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Abstract  
 

Artificial intelligence in the marketplace has become increasingly hyped in recent years, 

however scholars and practitioners argue that managers and developers understand very little 

about how management and organizations affect or is affected by the technology. Therefore, 

this thesis aimed to explore the phenomena of AI in the marketplace and its impact on 

management and their organizations by investigating how the interplay between AI, 

management and the organization affect the implementation of AI-driven solutions. Thus, 

contribute to the field of managerial theory and provide new navigational tools to support 

managers seeking to utilize AI for their businesses in the future. As such, following a qualitative 

research design, a new conceptual framework is proposed, built on the founding thoughts of 

Duchessi O’Keefe and O’Leary (1993), which were then contemporized by industry experts. As 

result, eight themes were identified and supplemented with extant managerial theory. Finally, 

the conceptual framework was empirically tested through three case studies. 

  

The implications of the research undertaken suggest that AI impact management through the 

potential of value creation and demands a new set of competencies and capabilities. 

Management conversely impact them implementation of AI through the acts of an AI-driven 

leader and responsibility herof. In terms of the AI’s impact on the organization, the technology 

requires greater internal coordination and collaboration during the course of implementation, 

but also induces new ways of working for organizational stakeholders. In return, the 

organization impacts the course of implementation of AI-driven solutions through 

organizational resistance and structure. Furthermore, it has shed light on some interesting 

topics for future research in the field of enquiry. Finally, the authors hope that this thesis can 

inspire other scholars to investigate this highly relevant topic further, moving into the new 

digital economy. 

  

 

 

 

Keywords: Artificial Intelligence, Expert Systems, Technology, Management, Organization, Digital 

Transformation, Strategic Change Management, Organizational Change, Innovation 
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1.0. Introduction  
 

“Like bees to honey, tech trends generate hype”, Lashinsky (2019) argues. Back in the 1990s, the 

internet and dotcom was a big trend, while in the 2000’s the possibilities of cloud computing, 

big data and cryptocurrencies are just some examples of such (Hosanagar & Saxena, 2017; 

Lashinsky, 2019). It is perhaps driven by scholar’s emphasis on strategic foresight (Zenger, 

2013), as every trend brings with them the promise of development, willing investors and 

reassuring consultants, in addition to befuddling buzzwords (Lashinsky, 2019). One of these 

hypes of late revolves around artificial intelligence (AI). 

  

AI has in fact been around for a long time and is often associated with the work of Turing (1950). 

John McCarty - a pioneer within the field - explained AI as the science and engineering of making 

intelligent machines or intelligent computers. Intelligence in this regard is related to the 

computational part of enabling an intelligent system to perform a task witch resemblance of 

human cognitive ability (McCarthy, 2019). Although early philosophers like Descartes (1637) 

(in Maclean, 2006) questioned whether a machine would ever reach the level of human 

intelligence, there has still been some development with AI over the course of years which have 

caused attraction. ‘Deep Thought’, the intelligent chess master that beat the world champion in 

chess in 1989 (Hsu et al., 1990) and the breakthrough with IBM's ‘Watson’ in Jeopardy back in 

2011 (Ferrucci et al., 2013) are just a few examples of such, both spiking new AI hypes. 

  

What makes the current AI hype different from the past, is often argued to be related to the 

arrival of the fourth industrial revolution, or Industry 4.0, which is highly influenced by 

digitization (Davis, 2016; Marr, 2016; Roblek et al., 2016; Schwab, 2016). In addition, it is fueled 

by the advancements of big data and the Internet of Things (IoT), and Syan & Sharma (2018: 

135) argue that, “we are undergoing a time of profound transformation powered by digitization, 

information and communication-technology, machine learning, robotics and artificial 

intelligence”. Simultaneously, several companies on their quest for maintaining and building 

competitive advantage are in the process of undergoing their digital transformation journeys; 

“a process that aims to improve an entity by triggering significant changes to its properties though 

combinations of information, computing, communication, and connectivity technologies” (Vial, 

2019). Although the term ‘digital transformations’ includes several factors that leads the way 
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for companies and leaders alike towards a truly digital and data-driven organization, AI is seen 

as an integrated part of, and a means to, such transformations (Roblek et al., 2016; Vial 2019. 

AI has thus transformed rapidly into a growing industry, with widespread predictions of 

changing the economic and labor landscape of the world (Montes & Goertzel, 2019). As such, 

Lashinsky (2019) argues; “Make no mistake - artificial intelligence is more than a fad. It 

represents a whole new way of doing business” 

  

As a result, the idea of AI - and intelligent machines with abilities that resembles human 

cognitive efforts - has fascinated scholars and practitioners alike, seducing both leaders and 

their organizations (Davenport & Ronanki, 2018). Statt (2018) also reported how an AI boom 

is happening all over the world and accelerating quickly. A study conducted about Artificial 

Intelligence in Europe furthermore showed that many companies considered AI an important 

topic, which has resulted in an exponential increase in AI-investments over the past decade 

(Microsoft Denmark, 2018). In fact, 84% of executives say AI will enable them to obtain or 

sustain competitive advantages (Ramsbotham et al., 2017) and rightfully so, as the technology 

promises how “organizations enabling AI at the enterprise level are increasing operational 

efficiency, making faster, more informed decisions and innovating new products and services” 

(Marria, 2019).  

 

An interesting observation in terms of the development of AI, however, can be found on the 

Nordic market. Whereas Denmark and Sweden have large investments in AI-technology on 

$330 million and $254 million respectively, Norway only contributes with $30 million 

(Microsoft Denmark, 2019). “But the current level of investor interest in AI hides the fact that, 

although AI techniques are useful in solving certain problems, they are not yet applicable in every 

case” (Lynch, 2019). Another interesting finding is seen in that Microsoft Denmark’s (2018) 

report shows how only 4% of their participating companies were actively using AI today. 

  

This is also seen with Moldoveanu (2019) who asks, “Why is the gap between companies’ AI 

ambition and their actual adoption so large?”. When looking beyond the hype, however, AI has 

proven to induce a paradigm shift for managers and their organizations that has yet to fully 

embrace and see results from data analytics (Hosanagar & Saxena, 2017). Even so, the answer 

is not necessarily technical, as the success of an AI-driven solution depends on a variety of 
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technical, managerial and organizational implications, thus setting new demands for the future 

of strategic change management (Duchessi, O’Keefe & O’Leary 1993; Moldoveanu; 2019; 

Hosanagar & Saxena, 2017). The same issue was also raised during the last AI-hype, where back 

in 1993, Duchessi, O’Keefe and O’Leary (1993:1) argued “that managers and developers 

understand little about how management and organizations affect or is affected by the 

technology”. As such, according to Moldoveanu (2019), this is a barrier that promises to stall, 

delay or sink algorithmic innovation, arguing that “it is growing, not shrinking.” 

  

Gentch (2019) further argue how this gap with AI can be traced back to the fact that most 

literature on AI and related topics are frequently very technical and informatics’ focused. Thus, 

a transmission between the business and the technology, and the potentials and limitations 

hereof are currently missing (Gentsch, 2019). In addition, the imagination of applicable areas 

in which to use AI is limited by best practice examples, Gentch (2019) continues. As such, “The 

relevance and pressure to act in this area do happen to be repeatedly postulated, yet there is a 

lack of a systematic reference frame and a contextualization and process model on algorithmic 

business” (Gentch, 2019: 8).  

 

1.1. Research Objective  
 

Based on the above, the curiosity of the authors was triggered to investigate the occurring 

divergence between the ambitions and actual adoption of AI in the marketplace. With the 

emergence of Industry 4.0, companies may have taken the necessary steps to become digital, 

leaving AI with new possibilities for application. Regardless, a divide between how 

management and organization affect or is affected by AI technology is still evident, and the need 

for bridging AI technology and methodology with managerial practice and organizational 

influence thus evident.  
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As such, this thesis seeks to expand the field of managerial theory by searching for the interplay 

of AI, management and organization in the marketplace. This will happen by holistically 

reviewing managerial and organizational implications and/or limitations when acquiring this 

technology. Finally, the purpose will be to contribute to the field of managerial theory and 

provide new navigational tools to support managers when seeking to utilize AI for their 

businesses in the future.  

 

As such, the following research problem has been identified:  

 

How does the interplay between Artificial Intelligence technology, management and 

organization impact the implementation of an AI-driven solution?  

  

1.2. Structure  
 

Pursuing to answer the identified problem, the following section seeks to provide an 

explanation of the thesis’ overall structure. The aim as such is to clarify the content of and 

connection between the various chapters, and thus provide a better experience for the reader.  

 

Chapter one seeks to provide an introduction to the field of enquiry and highlight aspects of 

which research may be founded upon hereunder. Based on this information, the research 

objectives are thus presented, along with the structure to review it. Finally, chapter one also 

includes a description of limitations made for research undertaken 

 

Thereafter follows a clarification of the research methods applied, which is explained in chapter 

two. The chapter includes both the thesis’ methodological considerations, which explains how 

the problem is perceived, accompanied by an examination of the conducted fieldwork and data 

collection-process. An elaboration of data analysis as well as a discussion of the data quality is 

also included hereunder.  
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In chapter three, a new conceptualized framework; The AI Management Wheel (AIMW), is then 

presented. The model is an adaption of Duchessi, O’Keefe & O’Leary’s (1993) original 

framework for investigating the interaction between AI, management and organization. 

However, as the framework originated from the previous AI-hype, and the scholars also admit 

a limited collective knowledge about the interplay between AI, management and organization, 

a need to contemporize this framework is recognized. The chapter is thus followed by a 

contemporization of the presented framework, by analyzing several expert interviews 

conducted in cooperation with Inmeta. Finally, extant managerial theory will be discussed to 

supplement the conceptual framework. Based on the chapter, the AIMW is then created. 

 

The AIMW is then sought appraised empirically through case studies. The purpose of chapter 

four is as such to provide their findings. In line with the thesis scientific stance, both a 

hermeneutic interpretation and dialectic comparison approach will be applied. The 

implications from the findings are also further discussed in chapter five, leading to some 

general recommendations and proposals for future research.  

 

Finally, the thesis is round up with the conclusion in chapter six.  

 

 

1.3. Limitations  
 

In order to ensure a sufficient level of quality of the research conducted, some limitations and 

deselections for the thesis have been necessary to make. This is mostly due to limited resources 

during the course of this thesis, time being a particularly prominent restraining factor, as well 

as page restrictions. This section therefore aims to shed light on these limitations.  

 

Although it is important to acknowledge that the external environment do have an impact on 

the strategic implementations of AI-driven solutions, this thesis will not address the impact of 

such external environment - e.g. consumers, competitors and governmental policies like 

General Data Policy Regulations (GDPR) - in greater detail. This has to do with the named 

restrictions.  
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In addition, this thesis does not include the intricate technical aspect of AI, as the focus of this 

thesis rather lies on the business value and application of AI-technology. Some fundamental 

aspects of AI technology and terminology will naturally be addressed hereunder, such as the 

concept of machine learning and other closely related concepts to the creation of intelligent 

systems. Other technical aspects will however not be discussed in further detail.  

 

Yet another limitation to the thesis’ is that of the relationship between AI and business ethics. 

There’s been a lot of focus on the role of ethical behavior in both applied and academic 

publications concerning AI - see for example Semykoz (2018b;c) or Vial (2019). Although 

ethical behavior can be seen as an important part of understanding AI and the organization, this 

aspect has not been strongly emphasized in neither Duchessi, O’Keefe & O’Leary (1993) or by 

the experts interviewed (3.2). In addition, Vial (2019) argue how ethics mainly plays a part in 

the long-term perspective of digital transformations. As such, this aspect has currently been 

excluded.  

 

Finally, a limitation also revolves around geography, as the data collection is conducted 

exclusively on Norwegian cases. This decision was mainly based on the resource-restrictions 

mentioned initially. However, the Norwegian market also presents itself as an interesting case, 

as its spending on AI-technology is significantly low compared to similar Nordic countries as 

mentioned in the introduction. Furthermore, this creates a basis for comparison, as factors like 

national culture and governmental regulations are similar. Despite this limitation, as AI 

technology is the same regardless of national boundaries, it is expected that the findings may 

be applicable for cases elsewhere in the world as well.  
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2.0. Research Methods  
 

The following sections aim to elaborate on the research methods applied throughout the thesis. 

This will firstly include an explanation of the thesis’ scientific anchoring, including methods and 

methodology applied hereto. Furthermore, the research design and reasoning approach will be 

disclosed, before an elaboration on the fieldwork and data collection process is included. 

Finally, a section on how the collected data has been interpreted, as well as their integrity, will 

be discussed.  

 

2.1. Scientific Anchoring  
 

Based on the research objective (1.1), this thesis seeks to review the interplay between AI, 

management and organization in the marketplace. As the emphasis lies on the interpretation 

and understanding of these phenomena, as opposed to merely quantifying them, a qualitative 

research approach was deemed appropriate (Eriksson & Kovalainen, 2008; Malhotra et al., 

2017). This decision is further supported in that other scholars have called for more in-depth 

research in regards to reviewing this interplay (Duchessi, O’Keefe & O’Leary, 1993), as 

qualitative research is known to provide depth, insight and understanding (Malhotra et al., 

2017).  

 

The chosen qualitative strategy has further implications for the scientific stance of this thesis, 

as “how the researcher perceives the research problem affects the paradigm they will adopt in 

either an implicit or explicit manner” (Malhotra et al., 2017: 51). A paradigm offers a 

foundational view of knowledge (Darmer & Nygaard, 2005; Eriksson & Kovalainen, 2008; Kuhn, 

1962; Malhotra et al., 2017), and can in its most generic way be defined as “a basic set of beliefs 

that guide action, whether of the everyday garden variety or action taken in connection with a 

disciplinary inquiry” (Guba, 1990: 17). Guba (1990) further argues how there are four main 

paradigms worth considering; being positivism, post-positivism, critical theory, and 

constructivism. The scientific anchoring however depends on the ontology, epistemology and 

methodology, meaning how knowledge is perceived and developed, as well as the nature of that 

knowledge (Guba, 1990). 
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This thesis has been anchored in the paradigm of constructivism, as it is described by Guba 

(1990). Constructivism sees the world as a construction of reality and therefore pursue a 

relativistic ontological approach, as “relativism is the key to openness and the continuing search 

for ever more informed and sophisticated constructions. Realities are multiple, and they exist in 

people mind” (Guba, 1990: 26).  Extracting these realities will as such be the research aim of the 

thesis. In line with this reasoning, constructivism further has a subjective epistemology which 

requires a personal involvement with the research participants (Guba, 1990). Thus, the 

epistemology also aligns with the thesis’ qualitative nature (Malhotra et al., 2017). As for 

methodology, constructivists tend to have a hermeneutic and dialectic approach (Eriksson & 

Kovalainen, 2008; Guba, 1990. As such, “[...] constructions are elicited and refined 

hermeneutically, and compared and contrasted dialectically, with the aim of generating one (or a 

few) constructions on which there is substantial consensus” (Guba, 1990: 27). The scientific 

anchoring can furthermore be seen in table 1.  

 

 

Table 1 - Methodological Design  

 

 

2.2. Research Design and Reasoning Approach  
 

In the work of retracting numerous constructions of reality, this thesis is applying a multiple 

case study design (Eriksson & Kovalainen, 2008; Malhotra et al., 2017). Eriksson & Kovalainen 

(2008) emphasize how case studies can be seen as either intensive or extensive, where the 

former is utilized in this thesis as its emphasis lies on interpretation and understanding of the 

case, in line with the constructivist methodology (2.1). “This is done through contextualized and 
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‘thick description’” (Eriksson & Kovalainen, 2008: 120). Furthermore, Eriksson & Kovalainen 

(2008) highlight how intensive case studies are also capable of developing existing theory and 

is thus in line with the thesis’ research objective (2.2).  

 

As for reasoning, this thesis has utilized an abductive approach. According to Awuzie & 

McDermott (2017: 357), abductive reasoning combines inductive and deductive reasoning, as 

well a mixture of both, which “[...] enables the researcher’s engagement in a back and forth 

movement between theory and data in a bid to develop new or modify existing theory”. This is 

appropriate as the thesis has first applied an inductive approach when contemporizing the 

AIWM, only to then have it tested empirically through deduction. Methods hereto will be further 

discussed in the subsequent fieldwork and data collection (2.3). In addition, Nenonen et al. 

(2017) found abduction to be found the most prominent approach when seeking to theorize 

with managers, thus fitting with the objective of the thesis to provide new managerial 

navigational tools.  

 

 

2.3. Fieldwork and Data Collection  
 

The following section aims to elaborate on the techniques and research procedures applied for 

collecting data, and considerations made for sampling. In line with the qualitative research 

practice and the aim of developing a conceptual framework for investigating the interplay 

between AI, management and organizations, this thesis has made use of both professional 

consultants from Inmeta and three companies for a multiple case study. The overall research 

procedure can be seen in figure 1. 

 



19 
 

 
 

Figure 1 – Illustration of Research Procedure (self-produced) 

  

2.3.1. Expert Interviews 

 

In line with the observations made in the introduction, it became evident how the last AI hype 

has grasped the attention of managers and their organizations alike and how misalignments in 

literature calls for a new holistic approach to perceive AI, management and organizations in its 

context (Duchessi, O’Keefe & O’Leary, 1993; Gentch, 2019). 

  

As such, the initial conducted primary research involved in-depth interviews with knowledge 

carriers and consultants from Inmeta, holding strong expertise of the field of AI. The purpose 

of these interviews was to contemporize the already existing framework of Duchessi, O’Keefe 

and O’Leary (1993) to identify enquiries and generally highlight especially important aspects 

of the field of study (Malhotra et al., 2017).  This was deemed necessary as the scholars 

acknowledge how the field of AI is changing rapidly in the new knowledge-based economy 

(Creplet et al., 2001; Duchessi, O’Keefe & O’Leary, 1993), which might impact the conditions of 

their proposed framework and recommended further testing. Thus, aid in the discovery of 

extant theory or knowledge (Awuzie & McDermott, 2017; Creplet et al., 2001; Dubois & Gadde, 

2002; Malhotra et al., 2017).  
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2.3.1.1. Sampling 

 

Although it is widely debated in literature whether consultants are an applicable source of 

expert knowledge, Creplet et al. (2001) argues how when studying highly technical and 

complex technologies such as experts-systems – or artificial intelligence, belong to extremely 

knowledge-intensive industries, consultants often stand stronger than traditional experts due 

to their constant adoption and generation of new knowledge. In addition, the supply of experts 

within this particular field is scarce, as Montes & Goertzel (2019: 354) highlights; “while the 

world's population is over 7 billion people, only around 10,000 people in roughly seven countries 

are writing the code for all of AI.” A challenge however is often how consultants can be 

restrained of their knowledge sharing due to client confidentiality and how to recognize their 

level of ‘expertise’ or the quality of their knowledge (Creplet et al., 2001). However, Creplet et 

al. (2001) suggest three criteria for researchers to assess and recognize consultant’s expertise. 

The first revolving what is referred to as ‘belonging’, meaning the relevance of the consultancy 

house itself and the activities the consultants undertake in the field of study. Second includes 

the assessment of educational background, holding a diploma relevant to the field of inquiry, 

and finally is the course of experience of the consultant in terms of relevant projects on the 

topic at hand (see Appendix A and B).  

 

As for the first criteria, Inmeta ASA is a Norwegian IT-consulting firm owned by the Crayon 

Group. Their goal is to create value for their clients by adding knowledge, experience and 

creativity, and with a special focus on lasting digital transformation, including digital strategy 

and change management. Some of the services they provide revolves around interaction and 

portals; system development and integration; big data and advanced analysis; e-business and 

AI and Machine Learning (Bloomberg, 2019; Inmeta, 2019g). Inmeta furthermore seeks to 

make the complicated seem simple though high-quality, tailor-made solutions for a large 

variety of both public and private clients (Inmeta, 2019b). Inmeta has carried out over 20 AI-

driven solutions delivered to date. Due to their strong contribution in the field of AI, among 

others, they’ve been awarded Partner of the Year at Microsoft, as well as Innovator of the Year 

from Epi Partner Awards, reflecting their competencies (Inmeta, 2019h). In 2016, Inmeta also 

contributed to a piece in ‘Kapital’ whom wrote about the potential for value creation with 

AI/ML (Inmeta, 2019c; Inmeta, 2019a).  
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Based on the above, Inmeta fulfills Creplet et al., (2001) first criteria. As for the remaining 

criteria, after an initial meeting with the CEO and VP AP & Machine Learning at Crayon, contact 

was established with eight professionals of interest for the conduction of expert interviews to 

collect data for in-depth investigation. All the selected participants held either a M.Sc. or Ph.D. 

relevant to the field of inquiry, in addition to having experience with several AI-projects and 

implementations hereof (See Appendix B).  

 

As such, the professionals from Inmeta constituted the participants for the conducted expert 

interviews, possessing first-hand knowledge of the field of AI in business. In order to get a 

nuanced picture on the topic at hand (Andersen, 2010), employees with various titles and 

assignments were interviewed, hereof two data scientist, two AI Advisors, The Lead Data 

scientist and The Head of AI in Norway, The Head of AI International, and Director of Sales. The 

data scientists provided an insight to the technical aspect of AI, whereas the AI Advisors, who 

possessed mainly business knowledge, provided a bridge from the technology to business 

application of AI. In addition, the different managers provided valuable insights to the business 

benefits and challenges from a managerial point of view. All participation was voluntary and 

made anonymous, in line with client-confidentiality and ethical research behavior (Andersen, 

2010; Eriksson & Kovalainen, 2008; Malhotra et al., 2017).   

They will instead be referred to by their work title. In addition, all clients or company names 

mentioned during the interview have been anonymized to avoid biases.  

 

2.3.1.2. Data Collection 

 

The interviews conducted with the experts from Inmeta was constructed as to answer the 

questions in a semi-structured manner (Blumberg et al., 2014). This was done in order to allow 

the experts to freely elaborate on their experiences (Andersen, 2010; Creplet et al., 2001). 

However, an interview-guide were designed prior to all interviews, mainly used for the purpose 

of ensuring the coverage of all questions (Andersen, 2010). Ten general questions concerning 

AI, management and the organizations were formulated to create a deeper understanding of 

the phenomena, as too much prior structuring has the possibility to blind important features 
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emphasized by the experts or cause misreading of the informant’s perceptions (Andersen, 

2010; Dubois & Gadde, 2002). The questions included introductory questions centered around 

the interviewees educational background, experiences and interactions with the AI-driven 

solutions of their clients, followed by a broader question allowing the participants to reflect on 

their experiences on the topic at hand (Blumberg et al., 2014: Andersen, 2010). For example, 

the questions included their thoughts about the main reasons for a company to indulge in an 

AI-driven solution, and how the understanding of the technology is among leaders and their 

organizations alike (see complete overview of questions in Appendix C). In addition, all experts, 

regardless of title and work description got the same questions, in order to gather the 

perspectives from the angles ranging from data scientist to top-management. Interviews were 

held individually, in order to let the participants freely develop his or her thoughts, without 

being colored by a strong opinionator or be biased by higher management influence (Creplet et 

al., 2001; Malhotra, 2017). In addition, all interviews were conducted in Norway during ultimo 

February, and lasted between 30 and 50 minutes each. In total, 8 interviews were recorded. 

However, due to technical inquiries with the recording device two of the interviews, hereof 

Head of AI Norway and Lead Data Scientist was in too bad quality to be transcribed. In addition, 

Advisor 2 did not fulfill the requirement of experience as stated by Creplet et al., (2001) (see 

Appendix A) and therefore, the three mentioned experts have been excluded from the data 

sample.  

 

As such five interviews were carefully transcribed from Norwegian to English and the authors 

analyzed the empirical data by carefully reading and reflecting over the transcribed data, cross 

validating sections and relistened to parts that might have been subject to misinterpretation 

(Blumberg et al., 2014). In addition, the data were then coded based on a thematic analysis as 

seen in section 2.4.1 (see Appendix E for examples of such coding). Finally, although the number 

of interviews is not necessarily enough to statistically back strong theoretical assertions, it 

allowed the authors to propose some key aspects that can be further investigated and 

integrated in the theoretical structure provided by Duchessi, O’Keefe and O’Leary (1993) 

(Creplet et al. 2001). Thus, linking empirical and theoretical dimensions in academic work 

(Creplet et al. 2001; Dubois & Gadde 2012).  
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2.3.2. Case Studies  

 

Seeking to appraise the new conceptual framework and investigate the interplay between AI, 

management and organization, which will be accounted for in chapter 3, the final part of the 

conducted research has been designed as a multiple case study as mentioned in section 2.2. The 

contact-facilitation with all companies happened through different contact persons in Inmeta, 

as all cases is, or have been collaborating with Inmeta for their AI-projects. Initially, five 

potential case companies were contacted, whereas the first company declined the invitation of 

participation and the second, unfortunately, did not match the sampling criteria for 

participation which will be presented down below.  

 

2.3.2.1. Sampling 

 

Hereunder, a total of three case studies, representing both public and private sector, have been 

conducted on three different AI-systems under implementation in Det Norske Arbeidstilsynet 

(AT) (in English: The Norwegian Labor Authority), Mimiro and Tradesolution (TS). Further 

presentation of the case companies and their respective AI-driven solutions will be presented 

in chapter 4: Findings. Although the characteristics and industry nature among the 

organizations may vary, the contribution of any AI system is seen to be a function of how it 

integrates with already existing elements and organizational arrangements that constitute an 

improved business process (Duchessi, O’Keefe & O’Leary, 1993). As such, the focus was 

centered around collecting data from companies presenting different business constructs and 

organizational philosophies.  

 

However, the cases were sampled under the condition that all case companies had recently 

implemented or planning to implement an AI-driven solution during 2019. In addition, it was 

set as a prerequisite to gain access to three various individuals, namely; 1) individual with 

managerial assignments and decision power, 2) a department or line manager included in the 

AI-driven project, and 3) an employee who has or is going to interact with the AI-driven solution 

as part of their regular job. The reasoning behind the diversification of interviewees, covering 
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various organizational roles, was to ensure both a managerial perspective but also to maintain 

the perspective from lower levels in the organization. However, all sharing that they have or 

has been involved in their respective AI project somehow.  

 

From AT, three individuals were interviewed, hereof a Manager, Senior Advisor and Developer. 

In Mimiro, their CEO, Head of Innovation and a Project Leader was present, whereas a Manager, 

Department Manager and Photographer was represented in TS.  All respective transcriptions 

can be found in Appendix G. 

  

2.3.2.2. Data Collection 

 

Data was collected through nine semi-structured in-depth interviews (Malhotra et al., 2017), as 

each case company contributed with three participants individually. Prior to the interviews, the 

authors meet with each participant to explain the purpose of the study, in addition to elaborate 

on means of confidentiality in terms of this thesis being made open to the public. In addition, 

the format of the semi-structured interview also allowed for unexpected directions while 

attaining a clear structure and allowed for individual interpretations of themes interest to the 

research undertaken (Eriksson & Kovalainen, 2008). Prior to the interviews, an interview guide 

was thus created to ensure that all themes and their belonging sub-questions were covered 

during the interview (see Appendix F).  

 

Thirteen questions concerning AI’s impact on management and their organizations, based on 

the themes of the AIMW, were formulated in a semi-structured manner, in line with the 

procedure for the expert interviews (2.3.1.2). More specifically, the specific companies’ 

relationship to AI, and its impact on management and organization (Blumberg et al., 2014). For 

example, the interviewees were first asked to describe their educational background and their 

role at work, in order to establish and relationship and trust between the interviewer and 

informant (Malhotra et al., 2017). Furthermore, the reasoning for the selected company to start 

exploring AI were investigated, followed by reflections on their experiences during the course 

of implementation of their AI driven solution (see full interview guide in Appendix F).  
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All interviews were conducted during medio March/April and recorded in Norwegian before 

being carefully translated into English accordingly, in order not to alter the interpretations and 

meanings essential for the research undertaken (Andersen, 2010). Each interview lasted 

between 30 minutes and 1 hour. The same procedure for transcription and cross validation was 

used as mentioned in section 2.3.1.2 (Andersen 2010).  

 

2.4. Data Interpretation and Integrity  
 

 

This final section within research methodology aims to shed light on the considerations made 

in regard to data analysis and evaluation of quality. This found necessary as qualitative research 

has been criticized of not providing a common consensus for interpretation as they are seen as 

too general or unsystematic in contrast to other methods (Flick et al., 2004).  

2.4.1. Data Analysis  

 

Although a benefit with qualitative data is how it offers richness into the field of enquiry, this 

richness can also cause problems for the data’s perceived validity as it can be difficult to find 

analytical patterns amongst it (Boyatzis, 1998; Brynman & Bell, 2015; Malhotra et al., 2017). 

Eriksson & Kovalainen (2008) argue how the purpose of the analysis it to discover patterns and 

relationship between the various categories - in this case between AI, management and 

organization. As such, a foundation for interpretation of data is found to be crucial.  

 

For this thesis, thematic analysis based on the criteria of Boyatzis (1998) has been applied as 

technique to encode the qualitative empirical data. Thematic analysis means analysis of 

meaning or ‘what is told’, Eriksson & Kovalainen (2008) argue. Such data analysis can be 

conducted with various purposes (Boyatzis, 1998; Eriksson & Kovalainen, 2008). For the expert 

interviews, thematic analysis has been utilized to make sense of empirical data by examining it 

for patterns or themes to constitute subcategories based on the conceptual framework of 

Duchessi, O’Keefe & O’Leary (1993) (Boyatzis, 1998; Eriksson & Kovalainen, 2008). For the 

conducted case studies however, the thematic analysis has been used as a way of analyzing by 
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searching for the previously identified themes within the empirical data (Boyatzis, 1998; 

Eriksson & Kovalainen, 2008).  

 

In order to conduct thematic analysis of data, Boyatzis (1998) emphasize the need for explicit 

coding. Coding also helps increasing the data integrity, according to Malhotra et al. (2017). In 

order to ensure good coding, the characteristics hereof as laid down by Boyatzis (1998) and 

further supported by Klenke (2016) have therefore been appraised. As the empirical data 

contain multiple levels of themes however, structuring of the thematic analysis has also been 

done in line with Attride-Stirling (2001). Furthermore, the thematic analysis was conducted 

inspired by the given phases in Braun & Clarke (2006).  

 

As such, the coding process begun with this thesis starting out wanting to investigate the global 

theme, which here is seen as the interplay between AI, management and organization. This 

theme was then further investigated through expert interviews, who were then transcribed and 

translated as mentioned in section 2.3. In addition to define the global theme, four organizing 

themes were also structured on the basis Duchessi, O’Keefe & O’Leary (1993), as will be seen 

in section (3.1). These organizing themes also functioned as initial codes of interpretation of 

the expert interviews. This led to the identification of eight subsequent basic themes, which 

were then labeled (3.2). In order to develop a deeper description of these basic themes, they 

were all reviewed through extant managerial literature, among others (3.3). Finally, the 

described labels constituted the themes for analysis in the case studies (3.2). Examples of the 

coding process, both for identifying basic themes through expert interviews and analysis based 

on themes in case studies, are presented in appendix E and H respectively.   

 

Klenke (2016) further emphasize how coding can be conducted either manually by researchers 

or by coding software. For this thesis, manually conducted human coding was found the most 

suitable due to limitations of computerized content analysis (Klenke, 2016). In particular, the 

lack of natural language processing capabilities, as well as insensitivity to linguistic nuances 

(Klenke, 2016), affected this decision. It is however acknowledged how this decision may affect 

the stability of the coding scheme (Klenke, 2016).   
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2.4.2. Quality of data  

 

When evaluating the quality of data, two classic criteria of evaluation revolves around validity 

and reliability (Eriksson & Kovalainen, 2008; Malhotra et al., 2017; Olsen & Pedersen, 2003). 

Lincoln & Guba (1985) however substitute these criteria with the concept of trustworthiness, 

containing the aspects of credibility, transferability, dependability and confirmability. Eriksson 

& Kovalainen (2008) further argue how these concepts of trustworthiness is seen important 

within constructivism, which will as such base the foundation of evaluation of quality in this 

section.  

 

Dependability “is concerned with your responsibility for offering information to the reader, that 

the process of research has been logical, traceable and documented” (Eriksson & Kovalainen, 

2008: 294). For that reason, Flick et al. (2004) also consider this a measure of reliability for 

qualitative research. Dependability is as such sought fulfilled through the fieldwork and data 

collection as described section (2.3).  

 

Flick et al., (2004) further explains how in qualitative research, transferability is an indicator 

for the external validity. It concerns how similarities between current and previous research is 

seen (Eriksson & Kovalainen, 2008). Transferability in the thesis can firstly be found within the 

work of Duchessi, O’Keefe & O’Leary (1993) which has also been a source of inspiration for this 

thesis. Even so, it is acknowledged how there is a lack of more recent theory on AI’s impact on 

management and their organizations alike, which was a motivating factor for the chosen field 

of enquiry in the first place. Regardless, the need for more similar future research must thus 

also be recognized. This will also be addressed in section 5.6.  

 

Furthermore, credibility is seen a criterion for internal validity by Flick et al. (2004), which 

essentially means to inspire confidence in the truth of the findings (Lincoln & Guba, 1985). 

Through a broad data collection, respectively, and an abductive reasoning approach, the 

problem is reviewed from several angles. Furthermore, findings of the case studies are both 

compared (4.4), and its implications discussed in chapter 5 which may increase the credibility.  
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Finally, conformability refers to the idea that data and interpretations are real and consistent 

(Eriksson & Kovalainen, 2008). It may as such also function as a measurement for objectivity 

(Flick et al., 2004).  Due to the subjective approach to the research, it has been important to 

maintain conformability for the research to be considered valid (Malhotra et al., 2017). Seeking 

to comply to conformability, a detailed data analysis section has been included.  
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3.0. Conceptual Framework 
 

This chapter includes three subsections in order to establish the theoretical and empirical 

foundation for creating a conceptual framework for this thesis. Instead of setting all 

preconceived theoretical ideas aside during the course of research, the authors entered the 

topics of AI, management and organization with the deepest and broadest theoretical base 

possible (Timmermans and Tavory, 2012). This is done to allow for the development of the 

theoretical repertoire throughout the research process. The first section is therefore anchored 

in the thoughts of Duchessi, O’Keefe and O’Leary (1993) in order to establish a structure for the 

theoretical foundation of AI, management and organization (Malhotra et al., 2017). This is 

followed by a contemporization of the presented framework, through conduction and 

interpretation of expert interviews. Finally, additional extant theory on strategic change 

management among others, will be discussed to supplement the conceptual framework and 

add content to the empirical themes identified through the experts.   

 

3.1 The AI, Management and Organization Framework  

 

As mentioned in the introduction, during the last great AI ‘hype’, Duchessi, O’Keefe and O’Leary 

(1993) argued that, despite the high deploitation of AI-driven solutions “managers and 

developers understand very little about how management and organizations affect or are affected 

by the technology” (Duchessi, O’Keefe & O’Leary, 1993). As such, it is critical for managers and 

their organizations to have a certain understanding of the technology they are acquiring, and 

that the engineers or data scientists understand the bases of managerial decision making 

(Duchessi, O’Keefe & O’Leary, 1993; O’Leary & Kingston, 1993). More specifically, the 

understanding of the many challenges associated with the interaction of AI, management and 

organization is highlighted. As such, in an attempt to structure and systemize literature and 

empirical findings, Duchessi, O’Keefe & O’Leary (1993) provide a general framework for 

discussing the interaction of AI, management and the organization.  
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In this regard, AI can be seen to provide many new possibilities for the managers to utilize, like 

differentiate in the marketplace. However, Duchessi, O’Keefe and & O'Leary (1993) points out 

how even though AI is being treated as an independent technology, like many other information 

technologies the final AI-driven solution need to fit with business objectives and strategy, while 

also being integrated into already existing computer-based systems or architecture. Therefore, 

management also plays a critical role in administering and supporting the technology and its 

implementation in the organization. AI furthermore has the power to affect the organization 

through power-shifts, reassignments or downsizing, but also through cost-reductions and 

enhanced services. Whereas organizations are characterized by their institutional properties, 

hereof structure size and performance, the organization does as such also have the power to 

affect the deployment of AI. However, the scholars do not concern the link between 

management and the organization directly, as they argue that the interaction between the two 

categories manifest itself clearly (Duchessi, O’Keefe & O’Leary, 1993). The same limitation will 

also be made for this thesis moving ahead. Additionally, AI is not seen as the one, same product 

in all situations, as it shaped and is shaped by the two other components presented in the 

framework. Thus, the scholars highlight these factors to provide different contexts for the 

development and implementation of AI, which reflect the positive or negative consequences of 

the technology. 

  

 

 

 

 

 

 

 

 

 

 

Figure 2 - Original AI, Management & Organization Framework  

by Duchessi, O’Keefe & O’Leary (1993) 
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Based on the above, Duchessi, O’Keefe & O’Leary (1993) concludes, by highlighting the 

intricate interplay between AI, management and organization, that the success of any AI-

driven solution is dependent on the resolution of a variety of not only technical but also 

managerial and organizational issues, which is seen as mutually dependent.  

 

However, Duchessi, O’Keefe & O’Leary (1993) are also declaring the relationship between the 

three elements as a rather young and unexplored field of inquiry. As such, the scholars argued 

how there is a need for future expansion and development of a more comprehensive model of 

AI innovation and implementation and nonetheless, more empirical literature on this intricate 

interplay between AI, management and the organization. This is further emphasized in the lack 

of studies between the interaction of the global themes, in comparison to other technologies, 

reflecting back on how the technologies in the mid-1980s and early-1990 were arguably new, 

thus limiting the collective knowledge on the organizational impact (Duchessi, O’Keefe & 

O’Leary, 1993). In addition, the focus in the early 90’s was more centered around technical 

development of the technology, which predominated over the broader and non-technical 

managerial and organizational implications (Duchessi, O’Keefe & O’Leary, 1993). As such, a 

need to contemporize Duchessi, O’Keefe & O’Leary’s (1993) proposed framework is 

acknowledged.  

 

3.2. Contemporizing the Framework  
 

By bringing the theoretical structure of Duchessi, O’Keefe and O’Leary’s (1993) back to the 

21st century, the following section aim to contemporize the scholars’ proposed framework of 

assessing the relationship between AI, management and the organization in today's 

marketplace, moving towards Industry 4.0. This is done by eliciting a broad set of questions 

based on Duchessi, O’Keefe & O’Leary (1993) framework to current experts within the area of 

enquiry, as described in section 2.3. The findings hereof will thus be elucidated to shed a 

contemporary light on the above-mentioned framework.  
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3.2.1. Experts Take on AI and Management  

 

From the perspective of AI and management, as Duchessi, O’Keefe & O’Leary (1993) also 

emphasized, the influence between the two elements are mutual. In terms of AI’s effect on 

management, the interviewees first emphasize the possibility AI have to create business 

opportunities and produce value. For example, the Business Developer mentions the potential 

for major cost savings, while AI Advisor 1 emphasize the possibility for increased operational 

efficiency. As such, the first theme identified is the potential for value creation.  However, the 

value creation depends on strategic fit with the business and business process (AI Advisor 1). 

As such, some of the interviewees emphasize the importance of customized AI-driven solutions 

(Business Developer, Data Scientist 2; Head of Innovation). The need for business fit can also 

be seen in that the Business Developer explain how they implemented a similar AI-driven 

solution into two different companies; “both use a recommend-based solution - and the effect on 

one is humongous, while on the other, although it is still good, the effect is nowhere near in 

comparison. In essential, it depends on the internal competences as well as quality of data”. 

 

The values AI may yield is not always clear for managers however, as emphasized by the 

Business Developer; “They seem to believe AI is a magic crystal ball that will take care of all their 

problems”. As such, all interviewees emphasize how new competencies and capabilities is 

required in order to thrive in the future of an AI-driven environment. This includes their 

knowledge of what AI is, the limitations it operates within, the prerequisites of data, and as such 

be able to understand the business benefits and challenges that comes with the technology and 

its nature, as emphasized by Advisor 1: “So it means that you have to complement the 

competencies of the data scientists, with those who has business experience” Thus, the need for 

new competencies and capabilities is identified;  

 

“New competences are required. And this is something so fundamental that it cannot start 

at the bottom of the organization. Top managers must claim an ownership. It is those 

whom must set the agenda, require and facilitate the building of the right competences 

within the organization as a whole”  

(Head of AI International). 
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This leads onto management’s influence on AI-driven solutions. It is strongly emphasized by all 

interviewees, across roles, that top management support is essential in any AI-driven project. 

The Business Developer states;  

 

“in the end, it’s the board of directors making the decisions. Because usually resources are 

involved that line managers don’t have the authority to sign off on. In some cases, not even 

the CEO have that authority [...] To get the means for such an investment, case documents 

must be procured, and the process pulls out. No one bother to make this effort unless they 

can stand for it a 100%”.  

 

As such, resources is one of the key aspect to the importance of managerial involvement. 

However, it is also emphasized how engagement matter (Data Scientist 2) and that innovation 

can usually be traced back to a promoter (Head of AI International). As such, they identify the 

need for an AI-driven leader.  

 

However, it also emphasized how it’s often one or more line managers who are driving the 

process the process internally which highly impact the course of implementation of AI-driven 

solutions (AI Advisor 1; Business Developer; Data Scientist 1).It is thus seen that those who are 

advocating for the AI-driven solutions are rarely situated among top management as mentioned 

above, which is further emphasized by Data Scientist 1; “those who are ‘prime engine’ for AI at 

the customers are not necessarily those who decide on the spending”. It leads to an interesting 

observation and raises the question in terms who has the overall responsibility for the 

implementation and operation of AI-driven solutions.  

 

A total of four themes have been identified in the relationship between AI and management. 

The first two revolves around the affect AI has on management. Hereunder, value creation is 

first identified. Value creation is also somewhat seen in Duchessi, O’Keefe & O’Leary (1993), 

who highlights how AI can contribute to differentiation and cost reduction, as well as increased 

workforce efficiency. Although Duchessi, O’Keefe & O’Leary (1993) consider them separate, the 

contemporized framework will include these all as part of value creation. In addition, the new 

notion of competencies and capabilities has been identified based on the experts. 
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Furthermore, an additional two themes for management's impact on AI has been identified. 

Hereunder, an AI-driven leader is seen emphasized both by Duchessi, O’Keefe & O’Leary 

(1993) and the experts; a leader who promotes the use of AI and facilitate resources to allow it. 

Finally, the experts raise attention to whom should oversee AI in business. Thus, the fourth 

subcategory address responsibility for the implementation and operation of AI. 

3.2.2. Experts Take on AI and Organization  

 

Moving on to AI and the organization, the organizational element is firstly reconfirmed in that 

all interviewees emphasize the need for gradually spreading AI into the organization as a whole. 

Furthermore, a mutual influence can again be seen. AI affects the organization in several ways. 

First of, it is clear how AI requires new means of internal collaboration. The interviewees 

explain how a lot of expectations and work is put upon the data scientist; however, they need 

to be supplemented with other competencies in order for an AI-driven solution to function (AI 

Advisor 1; Data Scientist 1; Data Scientist 2). In other words, more roles are needed for the 

development and implementation of AI; “[...] the involvement of the organization is key! You must 

decide who should be a part of this, in order for it to turn into a good process. And you need 

someone to explains why we’re doing this to the organization; the changed perspective” (Business 

Developer). The experts do as such emphasize the growing need for internal collaboration 

and coordination.  

 

Furthermore, AI affect the way work is done within the organization. These changes may 

include both types of assignments, but also ways of working - usually in line with a process 

being streamlined or automated somehow, the interviewees mention. In other words, AI induce 

new ways of working; “So then, in all of a sudden, you have to tell the technicians that their gut 

feeling, ehm well. You are not supposed to do it like that anymore, now it is the algorithm that 

decide when you are supposed to go out and servicing the machine” (AI Advisor 1).  

 

However, it also becomes evident how the organization also has the power to enhance or inhibit 

any AI system, as the organizational force may embrace or resist the use of AI-driven tools. “In 

one of our clients, it took them one year after our solution were ready before the organization 

actually started using the model”, Head of AI International hinted. Several of the exerts thus saw 
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the true challenge for successful implementations of AI-driven systems to be lying in the 

organization, causing organizational resistance towards the technology (AI Advisor 1; Data 

Scientist 1; Business Developer).  

 

“But it’s a bit about how people feel like their position, domain or competencies are being 

threatened. And if those technicians feel like there position or workplace is being 

threatened by an algorithm that they think are stupid, it is no wonder that you meet 

resistance” (AI Advisor 1). 

 

Finally, a subcategory revolving the way the organization is structured can also be seen. Head 

of AI International for example, mentions how a structure that allows for working with 

intelligent solutions is important but at times absent. An example of organizations influence 

over AI can thus be seen in the way of organizational structure; “So the internal structure is a 

challenge, as well as not having a culture to drive innovation. If it’s too bureaucratic, the ideas get 

diluted and vanish” (Business Developer).  

 

As such, a total of four themes has also manifested themselves in the interconnection between 

AI and organization. AI’s impact on organization is found in an increased need for internal 

collaboration and coordination, as well as through new ways of working. The latter is also 

emphasized by Duchessi, O’Keefe & O’Leary (1993), who emphasize how AI will infuse 

reassignments and enhanced services. However, the former is yet a new theme based in the 

attempt to contemporize the framework. Based on these induced changes, organizational 

resistance is yet another factor identifies, as influential from organization to AI. This can also 

resemble what Duchessi, O’Keefe & O’Leary (1993) called user incentives to adopt AI. Finally, 

the organization further affects AI through organizational structure, which is evident both 

to the experts, as well as by Duchessi, O’Keefe & O’Leary. (1993).  
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3.2.3. Other Remarks to the Contemporized Framework  

 

As pointed out by Duchessi, O’Keefe and & O'Leary (1993), even though AI is being treated as 

an independent technology, like many other information technologies, the final AI-driven 

solution needs to fit with business objectives and strategy, while being integrated into already 

existing computer-based systems or architecture. The same arguments can also be found with 

the interviewees; “Because one thing is to deliver a model, but that model is worth nothing if it 

does not fit in, or work in a business process. So, it needs it’s place, a function and live a life. And 

all of this is connected to the core of the business” (AI Advisor 1).  

 

However, in contrast to Duchessi, O’Keefe and O’Leary (1993), the role of data is something that 

is being highlighted as especially important from the practitioners whereas many of them argue 

that companies often don’t understand the true value of their data and the challenges that 

comes with it. “[...] most of them got the infrastructure overall to solve it. The data is probably a 

bigger challenge. And in some industries the quality of data might differ and is also usually where 

the digitalization is lagging behind the most and their data quality is also the words.” (AI Advisor 

1). 

 

Finally, in line with the founding thoughts of Duchessi, O’Keefe and O’Leary’s (1993) proposed 

framework, all participants highlighted the issue of leaders and their organizations still lacking 

fundamental knowledge on the technology they are acquiring, but also that engineers or data 

scientists must understand the basis of managerial decision making. “Well, they say that 

machine learning is written in python while AI is written in PowerPoint. And from my point of 

view, it is important to have an understanding for both” (Data Scientist 1). In addition, the Head 

of AI International especially emphasize how they experience a lack of reference frame to be a 

big issue for the businesses seeking to acquire AI-technology regardless of organizational level. 

The same argument is made by Gentch (2019), as seen in the introduction. As such, moving 

ahead some of the fundamental aspects of AI technology and terminology in literature will be 

addressed.  
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3.3. A Theoretical Lens on the Framework  
 

Based on the eight basic themes identified by contemporizing the founding framework of 

Duchessi, O’Keefe and O’Leary (1993), the following sections aims to apply other extant theory 

to supplement the development of the new conceptual framework. 

 

Initially, a brief introduction to the topic of AI, and how the elements of data and ML may 

provide business benefits, but also cause new challenges. Thereafter the identified themes 

located in the roam of AI’s impact on management and organization, and vice versa, will be 

investigated conversely anchored in existent theory strategic change management 

supplemented by current publications on the field enquiry. However, as mentioned in section 

3.1., this thesis will not concern the direct link between management and the organization.  

3.3.1. Artificial Intelligence in the Marketplace   

 

AI technology was the first global theme from the original framework of Duchessi, O’Keefe & 

O’Leary (1993). As mentioned in the introduction, Gentsch (2019) argues that the academic 

landscape provides great informatics-related explanations on AI. However, what is missing is 

bridging the gap from AI technology and methodology towards clear business contexts and 

added value (Gentsch 2019). In line with this argument, Kaplan & Haenlein (2019: 17) explains 

how “it is surprisingly difficult to define what AI is and what it is not”.  The authors argue that 

one of the main reasons for the confusion revolving AI is the speed of which the field of AI is 

evolving, stating; “what used to be considered as intelligent behavior exhibited by machines 5 

years ago is now considered barely noteworthy” (Kaplan & Haenlein, 2019:17), Confusion 

revolving terminology may be another factor, as AI technology are frequently renamed in 

literature, ranging from expert systems (see for example Duchessi, O’Keefe & O’Leary, 1993; 

Smith 1984), to cognitive intelligence (Davenport & Ronanki, 2018; Kaplan & Haenlein, 2019). 

In fact, several scholars are arguing that there is a lack of systematic reference frame and 

contextualization to process models in the digital and data-driven companies today (Davenport 

& Ronanki, 2018; Gentsch, 2019; Kaplan & Haenlein, 2019; Ross, 2017).  
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Descartes (1637) (in Maclean, 2006) question of whether a machine would ever possibly 

perform and/or surpass human cognitive abilities, as mentioned in chapter 1., is also what 

scholars and practitioners often refer to as general AI (AGI) (Ayoub & Payne, 2016; Crnkovic-

Friis, 2018; Kaplan & Haenlein, 2019; Kurzweil, 2005). The idea of general AI remains to this 

date a common topic in science fiction and future studies (Kaplan & Haenlein, 2019; Kurzweil, 

2005). Some scholars even question whether or not AGI is even possible to achieve (Kaplan & 

Haenlein, 2019), while others argue that it is just a matter of time before the machines will 

reach the a cognitive threshold and consciousness of a human being (Gentsch, 2019; Kaplan & 

Haenlein, 2019; Kurzweil, 2005; Roberts, 2016). For now, most references emphasize a 

distinction between general AI and narrow AI (ANI) (Ayoub & Payne, 2016; Kaplan & Haenlein, 

2019). Narrow AI is seen as the use of intelligent machines or systems, to study or accomplish 

specific problem-solving or reasoning tasks (Kaplan & Haenlein, 2019, Tecuci, 2012). According 

to Crnkovic-Friis (2018), ANI is the most advanced form of AI used today and includes 

everything from virtual assistants being able to speak and assist customers, to cancer tumor 

prediction models that can identify serious illnesses in patients. As such, when referring AI 

throughout this thesis, it is thus through the perspective of ANI, unless something else is 

explicitly stated. 

 

In order to overcome some of the challenges revolving a systematic reference frame, Davenport 

and Ronanki (2018) suggest that companies should look at AI through the lens of business 

capabilities rather than technologies, and thus aim to systemize AI-driven solutions within its 

business contexts. Based on extensive research, the scholars argue for three dominant 

categories of AI that has emerged in response to different business needs (Davenport and 

Ronanki, 2018). The first, and largest category concerns the cognitive automatization of 

business processes, which is the most commonly seen AI supported task. Cognitive automation, 

or process automation, typically revolves around the automation of digital and physical tasks 

located in back-office administrative and/or financial activities (Davenport & Ronanki, 2018). 

The second largest category revolves around gaining insight through elevated data analysis 

provided by machine learning (Davenport & Ronanki, 2018). In this category, algorithms are 

used to detect patterns in vast volume of data and interpret their meaning, usually applied to 

improve performances on jobs “only machine can do such as tasks that involve high speed data 

crunching and automation beyond human ability” (Davenport & Ronanki, 2018: ). The final 
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category called cognitive engagement, which is used to interact with either employees or 

customers for example through chatbots or other internal helpdesks (Davenport & Ronanki, 

2018). An overview of the three different categories with examples can be seen in table 2 down 

below.  

 

 

 

 Table 2 - An overview of cognitive intelligence by type, inspired by  

Davenport & Ronanki (2018) 

 

What all of the above-mentioned categories have in common, is that they all dependent on the 

founding elements of the AI technology, such as data and ML, which will be elaborated further 

in the following section.  

 



40 
 

3.3.1.1. The Elements of AI: Data and Machine Learning  

 

According to Tecuci (2012: 173), the strengths of any intelligent machine “derives from the 

knowledge in its knowledge base”. As such, before companies start imagining or evaluating any 

AI-driven solution, the foundation of data must be laid on which to build the task upon 

(Crnkovic-Friis, 2018).  

 

In line with the immense progress in the technological evolutionary steps of the Internet, 

mobile phones and the Internet of Things (IoT) (Gentsch, 2018), Demchenko (2013) highlights 

how data has become interrelated with virtually all human activity, and sharing opinions such 

as politics, religion and products has become an everyday occurrence. To put it in perspective, 

IBM estimated six years ago that about 2.5 quintillion bytes of data were generated each day, 

and that the number is only accelerating exponentially in line with the growth of IoT (Barnes, 

2013; Marr, 2018). As such, the new habits of information sharing generate highly specific 

consumer insights and has proven to become valuable assets to companies (Catlin, 2018; 

Savanakumar & SuganthaLakshmi, 2012). However, in order to harvest the values of the several 

quintillion tons of data in the modern world, data management is essential in addition to a 

computational architecture to sustain and maintain it (Davenport & Ronanki, 2018; Smith & 

Farquhar, 2000). As of today, several companies are still at the stage of trying to capture the 

data in an organized fashion, in order to transform data into valuable input to future managerial 

decision making (Pang & Lee, 2008; Smith & Farquhar, 2000). Furthermore, not all data 

gathered is suitable for an AI driven solution (Crnkovic-Friis, 2018), and having access to large 

amounts of data in a data driven world alone will not provide any additional value without the 

necessary tools and capabilities to interpret the results (Barnes, 2013).  

 

In brief, Tecuci (2012) explains that there are various approaches and methods that has 

developed in the isolated subfields of AI, but one of the most common ways to creating an 

intelligent machine or system, however, is through Machine Learning (ML). According to Hastie 

et al. (2017), what makes ML powerful in contrast to other traditional statistical techniques is 

how it provides better predictions as it accommodates highly nonlinear and complex 

relationships between inputs and outputs. However, the versions of ML may vary, and some 
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models are more complex than others (Davenport & Ronanki, 2018; Tecuci, 2012). One of the 

main goals of ML is as such, on the basis of its acquisition of knowledge preserved by the data, 

to precisely enable the machine to learn and solve a specific problem (Tecuci, 2012). For 

example, the use of ML in Cognitive Automation can streamline processes, both simple but also 

more complicated processes through detailed labeling (Davenport & Ronanki, 2018). This 

might sometimes include deep learning, which attempts to mimic the activity in the human 

brain in order to recognize patterns - for example to recognize images in photos (Davenport & 

Ronanki, 2018; Hardt, 2018). Furthermore, with cognitive insight, the ML models become more 

data intensive and detailed, as models become better in their ability to utilize new data to make 

predictions or put things into categories that improves over time. In addition Cognitive insight 

might also include ML that utilizes deep learning, which can perform jobs granting new data for 

improved analytics, as the activity of data curation has historically been quite labor intensive, 

by identifying probabilistic matches (Davenport & Ronanki, 2018) Finally, cognitive 

engagement is often utilizing natural language processing for text or subjectivity analysis (Pang 

& Lee, 2008). 

 

3.3.2.3. Implications of Data and ML 

 

Although there are great possibilities for AI-solutions driven by ML and conversely data, the 

same elements of AI also make out a basis of some challenges a firm must overcome in other to 

capitalize on smart learning technology (Crnkovic-Friis, 2018). 

 

Based on how ML is able to accommodate highly nonlinear and complex relationships between 

inputs and outputs unknown to the eye of the beholder, the final product of  some versions of 

ML - such as deep learning - becomes black boxes in the sense that the models do not necessarily 

‘explain’ how they came to the conclusion of its solution (Davenport & Ronanki 2018; Luca et 

al., 2016; Syam & Sharma, 2018). This lack of interpretability therefore becomes one of ML, and 

hence AI’s, great disadvantage in contrast to other traditional models (Syam & Sharma, 2018). 

Another challenge with ML worth addressing is that the models are being defined in the 

language of algorithms, meaning that the model quickly becomes very literal (Luca et al., 2016). 

Therefore, when formulating algorithms and training a model through ML, the goals or business 
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case must be stated explicitly, and the choice of data inputs are further essential (Luca et al., 

2016). This naturally leads onto some of the final challenge in relation to ML, which revolves 

around data-centred issues. This is of great importance, as the data directly affect reliability and 

effectiveness of the ML models (Luca et al., 2016). As such, there are several occurring 

challenges in relation to data and its impact on an AI-driven solution. First is the lack of data or 

data diversity, which is due to the lack of unique datasets, or the probability to discover a 

broader set of diverse features in them (Luca et al., 2016). Smith & Farquhar (2000) moves on 

arguing for the second issue of scattered or unorganized data, highlighting how this issue makes 

it difficult to know what data is available internally as well as its state of quality. Duchessi and 

O’Keefe (1993) argues that one of the main reasons for unorganized data is the lack of central 

ownership where lot of data is often generated but nobody cares to store it. This is typically a 

result of not being a data-driven organization or due to low prioritizing from management 

(O’Leary & Kingston, 1994). Crnkovic-Friis (2018) further argue how scattered and 

unorganized data occurs because the data may not seem currently relevant and thus is 

insufficiently stored. This is also supported by Luca et a., (2016), but could in fact have been 

valuable for a future problem. A final challenge is according to Crnkovic-Friis (2018) and Luca 

et al. (2016) centered about biased data as they mention how individuals who interacts with 

the dataset for the model often reflects their own biases in the final product.  

 

3.3.2. AI and Management in Literature  

 

The following sections seek to elaborate on the second global theme of management from 

Duchessi, O’Keefe & O’Leary’s (1993) framework, by investigating 1) AI’s impact on 

management and 2) management's impact on AI, by reviewing the identified themes of value 

creation, competencies and capabilities, AI-driven leader, and responsibility. 
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3.3.2.1. AI’s Impact on Management  

 

Value Creation 

As mentioned in the introduction, businesses in most industries have in recent years begun 

conducting initiatives to explore and exploit new digital technologies within the various 

categories of AI, mainly as a potential source for cost reduction, but also product differentiation 

(Davenport and Ronanki, 2018; Duchessi, O’Keefe & O’Leary, 1993;  Makridakis, 2017; Matt et 

al., 2015). Therefore, the use of AI technologies can as such provide “[...] both game-changing 

opportunities for - and existential threats to - companies” (Sebastian et al., 2017: 197). Vial 

(2019) thus argue for their ability to disrupt, while Ross (2017) generally emphasize the 

immense potential AI has for value creation. Scholars in general are thus making it increasingly 

clear how AI will redefine and impact upon managerial practices (Davenport & Foutty, 2018; 

Duchessi O’Keefe & O’Leary, 1993; Kolbjørnsrud et al., 2016). 

 

As is also accounted for in  previous sections, Davenport & Ronanki (2018) emphasize how 

there are three main ways for management to ensure value creation with AI; automation of 

processes, insight for decision making, or new and better ways to engage with clients or 

customers. However, Kaplan & Haenlein (2019) highlight that firms will continually be 

challenged to establish long-lasting competitive advantage when entering the world of AI. The 

scholar argues, that due to several of the basic mathematical concepts of underlying AI are 

widely known and often made available to the public, that designing a unique AI-driven solution 

demands better hardware and better data then those of the competitors (Kaplan & Haenlein, 

2019). Thus, adds additional pressure on a company's digital preparedness. In addition, as 

digital transformations initiatives like AI is likely to affect and impact upon large parts of the 

company and Matt et al. (2015) further emphasize how strategy is another important approach 

to govern the transformation process. Strategy thus also serves as a central concept to integrate 

the entire coordination, prioritization and implementation within the firm (Matt et al., 2015; 

Vial, 2019). As such, AI also impact upon management through strategy formulation, to allow 

for it to include competitive advantages gained from the deployment of AI, and thus new value 

creation. As such, the scholars argue how AI technology has the potential for creating strategic 

competitive advantages (Duchessi, O’Keefe & O’Leary, 1993).  
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Competencies and Capabilities  

In line with the value that AI brings to managers and their organizations alike, the new 

technology also creates new requirements for managerial competencies and capabilities 

(Davenport & Bean, 2018; Davenport & Foutty, 2018; Duchessi, O’Keefe & O’Leary, 1993). As 

Catlin et al. (2018) puts is: “In an era of powerful first-mover advantages, winners routinely lead 

the pack in leveraging cutting-edge digital technologies at scale to pull further ahead. Having only 

a remedial understanding of trends and technologies has become dangerous” (Catlin et al., 2018).  

 

As such, AI demands managers to develop dynamic competencies; “[...] ability to integrate, 

build, and reconfigure internal and external competencies to address rapidly changing 

environments” (Grant, 2016: 229). According to Teece (2007) this also includes the capacity to 

1) sense and shape opportunities as well as threats, 2) seize the opportunities, and 3) 

maintain competitiveness through managing resources.  

 

Catlin et al. (2018) proposes how, in order to understand the technology behind AI and master 

the new economics of digital, managers must conquer their ignorance. Executives may not be 

fully aware of what AI means, or the ways it can change their businesses or competitive context, 

and thus, they may not fully comprehend how the various categories of AI may generate value 

(Catlin et al., 2018; Davenport & Foutty, 2018; O’Leary and Kingston, 1994). As result of 

ignorance, the scholars argue, is  that managers are more prone to make fragmented, 

overlapping or subscale digital investments, pursue initiatives in a misguided order or skip 

foundational moves that would enable more advances solutions (Catlin et al., 2018). Thus, 

raising the technical competencies and acting as data-driven decision makers is seen as key to 

success (Catlin et al., 2018; Davenport & Foutty, 2018; Kaplain & Haenlein, 2019).  

 

The need for managers to pursue and exhibit a new set of competencies in order for their 

business to thrive with AI is also seen in Kolbjørnsrud et al. (2016). However, the scholars 

rather argue how, as AI provide new tools for value creation, the human capabilities that cannot 

be undertaken by a machine will increase in importance. Examples of such include judgement 

work, social intelligence and people skills, as well as creative thinking and experimentation 

(Kolbjørnsrud et al., 2016; Ross, 2017). In addition, both Catlin et al. (2018) and Kaplan & 

Haenlein (2019) make a point of saying how managers need to inspire confidence as AI 
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fundamentally transform the work life. The emphasize on human capabilities is furthermore 

seen in both Briggs (2019) and Makridakis (2017). For example, the latter found that leading 

firms within AI are skilled at attracting and managing talented people (Makridakis, 2017). As 

such, Kaplan & Haenlein (2019: 23) emphasize how:  

 

“Managers  in the future need to be experts in assessing skills to identify the best position 

of each employee in a hybrid system of people and AI. And they need to become creative 

innovators in order to emphasize the types of intelligence AI will not be able to replace”  

3.3.2.2. Management's Impact on AI   

 

AI-driven Leader 

As Duchessi, O’Keefe & O’Leary (1993: 154) pointed out, it is also evident that management 

affects the success of AI-driven solutions, as “Management plays a key role in admitting AI into 

the organization and implementing it successfully”. The scholars further argue how managers 

exert its influence on AI in two particular ways: Firstly, by acting as champions, and secondly 

through resource-facilitation (Duchessi, O’Keefe & O’Leary, 1993). “One of the primary issues in 

the implementation of AI systems seems to be the need for a champion to promote the use of AI” 

(Duchessi, O’Keefe & O’Leary, 1993: 155). Being a champion goes beyond just verbal support 

for the system; it also includes willingness to actively advocate the technology and make it a 

high priority in the organization (Duchessi, O’Keefe & O’Leary, 1993; Matt et al., 2015). In other 

words, managers must “[...] practice the values it promotes” (Hatch & Schultz, 2001: 130). 

Makridakis (2017) additionally argue how champions is a trade with highly successful digital 

firms that dominate the AI revolution, while Duchessi & O’Keefe (1995) highlight how workers 

are more likely to respond positive to AI when they perceive it as having broad management 

support. The latter is of further importance as it has also been found how management support 

includes the provision of resources such as people, time and capital to an AI project (Duchessi 

& O’Keefe, 1995; Duchessi et al., 1993; Smith, 1984). Other scholars, like Mintzberg (1975) and 

Grant (2015), also emphasize the managers role as a resource allocator. Furthermore, 

Mintzberg (1975) claims how only the manager can commit the business to important new 

courses of actions, while Davenport & Foutty (2018) specifically highlights the need for AI-

driven leaders.  
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However, Batra et al. (2018) argue how there’s no clear recipe for success with AI, and that 

there’s still few practical use-cases to inspire managers.  As such, literature indicate how 

uncertainty may be a prohibiting factor for AI-driven leadership. For example, Catlin et al. 

(2018) argues how getting left behind by first-movers due to advantages gained from AI can be 

hazardous to a company’s future, but that many executive perceive responding to opportunities 

made possible in the digital age - “making the big bets, building new businesses, and shifting 

resources away from old ones” - just as hazardous. Duchessi & O’Keefe (1995: 123) also state 

how AI technologies may not always live up to their promises, and how there’s  

“been many failures or near failures in applying and implementing the technology with 

consequent disappointments, financial losses, and organizational disruption”. As such, managers 

may underestimate AI’s disruptive effect on the economic underpinnings of their business, and 

inevitably risks diffusion of efforts (Catlin et al., 2018).   

 
Responsibility  

The decision of whom should be in charge, or whom that has the articulated responsibility 

concerning the use and applicability of AI, is a yet another identified theme (3.2.1). Matt et al. 

(2015) argues that the assignment of adequate and clear responsibilities is of vital importance 

due to the complexity of undertaking digital transformation, or “[...] firms may lose their scope 

and may encounter operational difficulties” (Matt et al., 2015: 341). Similar thinking to Matt et 

al. (2015) can be found within Davenport & Bean (2018). However,  a point of critique towards 

Davenport & Bean (2018), is how the scholars offer limited insight into how responsibilities 

should effectively be assigned when working with AI-driven solutions. Gentsch (2019) also 

address the issue, and question whether or not companies are in need of a Chief Artificial 

Intelligence Officer - which can be seen in firms like Facebook - who will be able to work as a 

champion for AI, align strategy, and facilitate collaboration across domains. Matt et al. (2015) 

instead propose more generally that companies should entrust the operational responsibility 

to a person who has sufficient experience in transformational projects, and directly align his or 

her incentives with the AI strategy’s targets and progress. They also make a point of saying that, 

due to the duration of such transformation projects, the one with the articulated responsibility 

should preferably continue to be one and the same person (Matt et al., 2015). This also relates 

to Gulick’s (1937) principle of one master. However,  Matt et al. (2015) state, “To date, there is 

no clear answer to which senior manager should be in charge of a digital transformation strategy” 
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(Matt et al., 2015: 341). As such, procedural aspects and responsibilities is suggested as a 

possible topic for further research (Duchessi, O’Keefe & O’Leary, 1993; Matt et al., 2015). What 

Gentsch (2019: 79) comes to conclude is that; “[...] executive relevance of algorithmics and AI: 

Yes - own executive position: No”.  

 

What is clear, both for Gentsch (2019) and Matt et al. (2015), is therefore that top management 

support is essential for success. This argument is also a supported by Duchessi & O’Keefe (1995: 

130), stating how “[...] top management support and manager acceptance are important success 

factors”. Birkinshaw et al. (2011: 1) on the other hand emphasize how the last decade has 

brought a shift in terms of who owns the innovation, arguing how it has increasingly “[...] come 

to be seen as the responsibility of the entire organization”. Meyer & Curley (1991) is set 

somewhere between the two, and have hypothesized that AI, as a highly complex system in 

terms of both knowledge and technology, would benefit from a partially organizational locus of 

control, joint with that of top management. 

  

3.3.3. AI and Organization in Literature  

 

The final global theme highlighted in the framework of Duchessi, O’Keefe & O’Leary (1993) is 

organization. Therefore, the following sections seek to elaborate on means of. This will be done 

by investigating 1) AI’s impact on organization and subsequently 2) Organizations impact on 

AI, by reviewing the four identified themes of internal collaboration and coordination, changes 

at work, organizational resistance and organizational structure, as discussed in section 3.2.2. 
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3.3.3.1. AI’s Impact on Organization 

 

Collaboration and Coordination 

Scholars often emphasize how the development and utilization of an  AI-driven solution 

requires increased collaboration between several key stakeholders within an organization 

(Duchessi & O’Keefe, 1995; Duchessi, O’Keefe & O’Leary, 1993; Gentsch, 2019, Gulati, 2007; 

Meyer & Curley, 1995; Smith 1984). As such, an argument can be made on how organizational 

the AI-process is forcing new ways for collaboration and coordination internally (Duchessi & 

O’Keefe, 1995; Duchessi, O’Keefe & O’Leary, 1993; Gentsch, 2019; Smith, 1984).  

 

Meyer & Curley (1995: 124) argue how a combination of “decision-making experts (often 

referred to as domain experts or knowledge experts), knowledge engineers (system analysts who 

model the logic and structure information flows in the application), and programmers” are 

important organizational roles for an successful implementation of any AI-driven solution. The 

decision-making or domain experts are specialist within their field or a certain part of the 

organization and is often deemed crucial for how an intelligent machine will operate (Duchessi 

& O’Keefe, 1995; Gentsch, 2019; Meyer & Curley, 1995; Smith, 1984). Their main role is often 

to supply domain knowledge and data to the model (Smith, 1984). However, Meyer & Curley 

(1995: 119) also found that “for system initiatives involving complex, specific areas of decision 

making, experts in the line units were excellent sources for important application ideas”. As for 

the engineers or data-scientists, they represent the link between AI and the organization, and 

understands the technical aspect of AI - including the language of algorithms (Meyer & Curley, 

1995; Smith, 1984). Smith (1984) further suggest dividing the engineer’s role in two, as there’s 

a need for both someone who can interact with and encode domain knowledge, as well as 

someone with a detailed understanding of the design and implementation of AI, and thus can 

construct the underlying AI framework. For the former, it is emphasized how 

  

“the interaction and encoding activities do not necessarily require someone who can 

construct expert systems, but rather someone who can become knowledgeable in the 

domain and who can use an existing expert system framework to extend the capabilities of 

the evolving system” (Smith, 1984: 67).  
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For the latter, however Smith (1984) emphasize how such capabilities are scarce and in high 

demand. However, ways around this bottleneck include the training of existing staff in AI 

techniques (Meyer & Curley, 1995; Smith, 1984). Finally, the importance of a  programmer is 

emphasized in literature, as the organization requires someone who can support integration 

between AI and pre-existing IT systems (Meyer & Curley, 1995; Smith, 1984). Naturally, 

however, some of these roles may fall upon the same person, allowing for a range of AI-project 

team compositions (Meyer & Curley, 1995; Smith, 1984). In addition, Smith (1984) highlight 

the importance of maintaining  the commercial aspect of the AI-driven solution throughout the 

process.  

 

As AI-systems are in a constant state of flux, Smith (1984) further highlights the importance of 

efficient knowledge transferring and communication between the organization stakeholders as 

the AI process proceeds. In other word, he emphasizes the need for good coordination. This 

process can be illustrated in the analogy of an American football match, where AI is seen as a 

forward pass:  

 

“In order to ensure a successful completion,  both passer and receiver must have the same 

pass pattern in mind. From the point of view of the passer, if no open receivers are open, 

then a pass is ill-advised. Similarly, the passer must be sensitive to the constraints under 

which the receiver operates. Throwing the ball in the general area and hoping that a 

receiver will appear to make the catch is also ill-advised” (Smith, 1984: 68).  

 

Said in other words, the organizational stakeholders must be willing to change and adapt to the 

playing field to ensure moving their business in the right direction. The analogy thus highlights 

the importance to include the right players and respect the resources as well as restrictions of 

their contributions. This also requires, as highlighted by Duchessi, O’Keefe & O’Leary (1993), 

Gentsch (2019), and O’Leavy & Kingston (1994), that the organization must have a certain 

understanding of the technology acquired, as well as an understanding to the reasons for 

acquiring it.  
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New Ways of Working  

Another situation in which AI is seen to affect organization is through the many changes 

induced as a consequence of acquiring the technology. For example, Duchessi, O’Keefe & 

O’Leary (1993) argue that AI has the possibility to induce power shifts within an organization 

due to change in ownership and control of knowledge, reassign decision-making responsibility, 

cause personnel shifts and downsizing, as well as enhance processes.  

 

O’Leary & Turban (1987) explain how the induced changes vary in strength based on several 

factors. They argue how AI-driven solution can be seen as beneficial when expertise is 

expensive or short supplied, there is a significant difference between those who possess expert 

knowledge and those who does not, knowledge is difficult to capture, decisions require short 

reactions, or decision-making is tied to a particular task (O’Leary & Turban, 1987). In these 

cases, the scholars argue, AI-driven solutions function as advisory to for processes (O’Leary & 

Turban, 1987), as AI technology can provide efficient and impartial decision-making support 

(Kolbjørnsrud et al., 2016).  

 

Alternatively, O’Leary & Turban (1987) mentions how AI-driven solutions may also be 

designed and produced with the purpose of replacement. In these cases,  Kolbjørnsrud et al. 

(2016) emphasize how AI will increasingly automate assignments that are highly repetitive and 

routine based. Despite Duchessi, O’Keefe & O’Leary (1993) mentioning personnel shifts and 

downsizing as a result of such replacements, Kolbjørnsrud et al. (2016) encourage businesses 

to utilize the freed time for additional creative work and knowledge sharing, to mention some. 

As such, new ways of working, and subsequently new working skills are seen as a prominent 

result of AI’s impact on the organization (Duchessi, O’Keefe & O’Leary, 1993; Kolbjørnsrud et 

al., 2016; O’Leary & Turban, 1987).  
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3.3.3.2. Organizations Impact on AI   

 

Organizational Resistance  

Scholars have questioned why, in the face of change - especially induced by new technologies - 

some companies fail to adapt to their new environment (Christensen, 2000; Sull, 1999). One 

proposed answer, also highlighting the affect the organization have on AI, is through 

organizational resistance (Schein, 1993; Vial, 2019). As Duchessi, O’Keefe & O’Leary (1993: 

154) argues; “Users, their immediate management and ancillary support staff hold the power to 

advance or inhibit AI systems”.  

 

However, trying to harmonize the elements of new technologies, and its implications on the 

organization, is not necessarily an easy task. According to Grant (2016: 216), this has to do with 

the technology’s impact on social structures, arguing that “As social systems organizations 

develop patterns of interaction may make organizational change stressful and disruptive”. 

Duchessi, O’Keefe & O’Leary. (1993) further emphasize how workers will have little incentive 

to use AI in cases where it doesn't fit with the corporate culture. A problem today is thus seen 

in that many organizations’ cultures are far from digital and data-driven, and that the shift 

hereto is moving too slow (Davenport & Bean, 2018; Semykoz, 2018a).  This can be a cause of 

organizational resistance. Unlike technology, cultures are difficult to change rapidly and must 

be addressed specifically (Grant, 2015; Schein, 1993).  

 

The same can also be said for corporate heritage, as Grant (2016: 225) argues how “[...] a 

company’s capability today are the results of its history”; also known as path dependency. Path 

dependency is usually centred on an idea of positive returns (Coombs & Hull, 1998; Jensen, 

2017). For example, Coombs & Hull (1998) argue that path dependency makes a company more 

prone to innovation in face of uncertainty because of the allowance for development, both in 

terms of deploying existing knowledge to solve problems, and by capacitating the learning of 

new skills. Vial (2019) however, consider path dependency an occasional constraining force on 

innovation, as the organization comes to rely too heavily on resources that cannot easily be 

reconfigured to be fit for the digital age. This highlight an interesting paradox, where a 

company's heritage can be both a source of failure, but also one for success, in their encounter 

with AI. Also, Grant (2016:227) emphasize how “established capabilities embedded within 
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organizational structure and culture present formidable barriers to building new capabilities”. 

This may be related to what Sull (1999: 43) defines as corporate inertia, meaning “[...] an 

organizations tendency to follow established patterns of behavior, even in response to dramatic 

environmental shifts”, as he imposes as the reason to why companies fail to adapt to change. 

This argument is also supported by Vial (2019) and Catlin (2018), who both argues how inertia 

hinders digitization and the opportunities it provides for many firms, and as such also the 

potential use of AI. However, Sull (1999) continues, companies can avoid or at least overcome 

inertia by reviewing what’s hindering the organization. One proposition of such can be found 

in Vial (2019: 12), arguing how “interia is relevant where existing resources and capabilities can 

act as barriers to disruptions”. This argument is further supported by Fitzgerald et al. (2013) 

who propose that organizational resistance stem from innovation fatigue.  

 

Svahn et al. (2017) therefore shows how resistance can be traced back to a lack of visibility on 

potential benefits of new technology. In other words, “AI systems are unlikely to be used if users 

do not have an incentive to adopt them” (Duchessi, O’Keefe & O’Leary, 1993: 153; also 

emphasized in Duchessi & O’Keefe, 1995). O’Leary & Kingston (1994: 4) also emphasize how 

“uncertainty of various forms has been a problem for AI systems since their earliest commercial 

applications”. This might also be explained by what Grant (2016) refers to as ‘limited search’, 

which is seen as organizations tendencies to limit themselves to exploiting existing knowledge 

over exploitation of new opportunities. Limited search becomes reinforced by bounded 

rationality, relating to the humans limited information process capacity, and by satisficing –  

“the propensity for individuals (and organizations) to terminate the search for better solutions 

when they reach a satisfactory level of performance, rather than pursue optimal performance” 

(Grant, 2016: 216). Both of which are also seen as sources for corporate inertia (Grant, 2016).  

 
Organizational Structure  

In addition to organizational resistance, the internal structure may also affect how AI is 

received in business and is as such another example on organization impacting on AI. Scholars, 

such as Grant (2016) and Vial (2019), emphasize how agility and ambidexterity are necessary 

organizational traits in order to actively compete in a digital world. Organizational agility is 

hereunder seen as a firm’s  ability “[...] to detect opportunities for innovation and seize those 

competitive market opportunities by assembling requisite assets, knowledge, and relationships 
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with speed and surprise” (Sambamurthy et al., 2003: 245, in Vial, 2019). Ambidexterity, on the 

other hand, refers to a company’s ability of balancing exploring and exploiting efforts (Grant, 

2016; O’Reilly & Tushman, 2004; Slettner & Lavie, 2014). The prerequisite of ambidexterity 

was also found in Sebastian et al. (2017) who claims that technology and business capabilities 

which ensure quality, efficiency, scalability, reliability, and predictability of core operations in 

turn enables the technology and business capabilities that facilitate rigid development and 

implementation of digital innovation, e.g. categories of AI. The need for agility and 

ambidexterity is further also supported by Gentsch (2019: 74), who also claims how traditional 

management and marketing strategies often become “too sluggish to act agilely and time-

effectively. Decision cycles take too long because the structures are too rigid to use the insights 

gained according to the new paradigm of data-driven real-time business”. As such, Gentsch 

(2019) argue how an organizational structure, that place companies in a position to quickly and 

efficiently reach the necessary conditions of digital transitions is essential.  

 

This emphasize on structure in also seen in Duchessi et al., (1993: 152) emphasizing how; 

“Organizations are characterized by their institutional properties, including structure, size and 

performance”, which provides different contexts to the development and implementation of AI-

driven solutions. As such, in line with the need to become ambidextrous, Vial (2019) argue how 

a structure allowing cross-functional collaborations is another important element of digital 

transformation - also emphasized by Gulati (2007).  

Although this is by no means new, a significant chasm must still be crossed for these forms of 

collaboration to emerge, and ensure transferring of knowledge and the fusion of strategies 

across department and divisions (Vial, 2019).  

 

In general, Drecker (1988) argue that business structures have changed to allow for a higher 

degree of knowledge work. Within a  new and decentralized structure, “there are new 

opportunities for AI because the technology facilitates decentralized decision making, more 

consistent decision making and greater reliability in decision processes” (Duchessi, O’Keefe & 

O’Leary, 1993: 154) However, Gulati (2007) found that a problem for many firms is still how 

their knowledge and expertise is housed within organizational silos, which cause problems 

harnessing resources across internal boundaries.  Vial (2019: 10) thus argue that a way to 

ensure cross-functional collaboration “is through the creation of a separate unit that maintains 
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a degree of independence from the rest of the organization”, as this  structure grants the unit with 

a relative degree of flexibility propitious to innovation while still maintaining access to existing 

resources. This is also further supported by Grant (2016) who argue that separating 

exploitation and exploration into two different units might be a better option, on the basis that 

it is easier to foster change in new organizational units than in existing ones. The same 

arguments can be found with O’Reilly III & Tushman (2004), who found that by separating the 

new exploratory units from their exploitative allowed for new processes, structures, and a new 

culture to roam free. This, however, must be done while maintaining tight links across units at 

the senior management level (O’Reilly III & Tushman (2004). As such, O’Reilly III & Tushman 

(2004) highlight that the coordination between managers enables fledgling units to share 

important resources from the traditional units - such as funding, talents and customers - while 

the organizational separation ensures that the new units’ distinctive features would not be 

overwhelmed by the forces of the status quo (O’Reilly III & Tushman; 2004). As an option to 

separating units, literature also suggest creating cross-functional team that remains within the 

organization (Svahn et al., 2017; Vial, 2019). The idea is also somewhat seen in Drecker (1988), 

who advocate for task-focused teams, also emphasized in Duchessi, O’Keefe & O’Leary (1993).  

 

 

3.4. Establishment of The AI-Management Wheel (AIMW) 
 

As such, the three global themes of AI, management and organization were identified based on 

Duchessi, O’Keefe & O’Leary (1993) original framework. Seeking to contemporize this 

framework, however, the content within each element was revisited by undertaking empirical 

expert interviews. Hereunder, eight basic themes were identified within the four organizing 

themes also indicated by Duchessi, O’Keefe & O’Leary (1993), in order to describe the mutual 

interplay between AI and management and AI and the organization, respectively. As a result, 

the AI-Management wheel was established.  
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Figure - 3 The AI-Management Wheel (self-produced) 

 

Moving ahead, the AIMW is sought appraised empirically, as described in section 2.3.2 through 

a multiple case study, in order to answer this thesis’, the research problem.  
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4.0. Findings  
 

Seeking to appraise the new conceptual framework, the AIMW, and investigate the interplay 

between AI, management and organization in the marketplace, the following chapter will 

present the empirical findings from the three conducted case studies. The cases will be 

presented in the order of Det Norske Arbeidstilsynet, Mimiro and Tradesolution while 

addressing the themes as identified in previous chapter accordingly. This is based on the 

thematic interpretation of data as disclosed in chapter 2.4. 

 

4.1. Det Norske Arbeidstilsynet (AT) 
 

In English: The Norwegian Labor Inspection Authority, is a governmental agency focusing on 

occupational safety and health in Norwegian businesses. Laws and regulations make the 

foundation of their activities, where they have administrative, supervisory and information 

responsibilities in connection to acts of e.g. working environment, smoking, and holidays. The 

agency’s overall objective is as such “a healthy working environment for all, safe and secure 

employment conditions and meaningful work for the individual” (Arbeidstilsynet, 2019).  

 

Part of their job thus include inspections of Norwegian businesses to control their compliment 

to rules and regulations. Although many businesses could be subjected to such inspections, 

Arbeidstilsynet only have the capacity to conduct around 15,000 annually. As such, they 

recognized the need for new tools to aid in deciding on what businesses to inspect (Inmeta, 

2019).  

 

The findings disclosed in the following section is thus obtained from interviews with three 

employees from AT revolving the disclosed challenge. Full transcription of the interviews can 

be seen appendix G.1 (Manager AT) G.2 (Senior Advisor AT) and G.3 (Photographer AT) 

respectively.  
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4.1.1. AI’s Impact on Management in AT  

 

Value Creation 

AT’s challenge on how to pick the right companies for inspection is also emphasize by the 

interviewees, who explained how their challenge lies in that the number of companies are far 

greater than the capacity of the inspectors, not to mention the ever-occurring fluctuations in 

registered companies (Manager AT; Senior Advisor AT). And as such, AT got curious to explore 

new ways to prioritize what companies to inspect: “[...] we work constantly, really, to get the best 

possible knowledge of the companies, but also tools hereto which can help us make the right 

priorities” (Senior Advisor AT).  

 

In contrast, the equivalent labor authorities in Denmark and Sweden have had manually 

weighted prediction-tool for years already, which has created an additional pressure and 

expectations for AT (Manager AT; Senior Advisor AT). The interviewees nevertheless express 

that to replicate these models were never really an option, as they found them to be to 

inaccurate and cumbersome (Manager AT; Senior Advisor AT). With AI however, the company 

saw a chance to produce something of value, which also fit with their objective to stay relevant 

through digitization (Senior Advisor AT). “After we had worked a lot with digitalization our self, 

then we meant that the time had come to review if there were any other ways to do this” (Senior 

Advisor AT).  

 

A prerequisite to succeed with AI was as such the digital transformation journey the company 

has undergone during the past 10-15 years (Manager AT, Senior Advisor AT). Both AT’s 

Manager and Senior Advisor pointed out that AT has previously been used to work more paper-

based, and furthermore that the company used to have too bad internal systems - including a 

poor data foundation - for AI to have been an option in the past. “If we hadn’t done that job, then 

this AI-project would have been prolific, I think. So, the timing was very good in our case, for when 

we started this project. It had to start when it did - it simply couldn’t have started five years earlier” 

(Senior Manager AT).  
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As such, AT initiated their AI-driven project three years ago, which started out mostly like a 

research project in cooperation with Inmeta (Developer AT; Manager AT; Senior Advisor AT). 

In addition, the project was partly sponsored by Microsoft (Developer AT). What they 

developed were a ML-tool resembling the traits of cognitive insights, which was named the 

“Prediction Index” (Developer AT; Manager AT; Senior Advisor AT). All interviewees further 

expressed that the purpose of their Prediction Index was to support the inspectors in 

identifying which companies should be objected for investigation. The final product also ended 

up greatly improving this process - whereas the earlier precision on identifying companies with 

serious breaches was approximately 55 percent, Manager, AT explained how with the 

Prediction Index they now have: “[...] would have 75-80 inspections (out of 100) that would have 

led to serious breaches and that is a tremendous improvement really”.  

 

Before AT managed to gain such good results, however, they did encounter some of the 

problems often related to AI and its founding elements (3.3.1.1). For example, all interviewees 

emphasized how specifying the right problem in its context was an initial challenge. Another 

challenge revolved around what Developer AT referred to as a ‘golden standard’ for how the 

machine should value different scenarios of breaches. For example; “Like what is the worst? Is 

it worse to die of a toxic reaction thirty years from now or die from falling down a scaffolding 

tomorrow? And like how are you going to compare and weight the two different breaches against 

each other?“ (Manager, AT). The solution laid in how they defined their dependent variable, as 

they did not weigh the type of breach that they identified, but instead treated all various 

breaches equally, looking more at the severity and what type of reaction that is given, among 

others (Developer AT; Manager AT). In addition, all interviewees emphasized that in the end of 

the day, it is not their model that decides on which company to inspect, but the inspectors. 

 

Another challenge AT encountered in their pursuit of an AI-driven model was what type of ML-

model they should build. Initially, they started out with a lot of complex models, before they 

took it down to the level where one could get a practical model that could be applied on an 

everyday basis (Manager TS). Manager, AT explains; “[...] what happened is that it actually 

turned out to be a relatively easy model, which sometimes happens with such a ML project, that it 

shows that it is not necessarily the fanciest algorithms that makes the best solutions for things”.  
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This also helped avoiding the black box issue that sometimes occurs with the technology, which 

was particularly important to AT because of the requirement for transparency in decision 

making, which they have as a public authority (Developer AT; Senior Manager AT).   

 

Competencies and Capabilities 

In terms of competencies and capabilities, AT admit how the company lacked the technical 

competencies in the field of AI, although some internal stakeholder had an idea of the concept 

(Senior Advisor AT). As such, they became dependent on help externally;  

 

“When we started this ML-project, we were out of our comfort zone, and were more 

questioning and consciously self-critical. However, if we were to take it further, we knew 

we needed documented results. And we knew we wanted a functioning prototype 

integrated in our systems. But when we started, it was mainly with a fresh page. We didn’t 

really know what it might result in, or how to present it for other bystanders” (Senior 

Advisor AT).  

 

Over the course of developing their Prediction Index however, the general technical 

competence level has increased internally in AT - also including strategic management level - 

according to the interviewees. This has led to a greater understanding of the limitations and 

possibilities that comes with the technology and the elements thereof, both in terms of the value 

of data and limitations of ML (Manager AT). As a result, AT is inspired to continue to work with 

AI intelligence in the future and have already identified multiple applicable areas (Manager AT: 

Senior Advisor AT). In addition, the company see the need to integrate the technical capabilities 

more fully; “[...] it’s important, the bigger part this become of Arbeidstilsynets business model, the 

more important it is to acquire these competencies. To integrate it into the business and its mind. 

I think it’s dangerous to just give that away” (Senior Advisor AT).   
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4.1.2. Management’s Impact on AI in AT  

 

AI-driven Leader 

Although the course with AI in AT are setting new standards for managerial competencies in 

the organization, it seems that top management is also facilitating for the technology by 

showing signs of AI-driven leadership. Referring to the senior management, the Manager AT 

explains how there’s an accept for the employees to think differently, and furthermore that 

good ideas are usually granted monetary resources. Furthermore, Developer AT explains how 

management wants to bet on AI. However, all interviewees furthermore add how a lot of the 

managerial enthusiasm around AI is due to the results the Prediction Index has yielded 

(Developer AT), whereas the Prediction Index increased their hit accuracy with more than 20 

percent on companies with significant labor breaches (Manager AT). Senior Advisor, AT also 

mentions how the good results founded top management's decision to implement the solution. 

“All we have done so far and have developed within AI indicate that it gives exceptional results as 

well. So, the management seem to be very positive [...]” (Developer AT).  

 

However, at times, the participants explained how the Prediction Index was not always 

prioritized by top-management. One example of such is being constrained resources after the 

implementation of their Prediction Index, which then had to be renegotiated (Senior Advisor 

AT). The Manager, AT explains how he thinks this lack of continuous funding relates back to top 

management's lack of understanding around AI. However, it could also be explained by 

Microsoft partially funding the project, which as such has required a lesser involvement from 

AT’s executives. Manager AT furthermore emphasize how he has seen some objections to AI 

both ways in AT. As such, it may seem as though uncertainty has been a factor prohibiting true 

AI-driven leadership from AT’s top management. “There has also been objections, because, either 

way you do it, ML will be a black box thing which creates distance and uncertainty both upwards 

in the system but also downwards in the system” (Manager, AT).  

 

In addition to the funding, there neither seem to have been a clear champion among top 

management thus far whom actively advocates for the technology. However, it must be 

admitted that the authors have not spoken to any members from top management in AT and 

can only comment based on the responses from the other organizational participants. Even so, 



61 
 

AT seems to have many promoters for AI further down the hierarchy, as the participants all 

emphasize the important and continuous job of promoting AI - and the use of it - internally 

(Developer, AT; Manager, AT; Senior Advisor, AT). Hereunder, Senior Advisor, AT also had an 

interesting comment, explaining that a general interest in technology was a prerequisite for to 

be able to promote the AI-driven project. The promotion job is furthermore mainly conducted 

by the people developing the Prediction Index (Developer AT; Manager AT; Senior Advisor AT) 

who as such functions as champions.  

 

“That of attitudes is something, in relation to AI, really a very important part and a thing 

that we are still working on. The challenge is that this is something that we must sell kind 

of, to the organization. This is a technical IT solution that is meant to be used, and of course, 

to get people to use it we must be able to communicate it in a good way - what is it really 

that this model do and with that said, give people incentives to make use of it. So, that is 

something that we have worked continuously and a lot with” (Developer AT). 

 

Responsibility 

In terms of responsibility, the Developer AT is currently the one in charge of the further 

technical development and maintenance of AT’s AI-driven solution. Furthermore, Manager AT, 

functions as a process and development owner, also according to Developer, AT. The Manager 

AT however mention how the implementation in practice has not been included to his 

assignments, but that’s is more about the technical system, in addition to provide information 

about the Prediction Index to other stakeholders internally and externally. The responsibility 

for implementation AT was assigned those more central in the organization (Manager AT), 

however it is not mentioned whom specifically, although  the Senior Advisor referred to their 

CEO as main initiator for the implementation itself. As such, it is indicated AT has applied a 

combination of organizational locus of control, in combination with top management support:    

 

“The lead came through those who are responsible for activities central in the organization 

and we just came with inputs. So, we did not have the responsibility for implementation in 

practice, in the activities, but were more like responsible for the implementation to the 

technical systems, in addition to drive information-business in Arbeidstilsynet and 

externally” (Manager AT).  
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4.1.3. AI’ Impact on Organization in AT  

 

Collaboration and Coordination  

In order to build their prediction index, all interviewees at AT emphasize how they were 

required to work across departments. Factually, Senior Advisor AT, argued how this cross-

functional collaboration and coordination internally has been a prerequisite for their favorable 

outcome with AI. Mainly this is because of the many roles which must be present for the 

development of AI to be possible. During the project, the Senior Advisor, AT explain how;  

 

So, in pracsis, we were a small group working closely together across analysis, IT, Inmeta 

and hired resources from Sintef. And then it included everything from thinking about how 

to make the best possible analysis model, how do we picture the practical use, facilitate 

how, in what way, this would meet the inspectors, for they’re the ones who will mainly deal 

with it. The holistic picture”  

 

Over the course of AI, several roles have as such been included in the project. In order to cover 

the role of a data scientist, AT sought help externally (Developer AT; Manager AT; Senior 

Advisor AT). Furthermore, The IT and Development department has been included to facilitate 

the flow of data (Senior Advisor AT). As for domain experts, the Senior Advisor, AT has been 

situated this role (Developer AT; Manager AT ). Although AT emphasize that they included 

domain knowledge actively - and perceives it an important success criterion (Developer AT) - 

they still chose not to include the inspectors directly. “[...] that probably had something to do 

with how we didn’t really, or directly, needed that competence, as the advisors in the respective 

group sat with such good knowledge of our systems and the practical use of the systems” (Manager 

AT).  

 

Still today, a small team consisting of multiple roles is managing the solution in AT, involving 

people on a need-basis, Senior Advisor AT, explains. In order to better coordinate the initiatives, 

however, AT has taken over all the roles internally. This includes that one of AI members from 

IT and Development also has taken over from Inmeta’s data scientist (Developer AT; Manager 

AT; Senior Advisor AT). As such, AT is currently looking to hire data scientist internally (Senior 

Manager AT). However, AT’s Developer emphasize how the market for data scientists is ‘hot’ at 
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the moment. Therefore, in addition to look externally for competencies, the interviewees 

highlight how the AT Developer is looking to improve his current skills: “In addition, we have 

applied to the research council for resources to complete a doctorate degree for myself, within the 

academic field at NTNU, and so it is a good chance that I am going through with this on a higher 

level” (Developer AT). In addition, the department for documentation and analysis follows up 

on the results (Manager AT; Senior Advisor AT). “I’m still working with this. And then my 

manager, he works closely with me. We also have an IT architect involved on a regular basis. And 

so, we bring in people based on need (Senior Advisor AT).  

 

Although AT have had a successful internal collaboration and cooperation during the course of 

development of their Prediction Index, one of their current challenges is to make the inspectors 

start applying it (Developer AT; Manager AT; Senior Manager AT) and the lack of a ‘gatekeeper’ 

who can actively advocate for their new AI driven solution out towards the inspectors becomes 

evident (Manager AT). “It is just something that we have to acknowledge and use to our 

advantage, and we are trying to find some sort of gatekeepers really, that we can use strategically 

out in the organization to get it implemented.” (Manager AT)  

 

New Ways of Working  

It is also clear how AI has affected both the way the job is done, as well as what that job consists 

of, in AT.  As seen above, Developer AT, has taken over the responsibility for their AI-driven 

solution, and does in line with this also seek to expand his education with a PhD in data science 

(Developer, AT; Manager, AT; Senior Advisor, AT). In addition, the member in the department 

for documentation and analysis has been assigned to keep track of the results the Prediction 

Index produces:  

 

“Well, we work continuously with the data basis for this solution. And then we monitor that 

it works the way it is supposed to, and so on. Also we’re continuously keeping track of the 

results it delivers. So we monitor the solution. And have a close relationship with it. And 

working with it, it is a regular assignment” 

 (Senior Advisor AT).  
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Furthermore, AT’s AI-driven solution is seen to induce changes for the inspectors as well, and 

the way they work. As mentioned in section 4.1.1, the purpose of Prediction Index is to aid the 

inspectors in deciding what companies are more urgent to inspect. Previous, this job has been 

done based mostly on local knowledge and inputs, and with varying practices (Manager AT; 

Senior Advisor AT). Now, however, the inspectors are encouraged to utilize the Prediction 

Index, as a supporting tool, when deciding where to go, which gives a prediction based on 

historical data (Developer, AT; Manager, AT; Senior Advisor, AT). As Manager, AT put it: “Like if 

one is going to do a speeding-control, it is better to try going after those who we believe is driving 

too fast rather than to stop and check every single car on the road. And that has to do with use of 

resources and effective inspections basically”.   

 

However, AT’s manager also admit how they cannot “expect that it will be fully accepted at first, 

“because machine learning and AI challenge the way the work has been done historically. There is 

no doubt about that”.  

 

4.1.4. Organizations Impact on AI in AT  

 

Organizational Resistance 

There may seem how there has been - and possibly still is - an issue of organizational resistance 

in AT. Mainly this resistance occurs within the group of inspectors which are to utilize their new 

AI-tool, caused by uncertainty. The interviewees emphasize how the inspectors are still lacking 

trust in the results generated by their AI-driven solution, and many does not see the rationale 

behind acquiring it; “[...] they cannot relate, and feel that they are being made object for suspicion, 

not doing a good enough job” (Manager, AT: 22:09). In reality, that is not the case, the 

interviewees emphasize, adding how the model is in fact based upon the inspectors work and 

how the decision power still  is, in the hands of the inspectors. As such, one of the biggest 

challenges for AT has been creating enthusiasm and knowledge about their Prediction Index 

(Developer AT; Manager AT; Senior Advisor AT).  
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An explanation for this organizational resistance can be found within AT’s culture and heritage. 

All interviewees emphasize how AT has a very autonomous culture - for better and for worse 

(Manager AT; Senior Advisor AT). Additionally, the company has a clear path dependency, 

whereas their business objectives remains the same and their methods change over time; “So I 

think we’re an organization in change, here in Arbeidstilsynet, and that the expectations to new 

employees is very different than they were 20 years ago” (Senior Advisor AT). Even so, the 

organization is currently showing traits of inertia, as it is indicated how the inspectors still 

prefer their current ways of working, which hinders the value creation of AI (Manager AT; 

Senior Advisor AT). In that regard, AT’s Senior Advisor also add; “And then Arbeidstilsynet also 

have a lot of practitioners which perhaps think they know enough about this themselves, choosing 

the right companies for inspection.” Additionally, on may speculate whether the organizational 

resistance is strengthened by the lack of involvement of the inspectors when developing the 

model, as mentioned above.  

 

Seeking to overcome their organizational resistance, AT has thus far imposed a soft 

transitioning for the inspectors, where they utilize the AI-tool voluntary and not a requirement 

(Senior Advisor AT). In addition, it’s explained how a lot of time is spend on communication to 

increase the understanding of the prediction index (Developer AT; Manager AT; Senior Advisor, 

AT). In addition, AT’s Manager furthermore explain how they’re looking for gatekeepers they 

can utilize to change the perception of  this new technology among the inspectors, as described 

above.  

 

“[...] we still have a job to do when it comes to integrating it and making sure that it is being 

used and get incentives to get the model used. So, essentially it is about change in our own 

working processes and we haven’t hit the finish line completely yet in my opinion. That 

said, there is a great curiosity among both inspectors and out in the regions and here in the 

directory. I experience it as positive but that it will take some time” (Developer AT).  
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Organizational Structure 

In the central management of AT, there seems to be a decentralized structure for knowledge 

work which also allows for cross-functional, task-based teams; “Much of this type of work is 

conducted in smaller teams, where the departments get less important. The lines between 

departments doesn’t mean much, the team is what’s important” (Senior Advisor AT).  

 

However, it is also emphasized how AT have many locations around the country, and that 

communication - advocating the Prediction Index - with them can be challenging (Senior 

Advisor AT). By looking at AT’s organizational structure, it might as such also provide 

additional answers to the occurrence of organizational resistance and uncertainty revolving the 

technology. All interviews emphasize that they are having an ongoing reorganization process it 

AT as of now;  

 

“we are changing our organizational model from autonomous regions and silos to a more 

central-controlled organizational model. And in light of this, some become a bit skeptical 

when you get tolled from central powers what to do in your job, if you look at it in the 

greater picture.” (Manager AT).  

 

4.2. Mimiro  
 

Mimiro is a recently founded Norwegian technology company who works on “building solutions 

for tomorrow’s agriculture” (Mimiro 2019). Although it has been independent since 2018, 

Mimiro was established by Tine and Felleskjøpet - two major contributors in the Norwegian 

agriculture industry - which gives them extensive knowledge and data on years of agriculture. 

By combining this knowledge with deep functional cutting-edge technology, Mimiro seek to 

create applications that are user friendly and designed to meet the needs of the future farmer 

(Mimiro 2019). As such, Mimiro has an innovative organizational mindset, which also let them 

to win the Agriculture Innovation Award 2019 (Mimiro 2019; Norsk Landbrukssamvirke, 

2019).  
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One of the means Mimiro would like to apply when pursuing their mission is machine learning 

(Mimiro, 2019). For example, Mimiro and Tine has realized the possibility for better 

predictability of milk production, and other key data points related to a cow’s health and the 

quality of milk produced, by using AI-technology (Amazon Partner Network, 2018; Inmeta, 

2019e). 

 

From Mimiro, three people were interviewed. Hereof were the CEO, their Head of Innovation 

and a Project Leader. Their fully transcribed interviews can be seen in appendix G.4 (CEO 

Mimiro), H.5 (Head of Innovation Mimiro), and H.6 (Project Leader Mimiro). In addition, the 

findings will also elucidate certain aspects of the founding companies. However, the authors 

admit to not having been in direct contact with neither Tine nor Felleskjøpet to have these 

assertions confirmed.  

 

4.2.1. AI’s Impact on Management in Mimiro  

 

Value Creation 

Mimiro’s AI journey began in Tine back in 2017, when the diary producer started to search for 

new insights and investigate how the digitalization will affect the future of farming (CEO 

Mimiro). As Mimiro’s CEO puts it; “the entire digitalization is hitting the society as a whole, either 

if it is the one or the other and the agriculture is no exception from that”. Felleskjøpet also 

acknowledged the same challenges, and as such, Mimiro was established to focus on technology 

and the digitalization of agriculture (CEO Mimiro; Project Leader Mimiro). Furthermore, 

Mimiro’s CEO explain how they saw the potentials digitalization and new technology could 

provide their sector;  

 

“So what we see that is a bit of a challenge within agriculture is that we are actually going 

to increase the global food production and before 2050, it is going to increase 70% to 80% 

and we don’t have much more land, which means that that we must find smarter way to 

produce food.” 
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As such, Mimiro and its founding companies realized how the utilization of AI to create value 

also came naturally with their grounding vision of better farmer utility for everyone (CEO 

Mimiro; Head of Innovation Mimiro; Project Leader Mimiro). Mimiro’s Project Leaders puts it 

as follows; “[...] he should get the best feeds from us and the best advice and then we have to use 

that technology, AI, to help predict when he should order slaughtering of his chickens or, cow, or 

when he should calf the cow so that the milk is going in the right direction”. 

 

One of the areas where the potential for value creation was spotted was in the forecasting of 

milk production, which thus started in Tine, before Mimiro took over further development of 

this first AI-driven solution (CEO Mimiro). The CEO of Mimiro, whom also originated from Tine, 

explains how the previous department that he used to lead were responsible for making the old 

prognoses for milk, and often involved a strong team of professionals who built the models 

themselves. However, building the old algorithms was a long and time-consuming process - 

previous models could take upwards 14 months to build - and was nonetheless also very costly; 

“I then saw how much money and time it took to build those milk predictors that we had, so it all 

started with us searching for alternative methods to build such solutions, and especially prediction 

models” (CEO Mimiro). As such, Inmeta became involved after previous experiences with the 

firm in other non-ML related projects, to collaborate on creating an AI-driven solution for 

cognitive insight (CEO Mimiro). After a couple of tries, the new ML-driven model started to 

show promising results; ”we saw that we got 25-30 percent better precision and used three 

months to develop the founding algorithm. So, then you immediately see the potential in this” (CEO 

Mimiro). As a result of the value originating from cognitive insight, Mimiro is now also driving 

other projects such as an AI-driven growth-predictor, which predicts expected weight of an 

animal for optimizing the feeding of an animal, but also to determine when an animal needs to 

be butchered and reach the right slaughter weight, among many other projects (CEO Mimiro; 

Project Leader Mimiro). However, the milk-forecast model is their flagship and the talking 

point, and soon to be implemented (CEO Mimiro; Head of Innovation Mimiro).  

 

What aided the initiation of the milk-forecasting model, was the rich history of data on which 

to build the model (CEO of Mimiro; Head of Innovation Mimiro; Project Leader Mimiro). The 

interviewees explain how Tine had already gathered data for more than 100 years, and that the 

development of milking robots in the past decade has increased the number of data points even 
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further, now generating millions of data points each month (Head of Innovation Mimiro: CEO 

Mimiro). “We had a big advantage that coming from Tine, as we sat on huge amounts of data 

already so that we could just start training and start doing something with ML, so we got a bit of 

a flying start around that” (CEO Mimiro). However, in order to harvest the value out of their 

data, what became absolutely critical for Mimiro was, however, to gather and combine all of the 

different sources of data on one platform, or a big data lake (CEO Mimiro; Head of innovation 

Mimiro; Project Leader Mimiro). As such, by building a new integrated platform for data, the 

young firm were given some unique opportunities to work with ML (CEO Mimiro; Head of 

Innovation Mimiro; Project Leader Mimiro). 

 

Competencies and Capabilities 

As such, an initial sign of Mimiro’s technical competencies and capabilities can be seen in that 

they saw the value of data and the possibility they might provide in an AI-driven environment 

and the possibility they might provide in an AI-driven environment. Even so, the interviewees 

admit how the time spent on going through data-quality, making sure that the data was reliable 

and consistent, surprised them as it took almost as much time as building their algorithm. As 

such, working with ML raised a great awareness to their data both in terms of reliability and 

consistency for Mimiro, as well as having enough data that fit with the business case they want 

solved (Project Manager Mimiro). In addition, reaching the right number of variables and 

certain number of observations was also a must for their ML-driven model to create any value 

(CEO Mimiro; Project Leader Mimiro). “It is not everything that is suitable for working with ML 

because you don’t have enough data, and that was a point of learning for us to say ‘this you can 

use ML for, and this you cannot use ML for’ because we haven’t integrated the data” (CEO Mimiro).  

 

Head of Innovation, Mimiro also explained how there was a gap among management in both 

Mimiro and Tine respectively in terms of realistic expectations and understanding for how long 

AI-driven projects might take, what challenges might occur when acquiring the technology, and 

what constitute realistic cases to implement. “In regard to that, I think it affected by lack of 

practical experience”  (Head of Innovation, Mimiro).  
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As such, Mimiro’s Head of Innovation raises an important question in regard to the technical 

competencies and capabilities a manager must possess to strive in an AI-driven environment. 

Although all interviewees somehow emphasize that a basic understanding of the nature of the 

technology is beneficial, in terms identifying both business benefits and challenges, both 

Mimiro’s CEO and Head of Innovation especially emphasize that being able to look at the 

technology through a commercial lens could be a capability by its own; 

 

“ [...] maturity is that it should end up with a product out towards the end-user. That you 

can see or let me put it like this - we have probably gradually learned how to become much 

more commercial, which means that we cannot start something were we cannot see any 

commercial gain” (CEO Mimiro). 

 

This becomes evident when looking into the background of the CEO of Mimiro, who is departing 

from a culture in Tine which is heavily research based, where they were supposed to develop 

something for a very closed and domain specific environment within a decided budget frame 

(CEO Mimiro). So, when starting to work with AI and making the transition from research and 

academics, into business application and value creation, demanded great advancements of 

mindset for CEO of Mimiro himself; “And now we are in a completely other field were we are 

going to create business and revenue of what we are doing and that can be quite the journey for 

someone who is coming from the research environment and has been working with animal 

physiology to put it like that”.  

 

Mimiro’s Head of Innovation then further adds; “And so it’s something about, this thing about 

organization is extremely important, and one should have someone who’s not a techy to lead it. 

For it must be business driven behind it all.”  As such, although technical competencies and 

capabilities can be seen as a prerequisite to succeed with an AI-driven solution, other business 

capabilities are also of great importance.  
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4.2.2. Management’s Impact on AI in Mimiro  

 

AI-driven Leader 

In the case of Mimiro, it is evident how their immediate CEO have had a great impact of both 

implementation and future development of the model as well as other AI-driven solution.   

 

In many ways, the CEO of Mimiro can be seen as acting champion for the technology and is 

showing traits of an AI-driven Leader. This is seen in his willingness to actively advocate the 

technology - both from his time in Tine and now in Mimiro - in addition to making it a high 

priority in the new organization, which the other interviewees also emphasize. Furthermore, 

he supports in identifying and exploring new business opportunities like other areas of 

cognitive insight as mentioned above, while establishing also new partnerships and strategic 

alliances to bring Mimiro’s vision forward (CEO Mimiro: Head of Innovation Mimiro). “If there’s 

one thing I’d say is really positive about Mimiro, it’s that the management really sees and believes 

in all of this. So, there’s been good communication and understanding, for what it is we’re doing.” 

(Head of innovation, Mimiro). 

 

However, Mimiro’s CEO emphasize how the company still doesn’t have a positive cash flow, and 

as such is still dependent on Mimiro’s founding companies, Tine and Felleskjøpet, for funding’s. 

So far, he further emphasizes how both founders seems very interested in the work Mimiro is 

doing and see opportunities for learning from them (CEO Mimiro). For the milk-forecasting 

model in particular, Tine also supported with additional funding’s; “But they saw the 

opportunities and I think that it was the selling point, both in terms of cost and precision for 

example. That is was the way we sold it to the management” (CEO Mimiro).  

 

Responsibility 

As for the responsibility of AI-driven projects in Mimiro, this being assigned their CEO for the 

time being (CEO Mimiro; Project Leader Mimiro). This is based on his long and sufficient 

experience in Tine, including leading the initial flagship project with the Milk-forecasting model 

(Head of Innovation Mimiro; Project Leader Mimiro). Furthermore, Mimiro’s Project Leader 

says; “Well, here in Mimiro it is our CEO, whom you have met who is a Nestor on the subject or 

domain, especially now when are focus are on the milking cow, the CEO is the go-to every time.”  
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Even though Mimiro’s CEO has mainly been responsible for their AI-driven solution thus far, it 

is indicated that Mimiro wants to re-assign this responsibility in the future to involve more 

parts of the organization as they launch more AI-projects. Head of innovation Mimiro explains; 

“[...] what I want to achieve is that product-owners, sitting with the modules, they’ll get like 

resources from analytics, and help to realize these things”. As such, he continues, there will be a 

divide in projects and responsibility where product-user will be responsible for their models - 

trained to spot opportunities -  supported by the analytics department who has a 

comprehensive understanding for the resource pool, prioritizing and comprehensive view of 

the portfolio (Head of Innovation Mimiro). Furthermore, R&D will take a long-term view to 

explore more extensive AI-incentives (Head of Innovation Mimiro). As such, Mimiro’s Head of 

Innovation argue; “The lowest level thus becomes fast, commercial solutions. While further up, 

there’s more solution-based results, which can e.g. also be sold to other players”.  

 

4.2.3. AI’s Impact on Organization in Mimiro  

 

Collaboration and Coordination 

At Mimiro, collaboration and coordination is perhaps of extra importance. Due to Mimiro being 

a young and recently established firm, the CEO Mimiro pointed out how there is only a couple 

full time employees, whereas the remaining organization consists of an externally provided 

labor force of consultants, including also their Head of Innovation (Head of Innovation Mimiro).  

 

This seems, however, to have caused some starting difficulties; “I think the walls we’ve hit with 

the earlier projects have revolved around disorganizing. That we haven’t organized right from the 

beginning, in order to take it all the way”, Head of innovation Mimiro mentions. For example, he 

elaborates how they have always included competencies within agriculture and data science, 

but that IT and business hasn’t always been an integrated part of their process (Head of 

innovation Mimiro). As such, there’s neither been a clear ownership or a right mindset from 

start, which at times leads the process to resemble that of a research project when in fact  

product development is in focus, Head of innovation, Mimiro states. This might make the AI-
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driven solution be less practical and more difficult to implement (Head of Innovation, Mimiro).  

The same challenges are being acknowledged by CEO Mimiro who elaborates on some of his 

key learnings from the milk prediction model: 

   

“And that is something that I have learned over the years, that you need to separate 

between what is a research activity and an innovation activity. Like, if you are going to 

drive innovation, it has to be extremely clear. When you work with research you are a bit 

looser around the edges in comparison to the outputs of all of this, despite having a goal. It 

doesn’t become the commercial approach that you have much more of when you are 

dealing with innovations”.  

 

As such, Mimiro has built an understanding for what roles must be included for an AI-project 

to be successful. In particular, they emphasize the roles of business, IT and data - which must 

be present in all projects - but also include how domain knowledge of agriculture has been 

essential in their case as the field is rather complicated (Head of innovation Mimiro). However, 

Head of Innovation Mimiro also emphasize, the necessary roles in a team may vary depending 

on the situation, thus;  

 

“And making it work can be a little like playing solitaire. The profiles are very different, 

and there must be some overlap between people in order for them to be able to 

communicate efficiently. So, it’s not a walk in the park, puting the right team together and 

make it work in an easy and natural way”.   

 

As such, collaboration and coordination are by the participants from Mimiro all deemed 

necessary in order to make the AI-driven solution work.  
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New Ways of Working 

In terms of changes in work tasks and processes, the application of AI in Mimiro has not have 

had any impact on the employees in Mimiro. And naturally so, as their relationship to 

digitalization and utilization of technologies can be seen as an incorporated part of their DNA 

(CEO Mimiro). In addition, the milk-forecast is first expected to go live in ultimo April (CEO 

Mimiro). As such, it is too early to comment on how AI will affect Mimiro in their ways of 

working.  

4.2.4. Organizations Impact on AI in Mimiro  

 

Organizational Resistance 

In Mimiro today, no organizational resistance towards their AI-driven solution can be 

identified. This can also be traced back to their age and labor force (CEO Mimiro). Head of 

Innovation Mimiro emphasize how in a way, combining external consultants with a few full-

time employees internally has been a short-cut to get started, and to build an entrepreneurial 

culture with people who wants to see change. In addition, CEO Mimiro adds;  

 

“ [...] and you can say that especially those consultancy firms that are with us - they are 

used to change happening all the time. We can probably challenge a lot revolving change, 

and I think that it would have been much worse if it would be 90% with permanent 

employees in the company”.  

 

However, as mentioned in section 4.2.1, their work with the AI-driven milk-forecast started in 

Tine’s R&D department, which consist of a strong professional workforce and several 

employees holding a Ph.D. (CEO Mimiro). It is also added how these people as such is used to 

working more research-based, in contrast to a user-driven environment which is what the 

concept of future farming is built around (Head of Innovation Mimiro; Project Leader Mimiro). 

“That mentality does not exist in a traditional research-based environment” (Head of Innovation 

Mimiro). CEO Mimiro further elaborate by explaining Tine’s attitude and understanding of AI:  
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“It was very expectant and partly suspicious as well. Many outhered that this was 

something that they didn’t believe in. So, that was a bit surprising and heavy process as 

well, like here people came in who hasn’t been working with agriculture before, and who 

were exceptional mathematicians, and it was also a bit suspicion about whether someone 

who doesn’t know anything about agriculture can work with those types of models, right?” 

 

In addition, Head of Innovation Mimiro explains how; “using machine learning. It’s more of a 

tactical and less professional way of developing things. A bit like, why does this deep learning 

algorithm work - I don’t know, but it yields some good results, let’s go with it”. In Tine, however, 

it is indicated that due to a strong professional workforce the use of AI challenged their way of 

working (CEO Mimiro; Head of Innovation Mimiro). “So that was also one of the reasons that we 

moved all of this out in our own company, the CEO Mimiro emphasize. As such, an argument can 

be made on how, Tines research-based heritage and culture became a source of corporate 

inertia and a hinder of innovation when working with technologies such as AI, leading to the 

separation of Mimiro;  

 

“It was to build another type of culture quite frankly. And that has also created some 

sparks, of course. There are those why are saying that we are building an air-castle while 

others saying that this is something that we have big faith in, what you are doing.” (CEO 

Mimiro)  

 

On the other hand, the same heritage also shows an established path dependency in Mimiro 

from their founding companies in terms of industry, purpose, domain knowledge, as well as a 

rich data foundation on which to build prediction models, as emphasized by all the 

interviewees. One of the few challenges with Mimiro’s relationship to its founding companies 

can be found with Mimiro’s CEO, explaining how there’s still some confusion at time in 

relation to what belong to Mimiro and what remains in their founding companies, and thus 

that a good dialogue is necessary. “[...] things got started in Tine, and then it’s probably some 

confusions on what is left with Tine, and has joined over at Mimiro, so that is probably something 

that we experience as a bit demanding” (CEO Mimiro). 

 

Organizational Structure 
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Although the organizational resistance as described above might have acted as a barrier for the 

utilization of AI, interviewees highlight how Tine  is still driving innovation in other areas. For 

example, Head of Innovation Mimiro express that; “I think, generally speaking, that Tine has a 

lot of good incentives on-going, to work with innovation and spread the curiosity on applying new 

technology. In that sense, they’ve had a lot of good incentives in past years”. It should also be 

acknowledged how Tine showed traits of being an ambidextrous organization in that CEO 

Mimiro emphasize that Tine realized  how they could exploit their massive amount of data by 

exploring new means to study these data’s. 

 

Even so, the organizational structure in both of Mimiro’s foundation companies is also indicated 

to have been an issue impacting on the decision to separate Mimiro as an independent company 

(CEO Mimiro). Project Leader Mimiro also emphasize how the traditional line-structure has 

been an issue in Felleskjøpet as it restrains innovation. Furthermore, Head of Innovation 

Mimiro sense a  challenge with silo structure in Tine;  

 

“[...] it’s a large organization with multiple departments, and limited communication 

across them, and so there has also been concepts that we reviewed early on and that we 

saw held massive potential value both for the farmers and for Tine, which we struggled to 

get through, because it had to pass so many departments in Tine, and then it got real slow. 

But that’s just, like, a part of working with large organization. And then it’s easier to simply 

break out a part, and allow that to get running. That’s how I’d phrase it”.  

 

After departing from their respective founding companies, the CEO Mimiro also acknowledged 

how finding a proper structure for Mimiro has also been challenging and has already changes 

several times - from autonomous teams, to traditional project-basis, and back towards 

autonomous teams again - as the company has matured. As such, Mimiro today has a good 

cross-functional collaboration and flow of information internally (CEO Mimiro). Due to their 

path dependency, Mimiro is furthermore also able to balance the exploitation of data with the 

exploration of new methods of analysis - not only with AI, but also other linked technology like 

blockchain and robotics (CEO Mimiro; Head of Innovation Mimiro; Project Leader Mimiro).  

 



77 
 

4.3. Tradesolution (TS) 
 

Tradesolution AS is a service provider for the Norwegian grocery retail industry, whose 

services and competencies create growth, efficiency and improvement. It’s both created and 

owned by the industry, and thus works to provide value and synergies for owners, clients and 

collaborating partners alike, which is part of their strategic fundament. Their vision is thus to 

be the grocery retails preferred partner - each day. As a company, they therefore value 

exploration, passion, trust and care (Tradesolution, 2019b).  

 

One of Tradesolutions more popular services is called MediaStore, and is a database storing and 

distributing product images and other media content (Tradesolution, 2019a). A struggle with 

MediaStore, however, is how to ensure both good and affordable product images, whereas part 

of the editing process is manually conducted before its uploaded into the database. The process 

has therefore been very resource intensive, something TS hoped to address through AI-driven 

solutions (Digital Norway, 2019; Inmeta, 2019f; Appendix G).  

 

Three participating employees from Tradesolution were interviewed, hereof a Manager 

(appendix G.7), Department Manager (appendix G.8) and Photographer (appendix G.9).  

 

4.3.1. AI’s Impact on Management in TS  

 

Value Creation 

As part of their digitalization strategy and ambition to be first movers in the grocery industry, 

daring to try new technologies has been a must for TS, which was one the main objectives for 

experimenting with AI (Manager TS). As such, the undertaking of an AI-driven solution fitted 

right in with TS’ business strategy; “It fits very well. Because we, a part of what we do, is to ensure 

quality with information - gather, approve and offer information for the retail industry” (Manager 

TS).  
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As such, the company started their AI journey three and a half year ago, seeking to address the 

issue of a compound and resource intensive activity of manually editing images (Department 

Manager TS; Manager TS; Photographer TS). The interviewees, and especially TS’ 

Photographer, emphasized how this was a long manual labor process which mainly consists of 

clicking your way around the picture. However, TS, together with Inmeta, saw the potential 

value from streamline the process through AI-driven solutions (Manager AT). With the help of 

cognitive automation, they manage to develop a new automated editorial tool, which is going 

to detect editing lanes through image processing techniques, and thus become valuable support 

for photographers by taking over some of their time-consuming work task (Department 

Manager TS; Photographer TS). “Well, it will take a lot less time before pictures are ready and 

published. It will probably go from taking 24 hours till only minutes” (Photographer TS). While 

TS’ Photographer mainly emphasize how the pace of their work will quicken with the 

application of AI, the Manager and Department Manager in addition mention how the 

timesaving will be utilized on other, more interesting assignments and personal development.   

 

Although their new editorial tool as such would provide some clear business benefits and added 

value, TS has also been faced with various challenges along the course of their AI-project - both 

in terms of model building and value of data. In the early stages of the project, TS’ Manager 

emphasized how, in collaboration with Inmeta, it was a challenge to find the right machine 

learning methods and research which a model could be built upon. This was mainly due to the 

new nature of their editorial tool, as previous ML models for imaging had proven great at 

identifying e.g. faces, whereas product images were a relatively new and unexplored field 

(Manager TS). As such, all interviewees point out how they started out with multiple and much 

larger projects initially, however acknowledging the requirement for an explicit focus and 

refined problem which they learned along the way. This was elaborated by the TS Manager;  

 

“There’s always a lot of options, but you can’t take on all of them, and must choose the 

low hanging fruits first so that you can generate some results and not take too long. It’s 

not always it’s profitable to climb the highest mountain first, maybe take a few middle 

ones first to gain practice and get good, while still delivering results. That part in 

particular can be difficult. And I imagine, or, even here, in retrospect, we could have been 

better to perhaps choose right from the beginning”.   
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Competencies and Capabilities 

After overcoming their initial challenge of identifying the right case and specified problem, the 

retail service provider encountered their next difficult task in making a machine do a human’s 

job when seeing an image (Manager TS). Part of this problem included how the ML-algorithm 

for the editorial tool demanded an immense amount of a variety of data (Department Manager 

TS; Manager TS). Because in order to make the routine, the machine learning work, they needed 

to show it pictures before anything was done, and what the picture should look like when it was 

completed. Although TS had gathered a lot of data in terms of their pictures over the years, they 

did not take a backup of all the different editorial stages and did not save enough ‘raw images’, 

or raw data. As consequence, it caused to extend the project for a year, as TS had to start saving 

before/after pictures.  

 

“And here we’re talking about, in order to get good results, you must practice it with at 

least 50.000 repetitions. Which in turn means you should have 50.000 before/after 

pictures. That takes a while to build. [...] The important lesson, I guess, is to make back-ups 

and save data through various stages of a process. For you never know what you can use it 

for later”. (Manager TS). 

 

As such, some technical capabilities in terms of the requirements for AI was initially lacking. 

These has however improved along the course of AI as the competencies of management has 

also evolved. For example, the Manager TS highlights how the technology has set new demands 

to his pound of knowledge, especially the basic surrounding elements of the technology, such 

as value of data and nature of ML (Manager TS). This becomes especially important when 

evaluating the technology and efforts, more specifically how: 

 

“[...] you must understand how and what can be challenging, and what might occur. And 

when it occurs, then understand in a way that, sometimes you must do things a certain way 

which may not be the way things have been done previously, in other projects. That 

competence you must have. So, you don’t need to know the details of it, but without the 

basic competencies you can’t be a good leader.” (Manager AT) 

 



80 
 

Also, TS’ Department Manager shows implicit signs of developing his technical competencies. 

Perhaps more important, however, is his emphasis on maintaining the human aspect of AI, 

explaining how this is part of the company’s norms and value that has led to a healthy company 

culture when it comes to change and the adaption of new technologies (Department Manager 

TS). This also helps drive opportunistic innovation, TS’ Department Manager argue. Therefore; 

“The human aspect is being sought after and get the people in a department to develop themselves 

in line with what is going on.”  (Department Manager TS) 

 

4.3.2. Management’s Impact on AI in TS  

 

AI-driven Leader 

In the case of TS, it becomes evident how the Manager TS  has been an acting champion for AI 

in the organization, displaying traits of an AI-driven leader. Although it must be admitted that 

the authors have not spoken to any of the members from top management directly in TS, traits 

of AI-driven leadership can here also be identified based on the statements by TS’ participating 

members. Manager AT explains how he together with the CEO; “agreed early on that we have to 

change the company. To become a service provider and develop our services. And that means we 

have to make some changes”.  

 

However, the idea to pursue AI-driven technology first came from Manager AT (also 

emphasized by Department Manager TS). When presenting the idea of utilizing AI to the top 

management in TS, the Manager TS also emphasize how the proposal was well received and 

that there is a great attitude towards AI among the board. This also supported by the other 

interviewees, however, both the Photographer and Department Manager TS unprovoked refers 

to the development department - under the lead of the TS Manager - as being the prime engine 

or face of the project. In addition,  The Manager TS also highlights the importance of selling  in 

terms of gaining resources. The art of selling and be a strong advocator for the new technology 

resulted in monetary and other necessary resources to complete the project (Manager, TS). As 

such, Manager, TS emphasize; “You must have a vision, and a genuine belief in what you’re doing. 

And then it’s a lot about selling. Selling it internal to your colleagues, to people on the top of the 

organization, to the board, to the people both horizontal and vertical to myself.  
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Despite the positive reception of AI, however, it became evident how TS’ AI-project lasted 

longer than first anticipated (Manager TS; Photographer TS). The delay in the project can to a 

certain degree also be traced back to the new and unexplored field of image recognition for 

product pictures. The delay, however, affected the perception of AI internally; “Well, I can say 

that it is hard when a project goes on for a longer period of time and you don’t see any results - 

there is nothing that comes for free, and there are great costs in the loop when driving such big 

projects” the TS Department Manager (07:05) mentioned.  

 

Thus, extended time also affected the resources provided by top management for the project, 

as Manager, AT explained how there was not always a budget for continuous improvement and 

testing of the AI-driven solution. As such, he continues, the course of doing AI in TS has at times 

been a test in patience. Even so, the project was never shut down completely, and they’d always 

pick it back up when resources allowed for it (Manager TS; Photographer TS). The 

Photographer TS furthermore mentioned how the funding’s kept flowing also after the solution 

started producing good results. The Manager TS and Department Manager TS does as such both 

mention the importance of clear goals throughout the entire project, so that you have 

something to deliver; “Say if you want to build a house, you must bring in the board after building 

the stairs already. [...] You must convince them from the start, so it’s about involving managers 

and decision-makers early enough” (Manager TS).  

 

 

Responsibility 

In terms of responsibility of the AI-driven solution made in TS, Manager TS explain how it’s his 

role to ensure improvement, further development and implementation. As such, he functions 

mainly as a project manager (Photographer TS). However, the actual operational ownership 

falls under the Department Manager TS, who has been assigned the responsibility for the AI-

model after it’s being implemented;  
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“[...]in the end of the day it is my responsibility if anything goes bad or stuff like that. But, 

yes. I am playing with the development department and I am playing with the 

photographers as well that you have been talking to, so it is not like you are alone at the 

wheel, but it is kind of me that owns that project and ends up getting praise or complaints 

- depending on the outcome”.  

 

Furthermore, the Department Manager AT explains how that has to do with him being in charge 

of the department who are going to be the end-users of the AI-driven solution. As such, he 

emphasizes how an important aspect of his job with AI is also to maintain the human aspect of 

it (Department Manager TS).  

 

4.3.3. AI’s Impact on Organization in TS 

 

Collaboration and Coordination 

Manager TS explains how they were a small team working on the AI-project, including various 

roles on need-basis. In terms of domain expertise, TS utilized the Photographer TS hereto, as 

he knew the field and possessed all the skills necessary (Manager TS). Photographer TS also 

explain how ”[...] my task within all of this has been to help to evaluate the results and point out 

what should be focused on more or less, lines, cuts, all of this, in order for the result to be as good 

as possible”.  

 

Furthermore, TS’ Manager also had a functioning role with the project, as he was involved in 

facilitating the data flow to and from the model as well as prepare for implementation by 

adapting routines and internal systems. However, Manager TS highlights: “[...] the development 

of machine learning also requires special competencies, that a normal developer don’t have. It’s 

more of a task for a data scientist”. Therefore, being a smaller firm, hiring individuals who 

possess the knowledge of a data scientist is a challenge as both the supply of the competencies 

are scarce, and comes with a great price, but also due to the speed of which the field of AI is 

developing, requiring  individuals with an continues updated knowledge. As such, TS has been 

dependent on hiring the right competencies from externals to ensure the development of their 
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editorial lane (Manager TS). “[...] when it comes to artificial intelligence and machine learning, 

we’ve had to find that knowledge elsewhere. It is, at least so far, not a lot of great people within 

that domain. And, we’re a bit small in that area, at least for now, for it to be profitable for us to 

seek to find our own people” (Manager TS).   

 

Despite combining internal and external resources, it seemed the collaboration and 

coordination of the AI project has run smoothly, and all interviewees from TS highlights a good 

relationship between the parties (Department Manager TS; Manager TS; Photographer TS). 

“Very good. Yes. Tip top. There’s been phone calls and emails, and up and down seeing each other. 

We also had a shared intranet. So, whenever there’s a question, you get a quick reply”, 

Photographer TS said explicitly about this relationship.  

 

In terms of Inmeta’s involvement, Department Manager, TS furthermore had an interesting 

reflection where he points out the strength of having someone who can interact with and 

encode domain knowledge, as well as someone with a detailed understanding of the design and 

implementation of AI; 

 

“it’s not expected that all talks the same language that Inmeta talks. And it’s ok to find 

some, [...] pedagogical translators in all of this and who has an understanding of what we 

are doing and an understanding of what we wish to accomplish. So, I can say that of having 

your own development department is the link. I think that we would have struggled with 

the communication of our wishes to Inmeta without these resources internally” 

(Department Manager TS). 

 

This reflection may have something to do with his own involvement, as Department Manager 

TS has also gradually been included in the AI-process. Firstly, as himself and his department 

would become owners of the final tool. In addition to support the domain experts, he has thus 

functioned as an essential passer of information across departments;    
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“In the beginning it was more a pure development-project and then I did not feel any 

ownership to it other than I knew that I would sit in the department that was going to be 

the end-user. And then we have become a bit more involved in the sense that we see more 

and become closer to the feedback and that we do some tests and stuff like that. Or that we, 

the photographer and I look at it and gives feedback on what is working and what is not 

working. And then in addition, it is about the working flow that becomes a side project 

which revolves around actually making use of the new tool” (Department Manager TS).  

 

New Ways of Working 

AI has also induced a shift in work tasks and processes in organization, mainly affecting the 

workflow of their photographers. As mentioned in section 4.3.1, some of their time-consuming 

and repetitive work will be streamlined, speeding the timeline as well as opening up for the 

undertaking of other tasks: “And we would rather have these people do other assignments, like 

participate in the production, make models like 3D imaging of products, a lot of other things we 

would like to do, but can’t because we spend, or spent, so much resources on manual labor” 

(Manager TS).  

 

In relation to the changes induced by AI, Department Manager TS further express how taking 

the photographers and their work into consideration has been important - and giving them a 

sense of ownership to the process. So, although the goal is to become more efficient, it has also 

been important that the AI-driven solution replace a boring job and not something the 

photographers find very exciting (Department Manager TS). “So, I feel that this has gone well 

and that we see a working flow that maintains the human perspective that we want to have”, 

Department Manager TS highlights.  

 

Manager TS also emphasize how they’ve generally been an organization in change for the past 

years. This has been a part in their objective to become increasingly a service provider which 

develop their own services, rather than simply manage information. For example, it is 

mentioned how TS did not have a Development department until 2014 (Manager TS). Today, 

however, this is their biggest department (Photographer TS).  
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“Well, now the case is that we, since 2014, has doubled in size. And in that lies that while, 

for example we didn’t have this development department, so we’ve built that, and also, 

we’ve tripled the number of services we provide and really pushed forward, doubled our 

revenue, and more than doubled the number of employees” (Manager TS).  

 

4.3.4. Organizations Impact on AI in TS 

 

Organizational Resistance 

Due to the many changes made, the Manager TS admits how it’s difficult to say for sure how 

much their AI-project has affected the organization, if any. In addition, their solution is yet to 

go. live At any rate, the organizational resistance to the AI-project seems to be rather small. 

Both Manager TS and Photographer TS emphasize how this is mainly perceived as something 

positive. “[...] I essentially don’t think that anyone has perceived it as a threat. But rather a chance 

to get some boring work out of the way and experience some personal development on more 

intriguing tasks instead. That’s how I perceive it” (Manager TS).  

 

It may very well seem as though this general positivity towards the AI-driven project in TS can 

be traced back to their culture. Although TS has shown traits of inertia in the past (Manager TS), 

the changes initiated has also affected the organizational mindset.  All the interviewees from TS 

emphasize how they are an innovative organization with a willingness to change (Department 

Manager TS; Manager TS; Photographer TS). Manager TS further mentions how change 

management is something the company has worked quite actively with. In terms of hiring, TS 

has sought after people with positive attitudes for change and can as such help tread the way 

for others internally who is more questioning or doubtful (Manager TS). In addition, TS has also 

worked a lot wit change management;  
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”From the managerial side, they’ve also focused a lot on change management. Regardless 

of it being with machine learning or not. But I suppose it’s easier in an organization who’s 

taught that change is something positive. And also, that you practice it, and takes it serious. 

For it takes a lot of time, and you can’t expect everyone to get onboard as easily” (Manager 

TS) 

 

Although there has been no obvious organizational resistance identified among the 

interviewees, however, it doesn't necessarily transfer into organizational support of AI 

technology. As was mentioned above, it’s evident how the extended time with minimal results 

was challenging for some internal stakeholder in TS, thus creating uncertainty in the 

organization. Department Manager TS explained how it at times felt like they were taking two 

steps ahead and one step back, leading some of them to question whether the AI-project would 

ever turn into anything of value. For as some are visionary, others need solid evidence of a 

functioning model, he emphasizes (Department Manager TS). The Manager, TS also mention; 

“And then we’ve found that the results wasn’t good enough, and then people get a bit more sceptic, 

maybe thinking how this will never work, right. But suddenly we see good results, then people turn 

positive again”. As Photographer TS puts it: ”And as long as it does the job and functions right, 

that’s what matters”. 

 

Organizational Structure 

In addition to support change, one of the purposes from the creation of an internal IT and 

development department, as mentioned in previous sections, has been to regain control over 

development projects, the technology, and the implementations hereof (Manager, TS). The 

separation of this new exploratory unit has therefore allowed for the exploration of AI and 

other development projects to take form (Manager TS), thus reflecting patterns of 

ambidexterity.  
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Even so, the organizational growth has also left them with some growing pains, especially in 

terms of communication and challenging coordination, the Manager TS admits. He continues: 

”But the more people you get, you know it’s not always that 1+1 equals 3, as you learn in 

organizational theory. It only goes up to a certain limit. And after that, you must start 

communicating much more, and the efficiency is reduced a bit again”. (Manager TS). However, 

the interviewees from TS furthermore emphasize how not every bit of information is of 

importance to everyone regardless (Department Manager TS; Manager TS). That’s just the way 

it goes, people are increasingly specialized within a company, some do this and other that. And 

that wasn’t a requirement when the company was smaller, or at least the interfaces were more 

blurred” (Manager TS).  

 

Despite their growing pains, however, TS seems to have a well-functioning structure for cross-

functional collaboration, as was also reflected in section 4.3.3. As Manager TS puts it: “So it’s 

domains more and more, and then you must build your team with the right persons and right 

resources”.  

 

4.4. Comparison of Cases  
 

In order better to shed light on the interplay between AI, management and organizations and 

its impact upon the implementation of AI-driven solutions, the following sections further seeks 

to compare the findings disclosed above across cases.  
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4.4.1. AI’s Impact on Management Compared  

 

 

 

Table 3 - AI’s impact on management compared  

 

As can be seen in table 3, all cases experiences value creation and increased efficiency through 

the use of a customized  AI-driven solution. Furthermore, the AI-driven solution in all three 

cases could be placed as either cognitive insight or cognitive automation. Thus, this thesis will 

not be able to conclude based on AI-driven solutions that represents cognitive engagement. In 

order to gain access to the potential value, however, some prerequisites are shown. Firstly, all 

cases have emphasized how AI had a natural fit with their strategy or  business objectives, 

typically due to their already initiated digital transformation journey. Secondly, the limitations 

of AI technology have been acknowledged, as all cases has encountered various challenges 

related to the founding elements of AI. Usually, this resolves in an expanded time-perspective, 

as happened with TS due to the new research field (4.3.1) and Mimiro when quality proofing 

their data (4.2.1).  
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All the cases furthermore expressed how the technical capabilities were low at the initiations 

of their projects but increasing over the course of working with AI. Although understanding the 

basic elements of AI is seen as a minimum for management by some of the case participants, it 

is also generally seen how other capabilities like business mindset and people skills are also 

highlighted.  

4.4.2. Management’s Impact on AI Compared  

 

 
 

Table 4 - Management’s impact on AI compared 

 

In terms of AI-driven leader, table 4 illustrates how most of the reviewed cases does not have 

any clear examples of truly AI-driven top-managers to show to. however, it should again be 

emphasized how top management in most cases has not been part of the data sample on 

which the findings are based. In both AT and TS however, they have champions situated in 

mid-level management positions. Although these managers do a good job in advocating and 

promoting their AI-driven solution internally, they are still dependent on the top management 

to support them with resources. The same can thus also be said about Mimiro, where although 

the CEO is an acting AI-champion is still dependent on monetary support from the founding 

companies. Both Mimiro and TS has thus explicitly emphasized the importance of selling the 

idea to decision-makers controlling the resources.  
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As for responsibility, all cases either do apply a combination of managerial and organizational 

control of AI, or plan to do so in the future. Mainly the operational tasks are assigned to 

stakeholder in the organization, while top management takes lead on the implementation of the 

AI-driven solution.  

4.4.3. AI’s Impact on Organization Compared  

 

 

 

Table 5 - AI’s impact on organizations compared  

 

All cases also agree how putting together the right team is essential, and emphasize the roles 

mentioned in section 3.3. How they choose to cover the roles however does vary. While AT is 

looking to obtain data scientists in-house, the Mimiro and Tine are hiring these capabilities 

externally for the time being. Another example is also seen in that AT mainly look to 

stakeholders in the central management for expertise, while TS focus on including the end-

users. Regardless, having the middlemen for coordination and decoding of information is 

generally emphasized.  
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AI’s implication of inducing new ways of working can only be seen in two of the cases, in both 

of which it is mainly affect the assignments of those with operational control and the processes 

of the end-users. AT’s inspectors and TS’ photographers are examples of the latter.  

 

4.4.4. Organizations Impact on AI Compared  

 

 
 

Table 6 - Organizations impact on AI 

 

Despite the similar impact on work, the level of organizational resistance varies. While 

convincing the organization of the value of AI have gone rather smoothly in TS and Mimiro, AT 

has faced some resistance from their inspectors. In all cases, however, organizational culture in 

particular can explain their response to this new technology, although heritage is neither 

without importance hereto. Mimiro’s path to independency is additionally an interesting case 

on how culture and heritage can be prohibiting to innovation.  
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As for structure, all cases illustrate how cross-functional collaboration is a prerequisite to 

develop their AI-driven model. Traits of ambidexterity is also found, e.g. in TS, and seen as 

supportive of the AI-process. Furthermore, structure can partially also be seen as an 

explanation by some experiences organizational resistance whilst other cases do not. Again, 

Mimiro’s path to independence is an interesting case hereto.   
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5.0. Discussion  
 

The purpose of this thesis has been to investigate the phenomena of AI in the marketplace by 

reviewing its mutually dependent impact on management and their organizations alike. This 

has been undertaken through a new proposed conceptual framework built on the founding 

thoughts of Duchessi O’Keefe and O’Leary (1993), contemporized after in-depth interviews 

with industry experts and supplemented with extant literature, before being empirically 

appraised through case studies. The findings hereof have thus been elucidated and compared.  

 

What becomes evident is how there is an intricate interplay between AI technology, 

management and organization in that management as well as the organizations both affect and 

is affected by the implementation of AI in business. This has been shown by reviewing the eight 

basic themes of value creation, competencies and capabilities, AI-driven leader, responsibility, 

collaboration and coordination, new ways of working, organizational resistance and 

organizational structure. All themes have to a large extent been seen represented in the 

conducted case studies as well as indicated by the experts, In terms of literature, most findings 

are furthermore in alignment with the theory presented to describe the eight basic themes. 

However, there are some exceptions. Both findings in strong support of, in contrast to, and not 

adequately covered by theory as is have also been discovered.  

 

As such, this chapter aims to discuss these observations made throughout the findings which 

may have implications when pursuing to answer the research problem. The topics discussed 

will as such also constitute interesting topics for future research. As the aim of the thesis has 

furthermore been to provide managers with a supporting framework to help navigate the 

impact of AI moving towards industry 4.0, the end of the chapter will also include some general 

recommendations for managers.  
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5.1. Artificial Intelligence versus Machine Learning  
 

An interesting observation that can be made from the findings is how most interviewees 

preferably referred to Machine Learning or ‘ML’ directly, rather than using the term ‘AI’. This is 

reflected in several citations applied through the thesis, for example; “There has also been 

objections, because, either way you do it, ML will be a black box thing [...]” (Manager AT); and “It 

is not everything that is suitable for working with ML [...] ‘this you can use ML for, and this you 

cannot use ML for [...]” (CEO Mimiro). Additional examples can also be found in the complete 

transcriptions, appendix G.4.  

 

In addition to be seen implicitly in the interviewee’s statements, as the phenomena manifested 

itself for the authors throughout the course of research, some of the case participants were also 

asked about their use of terminology directly. Hereunder Mimiro’s Project Leader explained 

how; “Well I think that with AI, you have taken the step even further in my opinion”. He then 

argues that ML can come up with some good recommendations, however it is yet to be 

industrialized or ‘put into production’, and therefore it just become numbers or a graph in a 

report (Project Leader Mimiro). Thus, in order to be ‘AI’, in the eyes of the interviewee, it must 

be integrated into a system or actual process. Developer AT also points out the importance of 

separating the two terminologies, arguing that AI in its entity is a much broader term then 

machine learning. However, AT’s Developer rather focus on the concept of AI being that; “[...] 

you have something that makes decisions while machine learning does not necessarily, the 

solutions, handle the decision making but gives some sort of input on what is…”.  

 

This raises an interesting aspect to the terminological discourse that scholars have previously 

argued to occur in the marketplace, and highlights how it still seems to be a lack of systematic 

reference frame and contextualization of AI-driven solutions today, as highlighted by both 

Gentsch (2019) and Kaplan & Haenlein (2019), among others (3.1). In particular, the 

interviewees definitions share similar traits to what scholars describe as narrow and general 

artificial intelligence respectively, as explained in section 3.1. As such, it may seem as though 

the case companies consider the overall term of AI closer to assimilate AGI, whereas ML is more 

representative to ANI. Thus, suggesting further research into this topic is necessary. However, 

seeking to create a clearer frame of reference, this thesis has further applied Davenport & 
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Ronanki’s (2018) divide of AI-driven solutions into that of cognitive automation, insight and 

engagement. As these categories has had an appropriate fit with  all of the participating cases 

AI-driven solutions and will be suggested as a potential reference for further studies on ANI in 

the marketplace. 

 

5.2. What Constitutes a Successful Implementation  
 

Another observation made through the research undertaken is how all cases consistently focus 

on the success of their course with AI as described throughout chapter 4. However, the authors 

will in this case note how two of the companies have not yet implemented their solution for 

utilization internally, while the third case, AT, experience difficulties in having their workforce 

adopt their AI-driven solution (4.1.4). Hereunder, the Senior Advisor AT  indicate that a 

successful implementation requires more than operational availability - it also demands actual 

use of the AI-driven solution. As such, the authors questions what a successful implementation 

constitutes, and how can it be measured, when investigating the interplay between AI 

technology, management and organization.  

 

As has been shown throughout the thesis, practitioners and scholars alike strongly emphasize 

what elements need to be present for a successful implementation of an AI-driven solution. For 

example, Schmidt  (1984) emphasize how aligning different roles in the organization will lead 

to success, while Makridakis (2017) argues how champions is a trade with highly successful 

firms that dominate the AI revolution. Others again emphasize how cost reductions and 

improved operational efficiency is the evidence a successful implementation (Marria, 2019). 

Even so, little is mentioned on when a successful implementation has actually taken place or 

how this can be measured, also relating back to Batra et al.’s (2018) emphasis on a lack of 

practical use-cases of AI. On the other hand, Duchessi, O’Keefe & O’Leary (1993) emphasize how 

an AI-driven solution is only valuable when it is utilized. The same idea is also seen with Senior 

Advisor AT who explicitly states; “That’s a very important practical element. That someone must 

use it. If nobody uses it, then it neither has value”.  
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An explanation for the lack of a clear definition on what constitutes a successful implementation 

of new technology, AI in this case, can be found with Hall & Loucks (1977: 264) who argue that 

“it appears, however, that in most experimental and evaluation studies, the presence of the 

innovation, [...] is taken more on faith than on the basis of systematic documentation”. Instead, 

there is an implicit assumption that the effects of innovation is present - an assumption also 

found in several theories of change and diffusion of innovation (Hall & Loucks, 1977). That 

despite of implementation variables having important implications for analysis and 

interpretation, Hall & Loucke’s (1977) argue. Another explanation is also found in Duchessi & 

O’Keefe (1995), explaining that research on AI system implementations has mainly focused on 

the process of implementation or the identification of critical success-factors, as illustrated 

above. In addition, there has generally been conducted few studies on the implementation of 

AI-system, they argue (Duchessi & O’Keefe, 1995).  

 

Thus, the topic of what constitute successful implementation of AI based on more empirical 

evidence, is suggested for future research on AI, management and organization.  

 

 

5.3. Organizational Involvement 
 

What constitute another interesting point of discussion is found comparing opposites from the 

findings. For whereas the various cases show similar impact from AI on inducing new ways of 

working (4.4.3), the organizational reception of these changes have varied (4.4.4). This is 

especially seen with AT in respect to TS, where despite of similar new ways of working, the 

former has seen signs of organizational resistance while the latter has not (4.4.4).  

 

Literature discussed in thesis offer some possible explanation for this observed opposite. For 

example, Mimiro and TS both explicitly state to have spent time and efforts into building an 

entrepreneurial culture, whereas AT is just now addressing their autonomous culture with a 

major restructuring (4.1.4). Even so, the authors have also  observed how another possible 

explanation for the various reception of AI in the organization can be connected to the level of 

end-user involvement.  Hereunder, there is reason to believe that AT’s inspectors’ mistrust can 

be traced back to the lack of their direct involvement in the development of their Prediction 
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Index (4.1.4). This speculation is further strengthened in that TS, who has experienced minimal 

resistance to their AI-driven editorial lane (4.3.4), has actively worked to involve their 

photographers and maintain the human aspects during their course of implementation (4.3.2). 

In addition, similar studies to the field of inquiry and on other information-systems found that 

user-involvement during the adoption, development and implementation phase to be a critical 

factor in the final user-acceptance of the system sought implemented (Baronas & Louis, 1988; 

Kwon & Zmud, 1987).  

 

An explanation to the observed phenomena can be found with Eichhorn & Tukel (2015), who 

argues that the user-role in general is not well understood and is often overlooked by 

professionals. This might also explain how the early works of Smith (1984) as well as Meyer 

and Curley (1995) in the field of AI (3.3.3.1), heavily focused on the technical aspect of 

knowledge sharing in cross-collaborations amongst data scientists and domain experts. Other 

literature on similar topics, such as Lacity and Hirschheim (1995), further emphasize how a 

great obstacle for alignment of other types of information systems and business strategies is 

the conflicting expectations and perceptions of information systems that different 

organizational stakeholders hold. This is also more important in the case of interorganizational 

information systems, similar to the cases studies of this thesis which AI-technology was mainly 

used to optimize internal work-processes (Pouloudi, 1999). Pouloudi (1999) argue that those 

types of systems or technologies usually involve strategic decisions which demand a wider 

range of stakeholder to be involved.  

. 

As such, Mishra & Mishra (2013) argue how stakeholder theory, which is frequently used in 

managerial theory for investigating organizational ambiance among other, could be beneficial, 

highlighting how stakeholders are also seen as means to more successful information system-

development and implementations. This is due to how the stakeholder approach on the 

organization integrates stakeholder relationships within a company's resource base, industry 

setting and socio-political arena into a singly analytical framework” (Mishra & Mishra, 2013: 

254). Finally, the authors highlight how other empirical studies which has  integrating the 

stakeholder concept in this domain, has proven that the involvement end-users and managers 

are very important towards a successful system implementation (Mishra & Mishra, 2013).  
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Based on the above, an argument could be made to include the role of the end-user as part of 

the coordination and collaboration theme of the proposed AIMW.  However, this will need 

further empirical testing. 

 

5.4. The Importance of Top Management  
 

Another interesting observation made throughout the thesis is the paradox of how literature 

strongly emphasize top management in order to thrive with an AI-driven solution. As has been 

shown in section (3.3.2.2), various scholars highlight how top management should be 

responsible for the projects, promote them, and provide resources for them to thrive. In turn it 

is also top management who must adapt their capabilities and see the potential AI has for value 

creation (3.3.2.1). The importance of top management’s involvement in an AI-driven project is 

furthermore also emphasized by several of the interviewed experts from Inmeta, leading the 

topics to be disclosed in the first place (3.2.1).  

 

Partially contrasting findings were however shown in the conducted case studies. As is 

illustrated in section 4.4.2, the active champions for AI has in most cases been seen positioned 

as managers, however not on top level. The cases further highlights how it has typically been 

the champions who has initiated the AI-driven projects and taken the lead on them (4.4.2). In 

other words, the findings contradict literature’s emphasis on top management involvement in 

order to thrive with AI. The importance of top management is further also questioned in terms 

of responsibility. Whereas the majority of scholars reviewed emphasize the importance of top 

management support, such as (Matt et al., 2015) and Gentsch (2019), two out of the three cases 

exhibit a distribution of responsibility in a combination of organizational and managerial 

stakeholders  (4.4.2). As such, Meyer & Curley’s (1991) hypothesis that AI, as a highly complex 

system in terms of both knowledge and technology, would benefit from a partially 

organizational locus of control, joint with that of top management, is given further support.  

 

The reasoning behind the added focus on top management, from scholars and practitioners 

alike, can be found in how they are essential for resource allocation, which any AI-driven project 

is dependent on as seen in section 4.4.1. In order to provide the necessary resources, top 

management must also understand the founding elements of AI, hereunder including its 
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potentials and limitations, including their understanding of the business benefits and 

challenges hereto thus expanding their competencies and capabilities (3.3.2.3). Hereunder, it 

must be acknowledged that the research conducted have - with the exception of Mimiro’s CEO 

- primarily revolved around employees further down the organizational hierarchy. Still, the 

findings revolving how the champions are situated as mid-level leaders and how most cases 

applied a combination of managerial and organizational focal of control for their AI-driven 

solutions cannot be overlooked. As such, the findings indicate that the lead for AI can, and 

possibly should, come from within the organization rather than the top of it - but sustained with 

top management support with resources in particular. Thus, Duchessi, O’Keefe & O’Leary 

(1993) description of an AI-driven leader in 2019 must be adapted to someone in the middle 

range of the organization, allowing for the possibility to ‘sell’ his or hers AI-vision efficiently in 

both vertical directions. Regardless, the exact role of top management with AI-driven projects 

makes for an interesting topic for future research.  

 

5.5. External Influence 

 
Finally, it is important to highlight how the proposed conceptual framework is based upon an 

internal perspective of the firm as a whole, thus not considering the external forces impact on 

the AI-driven solution. The same limitations are also found in Duchessi, O’Keefe and O’Leary’s 

(1993) original framework, although they highlight the use of AI as a source of competitive 

advantage. Even so, the impact from an external environment has been implicitly seen in the 

case studies, as several interviewees mentions customers, legal regulations or their competitive 

environment. This was especially prominent when examining the rationale behind the value 

creation in the different case companies. 

  

For AT, being a public-sector service and government agency, the external influence might seem 

obvious. In terms of AI, however, it is prominent how the government has imposed high 

standards to transparency and traceability to the reasoning for choosing one company to 

inspect over another, stressing how there could be no instances of  ‘black boxes’ (3.3.2.3).  
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In terms of TS, it was their ambition to be first movers in their field that made them see the 

possibilities with  AI to gain advantages over their competitors. However, they also saw how 

having the right type and amounts of data was essential, as their editorial lane could not already 

be solved by existing formulas of other picture-recognition technologies. 

 

The external influence is also emphasized by Kaplan & Haenlein (2019), who argue that 

consumers, competitors and government control affect companies’ course of implementation 

with AI, in a framework they described as ‘the three Cs’.  Hereunder, consumer impact on AI-

driven solutions in that they need to have confidence in the abilities and recommendation of 

the firms AI-driven solution, as any implemented AI-solution would only create value if the 

customer accepts it. In terms of competitors, the scholars emphasize the importance to 

continuously survival and outperform their AI-driven solutions (Kaplan & Haenlein, 2019). 

This, Kaplan & Haenlein (2019) suggest is done through the use of better data and hardware, 

thus, to maintain long lasting competitive advantage. In addition, governmental rules and 

regulations, might add restrictions which will both impact the course of development and 

deployment of future use of AI.   

 

As such, recommendation for future research would be to add a fourth dimension to the 

proposed conceptual framework and investigate the impact from external forces on the  value 

creation on AI-driven solutions.  

 

5.6. Recommendations  

 

In addition to provide interesting topics for future research in the field of management and AI 

in the marketplace, as has been presented thus far in the chapter, the findings can also be 

synthesized into some overall recommendations for managers who wishes to embark on their 

AI-journey and are thus looking to acquire the technology in the future.  
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AI is a part of, and driven by, digital transformation, managers will be advised to have initiated 

the company’s digital journey and adjusted their business strategy hereafter before initiating 

an AI-driven project. Furthermore, managers are recommended to have raised their basic 

technical competence level on AI technology to hereunder include the nature of AI’s founding 

elements, in order to identify the business benefits and challenges surrounding the technology. 

Hereunder, a critical review on available data is strongly advised, as well as having a digital 

infrastructure to support it.  Furthermore, it is suggested that managers choose a project that 

aligns with their business objectives, and that is belonging to a clearly defined business case in 

order to accomplish a specific problem-solving or reasoning task. After deciding on a project, 

managers are furthermore recommended to make a clear plan for implementation for the 

beginning, so to increase the likeliness of a functional AI-driven solution with the potential to 

create value. This should also include assigning responsibility for the AI-driven solution. 

Hereunder, the combination of management control on implementation combined with end-

user responsibility is seen the most prominent. Furthermore, managers are advised to nominee 

a project leader to coordinate the development of the AI-driven solution, as it will require 

cooperation across department and possibly also company boarders. This person should 

ideally hold an interest in technology, but have some form of internal annuity, so to promote 

the AI-project, but must be given sufficient resources to conduct a satisfactory job. The inclusion 

of roles is another matter management is advised to consider carefully, and ensure the presence 

of domain knowledge, data scientists and IT programmers, as well as someone with a business 

mindset to see the commercial use of the product. End-users are also recommended included 

in the process, in order for them to familiarize and provide valuable feedback to optimize the 

use functions of the AI-driven solution in the end.  Finally, managers should be advised that 

most AI-driven projects run into challenges along its course, which might extend the timespan 

or require additional resources. These recommendations are also seen presented in table 7.  
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Table 7 -Ten tips for managers (self-produced) 

 

Finally, it must be acknowledged how the findings, and thus recommendations of this thesis, 

are based on a smaller sample size. As such, further appraisal of the AIMW is encouraged by 

scholars for future research. The authors therefore recommend similar case studies to be 

conducted in the future, preferably including a larger number of cases of various size and across 

the global marketplace.  
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6.0. Conclusion  
 

Preparing managers and their organizations alike to enter the industry 4.0 in light of the 

occurring divergence between the ambitions and actual adoption of AI in the marketplace, the 

objective of this thesis was to investigate the interplay between AI, management and the 

organization and its impact on the implementation of AI-driven solutions. Thus, contribute to 

the field of managerial theory and provide new navigational tools to support managers seeking 

to utilize AI for their businesses in the future. 

 

Based on a qualitative research design, a conceptual framework, namely the AI-Management 

Wheel was developed based on the original work of Duchessi, O’Keefe & O’Leary (1993), before 

being contemporized by industry experts from Inmeta. As result, eight themes were identified 

and supplemented with extant managerial theory. Finally, the AIMW was further appraised 

through a multiple case study, where the occurrence of the themes was investigated in three 

individual cases in Norway. However, as AI technology is the same regardless of national 

boundaries, it is expected that the findings may be applicable for cases elsewhere in the world 

as well.  

 

The results of the research undertaken conclude that the interplay between AI, management 

and organization does have an impact on course of implementation of AI-driven solutions. More 

specifically, AI affects management in terms of value creation - increasing operational efficiency 

and provides better and faster support in decision making, however the technology also 

demands a set of new competencies and capabilities from leaders and their managers alike to 

strive in an AI-driven environment.  Conversely,  management mainly impacts the 

implementation of AI through AI-driven leadership, both by being a resource allocator but also 

as solution’s advocator for the AI-driven solution internally in the organization. Hereunder, a 

discussion has been made on whether it is top management who are the AI-driven leaders, or 

managers further down the hierarchy. This further relates to who is going to be responsible for 

the AI-driven solution internally, which is seen as another factor where management influence 

AI.  

 



104 
 

Furthermore, AI also impact the organization in terms of new ways of working, as the 

technology has the possibility to induce a shift in terms of assignments as well as processes. In 

addition, the technology also demands greater internal collaboration and coordination among 

several stakeholders in the organization. As this ideally must happen across the stakeholder’s 

normal functions, organizational structure is thus seen as a factor of organizational impact on 

AI. In addition, AI can be enhanced or restrained by the organization's culture and heritage. As 

such, organizational resistance, or the lack thereof, is seen as a final element of the 

organization’s impact on AI.  

 

Some implications of the findings have further been identified and discussed. The hope is as 

such that the research conducted may intrigue and inspire for future research on this 

interesting and arguably relevant topic of AI in the contemporary marketplace, and what 

managers can do best to prepare for the use of AI in industry 4.0.  
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