature.

First, it suggests an extension to Davis’s (1989) perceived usefulness construct by indi-

cating that, in professional roles like product management, usefulness may operate as task-

specific rather than general. Future TAM applications in such settings may benefit from

measuring task-level usefulness rather than relying on global scales that could obscure the

conditions under which AI tools are and are not perceived as beneficial.

Second, it may extend prior work on trust in AI (Hoff & Bashir, 2015; Glikson & Wool-

ley, 2020; Choung et al., 2023) by proposing the concept of trust calibrated by task type: the

observation that the PMs in this study appeared to maintain differentiated, task-dependent

trust judgments rather than a single overall attitude. For the PMs in this study, trust in AI

may therefore be better understood as a dynamic, context-sensitive evaluation than as a stable

individual disposition, and global trust scales may not adequately capture the task-contingent

variation that appears to drive reliance behavior.

Third, it suggests a refinement of how perceived risk functions in AI technology accep-

tance. Rather than operating primarily as an inhibitor of adoption (Featherman & Pavlou,

2003; Lai et al., 2024), perceived risk in this study appeared to regulate the manner and

scope of use. The distinction between risk-as-barrier and risk-as-regulator may be theo-

retically meaningful: when managed through literacy and verification, perceived risk may

function as a feature of responsible use rather than as an obstacle to adoption. The concern

about cognitive decline raised by five of eight participants may further extend the construct

by pointing to a self-directed, long-term risk dimension that connects AI technology accep-

tance research to the skill-erosion literature (Rinta-Kahila et al., 2023).

Fourth, it is broadly consistent with prior work on AI literacy (Long & Magerko, 2020;

Al-Abdullatif, 2024; Schiavo et al., 2024) and may extend it by positioning literacy as an

upstream enabler that shapes the range and depth of the other four factors. The two dimen-

sions most relevant in the PM context, prompting competence and critical evaluation ability,

offer an operationally specific characterization of AI literacy in this professional role and

may inform future instrument development.

Fifth, the draft-and-refine workflow identified in this study offers empirical support for

the human-AI complementarity view (Jarrahi, 2018; Raisch & Krakowski, 2021; Dell’Acqua

et al., 2023) at the level of individual work practice in a specific professional role. By naming

and characterizing this workflow, the study offers a conceptual contribution that may be

recognizable and testable in other knowledge-work contexts.
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Practical implications

For individual product managers. Effective AI use appears to depend on two foundational

skills: the ability to write prompts that elicit professional-quality output, and the ability

to critically evaluate AI-generated content against domain knowledge and organizational

context. These skills were not equally distributed across participants and were not acquired

passively. Participants who developed them did so through deliberate practice, structured

exposure to AI failures, and active reflection on where AI output diverged from what the task

required. PMs who invest in these two dimensions of AI literacy appear better positioned for

broader and more confident acceptance, as the contrast between the most and least literate

participants illustrates.

For organizations. Organizational context appeared to moderate every individual-level

factor in this study. Providing enterprise-grade tools with appropriate data security safe-

guards may reduce the scope of perceived risk and expand the data PMs are willing to enter.

Establishing clear guidelines on which tasks are appropriate for AI use may reduce the bur-

den of individual risk management and support more consistent practice. Investing in AI

literacy through structured training, peer knowledge-sharing, and reflective practice appears

to support fuller and more confident acceptance. Organizations that address these conditions

are more likely to see individual acceptance translate into productive use; those that provide

access without addressing them may find the gap between access and use remains wide.

For AI tool developers. The most prominent limitation across all participants was AI’s

limited ability to engage with organization-specific and contextual knowledge. Tools that

support customization with organizational context through retrieval-augmented approaches,

document grounding, or workspace-specific configuration could help address the limitation

most frequently cited as a barrier to fuller use. Output verbosity and tone inconsistency were

also persistent issues; more controllable output style and length could reduce the double-

handling burden several participants described. The concern about cognitive decline suggests

a further design principle: tools that keep the user’s reasoning engaged, rather than presenting

a finished output to be accepted, may support more sustainable patterns of use.

Limitations of the study

Six limitations should be considered when interpreting these findings.

First, the qualitative approach with eight participants provides in-depth insight but does

not support statistical generalization. The findings reflect the perceptions and experiences

of this specific group of PMs and should not be assumed to apply to all PMs, industries, or

national contexts. They are offered as analytical rather than statistical generalization (Lin-

coln & Guba, 1985), with value lying in the depth and coherence of the patterns identified

and in their resonance with established theory. The sample composition also shapes what

can be claimed. The participants were concentrated in a small number of industries, with
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half working in financial services, and were recruited through the researcher’s professional

network and referrals rather than through random sampling. This composition may have in-

fluenced the patterns observed and limits how far they can be transferred to other industries

or recruitment settings.

Second, the study uses a cross-sectional design. Participants’ perceptions were captured

at a single point in time, while AI tools, organizational policies, and users’ own AI literacy

are all developing rapidly. The factors shaping AI technology acceptance may evolve as tools

become more capable and integrated and as professional norms around AI use in product

management become more established.

Third, the study focused on individual-level acceptance and treated organizational con-

text as a moderator rather than a primary variable. The data make clear that individual

acceptance is shaped by the organizational environment in ways an individual-level study

cannot fully explain. A study that directly examines the interplay between organizational AI

governance, tool provisioning, and individual acceptance would address this limitation.

Fourth, AI literacy was self-assessed by participants rather than measured with a vali-

dated instrument. Self-assessed literacy reflects perceived rather than demonstrated compe-

tence, and participants’ actual ability to understand and evaluate AI outputs may differ from

how they characterized themselves. Future research using validated AI literacy instruments

(such as those developed by Carolus et al., 2023, or Laupichler et al., 2023) would provide a

more objective basis for examining the relationship between literacy and acceptance.

Fifth, the interview transcripts were lightly edited for readability before analysis, for

example by removing filler words, false starts, and repetition. Although this editing was in-

tended to improve readability without changing meaning, any editing of transcripts involves

researcher judgment and removes some features of the original speech. This risk was limited

by editing only for readability while preserving the substantive content, and by returning

the transcripts to participants for verification, but it remains a feature of how the data were

prepared that should be kept in mind when interpreting the quoted material.

Sixth, seven of the eight interviews were conducted in Thai and translated into English by

the researcher for analysis and reporting. Translation between languages inevitably involves

interpretation, and subtle nuances of meaning or emphasis may shift in the process. This risk

was mitigated by preparing verbatim transcripts in the original language, basing the analysis

on translations that remained close to the source wording, returning transcripts to partici-

pants for verification (member checking), and checking each reported quotation against the

original Thai transcript. Even so, the translation step should be considered when interpreting

the findings, and future cross-language qualitative work could strengthen confidence further

through independent or back-translation.
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Recommendations for future research

Three directions emerge from the findings and limitations of this study.

A quantitative study with a larger and more diverse sample of PMs could test the relation-

ships among the five acceptance factors identified here and measure their relative contribu-

tion to AI technology acceptance and use behavior. The task-specific nature of usefulness and

trust calibration identified in this study suggests that such an instrument should be designed

at the task level rather than relying solely on global scales. This would provide statistical

evidence to complement the present qualitative findings.

Research that directly examines the role of organizational context could build on the

moderating patterns identified here. Variables of interest include AI governance structures,

enterprise tool provisioning, management attitudes toward AI use, and the presence or ab-

sence of formal AI literacy programs. Integrating individual and organizational levels of

analysis would produce a more complete account of AI technology acceptance in PM work

than either level can provide alone.

The concern about overreliance and cognitive decline, raised by five of the eight par-

ticipants and connected to the skill-erosion literature (Rinta-Kahila et al., 2023), warrants

focused investigation. A longitudinal or experimental study examining whether sustained

AI use affects PMs’ independent task performance, domain knowledge, or critical think-

ing over time would address a risk dimension currently underexplored in the AI technology

acceptance literature and directly relevant to the long-term sustainability of human-AI col-

laboration in knowledge work.

Closing remarks

This study set out to explore how product managers perceive and use AI tools in their pro-

fessional work. What emerged is not a picture of straightforward adoption or resistance, but

of a thoughtful, actively managed relationship with technology that is genuinely useful and

genuinely limited in ways that matter for the work.

The augmentation stance that PMs articulated, positioning AI as a capable but bounded

collaborator rather than a replacement for human judgment, reflects both a practical reality

and a professional conviction. PMs accept the efficiency gains, the new perspectives, and the

capability extension that AI tools provide. At the same time, they retain their own judgment,

contextual understanding, and professional accountability. The draft-and-refine workflow is

the practical form this stance takes in daily work: AI contributes a starting point, and the PM

determines where it ends up.

These human dimensions of the work remain at the heart of product management regard-

less of how capable AI tools become: understanding context, interpreting stakeholder needs,

making defensible decisions, and taking responsibility for outcomes. The contribution of
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this study lies in showing, through the accounts of eight PMs, how those human dimensions

and the practical use of AI tools are currently being integrated, negotiated, and maintained.
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Appendix 1 Semi-structured interview guide

Introduction script

My name is Napatsorn Auamnuaychai, and I am a master’s student in Software Prod-

uct Management and Business at Lappeenranta-Lahti University of Technology (LUT). I am

conducting this interview as part of my master’s thesis, titled “An exploratory study of factors

influencing AI technology acceptance among product managers.” Thank you for participat-

ing in this interview.

The purpose of this interview is to explore how PMs perceive, evaluate, and use AI tools

in their work practices. In this study, AI tools refer to AI-enabled tools and applications that

may support product management work, such as generative AI tools, AI-assisted analytics

tools, AI-based productivity tools, and tools used for summarization, content generation,

information analysis, customer insight analysis, or decision support. The focus of this study

is not on the technical development of AI systems, but on how PMs experience and accept

AI tools in their own work.

Your participation is voluntary. You may skip any question or stop the interview at any

time. The information collected will be used for academic research purposes. Your identity

and organization will be kept confidential, and the interview results will be reported in an

anonymous form. With your permission, I would like to record this interview to support

accurate transcription and analysis. The recording will only be used for this thesis research.

Before we begin, do you have any questions?

Section A: Participant background and product management context

Q1. Could you briefly describe your current role and responsibilities as a PM? Possible

probes:

– What type of product or service do you work with?

– What are your main responsibilities?

– Who do you usually collaborate with?

– How long have you worked in a product management-related role?

Q2. What kinds of tasks are most important or time-consuming in your product management

work? Possible probes:

– Do you work with customer feedback, market information, documentation, or prioriti-

zation?

– Which tasks require the most analysis or decision-making?

– Which tasks involve communication with stakeholders or cross-functional teams?
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Section B: Current use of AI tools in product management work

Q3. How do you currently use AI tools in your product management work? Possible probes:

– What AI tools do you use?

– How often do you use them?

– What tasks do you use them for?

– Are there tasks where you avoid using AI?

Q4. Can you describe one example of using an AI tool in your product management work?

Possible probes:

– What was the task?

– Why did you use AI for that task?

– What kind of output did the AI tool provide?

– How did you evaluate or use the AI-generated output?

Section C: Perceived usefulness and perceived ease of use

Q5. In what ways do you find AI tools useful or not useful for product management work?

Possible probes:

– Do AI tools help you save time or improve productivity?

– Do they support analysis, documentation, customer feedback review, or decision prepa-

ration?

– Do they improve the quality of your work?

– Are there tasks where AI tools are not useful?

Q6. How easy or difficult is it for you to use AI tools in your work? Possible probes:

– Are AI tools easy to learn and understand?

– Are they easy to integrate into your normal work routine?

– What makes them easier or harder to use?

– Do you feel confident using AI tools independently?

Section D: Trust in AI

Q7. How much do you trust the outputs generated by AI tools in your work? Possible probes:

– What makes you trust or distrust AI-generated outputs?
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– Do you usually check or verify AI outputs?

– Are AI outputs reliable enough for product management tasks?

– Are there tasks where you would not trust AI outputs?

Q8. How do you decide whether an AI-generated output is appropriate to use? Possible

probes:

– Do you compare AI outputs with your own knowledge or other sources?

– Do you edit or adapt AI outputs before using them?

– Does the type of task affect how much you trust the output?

– How important is human judgment when using AI tools?

Section E: Perceived risk of AI

Q9. What concerns or risks do you associate with using AI tools in product management

work? Possible probes:

– Are you concerned about inaccurate outputs or misleading information?

– Are you concerned about bias, privacy, or confidentiality?

– Are you concerned about overreliance on AI?

– How do these concerns affect your willingness to use AI tools?

Q10. Are there any product management tasks where you would avoid using AI tools be-

cause of risk? Possible probes:

– Would you avoid using AI with confidential data?

– Would you avoid using AI for strategic decisions or stakeholder communication?

– What safeguards or checks would be needed?

– How do you manage risk when using AI tools?

Section F: AI literacy

Q11. How would you describe your own understanding and confidence in using AI tools?

Possible probes:

– Do you understand what AI tools can and cannot do?

– Do you know how to write prompts or inputs effectively?

– Do you feel able to evaluate AI-generated outputs critically?

– How did you learn to use AI tools?



83

Q12. Overall, what factors influence your willingness to use AI tools in product management

work? Possible probes:

– Which factor matters most to you: usefulness, ease of use, trust, risk, or AI literacy?

– What are the main benefits and limitations you have experienced?

– What would make you more willing to use AI tools in the future?

– Is there anything else you would like to add about AI tools and product management

work?



84

Appendix 2 Interview question mapping

Interview

questions

Main focus Linked RQ

Q1-Q2 PM background and work context Background

Q3-Q4 Current AI tool use RQ2

Q5 Perceived usefulness RQ1

Q6 Perceived ease of use RQ1

Q7-Q8 Trust in AI RQ1

Q9-Q10 Perceived risk of AI RQ1

Q11 AI literacy RQ1

Q12 Overall acceptance, benefits, and limitations RQ1/ RQ2
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