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Abstract 

Artificial intelligence (AI)-based information systems are increasingly integrated into 
operational decision-making, particularly in data-intensive industrial organizations where 
decisions are frequent, time-sensitive, and closely connected to everyday work practices. 
While previous research has emphasized AI’s potential to improve efficiency, accuracy, and 
decision support, less attention has been paid to the tensions that emerge when AI systems 
interact with human decision-making practices in operational contexts. This study therefore 
explores what tensions emerge in the use of AI-based information systems for operational 
decision-making. 

The study is based on a qualitative interview study with a sample of 12 participants from four 
organizations operating in data-intensive industrial environments. Empirical data were 
collected through semi-structured interviews with practitioners who use, manage, develop, or 
advise on AI-based systems. The data were analyzed through an abductive approach 
supported with grounded theory principles, combining empirical coding with theoretical 
concepts related to human-AI collaboration, operational decision-making, and organizational 
tensions. 

The findings show that AI-based information systems are mainly used to support rather than 
replace human decision-makers. AI contributes to operational decision-making by improving 
information processing, automating repetitive tasks, supporting analysis, and generating 
recommendations. However, the integration of AI also creates tensions that must be managed 
in practice. Three central tensions were identified: control versus flexibility, automation 
versus professional judgment, and efficiency versus responsibility. These tensions 
demonstrate that AI-supported operational decision-making is not a straightforward process 
of technological optimization. Instead, it requires continuous balancing between the 
analytical capabilities of AI systems and the contextual understanding, judgment, and 
accountability of human actors. 

The study concludes that AI-based information systems reshape rather than eliminate human 
decision-making in operational work. Human involvement shifts from manual execution 
toward supervision, interpretation, validation, and responsibility for AI-generated outputs. 
The study contributes to information systems research by providing a context-sensitive 
understanding of how AI-based information systems influence operational decision-making 
and how practitioners navigate the tensions that arise in everyday organizational practice. 
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1. Introduction 
This chapter introduces the study and its focus on how AI-based information systems 
influence operational decision-making. To provide context, the chapter first discusses the role 
of AI in society and organizations. It then examines the growing use of AI in 
decision-making settings. Based on this discussion, the research gap is identified, followed by 
the study's purpose and research question. As AI becomes increasingly embedded in 
organizational processes and digital infrastructures, it is reshaping how organizations process 
information, support decisions, and perform everyday operations. Understanding these 
changes is important not only for assessing the efficiency benefits of AI, but also for 
examining its implications for human judgment, responsibility, and organizational practice. 

1.1 Background 

AI has emerged as one of the most influential technological developments of the digital era, 
transforming decision-making processes, societal structures, and organizational practices 
(Jarrahi, 2018; Raisch and Krakowski, 2021; Dwivedi et al. 2021). The growing integration 
of AI technologies into organizational activities has accelerated the adoption of AI-based 
information systems, enabling organizations to process large datasets, enhance operational 
efficiency, and support decision-making processes across various organizational functions 
and levels (Brynjolfsson and McElheran, 2016; Shrestha, Ben-Menahem, and von Krogh, 
2019). However, the increasing reliance on AI has created new opportunities for improving 
organizational performance while simultaneously raising important questions regarding 
human judgment, responsibility, trust, and control(Wang  and Zang, 2026;  Bader and Kaiser 
2019; BaniHani et al. 2024; Li and Tian, 2026).  
 
This study examines how AI-based information systems shape operational decision-making, 
with particular attention to the tensions that arise between AI capabilities and human 
judgment in organizational practice. These tensions are explored through a qualitative 
interview study design in the context of manufacturing. With AI becoming increasingly 
ubiquitous in organizational processes, particularly within digital infrastructures, it is 
important to understand not only how these systems improve efficiency, but also how they 
reshape decision-making practices in everyday operational work.  
 
To provide context for this study, the following background section discusses the role of AI in 
societal and organizational contexts before examining its increasing influence on operational 
decision-making. 

1.1.1 AI In Societal Contexts 

AI has become a central component of digital transformation, influencing technological 
development and innovation. Its influence has spread to a societal level including a big 
portion of different industries and fields (Ines et al. 2024). Historically, technological 
advancements have reshaped economic systems as well as social interaction. The latest phase 
(as of 2026) of the ongoing transformation is represented by AI (Malja and Afrasiabi, 2025). 
Also, Malja and Afrasiabi (2025) explain that AI differs from prior technologies because it 
introduces a higher degree of autonomy, enabling systems to perform cognitive tasks such as 
learning, reasoning, and decision-making. These kinds of tasks have traditionally only been 
associated with human intelligence (Malja and Afrasiabi, 2025). 
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Moreover, as AI technologies continue to advance and reshape the society it’s increasingly 
embedded across multiple sectors, including healthcare, finance, governance, and media, 
becoming part of everyday life (Malja and Afrasiabi, 2025). This widespread integration has 
been driven by developments in neural networks, cheap computational cost, algorithmic 
innovation as well as a significant boost following the reliance on AI during the COVID 19 
(Malja and Afrasiabi, 2025). These driving factors have allowed organizations and 
institutions to enhance efficiency, reduce costs, and improve decision-making processes 
(Malja and Afrasiabi, 2025).  

At the same time, Di Plinio (2025) describes that the societal implications of AI extends 
beyond efficiency and performance. AI systems are increasingly influencing human 
autonomy, identity, and decision-making, raising important ethical and social concerns. As AI 
becomes more embedded in everyday interactions, it can shape how individuals perceive 
their own role in decision-making, potentially altering traditional understandings of human 
autonomy (Di Plinio, 2025). 

In particular, the growing reliance on AI systems may lead to shifts in cognitive processes 
and decision behaviors, where individuals become more dependent on AI-generated 
recommendations and insights. Research also highlights that AI-driven environments may 
influence human behavior through mechanisms such as algorithmic guidance and 
recommendation systems, which can shape choices and potentially reduce perceived control 
over decisions (Di Plinio, 2025). Furthermore, the diffusion of AI has intensified debates 
around issues such as algorithmic bias, fairness, privacy, and accountability (Malja and 
Afrasiabi, 2025). Taken together, the recent emerging phenomena illustrate that AI should not 
be understood solely as a technological tool, but as a socio-technical phenomenon that 
reshapes societal structures, human behavior, and decision-making processes.  

1.1.2 AI In Organisational Contexts 

At an organizational level, the technological developments of the society associated with AI 
are reflected in how organizations integrate AI into their worktasks, processes, and 
information systems. AI is increasingly adopted as a strategic resource that enables 
organizations to enhance efficiency, optimize operations, and improve decision-making 
capabilities (Martínez et al. 2024). 

Specifically, AI technologies play a central role in supporting organizational performance 
through process automation, predictive analytics, and real-time data processing. These 
capabilities allow organizations to reduce operational costs, improve productivity, and 
enhance the quality of decision-making by providing accurate and timely information 
(Martínez et al. 2024). This means that AI-based systems can monitor and manage industrial 
processes in real time, enabling organizations to respond quickly to changes and maintain 
operational stability. 

Furthermore, the integration of AI within organizations is closely linked to the broader 
context of digital transformation and Industry 4.0, where technologies such as the Internet of 
Things, big data, and automation systems are combined to create interconnected and 
data-driven organizational environments (Martínez et al. 2024). In such environments, 
AI-based information systems facilitate the coordination of activities, improve 
communication flows, and support the execution of complex organizational processes. 
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However, the integration of AI is not solely a technical process, but an organizational and 
managerial challenge. AI technologies are increasingly used to support organizational change 
processes, for example by predicting employee behavior, reducing resistance to change, and 
enabling more personalized and data-driven management strategies (Karim, 2025). Through 
predictive analytics and behavioral data analysis, AI systems can anticipate potential 
challenges in transformation processes and support decision-makers in designing more 
effective interventions (Karim, 2025). 

At the same time, the adoption of AI within organizations introduces new complexities 
related to skills, organizational structures, and human-technology interaction. Organizations 
must adapt their processes and competencies to effectively leverage AI technologies. 
Simultaneously addressing challenges such as employee resistance, data privacy concerns, 
and the need for continuous learning (Karim, 2025). This highlights that the integration of AI 
is not a straightforward process, rather a process that requires balancing technological 
opportunities with human and organizational considerations. 

In this study, operational decision making refers to everyday decisions embedded in ongoing 
work processes (EBSCO, 2021). These kinds of decisions are characterized by relatively 
short planning, time pressure, and directly have consequences for organisational productivity. 
While AI-based information systems increasingly influence such decisions by providing 
recommendations or predictions, responsibility for decision outcomes remains with human 
decision makers. In order to understand a full picture of this phenomena, the users in this 
case, managers and the developers of the systems were interviewed. This shows the aim of 
the system, described by the developers, and the real usage and perception of the AI-based 
decision-making tool by the managers. 

Altogether, these developments demonstrate that AI-based information systems play a critical 
role in shaping how organizations operate and develop. Organisations could not only enhance 
efficiency and performance but also transform how organizational processes are managed and 
how decisions are supported.  

1.1.3 Operational decision-making with AI 

Initially, it is important to recognise the human factor within judgement and decision-making. 
The reason for this being it’s not solely a technical or rational process, it involves individual 
interpretation, situational awareness, experience, and contextual understanding. Nguyen and 
Crossan (2021) argue that judgement in areas such as business, ethical issues, and 
organisational situations is often characterised by complexity, where deductive calculations 
fall short to fully capture the problem. Furthermore, Nguyen and Crossan (2021) suggest that 
determination of good judgement depends on qualities such as  cognitive complexity, critical 
thinking, intuition and adaptability among others. With this perspective, the quality of 
decision-making depends not only on available information, but also on the character and 
judgement of the individual decision-maker. This is particularly relevant in AI-supported 
decision-making, where human actors must interpret, evaluate, and take responsibility for 
AI-generated outputs rather than simply accepting them as final answers.  

The integration of AI into organizational processes has significant implications for 
decision-making practices, particularly as AI-based information systems enable organizations 
to analyze large volumes of structured and unstructured data and generate insights that 
support both strategic and operational decisions (Li et al. 2025; Wang et al. 2024). According 
to Li et al. (2025), AI adoption influences how organizations process information and 
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develop digital capabilities, while Wang et al. (2024) show that AI contributes to 
improvements in efficiency and production processes in data-intensive environments. 

One of the key contributions of AI in decision-making is its ability to process and analyze 
large datasets, which allows organizations to improve the quality and speed of decisions 
(Juneja et al. 2025; Al-Surmi et al. 2022). Al-Surmi et al. (2022) demonstrate that AI-based 
decision-making can enhance operational performance by improving decision accuracy and 
providing more informed decision support. Similarly, Juneja et al. (2025) describe how 
AI-based decision-making systems can support multiple organizational functions, including 
planning, resource allocation, and process optimization, thereby contributing to improved 
efficiency and productivity. 

In addition, AI supports decision-making across different levels of complexity, ranging from 
routine operational tasks to more complex decision situations (Juneja et al. 2025; Al-Surmi et 
al. 2022). Al-Surmi et al. (2022) show that AI-based decision-making frameworks can be 
applied to complex operational environments, while Juneja et al. (2025) highlight that such 
systems can be designed to support both automated and human-in-the-loop decision-making 
processes. This indicates that AI can be used flexibly depending on the decision context and 
the level of human involvement required (Juneja et al. 2025). 

Empirical research further demonstrates that AI can improve decision-making performance in 
terms of efficiency, accuracy, and responsiveness (Ines et al. 2024; Al-Surmi et al. 2022). For 
example, Ines et al. (2024) show that AI-based tools, such as predictive analytics, can support 
forecasting and improve the ability of organizations to respond to changes in real time. 
Al-Surmi et al. (2022) similarly argue that AI-based decision-making contributes to better 
operational performance by enabling more effective use of data in decision processes. These 
findings suggest that AI is particularly relevant in operational contexts where decisions must 
be made frequently and under time constraints. 

At the operational level, decision-making is characterized by repetitive processes, time 
pressure, and direct impact on daily organizational activities, which increases the importance 
of efficient information processing (Al-Surmi et al. 2022). In such contexts, AI-based 
information systems can support decision-making by enabling continuous monitoring, 
identifying patterns, and providing decision-relevant information (Ines et al. 2024). This 
allows organizations to improve process efficiency and respond more effectively to 
operational challenges (Ines et al. 2024). 

However, the integration of AI into decision-making also introduces important challenges. 
According to Osasona et al. (2024), AI-based decision-making raises concerns related to 
transparency, bias, and accountability, particularly when algorithmic processes are difficult to 
interpret. In addition, Ma et al. (2023) show that human decision-makers may struggle to 
determine when to trust AI recommendations, which can affect decision quality in 
AI-assisted contexts. Steyvers and Kumar (2024) similarly argue that effective AI-based 
decision-making requires appropriate human understanding of AI capabilities, as well as 
well-designed interaction between humans and AI systems. 

Taken together, these findings indicate that AI-based information systems can enhance 
operational decision-making by improving efficiency and decision support, but that their 
effectiveness depends on how they are used and interpreted in practice (Al-Surmi et al. 2022; 
Steyvers and Kumar, 2024). This highlights the importance of studying how AI-based 
information systems influence operational decision-making in real organizational contexts, 
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particularly from the perspective of those who interact with such systems in their daily work 
In this study, AI-based information systems refer to AI-enabled digital systems integrated 
into operational work processes that support, automate, or augment operational 
decision-making through functionalities such as prediction, analytics, automation, 
recommendation generation, and information processing. . 

At the same time, the use of AI in operational decision-making introduces challenges related 
to interpretation, trust, and responsibility. Decision-makers must determine when to rely on 
AI-generated recommendations and when to apply their own professional judgment (Ma et al. 
2023). Furthermore, limited transparency in AI systems may complicate understanding of 
how decisions are produced, potentially affecting both trust and accountability (Osasona et al. 
2024). These aspects highlight that while AI can enhance efficiency and performance, its 
integration into operational decision-making also raises important questions about how such 
systems are actually used and understood in practice. 

1.2 Problem discussion 

While previous research highlights the potential of AI to improve organizational 
performance, innovation, and efficiency, there remains a limited understanding of how 
AI-based information systems are integrated into everyday decision-making practices, 
particularly at the operational level. Much of the existing literature has focused on 
macro-level outcomes, such as digital transformation and technological innovation, rather 
than on how AI is actually used and experienced by practitioners in their daily work (Li et al. 
2025; Al-Surmi et al. 2022). 

This represents an important gap in information systems research. The value of AI-based 
information systems is not solely determined by their technical capabilities, but by how they 
are interpreted, trusted, and enacted in practice. Decision-making in AI-based environments 
is therefore not only a matter of system performance, but also of human-AI interaction. 
Previous studies emphasize that effective use of AI depends on factors such as trust, 
transparency, interpretability, and the distribution of decision authority between humans and 
systems (Ashoori & Weisz, 2019; Ma et al. 2023; Steyvers & Kumar, 2024). These factors 
shape whether AI-generated outputs are accepted, questioned, or ignored by decision-makers. 

In operational contexts, these challenges become particularly significant. Operational 
decision-making is characterized by time pressure, high frequency, and close integration with 
everyday work processes. In such settings, AI-based information systems are often embedded 
directly into workflows, influencing how decisions are made in real time. This creates a 
situation in which decision-makers must continuously balance system-generated 
recommendations with their own professional judgment. At the same time, limited 
transparency and understanding of AI systems may complicate the ability to evaluate and 
justify decisions, raising concerns related to accountability and responsibility (Osasona et al. 
2024). 

These observations suggest that the use of AI-based information systems in operational 
decision-making is not a frictionless process, but rather one shaped by underlying tensions. 
For example, AI systems may increase control and standardization of decision processes, 
while operational work simultaneously requires flexibility and situational adaptation. 
Similarly, the automation of decision-making may enhance efficiency, while at the same time 
challenging the role of human expertise and professional judgment. In addition, the use of 
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complex AI models may improve predictive accuracy, while reducing transparency and 
explainability. 

Despite the relevance of these issues, there is still limited empirical research that examines 
how such tensions emerge and are managed in real organizational settings. In particular, there 
is a lack of qualitative, context-sensitive studies that explore how practitioners experience 
and navigate the use of AI-based information systems in operational decision-making. As a 
result, current research provides limited insight into how AI-based systems shape everyday 
decision practices, and how decision-makers handle the challenges and contradictions that 
may arise. 

Therefore, there is a need for research that moves beyond performance-oriented perspectives 
and instead focuses on the lived experiences of operational decision-makers working with 
AI-based information systems. By examining how these systems are used, interpreted, and 
negotiated in practice, this study aims to contribute to a deeper understanding of the role of 
AI in operational decision-making, as well as the tensions that emerge in this context. 

In conclusion, a significant research gap remains regarding how AI-based information 
systems influence operational decision-making in practice. While existing research has 
extensively examined the effects of AI on organizational performance, efficiency, and 
decision quality, less attention has been paid to how AI-supported decision-making is 
experienced, interpreted, and managed by decision-makers in everyday operational contexts. 
In particular, there is limited understanding of how organizations and individuals navigate 
competing demands related to efficiency, responsibility, automation, and professional 
judgment when working with AI-based systems. 

Furthermore, although previous studies demonstrate that AI can enhance decision-making 
and operational performance, fewer studies have explored how operational decision-makers 
interact with AI-generated recommendations, how they interpret and evaluate system outputs, 
and how AI-based information systems shape decision-making practices in real 
organizational settings. As AI becomes increasingly integrated into operational processes, 
understanding these dynamics becomes essential. This gap highlights the need for qualitative 
research that investigates how AI-based information systems influence operational 
decision-making and how the resulting tensions are experienced and managed in practice. 

1.3 Problem statement and purpose 

Following the background, the problem addressed in this research is summarised as: there is a 
lack of knowledge regarding tensions in decision making processes. The AI-based 
information systems increasingly shape everyday decision making, particularly in contexts 
where efficiency demands, professional judgement, and responsibility as outcomes must be 
balanced in practice. 

The purpose of this study is to explore the tensions that arise in the use of AI-based 
information systems in operational decision-making, based on practitioners’ experiences of 
how these systems are used, interpreted, and managed in everyday work. This is achieved by 
exploring the insights from practitioners' experiences of how they manage and balance the 
outcomes that arise in this. With these insights, it adds to how AI-based information systems 
are to be used in operational decision-making as it is relatively a new and emerging tool, and 
the usage is not fully understood and/or optimized. 
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1.3.1 Research question 

Based on the problem discussion and the purpose of the study, the following research 
question has been formulated and attempted to find the  answer to: RQ: What tensions 
emerge in the use of AI-based information systems for operational decision-making? 

In this study, tensions refer to situations in which competing demands or requirements arise 
between the capabilities of AI-based information systems and human decision-making 
practices. These tensions reflect the trade-offs that emerge as organizations integrate AI into 
operational decision-making processes. Prior research suggests that AI can reshape 
decision-making by creating a balance between automation and human augmentation, where 
greater system autonomy may reduce human involvement, while increased human oversight 
may limit the benefits of automation (Grüning, Trenz and Pinto dos Santos, 2023). As a 
result, decision-makers must continuously navigate competing priorities, balancing efficiency 
and consistency gained through AI with the need for human judgment, contextual 
understanding, and oversight. Such trade-offs highlight the complex and often paradoxical 
nature of human-AI collaboration in organizational decision-making (Grüning, Trenz and 
Pinto dos Santos, 2023). 

Furthermore, AI-based systems differ from human reasoning processes, as they generate 
predictions rather than explanations. This creates tensions related to accountability, 
transparency, and justification, particularly in high-stakes decision-making contexts where 
decisions must be interpretable and defensible (Kelly, 2026). Hence, reliance on AI outputs 
alone may be insufficient, requiring human actors to interpret, contextualize, and justify 
decisions, thereby reinforcing the importance of understanding how tensions in general are 
experienced and managed in practice (Kelly, 2026). 

1.3.2 Scope of the study 

This study examines AI-based information systems in relation to operational decision-making 
within manufacturing companies operating in data-intensive industrial environments. The 
study does not aim to investigate AI adoption at a general macro level, nor to measure the 
statistical effects of AI on organizational performance across multiple firms. Instead, the 
focus is on how AI-based systems are experienced and used in practice by individuals 
involved in operational work and decision-making. 

The study is further limited to a qualitative exploration of practitioners’ experiences , which 
means that the aim is to generate in-depth understanding rather than statistical generalization. 
Meaning that the focus is not on testing causal relationships between variables, but on 
exploring how operational decision-makers perceive, interpret, and use AI-based information 
systems in their everyday work. In addition, the study focuses specifically on AI as part of 
information systems used for decision support or decision-related activities, rather than on AI 
as a purely technical artifact detached from organizational practice. 

The study focuses on the manufacturing industry and is not to be generalised with other 
industries or organizations. Instead, the aim is to provide context-bound and analytically rich 
understanding of the role of AI-based information systems in operational decision-making 
within the manufacturing field. For this study, 12 participants from four organizations within 
the selected field were interviewed and built the empirical foundation. (see 3.2 Participating 
Organizations and 3.4.2 Sampling). 
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2. Theoretical framework 
This chapter aims to define the decision-making process and identify the various dimensions 
of human-AI interaction in operational decision-making. It reviews empirical studies on 
different aspects of AI in decision-making processes in order to identify existing tensions and 
challenges. The framework primarily draws on two theoretical perspectives: decision-making 
theory and human-AI interaction from an operational perspective. Furthermore, the chapter 
explains how AI tools support operational decision-making and elaborates on the underlying 
problem statement. The theoretical framework is structured to clarify and support the 
research problem addressed in this study. In addition, this section outlines the theoretical 
foundations explaining how AI-based information systems influence tensions within 
operational decision-making processes. 

2.1 Decision-Making from a Human Perspective 

Decision making is a fundamental aspect of human life and plays an important role in 
personal, social, and organizational activities (Kahneman and Tversky, 1984). Every 
individual makes decisions daily, ranging from simple routine choices to complex moral and 
strategic judgments. The decision-making process from a human perspective involves 
cognitive reasoning, emotional responses, social influences, personal experiences, and ethical 
considerations. The human decision-making process generally follows several stages: 
identifying a problem, gathering information, evaluating alternatives, selecting an option, 
implementing the decision, and reviewing the outcome. Although these stages appear 
systematic, human behavior often makes the process more dynamic and less predictable. 
Simon’s theory of bounded rationality explains that individuals do not always make optimal 
decisions because their cognitive capacity and available information are limited (Simon 
1979). Instead, people often choose satisfactory solutions that meet minimum expectations 
rather than searching for the absolute best option.  

The evaluation of alternatives is another important stage in the decision-making process. 
Human beings compare possible outcomes based on risks, rewards, emotions, and personal 
beliefs. Kahneman and Tversky’s prospect theory demonstrated that people react differently 
to gains and losses (Kahneman and Tversky, 1979). Individuals tend to avoid risks when 
outcomes appear positive but may become risk-seeking when trying to avoid losses. This 
shows that emotions and perceptions strongly influence human judgment. Intuition also plays 
a significant role in decision making. While rational analysis involves logical evaluation, 
intuition is based on subconscious experiences and immediate understanding. Calabretta et  
al. (2017) argue that intuition and rationality interact during strategic decision-making 
processes rather than operating separately. In many real-life situations, individuals combine 
analytical thinking with instinctive judgment to make decisions quickly and effectively. 

Human decisions are strongly shaped by psychological and social factors. Cognitive biases 
often affect how individuals interpret information and evaluate alternatives. Social 
environments also influence human decisions. Family, culture, education, religion, peer 
groups, and organizational structures affect how people perceive alternatives and make 
choices. Schmidt (2022) argues that decision making should not be understood only as an 
individual activity because social interactions and cultural practices shape human judgment. 
This implies that people often make decisions according to social expectations, norms, and 
collective values rather than personal reasoning alone. Ethics and morality further influence 
the human decision-making process. Individuals frequently consider fairness, empathy, 
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responsibility, and social consequences when making important choices. Moral 
decision-making becomes especially important in professional and organizational settings 
where decisions may affect other people. Martin et al. (2021) emphasize that 
perspective-taking and moral reasoning are essential components of ethical decision making 
because humans naturally consider the impact of their actions on others.  

Although AI possesses superior data analytical capabilities and has significantly improved its 
cognitive and reasoning abilities, it still lacks full reliability when making complex decisions 
(Davenport et al. 2020). In contrast, humans, with their advanced cognitive abilities, intuition, 
ethical reasoning, and experience, are often more effective in handling complex and uncertain 
situations. However, humans have limitations in processing and analyzing large volumes of 
data within a short period of time, which may affect the quality and speed of decision making 
(Shrestha et al. 2019). 

2.2 Operational Decision-Making  
Operational decision making has been widely conceptualised as a process embedded within 
organisational routines and constrained by bounded rationality. According to Simon (1979), 
decision making is not a purely rational activity but rather a bounded and processual practice 
in which individuals make choices under conditions of limited information, cognitive 
constraints, and time pressure. This perspective challenged the traditional assumption of fully 
rational decision-making by arguing that managers often satisfy rather than optimise because 
they operate in complex and uncertain environments. Similarly,  Elbanna and Child (2007) 
emphasise that decision-making is not purely rational or technical, but also behavioural and 
contextual, influenced by organisational culture, professional expertise, power relations, and 
technological systems. In addition, Harrison and Pelletier (2000) defined decision making as 
the process through which individuals or groups identify a problem, evaluate alternatives, and 
select a course of action in pursuit of organisational objectives. Within this perspective, 
operational decision making refers to short-term and recurrent decisions that are embedded in 
the everyday execution of organisational activities and aimed at maintaining operational 
continuity and performance. 

Recent developments in digital technologies and AI have significantly transformed 
organisational decision-making processes. AI-enabled systems can process large volumes of 
structured and unstructured data, generate predictive insights, automate routine decisions, and 
support operational efficiency. As a result, organisations increasingly rely on data-driven 
decision-making approaches to improve accuracy, consistency, and responsiveness (Shrestha 
et al. 2019). In manufacturing organisations, operational decisions are increasingly influenced 
by AI-based information systems that provide realtime, predictive, and data-driven insights 
(Zhang et al. 2025). Such decisions commonly emerge in production scheduling and 
short-term planning processes, where AI systems recommend sequencing adjustments, 
resource reallocations, production prioritisation in response to changing demand conditions, 
and  capacity constraints (Leng et al. 2024, Hong et al. 2026). Operational decision making is 
also evident in maintenance and anomaly management, where predictive maintenance 
technologies identify potential risks of equipment failure and whether immediate intervention 
is necessary (Stracke et al. 2026).  

These operational decision situations demonstrate that decision making unfolds as a dynamic 
organisational process rather than as a singular event. The process typically begins with the 
identification of a situation requiring managerial attention, often initiated through 
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AI-generated alerts, dashboards, or predictive indicators. Decision makers subsequently 
interpret the information provided by AI systems, assess possible alternatives, and determine 
appropriate responses within existing operational constraints. Although AI-based information 
systems significantly enhance organisational information processing capacity and predictive 
accuracy, the responsibility for final decisions and their organisational consequences remains 
with human actors (Stracke et al. 2026). Consequently, operational decision making becomes 
a site where tensions between automation and professional judgement, efficiency and 
responsibility, and control and flexibility become increasingly visible within contemporary 
manufacturing environments (Bani Hani et al. 2024; Stracke et al. 2026; Li and Tian, 2026). 

2.3 AI-Based Information Systems In Operational Settings 
AI is explained as computer systems capable of performing tasks that traditionally require 
human intelligence, including learning, reasoning, complex problem-solving, perception, and 
language processing (Russell and Norvig, 2009; Berente et al. 2021; Oppioli et al. 2025). 
Consistent with this perspective, the EU Artificial Intelligence Act defines AI systems as 
“machine-based systems designed to operate with varying levels of autonomy and that may 
exhibit adaptiveness after deployment, and that, for explicit or implicit objectives, infer from 
the input they receive how to generate outputs such as predictions, content, 
recommendations, or decisions that can influence physical or virtual environments” EU 
Artificial Intelligence Act, 2025). This definition highlights AI's growing role not only in 
automating tasks but also in supporting and shaping organizational decision-making 
processes. 

Within this theoretical framework, AI-based information systems refer to artificial 
intelligence applications that are either integrated into existing information systems or 
deployed as stand-alone solutions to support operational decision-making in manufacturing 
environments. These systems encompass a broad range of technologies, including machine 
learning algorithms, Generative AI (GenAI), Agentic AI, predictive analytics tools, 
intelligent scheduling systems, computer vision applications, predictive maintenance 
platforms, and autonomous decision-support systems. In modern organizations, operational 
decision-making concerns routine and short-term decisions that ensure the efficient execution 
of daily activities, such as inventory management, production scheduling, logistics, fraud 
detection, and customer service operations. 

AI has become increasingly significant in operational decision-making due to the rapid 
growth of organizational data, which often exceeds human analytical capabilities. The 
primary objective of AI-based information systems is to improve operational efficiency 
through enhanced predictive capabilities, faster information processing, and the 
standardization of routine decision-making processes (Köcher, Burggräf, and Wagner, 2025; 
Li and Tian, 2026). Further, De Bock et al. (2024) argue that AI-driven operational research 
can improve decision quality while simultaneously promoting transparency and 
accountability in decision-making processes. Recent studies also demonstrate that AI systems 
in manufacturing are increasingly applied to real-time production monitoring, anomaly 
detection, demand forecasting, defect identification, and dynamic resource allocation, thereby 
transforming operational decision-making across production processes (Stracke et al. 2026). 

The integration of AI into decision-making has become a central topic in contemporary 
research, with a growing body of literature examining its organizational, managerial, and 
societal implications (Oppioli et al. 2025). Operational decision-making has been particularly 
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transformed by AI in data-intensive and dynamic sectors such as manufacturing and 
healthcare. Current literature conceptualizes AI both as a decision-support technology and as 
an increasingly autonomous agent that reshapes how organizations process information, 
evaluate alternatives, make decisions, and implement actions. Several studies suggest that AI 
is fundamentally altering decision-making processes (Liu et al. 2013). Empirical evidence 
further indicates that AI-driven frameworks enhance operational efficiency and decision 
accuracy by aligning analytical capabilities with strategic objectives (Al-Surmi et al. 2022). 
Similarly, AI applications in production planning utilize both real-time and historical data to 
facilitate more informed and timely decisions (Franke et al. 2022). In manufacturing 
organizations, AI-enabled systems support real-time monitoring, predictive maintenance, and 
process optimization, enabling faster, more consistent, and data-driven decisions within 
structured operational environments (Zhang et al. 2025). In the following paragraphs further 
explain how AI supports the decision making process.  

2.3.1 AI Tools Used for Decision-Making 

AI tools have become increasingly important in organisational decision-making processes 
across industries such as manufacturing, healthcare, finance, and logistics. AI-based 
decision-support systems enable organisations to process large volumes of data, identify 
patterns, generate predictions, and support managers in making faster and more informed 
decisions(Brynjolfsson and McElheran, 2016; Raisch and Krakowski, 2021). Rather than 
replacing human decision makers entirely, contemporary AI tools are often designed to 
augment human judgement by improving analytical capabilities and reducing uncertainty in 
complex operational environments (Shrestha, Krishna and von Krogh, 2021). 

One of the most commonly used AI tools for decision-making is machine learning-based 
predictive analytics. Predictive analytics systems analyse historical and real-time data to 
forecast future outcomes, such as equipment failures, customer demand, or supply chain 
disruptions. In manufacturing organisations, predictive maintenance tools can identify 
anomalies in machine behaviour and alert managers before breakdowns occur, thereby 
supporting proactive operational decisions. Similarly, AI-driven scheduling systems optimize 
production planning by reallocating resources and adjusting workflows based on changing 
conditions (Trunk, Birkel and Hartmann, 2020). 

Another significant category of AI tools includes expert systems and decision-support 
systems (DSS). These systems combine algorithms, databases, and organisational knowledge 
to assist managers in evaluating alternatives and selecting appropriate actions. Modern 
AI-enabled DSS often integrate dashboards, natural language processing, and real-time 
analytics to support operational and tactical decision-making. According to Shrestha, 
Ben-Menahem and von Krogh (2019), AI systems can improve organisational decision 
quality by enhancing information processing capabilities and reducing cognitive limitations 
associated with human decision makers. However, these systems remain dependent on human 
interpretation and oversight, particularly in uncertain or ethically sensitive situations. 

Generative AI (GenAI) and deep learning technologies have further expanded the role of AI 
tools in decision-making. Deep learning algorithms are increasingly applied in quality 
control, image recognition, forecasting, and risk analysis, enabling organisations to automate 
data-intensive tasks with high accuracy. For example, AI-based vision systems in 
manufacturing can identify product defects in real time and support operators in making rapid 
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quality-control decisions. These technologies improve efficiency and consistency, particularly 
in repetitive operational processes (Shrestha, Krishna and von Krogh, 2021). 

Some of the most common forms of GenAI usage includes ChatGPT and Copilot. These and 
other GenAI systems are increasingly adopted in operational environments for decision 
support, communication, and knowledge management. Generative AI assists managers in 
summarising reports, generating operational recommendations, analysing documents, and 
improving organisational communication (Brynjolfsson et al. 2025). These tools could 
improve productivity and support decision-making processes as they help analyse large 
quantities of data. 

2.4 AI support in operational decision making 

AI-supported decision-making refers to the use of AI technologies to assist decision-makers 
in analysing data, identifying patterns, generating predictions, and recommending actions in 
support of organisational objectives (Shrestha et al. 2019). The increasing adoption of AI in 
operational environments has led organisations to integrate AI-based information systems 
into activities such as demand forecasting, predictive maintenance, resource allocation, risk 
assessment, and process optimisation. By processing large volumes of data and generating 
timely insights, these systems help organisations improve efficiency, reduce uncertainty, and 
enhance the speed and quality of decision-making (Raisch and Krakowski, 2021). As a result, 
AI has become an increasingly important component of operational decision-making, 
particularly in contexts characterised by high information complexity, dynamic conditions, 
and time pressure(Brynjolfsson and McElheran, 2016; Hong et al. 2026). The ways in which 
AI supports operational decision-making, as well as its implications for organisational 
practices, are discussed in the following sections. 

2.4.1 Predictive Analytics and Forecasting 

One of the major ways AI supports operational decision-making is through predictive 
analytics. AI algorithms analyse historical and real-time data to predict future events and 
operational trends. Predictive analytics assists organisations in demand forecasting, inventory 
planning, maintenance scheduling, and workforce management. Retail companies, for 
example, use AI systems to forecast customer demand and optimize stock levels, reducing 
operational costs and preventing shortages. Machine learning models are particularly 
effective in forecasting because they continuously learn from new operational data and 
improve prediction accuracy over time. Liu et al. (2024) argue that reinforcement learning 
and multimodal AI systems significantly improve operational decisions in industrial 
environments by adapting dynamically to changing conditions. Through predictive 
capabilities, organisations can move from reactive decision-making to proactive operational 
management. 

2.4.2 Automation of Routine Decisions 

AI also supports operational decision-making through automation. Repetitive and rule-based 
operational tasks can be automated using AI-powered systems, enabling organisations to 
increase speed, accuracy, and consistency. Automated operational decisions are widely used 
in banking, manufacturing, transportation, and healthcare industries. Examples include 
automated loan approvals, robotic process automation (RPA), smart scheduling systems, and 
AI-powered customer support chatbots. Automation improves efficiency by reducing human 
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error and allowing employees to focus on strategic and creative tasks. Chai  and Cheng 
(2025) argue that AI integrated with optimisation technologies enables autonomous 
operational control and resource allocation in complex industrial systems. AI-based 
automation is therefore essential for organisations seeking operational agility and cost 
reduction. 

2.4.3 Decision Support Systems 

AI-driven Decision Support Systems (DSS) provide managers with analytical insights and 
recommendations that improve operational decisions. These systems process large amounts 
of structured and unstructured data, evaluate alternatives, and present the most effective 
options to decision-makers. AI-powered DSS are commonly used in supply chain 
management, healthcare diagnosis, logistics optimisation, and financial operations. 
Explainable AI (XAI) has become particularly important in decision support because 
organisations require transparency and accountability in AI-generated recommendations. 
Explainable AI improves trust and governance by enabling managers to understand how AI 
systems arrive at specific conclusions. Galanti et al. (2023) argue that explainability increases 
user confidence and organisational adoption of AI systems. Human-AI collaboration 
therefore produces more effective operational outcomes than relying solely on either humans 
or automated systems. 

2.4.4 Real-Time Monitoring and Risk Management 

Another significant contribution of AI in operational decision-making is real-time monitoring 
and anomaly detection. AI systems continuously analyse operational activities and identify 
unusual patterns or operational risks. This capability is particularly important in 
manufacturing, cybersecurity, finance, and transportation industries. For example, AI-based 
quality control systems can detect defective products during production processes faster and 
more accurately than human inspectors. In banking and financial services, AI systems 
identify suspicious transactions and potential fraud in real time. According to Thieme et al. 
(2021) AI can improve operational safety and decision quality by integrating risk analysis 
into automated systems. These capabilities enable organisations to minimise operational 
disruptions, improve reliability, and respond quickly to emerging threats. 

2.4.5 Human-AI Collaboration in Decision Processes 

Modern operational decision-making increasingly relies on collaboration between humans 
and AI systems. Rather than replacing managers completely, AI augments human intelligence 
by providing recommendations and analytical support. Managers contribute contextual 
understanding, ethical judgement, and strategic reasoning, while AI contributes 
computational speed and data-processing capabilities. Recent studies show that explainable 
and transparent AI systems are essential for effective human-AI collaboration(Schemmer et 
al. 2022). AI systems that clearly communicate reasoning processes increase trust and 
encourage organisational adoption. Moreover, Schemmer et al. (2022) argue that AI should 
support human-centred decision-making rather than operate independently in critical 
operational contexts. This balanced approach ensures that operational decisions remain 
accountable and aligned with organisational objectives. 
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2.5 Tensions in operational decision-making  

Tensions refer to the coexistence of competing, contradictory, and interdependent demands 
that individuals and organizations must address simultaneously. Such tensions emerge when 
opposing elements are perceived as interconnected and persistent rather than mutually 
exclusive, requiring ongoing balancing rather than permanent resolution (Lewis, 2000; Smith 
and Lewis, 2011). Organizations frequently encounter tensions between stability and change, 
efficiency and flexibility, control and autonomy, or short-term performance and long-term 
innovation. According to Smith and Lewis (2011), tensions arise when contradictory 
elements are perceived as interrelated and enduring, making it difficult to prioritize one 
objective without affecting the other. From a paradox perspective, such tensions should not 
be viewed as problems requiring either solutions, but as ongoing conditions that require 
continuous management through both approaches. 

The significance of tensions becomes particularly evident in operational decision-making, 
where decisions are made under conditions of uncertainty, resource constraints, time pressure, 
and performance expectations. Operational decision-makers must frequently reconcile 
competing priorities while ensuring that organizational objectives are achieved. For example, 
organizations seek efficiency through standardized processes and data-driven systems, yet 
operational environments often require flexibility and adaptation to unexpected events. 
Similarly, increasing automation can improve speed, consistency, and accuracy, but excessive 
reliance on automated systems may reduce opportunities for human intervention and 
contextual judgement when novel situations arise. As a result, operational decision-making is 
not simply a process of selecting optimal solutions but involves continuous negotiation 
between competing demands. 

The growing adoption of artificial intelligence (AI) further intensifies these tensions. 
AI-based systems offer significant benefits through automation, predictive analytics, and 
enhanced information processing capabilities, enabling organizations to improve operational 
efficiency and control (Raisch and Krakowski, 2021). However, these same technologies may 
also create new challenges related to transparency, accountability, adaptability, and 
professional discretion. While AI can support decision quality by providing data-driven 
recommendations, human decision-makers remain responsible for interpreting outputs, 
assessing contextual factors, and addressing situations that fall outside predefined system 
parameters. Therefore, the integration of AI does not eliminate tensions in operational 
decision-making; rather, it reshapes and often amplifies them. 

Understanding tensions is therefore essential for explaining how organizations use AI in 
practice. Rather than viewing operational decision-making as a choice between competing 
alternatives, a tension perspective highlights how organizations continuously balance 
contradictory yet interconnected demands. This perspective provides a valuable lens for 
understanding the challenges and complexities that emerge when human judgement and 
AI-based systems interact in operational contexts (Smith and Lewis, 2011; Schad et al. 2016). 
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2.6 Dimensions of Human-AI in decision making 

The increasing integration of AI into organizational decision-making has transformed the 
relationship between human decision-makers and technological systems. Rather than 
functioning solely as decision-support tools, AI systems increasingly participate in decision 
processes by generating predictions, recommendations, and analytical insights that shape 
organizational actions (Faraj, Pachidi and Sayegh, 2018; Shrestha, Ben-Menahem and von 
Krogh, 2019). As a result, decision-making is increasingly understood as a collaborative 
process in which humans and AI jointly contribute to the generation, evaluation, and 
implementation of decisions. This development raises important questions regarding how 
authority, expertise, accountability, and decision-making responsibilities are distributed 
between human actors and technological systems. 

To examine these questions, this study adopts a tension perspective rooted in tension theory. 
According to  scholars, organizations are characterized by competing yet interdependent 
demands that persist over time and cannot be permanently resolved (Lewis, 2000; Smith and 
Lewis, 2011). Rather than choosing between opposing alternatives, organizations must 
continuously balance contradictory objectives through ongoing negotiation and adaptation. 
The introduction of AI into operational decision-making makes such tensions particularly 
visible because AI simultaneously enhances certain organizational capabilities while creating 
new constraints and challenges. 

Based on this perspective, the study focuses on six dimensions: control, flexibility, 
automation, professional judgement, efficiency, and responsibility. These dimensions were 
selected not simply because they frequently appear in the literature, but because together they 
represent key areas in which tensions emerge when decision-making authority is shared 
between humans and AI systems (Dellermann et al. 2019; Raisch and Krakowski, 2021). 
More specifically, the dimensions can be organized into three theoretically informed tension 
relationships. The first concerns control and flexibility, reflecting the tension between 
standardized, data-driven coordination and the need for contextual adaptation in dynamic 
operational environments. The second concerns automation and professional judgement, 
highlighting the tension between algorithmic decision support and human expertise in 
situations involving uncertainty, complexity, or ethical considerations. The third concerns 
efficiency and responsibility, capturing the tension between optimizing operational 
performance and maintaining accountability for decisions and their consequences. 

These dimensions therefore constitute more than individual characteristics of AI-supported 
decision-making. Together they provide an analytical framework for understanding how 
competing demands are created, experienced, and managed in practice. The framework 
assumes that the implementation of AI does not simply improve decision-making through 
technological advancement; rather, it reshapes existing organizational tensions and generates 
new ones. By examining how organizations balance control with flexibility, automation with 
professional judgement, and efficiency with responsibility, the framework provides a 
theoretically grounded lens for analysing human-AI collaboration in operational 
decision-making contexts. 

The following sections examine each dimension in greater detail and explain how they 
contribute to the emergence and management of tensions in AI-supported operational 
decision-making. 
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2.6.1 Control with Human-AI  

Control is a central dimension of AI-supported decision-making and has received 
considerable attention in research on AI and manufacturing (Brynjolfsson and McElheran, 
2016; Raisch and Krakowski, 2021). In operational environments, AI-based information 
systems enhance control by enabling real-time monitoring, predictive maintenance, anomaly 
detection, and dynamic production planning. These capabilities allow organizations to move 
beyond reactive management approaches and adopt more proactive, data-driven forms of 
operational control (Kocher, Burggräf and Wagner, 2025). 

The increasing availability of real-time operational data improves process visibility and 
enables managers to identify problems, anticipate disruptions, and coordinate activities more 
effectively. AI systems continuously analyse data generated by machines, sensors, and 
production lines, providing decision-makers with timely information about production 
performance, resource utilization, and operational risks (Azeta et al., 2026). In manufacturing 
environments, where workflows are highly interdependent and downtime can be costly, such 
visibility strengthens coordination and supports faster responses to operational challenges. 
Technologies such as digital twins and AI-powered dashboards further extend managerial 
oversight by providing a comprehensive view of production processes and system 
performance (Kocher, Burggräf and Wagner, 2025). 

However, the literature suggests that increased control through AI is accompanied by 
important challenges. While AI systems strengthen monitoring and standardization, they may 
also reduce managerial discretion and limit opportunities for context-based 
decision-making(Faraj, Pachidi and Sayegh, 2018). As decision processes become 
increasingly embedded within algorithmic systems, managers may become more dependent 
on system-generated recommendations and less reliant on professional experience and 
situational judgement (Saupa et al., 2026). This can restrict flexibility in situations where 
local knowledge or contextual understanding is required. Furthermore, excessive reliance on 
algorithmic control may shift managers from active decision-makers to supervisory monitors, 
potentially reducing learning opportunities and weakening their sense of agency. Although 
responsible AI governance can improve coordination and foresight, excessive control may 
undermine adaptive decision-making and managerial autonomy (Al-Surmi et al., 2026). 

Overall, the studies suggest that AI-based information systems strengthen operational control 
by increasing visibility, monitoring capabilities, and process standardization. However, 
simultaneously  they may reduce managerial autonomy and flexibility by embedding decision 
authority within algorithmic systems.  

2.6.2 Flexibility with Human-AI 

Flexibility is an important dimension of operational decision-making because manufacturing 
environments are characterized by changing customer demands, supply chain disruptions, 
equipment failures, and other forms of uncertainty. AI-based information systems can 
enhance operational flexibility by supporting adaptive scheduling, intelligent production 
planning, and dynamic resource allocation (Köcher et al., 2021). Through continuous data 
analysis and predictive capabilities, AI systems enable organizations to respond more quickly 
to changing operational conditions and optimize decisions in real time. Furthermore, 
human-AI collaborative systems can improve flexibility when decision-makers retain the 
ability to interpret, modify, or override algorithmic recommendations based on contextual 
knowledge and experience (Li and Tian, 2026). 
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However, the literature suggests that flexibility may be constrained by the very systems 
designed to improve it. AI models often rely on standardized rules, historical data, and 
predefined optimization criteria, which may limit their ability to accommodate unexpected 
events, environmental uncertainty, or context-specific exceptions (Bader and Kaiser, 2019; 
Raisch and Krakowski, 2021).  Shrestha, Ben-Menahem and von Krogh (2019) argue that AI 
systems perform effectively in structured and predictable environments but often struggle 
when confronted with novel situations that fall outside the scope of their training data In such 
circumstances, human expertise becomes essential for interpreting emerging situations, 
applying contextual knowledge, and adapting decisions to local conditions (Jarrahi, 2018). 
Consequently, organizations must balance the consistency, efficiency, and predictability 
offered by AI systems with the flexibility, adaptability, and situational judgement provided by 
human decision-makers (Faraj, Pachidi and Sayegh, 2018; Raisch and Krakowski, 2021). 

Taken together, the literature suggests that AI can enhance operational flexibility by enabling 
faster and more adaptive responses to changing conditions. At the same time, excessive 
reliance on standardized algorithmic processes may reduce the ability to address unique or 
unforeseen situations.  

2.6.3 Automation with Human-AI 

Automation is one of the most prominent features of AI-supported decision-making. AI 
systems increasingly perform tasks that were previously carried out by human professionals, 
including production scheduling, anomaly detection, maintenance planning, inventory 
management, and process optimization (Köcher et al., 2025). Unlike traditional rule-based 
automation, AI-driven systems can learn from data, adapt to changing conditions, and make 
increasingly autonomous decisions through machine learning and optimization techniques 
(BaniHani et al., 2024). Consequently, automation has become a key mechanism for 
improving efficiency, consistency, and decision speed in manufacturing environments. 

Despite these benefits, the literature indicates that increasing automation also reshapes the 
role of human decision-makers. As operational decisions become more automated, human 
actors may become less involved in the decision-making process and more focused on 
monitoring and supervising system outputs. While this can reduce workload and improve 
efficiency, it may also weaken professional expertise and reduce opportunities for 
experiential learning (BaniHani et al., 2024). Furthermore, highly automated systems may 
struggle when operating conditions deviate from the assumptions embedded in their models, 
requiring human intervention and contextual judgement (Li and Tian, 2026). 

Overall, the literature suggests that automation can improve the speed, consistency, and 
efficiency of operational decision-making. However, it may also reduce opportunities for 
human involvement and professional judgement.  

2.6.4  Professional judgement with Human-AI 

Despite the growing use of AI in operational decision-making, professional judgement 
remains a critical component of organizational practice. While AI systems can process large 
volumes of data, identify patterns, and generate recommendations, they often lack the 
contextual understanding, experiential knowledge, and interpretive capabilities required to 
address complex and uncertain situations (Jarrahi, 2018; Shrestha, Ben-Menahem and von 
Krogh, 2019). Consequently, managers and supervisors continue to rely on tacit knowledge, 
practical experience, and situational awareness when responding to unexpected events, 
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operational disruptions, and ambiguous decision contexts (Faraj, Pachidi and Sayegh, 2018; 
Raisch and Krakowski, 2021). AI therefore complements rather than fully replaces human 
expertise, particularly in environments characterized by uncertainty and complexity. 

The studies  suggest that the effectiveness of AI-supported decision-making depends on the 
ability of human actors to critically evaluate and contextualize AI-generated outputs rather 
than simply accepting algorithmic recommendations (Jarrahi, 2018; Shrestha, Ben-Menahem 
and von Krogh, 2019). This requires not only technical competence but also trust in the 
reliability, transparency, and explainability of AI systems, as these factors influence users' 
willingness to rely on and appropriately challenge AI-generated recommendations (Glikson 
and Woolley, 2020; Bader and Kaiser, 2019). Research shows that users are more likely to 
rely on AI recommendations when they perceive decision processes as understandable, fair, 
and procedurally legitimate (Starke et al., 2021; Glikson and Woolley, 2020; Gunasekara et 
al. 2025). In this regard, AI and humans contribute different but complementary capabilities: 
AI provides analytical and computational power, while humans contribute contextual 
interpretation, ethical reasoning, and professional judgement (Dellermann et al., 2019). 

In summary the reviewed literature indicates that professional judgement remains essential in 
AI-supported operational decision-making. Although AI can enhance decision quality 
through data-driven insights, human actors remain responsible for interpreting 
recommendations and adapting them to specific operational contexts (Jarrahi, 2018; Shrestha, 
Ben-Menahem and von Krogh, 2019).  

2.6.5 Efficiency with Human-AI 

Efficiency is one of the primary motivations for adopting AI in manufacturing and 
operational decision-making. AI-based information systems enable organizations to process 
information more rapidly, automate routine tasks, optimize workflows, and improve the speed 
and consistency of decision-making processes (Brynjolfsson and McElheran, 2016; Raisch 
and Krakowski, 2021). Through capabilities such as predictive maintenance, intelligent 
scheduling, and real-time process optimization, AI can reduce downtime, improve resource 
utilization, and enhance overall operational performance (Lee et al., 2018; Frank, Dalenogare 
and Ayala, 2019). These capabilities allow organizations to move from reactive to proactive 
operational management by identifying inefficiencies, anticipating disruptions, and 
supporting timely decision-making. 

Beyond process-level improvements, the literature increasingly views AI as a strategic 
capability that enhances an organization's ability to respond to changing operational 
conditions. By analysing large volumes of operational data, AI systems can identify 
inefficiencies, predict disruptions, and support proactive decision-making (Shrestha, 
Ben-Menahem and von Krogh, 2019; Raisch and Krakowski, 2021). Consequently, AI 
contributes not only to operational efficiency but also to organizational adaptability by 
enabling firms to anticipate challenges and respond more effectively to dynamic 
environments (Mikalef and Gupta, 2021) 

At the same time, the pursuit of efficiency may create unintended consequences. Highly 
optimized AI systems often rely on standardized processes and predefined objectives, which 
can reduce flexibility and limit opportunities for human intervention (Jarrahi, 2018; Bader 
and Kaiser, 2019). While such systems improve consistency and efficiency, they may also 
constrain managerial discretion and the ability to respond to unforeseen circumstances, 
creating tensions between standardization and adaptability in operational decision-making 
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(Faraj, Pachidi and Sayegh, 2018; Raisch and Krakowski, 2021). Excessive emphasis on 
efficiency may therefore come at the expense of adaptability, transparency, and employee 
engagement (Jarrahi, 2018; Bader and Kaiser, 2019). Furthermore, over-standardization may 
constrain organizational learning and reduce the ability to respond effectively to novel 
situations (Raisch and Krakowski, 2021). 

Taken together, the literature suggests that AI can significantly improve operational 
efficiency through automation, optimization, and faster decision-making. However, these 
benefits may also create challenges by reducing flexibility and human involvement in 
decision processes.  

2.6.6  Responsibility with Human-AI 

Responsibility has become a central concern as AI systems increasingly support operational 
decision-making. In manufacturing settings, AI-based information systems are used to 
support production planning, predictive maintenance, scheduling, resource allocation, and 
workforce-related decisions, thereby extending algorithmic influence over critical operational 
activities (Shrestha, Ben-Menahem and von Krogh, 2019; Raisch and Krakowski, 2021; 
Mitta, 2025; Stracke et al., 2026). While these systems can improve efficiency and decision 
quality, their growing role raises important questions regarding accountability, human 
oversight, and responsibility for decisions made with AI-generated recommendations 
(Papagiannidis et al., 2025; Holzinger, 2025). 

The literature highlights that responsibility extends beyond the technical performance of AI 
systems. Organizations must also address the consequences of inaccurate recommendations, 
system failures, biased outcomes, and safety risks. To address these challenges, scholars 
emphasize the importance of governance mechanisms that promote transparency, 
explainability, fairness, and human oversight (Floridi et al., 2018; Besinger, Zaremba and 
Ansari, 2025). A recurring concern in the literature is the emergence of an accountability gap. 
While AI systems may increasingly shape or automate decisions, responsibility for outcomes 
often remains with human managers and supervisors (Batool, Zowghi and Bano, 2024). This 
becomes particularly problematic when decision processes are difficult to understand or 
explain. Consequently, researchers advocate mechanisms such as audit trails, explainability 
tools, decision logs, and oversight procedures to ensure accountability and traceability in 
AI-supported decision-making (Bader and Kaiser, 2019). 

In conclusion, the literature suggests that responsibility remains fundamentally human, even 
when decision authority is partially delegated to AI systems. As organizations increase their 
reliance on AI, maintaining accountability requires effective governance structures and 
meaningful human oversight (Floridi et al., 2018; Shrestha, Ben-Menahem and von Krogh, 
2019).  

2.7 Summary of theoretical framework 

This chapter has examined decision-making from a human and organizational perspective 
and explored how AI-based information systems influence operational decision-making. The 
reviewed literature suggests that operational decision-making is not merely a technical or 
rational process. Rather, it is shaped by the interaction between organizational structures, 
human judgement, and technological systems. 
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Taken together, the literature highlights that AI-supported operational decision-making is 
characterized by several interrelated dimensions, including control, flexibility, automation, 
professional judgement, efficiency, and responsibility. These dimensions provide a useful lens 
for understanding how decision-making authority and expertise are distributed between 
humans and AI systems. However, they should not be viewed as independent characteristics. 
Instead, they often involve competing demands that organizations must balance in practice. 

For example, increased automation may improve efficiency while reducing opportunities for 
professional judgement. Similarly, greater control through AI-driven monitoring and 
standardization may limit flexibility and managerial discretion. Efforts to maximize 
efficiency may also create challenges related to responsibility and accountability for decision 
outcomes. As a result, the implementation of AI does not simply enhance organizational 
performance; it also reshapes decision-making practices and creates potential tensions 
between technological capabilities and human expertise. 

This suggests that AI-supported operational decision-making cannot be understood as a 
straightforward process of optimization. Rather, it involves balancing competing 
organizational and human requirements that may come into conflict in everyday operational 
work. Understanding how these tensions emerge and are managed is therefore essential for 
organizations seeking to benefit from AI while maintaining professional judgement, 
accountability, and adaptive decision-making. 

Consequently, this theoretical framework positions tensions as a central analytical concern of 
the study. It provides the foundation for investigating how tensions between AI systems and 
human decision-making practices are experienced and managed in operational contexts 
within large manufacturing organizations. Furthermore, the framework guides the empirical 
investigation by informing the interview design, data analysis, and interpretation of findings. 
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3. Methodology  
This chapter outlines the methodological approach used to investigate how AI-based 
information systems shape tensions in operational decision-making. A qualitative interview 
study design was adopted to enable an in-depth understanding of how these systems are 
experienced in practice. The study follows an abductive approach, allowing for an iterative 
interplay between empirical data and theoretical concepts. Data were collected through 
semi-structured interviews and analysed using thematic analysis inspired by Grounded theory 
and its explanation by Turner and Astin (2021). This chapter presents the participating 
organizations, research approach, data collection, analysis, and ethical considerations, 
providing the methodological foundation for addressing the research question. 

3.1 Research design 
This study adopted a qualitative interview design to explore tensions emerging in the use of 
AI-based information systems for operational decision-making. This qualitative approach was 
considered appropriate because the purpose of the study was to gain an in-depth 
understanding of how practitioners experience, interpret, and manage AI-supported 
decision-making in their everyday work (Recker, 2013). Rather than measuring predefined 
variables or testing causal relationships, the study sought to explore participants’ experiences 
and perceptions of AI-based information systems within their organizational contexts. 

Qualitative interviewing is particularly suitable when researchers aim to obtain rich and 
context-bound insights into participants’ perspectives and experiences (Nathan, Newman and 
Lancaster, 2018). Since the study investigates a relatively underexplored phenomenon 
concerning how practitioners experience AI-supported operational decision-making, a 
qualitative interview design was considered appropriate for capturing nuanced and detailed 
accounts of participants’ experiences (Nathan, Newman and Lancaster, 2018). The design 
further aligns with the interpretive orientation of the study, where the objective is to 
understand how participants make sense of their experiences rather than to identify objective 
truths or statistically generalisable findings (Nathan, Newman and Lancaster, 2018). 

3.2 Participating Organizations 

Four organizations operating within the manufacturing sector participated in the study. To 
preserve anonymity, the organizations are referred to as Case A, Case B, Case C, and Case D 
throughout the thesis. 

Although all participating organizations operate within manufacturing-related industries, they 
differ regarding products, operational processes, and AI implementation practices. This 
variation provided access to a broad range of experiences and perspectives regarding the use 
of AI-based information systems in operational decision-making while maintaining the 
study’s focus on a common industrial context. 

The participants represented various professional roles, including operational managers, 
engineers, analysts, developers, and specialists working directly with AI-supported 
operational processes. This diversity enabled the study to capture multiple perspectives on 
how AI-based information systems are used and experienced in operational decision-making. 

Case A is a global enterprise with its management in Sweden. The company operates within 
the vehicle manufacturing field and is classified as a large enterprise with 250+ employees 
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and over €50m in annual turnover. Following, the company has both created its own AI-based 
information system tools for operative decision-making and uses publicly released AI-tools 
for its operational activities. Hence, making it a relevant empirical setting for examining how 
such systems influence decision-making practices in real-world contexts (Recker, 2013).  

Likewise, Case B is also categorized as a large enterprise, with 250+ employees and more 
than €50m in annual turnover. Similarly, Case B is a vehicle manufacturing company 
operating from Sweden with worldwide customers. The organisation is currently using 
AI-based tools to support decision-making and is therefore a relevant case to examine. The 
similarities of Case A and B makes the findings directly comparable.  

Moreover, Case C is classified as a medium enterprise, with 50-249 employees and €10-50m 
in annual turnover. It has customers worldwide with its management in Sweden. It operates 
within the manufacturing industry, specifically production of fans and ventilation. Case C is a 
manufacturing firm that has recently implemented AI analysis tools for decision-making 
making it a suitable Case for this study. 

Additionally, Case D is categorized as a micro company, consisting of one person. This is a 
consulting business that also offers AI-based tools to support strategic decision-making. 
Hence, bringing a slightly different perspective of AI-based information systems in 
comparison to the other cases. Case D was chosen because it helped explain the aim of the 
usage of AI-based tools for decision-making, not only how they are perceived in reality by 
practitioners. However, to reflect the manufacturing industry as a whole, the selection of Case 
C was done purposefully to include another field within manufacturing opposed to Case A 
and Case B. Although, criteria of the cases to operate in a data-intensive industrial 
environment was met for all cases. Likewise, information systems and AI-tools are adopted 
within operational worktasks for all cases, aligning the cases with the purpose of the study. 

Overall, the cases vary in organizational size, industrial field, and role perspectives. This 
variation is methodologically important because it allows the study to examine AI-based 
decision-making across different organizational contexts rather than within a single type of 
organization. The inclusion of multiple contexts and roles makes it possible to capture how 
AI-based decision-making is experienced from different perspectives, including managerial, 
operational, and tool-development or advisory perspectives. This strengthens the analytical 
generalisation of the findings by enabling the study to identify whether similar patterns, 
tensions, and experiences appear across different settings. In this way, the findings are not 
generalized statistically, but analytically. This by showing how recurring themes can be 
understood in relation to broader socio-technical dynamics surrounding AI-based information 
systems (Recker, 2013; Nathan, Newman and Lancaster, 2018). 

Although the cases differ in size and specific field, all cases meet the criteria of operating in 
data-intensive industrial environments and using information systems or AI-based tools in 
operational or strategic decision-making. This alignment ensures that the cases remain 
relevant to the purpose of the study while still providing enough variation to support 
cross-case comparison. The variation strengthens the study by making it possible to identify 
recurring patterns across cases and contexts, while maintaining the contextual depth of each 
studied case. 

To ensure confidentiality and adhere to ethical research standards, the identities of the 
organizations are not disclosed. The descriptions therefore only include the size of the 
organization and its operating field. This aligns with established ethical principles in 
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qualitative research concerning anonymity and the protection of participants and 
organizations (Hennink et al. 2020). 

3.3 Research Approach 

This study follows an abductive research approach, characterized by a continuous iterative 
progression between empirical material and existing theory (Dubois and Gadde, 2002). 
Rather than approaching the analysis as purely inductive or deductive, initial theoretical 
concepts functioned as sensitizing mechanisms that guided attention during data collection, 
while still allowing empirical observations to challenge, refine, or extend these concepts. 

In practice, the abductive approach was applied by first using concepts from prior research, 
such as control, flexibility, automation, and professional judgement, as a preliminary 
theoretical framework. These concepts were identified through previous scientific research on 
AI-tool usage and are presented in Appendix 2. They helped shape the initial interview guide 
and directed attention toward possible tensions in AI-based decision-making. However, the 
analysis did not simply apply these concepts to the empirical material. Instead, the interview 
data was continuously compared with the theoretical framework to identify where the 
empirical findings confirmed, contradicted, or extended existing concepts. 

This iterative process influenced the study in several ways. After each interview, the 
interview guide was refined to better capture emerging themes and to explore issues that had 
appeared as analytically relevant in previous interviews. For example, when participants 
described AI tools as both supporting efficiency and creating uncertainty in professional 
judgement, these observations were used to further develop the analysis of tensions between 
automation and human expertise. In this way, the theoretical framework was not fixed from 
the beginning, but gradually refined through the empirical material. 

The abductive approach also shaped the development of the final analysis. One tension was 
based on an already established theme in prior research, one tension was adapted from 
research in other industrial contexts, and one tension emerged more directly from the 
empirical material. This allowed the study to build on existing theory while also generating 
new insights into how AI-based information systems shape decision-making practices. Thus, 
the study followed the logic of systematic combining, where theory, data collection, and 
analysis are developed in parallel rather than in a linear sequence (Dubois and Gadde, 2002). 
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3.4 Data collection 

This study adopts a qualitative research methodology grounded in an interpretivist 
perspective, as the aim is to explore how individuals perceive and make sense of AI-based 
information systems in their daily work practices. Qualitative research is particularly suitable 
when the objective is to gain an in-depth understanding of experiences, meanings, and 
processes rather than to test predefined hypotheses or measure relationships quantitatively 
(Hennink et al. 2020). 

Within the field of information systems, qualitative approaches are commonly used to 
examine how technologies are embedded in organizational contexts and how they influence 
human behaviour and decision-making processes (Recker, 2013). This is especially relevant 
in the context of AI-based systems, where decision-making is not solely driven by 
technology, but emerges through the interaction between human actors and algorithmic 
outputs. 

To capture these dynamics, semi-structured in-depth interviews were selected as the data 
collection method. This method allows for a balance between structure and flexibility, where 
predefined themes guide the conversation while still enabling participants to elaborate on 
their experiences and introduce new perspectives (Hennink et al. 2020). In-depth interviews 
are particularly valuable when studying complex phenomena, as they provide rich and 
detailed insights into how individuals interpret and interact with technologies in practice. 

Data collection was conducted through semi-structured in-depth interviews, which were 
carried out either in person or via digital communication platforms depending on practical 
considerations. Each interview followed an interview guide with open-ended questions (see 
Appendix 1), but the questions were adapted during the interviews depending on the 
participant’s role, experience, and answers. For example, follow-up questions were used 
when participants described specific situations where AI-based tools influenced 
decision-making, uncertainty, control, or professional judgement. This enabled the 
interviewer to explore relevant themes in greater depth while still maintaining consistency 
across the interviews. The interaction between interviewer and participant was therefore 
conversational, but guided by the overall themes of the study. 

In total, twelve interviews were conducted, with six interviews carried out by each author. 
The interviews lasted approximately 30-60 minutes, depending on the participant’s 
availability and the depth of their responses. Interviews were audio-recorded with 
participants’ consent to ensure that no information was lost and to enhance the accuracy of 
the subsequent analysis. Recording interviews is a common practice in qualitative research 
and supports detailed analysis of qualitative data (Hennink et al. 2020). 

The interviews were subsequently transcribed using AI-based transcription tools, including 
Klang.AI, which convert audio into text. Following each transcription, the responsible author 
who had conducted the interview read through the transcript to ensure that the transcription 
accurately reflected the recorded interview. When errors or unclear formulations were 
identified, the transcript was corrected manually. This transcription phase enabled systematic 
analysis of the data, which is essential for maintaining the integrity and depth of qualitative 
research (Hennink et al. 2020). 

After transcription, the empirical material was coded in several steps. First, the authors read 
through the transcripts to gain an overall understanding of the material (see Appendix 3 & 4). 
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Initial codes were then created by identifying recurring statements, experiences, and 
situations related to AI-based decision-making. Some codes were informed by the 
preliminary theoretical framework, such as control, automation, flexibility, and professional 
judgement, while other codes emerged more directly from the empirical material. This coding 
process reflected the abductive approach of the study, as the analysis moved between 
theory-driven concepts and empirically grounded observations. 

The coding decisions were made through comparison and discussion between the authors. 
Codes that captured similar meanings were grouped together, while codes that overlapped or 
were too broad were refined. For example, statements concerning uncertainty about AI 
outputs, difficulties in trusting recommendations, and the need for human verification were 
compared and grouped into broader analytical categories. These categories were then further 
analysed in relation to the theoretical framework and the research purpose. 

Following, the categories were developed into the central tensions presented in the findings. 
This transition from codes to categories and tensions was carried out by examining how 
different empirical themes related to each other and where contradictions or recurring 
patterns appeared across cases. For instance, when participants described AI tools as 
improving efficiency while also requiring human oversight, this was interpreted as a tension 
between automation and professional judgement. In this way, the findings were produced 
through a systematic process moving from interview data, to codes, to categories, and finally 
to analytically developed tensions. 

3.4.1 Development of interview guide 

An initial interview guide was developed based on the research purpose and relevant 
literature, with iterative refinements throughout the interviews (see Appendix 1). An 
interview guide is essential for structuring data collection while maintaining flexibility in 
qualitative research (Hennink et al. 2020). The guide was designed to include open-ended 
questions that encouraged participants to reflect on their experiences and perspectives, which 
is consistent with the purpose of in-depth interviews to capture detailed and nuanced data 
(Hennink et al. 2020). 

A semi-structured format was adopted to ensure that key themes related to AI-based 
information systems and operational decision-making were consistently addressed across 
interviews, while still allowing participants to introduce new topics and insights (Hennink et 
al., 2020). The interview guide followed a funnel structure, beginning with broader opening 
questions about the participants’ roles, work tasks, and general use of AI-based tools, before 
gradually moving towards more specific questions concerning decision-making, trust, 
control, automation, and professional judgement. This structure enabled participants to first 
describe their work context in their own words before discussing more analytically focused 
themes. 

The development of the guide was iterative, allowing for refinement and addition of 
questions based on insights gained during the initial interviews. In practice, this meant that 
the first interviews were used to evaluate whether the questions generated sufficiently 
detailed answers in relation to the research purpose. After these interviews, some questions 
were reformulated to make them more specific, and additional follow-up questions were 
added to explore themes that emerged as particularly relevant. For example, when early 
interviews indicated that participants often reflected on how they balanced AI-generated 
outputs with their own professional judgement, follow-up questions were added to better 
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capture this relationship. Similarly, questions concerning trust, control, and perceived 
limitations of AI-based tools were refined to encourage participants to provide concrete 
examples from their daily work practices. 

These refinements improved the data collection by making the interviews more focused while 
preserving the openness of the semi-structured format. The adjustments helped generate 
richer descriptions of how AI-based information systems were used, interpreted, and 
evaluated in practice. This reflects the cyclical nature of qualitative data collection, where the 
interview guide is not treated as fixed, but is developed in response to emerging empirical 
insights (Hennink et al. 2020). 

3.4.2 Sampling 
The study employs purposive sampling to select participants who have relevant experience 
with AI-based information systems in operational decision-making, as purposive sampling is 
commonly used in qualitative research to identify information-rich cases (Hennink et al. 
2020). This approach enables the selection of participants who can provide detailed insights 
into the phenomenon under investigation, rather than aiming for statistical representativeness 
(Hennink et al. 2020). The sex or age was not a deciding factor in proceeding with an 
interview, solely the position the informant was assigned to, see table 1. for a full description 
of the informants.  

The number of interviews conducted in each case was influenced by organizational size and 
access to relevant participants. Larger organizations provided access to a broader range of 
employees involved in AI-related operational work, which made it possible to conduct more 
interviews within those cases. In smaller organizations, the number of potential participants 
was naturally limited. The distribution of interviews across cases therefore reflects both the 
availability of information-rich participants and the practical access granted to the 
researchers. The inclusion of multiple organizational contexts and roles allows the study to 
capture how AI-based decision-making is experienced from different perspectives, such as 
developers, managers, and operational staff. This variation strengthens the analytical 
generalisation of the findings by showing how similar tensions emerge across different 
settings.  

Sampling decisions were guided by the research objectives, ensuring that participants were 
directly involved in or affected by the use of AI-based systems in their work, which enhances 
the relevance and depth of the data collected (Hennink et al. 2020). The sample size was 
determined based on the principle of data saturation, which refers to the point at which no 
new relevant information or themes emerge from additional data collection (Hennink et al. 
2020). The number of interviews varies across cases due to differences in organisational size 
and access. While this provides richer data from larger organisations, it also means that some 
cases are more strongly represented in the analysis than others. This was taken into 
consideration when interpreting the findings, by focusing on recurring themes across cases 
rather than frequency alone. 

 
 
 
 
 

30 [of 71] 



 

Table 1. Selection of participants for in-depth interviews, includes sex, age, positions, length 
of service, interview length, the place of the interview and Case company. 

Informant Sex Age Position Length 
of 
service 

Interview 
length 

Place Organi- 
zation 

Informant 
1. 

Male 22 AI decision- 
making tool 
developer  

6 Months 45 Minutes Zoom Case A 

Informant 
2. 

Male 32 IT-Product 
Manager 

6 Years, 
3 Months 

45 Minutes WhatsApp Case A 

Informant 
3. 

Female 45 IT-Solution  
Architect 

16 Years 30 Minutes WhatsApp Case A 

Informant 
4. 

Male  Strategist 3 Years 41 Minutes Teams Case A 

Informant 
5. 

Male 53 IT-Project 
Manager 

13 Years, 
7 Months 

47 Minutes  Teams Case A 

Informant 
6. 

Male 42 Data 
Scientist 

3 Years 35 Minutes WhatsApp Case A 

Informant 
7. 

Male  40 Software 
Engineer 

9 years 35 Minutes 
 

Phonecall  Case B 

Informant 
8. 

Male 43 Senior 
Computer 
Aided 
Engineer 

10 years 
10 
months 

32 Minutes Phonecall Case B 

Informant 
9. 

Male 38 Technical 
Architect  

4 years 30 Minutes Phonecall Case B 

Informant 
10. 

Male 23 Material 
Management 

3 Years 40 Minutes Teams Case C 

Informant 
11. 

Male  23 Administra- 
tor 

4 Years 45 Minutes Teams Case C 

Informant 
12. 

Male  CEO, 
Management 
Consultant 

5 Years, 
5 Months 

40 Minutes Teams Case D 

3.4.3 Recruitment strategy for participants 

Participants were recruited through organizational contacts and internal communication 
channels, which is a common strategy in qualitative research for accessing specific 
populations within organizations (Hennink et al. 2020). Recruitment focused on individuals 
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with direct experience of using AI-based information systems, ensuring that participants 
could provide relevant and informed perspectives on the research topic (Hennink et al. 2020). 

The recruitment process was designed to ensure voluntary participation and informed 
consent, which are key ethical principles in qualitative research (Hennink et al. 2020). Efforts 
were made to include participants with diverse roles and perspectives within the organization, 
which enhances the richness and variation of the data (Hennink et al. 2020). Once no 
additional data was added, the recruitment process for participants were discontinued. In this 
case the recruitment process stopped after six interviews for Case A, three interviews for 
Case B, two interviews for Case C and one interview for Case D (see Table 1.). 

3.5 Data Analysis Method 

The data analysis followed the abductive logic of the study, meaning that the analysis moved 
iteratively between empirical material and theoretical concepts. The interview transcripts 
were initially analysed through open coding in order to remain close to the participants’ 
experiences and avoid imposing predefined theoretical categories too early in the process. 
This stage focused on identifying recurring statements, meanings, and patterns related to how 
AI-based information systems were used, interpreted, validated, and experienced in 
operational decision-making. 

Although the overall research approach was abductive, selected techniques inspired by 
Grounded Theory were used as analytical tools, particularly open coding (see Appendix 3) 
and constant comparison (Turner and Astin, 2021). The purpose of using these techniques 
was to support a systematic and transparent engagement with the empirical material. 

In practice, the analytical process moved through three stages. First, both authors 
independently read and openly coded the interview transcripts. During this process, relevant 
segments of the interviews were labelled with descriptive codes such as “human validation,” 
“AI as support,” “efficiency gain,” “AI hallucination,” “manual correction,” “responsibility,” 
and “contextual judgement.” These codes were intended to stay close to the participants’ own 
descriptions rather than immediately translating them into theoretical concepts. 

Second, the preliminary codes were compared and discussed jointly by the authors and 
organized in a coding schedule (see Appendix 3). Codes that captured similar meanings or 
referred to related practices were grouped into broader empirical categories. For example, 
codes such as “human validation,” “manual correction,” and “contextual judgement” were 
grouped into categories related to human oversight and verification practices. Similarly, 
codes such as “efficiency gain,” “repetitive task automation,” and “AI as support” were 
grouped into categories related to automation and efficiency. Codes concerning “AI 
hallucination,” “responsibility,” and “trust in outputs” were grouped into categories related to 
reliability, accountability, and risk. Differences in interpretation between the authors were 
resolved through discussion, which helped refine the categories and ensure that they reflected 
the empirical material. 

Third, these empirical categories were continuously compared across interviews and related 
back to the sensitising concepts derived from the theoretical framework, including control, 
flexibility, automation, professional judgement, efficiency, and responsibility. This step made 
it possible to examine how the empirical categories connected to existing theoretical 
concepts, but also where they revealed tensions, contradictions, or balances between them. 
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For instance, categories related to standardisation, monitoring, and human intervention were 
interpreted in relation to the concepts of control and flexibility. Categories related to 
repetitive task automation, AI-generated outputs, and human evaluation were interpreted in 
relation to automation and professional judgement. Categories related to speed, verification, 
hallucinations, and accountability were interpreted in relation to efficiency and responsibility. 

Importantly, the tensions were not predetermined analytical categories. During the initial 
coding stages, the researchers focused on identifying recurring patterns and experiences in 
the empirical material without forcing the data into predefined theoretical constructs. Several 
codes emerged repeatedly across interviews, including human validation, contextual 
adaptation, AI hallucinations, efficiency gains, responsibility, and oversight. As the analysis 
progressed, these empirical patterns were gradually related to sensitising concepts from the 
theoretical framework. Through this iterative movement between empirical observations and 
theoretical concepts, broader tensions became visible. Consequently, the tensions emerged 
through the interaction between theory and data rather than being predefined analytical 
categories from the outset.  

Through this abductive movement between open codes supported by grounded theory, 
empirical categories, and sensitising concepts, the final analytical tensions were gradually 
constructed. The tensions were therefore not predetermined by the theoretical framework. 
Rather, they were formulated through an iterative comparison between empirical categories 
and theoretical concepts, where patterns of conflict, dependence, and balance became 
increasingly visible across the interviews. Although prior research has been conducted 
regarding Tensions, this study aims to add knowledge to existing and new tensions (see 
Appendix 2). In this way, the analysis combined empirical openness with theoretical 
guidance. The coding process ensured that the findings remained grounded in the interview 
material, while the abductive approach enabled the empirical patterns to be interpreted in 
relation to the theoretical framework. The identified tensions are therefore both empirically 
grounded and theoretically informed. 

3.6 Methodological limitations 

Qualitative research methods, including qualitative in-depth interviews, are associated with 
certain limitations. One limitation concerns generalizability, as qualitative findings are 
context-specific and not intended to be statistically representative (Recker, 2013). However, 
the aim of qualitative research is to provide in-depth understanding rather than statistically 
generalizable results, which justifies the use of this approach when exploring complex and 
context-dependent phenomena (Hennink et al. 2020). 

A further limitation concerns the uneven distribution of interviews across the organizations. 
Since some organizations are more strongly represented in the empirical material than others, 
certain organizational perspectives may have had greater influence on the analysis. At the 
same time, the inclusion of interviews from more organizations help visualize a broader 
reality. Hence, the analysis should be understood as a cross-interview analysis of recurring 
themes and tensions related to AI-based decision-making. 

Another limitation concerns the use of multiple roles and perspectives. Including participants 
with different roles, such as managers, operational staff, and individuals closer to the 
development or advisory side of AI-based tools, strengthens the study by providing a broader 
understanding of how AI-based decision-making is experienced. However, this variation also 
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means that participants may relate to AI-based information systems in different ways 
depending on their organizational position, responsibilities, and level of technical 
involvement. As a result, the findings capture a range of perspectives rather than a strict and 
coherent view. 

A related limitation is that the analysis was conducted across interviews rather than as a 
detailed case-by-case comparison (Yin, 2018). This approach was suitable for identifying 
recurring analytical tensions across different contexts, but it also means that the study gives 
less attention to the internal dynamics of each individual case. Consequently, the findings 
emphasize patterns across the empirical material as a whole, rather than providing a full 
comparative analysis of each organization separately. 

Another methodological limitation concerns the interview format. While face-to-face 
interviews can allow the researcher to observe body language and other contextual cues, 
some interviews were conducted online due to practical considerations. This may have 
limited the possibility of observing non-verbal communication. However, online interviews 
can also increase access to participants and support richer data collection by making 
participation more flexible and cost-efficient (Thunberg and Arnell, 2022). 

Lastly, there is a limitation related to potential researcher bias in data collection and 
interpretation, as qualitative research involves subjective interpretation of data (Hennink et al. 
2020). This limitation was addressed through careful documentation of the research process, 
joint discussion of coding decisions, and reflexivity. Reflexivity involves critical reflection on 
the researcher’s role and potential influence on the study (Hennink et al. 2020). 

3.7 Rigor and Trustworthiness 
In this study, rigor and trustworthiness are addressed through credibility, dependability, 
confirmability, and reflexivity. First, credibility was strengthened by selecting participants 
with direct experience of AI-based information systems in operational work. This enabled the 
interviews to generate detailed accounts of how AI was used, interpreted, and checked in 
practice. Ghafouri and Ofoghi (2016) describe credibility as being concerned with whether 
the data and findings are accurate and suitable in relation to the phenomenon being studied. 
In this study, credibility was also supported through comparison across interviews. Recurring 
patterns, such as AI as support, human validation, efficiency gains, and responsibility for 
errors, were identified only when they appeared across several interviews. 

Dependability was maintained through a transparent and systematic research process. 
Ghafouri and Ofoghi (2016) explain that dependability can be reached through detailed 
documentation of the research process, representation of the coding approach, and review by 
colleagues. In this study, all interviews were recorded with consent, transcribed, and checked 
for accuracy by the author responsible for each interview. Both authors first coded the 
transcripts individually and then compared the initial codes with each other. Differences in 
interpretation were discussed until agreement was reached, and similar codes were grouped 
into broader empirical themes. This process made the analytical steps traceable and reduced 
the risk of findings being based solely on one researcher’s interpretation. 

Confirmability was addressed by grounding the findings in the empirical material rather than 
in the researchers’ assumptions. Ghafouri and Ofoghi (2016) describe confirmability as the 
extent to which research findings can be confirmed by others, and suggest detailed 
documentation and peer review as ways to support this. In this study, confirmability was 

34 [of 71] 



 

strengthened by using direct quotations in the empirical results chapter, discussing 
interpretations with the supervisor, receiving peer review from other authors, and confirming 
the findings with 50% of the informants. These measures helped ensure that the findings 
reflected the empirical material and could be critically assessed by others. 

Principles of reflexivity were also followed to manage and minimize researcher subjectivity. 
Hennink et al. (2020) describe reflexivity as conscious self-reflection on how researchers’ 
expectations, interpretations, and positions may influence the research process. Since the 
analysis involved interpretation by both authors, potential bias was managed through joint 
discussions, comparison of coding decisions, and returning to the transcripts when 
interpretations differed. This strengthened the consistency and transparency of the analytical 
process. 

Together, these strategies strengthen the trustworthiness of the study by ensuring that the 
findings are grounded in the empirical material and not dependent on a single researcher’s 
interpretation. This increases the credibility of the identified tensions and supports the 
robustness of the analysis. 

3.8 Gathering Of Sources  

The aspects this theoretical framework highlights are anchored in scientific articles. To 
ensure transparency as well as assurance of replicability, the procedure of the gathering of 
sources and theoretical data is presented. First of all, exclusively scientific articles listed on 
the Senior Scholars' List of Premier Journals (SSLPJ) (Association for information systems, 
2026) were used to find the current research made of AI-based systems. Following the initial 
stage, the highlighted aspects listed in this theoretical framework were decided as potential 
and important areas of research. Hence, the sources used to establish the framework were 
fundamentally built upon trusted research. However, additional sources, published in journals 
elsewhere, were also used to fill out necessary purposes of the framework.  
 
During the acquisition of sources within the SSLPJ the following key words were searched: 
“AI for decision making”, “impact of AI in decision making”, “Artificial Intelligence & 
Tension”, “ AI for operational decision making” and “AI in manufacturing”.  Furthermore, 
for the sources outside SSLPJ a requirement of peer review was set and followed. If a source 
had not carried out a peer review it was not considered. The same key words as listed earlier 
were used during the searches carried out in journals outside the SSLPJ.  

3.9 Legal And Ethical Considerations 
Ethical considerations are central to qualitative research, particularly when collecting data 
from human participants, as researchers must ensure the protection of participants’ rights and 
well-being (Hennink et al. 2020). Informed consent of conducting the interview, as well as 
recording the interview was obtained from all participants prior to data collection, ensuring 
that they were fully aware of the purpose of the study and their rights as participants 
(Hennink et al. 2020). 

Confidentiality and anonymity were ensured by removing identifying information from the 
data and by not disclosing the identity of the organization or participants, which aligns with 
ethical standards in qualitative research (Hennink et al. 2020). Data was stored securely and 
handled in accordance with relevant data protection regulations, ensuring compliance with 
legal requirements for research involving human subjects (Hennink et al. 2020). 
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4. Empirical Results: AI in Operational Decision-Making  

The empirical findings demonstrate that AI-based information systems are increasingly 
integrated into operational work and decision-making processes across the manufacturing 
industry. Participants generally described AI as a valuable support tool for improving 
information processing, accelerating workflows, automating repetitive tasks, and assisting 
operational decision-making. At the same time, the interviews also show that AI systems are 
not perceived as autonomous replacements for human decision-makers. Instead, participants 
consistently emphasized the continued importance of human oversight, contextual 
understanding, validation, and accountability when using AI-generated outputs. 

 
Throughout this chapter quotes are presented and selected because they illustrate recurring 
patterns across the interviews or provide clear examples of how participants experienced 
AI-based information systems in practice. Rather than including all relevant statements, the 
selected quotes were chosen to represent the main empirical themes identified during the 
coding process. In cases where several informants expressed similar views, quotes were 
selected based on clarity and relevance to the highlighted theme. Instances where informants 
differed in their views, quotes were used to show variation and other perceptions. 

4.1 Control: Human involvement in directing AI use  

A recurring theme in the interviews is that AI was primarily described as a support tool that 
assists operational decision-making, rather than as a system that fully makes decisions on its 
own. Across the interviews, participants emphasized the importance of maintaining human 
control when using AI-based information systems in operational environments. Although AI 
systems were perceived as useful for supporting operational tasks and improving workflows, 
participants consistently described AI as a support mechanism rather than an autonomous 
decision-maker. 

Informant 1 explained that the AI system required extensive manual training before it could 
generate useful operational outputs. According to the participant, humans actively shaped the 
system’s behaviour and interpretation logic through continuous supervision and manual input: 

“We had to train it manually”. (Informant 1) 

The participant further emphasized that humans ultimately retained authority over the AI 
system and its outputs: 

“The human has control”. (Informant 1) 

Similarly, Informant 2 explained that AI-generated answers should not automatically be 
trusted and therefore required human verification and assessment before operational use. 
Informant 3 also emphasized that AI systems should be treated as support tools rather than 
independent actors, particularly in situations involving business-critical decisions and 
customer-related operations. 
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Informant 4 described that organizational trust in AI systems depended heavily on employees 
continuously validating outputs before applying them operationally. According to the 
participant, employees were expected to critically review AI-generated information rather 
than relying on it blindly. Informant 5 similarly described that AI systems occasionally 
generated inaccurate or fabricated outputs, which increased the importance of monitoring and 
control mechanisms: 

“AI can provide incorrect or fabricated data”. (Informant 5) 

Several participants also expressed concerns regarding fully autonomous AI systems. 
Informant 6 explained that operational environments change continuously and therefore 
require human involvement to interpret organizational realities and practical conditions. 
Informant 7 further argued against granting AI systems full autonomy: 

“I would never give full permissions to AI systems”. (Informant 7) 

This perspective was also reflected by Informants 8 and 9, who both described that AI 
systems lack important contextual and organizational understanding necessary for 
independently managing operational decisions. Informant 10 explained that AI works best 
when employees continuously supervise outputs and intervene when necessary, while 
Informants 11 and 12 similarly emphasized the importance of maintaining human authority 
over AI-supported workflows. 

However, the interviews also indicate that the degree of required human control may depend 
on the type of task and the level of structure in the decision-making process. While most 
participants emphasized the importance of maintaining human oversight, some accounts 
suggested that AI systems could be trusted to operate more independently in structured or 
well-defined tasks, particularly when outputs can be checked against clear criteria. This 
indicates that human control was not understood as a fixed requirement in all situations, but 
rather as something that varies depending on task complexity, risk, and the consequences of 
potential errors. 

Interestingly, Informant 12 described that their organization had begun experimenting with 
multiple AI systems working sequentially to improve the quality of operational analysis. 
According to the participant, one AI system initially performed the analysis, after which 
additional AI systems reviewed, contextualized, and evaluated the generated outputs before 
selecting the most reliable alternative: 

“For example, for certain types of analyses, it first goes through an AI for the 
analysis. Then it goes through an AI that checks the text itself, based on the 
context. You can have a third AI that checks the quality of it, and you can run 
these a few times so that it checks the quality and sends out what is of the highest 
quality among what has come in from these interactions.” (Informant 12) 

Despite these increasingly advanced AI-supported processes, Informant 12 emphasized that 
operational responsibility and final decision authority still remained attached to human actors 
rather than the AI systems themselves: 

“But if you look generally at the current way of working and how the work is 
done, since it is only a second opinion and underlying analysis, it is still human 
decision-making that takes responsibility.” (Informant 12) 
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Across the interviews, participants consistently described human oversight, monitoring, and 
validation as necessary components of operational AI usage. The findings therefore suggest 
that AI-based information systems are primarily integrated as decision-support mechanisms. 
Human actors remain responsible for interpreting outputs, validating recommendations, and 
making final decisions, particularly when decisions are complex, uncertain, or connected to 
operational responsibility. 

4.2 Flexibility: Adapting AI outputs to specific situations  

Another recurring pattern across the interviews was that AI-generated outputs often needed to 
be adapted to specific operational situations. The interviews demonstrated that operational 
work environments were perceived as dynamic and context-dependent, requiring flexibility 
and adaptation in everyday decision-making processes. Although participants generally 
viewed AI systems as useful for structured and repetitive tasks, several informants 
emphasized that operational situations frequently changed and therefore could not always be 
handled through standardized AI-generated outputs alone. 

Informant 1 explained that the AI system occasionally managed unusual cases more 
successfully than initially expected. During the manual training phase, certain classifications 
were considered difficult even for humans, but the participant later observed that the system 
was still capable of handling these situations effectively: 

“Things that we thought were difficult when we manually trained it, when we 
later saw the result, we still concluded that it solved them well”. (Informant 1) 

At the same time, Informant 1 also described situations where AI-generated outputs had to be 
manually adjusted because operational conditions changed or because the AI system failed to 
capture the full context of a situation. This illustrates that AI systems could sometimes handle 
complex classifications effectively, while still requiring human adaptation when the 
operational context shifted. 

Similarly, Informant 3 explained that operational work frequently involved customer-specific 
and business-specific situations that AI systems struggled to fully understand independently. 
Informant 4 also described that employees often needed to reinterpret AI-generated outputs 
when operational realities changed or when AI-generated recommendations conflicted with 
practical business experience. 

Informant 5 emphasized that AI systems performed well in structured operational 
environments but became less reliable when handling ambiguous situations or incomplete 
information. Likewise, Informant 6 described that production priorities, customer demands, 
and operational conditions changed continuously, requiring employees to adapt AI-generated 
outputs in practice. 

Several participants also highlighted the importance of contextual understanding in 
operational work. Informant 8 explained that practical operational knowledge and 
organizational awareness were often necessary for interpreting whether AI-generated 
recommendations were appropriate within a specific context. Informant 9 similarly argued 
that AI systems could not fully capture tacit and experience-based knowledge developed 
through operational work: 
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“AI never has complete access to the context and knowledge inside my head”. 
(Informant 9) 

Informant 10 further described that flexibility became particularly important when 
operational conditions changed rapidly or when decisions involved uncertainty and 
interpretation rather than purely structured analysis. Informants 11 and 12 similarly explained 
that employees often relied on personal experience and situational awareness when adapting 
AI-supported recommendations to operational realities. 

However, some variation was present in how the need for flexibility was perceived. While 
several informants emphasized that AI outputs often needed to be modified due to changing 
conditions, customer-specific requirements, or contextual factors not captured by the system, 
some participants indicated that AI systems performed well in more structured contexts and 
could handle certain types of tasks with limited need for adjustment. This suggests that the 
need for flexibility is not constant across all forms of AI-supported decision-making. Rather, 
it varies depending on the type of task, the degree of uncertainty, and the operational context 
in which the AI system is used. 

Overall, participants described operational decision-making as requiring flexibility, 
contextual interpretation, and adaptation beyond standardized AI-generated outputs. At the 
same time, the findings indicate that AI systems may require less adaptation when tasks are 
structured, repetitive, and based on clearly defined criteria. The tension between standardized 
AI outputs and situational adaptation therefore becomes especially visible when operational 
decisions involve changing conditions, tacit knowledge, or context-specific judgement. 

4.3 Automation: Reducing manual and repetitive work   

Automation emerged as one of the most central themes throughout the interviews. 
Participants consistently described AI-based information systems as valuable for automating 
repetitive, data-intensive, and time-consuming operational tasks. However, the interviews 
also show variation in how participants perceived the scope and limitations of automation. 
While automation was generally seen as beneficial for structured tasks, participants also 
emphasized that more complex, uncertain, or context-dependent activities still required 
human involvement. 

Informant 1 explained that AI enabled large-scale market analysis by processing hundreds of 
thousands of truck images in ways that would have been practically impossible manually: 

“It definitely helped to identify and understand what the market looks like”. 
 (Informant 1) 

The participant further explained that the AI system reduced the need for manual 
classification work and enabled operational tasks to be performed significantly faster. 

Similarly, Informant 2 described AI as useful for accelerating information gathering and 
simplifying analytical processes that previously required substantial manual work. Informant 
3 also explained that AI systems improved productivity by supporting employees during 
repetitive operational activities. 

Informant 5 described how AI automated parts of information gathering and analysis 
processes by rapidly synthesizing information from multiple operational sources: 
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“AI has significantly improved how quickly I can gather and structure 
information”. (Informant 5) 

Informant 6 similarly described that AI systems reduced time spent on repetitive operational 
processes and enabled employees to focus more on coordination and problem-solving 
activities. Informant 7 also described increasing use of AI for automating planning and 
administrative work: 

“AI can generate structured Jira tickets quickly once the scope is defined”. 
 (Informant 7) 

Informants 8 and 9 both emphasized that AI was highly effective for handling structured 
operational data and repetitive tasks, particularly in environments involving large amounts of 
information. Informant 10 described that automation significantly improved scalability and 
productivity in operational workflows, while Informants 11 and 12 similarly explained that 
AI systems reduced manual workload and accelerated operational processes. 

At the same time, participants generally did not describe automation through AI-based 
information systems as replacing operational decision-making work entirely. Instead, AI was 
consistently described as a support mechanism that augmented operational workflows while 
humans continued to manage interpretation, contextualization, and final decision-making. 
Several informants emphasized that automation worked best when tasks were clearly defined, 
repetitive, or based on structured data. In contrast, tasks involving uncertainty, changing 
conditions, customer-specific requirements, or business-critical judgement were described as 
requiring continued human involvement. 

This variation suggests that while automation is widely perceived as useful, its practical role 
differs depending on the nature of the task and the operational context. AI-based automation 
appears particularly valuable for increasing speed, scalability, and efficiency in structured 
operational processes. However, its limitations become more visible when operational work 
requires contextual judgement, interpretation, and responsibility for decisions. 

4.4 Professional judgement: Reviewing and evaluating AI outputs  

Professional judgement emerged as a highly important aspect of operational decision-making 
across the interviews. Participants consistently emphasized that AI-generated outputs 
required human interpretation, contextual understanding, and critical evaluation before being 
used operationally. However, there was some variation in how professional judgement was 
applied in practice. Some informants described a cautious approach, where AI outputs were 
systematically reviewed and validated before use, while others treated AI-generated 
information as a useful starting point that required less extensive verification in routine or 
low-risk situations. 

Informant 2 explained that AI-generated answers should not automatically be accepted as 
correct and that employees needed to critically evaluate outputs before relying on them 
operationally: 

“You should not take the answer as the truth straight away”. (Informant 2) 
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Similarly, Informant 5 described how AI-generated outputs occasionally contained 
hallucinations and fabricated information, making professional judgement necessary when 
assessing AI-supported recommendations: 

“AI can provide incorrect or fabricated data [...] AI hallucinations are common”. 
 (Informant 5) 

Several participants emphasized that operational expertise and tacit organizational knowledge 
remained difficult for AI systems to replicate. Informant 3 explained that customer 
interactions and business-related decisions often required human understanding beyond what 
AI systems could provide. Informant 4 similarly emphasized that practical business 
understanding remained important when interpreting AI-supported outputs. 

Informant 6 explained that employees frequently relied on prior experience and contextual 
understanding to determine whether AI-generated outputs aligned with operational realities. 
Informant 8 also described that operational decision-making often involved organizational 
realities, stakeholder expectations, and situational interpretation extending beyond purely 
data-driven analysis. 

Informant 9 argued that AI lacked access to accumulated contextual understanding developed 
through operational work: 

“AI never has complete access to the context and knowledge inside my head”. 
 (Informant 9) 

Similarly, Informant 10 described that operational decision-making frequently required 
intuition, practical judgement, and understanding of organizational priorities that AI systems 
could not independently reproduce. Informant 11 explained that AI-generated outputs often 
served as useful starting points, while final operational decisions still relied heavily on 
employee expertise and experience. Informant 12 similarly described that AI systems could 
support analytical work but not replace contextual interpretation and professional evaluation. 

These findings suggest that professional judgement remained central in AI-supported 
operational work, but that the degree and form of evaluation varied depending on the context 
and task. In complex, uncertain, or business-critical situations, participants described a 
stronger need for systematic validation and critical assessment. In more routine or structured 
situations, AI-generated outputs could be used more directly as support, although still within 
a framework of human responsibility. Therefore, professional judgement functioned both as a 
control mechanism for detecting errors and as a contextual interpretive capacity for assessing 
whether AI-generated outputs were appropriate in specific operational situations. 

4.5 Efficiency: Faster work and more output  

Efficiency improvements represented one of the clearest perceived benefits of AI-based 
information systems across all interviews. Participants consistently described AI as 
improving operational speed, scalability, productivity, and information-processing 
capabilities. 

Informant 5 explained that AI significantly accelerated information gathering and reduced the 
amount of time spent manually searching through reports, documents, and external sources. 
According to the participant, AI-based tools simplified the process of collecting, organizing, 
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and synthesizing large amounts of information, which improved operational workflows and 
enabled faster access to relevant insights. The participant described that tasks previously 
requiring substantial manual effort could now be completed considerably more efficiently 
through AI-supported information processing.  

“AI has significantly improved how quickly I can gather and structure 
information”. (Informant 5) 

Also, Informant 5 described that AI-supported automation reduced the amount of time spent 
on repetitive and administrative tasks, allowing employees to focus more on activities 
requiring human expertise, interpretation, and decision-making. The participant emphasized 
that AI was particularly valuable for handling routine operational work that otherwise 
consumed significant time and attention during the workday. . 

“ChatGPT, or rather Copilot, has been very useful. Recording meetings and 
getting summaries, those functionalities are very useful. [...] by utilizing AI in 
these kinds of ways in repetitive tasks, I focus on the more important things 
where I am most needed”. (Informant 5) 

Similarly, Informant 7 described how AI significantly reduced the time required for 
operational analytics, planning-related activities, and information analysis. According to the 
participant, AI systems enabled employees to generate insights and operational support much 
faster than before, which improved responsiveness and accelerated decision-support 
processes within the organization.  

“Now, AI can generate those insights almost instantly from a single prompt”. 
(Informant 7) 

Informant 1 also emphasized that AI-enabled analysis of hundreds of thousands of truck 
images would have been practically impossible to perform manually within reasonable 
operational timeframes. 

Several participants explained that AI improved operational productivity by reducing 
repetitive work and enabling employees to focus on higher-value activities. Informant 2 
described that AI reduced time spent on information collection, while Informant 3 explained 
that AI-supported workflows improved operational responsiveness and support activities. 

Informant 4 similarly described that AI accelerated workflows and increased the speed of 
operational analysis, while Informant 6 explained that AI systems improved efficiency in 
production-related processes and operational coordination. 

Informant 8 and Informant 9 both emphasized that AI systems significantly improved 
scalability when handling large amounts of operational data. Informant 10 further described 
that AI-enabled automation accelerated operational workflows and reduced manual 
processing time, while Informant 11 and Informant 12 similarly explained that AI systems 
improved operational productivity and information management capabilities. 

At the same time, multiple participants described that efficiency gains also changed the 
nature of operational work rather than simply reducing workload. Informant 5 explained that 
less time was now spent collecting information while more time was spent validating 
AI-generated outputs. 
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“I now spend less time collecting information and more time validating it”. 
(Informant 5) 

Throughout all interviews, participants in general perceived AI-based information systems as 
improving operational efficiency, particularly regarding speed, scalability, and information 
processing.  

4.6 Responsibility: Errors, checking, and accountability  

Responsibility and accountability emerged as central concerns throughout the interviews. 
Participants consistently emphasized that humans remained responsible for decisions and 
operational outcomes even when AI systems played a significant role in decision-support 
processes. When discussing accountability for errors, Informant 1 explained that 
responsibility ultimately remained attached to the human employee overseeing the 
operational process. 

“The person responsible for the work will always be accountable, not the AI”. 
(Informant 1) 

Similarly, Informant 5 argued that responsibility could not be transferred to AI systems 
regardless of how advanced the systems became. 

“The user is responsible”. (Informant 5) 

Several participants also described the importance of organizational governance mechanisms 
intended to support responsible AI usage. Informant 2 emphasized that employees needed to 
critically evaluate AI-generated outputs before applying them operationally. Informant 3 and 
Informant 4 similarly described that organizational trust in AI systems depended heavily on 
continuous validation, monitoring, and human review. 

Informant 6 explained that responsibility became particularly important in situations where 
AI-generated outputs influenced operational or production-related decisions. Informant 7 also 
emphasized that employees needed to understand the limitations of AI systems before relying 
on them operationally. 

Several participants described that responsibility became more complicated when 
AI-generated outputs were difficult to interpret. Informant 8 explained that employees 
sometimes struggled to fully understand how AI systems generated specific outputs, while 
Informant 9 described concerns regarding situations where AI-supported recommendations 
influenced decisions despite limited transparency.  

Similarly, Informant 10 similarly described that accountability remained human-centered 
even when AI systems significantly shaped workflows and operational recommendations. 
Informant 11 and Informant 12 also emphasized that organizations needed clear governance 
structures, validation practices, and human accountability mechanisms when implementing 
AI-supported operational processes. 

Across the interviews, participants consistently described responsibility as remaining attached 
to human actors despite increasing AI involvement in operational work and decision-making 
processes. 
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5. Analysis - Emergence of Tensions 

The empirical results show that AI-based information systems support operational 
decision-making by improving information processing, reducing manual work, and 
generating decision-support material. However, the findings also show that these benefits are 
not without consequences. When AI increases automation, and speed, it also creates new 
demands for human adaptation, judgement, and accountability. 

This chapter analyses the empirical results in relation to the theoretical framework. The 
analysis is structured around three identified tensions: control versus flexibility, automation 
versus professional judgement, and efficiency versus responsibility. These tensions reflect 
how AI-based information systems reshape operational decision-making by changing what 
humans and systems each contribute to the decision process. 

5.1 Control Versus Flexibility  

The findings demonstrate a tension between organizational control and operational flexibility 
when AI-based information systems are implemented in operational decision-making. AI 
systems were described as improving control by enabling monitoring, standardization, 
structured workflows, and more systematic use of operational data. At the same time, 
participants also described situations where this increased structure made it necessary for 
employees to adjust, reinterpret, or override AI-generated outputs in order to respond to 
changing operational conditions. The tension therefore lies in the fact that the same 
mechanisms that strengthen control may also reduce the flexibility needed in 
context-dependent decision-making. 

On the one hand, participants consistently described AI systems as improving operational 
control through enhanced monitoring, standardized workflows, and structured 
decision-support processes. AI systems enabled organizations to process larger amounts of 
operational data, identify patterns more efficiently, and support more proactive operational 
management. Informant 1 described how AI systems were manually trained to generate 
structured operational classifications and improve consistency in decision-support activities. 
Similarly, several participants emphasized that AI systems increased visibility across 
operational processes by structuring information and supporting more systematic workflows. 

These findings align with previous research arguing that AI-based information systems 
strengthen operational control through real-time monitoring, predictive analytics, and 
centralized process visibility (Brynjolfsson and McElheran, 2016; Raisch and Krakowski, 
2021). Similarly, Köcher, Burggräf and Wagner (2025) explain that AI-enabled systems in 
manufacturing environments improve managerial oversight by transforming dispersed 
operational data into actionable decision-support insights. Azeta et al. (2026) further argue 
that AI-supported monitoring systems increase operational responsiveness through 
continuous data analysis and early anomaly detection. 

However, the empirical material also shows that operational environments remain dynamic 
and context-dependent. Participants repeatedly described situations where AI-generated 
recommendations could not be applied directly because operational realities, customer 
requirements, or contextual nuances changed. In these situations, employees had to adapt, 
reinterpret, or override the AI-generated outputs. This indicates that increased control through 
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standardization may create constraints when operational decisions require situational 
flexibility. 

Informant 9 emphasized that AI systems lacked access to tacit knowledge and contextual 
understanding developed through practical operational experience: 

“AI never has complete access to the context and knowledge inside my head”. 
 (Informant 9) 

This illustrates the conflict between algorithmic control and situated human judgement. AI 
systems can structure and standardize operational decision-making, but they may also fail to 
account for tacit knowledge, exceptions, and local conditions that are important in practice. 
Similarly, several participants explained that employees continuously adapted AI-generated 
outputs to fit operational realities and changing production conditions. In such cases, 
flexibility was not simply an additional feature of decision-making, but a necessary corrective 
to the limitations of standardized AI-supported control. 

This aligns with Li and Tian (2026), who argue that human-AI collaboration improves 
operational flexibility when human actors maintain interpretive agency over algorithmic 
recommendations. Likewise, Jarrahi (2018) explains that AI systems struggle to manage 
uncertainty and contextual exceptions independently because operational decision-making 
frequently depends on situational understanding and human interpretation. 

The tension therefore emerges because AI systems function most effectively when 
operational processes can be structured, standardized, and monitored, while operational 
decision-making often requires adaptation to uncertainty, disruptions, and contextual 
exceptions. Control and flexibility are both necessary, but they can also pull decision-making 
in different directions. Stronger AI-supported control can improve consistency and visibility, 
but it may also limit employees’ ability to respond flexibly when system outputs do not fit the 
situation. Conversely, too much flexibility may reduce the consistency and reliability that 
AI-supported control is intended to provide. 

This tension appears particularly relevant for operational managers, engineers, and analysts 
who work closely with production processes and AI-supported workflows. These actors are 
expected to rely on AI-supported structures and operational insights while simultaneously 
adapting outputs to fit practical organizational realities. Their work therefore involves 
balancing the benefits of standardized AI-supported control with the need for professional 
discretion and situational adaptation. 

From a practical perspective, the findings suggest that organizations implementing AI-based 
information systems cannot rely solely on standardized algorithmic control mechanisms. 
Instead, they must design AI-supported decision processes that allow employees to question, 
adjust, and override system outputs when operational conditions require it. Preserving human 
flexibility and interpretive capacity is therefore necessary to prevent AI-supported control 
from becoming too rigid in dynamic operational environments. 
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5.2 Automation Versus Professional Judgement  

Another central tension emerging from the findings concerns the relationship between 
automation and professional judgement. The empirical material demonstrates that AI-based 
information systems increasingly automate repetitive, analytical, and data-intensive 
operational tasks. Participants consistently described AI as useful for accelerating workflows, 
reducing manual labour, and improving productivity within operational processes. However, 
the tension arises because automation does not only support professional judgement; it can 
also change when, where, and how such judgement is applied. 

Informant 1 explained that AI-enabled analysis of hundreds of thousands of truck images 
would have been practically impossible to perform manually within reasonable operational 
timeframes. Similarly, Informant 7 described how AI-generated analytics and operational 
support could now be produced almost instantly through automated prompts and 
AI-supported information processing. These examples show how AI automation reduces the 
need for direct human involvement in parts of the analytical process. In such situations, 
professional judgement becomes less visible during the initial production of analysis and is 
instead applied later, when employees review, interpret, or validate AI-generated outputs. 

These findings align with previous research arguing that AI systems increasingly automate 
operational activities previously performed by skilled professionals (Köcher et al. 2025). 
Banihani et al. (2024) further distinguish between traditional automation and AI-driven 
autonomous decision-making systems, emphasizing that AI increasingly enables sequential 
and adaptive decision-making processes rather than merely rule-based execution. 

However, despite these automation capabilities, the empirical material demonstrates that 
professional judgement remains essential in operational decision-making. Several participants 
emphasized that AI-generated outputs could not automatically be trusted or implemented 
without human evaluation, contextual understanding, and professional interpretation. 
Informant 5 specifically described how AI systems occasionally generated hallucinations and 
fabricated information, requiring employees to critically assess outputs before operational 
implementation: 

“AI can provide incorrect or fabricated data”. (Informant 5) 

Similarly, Informant 2 explained that employees should not treat AI-generated outputs as 
objective truth without validation and interpretation: 

“You should not take the answer as the truth straight away”. (Informant 2) 

The tension therefore becomes visible when automation increases efficiency by removing or 
reducing human involvement in operational analysis, while professional judgement is still 
required to determine whether the automated output is valid, relevant, and appropriate. On the 
one hand, automation enables faster and more scalable decision-support processes. On the 
other hand, the more analytical work is delegated to AI systems, the less opportunity 
employees may have to apply professional judgement during the process itself. Instead, their 
expertise may be shifted toward checking outputs after they have already been produced. This 
may constrain professional judgement by placing it in a reactive role rather than allowing it to 
shape the analytical process from the beginning. 
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These findings align with Li and Tian (2026), who argue that AI complements rather than 
replaces professional expertise in complex operational environments. The findings also 
support Gunasekara et al. (2025), who emphasize that trust in AI systems depends heavily on 
transparency, reliability, and explainability. Furthermore, Starke et al. (2021) argue that 
effective human-AI collaboration depends on cognitive complementarity, where AI 
contributes computational capabilities while humans contribute contextual reasoning and 
interpretive judgement. 

The empirical material further demonstrates that operational decision-making frequently 
depends on tacit organizational knowledge, practical experience, and situational awareness 
that AI systems cannot fully replicate. Informants 8 and 9 both emphasized that operational 
decisions often involve organizational realities and contextual considerations extending 
beyond purely data-driven analysis. This means that professional judgement remains 
necessary not only to detect errors, but also to assess whether AI-generated outputs make 
sense within a specific organizational and operational context. 

The tension between automation and professional judgement therefore occurs because AI 
systems are highly effective at automating structured operational tasks, while operational 
decision-making simultaneously requires contextual interpretation, practical experience, and 
human expertise. Rather than replacing professional judgement entirely, AI systems appear to 
redistribute human work toward supervision, validation, interpretation, and contextual 
evaluation. However, this redistribution is not neutral. It may reduce professional 
involvement in the analytical process itself and shift human expertise toward later-stage 
monitoring and correction. 

This tension is particularly relevant for operational professionals working in 
knowledge-intensive environments where employees are expected to combine AI-generated 
insights with professional expertise and situational understanding. From a practical 
perspective, the findings suggest that organizations implementing AI-supported operational 
systems continue to depend on employees capable of critically evaluating and contextualizing 
AI-generated outputs. At the same time, organizations must ensure that automation does not 
remove employees too far from the decision-making process, since professional judgement is 
most valuable when it can actively shape, question, and contextualize AI-supported analysis. 

Consequently, successful AI implementation requires organizations to treat AI as a 
complement to professional expertise rather than a replacement for human judgement. 
Human expertise remains necessary for identifying unrealistic outputs, evaluating operational 
consequences, and interpreting contextual situations beyond algorithmic recommendations. 
The central analytical tension is therefore not simply that automation and professional 
judgement coexist, but that automation can both support and constrain professional 
judgement depending on how AI systems are integrated into operational workflows. 
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5.3 Efficiency Versus Responsibility 

The findings also reveal a tension between operational efficiency and human responsibility. 
Participants consistently described AI-based information systems as improving operational 
speed, scalability, productivity, and information-processing capabilities. AI systems reduced 
time spent on repetitive operational tasks, accelerated analytical work, and enabled 
organizations to process substantially larger amounts of operational data. However, this 
efficiency gain also created new demands for validation, oversight, and accountability. The 
tension therefore arises because AI makes operational work faster and more scalable, while 
responsibility for ensuring the accuracy, reliability, and consequences of AI-generated outputs 
remains attached to human actors. 

Informant 5 explained that AI significantly improved information gathering and structuring 
processes, while Informant 7 described how operational analyses could now be generated 
almost instantly through AI-supported workflows. Informant 1 similarly emphasized that 
large-scale image analysis would have been practically impossible without AI-supported 
automation. 

These findings align with Hong et al. (2026), who argue that AI significantly improves 
operational efficiency through enhanced speed, optimization, and workflow coordination in 
manufacturing environments. Similarly, Köcher, Burggräf and Wagner (2025) explain that 
AI-supported predictive maintenance and operational optimization systems improve 
production continuity and resource utilization through proactive operational management. 
Wang et al. (2025) further argue that AI improves organizational performance by enhancing 
operational responsiveness and supporting dynamic organizational capabilities. 

At the same time, the findings demonstrate that increased efficiency generated new forms of 
responsibility related to monitoring, validation, accountability, and governance. Several 
participants explained that while AI reduced time spent collecting information, it 
simultaneously increased the need for verification and quality control: 

“I now spend less time collecting information and more time validating it”. 
 (Informant 5) 

This illustrates the conflict between efficiency and responsibility in practice. AI enables 
employees to produce, access, and process information more quickly, but the increased 
volume and speed of AI-generated outputs also require employees to assess whether the 
outputs are accurate, reliable, and suitable for operational use. Efficiency gains may therefore 
create additional responsibility, since employees must ensure the quality of a larger amount of 
AI-supported decision material. 

The empirical material also demonstrates that responsibility remained strongly attached to 
human actors despite increasing AI involvement in operational decision-making. Informant 1 
explained that accountability remained with the employee overseeing the operational process 
rather than with the AI system itself: 

“Ihe person responsible for the work will always be accountable, not the AI”. 
 (Informant 1) 

Similarly, Informant 12 described how organizations had begun experimenting with multiple 
AI systems reviewing and validating each other’s outputs to improve operational quality and 
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reliability. However, despite these increasingly advanced AI-supported workflows, the 
participant emphasized that final responsibility still remained attached to human 
decision-makers: 

“It is still human decision-making that takes responsibility”. (Informant 12) 

These findings show that efficiency does not remove responsibility from human actors. 
Instead, AI-supported efficiency can expand responsibility by increasing the need to monitor, 
validate, and govern AI-generated outputs. This becomes especially important when AI 
systems accelerate decision-support processes to the point where outputs are produced faster 
than they can be carefully assessed. In such situations, employees may face a trade-off 
between using AI to achieve faster operational decisions and slowing down the process to 
ensure responsible validation. 

These findings align with Batool, Zowghi and Bano (2024), who argue that AI-supported 
decision-making creates accountability gaps because authority becomes partially delegated to 
algorithmic systems while responsibility remains attached to human actors. Similarly, 
Herrera-Poyatos et al. (2025) emphasize the importance of human oversight, auditability, and 
traceability mechanisms in responsible AI governance. The findings also support Bader and 
Kaiser (2019), who warn that organizational pursuit of efficiency through AI may reduce 
transparency, flexibility, and human engagement within operational environments. 

The tension between efficiency and responsibility therefore occurs because AI systems 
improve operational productivity and accelerate workflows while accountability, governance, 
and operational consequences remain human-centered. Organizations may become 
increasingly operationally dependent on AI systems, but employees remain responsible for 
validating outputs and managing risks associated with AI-generated recommendations. This 
creates a practical conflict: the faster and more extensively AI is used, the greater the burden 
on employees and organizations to ensure that AI-supported outputs are correct, explainable, 
and responsibly applied. 

From a practical perspective, this tension appears particularly relevant for organizations 
operating in environments involving sensitive information, operational risk, or 
business-critical decisions. The findings suggest that organizations implementing 
AI-supported operational systems require stronger governance structures, validation routines, 
and accountability mechanisms to manage growing dependence on AI-supported 
decision-making processes. 

Finally, the analysis indicates that AI-supported operational efficiency does not reduce the 
need for human responsibility. Instead, AI integration may increase the importance of 
oversight, governance, and critical evaluation within operational decision-making processes. 
The central tension is therefore not simply that efficiency and responsibility coexist, but that 
efficiency gains can expand the scope of human responsibility by increasing the speed, 
volume, and operational significance of AI-generated outputs. 
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5.4 Summary of Tensions   
Table 2. Summary of tensions linked to usage of AI-based information systems in operative 
decision-making. 

Tension  AI contribution  Human requirement  Trade-off  

Control  
vs  
Flexibility  

Structured 
monitoring, 
standardization, 
and process 
visibility.   

Contextual adaptation 
and situational 
interpretation.  

AI-supported control 
improves 
consistency and 
visibility, but may 
limit flexibility 
when employees 
need to adapt or 
override outputs in 
exceptional or 
changing situations.  

Automation  
vs  
Professional 
judgement  

Automation of 
repetitive and 
analytical 
operational tasks.  

Interpretation, 
validation, and 
contextual evaluation.  

Automation reduces 
direct human 
involvement in parts 
of the analytical 
process, but 
professional 
judgement remains 
necessary to assess 
whether 
AI-generated 
outputs are valid, 
relevant, and 
contextually 
appropriate.  

Efficiency  
vs  
Responsibility  

Faster information 
processing, 
scalability, and 
operational 
optimization.   

Verification, 
accountability, and 
governance.  

Efficiency gains 
increase speed and 
volume of 
AI-generated 
outputs, but may 
also expand human 
responsibility for 
validation, 
oversight, and 
consequences.  

The table illustrates how the dimensions within each tension are interconnected, but also how 
they involve underlying conflicts (see Table 2). The first column presents the identified 
tensions that emerged through the abductive analysis of the empirical material and theoretical 
framework. The second column describes the primary operational contributions enabled by 
AI-based information systems, while the third column outlines the corresponding human 
capabilities and activities that remain necessary despite increasing AI integration. The final 
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column summarizes the practical trade-offs between AI-supported capabilities and continued 
human involvement in operational decision-making. 

The first tension, control versus flexibility, shows that AI-based information systems can 
strengthen organizational control through standardization, monitoring, and process visibility. 
However, this increased control may also constrain flexibility when standardized outputs do 
not fit changing operational conditions, customer-specific requirements, or contextual 
settings. In such situations, employees must adjust, reinterpret, or override AI-generated 
recommendations, which demonstrates that control and flexibility can pull decision-making 
in different directions. 

The second tension, automation versus professional judgement, shows that AI systems can 
automate repetitive and analytical operational tasks, thereby reducing manual work and 
accelerating decision-support processes. However, automation can also reduce direct human 
involvement in the analytical process itself. Professional judgement may therefore become 
less visible during the initial production of analysis and instead be applied later, when 
employees review, validate, or contextualize AI-generated outputs. This creates a tension 
between the efficiency of automated analysis and the need for human expertise to actively 
shape and evaluate operational decisions. 

The third tension, efficiency versus responsibility, shows that AI systems improve speed, 
scalability, and operational productivity. However, faster and larger-scale information 
processing does not remove human responsibility. Instead, it may increase the need for 
verification, oversight, and governance, since employees remain accountable for the 
accuracy, reliability, and consequences of AI-generated outputs. The conflict becomes visible 
when organizations seek faster operational decisions while employees must slow down the 
process to ensure responsible validation. 

Together, the tensions demonstrate that AI-based information systems do not remove human 
involvement from operational decision-making processes. Instead, AI integration changes 
where and how human involvement becomes necessary. Human actors become less involved 
in certain forms of repetitive manual execution, but increasingly involved in supervising 
AI-supported processes, adapting outputs to contextual realities, evaluating reliability, and 
managing accountability for operational decisions. The analytical contribution of these 
tensions is therefore that AI does not simply complement human decision-making; it also 
creates trade-offs between standardization and adaptation, automation and expertise, and 
speed and responsible oversight. 
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6. Discussion 

This study examined what tensions characterize the use of AI-based information systems in 
operational decision-making. The findings demonstrate that AI systems increasingly 
influence operational work through automation, predictive capabilities, information 
processing, and decision-support functionalities. However, the findings also show that 
AI-supported decision-making cannot be understood as a straightforward process of 
technological optimization. Rather than simply improving operational decision-making, AI 
systems introduce competing demands that operational actors must continuously manage in 
practice. 

A central contribution of this study is the identification of three interconnected tensions that 
characterize AI-supported operational decision-making: control versus flexibility, automation 
versus professional judgement, and efficiency versus responsibility. While previous research 
has examined these dimensions separately, the findings of this study show how they interact 
in practice and create situations where operational actors must balance competing demands. 
This contributes to a more nuanced understanding of AI-supported decision-making as a 
process characterized by continuous negotiation between algorithmic capabilities and human 
organizational judgement. This phenomena is more complex than a linear transition from 
human decision-making to automated decision-making. 

The findings particularly demonstrate that increased AI-supported control can both strengthen 
and constrain operational decision-making. AI systems improved operational visibility, 
monitoring, and standardization, which participants generally perceived as valuable in 
structured operational processes. However, this study adds to previous research by showing 
that the same control mechanisms that improve consistency may also limit flexibility when 
operational conditions change or when AI-generated outputs fail to capture contextual 
nuances. In such situations, employees needed to reinterpret, adjust, or override AI-generated 
recommendations. This refines Jarrahi’s (2018) argument that AI systems struggle to 
independently manage contextual uncertainty by showing how this limitation becomes visible 
in operational work: human flexibility becomes necessary precisely when algorithmic control 
becomes too rigid. 

The study also extends existing knowledge on automation and professional judgement. 
Previous research has emphasized that AI can complement human expertise in complex 
operational environments with need for human oversight (Herrera-Poyatos et al. 2025). The 
findings of this study support this view, but also show that complementarity is not 
unproblematic. Although AI systems automated repetitive and analytical operational tasks, 
this automation changed when and how professional judgement was applied. In several cases, 
human judgement was no longer primarily involved in producing the initial analysis, but 
instead became concentrated in later stages of validation, interpretation, and correction. This 
suggests that automation may not remove professional judgement, but it can reposition it. The 
analytical contribution here is that AI-supported automation may shift professionals from 
active producers of analysis toward supervisors and validators of machine-generated outputs. 
This creates a tension because professional expertise remains necessary, while the 
opportunity to apply that expertise earlier in the decision process may be reduced. 

The findings further show that efficiency gains generated by AI can intensify responsibility 
rather than reduce it. Participants described AI systems as improving speed, scalability, and 
productivity. However, faster information processing also increased the need for validation, 
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oversight, and accountability. This finding extends prior research on AI-related accountability 
gaps by showing how such gaps emerge in everyday operational decision-making. 
Responsibility remains attached to human actors, even when parts of the decision-support 
process are delegated to AI systems, as also explained by Batool, Zowghi and Bano (2024). 
The conflict is not only that AI increases efficiency while humans remain responsible, but 
that efficiency itself can expand the burden of responsibility. As AI systems generate larger 
volumes of outputs at higher speed, employees and organizations must ensure that these 
outputs are accurate, reliable, and appropriate before they are used operationally. 

Taken together, these findings show that AI-supported operational decision-making is shaped 
by unresolved tensions rather than stable divisions of labour between humans and systems. 
Control, automation, and efficiency are not only benefits of AI implementation; they also 
create new forms of dependency on human flexibility, professional judgement, and 
responsibility. This is where the study contributes beyond confirming prior research. It shows 
that AI implementation in operational environments should be understood as a 
socio-technical process in which technological capabilities and human requirements are 
mutually dependent, but also sometimes in conflict. 

The study also contributes practically by demonstrating that successful AI implementation in 
operational environments depends not only on technological performance, but also on how 
organizations manage these tensions. Organizations need governance structures, validation 
routines, and clear accountability mechanisms, but they must also preserve employees’ ability 
to question, adapt, and override AI-generated outputs when necessary. This means that AI 
implementation requires more than technical integration. It also requires organizational 
learning, competence development, and managerial awareness of how AI changes the 
conditions for human decision-making. 

From a broader organizational perspective, the findings indicate that AI-based information 
systems may gradually reshape operational roles and competencies within manufacturing 
organizations. As AI increasingly automates routine operational tasks, human work appears 
to shift toward supervision, interpretation, governance, and exception management. However, 
this shift should not be understood as a simple upgrading of human work. It may also create 
new pressures, as employees become responsible for validating outputs generated through 
systems they may not fully understand or control. This highlights the need for organizations 
to ensure that employees have both the competence and authority required to evaluate 
AI-supported recommendations critically. Finally, the findings suggest that AI-supported 
operational decision-making should not be understood as a purely technological process, but 
as a continuously negotiated interaction between algorithmic systems and human 
organizational actors.  
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7. Conclusions 

This study examined what tensions characterize the use of AI-based information systems in 
operational decision-making. To answer the research question, What tensions emerge in the 
use of AI-based information systems for operational decision-making?, the findings 
demonstrate that three central tensions characterize AI-supported operational work within 
manufacturing environments: control versus flexibility, automation versus professional 
judgement, and efficiency versus responsibility. 

The findings demonstrate that AI-based information systems significantly improve 
operational efficiency, automation, information processing, and decision-support capabilities. 
AI systems support organizations by enabling faster analyses, increased scalability, structured 
workflows, predictive capabilities, and automation of repetitive operational tasks. However, 
the study also shows that AI-supported operational decision-making cannot be understood as 
a straightforward process of replacing human decision-makers or simply optimizing 
efficiency. Instead, AI integration redistributes operational work, authority, and accountability 
between human actors and AI-supported systems. 

Taken together, the findings suggest that AI-supported operational decision-making is not a 
process of replacing human work, but one of redistributing responsibilities and introducing 
new forms of coordination between human and machine capabilities. The identified tensions 
illustrate that organizations must continuously balance competing demands, rather than 
optimizing a single dimension such as efficiency, automation, or control. Increasing one 
dimension may simultaneously create new challenges in another. For example, increased 
control through standardization may reduce flexibility in changing operational situations, 
increased automation may shift professional judgement to later stages of validation, and 
increased efficiency may expand the need for human oversight and accountability. 

These findings are important because they show that AI-supported operational 
decision-making should be understood as a socio-technical process shaped by both 
technological capabilities and human interpretation. The study contributes beyond existing 
research by showing how dimensions often discussed separately, such as control, automation, 
efficiency, professional judgement, flexibility, and responsibility, interact in practice as 
tensions. This provides a more nuanced understanding of AI-supported decision-making as an 
ongoing process of negotiation between algorithmic outputs and human organizational 
judgement. 

The study therefore concludes that AI-based information systems should not be understood as 
autonomous replacements for operational decision-makers. Rather, they should be understood 
as systems that change where and how human involvement becomes necessary. Human actors 
become less involved in certain forms of repetitive manual execution, while becoming 
increasingly involved in supervision, validation, interpretation, governance, and 
accountability management. This means that human expertise remains central, but its role is 
transformed as AI systems become more integrated into operational decision-making 
processes. 

From a practical perspective, the findings suggest that successful implementation of AI-based 
information systems depends not only on technological performance, but also on 
organizational capabilities. Organizations need governance structures, validation routines, 
clear accountability mechanisms, professional expertise, and contextual understanding in 

54 [of 71] 



 

order to manage the consequences of AI-supported decision-making. Consequently, 
organizations implementing AI-supported operational systems must avoid treating efficiency 
or automation as isolated goals. Instead, they must continuously balance efficiency, 
automation, flexibility, professional judgement, control, and responsibility in order to manage 
the organizational implications of AI integration effectively. 

7.1 Implications 

The findings of this study have several organizational and societal implications regarding the 
increasing use of AI-based information systems in operational decision-making. From an 
organizational perspective, the study suggests that AI implementation requires more than 
technological investment alone. Organizations must also develop governance structures, 
validation routines, accountability mechanisms, and human competencies capable of 
supporting responsible AI usage in operational environments. These implications are directly 
connected to the three identified tensions: control versus flexibility, automation versus 
professional judgement, and efficiency versus responsibility. 

First, the tension between control and flexibility implies that organizations need to design 
AI-supported decision-making processes that provide structure without becoming too rigid. 
AI systems can improve operational control through monitoring, standardization, and process 
visibility, but organizations must also preserve employees’ ability to adapt, reinterpret, or 
override AI-generated outputs when operational conditions change. In practice, this means 
that organizations should not treat AI-generated recommendations as fixed instructions. 
Instead, they need procedures that allow human actors to adjust AI-supported outputs in 
response to customer-specific requirements, contextual nuances, production changes, or 
unexpected operational situations. 

Second, the tension between automation and professional judgement implies that 
organizations must ensure that automation does not remove employees too far from the 
decision-making process. As AI systems automate repetitive and analytical tasks, employees 
increasingly shift from performing manual operational work toward supervising AI-supported 
processes, evaluating outputs, and managing contextual adaptation. This means that 
organizations may need to redesign operational roles, competence development, and 
managerial practices to support effective human-AI collaboration. Employees require not 
only technical skills, but also the ability to critically assess AI-generated outputs, understand 
their limitations, and apply professional judgement when outputs are incomplete, uncertain, 
or contextually inappropriate. 

Third, the tension between efficiency and responsibility implies that organizations need 
stronger mechanisms for validation, accountability, and governance. Although AI systems 
significantly improve efficiency and analytical capabilities, the findings demonstrate that 
organizations cannot fully rely on automated outputs without human interpretation and 
contextual evaluation. Faster information processing and larger volumes of AI-generated 
outputs may increase the burden of verification rather than reduce it. This is particularly 
important in manufacturing environments involving operational risk, safety concerns, or 
business-critical decisions. Organizations implementing AI-based operational systems may 
therefore require clearer routines for quality control, explainability, transparency, auditability, 
and accountability. 
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From a broader organizational perspective, these implications suggest that successful AI 
implementation depends on how organizations manage the trade-offs created by AI 
integration. Organizations cannot optimize control, automation, or efficiency in isolation, 
because strengthening one dimension may create new challenges in another. Increased control 
may reduce flexibility, increased automation may constrain professional judgement, and 
increased efficiency may expand responsibility for validation and oversight. Therefore, 
organizations need to actively manage the balance between technological capabilities and 
human responsibilities in everyday operational work. 

From a societal perspective, the findings suggest that AI increasingly reshapes the nature of 
professional work and organizational decision-making processes. As AI systems become 
more integrated into operational environments, human roles may gradually move away from 
manual execution toward supervision, interpretation, validation, and governance-oriented 
responsibilities. This transformation may affect how expertise, responsibility, and 
professional competence are understood within future workplaces. The societal implication is 
therefore not only that AI may change what tasks humans perform, but also that it may 
change what forms of human expertise become valuable. 

Furthermore, the study highlights broader societal concerns regarding accountability and trust 
in AI-supported decision-making. Although AI systems increasingly influence operational 
outcomes, responsibility for decisions and consequences continues to remain attached to 
human actors. This creates challenges regarding transparency, explainability, and 
accountability in situations where AI-generated outputs significantly shape operational 
decisions. Consequently, future organizations and societies may need clearer governance 
frameworks and ethical guidelines for managing responsibility and trust within increasingly 
AI-supported environments. 

Finally, this study contributes to Information Systems research by providing an empirically 
grounded understanding of how tensions emerge in AI-supported operational 
decision-making within manufacturing environments. While previous research has often 
focused on AI performance and adoption outcomes, this study highlights the socio-technical 
balancing processes that operational practitioners navigate when working with AI-based 
information systems. By connecting the implications to the identified tensions, the study 
shows that responsible AI implementation requires organizations to manage not only 
technological adoption, but also the practical conflicts between control and flexibility, 
automation and professional judgement, and efficiency and responsibility. 

7.2 Further research 

Further research could examine whether similar tensions appear in other industries or 
organizational settings. Comparative studies across multiple organizations would be valuable 
for identifying whether the tensions found in this study are specific to the settings of the 
organizations studied or more broadly applicable. 

Also, future research could examine how the highlighted tensions develop over time. AI 
systems are changing rapidly, and several informants described AI use as increasing 
significantly. Longitudinal studies could therefore investigate how responsibility, professional 
judgement, and control evolve as AI systems become more integrated into everyday work. 
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Another area for further research concerns AI governance. The findings show that 
responsibility often remains with the human user, even when AI generates the output. Future 
studies could explore how organizations design governance structures, validation routines, 
and accountability mechanisms to manage this responsibility in practice. 

Finally, future research could investigate competence development in AI-supported 
decision-making. As AI changes work from manual execution toward supervision and 
validation, employees may require new skills related to prompting, verification, contextual 
interpretation, and responsible AI use. More research is needed on how organizations can 
train employees to manage these new demands effectively. 
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Appendixes 

Appendix 1 - Interview Guide 
 
Introduction: Hello, and thank you for taking the time to participate in this interview. 
The purpose of this study is to explore how AI systems influence decision-making in 
professional settings. Particularly of interest is how factors such as control, flexibility, 
automation, professional judgment, efficiency, and responsibility are affected when working 
with AI. Your insights and experiences are very valuable, and there are no right or wrong 
answers. And your responses will be treated confidentially and used only for research 
purposes. If it’s ok for you, the interview will be recorded and transcribed in a secured 
document for only the researchers. 
 
Opening questions: 

1. Could you introduce yourself shortly?  
2. What’s your current job position, could you list some of your daily tasks? 
3. How do you typically make decisions in your daily work, before and after 

adopting AI? 
 
Key questions: 

● Control 
4. How would you describe the distribution of control between you and the AI 

system when making decisions? Follow-up question: Has this changed over 
time?  

● Flexibility 
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5. Do you believe that the system supports or limits your ability to handle unique 
cases? 

● Automation 
6. Which decisions in your work are automated by AI systems? 

● Professional judgment 
7. When do you choose to trust the system, and when do you rely on your own 

judgment? 
8. Can you describe a situation where you disagreed with the system? 

● Efficiency 
9. Do you feel that decisions have become more efficient or accurate? In what 

way? 
● Responsibility 

10. How do you handle situations where the system makes a mistake? Follow-up 
question: Who do you feel is responsible for the mistake and why? 

Ending questions: 
11. Is there anything about working with AI systems that we haven’t discussed but 

you think is important? 
12. What do you see as the biggest challenge when using AI in your daily work? 
13. What improvements would you like to see in these systems? 

Appendix 2 - Prior Tension Research 

Tension Description 
Status in 
Prior 
Research 

Key 
References 

Research Gap / 
Relevance to 
Current Study 

Control vs. 
Flexibility 

AI-based information 
systems increase 
operational control 
through standardisation 
and predictive 
decision-making while 
operational 
environments require 
flexibility and 
adaptation to changing 
situations. 

Existing 

Bader and 
Kaiser (2019); 
Janssen et al. 
(2022); 
Engström et 
al. (2025); Öz 
et al. (2025); 
Raisch and 
Krakowski 
(2021) 

Although widely 
discussed, limited 
research has 
examined how 
operational 
decision-makers 
experience and 
manage this tension 
in everyday 
AI-supported work 
practices. 

Automation 
vs. 
Professional 
Judgment 

AI increasingly 
automates analytical 
and operational tasks, 
while human expertise, 
contextual reasoning, 
and experiential 
knowledge remain 

Existing, 
but not 
consistentl
y framed 
as a 
tension 

Bankins et al. 
(2022); 
BaniHani et 
al. (2024); Li 
and Tian 
(2026); Billi 
and Lebruna 

Most studies focus 
on AI capabilities 
rather than how 
professionals 
negotiate the 
balance between 
automation and 
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important for complex 
decisions. 

(2025); 
Stracke et al. 
(2026) 

judgment in 
operational 
contexts. 

Trust vs. 
Validation 

AI can provide rapid 
recommendations and 
insights, but concerns 
regarding reliability, 
explainability, and 
errors often require 
human verification. 

Partially 
Existing 

Glikson and 
Woolley 
(2020); Shin 
(2021); 
Jarrahi 
(2018); Kelly 
(2026) 

Research has 
examined trust in 
AI, but less 
attention has been 
paid to the practical 
validation activities 
performed by users 
before accepting AI 
outputs. 

Efficiency 
vs. 
Responsibil
ity 

AI improves efficiency 
through faster 
information processing 
and decision support, 
while responsibility for 
decisions generally 
remains with human 
actors. 

Limited 
Research 

Raisch and 
Krakowski 
(2021); 
Shrestha, 
Ben-Menahe
m and von 
Krogh (2019); 
Kelly (2026) 

This tension 
remains 
underexplored, 
particularly 
regarding how 
efficiency gains 
affect perceptions 
of accountability 
and responsibility in 
operational 
decision-making. 

AI 
Capability 
vs. Human 
Accountabil
ity 

AI systems increasingly 
contribute to decisions 
through 
recommendations, 
predictions, and 
analyses, while 
accountability remains 
assigned to humans. 

Emerging 
Research 
Area 

Shrestha, 
Ben-Menahe
m and von 
Krogh (2019); 
Kelly (2026); 
Janssen et al. 
(2022) 

Existing studies 
identify 
accountability 
challenges, but 
empirical evidence 
remains limited 
regarding how 
accountability is 
negotiated when AI 
significantly 
influences 
decisions. 

Appendix 3 - Coding schedule 

Open Code Empirical Data  Infor- 
mants 

Initial 
Category Emerging Tension 
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Human retains 
final control 

I would say that the 
human has control. 

1, 3, 5, 
6, 8, 11 

Human 
Oversight 

Human Judgment vs AI 
Recommendations 

AI supports rather 
than replaces 
decisions 

We are not listening to 
AI-generated 
recommendations. 

4, 5, 8, 
10 

Decision 
Support 

Human Judgment vs AI 
Recommendations 

Need to verify AI 
outputs 

You should not just 
accept the answer it 
gives. 

1, 2, 3, 
5, 8 

Verification 
Practices 

Trust in AI vs Need for 
Validation 

AI hallucinations 
reduce trust 

It changed company 
names into fictional 
ones. 

2, 4, 8 
Reliability 
Concerns 

Trust in AI vs Need for 
Validation 

Human expertise 
overrides AI 
recommendations 

We chose our own 
solution because it 
aligned better with 
our constraints. 

2, 3, 5, 
8, 11 

Professional 
Judgment 

Automation vs Human 
Expertise 

AI lacks 
contextual 
understanding 

AI still lacks a full 
understanding of 
organizational 
dynamics. 

3, 4, 6, 
8 

Contextual 
Limitations 

Automation vs Human 
Expertise 

AI increases 
decision-making 
speed 

AI has significantly 
improved how quickly 
I can gather 
information. 

2, 3, 4, 
5, 6, 10 

Productivity 
Gains 

Efficiency vs 
Verification Effort 

Verification 
creates additional 
work 

I spend less time 
collecting information 
and more time 
validating it. 

2, 3, 5, 
8 

Validation 
Burden 

Efficiency vs 
Verification Effort 

AI automates 
repetitive tasks 

AI can generate Jira 
tickets quickly. 

2, 3, 5, 
9 

Task 
Automation 

Efficiency vs 
Verification Effort 

Humans remain 
accountable 

The user is 
responsible. 

1, 2, 3, 
4, 5, 8, 
11 

Accountabili
ty 

AI Influence vs Human 
Accountability 

AI influences 
human thinking 

AI can influence how 
you think about a 
problem. 

3, 11 
Cognitive 
Influence 

Human Judgment vs AI 
Recommendations 
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Risk of 
overreliance on 
AI 

People move further 
away from 
understanding their 
own code. 

3, 4, 11 
Skill 
Dependency 

Human Capability vs AI 
Dependency 

AI enables new 
analytical 
capabilities 

Without AI, we 
simply would not 
have had that 
information. 

1, 4, 6 
AI 
Augmentati
on 

Human Capability vs AI 
Dependency 

Data quality 
determines AI 
quality 

If I label an image 
incorrectly, the 
computer would never 
answer correctly. 

1, 6, 7 
Data 
Dependency 

Automation vs Human 
Expertise 

Privacy and 
security concerns 

Without context poor 
results; with context 
risk of exposing 
sensitive data. 

2, 3, 7 
Governance 
and Risk 

AI Influence vs Human 
Accountability 

Appendix 4 - Initial Categories Table - Human-AI Tensions in 
Operational Decision-Making 
 

Initial 
Category Related Open Codes Supporting 

Informants Description 

Human 
Oversight 

Human retains final 
control; AI supports rather 
than replaces decisions; AI 
influences human thinking 

1, 3, 4, 5, 6, 
8, 10, 11 

Humans retain final authority 
over decisions and monitor 
AI recommendations. 

Verification 
and 
Reliability 

Need to verify AI outputs; 
AI hallucinations reduce 
trust 

1, 2, 3, 4, 5, 
8 

AI outputs require validation 
because of potential 
inaccuracies, hallucinations, 
and uncertainty. 

Professional 
Judgment 

Human expertise overrides 
AI recommendations; AI 
lacks contextual 
understanding 

2, 3, 4, 6, 8, 
11 

Human expertise and 
contextual knowledge remain 
essential in operational 
decision-making. 
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Productivity 
and 
Automation 

AI increases 
decision-making speed; 
Verification creates 
additional work; AI 
automates repetitive tasks 

2, 3, 4, 5, 6, 
9, 10 

AI improves efficiency and 
automates routine tasks but 
may create additional 
verification work. 

Accountabilit
y and 
Governance 

Humans remain 
accountable; Privacy and 
security concerns 

1, 2, 3, 4, 5, 
7, 8, 11 

Responsibility for decisions 
remains with humans despite 
AI involvement, while 
governance and security 
concerns persist. 

Capability 
and 
Dependency 

AI enables new analytical 
capabilities; Risk of 
overreliance on AI; Data 
quality determines AI 
quality 

1, 3, 4, 6, 7, 
11 

AI expands analytical 
capabilities but may increase 
dependency and remains 
constrained by data quality. 

 

Appendix 5 - Generative AI - Declaration 
(Usage Report)  
  
University of Borås  

Generative AI Usage Report  

This template for a Generative AI Usage Report has been designed to provide students in 
Information Technology and related fields with a structured framework for reporting the use 
of generative artificial intelligence (AI) in their theses. The purpose of this template is to 
transparently communicate where and how generative AI has been incorporated into the 
thesis, as well as to highlight the reason for and extent of its use.  
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University of Borås is a modern university in the city center. We give courses in business 
administration and informatics, library and information science, fashion and textiles, 
behavioral sciences and teacher education, engineering and health sciences. 

In the School of Business and IT (HIT), we have focused on the students' future needs. 
Therefore we have created programs in which employability is a key word.Subject 
integration and contextualization are other important concepts. The department has a 
closeness, both between students and teachers as well as between industry and education. 

Our courses in business administration give students the opportunity to learn more about 
different businesses and governments and how governance and organization of these 
activities take place. They may also learn about society development and organizations' 
adaptation to the outside world. They have the opportunity to improve their ability to analyze, 
develop and control activities, whether they want to engage in auditing, management or 
marketing. 

Among our IT courses, there's always something for those who want to design the future of 
IT-based communications, analyze the needs and demands on organizations' information to 
design their content structures, integrating IT and business development, developing their 
ability to analyze and design business processes or focus on programming and development 
of good use of IT in enterprises and organizations. 

The research in the school is well recognized and oriented towards professionalism as well 
as design and development. The overall research profile is Business-IT-Services which 
combine knowledge and skills in informatics as well as in business administration. The 
research is profession-oriented, which is reflected in the research, in many cases conducted 
on action research-based grounds, with businesses and government organizations at local, 
national and international arenas. The research design and professional orientation is 
manifested also in InnovationLab, which is the department's and university's unit for research 
supporting system development. 
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