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Abstract: This study draws on 22 semi-structured interviews with knowledge workers using an 
AAI-powered web browser across diverse professional contexts (e.g., consulting, engineering, 
marketing, and operations) to explore how AAI reshapes goal-oriented action in knowledge 
work. Employing Affordance Theory as our theoretical lens, we show how workers navigate a 
complex landscape in which the same technological features can both enable and constrain goal 
attainment, depending on the situated alignment between workers’ goals and technological 
capabilities. We identify four affordances (e.g., automating workflows) and four constraints (e.g., 
increasing idle time) that emerge from knowledge workers’ interactions with the material 
technological features of AAI. Further, our findings indicate that the likelihood of actualizing 
action potentials is shaped by contextual factors at the individual (e.g., AAI literacy), task (e.g., 
stakes and scale), and organizational (e.g., organizational ways of working) levels. This study 
offers one of the first empirical investigations of autonomous AI agents in knowledge work and 
contributes an empirically derived conceptual model of knowledge worker–AAI interactions. 
This contributes to a broader understanding of how knowledge workers’ interactions with 
autonomous technologies generate more fundamentally agentic, rather than purely informational, 
action potentials, and illustrates how knowledge workers not only interrogate what AAI 
generates but also actively assess whether to delegate agency for action responsibilities – creating 
new accountability dynamics in knowledge work. 
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1.​ Introduction 

1.1 Background 

“AI agents will become the primary way we interact with computers in the future.“ 

Satya Nadella, CEO, Microsoft 

The emergence of Agentic Artificial Intelligence (AAI) marks a significant evolution at the 

intersection between algorithmic technologies and knowledge workers – those who “think for 

a living“ (Drucker, 1957). Defined as “AI systems that can pursue complex goals with limited 

direct supervision“ (Shavit et al., 2023, p.1), emerging AAI technologies have the potential to 

not only reason but also take action on behalf of their users (Acharya et al., 2025). A recent 

report, surveying 10,000 knowledge workers, shows that they spend 60% of their time on 

“work about work“ – such as looking for information and switching between tools – rather 

than doing meaningful work (Talbert, 2025). Hence, even in the age of Artificial Intelligence 

(AI), where algorithms can generate predictions and artefacts that emulate those of 

knowledge workers (Faraj et al., 2018), they remain unable to take action. One could say we 

have “created a world of brilliant advisors who can’t lift a finger to help“ (Bornet et al., 

2025, p.2).  

 

McKinsey & Company recently posited that AAI could play an active role in solving this 

issue by shifting technologies from passive tools to active companions (Sukharevsky et al., 

2025). As such, the diffusion of AAI across professional settings represents a potentially 

pivotal development for knowledge workers, enabling them to outsource execution 

responsibilities to autonomous agents (Bornet et al., 2025). Optimism about AAI’s potential 

is reflected in its rapid diffusion in professional settings, with Gartner predicting that 33% of 

enterprise software applications will incorporate AAI by 2028 (Coshow, 2024). While it is 

tempting to envision a utopian future in which AAI operates as digital co-workers capable of 

executing tasks autonomously, studies on knowledge workers’ use and interactions with 

previous generations of AI technologies suggest the reality might be more nuanced.  

 

By conceptualizing AI as an “epistemic technology“ (Anthony, 2018, p. 661) involved in the 

creation of knowledge, scholars have inferred that AI and knowledge workers are intimately 

related (e.g., van den Broek, 2025) – since knowledge workers are individuals primarily 

1 



concerned with creating and using knowledge (Davenport, 2005). The intersection of AI and 

knowledge work has therefore attracted particular scholarly interest in recent years (e.g., 

Faraj et al., 2018; Anthony et al., 2023; van den Broek, 2025). As these technologies enter 

professional settings, Pakarinen & Huising (2023) argue that they become entangled in the 

situated relational practices through which knowledge workers generate knowledge. With this 

development, challenges related to differences between algorithmic and human “ways of 

knowing“ have become evident (Faraj et al., 2018, p.65). For example, the reasoning behind 

AI’s knowledge claims is often characterized as a “black box“ (Christin 2020; Anthony et al., 

2023), where humans are unable to understand how the algorithm reached a particular 

conclusion. When encountering this opacity of algorithmic reasoning, knowledge workers 

have been found to engage in practices of interrogating (Lebovitz et al., 2022), questioning 

(Anthony, 2018), and translating (Waardenburg et al., 2022) algorithmic output to make sense 

of AI’s knowledge claims. These practices reveal how the material properties of AI (e.g., the 

opacity of AI outputs) shape the actions knowledge workers take – showing the “material 

agency“ and emphasizing the role of technologies themselves in knowledge work (Newell, 

2015, p.9). Scholars have therefore called for the need to increasingly consider the material 

properties of AI technologies themselves in studies of IS use and knowledge work (Newell, 

2015; Baird & Maruping, 2021) 

1.2 Research Gap 

The introduction of AAI represents a fundamental shift towards increasingly sophisticated 

autonomous agents (Krakowski, 2025), encompassing unique technological properties that 

enable them to take actions on behalf of users across increasingly complex tasks (Bornet et 

al., 2025). In a recent MISQ editorial paper, Leonardi (2023) articulates that, as AI 

increasingly acts and adapts without human intervention, changes in work will depend on the 

configuration of agency between humans and AI, in ways that enable and constrain action – 

presenting novel implications for “who or what can act, and how“ (p.17). As individuals 

practice agency in their construction of knowledge (Prawat, 1996), and knowledge workers’ 

primary concern lies in constructing, transmitting, and using knowledge (Davenport, 2005), 

the recursive redistribution of agency between humans and AAI (Leonardi, 2025) is likely to 

impact how these workers interact with these novel and autonomous technologies. While 

prior research on AI in knowledge work offers valuable insights into the interactions between 

skilled workers and epistemic technologies, these theoretical concepts are based on earlier 

2 



generations of AI technologies that primarily generate recommendations and artefacts for 

knowledge workers to evaluate and act upon – and may therefore be limited in their 

applicability to AAI technologies that can autonomously execute actions on workers’ behalf. 

Despite initial conceptual interest in AAI, empirical research examining how knowledge 

workers interact with these systems in their real-life everyday work remains, to the best of 

our knowledge, scarce.  

1.3 Study Focus  

Accordingly, this study aims to address the unexplored and timely gap in understanding how 

the diffusion of AAI technologies creates new configurations of human-AI interactions in 

knowledge work. The following research question guides the study: 

How do knowledge workers interact with Agentic AI to achieve work-related goals? 

To answer this question, we employ a qualitative single-case research design, studying 

AgentCo: a startup that has built an AAI-powered web browser to empower knowledge 

workers through its agentic browsing capabilities. Through 22 semi-structured interviews 

with knowledge workers who use AgentCo’s AAI tool across diverse professional contexts – 

including, e.g., consulting, marketing, sales, and engineering – we explore how these 

professionals interact with AAI to achieve their work-related goals. Using Affordance Theory 

(Gibson, 1979) as a theoretical lens, we examine how knowledge workers’ interactions with 

the unique technological features of AgentCo’s AAI tool enable or constrain potential actions 

aimed at achieving particular work-related goals (Majchrzak & Markus, 2012).  

1.4 Purpose & Expected Contribution 

This study aims to make two primary contributions. First, we strive to provide empirical 

insights into an emerging and under-researched phenomenon, offering one of the first 

empirical investigations of AAI use in knowledge work contexts (Leonardi, 2023). Second, 

recognizing that the action possibilities of technology use are situated and relational 

(Leonardi, 2011; Majchrzak & Markus, 2012), we aim to contribute to the understanding of 

how situated relationships between AAI technologies and humans enable or constrain 

goal-oriented actions in knowledge work. In doing so, we aim to offer guidance to technology 

designers and users of AAI on how to facilitate better use of these novel technologies 

(Volkoff & Strong, 2017). 
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2.​ Theory  

This chapter reviews prior literature on knowledge workers’ interactions with earlier 

generations of AI technologies, then examines how Agentic AI differs through its novel 

technological features (2.1). Drawing on this literature, we identify a key research gap (2.2) 

before introducing the theoretical lens that guides our study (2.3). 

2.1 Literature Review 

2.1.1 AI in Knowledge Work  

Advances in Artificial Intelligence (AI) have enabled algorithmic technologies to perform 

cognitive tasks once exclusive to skilled professionals (Loscher & Bader, 2022). Faraj et al. 

(2018) define these systems as emerging technologies that use machine learning to produce 

analyses and predictions that “resemble those of a knowledge worker“ (p.1) – implying that 

the line between machine and human capabilities is blurring (Berente et al., 2021). 

Knowledge workers are individuals who think for a living (Drucker, 1957) and whose 

primary professional purpose revolves around the “creation, distribution, or application of 

knowledge“ (Davenport, 2005, p.9). Contemporary AI has been closely linked to knowledge 

work through its role as an epistemic technology, or “tools that play a key part in the ongoing 

construction of knowledge“ (Anthony, 2018, p. 661). While knowledge workers have long 

used algorithmic tools in their work, recent AI advances have significantly expanded the 

range of tasks these systems can perform (Allen & Choudhury, 2021). Understanding how 

knowledge workers interact with systems capable of resembling their own work has therefore 

become a critical focus for scholars examining the future of expertise, professional authority, 

and organizing (e.g., Kim et al., 2025; Pakarinen & Huising, 2023; Dell’Acqua et al., 2023; 

van den Broek, 2025; Anthony, 2018). 

 

AI technologies, unlike previous technological advancements, are argued to present new 

threats to knowledge workers’ authority by emulating and challenging their expertise 

(Pakarinen & Huising, 2023). It is not uncommon to portray AI as systems capable of 

producing knowledge autonomously and to claim they can exceed human expertise by 

learning from datasets (Agrawal et al., 2022; Domingos, 2015). For the first time, roles that 

depend on cognitive skills are seen as vulnerable to being replaced by AI (Brynjolfsson & 

McAfee, 2014). However, recent scholars have offered alternative perspectives to these 

4 



claims. Pakarinen and Huising (2023) argue that those who view AI as a direct threat to 

workers’ authority employ an overly substantialist view of expertise as an “intellectual 

possession“ (p.2054) separate from its surrounding context. Exploring the situated relational 

practices through which knowledge is created, these scholars suggest that AI will become 

integrated into the network of interactions that shape knowledge rather than replace it 

(Pakarinen & Huising, 2023). Pettersen (2019) focuses, instead, on the problems in which 

professional knowledge is applied, positing that “a great deal of knowledge work concerns 

highly complex problem solving and must be understood in contextual, social and relational 

terms“ (p.1) – suggesting knowledge work constitutes less generic characteristics, making it 

difficult for AI to replace. Faraj et al. (2018) offer another pragmatic view of the issue, 

suggesting that when human knowledge claims prove inferior to those of algorithms, these 

workers’ attention will likely be redirected towards supervising, using, and improving 

algorithms.  

 

Notwithstanding the ongoing debate on AI’s potential to erode knowledge workers’ expertise, 

these technologies are inevitably integrated across a broad range of knowledge-intensive 

contexts. For example, human resources (HR) professionals use analytical AI to assist with 

CV screening (Kaplan & Haenlein, 2019); loan consultants use predictive AI to establish loan 

terms (Strich et al., 2021); and radiologists take help from recognition algorithms to detect 

heart and lung diseases (Mukherjee, 2017). These instances all relate to decision-making that 

was previously grounded solely in knowledge workers’ expertise, suggesting that AI should 

not be understood merely as a tool but as an active participant in redefining the nature of 

knowledge workers’ expertise and introducing new challenges for professions to confront 

(Faraj et al., 2018).  

 

Multiple studies highlight challenges of integrating AI technologies in knowledge work, 

frequently attributing these to differences in the making and evaluation of claims between 

algorithms and experts (Van den Broek et al., 2021; Pachidi et al., 2020). A recent paper by 

Kim et al. (2025, p.1) contrasts “situated“ and “algorithmic“ modes of knowledge work, 

positing that experts leverage intuition and embodied skill in relation to a specific contextual 

challenge to produce knowledge. In contrast, algorithms follow predefined processes to do so 

(Kim et al., 2025). Since AI algorithms are unable to tailor their suggestions to tacit 

knowledge accessible only through interactions with stakeholders in situated contexts, they 

often struggle to produce outputs that workers understand and feel motivated to use 
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(Pakarinen & Huising, 2023). This issue has directed scholarly attention to the emergence of 

new routines and roles as knowledge workers increasingly encounter algorithmic knowledge 

claims at work (Anthony, 2018; Waardenburg et al., 2022; Lebovitz et al., 2022). For 

example, Kellogg et al. (2019) introduced the term “algorithmic brokerage,“ which was later 

explored in a study on the implementation of learning algorithms in policing, where certain 

employees moved from being messengers to interpreters and, finally, to curators of 

algorithmic outputs (Waardenburg et al., 2022). However, the challenges of implementing AI 

in knowledge work extend beyond differences in the making and evaluation of knowledge 

claims. Dell’Acqua et al. (2023) explored the use of AI technologies by consultants, finding 

that the models’ performance varies dramatically and unpredictably across seemingly 

comparable tasks, creating what the authors refer to as the “jagged Frontier“ of AI. 

Therefore, the benefits of AI technologies, albeit significant, are not immediately evident to 

their users, suggesting it may be challenging for knowledge workers to discern appropriate 

contexts for AI deployment (Dell’Acqua, 2023).  

 

To extend and maintain expertise, knowledge workers have long been assumed to engage in 

questioning of technological output (Knorr Cetina, 1999). However, unlike traditional 

technologies, whose logic can be unpacked, the reasoning process behind AI algorithms is 

opaque, yielding algorithmic outputs that are inscrutable to their users (Faraj et al., 2018; 

Anthony, 2021). Contemporary AI technologies are therefore often characterized as “black 

box“ technologies (Christin 2020; Anthony et al., 2023). The issues with black box 

technologies become pronounced when knowledge workers need to understand and defend 

knowledge claims made by algorithmic technologies (Anthony, 2021). Lebovitz et al. (2022) 

examined how these workers engage in interrogation practices – by “relat[ing] their own 

knowledge claims to AI’s knowledge claims“ (p. 139) – to address the opacity of output 

produced by AI technologies. Pakarinen and Huising (2023) further argue that, since 

knowledge workers remain accountable for the use of algorithmic outcomes, they must also 

be able to explain and verify their claims – a challenge exaggerated by the “lack of 

explainability in AI technologies“ (p.2069). To this point, Lebovitz et al. (2022) found that 

radiologists bearing diagnostic accountability are inclined to dismiss algorithmic knowledge 

claims when they cannot interrogate the reasoning behind them.  

 

In understanding the consequences of black-boxed technologies, Anthony (2021) investigated 

how bankers assembled and interpreted data using algorithmic technologies. The author 
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found that, in groups where junior bankers assembled analyses and seniors interpreted them, 

both junior and senior bankers were inclined to rely on algorithmic outputs without 

understanding their underlying logic, leading to inconsistent knowledge outputs and 

constrained junior bankers’ knowledge development (Anthony, 2021).  

 

Knowledge can be understood as socially constructed through relational practices; however, 

AI technologies are increasingly embedded within these practices as active participants 

(Pakarinen & Huising, 2023). This raises questions about the role of these technologies in 

shaping knowledge work. Newell (2015) addresses this through the concept of “material 

agency“ (p.9) – the capacity of technologies to influence human behavior and work practices. 

By acknowledging that AI possesses material agency, we, in line with Newell (2015), argue 

for recognizing the role of material properties themselves in knowledge work. While prior 

literature offers valuable insights into the effects of the material properties of earlier 

generations’ technologies (e.g., Faraj et al., 2018; Waardenburg et al., 2022), these may be 

less applicable to newer generations. The most recent development in AI, Agentic Artificial 

Intelligence (AAI), constitutes a qualitative leap from previous generations of AI (Acharya et 

al., 2025) towards advanced autonomous agents (Krakowski, 2025). Empirical evidence on 

the implications of AAI in knowledge work remains nascent. The following section examines 

AAI’s distinctive technological properties and how they differ from previous AI generations. 

2.1.2 Agentic AI: A New Frontier 

The development of AI has undergone two fundamental shifts in recent years. First, the 

emergence of Generative AI (GenAI) systems such as ChatGPT, capable of generating 

content from natural language (Brynolfsson et al., 2023). Unlike predictive AI, which 

identifies patterns, GenAI enables the generation of text, images, and code, altering how 

knowledge workers interact with algorithms (Krakowski, 2025; Dell’Acqua, 2023). Second, 

the emergence of Agentic Artificial Intelligence (AAI), defined as “AI systems that can 

pursue complex goals with limited direct supervision“ (Shavit et al., 2023, p.1). This 

definition captures the fundamental departure from earlier technologies, as it “doesn’t just 

generate insights – it takes action“ (Bornet et al., 2025, p.16). The combination of reasoning 

power from Large Language Models (LLMs) with unique technological architectures enables 

AAI to take performative action in increasingly complex environments1 (Bornet et al., 2025; 

1 See Appendix A for a detailed comparison of traditional AI and AAI capabilities 
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Bousetouane, 2025). Synthesising the nascent literature on AAI, we identify four material 

properties or features that distinguish AAI from previous algorithmic technologies. 

First, autonomous action-taking that enables real-world execution through tool use and API 

calls (Bornet et al., 2025; Bousetouane, 2025). For example, when giving an agent the prompt 

’send a message to my team on Slack. Open the Slack app and then click new message,’ an 

LLM can digest and understand the required sequence as it has been trained on countless 

similar instances (Bornet et al., 2025). This understanding is then translated into actual use of 

tools, such as calling the Slack API to send the message. Second, AAI is capable of 

autonomous reasoning that enables decision-making under uncertainty by breaking complex 

tasks into sequential sub-tasks and adapting without human intervention (Acharya et al., 

2025; Bousetouane, 2025). Third, multi-agent coordination facilitates collaboration between 

specialized agents through agentic orchestration layers, enabling the completion of 

increasingly complex tasks (Acharya et al., 2025). Bornet et al. (2025) invite us to think 

about this feature as an orchestra, where “each musician plays a different instrument, 

following their own sheet music, yet together, they create a harmonious performance“ (p.91). 

Instead of having a single system handle everything, we can direct subtasks to specialised 

agents. Lastly, persistent memory allows AAI systems to store historical interactions, user 

preferences, and domain-specific knowledge across contexts (Bornet et al., 2025). Contrary 

to current GenAI systems that require users to re-enter context continuously, AAI builds on 

previous interactions and retains contextual understanding over time (Bornet et al., 2025).  

 

While agentic systems capable of independently interacting in dynamic environments have 

existed for years, they have traditionally required rule-based programming or precise training 

of machine-learning models, limiting their practical applicability for more complex 

problem-solving (Yee et al., 2024). Lyytinen et al. (2021) argue that the autonomy of earlier 

AI technologies was controlled by humans, where tasks were carried out according to how 

humans programmed the systems (Berente et al., 2021). However, scholars are increasingly 

recognizing the agentic nature of IS technologies and their ability to perform tasks without 

human direction (Baird & Maruping, 2021; Leonardi, 2023). A recent paper by Leonardi 

(2025, p.2) conceptualizes these dynamics as “agency loops,“ in which the “responsibility 

for action circulates among human and non-human actors,“ rather than being simply 

delegated to technologies. Leonardi (2023) argues that as AI becomes increasingly capable of 

acting and adapting without human intervention, changes in work will depend on how agency 

is configured between humans and AI within their organizational context, in ways that enable 
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and constrain action. Berente et al. (2021) similarly state, “the intersection between humans 

and autonomous AI is perhaps the key managerial issue of our time“ (p.1440).  

2.2 Synthesis and Research Gap 

Prior research on AI in knowledge work demonstrates how professionals interact with 

material properties of previous generations of AI technologies (e.g., inscrutability; Faraj et 

al., 2018) by engaging in translation (Waardenburg et al., 2022), interrogation (Lebovitz et 

al., 2022), and interpretation (Anthony, 2021) of algorithmic knowledge claims. These 

interactions are all part of the situated practices through which knowledge is generated 

alongside technologies (Pakarinen & Huising, 2023). Although these studies offer valuable 

empirical and theoretical insights into how knowledge workers interact with AI technologies, 

they predominantly focus on earlier generations of AI that generate predictions and other 

outputs for users to engage with. The introduction of AAI represents a fundamental shift 

towards increasingly autonomous agents (Krakowski, 2025), capable of acting independently 

without human intervention (Bornet et al., 2025). Despite initial conceptual interest in AAI, 

empirical research examining how knowledge workers interact with these systems in their 

everyday work remains, to the best of our knowledge, limited. Building on recent calls for 

empirical research on how workers interact with autonomous AI technologies (Berente et al., 

2021; Leonardi, 2025, 2023), and to consider the role of technologies themselves in 

knowledge work (Newell, 2015), this study investigates how interactions with the distinctive 

material features of AAI technologies enable and constrain knowledge workers’ ability to 

achieve work-related goals, using Affordance Theory (Gibson, 1979) as a theoretical lens. 

2.3 Theoretical Lens: Affordance Theory  

To analyze how knowledge workers’ interaction with AAI’s material properties shapes work 

practices, we draw on Affordance Theory (Gibson, 1979) as our primary theoretical lens. 

James J. Gibson initially formulated the Affordance Theory to explain how and why animals 

utilize their environment in specific ways, based on the proposition that “what the object 

affords us is what we normally pay attention to“ (Gibson, 1979, p. 134). The concept has 

since been adopted in IS research to explain how people interact with new technologies 

(Hutchby, 2001). In this context, affordances have commonly been understood as action 

possibilities provided by technologies to goal-oriented actors (Strong et al., 2014; Markus & 

Silver, 2008; Zammuto et al., 2007). This definition stipulates several critical aspects. First, 
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affordances should be viewed as relational concepts, in that they exist neither as inherent 

properties of technology nor as attributes of individual users, but rather emerge from the 

relationship between users and the technological artefact (Leonardi, 2011). Second, 

affordances are inherently tied to the goals and purposes of actors, as the same technology 

may afford different action possibilities to other users depending on their objectives 

(Leonardi, 2011). Therefore, Affordance Theory provides a middle ground between 

technological determinism and social constructivism, allowing us to be specific about the 

technological features of technologies while recognizing that their effects depend on 

relational dynamics with users and contextual elements (Volkoff & Strong, 2017; Hutchby, 

2001; Leonardi & Barley, 2010). 

 

Since the use of Affordance Theory has gained traction in IS research, several explorations 

and extensions of the theoretical lens have been made. In their study on the implementation 

and use of electronic health care records (EHR) in hospitals, Strong et al. (2014), for 

example, made the distinction between affordances as “potentials for action“ (p.54) and their 

actualization: “actions taken by individuals to realize those potentials“ (p.54). This 

distinction naturally raises ontological questions about whether affordances must be 

perceived to exist, to which Volkoff and Strong (2013) argue, from a critical realist 

perspective, that affordances might exist without users being aware of them. However, 

perception influences the likelihood of their actualization. Their study resulted in a mid-range 

theory explaining IT-associated organizational change, through what the authors broadly label 

as the Affordance-Actualization (AA) lens (Volkoff & Strong, 2013). This theoretical lens has 

since been applied to the study of organizational implementation and individual adoption of 

technologies such as blockchain (Du et al., 2018) and EHRs (Burton-Jones & Volkoff, 2017).  

 

Another contemporary development is Majchrzak & Markus’ (2012) Technology 

Affordances and Constraints Theory (TACT), which extends beyond what technologies 

afford their users also to include explicit attention to their constraints, referring to “ways in 

which an individual or organization can be held back from accomplishing a particular goal 

when using a technology or system“ (p.1). TACT has since been increasingly applied to 

studies of technology use across a wide range of industries. Yang et al. (2024b), for example, 

applied TACT to study the use of AI in accounting, revealing both efficiency-related 

affordances – through enabling the allocation of resources for higher-order tasks – and 

job-security-related constraints through task displacement. 
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The Affordance Theory (Gibson, 1979) offers a valuable theoretical lens for studying our 

research question for several reasons. First, it focuses on interactions and the use of 

technologies rather than mere adoption or acceptance, aligning with this study’s interest in 

how knowledge workers interact with AAI. Second, it allows us to take a socio-technical 

perspective by acknowledging the material agency of AAI technologies while avoiding 

technological determinism, and by recognizing how the interplay among social, contextual, 

and technological factors actively shapes work practices (Volkoff & Strong, 2017). Third, it 

centers goal-oriented action, directing attention to what knowledge workers are trying to 

accomplish rather than simply cataloguing AI features. Finally, the affordance lens offers 

practical value by revealing how technology features interact with user capabilities to enable 

or constrain action (Majchrzak & Markus, 2012). This understanding can inform better 

technology design, more effective implementation strategies, and targeted support for users in 

actualizing desired affordances (Volkoff & Strong, 2017).  
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3.​ Methodology 
This chapter aims to guide the reader through the methodological approach adopted. This 

includes presenting the research approach and design (3.1), the research process and data 

collection (3.2), the method for data analysis (3.3), and concluding with a discussion of the 

research quality (3.4). 

3.1 Research Design and Approach 

3.1.1 Scientific Research Approach 

This study adopts a critical realist ontology, in line with previous Affordance Theory scholars 

(e.g., Gibson, 1979; Volkoff & Strong, 2013), and recognizes that affordances and constraints 

are relational constructs that emerge from humans’ interactions with the material properties 

of technologies (Leonardi, 2011). This view acknowledges that affordances and constraints 

are neither inherent properties of the technology nor purely social constructs. Therefore, 

rejecting the two extreme views of technological determinism (Woodward, 1958) and social 

constructivism (Orlikowski, 2000). Given that this research examines how knowledge 

workers perceive and actualize the affordances and constraints through interaction with AAI 

in their work practices, we employ an interpretivist epistemology to understand this 

phenomenon. While affordances must not be perceived by users to be actualized, perception 

may increase their likelihood (Volkoff & Strong, 2017), and understanding this process 

requires examining how users subjectively experience, make sense of, and respond to the 

technology’s action possibilities. 

 

The research is exploratory and phenomenon-driven (Eisenhardt & Graebner, 2007), 

reflecting the nascent state of AAI in knowledge work. Rather than testing predefined 

hypotheses, the study seeks to uncover emergent patterns in how knowledge workers interact 

with AAI technology and in what influences the actualization of affordances (Strong et al., 

2014), thereby supporting the attainment of knowledge workers’ work-related goals. In line 

with the interpretivist perspective, this study adopts a qualitative approach to answer our 

research question, aligning with Yin’s (2003) arguments for its relevance when examining 

themes in ambiguous and unexplored fields. We posit that the exploratory nature of our 

research question is best answered with qualitative data (Walsham, 2006).  
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Further, an abductive research approach was adopted, in which the authors alternated 

between empirical data, theory, and design choices throughout the study (Bell et al., 2022). 

Consistent with this abductive logic, the study employed an emergent research design 

(Lincoln & Guba, 1985), in which the semi-structured interview guide was iteratively refined 

as new empirical insights emerged. This iterative process allowed for ongoing reflection as 

new empirical insights emerged from the interviews (Dubois & Gadde, 2002). Through this 

approach, the Affordance lens was progressively refined to capture the emerging dynamics of 

knowledge workers’ perceptions of action possibilities (i.e., affordances) and the conditions 

for their actualization.  

3.1.2 Research Case  

The authors of this study chose to conduct a single case study to uncover the focal 

phenomenon of knowledge workers’ interactions with AAI. Since the affordance lens 

concerns action possibilities (i.e., affordances) that emerge from interactions between humans 

and technology, a case study enables deeper insights into this relationship by examining 

actual user experiences and perceptions when using the focal technology. This method has 

previously been adopted by IS scholars studying interactions with other technologies through 

an Affordance lens (e.g., EHR technologies; Strong et al., 2014). 

 

The focal case company, hereinafter referred to as “AgentCo“ to maintain confidentiality, is a 

technology startup licencing an AAI-powered web browser for knowledge workers to use 

(see section 4.1.1 for a rich case description). While AgentCo serves as the case company for 

our research, this study focuses on the use of AgentCo’s AAI tool rather than investigating 

AgentCo as a company. Hence, each interview is treated as an individual case unit, as our 

theoretical interest lies in how individual knowledge workers interact with AAI in their 

situated contexts. This approach increases variation in our findings and allows us to observe a 

diverse range of knowledge workers engaging with the same AAI tool (i.e., AgentCo’s), 

thereby capturing individual experiences across different professional contexts, experience 

levels, and use cases. While we capture how organizational factors (e.g., AI policies, ways of 

working) shape individual knowledge workers’ AAI use, this study does not explicitly focus 

on organizational dynamics – neither within AgentCo itself nor within the knowledge 

workers’ respective organizations. 
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The selection of AgentCo as the case company and the decision to study the use of AgentCo’s 

AAI tool were based on two primary considerations. First, one author of this study was 

employed at the company, providing exclusive access to interview subjects (i.e., users of 

AgentCo) and deep product knowledge essential for understanding the complexities of users’ 

interactions with AAI’s technological features. Second, AgentCo’s user base comprises 

individual knowledge workers across diverse industries and organizational contexts, 

providing insights into the focal phenomenon of knowledge workers’ interactions with AAI. 

While selecting AgentCo as our case company could introduce certain biases due to one of 

the researchers being an employee at the company, we deem this risk manageable, as the unit 

of analysis is individual knowledge workers using AgentCo’s AAI tool (i.e., customers) 

rather than other employees at the case company. However, a further discussion on the 

mitigation strategies adopted is presented in section 3.4.1. 

3.1.3 Research Process 

This study employs an abductive research approach using thematic analysis (Braun & Clarke, 

2006) and an emergent research design (Lincoln & Guba, 1985), moving back and forth 

between empirical data collection, data analysis, and engagement with existing theory. The 

research process is divided into two phases (see Figure 1).  

 

 

Figure 1. Visual Overview of Research Process 
 

The first research phase is guided by the authors’ general interest in the focal phenomenon 

(i.e., knowledge workers’ interaction with AAI), coupled with initial theoretical familiarity 
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with extant literature on the use of algorithmic technologies in knowledge work. In line with 

systematic combining principles (Dubois & Gadde, 2002), an interview guide was revised 

iteratively to probe more deeply into emergent themes and inform the sampling of 

interviewees. Accordingly, the second phase progressed with an increasing theoretical focus 

on Affordance theory, specifically on matching empirical themes with emerging theoretical 

discoveries. Arguments for data collection choices will follow in the next section. 

3.2 Data Collection  

3.2.1 Phase I 

The first phase was informed by our initial interest and theoretical grounding in the focal 

phenomenon (i.e., knowledge workers’ interaction with AAI), leading to the formulation of 

an open-ended research question and an initial interview guide (see Appendix B) for the first 

set of interviews. Using purposive sampling (Lincoln & Guba, 1985), these semi-structured 

interviews were conducted between August and September 2025 with 10 knowledge workers 

with varying experience using AgentCo’s AAI tool (see Table 1). These interviews revealed 

insights into knowledge workers’ use of AAI technologies. Of particular interest were 

mentions of how the use of AAI either helped or hindered users in their work. These insights 

informed our choice of theoretical lens (i.e., Affordance Theory). Further, aligning with the 

propositions of systematic combining (Dubois & Gadde, 2002), these insights informed 

revisions to the interview guide (see Appendix C), as well as the theoretical sampling for the 

second phase to provide deeper insights in line with the more developed theoretical lens.  

 

 

 

 

 

 

 

 

 

 

Table 1. Interview Sample: Phase I  
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3.2.2 Phase II 

The second phase of data collection was conducted between October and November 2025 

and comprised 11 additional semi-structured interviews with knowledge workers using 

AgentCo’s AAI tool (see Table 2). From the first phase, we found that power users (i.e., 

knowledge workers with extensive experience using the tool) were better positioned than 

novice users to articulate nuanced accounts of interactions with AAI. Therefore, theoretical 

sampling (Glaser & Strauss,1967) was employed to purposefully select participants who were 

power users. This sampling decision was theoretically motivated by emerging themes on 

factors that impact the actualization of action possibilities (i.e., affordances) through users’ 

interactions with AgentCo’s AAI tool, rather than mere perceptions of affordances and 

constraints. While novice users can identify perceived affordances, power users can speak to 

the conditions under which affordances are successfully actualized – an emerging theoretical 

theme in our study. This approach aligns with previous Affordance lens scholars’ emphasis 

on studying affordance actualization in practice (Strong et al., 2014), which requires 

observing users who have sufficient experience to move beyond surface-level interactions.  

 

 

 

 

 

 

 

 

 

 

 

Table 2. Interview Sample: Phase II 

 
As one of the researchers was employed at the company, they had already established contact 

with these users, allowing us to schedule interviews directly with them. Similar to phase I, 

these interviews aimed to uncover insights into how the use of AgentCo’s AAI tool enabled 

or hindered knowledge workers in their professions, but with a deeper theoretical grounding 

using affordance theory. After completing the 22nd interview across the two phases, no 
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further interviews were scheduled, as no new theoretical themes or anomalous insights 

emerged. The final empirical material amounted to 22 interviews (13 hours and 31 minutes of 

interview recordings) and 154 pages of interview transcriptions. While certain participants 

(e.g., B10, B5) appear more frequently in quoted material, this reflects their articulateness in 

describing phenomena rather than unique perspectives. All identified themes were 

corroborated across multiple interviews; we selected quotes that most clearly exemplified 

shared patterns. 

3.2.3 Interview process 

All interviews were conducted online via Google Meet to accommodate interviewees who 

were not located in Sweden or otherwise busy. Despite video interviews being viewed as a 

viable means of generating qualitative data and not inherently flawed compared to physical 

interviews (Deakin & Wakefield, 2013), we still acknowledge some shortcomings in 

connecting with the interview subject. Therefore, all interviews were led by one researcher, 

and the other engaged in note-taking and recording non-verbal cues such as body language 

and facial expressions (Bell et al., 2022). Further, in line with what is commonly referred to 

as ’typical’ ethical practices in qualitative research (Bell & Thorpe, 2013), we deliberately 

ensured that informed consent was obtained for interview recordings. We deleted video 

recordings and transcriptions after completing the thesis project. 

 

An interview guide guided the interviews, developed in conjunction with theory and 

emerging themes identified during the research process and across the two phases of data 

collection (see Appendices B & C). However, a level of flexibility was also maintained 

during interviews to accommodate interesting divergences from the intended script. Given the 

exploratory nature of the research question and the open-ended nature of the interview guide 

inquiries, this level of flexibility is deemed essential (Alvesson & Sandberg, 2011). All 

interviews followed the same general sequence: 1) building rapport by informing participants 

about the purpose of the study and data privacy measures, 2) inquiries for information about 

background, common workflows, and goals, 3) understanding user motivation for using AAI 

technologies, and 4) interactions with AAI technologies, including what works well and what 

does not work well.  

 

We intentionally refrained from using explicit terms associated with our theoretical lens (i.e., 

the Affordance lens) and instead used conversational terms that were easier to understand. 
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For example, instead of terms such as ’affordances’ and ’constraints’, discussions revolved 

around ’enable’ and ’hinder’. This rule of thumb was applied across both interview phases, as 

conversational language remained beneficial even as theoretical themes began to emerge. 

3.3 Data Analysis 

Data analysis was conducted in parallel with data collection to allow emerging insights to 

inform subsequent interviews. Interviews were transcribed using different online transcription 

tools from Sales Kong, Granola, and Sana. To ensure transcription quality, we reviewed 

recordings within 48 hours of each interview. Following a thematic analysis approach, which 

aims to uncover patterns and themes in data rather than imposing preconceived ideas, the data 

analysis was guided by Braun and Clarke’s (2006) six-phase approach. This method was 

selected for its theoretical flexibility and compatibility with the study’s abductive logic, 

which iterates between theoretical frameworks and empirical data to generate the most 

plausible explanations for observed phenomena. The data analysis followed a recursive 

process, with flexible movement between phases as understanding deepened. Further, data 

from both data collection phases (see section 3.2) were analysed following this process.  

 

After the interviews were transcribed, each was read in its entirety by both researchers to 

develop an intimate understanding of participants’ experiences with AgentCo’s AAI. This 

immersive engagement and familiarization with the data allowed us to identify initial 

patterns, surprising findings, and potential areas for theoretical exploration. 

 

The initial coding process employed an abductive approach. We began with open coding to 

identify broad categories and uncover interactions between knowledge workers and the AAI 

technology, capturing participants’ own language and experiences while remaining attentive 

to patterns that might relate to our theoretical framework. As our understanding deepened, the 

coding became more focused and selective. Guided by Affordance Theory, we developed 

codes for users’ goals, the specific technological features, and the interactions between them. 

We then systematically coded for how AgentCo’s AAI tool enabled or hindered knowledge 

workers in their work environment. Throughout this progression, we maintained the 

flexibility to develop new codes when unexpected or anomalous patterns emerged, ensuring 

the analysis remained responsive to the data while remaining theoretically informed. 
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After the initial coding of interviews, we systematically examined both theory-informed and 

emergent codes to identify broader patterns. Related codes were collated and grouped into 

themes through an interpretive process that constructed higher-level explanations of how 

AgentCo’s AAI tool affords or constrains knowledge workers in their pursuit of work-related 

goals. In addition, a set of contextual factors emerged as anomalous patterns and hence were 

transferred into themes. Themes were refined, split, merged, or discarded based on their 

analytical strength and ability to address the research questions. This phase involved iterative 

movement between data, codes, and the theoretical constructs. Throughout this process, 

continuous refinement was made to ensure themes were explanatory towards the affordances 

and constraints related to knowledge workers’ interactions with AgentCo’s AAI tool. 

 

The final analysis is presented as an integrated narrative that weaves together analytical 

interpretation with quotes, demonstrating how identified themes illuminate the affordances, 

constraints, and actualization processes of AAI for knowledge workers. The write-up 

highlights both confirmatory findings (patterns explained by existing theory) and novel 

insights (patterns that extended or challenged existing theory). Figure 2 presents an excerpt of 

the analytical coding progression that shows how raw transcript data were turned into 

first-order codes, grouped into second-order codes, and finally synthesized into overarching 

themes grounded in Affordance Theory.2 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Coding and Data Analysis Excerpt 

2 see Appendix D for summary of all the affordance and constraints themes found as a result of the data analysis. 
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3.4 Quality of Research and Ethical Considerations 

To allow theoretical and practical contributions to have a substantial impact, a study must 

exhibit high authenticity and trustworthiness (Merriam & Tisdell, 2016). Drawing on the 

components of trustworthiness in qualitative research outlined by Lincoln & Guba (1985), 

this section discusses the quality of this study.  

3.4.1 Discussion on Quality 

Research credibility is the naturalistic counterpart to internal validity and concerns the degree 

of congruence between research findings and reality (Lincoln & Guba, 1985). To promote 

credibility, we first adopted triangulation to corroborate findings by engaging multiple 

researchers to investigate them (Merriam & Tisdell, 2016). Second, and related, also, to the 

confirmability of the study – the extent to which findings are grounded in data rather than 

derived from theoretical inclinations or personal values (Lincoln & Guba, 1985) – one of the 

researcher’s roles as an employee at AgentCo could, if not handled accordingly, introduce a 

social desirability bias (Lincoln & Guba, 1985). This dynamic could be dyadic, in which the 

researcher affiliated with the case company seeks to be perceived in a certain way by users, 

and vice versa. To combat this potential bias we: (1) explicitly clarified at the start of each 

interview that the research was academic in nature and that their responses would be 

anonymized and not shared with AgentCo in an identifiable form,  and (2) made sure that the 

researcher not affiliated with the case company conducted the interviews, while the affiliated 

researcher took on an observer role and filled in when necessary. 

 

Transferability is instead concerned with the external validity, thereby the applicability of 

findings to contexts beyond the focal setting of the thesis (i.e., the case organization and the 

interviewees) (Lincoln & Guba, 1985). To address concerns about the single-case study’s 

transferability (Bell et al., 2022), we constructed a rich description of AgentCo (see section 

4.1.1), thereby enabling peers to effectively judge the transferability of the generated findings 

(Yin, 2003; Bell et al., 2022).  Referring to the consistency of findings and the replicability of 

the study’s results under similar conditions, dependability is a critical aspect for upholding 

trustworthiness in qualitative research (Bell et al., 2022). To ensure consistency in findings, 

we first adopted an auditing approach (Lincoln & Guba, 1985) by providing detailed 

descriptions of the research process. Second, the support and sequential deadlines offered by 

our supervisors are argued to serve as an inquiry audit (Lincoln & Guba, 1985). 
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4.​ Findings  
This chapter presents our empirical findings. Drawing on the Affordance Theory, our findings 

are organized around themes emerging from interviewees’ descriptions of how AgentCo 

enables and/or hinders their attainment of work-related goals. Accordingly, we first account 

for the case context (4.1), offering a deeper description of the case company (i.e., AgentCo), 

knowledge workers’ goals for using the tool, and AgentCo’s unique technological features. 

Second, we present five action possibilities (i.e., affordances) enabled at the intersection of 

users’ goals and AgenCo’s technological features (4.2). Third, an overview of four 

constraints that prohibit goal attainment is presented (4.3). Lastly, we present three 

contextual factors that emerged, affecting the likelihood of affordances being actualized (4.4).  

4.1 Case Context 

4.1.1 The Case Company: AgentCo 

AgentCo is a newly founded startup operating in the application layer of AAI. AgentCo 

integrates the computing power of open-source LLMs to build its own AAI tool available to 

its users. Founded in 2024, it extends AAI capabilities beyond traditional chatbot interfaces, 

with an interconnected backend and direct integration into a web browser environment, 

enabling web-based interaction and workflow automation. AgentCo’s product targets 

knowledge workers who already do most of their work in a browser, applying AAI within 

users’ existing work environment. It enables them to deploy autonomous agents capable of 

browsing the internet, navigating websites, interacting with web interfaces, and executing 

multi-step workflows across digital platforms – all initiated by natural-language prompts (see 

Appendix E for a summary on how AgentCo works). A founder of AgentCo describes it as: 

“making AI automation accessible to everyone in an intuitive way“3 (Company website, 

2025). According to the founders, their vision centers on fundamentally reshaping how digital 

work is performed by seamlessly integrating AAI assistance into current work practices, 

giving knowledge workers a team of AI agents that can automate existing workflows and 

augment their capabilities, making time for higher-value thinking (Company website, 2025). 

However, as AgentCo is built on both browser and LLM foundations, users can leverage 

standard browsing capabilities and conversational AI assistance within the tool. The agentic 

3 Quotes and information from the company website has been re-written to maintain anonymity 
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capabilities are initiated by natural-language instructions from the user, who maintains 

control over when and how these autonomous agents are deployed. 

 

AgentCo operates in a rapidly evolving market that underwent significant transformation 

before and during our research period, from August to December 2025. The announcement of 

a similar web-integrated AAI (i.e., AI browser) by a major AI technology incumbent in early 

July, alongside similar announcements and product launches from other incumbent actors in 

the months that followed, indicates growing interest in AAI tools such as AgentCo. As shown 

in Figure 3, the Google search volume for the terms “AI agents“ and “AI browser“ has 

increased sharply over the past month, signaling strong public interest in these AAI tools 

(Google Trends, n.d.). 

 

Figure 3: Google Trends – Search Terms: “AI browser“ and “AI agents“ 

4.1.2 User Goals 

Not surprisingly, the interviews reveal a wide range of context-specific goals among 

knowledge workers using AgentCo. This is partly explained by the interview sampling 

decisions and the diverse professional contexts in which the interviewees are situated. 

However, two themes emerged as particularly salient across most interviews. 

 

First, users are concerned with the quality of the information, the accuracy of the output, and 

the actions taken by AgentCo. For some, quality was defined as producing accurate output 

(e.g., from credible sources). In contrast, for others, it was all about creating novel and 

well-polished information, as B4, a strategy analyst, pointed out:  
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“I think the quality of the information is the most important thing. Synthesizing 

the information in a coherent way.“ – B4 

 

Second, users were keen on getting more done in less time. It was common in our pool of 

interviewees to refer to this as “speed“, namely, minimising time in executing work to free 

up time for other tasks. B10, a software engineer, expressed this as:  

 

“Speed of execution is very important. You want to complete as much as 

possible in as little time as possible. It frees up your capability to do other 

things.“ – B10 

 

We label these two user goals as “ensure quality of work“ and “increase productivity“. The 

dynamic interaction between these user goals and AgentCo’s technological properties (see 

section 4.1.3) serves as a set of components that interactively shape the affordances and 

constraints that emerge throughout the remainder of this findings chapter. 

4.1.3 AAI Features 

Although nascent, the existing literature on AAI reveals four primary features that distinguish 

this new set of technologies from previous generations of AI technologies (see section 2.1.2 

for a detailed overview). Our findings reveal explicit and implicit mentions of all four 

features in knowledge workers’ use of AgentCo’s AAI tool. A14, a product manager, for 

example, mentioned: 

 

“I love the fact that it does the whole breakdown. Like the multiseries agents 

almost doing research independently.“ – A14 

 

This quote highlights the autonomous reasoning and multi-agent coordination features of 

AAI. Specifically, the words “breakdown“ and “multiseries agents“ speak to AgentCo’s 

ability to plan its execution autonomously by breaking a problem into components (i.e., 

autonomous reasoning) and to autonomously coordinate multiple agents to collectively work 

on a task (i.e., multi-agent coordination). 
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Further, B5, a marketing consultant, articulated the persistent memory feature, highlighting 

that AgentCo can store memories at the agent level, enabling users to leverage specific 

agentic memories (e.g., instructions, information, and prompts) across different contexts and 

workflows. 

 

“Because you can have an agent that serves the memory, and then the agent 

itself goes out and uses different LLMs.“ – B5 

 

One of the most persistently mentioned technological features of AgentCo’s AAI tool is the 

autonomous action-taking (Bornet et al., 2025; Bousetouane, 2025). A10, a strategy 

consultant, put it simply: “because it’s read and write“ (A10), highlighting AgentCo’s ability 

to perform actions rather than only providing text- or image-based output commonly seen in 

GenAI.  

 

However, a fifth distinctive feature of AgentCo emerges as central across interviews. We 

label this feature – autonomous web-based interaction – and describe it as: the ability to 

autonomously access, navigate, and interact with web interfaces, embedding AAI capabilities 

directly into the users’ browser environment. This native access to the browser environment 

allows for direct manipulation of graphical user interfaces (GUIs) via button clicks, data 

extraction, and autonomous web navigation. A10 made an explicit notion of this feature: 

 

“One thing that I really appreciated about [AgentCo] is the fact that it doesn’t 

need APIs, right? Because it works as an attachment to browsers, it goes from 

one app to another“ – A10 

 

Collectively, these five features – autonomous action-taking, multi-agent coordination, 

autonomous web-based interaction, autonomous reasoning, and persistent memory – of 

AgentCo’s AAI tool play a significant role in shaping the action potentials that its users (i.e., 

knowledge workers) can realize in their work. From hereon out, the terms “AgentCo” and 

“AgentCo’s AAI” will be used interchangeably to refer to the use of the AAI tool supplied by 

AgentCo to its users. 
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4.2 AAI Affordances 

The following section outlines the affordances arising from knowledge workers’ interactions 

with AgentCo’s technological features (see Table 3). These affordances account for the 

potential actions made possible to knowledge workers, related to their goals (4.1.2), as they 

interact with the material features of AgentCo (4.1.3).  

 

Table 3. Overview of Affordances 

 

4.2.1 Affordance 1: Automating Workflows 

One of the central promises of AAI is that it enables the delegation of concrete actions to 

agents through autonomous action-taking. AgentCo enables knowledge workers to automate 

workflows by combining the properties of autonomous action-taking through tool calling via 

application programming interfaces (APIs) and autonomous web-based interaction via native 

browser access. Several knowledge workers in our interview sample articulated instances of 

direct delegation and the intention to delegate tasks to AgentCo to automate specific 

workflows. For example, a talent acquisition specialist (A7) and a software engineer (B10) 

mentioned:  
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“What’s nice about it [AgentCo] is that it’s not hindered by a chat window, 

right? Because it’s actually using software to go and do things for me.“ – A7 

“I can do more with less. I can outsource tasks which I think are quite 

mundane.“ – B10 

 

A8, a growth lead, even went so far as automating an outreach workflow to run whilst 

sleeping, highlighting the automation capabilities offered by AgentCo through both 

autonomous reasoning and autonomous action-taking 

 

“I did a lot of outreach with massive outreach campaigns, tons and tons of 

outreach. So I basically had [AgentCo] running 24/7 while I was sleeping.“ – 

A8 

 

Furthermore, a software engineer (B7) used AgentCo to autonomously perform actions 

across multiple applications in a fundraising workflow, suggesting the possibility of 

delegating sequential autonomous actions to AAI. 

 

“I’m using [AgentCo] to find VCs in Sweden. You know, find the leads, contact 

them, and also export them to different tools and apps. For example, if I want 

to export it to Notion“ – B7 

 

Further, many interviewees emphasized the potential to automate workflows directly within 

AgentCo’s web-based browser. For knowledge workers whose primary work environment is 

web-based browsers, autonomous action-taking and autonomous web-based interaction offer 

significant opportunities to automate work. B2, a head of sales in fintech, explained this 

potential:  

 

“It feels like many of the things I’m doing on Chrome could be automated with 

AI“. – B2 

 

AgentCo’s integration of AAI into the browser environment enables execution within 

knowledge workers’ existing workflows, offering significant potential for automation and 
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time savings. A7, a talent acquisition specialist, articulated the potential impact of such 

automations, stating: “This [AgentCo] could cut something like 70% of my workload“ (A7). 

4.2.2 Affordance 2: Extracting Real-Time Web-Based Information 

Another affordance observed in knowledge workers’ use of AgentCo’s AAI is the extraction 

of real-time information from web-based sources. Where previous AI applications, such as 

ChatGPT and Co-Pilot, are bounded by knowledge cutoff points4 AgentCo’s unique 

integration into users’ browsers allows access to real-time web-based information. The core 

AAI features enabling this affordance are autonomous action-taking and web-based 

interactions. Several knowledge workers highlighted this affordance. For example, a 

marketing consultant (B5) and a head of operations (B1) mentioned: 

 

“Real-time access is also a game changer, where I feel like it’s [AgentCo] just 

so much better at finding up-to-date information [than GenAI]“ – B5 

“I feel like it is more current research. It [AgentCo] actually went out and 

looked for the papers [...] it was actually looking for the newest articles and 

didn’t have the cut-off date that common GenAI tools have“. – B1 

 

The distinction between the capabilities of AAI and GenAI was further articulated by B5, 

who explained the extended possibilities to autonomously perform research directly within 

real-time information flows: 

 

“I’ve used it [AgentCo] for scraping social media for clients. And that’s 

something that I think GenAI can’t do because then they would have to move 

through social media pages, clicking, analyzing likes and comments [...] 

real-time information is super important because it changes all the time.“ – B5 

 

 

Beyond accessing current information, AAI’s web-based interaction capabilities 

enable knowledge workers to extract and synthesize information from diverse online 

sources at scale. B5, a marketing consultant, emphasized the value of this extraction 

capability: 

4 An LLM is trained on data up until a certain point in time. For example, if an LLM was trained on data from 
before COVID-19, it cannot provide credible answers about specific events that occurred during the pandemic. 
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“One of my tasks is going through a lot of documents and information, 

and I think for me, the biggest value add where I’m very impressed is that 

it [AgentCo] is scraping so much information and extracting it.“ – B5 

 

This affordance extends to the discovery of novel information-gathering approaches 

that knowledge workers may not have previously considered. B3, a head of 

operations, described how AgentCo autonomously identified an innovative method 

for lead generation by extracting information from privacy notices: 

 

“It [AgentCo] looked into the privacy notice of a company’s page to find 

out what system they [the leads] were using. I had not thought about that 

earlier. So that taught me something new about how you can find leads“ 

– B3 

 

This example illustrates an action possibility enabled through a combination of 

autonomous reasoning, autonomous action-taking, and web-based accessibility. For 

B3, AgentCo was able to both extract real-time data by accessing publicly available 

web data directly in the browser and display agency by reasoning autonomously on 

how to execute the task (i.e., finding relevant information about leads) without 

explicit user prompting.  

4.2.3 Affordance 3: Maintaining Contextual Continuity 

Many of the knowledge workers interviewed performed a wide range of tasks, regularly 

requiring them to shift workstreams whilst maintaining accuracy and speed. The persistent 

memory properties of AgentCo’s AAI proved highly valuable to many knowledge workers, 

enabling them to store interactions, preferences, and knowledge across contexts. B5, a 

marketing consultant, described the value this provides:  

 

“I think the memory has helped a lot. When I’ve done research a few days 

back, and it remembers, I think that’s great, and you don’t need to start over. 

And it kind of has context“. – B5 
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B7, a software engineer, further exemplified the persistent memory affordance by contrasting 

his work with AgentCo with other GenAI tools: 

 

“It [ChatGPT] can’t remember logic. So even if I ask it something, it will 

forget [...] AgentCo memorizes prompts. For example, my prompts are very 

long compared to the regular user, but they’re detailed and give me an 

accurate response every time.“ – B7 

 

Storing memory across contexts further allowed this knowledge worker to switch between 

tasks without having to reintroduce contextual information each time, thereby saving time. A 

B7 a software engineer, and B8, a data analytics consultant, stated: 

 

“It saves me a lot of time, and at the end of the day, it’s all about time [...] And 

also, I don’t have to think so much. I can do one feature, for example, work on 

one project with the team, and then five minutes later jump on the next feature. 

I can iterate much faster. And actually do much more in less time“ – B7 

“[AgentCo] can remember things, but in ChatGPT, you need a new prompt for 

every new case you handle [...] it takes a huge amount of time to do this“ – B8 

 

B2, a head of sales, articulated a vision of how this contextual continuity could apply to a 

group of individuals to generate memories across an organization:  

 

“It should be something that is centralized for the company as a whole. And 

also so that the tools I use and the LLMs [referring to AgentCo] I ask questions 

are connected to what the others in the company are asking, so that it 

continuously learns from what we as a group are doing. Sort of gathers that 

collective intelligence“. – B2 

4.2.4 Affordance 4: Distributing Specialized Labor 

Finally, findings show that AAI enables the decomposition of workflows into specialized 

subtasks, creating processing pipelines that leverage specific distributed expertise. This is in 

part derived from AAI’s multi-agent coordination feature, which facilitates collaboration 

between specialized agents through agentic orchestration layers. The ability to coordinate 
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multiple specialized agents represents a distinctive affordance of AAI that extends beyond 

what single-agent Gen AI systems provide. B1, a head of operations, describes her creation of 

multiple specialized agents collaborating across a research workflow: 

 

“I realized that the best thing for me to ensure quality is to have three different 

agents. One being the research finder and another being the contextualizer [...] 

the second agent synthesises [the research], and then you have a third agent 

that actually writes for you.“ – B1 

 

This is an example of manual orchestration in which the knowledge worker configures 

agents’ roles, ensuring each agent specializes in its area of responsibility to deliver 

high-quality outputs. However, our interviews also uncovered instances of autonomous 

orchestration. Despite the opacity of agentic orchestration layers, B10, a software engineer, 

acknowledged: 

 

“You had an agent on top taking the question [...] and then sort of delegated it 

to a set of different agents who then performed the tasks for me.“ – B10 

 

He even continued explaining it as a process similar to how humans break down and delegate 

tasks to other workers: 

 

“And that felt very orchestrated as if I’m asking a question to someone. Think 

of it in an organizational context. I ask a question, that person takes in the 

question, asks something back, and then delegates that to, for lack of a better 

word, associates or consultants. Then sends out this team who completes the 

tasks and then comes back with the result in a very structured way“ – B10  

 

Ultimately, both the manual (creating several agents) and the autonomous (letting AI 

orchestrate agent collaboration) aspects of multi-agent coordination enable knowledge 

workers to complete diverse tasks in a structured way by distributing them to specialized 

agents. 
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4.3 AAI Constraints 

While the previous section outlined the affordances (i.e., action potentials) at the intersection 

of AAI and knowledge workers,  this section presents findings on how knowledge workers’ 

interactions with AAI’s technological properties may also constrain their ability to achieve 

their objectives (see Table 4).  

 

 

Table 4. Overview of Constraints 

 

4.3.1 Constraint 1: Generating Inconsistent Memories 

While the AAI properties of persistent memory enable some knowledge workers to maintain 

contextual continuity across workflows (see section 4.2.4), others highlight significant 

constraints stemming from these properties. Several interviewees mentioned the generation of 

inconsistent memories (e.g., prompts, contextual information, and preferences) that are not 

always correct or desired by the knowledge workers. B7, a software engineer, emphasised 

this constraint:  
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“A shame in [AgentCo], for example, it’s saving memory, but if I change the 

context a little bit. There are, like, memories I don’t want to keep“ – B7 

 

Knowledge workers in organizational contexts with high demands for information accuracy 

and quality were particularly prone to experiencing issues with the generation of unintended 

memories. For example, B5, a marketing consultant, elaborated on this constraint, 

highlighting the issue of AgentCo spilling information between multiple client workflows:  

 

“When I use the same agent for different clients, she [AgentCo] mixes up the 

information.“ – B5 

 

A few knowledge workers also acknowledged the opacity of agentic memories. A2, a 

solutions architect, described the difficulty of knowing where information comes from. 

 

“I found in chatting across tabs [...] it remembered something we were talking 

about from two weeks ago, and I was like, oh, that’s sketchy. Where did that 

come from?“ – A2 

 

The opacity of agents’ memories further made it difficult for knowledge workers to mitigate 

and manage unwanted memories.  

 

“I want it [AgentCo] to have the learnings from other clients, but I don’t want 

them to have specific client information [...] I think it’s hard to create agents 

that have the correct context without mixing up information from other clients“ 

– B5  

 

A digital strategy consultant even opted to turn off the agentic memory feature in AgentCo, 

stating: 

 

“And when I use [AgentCo], it throws in references just to tell me, look, I can 

reference memory, but the reference is wrong. It’s out of context. So I actually 

stopped using memory on [AgentCo] [...] I want it to be as neutral as 

possible.“ – B11 
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4.3.2 Constraint 2: Increasing Idle Time 

As explained in section 4.2.1, the AAI feature of autonomous action-taking enabled multiple 

knowledge workers to automate workflows by leveraging AgentCo’s native browser access to 

web applications, combined with AAI’s ability to act autonomously in that environment. 

However, several knowledge workers also emphasized a constraint of this action potential: it 

increases a knowledge worker’s idle time when supervising the agent during their 

action-taking process.  

“I’m just sitting and waiting for [AgentCo] to finish tasks, when I could have 

done something else.“ – B5 

Some knowledge workers found themselves passively supervising AgentCo’s actions because 

they did not fully trust its capabilities.  

“I still don’t trust everything fully. So it’s hard for me to let go of the process 

completely and do other things.“ – B5 

The action potential of saving time by automating workflows is constrained by individual 

knowledge workers’ need for control. 

“I don’t know if it’s gonna complete [the task] in a good form or not. [..] With 

AgentCo, it says this will take 60 minutes, and then I’m just waiting.“ – A1 

Further, several knowledge workers noted specific technical interruptions in the agents’ 

environment, requiring manual intervention to keep them from working, ultimately requiring 

active supervision of AgentCo’s autonomous action-taking. For example, CAPTCHA5, which 

are anti-robot mechanisms on the web that require human intervention, force knowledge 

workers to stay in the loop so the agent can continue operating. 

“I feel a little stressed about CAPTCHA coming up that I need to go in and 

click on to make sure that the workflow continues. [...] It’s hard to relax and do 

other things when you have these processes running at the same time.“ – B5 

Other examples could be log-in pages, checkouts, or moments when the agents need your 

preferences. In these scenarios, the action potential of saving time by automating workflows 

5 For example, by indicating which boxes on a grid that contain bicycles is a CAPTCHA that a human must 
solve to access the content behind the blocker 
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is constrained by technical interruptions to the autonomous workflow that are part of 

AgentCo or the environment in which it operates.  

“Logging in and just passwords, two-factor authentication, and CAPTCHA, I 

think, is one of the biggest barriers.“ – B4 

This imposes unintended time costs on the knowledge worker in the form of idle work time. 

B5 commented on the value erosion that this dilemma brings: 

 

“It [autonomous action-taking] doesn’t give me much value added, because I 

still need to look at the page all the time“ – B5 

 

B9 further acknowledged that this issue could be exacerbated when AgentCo experiences 

higher web browsing volume, ultimately discouraging its use. 

 

“Of course, now I can just go into the website and help AgentCo to fix it, but 

when we do big analyses with many different systems and platforms [...] if it 

starts to bug [CAPTCHA] every time, then maybe I can do it myself instead of 

letting the agent do it“ – B9 

4.3.3 Constraint 3: Struggling With Human-Trivial Tasks 

Although many knowledge workers noticed an affordance of automating workflows with 

autonomous action-taking and autonomous web-based interaction, multiple knowledge 

workers also acknowledged a constraint derived from these properties: AgentCo struggles to 

effectively navigate web-based interfaces that are trivial for humans to interact with, which in 

turn slows task completion and fails to realize the action potential of automating the 

workflow to increase productivity.  

“It said that it can fill out forms for me. And then when I tried it, like, it was 

actually really, really slow“ – A1 

“I opened Miro in the browser, and it took a long time to find the sticky note 

and where to put it [...] in the end I found out that he is looking at a different 

canvas [...] he did not understand where the middle was.“ – B9 
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Further insights from knowledge workers suggest that, while autonomous action-taking could 

add value by gathering real-time data, some knowledge workers fail to realize this value 

because the AgentCo agent navigates web pages more slowly than they do, resulting in 

higher costs and greater resource (credit) consumption. 

“When it [AgentCo] has to move on the website, click, go to the next slide, 

move down, or do different steps, and not just read a page of information. 

Sometimes the moving process is very slow. It reads some, then doesn’t 

understand where to move next.“ – B5 

“It [AgentCo] could not find the actual email addresses [...] so it took way 

longer and used up more credits than it should have“ – B6 

A3 similarly mentioned: “If it takes too much longer than I would, then it gets a bit 

annoying“, highlighting the comparison between the human navigation and that of AgentCo.  

4.3.4 Constraint 4: Overdelivering on Simple Tasks 

While autonomous reasoning has the potential to augment several capabilities essential to 

knowledge work (see section 4.3.3) and assist in breaking down tasks for specialized agents 

(see section 4.3.5), the same feature can also introduce productivity limitations. Several 

knowledge workers reported instances in which using AgentCo for seemingly simple tasks 

(e.g., ’Google-like’ queries and simple executions) triggered complex, time-consuming 

reasoning sequences. A1, a product manager, recalled an occurrence when searching for 

information about a vacant job opening using AgentCo: 

 

“[AgentCo] was doing all of these tasks, and it was taking a lot of time, 

although it’s something that can be found easily. Kind of like phase one 

research, phase two research [...] and I did not need that kind of deep 

thinking.“ – A1 

 

This instance illustrates over-delivery on a simple task, where AgentCo used autonomous 

reasoning to break it down into multiple steps, even though no such breakdown was needed. 

Another knowledge worker, A5, further alluded to the systematic occurrence, pointing out 

that AgentCo often “defaults to long, 45-minute research runs,“ which could deter less 
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committed users. Several interviewees also pointed out the monetary costs of over-delivery 

on simple tasks: 

 

“So if it’s more simple tasks, it burns credits a lot faster. I don’t wanna use it 

for simple tasks.“ – B5 

“It’s when you do a simple search, and then 12k credits have just been gobbled 

up. That’s what’s annoying. Oh my God, I wish I didn’t do that. Waste of 

money.“ – A6 

 

As indicated by these findings, the unique technological feature of autonomous reasoning 

could decrease knowledge workers’ productivity by overdelivering on simple tasks, costing 

time and money through unnecessary credit use.  

4.4 Contextual Determinants of Affordance-Actualization 

In sections 4.2 and 4.3, the empirical findings introduce a set of affordances and constraints 

that emerge from the imbrication of AAI properties and knowledge workers’ goals for AAI 

use. In addition to the action potentials identified, the interviews reveal critical contextual 

factors that shape knowledge workers’ use of AgentCo and, therefore, affect the likelihood of 

their actualization. 

4.4.1 Individual Characteristics: Ways of Knowing and Need for Control 

4.4.1.1 Mental Model Alignment 

The interviews revealed distinct patterns in which some knowledge workers benchmark their 

own problem-solving methods and capabilities against those of AgentCo to determine 

whether to use AAI to solve a given task. This comparison limits the actualization of 

affordances derived from AAI features, particularly when knowledge workers face complex 

tasks. B10, a software engineer, described this deliberation process: 

 

“I don’t think there’s a question of possibility, whether it [AgentCo] can solve 

those [complex] tasks. I just think that I personally consider them to be harder 

and trickier. And that’s why I maybe presume that AI is not going to be able to 

complete them.“ – B10 
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However, B10 also mentioned the need to understand what you are trying to achieve to 

effectively instruct AgentCo, suggesting that limitations in one’s own knowledge of a task 

may hinder the effective use of AAI: 

 

“It may be that I’m not entirely sure myself how I would solve this problem. 

[...] In that sense, I’m probably not going to be able to prompt adequately to 

solve the problem. [...] Easier tickets [tasks] are usually more scoped, so it’s 

easier to understand what I want, what the input is, and what the expected 

output is. And it’s easier for me to validate that everything has been conducted 

correctly.“ – B10 

The terms “validate“ and “correctly“ reflect a desire for control over how tasks are executed 

and the outcomes generated, based on knowledge workers’ own preferences and knowledge. 

This indicates that the individual’s need for control, validation, and understanding of the 

solutions limits the actualization of AgentCo’s action potentials. Several knowledge workers 

expressed hesitation towards delegating tasks to AgentCo as they struggled to relate the 

agent’s way of operating to their own and intervene in the technology’s operations:  

 

“When you do something manually, your brain naturally follows every step of 

the process, [...] it’s harder to intervene, to fix or to backtrack your mistakes 

when an agent does them“ – B4 

 

Other knowledge workers benchmarked AgentCo’s output against previous manual research 

to “match what we knew was the truth“ (B3), further indicating evaluation of accuracy 

against their own knowledge. In a similar vein, B10 noted that the scrutiny of AgentCo’s 

output might not always be objective: 

 

“The current conceptual model of a system, excluding Agentic AI, is something 

I understand. However, if it’s [AgentCo] entirely different, then it’s going to be 

something new to me that I don’t really understand. So that might even bias me 

to say that, [...] I’m not gonna try and test this because it deviates from how I 

think the system should look.“ – B10 
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Although the technological features of AAI systems, such as autonomous reasoning, hold the 

promise of problem-solving and adaptation to complex scenarios, some knowledge workers 

remain hesitant to use AgentCo in these situations, as its opaque reasoning prevents them 

from validating the fit between their mental model of problem-solving and the agent’s. B2, a 

head of sales, highlighted this dynamic by noting his desire to understand the technology’s 

underlying mechanisms to use it in more complex workflows.  

 

“In order to have an Agentic AI doing actual complex work for me throughout 

different workflows, I would feel more comfortable if I understood how it 

works. [...] I’m not just looking at a black box.“ – B2 

 

This “black box“ phenomenon directly limits the actualization of the affordance of 

automating workflows (4.3.1), as the autonomous action potential is not fully realized due to 

a lack of individual knowledge of the technology.  

4.4.1.2 Trust in AI 

The lack of trust for AI in general is yet another prevalent factor that has been found to 

prevent individuals from actualizing the affordances of AgentCo. This lack of trust is 

partially inherited from previous negative experiences in the broader AI ecosystem, rather 

than in AAI specifically, and transfers over to their use of AgentCo. B2 explained:  

 

“I think that comes from experience on how wrong answers sometimes can be 

when you ask an AI something or when you want to do something“ - B2 

 

Further, B5 suggests that AI’s accuracy limitations are not eliminated by AAI’s autonomous 

reasoning capabilities, leading to a compounded trust deficit when using AgentCo.  

 

​​“The most frustrating thing is when it gives me inaccurate information. When 

I’ve used Gen AI or LLMs before, and they give you inaccurate information, 

you don’t trust it. And then I went into Agentic AI with higher hopes“ – B5 

 

B4’s experience represents a case where both previous distrust of AI and new distrust for 

AAI compound into a general feeling of distrust for all tasks requiring more reasoning 

capabilities: 
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“I think my impression of AI in general, whether agentic or not, is that it’s very 

good at doing manual tasks and research, but when it comes to making 

judgment decisions, it’s not, so I just assume that it will take me longer if I then 

have to do it myself anyways“ – B4 

 

This lack of trust decreases the likelihood that AgentCo’s action potentials will be actualized, 

as individuals refrain from exploring and engaging with AAI. However, the converse also 

holds: the actualization of one action potential fuels continued experimentation. B10 

described his process of gradually presenting AgentCo with increasingly complex tasks to 

avoid disappointment and build trust, explaining:  

 

“That sort of builds up your confidence and your trust in it [AgentCo]. Like, 

okay, that worked really well. Let’s see what more I can do with it. Let’s see if it 

can help me to solve even more difficult tasks than that.“ – B10 

 

The same knowledge worker (B10) explained that transparency in autonomous workflows 

helps increase trust as users can validate the actions by staying in the loop throughout the 

process: ​

 

“You could follow the whole workflow, which helps you to validate, and then 

you trust it a lot more compared to if you send it into a black box and it 

outputs, like, 50 emails and like, here you go.“ - B10 

 

However, discrepancies in perceived transparency suggest a level of individuality is present 

as knowledge workers evaluate the necessary levels of transparency for continued use. 

 

“Even when I went to verify it, I could not find the exact numbers. [...] It might 

have done some back-end math, studied something, did some sort of 

calculation, but I want to see what kind of calculation it did“ - A11 
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4.4.1.3 AAI Literacy 

Several knowledge workers expressed a lack of understanding of what to use AgentCo for. 

This lack of use-case literacy regarding AgentCo’s features and capabilities reduces the 

likelihood of actualizing the technology’s action possibilities (i.e., affordances). 

 

“All this agent browser behavior is very new to me, so I’m really trying to 

figure it out“  – A9 

 

This lack of product understanding is highlighted by several knowledge workers requesting 

specific guidance on how to instruct AgentCo to generate the desired output. B9, B2, B5, and 

A3 all mention, in different forms, the need for additional assistance to develop “the best 

prompts.“ (B9). Some knowledge workers consciously reflected on this literacy gap, 

demonstrating motivation and a willingness to expand the potential actions they could 

actualize in the future with AgentCo. B1, for example, said:   

 

“Maybe Agentic AI saves 5% of your time, but if you’re ahead of the curve, it 

can save you 70% of your time in the future. [...] Sure, I’ll need to learn 

prompting, but because this is going to be the future, I don’t really mind 

learning it.“ – B1 

 

Several knowledge workers demonstrated absolute AAI illiteracy, using AgentCo exclusively 

for browser and/or conversational AI capabilities, resulting in the complete underutilization 

of its AAI features. 

 

“I would say almost all the time I used it [AgentCo] like a one-to-one with 

Chrome. Obviously, then I didn’t use any Agentic AI whatsoever“ - B2 

 

4.4.2 Task Characteristics: Stakes, Scale, and Error Tolerance 

The nature of tasks emerged as a critical contextual factor determining knowledge workers’ 

willingness to delegate action responsibilities to AgentCo. The possibility of automating 

workflows (4.2.1) is more likely to be actualized when the task is lower-stakes, such as 

exploratory and research-related work, as errors carry minimal professional consequences. 

B5, a marketing consultant, argues: 
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“I think you always have to have a human in the loop for higher-stakes tasks. I 

don’t think it’s that necessary if you’re finding LinkedIn leads or stuff like that. 

There’s no risk there, really“ – B5 

 

Conversely, in high-stakes contexts, such as client deliverables and situations in which failure 

impairs professional reputation, knowledge workers frequently expressed hesitation about 

using AgentCo to automate workflows. B4, a strategy analyst posited: 

 

“I don’t think I would ever use Agentic AI when the stakes are very high.“ – B4 

 

Further, the scale of the task could also influence the willingness to delegate to AgentCo. 

Multiple knowledge workers noted that AgentCo’s output becomes less controllable and less 

reliable as scale increases, therefore decreasing their intention to use the tool. B1, a head of 

operations, for example, said: 

 

“If it’s like a single or a few cases, you can easily fact-check before you do 

anything. But if it’s a lot of cases, I still wouldn’t use it [AgentCo].“ – B1 

 

B11, a digital content manager, noted how scale and stakes often compound: 

 

“I refrain from using [AgentCo] because the output is unreliable. It’s like so 

much money and people’s lives at stake. If you do something wrong, it can go 

very, very wrong. [...] On a larger scale, it requires another type of AI system.“ 

– B11 

 

B10, a software engineer, reflected on the burden of responsibility, functioning as a boundary  

condition for where in the chain of workflows he feels comfortable using AgentCo:  

 

“What happens if I ask you to do something and it fails to execute on that, and 

something else happens? I guess I’m going to be liable because I outsourced 

the execution authority to the agent. [...] Now you still have to be like in the 

beginning, give the input, and then control the output. So it’s like, in the 

middle, I’m trying to experiment right now.“ – B10 
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He further reflected on the potential value if such constraints are removed: 

“I think if that last stage is unlocked, then you start to actually free up a lot 

more time [...] you can outsource the whole chain.“ – B10 

 

While a majority of knowledge workers aligned with B10’s position, preferring to stay in the 

loop at both ends of a work process (i.e., input and output), particularly for large-scale and 

high-stakes tasks, some knowledge workers made mentions of exceptions to that rule. For 

example, A8, a growth lead, automated an entire outreach sequence to AgentCo with no 

supervision of the output (i.e., actions) generated.  

 

“I did a lot of outreach with massive outreach campaigns, tons and tons of 

outreach. So I basically had [AgentCo] running 24/7 while I was sleeping.“ – 

A8 

 

Taken together, task stakes and task scale function as boundary conditions that constrain the 

actualization of automating workflows. However, individual error tolerance can moderate 

these boundary conditions, as seen by the contrasting views and actions of B10 and A8. 

4.4.3 Organizational Context: Restrictive Policies and Ways of Working 

Multiple knowledge workers mentioned aspects of the organizational environment that 

limited their use of AgentCo. First, those situated within larger organizational contexts or 

who worked for other organizations were generally inclined to express concern about 

AgentCo’s data security.  

 

“I think one thing for me is that my workplace probably has a little bit of fear, 

which limits me in the way I can use it“ – B5 

“I’m an advisor for businesses using AI to grow. Their main question is about 

data privacy“ – A4 

“Because I plan to use it [AgentCo] for work, I want to make sure that we’re 

not going to leak corporate secrets and stuff like that.“ – A2 
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Further, some knowledge workers were strictly prohibited from using AgentCo in their work 

due to missing or restrictive AI policies rendering certain affordances directly unattainable.  

 

“We don’t use it [AgentCo] because we don’t have an AI policy in our company 

yet. We’re not allowed to start using different things“ – B2 

“I’m not allowed to use an Agentic AI“ – B10 

 

One knowledge worker pointed to the risk of prompt injection attacks6 being the reason for 

restrictive policies of AAI, specifically within their organization:  

 

“If you drive an agent and hit a website with a malicious prompt hidden in that 

website, what that can do for data exfiltration is kind of a concern.“ - A9 

 

Lastly, organizational ways of working could also affect how and when AAI is deployed. 

B10, a software engineer, exemplifies the importance of coherence in coding architecture 

when handing over responsibilities to others in the organization, as a mechanism to deter the 

use of AAI for coding purposes. 

 

“Once you leave responsibility to someone else, or if I go and work for another 

company, then the current employer will want everything to be similar because 

that’s much easier to deal with. And I think that’s sort of a by-product of how 

software engineering has been done. You have a pattern, you try and follow it. 

So if I leave that into the hands of an Agentic AI, it might be an entirely 

different solution than the ones that we typically have.“ – B10 

 

The organizational dimension thus operates uniquely compared to other contextual factors: it 

can create absolute blockages to realizing AgentCo’s affordances at all, or for specific 

sensitive use cases, rather than merely influencing the degree of actualization possibilities, 

and it operates primarily outside the individual users’ control. 

6 LLMs answer to text instructions and lack formal ways of distinguishing instructions from data. Attackers can 
exploit this vulnerability by embedding  hidden commands in prompts (text-based instructions) or external 
content, tricking AI agents into ignoring original instructions and performing malicious tasks (Debenedetti et al., 
2024; Liu et al., 2023). 
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5.​ Analysis 

This chapter analyzes the interactions between knowledge workers and AAI – synthesizing 

interviewees’ accounts on how their use of AgentCo enabled or constrained them in their 

pursuit of work-related goals – through an Affordance Theory lens, developing a conceptual 

model that explains these interactions (5.1). We then analyze the relational emergence of 

affordances and constraints (5.1.1) and the conditions enabling their actualization (5.1.2). 

5.1 A Conceptual Model of Knowledge Worker–AAI Interactions 

Using Gibson’s (1979) Affordance Theory as our theoretical lens, we developed an 

empirically derived conceptual model showing how knowledge workers interact with AAI to 

achieve work-related goals (see Figure 4). This model synthesizes our interview findings and 

reveals the affordances and constraints that emerge when knowledge workers interact with 

AAI (Majchrzak & Markus, 2012), along with the contextual factors that influence the 

likelihood of actualizing these affordances (Strong et al., 2014).  

 

Figure 4: AAI–affordances, constraints, and actualization in knowledge work 

5.1.1 Affordances and Constraints 

Scholars applying the affordance lens to understand human–technology interaction have 

argued that affordances and constraints are “relational concepts“ (Majchrzak & Markus, 

2012, p. 1) rather than static properties of either technologies or users. Our conceptual model 

reflects this view by first acknowledging individual knowledge workers’ unique goals  (4.1.2) 

– increasing efficiency and maintaining quality of work – and the key AAI features they 

interact with to pursue these goals (4.1.3) – autonomous action-taking, persistent memory, 
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multi-agent coordination, autonomous reasoning, and autonomous web-based interaction. 

The model then illustrates how these interactions generate both affordances and constraints.  

 

Four key affordances emerged from the interviews, representing action possibilities that 

enable knowledge workers to accomplish their goals: automating workflows (4.2.1), 

extracting real-time web-based information (4.2.2), maintaining contextual continuity (4.2.3), 

and distributing specialized labor (4.2.4). Simultaneously, we identify four constraints that 

hinder goal accomplishment when using AgentCo: generating inconsistent memories (4.3.1), 

increasing idle time (4.3.2), struggling with human-trivial tasks (4.3.3), and overdelivering on 

simple tasks (4.3.4). Positioned at the center of our conceptual model, these affordances and 

constraints emerge through the relational interactions between knowledge workers’ goals and 

AgentCo’s AAI features. 

 

Analysis of findings across affordances (4.2) and constraints (4.3) reveals that all 

technological features can be perceived as both affording and constraining, depending on 

knowledge workers’ shifting goals. It was further found that affordances and constraints often 

arise from the interaction of multiple AAI features. 

 

The autonomous action-taking feature, in tandem with autonomous web-based interaction, 

enables the affordances of automating workflows (4.2.1) and extracting real-time information 

(4.2.2), allowing knowledge workers to let “software go and do things for me [them]“ (A7) 

and “finding up-to-date information“ (B5). However, for users with productivity-related 

goals, the same features can be perceived as constraining by increasing idle time (4.4.2) as 

knowledge workers supervise the agents’ operations, and increasing frustration when agents 

struggle with human-trivial tasks (4.3.3), evidenced by, for example, B5 “the moving process 

is very slow“. Thus, the same AAI features that have the potential to improve quality by 

retrieving valuable, up-to-date information and increase productivity by freeing knowledge 

workers from manual work can, in fact, constrain their goals by increasing their idle time and 

failing to perform actions on human-trivial interfaces.  

 

For users concerned with increasing productivity, the persistent memory feature enabled the 

affordance of maintaining contextual continuity (4.2.3), allowing them to “iterate much 

faster“ (B7) and avoid “start[ing] over“ (B5) when switching between tasks. However, 

when the primary focus is on ensuring quality of work, the same feature might be perceived 
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as constraining, as AgentCo sometimes “mix[es] up information“ (B5) across workflows 

(4.3.1), which might be detrimental when working with multiple client-facing workflows. 

B5’s account introduces a paradoxical dynamic in which the same AAI feature is perceived as 

both affording and constraining, not only across users but also within the same user, 

depending on the situated context and goals. 

 

For users seeking to improve the quality of their work, the features of multi-agent 

coordination and autonomous reasoning in tandem enable the affordance of distributing 

specialized labor (4.2.4), allowing knowledge workers to explain a more complex task to an 

AI agent that autonomously “delegate it to a set of different agents“ and “then come back 

with the result in a very structured way“ (B10), similar to the expected actions of delegating 

work to a human. However, when the primary focus is on productivity and knowledge 

workers expect trivial answers to straightforward tasks, the same features might come to be 

perceived as a constraint, as AgentCo might overcomplicate the solution and overdeliver on 

simple tasks (4.3.4). Hence, the AAI capabilities intended to enable complex task 

decomposition and completion often become a hindrance for simpler tasks. Even though it 

improves quality and productivity for some, it occasionally wastes resources and time when 

knowledge workers want quick answers. 

5.1.2 Affordance-Actualization Potential 

The right-hand side of the conceptual model recognizes the contextual factors that influence 

the likelihood that action potentials (i.e., affordances) will be actualized. While the complete 

actualization process is not systematically traced in this study, these contextual factors shape 

the conditions under which such actualization is more or less likely.   

 

First, at the individual level, mental models for problem-solving, trust in AI, and AAI literacy 

(4.4.1), shape the boundaries for when knowledge workers choose to delegate actions to 

AgentCo and, therefore, whether affordances can be realized in the first place. When 

knowledge workers are unsure of how to solve a specific problem, they also feel unable to 

instruct and validate that the actions of an agent have been executed “correctly“ (B10), and 

therefore hesitate to use AgentCo for specific complex tasks where autonomous reasoning 

and multi-agent coordination could, in principle, be most valuable (4.2.2; 4.2.4). Trust 

deficits inherited from broader AI experiences introduce both barriers to initial use and an 

increased need for transparency, validation, and control of AAI reasoning. However, trust 
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also operates dynamically, with the successful use of AAI building confidence iteratively and 

enabling the progressive delegation of increasingly complex tasks. Lastly, some knowledge 

workers’ AAI illiteracy and insufficient prompting abilities limit the use of AgentCo, 

ultimately leaving AAI features underutilized or sometimes completely undiscovered.  

 

Second, task characteristics, such as the scale and associated stakes, emerge as determinants 

of when the action possibilities enabled by autonomous action-taking are welcomed (4.4.2). 

Most knowledge workers refrain from delegating responsibility to AgentCo for high-stakes, 

high-scale tasks because they perceive the likelihood and impact of errors to be too high. 

However, edge cases, such as A8’s fully autonomous outreach sequence (4.4.2), suggest that 

individual error tolerance could moderate the effect of task scale and stakes on willingness to 

delegate responsibilities to AgentCo.  

 

Third, the organizational context of certain knowledge workers strongly influenced usage and 

the opportunity to actualize certain affordances (4.4.3). Some organizations operate under 

restrictive AI regulations, thereby creating absolute blockages for the actualization of specific 

actions by prohibiting their use by AgentCo. This was seen for B10, who were not allowed to 

use AgentCo to write code. Interestingly, however, the same knowledge worker 

acknowledged the potential affordances of automating workflows (4.2.1) and of distributing 

specialized labor (4.2.4) for other work tasks beyond software development, such as 

researching and extracting information.  
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6.​ Discussion 
This study sought to contribute to one of, if not the first, empirical studies on the use of AAI in 

knowledge work, and thereby close our identified research gaps. The study adopted a case 

study on knowledge workers’ use and interactions with a novel AAI-powered browser. In 

answering our research question (see below), we address these interactions by examining 

how the technology affords and constrains actions, as well as how contextual factors shape 

how actions unfold (6.1). We also discuss our theoretical contributions (6.2), the practical 

implications of our study (6.3), and provide an overview of the limitations and future research 

paths (6.4) 

RQ: How do knowledge workers interact with AAI to achieve work-related goals?  

6.1 Answer to Research Question 

Adopting the Affordance Theory (Gibson, 1979) as our theoretical lens, we find that 

knowledge workers interact with AAI by navigating a complex landscape of affordances and 

constraints that emerge relationally from their situated goals and AAI’s technological 

features. This interaction generates four key affordances – automating workflows, extracting 

real-time information, maintaining contextual continuity, and distributing specialized labor – 

representing action potentials aligned with knowledge workers’ goals of increasing 

productivity and ensuring the quality of work. However, the same technological features can 

also be perceived as constraints – generating inconsistent memories, increasing idle time, 

struggling with human-trivial tasks, and overdelivering on simple tasks – that hinder goal 

attainment. 

 

This duality manifests across all AAI features (see Appendix D). Autonomous action-taking 

and web-based interaction enable the automation of workflows and the extraction of real-time 

web-based information, but increase idle time through agent supervision and erode time 

savings when agents struggle with human-trivial tasks. Persistent memory provides 

continuity across tasks, saving time for knowledge workers, but can also cause unintended 

information spillovers between contexts, which is perceived as constraining when 

information accuracy is essential. Autonomous reasoning and multi-agent coordination 

enable sophisticated task decomposition and distribution across specialized agents, yet these 

features can also trigger resource-intensive processes for simple queries, which decreases 

productivity. Whether these features are perceived as affording or constraining depends on 
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the alignment of interactions between knowledge workers’ situated goals and the 

technological AAI features. 

 

The likelihood that action potentials (i.e., affordances) are actualized (Strong et al., 2014) is 

moderated by contextual factors at the individual, task, and organizational levels. Knowledge 

workers selectively engage with AAI based on their individual characteristics (i.e., 

knowledge of the task and technology, trust, and alignment with mental models of problem 

solving); the characteristics of the task (i.e., scale, stakes, and error tolerance); and the 

organizational context (i.e., policies and organizational ways of working).  

6.2 Theoretical Contributions 

Our study on the interactions between AAI and knowledge workers through the Affordance 

lens contributes to several research streams.  

 

First, we extend scholarly understanding of the use of algorithmic technologies in knowledge 

work by revealing how AAI’s unique technological features alter the nature of interactions 

between humans and technologies that are capable of taking action with limited human 

supervision (Acharya et al., 2025). We find, as prior research does, that the opacity of 

algorithmic reasoning poses challenges for interpreting and validating AI output (Faraj et al., 

2018). While earlier scholars have demonstrated how knowledge workers interact with and 

interrogate AI’s knowledge claims against their own (Lebovitz et al., 2022; Allen & 

Choudhury, 2021), our study shows that interrogation practices extend beyond knowledge 

claims to encompass the AAI’s autonomous execution processes as well. Because AAI can 

autonomously execute tasks on behalf of users, knowledge workers must not only interrogate 

what agents produce (i.e., knowledge claims) but also how they act.  

 

Accordingly, existing frameworks focused on output-level interactions might be insufficient 

for explaining interactions between knowledge workers and AAI. Building on Pakarinen & 

Huising’s (2023) finding that accountability shapes algorithmic technology use, we reveal 

that AAI creates a temporal shift in accountability: knowledge workers must not only 

interrogate algorithmic outputs but also decide whether to delegate autonomous execution in 

the first place, as they remain accountable for the actions taken by AAI. This complexity is 

intensified by the unpredictable and contradictory duality in perceived AAI affordances and 
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constraints, similar to the “jagged Frontier” described by Dell’Acqua et al. (2023). While 

AAI can automate workflows, it might simultaneously fail to complete tasks seemingly trivial 

to a human observer, intensifying the difficulty of predicting where AAI will succeed or fail. 

Once delegation occurs, autonomous execution proceeds beyond workers’ direct control, 

which adds increasing tensions to delegation decisions compared to previous generations of 

AI. Our findings suggest that delegation decisions are shaped by knowledge workers’ 

perceptions of the autonomous action possibilities afforded by AAI and are moderated by 

contextual factors, including individual and task characteristics and the organizational 

context, offering new theoretical insights into what influences the decision to delegate agency 

for action-taking to AAI technologies (Leonardi, 2025).   

 

Second, we contribute to Affordance Theory (Gibson, 1979) as a lens for understanding 

human-technology interaction (e.g., Leonardi, 2013; Strong et al., 2014; Majchrzak & 

Markus, 2012) by revealing situated affordances and constraints for knowledge workers using 

AAI technologies (i.e., AgentCo). Through our analysis, we identify four affordances and 

four constraints that emerge from the interactions between knowledge workers and AAI. 

These findings extend the affordance lens in two ways. First, we demonstrate how knowledge 

workers interact with AAI features, which are distinct from previous generations of AI, to 

generate action potentials (i.e., affordances) that are fundamentally agentic rather than 

informational (e.g., Troicin et al., 2021; Liang et al., 2023). Second, in response to Leonardi’s 

(2023) call for increased theoretical specification of affordance concepts in studies of AI use, 

we reveal how contextual factors at the individual, task, and organizational levels shape the 

potential for affordances to be actualized. While systematic tracking of the full actualization 

process (Strong et al., 2014) was beyond the scope of this study, our findings offer insights 

into the conditions under which knowledge workers perceive and engage with autonomous 

technologies in their work, and when actualization of affordances is more or less likely. Our 

empirically derived conceptual model integrates user goals, AAI features, affordances and 

constraints, and contextual factors impacting actualization, offering a framework for 

understanding how knowledge workers interact with AAI to achieve work-related goals. 

 

Third, our study contributes to one of the first qualitative investigations of AAI use in 

knowledge work, complementing prior scholars’ predominantly conceptual studies (Acharya 

et al., 2025; Bornet et al., 2025). By studying knowledge workers’ interactions with AAI 

during early-stage adoption across diverse professional contexts, we provide rich empirical 
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insights into a rapidly evolving technological frontier that has received limited empirical 

attention to date.  

6.3 Practical Implications 

Our research further contributes to practical implications for three primary stakeholder 

groups. First, developers of AAI tools in the application layer can use our affordances and 

constraints to identify areas for improvement to develop functionalities and services that 

support knowledge workers’ attainment of work-related goals. For example, by educating 

users on the AAI functionalities and possible use cases during onboarding, knowledge 

workers are more likely to perceive the action possibilities (i.e., affordances) and therefore 

increase the likelihood of actualization. Further considerations for developers include: adding 

granular agentic memory controls; implementing smart checkpoints in autonomous 

action-taking for users who prefer staying in the loop; and making agentic reasoning 

processes increasingly transparent to increase trust among users who engage in interrogation 

of autonomous action processes. Second, organizational managers could use our conceptual 

model to explain how knowledge workers interact with AAI, to inform decisions on how to 

facilitate the effective use of these emerging technologies. For example, creating sandbox 

environments and investing in AAI training programs that enable employees to experiment 

with AAI features, to build greater confidence and knowledge of the potential actions enabled 

by AAI. Finally, individual knowledge workers could use our study as a roadmap to develop 

increased AAI literacy as a strategic imperative. Given the rapidly evolving nature of AAI, 

early adopters will likely enjoy a competitive advantage over their peers. 

6.4 Limitations and Future Research 

We acknowledge several limitations to our study. First, our single-case design focused on 

interactions with a single AAI tool (i.e., AgentCo). While this allowed for in-depth 

exploration and comparison across interviews, our findings may offer limited insights into the 

affordances of drastically different AAI technologies. Future research could examine 

interactions across different AAI technologies to identify common patterns and tool-specific 

dynamics. Second, while we identified contextual factors shaping affordance actualization, 

we did not explicitly track its outcomes over time (Strong et al., 2014). Longitudinal case 

studies could offer additional insights into the actualization process and the contextual factors 

that shape it. Third, our study focused primarily on interactions between individual 
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knowledge workers and AAI. While we found evidence of organizational factors impacting 

the affordance actualization process (e.g., AI policies and organizational ways of working), 

our individual-level analysis did not examine team or organizational dynamics in detail. 

Future research could investigate how teams coordinate around AAI and how implementation 

strategies shape the actualization of organizational affordances (e.g., Burton-Jones & Volkoff, 

2017; Strong et al., 2014). Finally, as AAI is rapidly evolving, the affordances and constraints 

identified in our study may be less relevant for future iterations of the technology, 

necessitating continuous re-examination of human-AAI interaction in knowledge work. 
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Appendices 

Appendix A. Comparison of traditional AI and agentic AI capabilities 

 

Adapted from Acharya et al. (2025) and Bornet et al. (2025). 
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Appendix B. Interview Guide: Round 1 
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Appendix C. Interview Guide: Round 2 
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Appendix D. Summary of Affordances and Constraints: Grouped by 
AAI Feature 
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Appendix E. How AgentCo Works: Answered by an AgentCo Agent 
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Appendix F. Disclosure of AI Use 
 
Throughout this research, we employed several GenAI-powered tools to enhance efficiency 
while maintaining academic integrity. This appendix details these tools, their applications, 
and the verification strategies we implemented. 
 
AI Transcription Tools 
 
We used three AI-based transcription services – Granola, Sales Kong, and Sana Labs – to 
transcribe interview recordings and generate summaries. The summarization and search 
functionalities helped us efficiently recall interview content during analysis, particularly 
when revisiting specific themes across multiple interviews. However, we conducted our data 
analysis and coding without AI assistance, using these tools only to validate and challenge 
our identified themes after completing the data analysis. Automated transcription carries risks 
of inaccuracies, including misinterpreted words or missed nuances. To mitigate this, we 
reviewed transcripts alongside original audio recordings within 48 hours to identify and 
correct transcription errors, ensuring that our analysis accurately reflected participants’ 
responses. Additionally, both authors participated in all interviews and took manual notes 
(with one researcher bearing primary responsibility for note-taking). All recordings and 
transcripts were handled in accordance with ethical guidelines and will be deleted upon thesis 
completion. 
 
Example prompts: “What are the main takeaways from this interview?” “What are the key 
themes across all of these interviews?” “Find me the quote about [a specific mention] in this 
interview.” 
 
AI Writing Aid Tools 
 
We used Grammarly throughout the writing process to identify grammatical errors and 
suggest alternative sentence structures. The tool functioned as a quality assurance 
mechanism, helping detect errors that might be overlooked during manual proofreading. 
Given that large language models can occasionally produce erroneous suggestions, we 
critically evaluated all recommendations within the full context of each sentence and 
paragraph. We accepted only suggestions that preserved the intended meaning and enhanced 
clarity. The tool was not used to generate content but solely to refine our existing text. 
 
General AI and Agentic AI Tools 
 
We used ChatGPT (5.1), Claude (Sonnet 4.5), and AgentCo (Claude 4.5 and other models in 
an agentic orchestration embedded on the web within a browser) in a limited and carefully 
controlled manner for: (1) feedback on draft passages, (2) suggesting alternative formulations 
for clarity, and (3) assisting in web searches to identify potentially relevant academic sources 
during early literature review. 
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These tools were not used to generate complete sentences or sections of the thesis. Instead, 
they served as consultative aids to refine our content and expedite initial literature 
identification. All AI-suggested alternative formulations were critically reviewed and adapted 
to maintain the authors’ academic integrity and voice. To emphasise, AI tools were not used 
to generate text and meaning beyond what had already been outlined and written solely by 
the authors. A significant risk when using generative AI for literature searches is the potential 
for fabricated sources – a phenomenon known as “hallucination.“ To address this issue when 
using AI to assist in broad web searches, we independently verified all AI-suggested sources 
through academic databases and search engines. Only sources we confirmed existed and 
demonstrated relevance were included in our literature review. Furthermore, we accessed and 
read all cited works in their original form to ensure accurate representation. 
 
Example prompt (Claude/ChatGPT): “Without altering the originality and emphasis of this 
text, suggest improvements to grammar, flow, and readability for me to review.” 
 
Example prompt (AgentCo): “Start agents on the web to find top-rated academic journals on 
[a specific topic]” 
 
Ethical Considerations 
 
Principles of transparency, verification, and human oversight guided our use of AI tools. 
While these tools enhanced efficiency, all substantive intellectual work – research design, 
data collection, analysis, interpretation, and writing – was conducted by us as researchers. AI 
tools served supplementary functions and did not replace critical thinking or scholarly 
judgment. We treated all AI outputs as suggestions requiring human verification rather than 
authoritative information, ensuring our research integrity and originality remained intact. 
 
Generative AI Sources 
 
AgentCo. [N/A7] (confidential as it is the case company of this study) 
Anthropic. (2025). [Sonnet 4.5] Claude. https://claude.ai/ 
Grammarly. (2025). [N/A] Grammarly. https://grammarly.com/ 
Granola. (2025). [N/A] Granola. https://granola.ai/ 
OpenAI. (2025). [GPT-5.1 Thinking] ChatGPT. https://openai.com/ 
SalesKong. (2025). [OpenAI] SalesKong. https://saleskong.com/ 
Sana Labs. (2025). [N/A] Sana Labs. https://sanalabs.com/ 

7 N/A denotes the tool is either auto-routing queries to multiple LLM-models to generate output, or that the 
LLM-model used is undisclosed. 
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