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ABSTRACT 

Technology in the workplace has helped increase the rate of production and speed at which 

business occur. As these technologies advance, humans are becoming more efficient and more 

productive than ever before. The impact of technology on work, has consistently changed the 

way human across every industry do their jobs. In fact, the latest advancements in artificial 

intelligence (AI) has the potential to further influence a greater shift in the way human 

accomplish job tasks. Because artificial intelligence is a technology based on augmenting 

human, we can use this advantage to further complement human intelligence. Making human 

more creative and smarter than they have ever been. To achieve this, we need to understand 

how AI’s capabilities can complement human’s competences. In a workplace context, we need 

to understand how AI can facilitate the support of different type of tasks. Hence, the purpose 

of this explorative study is to understand AI’s influence on people’s skills and on workflows. 

This is done by mapping AI capabilities around human competences to help individuals up-

skill and to support organizations in planning effective workflows enabled by AI to achieve 

better performance. The insights for this qualitative study is gathered by developing an AI use-

case with industrial partners, while carefully observing the influence AI poses on human skills 

and organization processes.  

Beyond the traditional technology optimizations that earlier helped human with speed and 

accuracy, the findings from this thesis show that AI could empower human through skills such 

as creativity, problem solving, and analysis. As a consequence, such advancement impacts the 

demand of human competences needed to thrive in AI enabled workplaces. The long-term 

impact of adapting AI to support in workplace tasks, shows a trend in moving toward more 

intellectually demanding tasks. While workflows will need to facilitate collaboration between 

cross-disciplinary teams and support high involvement.  

 

Keywords: Artificial Intelligence Capabilities, Human Competences, Productivity, Future 

Workplace   
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1. INTRODUCTION 

This chapter aims at providing the reader with the background and the scope of study to give a 

comprehensible understanding of what the thesis investigates. It discusses the problem 

statement, research purpose and question, research limitations, and thesis outline. 

1.1. Background  

Many companies in today’s competitive atmosphere are facing the challenge to provide 

solutions to a demanding market at a fast speed and as efficient as possible. Besides, 

professionals working in such companies may find themselves facing; lack of control over the 

tasks and outcomes, prolonged and never-ending pressure, and work overload. Therefore, the 

working environment needs to take the psychological problems at the workplace as seriously 

as physical risks. One possible approach of managing this problem is to take early prevention 

measures to detect such risks and optimize the workflow based on human competences. When 

I say human competences, I refer to the abilities people have to perform a specific task. Our 

proposed approach claims that adapting Artificial intelligence (AI) solutions could be the right 

fit for preventing such psychological pressure and accordingly increase efficiency and 

productivity. Artificial intelligence as described in the Oxford English dictionary as; the theory 

and development of computer systems able to perform tasks normally requiring human 

intelligence, such as visual perception, speech recognition, decision-making, and translation 

between languages (Oxford University Press., 2004). By taking away the routine and exhaustive 

tasks from the employee’s plate, the employee has more time for creativity and innovation. Not 

only to increase business efficiency and employee well-being, but also to reimagine the 

workplace as a space for growth and self-fulfillment; an enriching and rewarding experience 

with a high sense of purpose and meaning.  

The world economic forum in collaboration with Accenture have done a survey that resulted 

in; 64% of workers recognize that the pace of change is accelerating as a result of new 

technologies such as AI. In addition, 92% believe that the next generation of the workplace 

skills will look radically different. Also, the survey found that 85% are willing to invest their 

free time to learn new skills. While 96% place a premium on finding on the job training 

opportunities where the training is relevant to the future digital needs of the enterprise (as cited 

in Wilson & Daugherty, 2018). The authors suggest to anticipate resistance through 

understanding the needs of those affected by the change and finding ways to include them so 

that they turn into allies when they have their say in the matter. I believe it is the management 

role to enable workers to become more successful and capitalize on human competence first, 

then on technologies. In fact, Wilson and Daugherty (2018) claim that; what will eventually 

differentiate between the winners and losers of the AI competition in today’s businesses is in 

the approach: 

“We found that companies that use AI to augment their human talent while 

reimagining their business processes achieve step gains in performance, propelling 

themselves to the forefront of their industries. Firms that continue deploying AI 

merely to automate in a traditional fashion may see some performance benefits, but 

those improvements will eventually stall.” (Wilson & Daugherty, 2018) 
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1.2. Problem Statement 

There is a broad body of literature addressing the potential opportunities introduced by AI for 

businesses through automation processes, however, I observed that there is a lack of practical 

research investigating how organization can augment their human competences using AI 

capabilities. As suggested by the previous statement of Wilson & Daugherty (2018) 

organizations who augment their human resources while reimagining their business processes 

achieve greater gains in performance than those who only automate processes. In this research 

I am precisely interested in the impact of AI on human’s skills and on organization’s workflow 

as oppose to products and services. From an innovation and design perspective I take this 

perceived research gap and investigate ways to facilitate the augmentation of human 

competences in the workplace through AI while keeping human at the center of my 

investigation.  

I am convinced that if we analyze human competences against AI capabilities we will be able 

to enhance productivity by leveraging the power of their interactions. First, I believe that 

understanding the nature of interaction between human and AI, will enable us to distribute tasks 

between human and machine in a lean way; where we reduce waste while increasing value. 

Second, just like the early digital wave of computerization, today’s AI advancements have 

shown a great influence in transforming the way we do our job tasks. The way we go about 

doing our tasks is greatly influenced by our general competences as humans. If the AI 

capabilities are mapped around these general human competences, we will be able to identify 

the competences that the AI cannot augment and capitalizes on our unique human powers. From 

another level, we will be able to identify the emerging skills needed to perform AI enabled tasks 

which will then enable us to invest in developing those skills to thrive in today’s evolving 

workplace.  

I investigate the value potential of task alignment based on human competences and AI 

capabilities. Value potential; in terms of the individual’s productivity and overall impact on the 

quality of the output for a specific task. The productivity measures include two factors; saving 

time spent on operational tasks, and increased accuracy of decision making on strategic tasks. 

I believe that the first factor provides efficiency, which justifies for a long-term return on 

investment when investing in AI solutions related to workplace task AI optimizations. The 

second, forms the grounds for a greater impact on the quality of services/products.  Agrawal, 

Gans, & Goldfarb (2018) suggest that putting AI-first means maximizing predictive accuracy; 

prediction systems if implemented correctly can increase the value of complements, including 

judgment, actions, and data.  

“The increasing value of judgment may lead to changes in organizational 

hierarchy—there may be higher returns to putting different roles or different people 

in positions of power” (Agrawal et al., 2018, p. 231).  
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The focus is to investigate the probability of augmenting routine and non-routine cognitive 

tasks -currently processed by humans- using machine learning techniques; which I collectively 

refer to as AI capabilities in this thesis. Understanding that from the perspective of 

complementing human competences within a workplace context, I focus on specific potential 

applications of the current AI capabilities within a business context rather than the longer-term 

possibility of an “artificial general intelligence” that could potentially perform any intellectual 

task a human being is capable of achieving. 

Lately, AI has gained a huge attention from many industries including Amazon, Google, and 

Facebook. This demands from business leaders to consider setting up strategic goals for AI to 

stay competitive, innovative and to maximize value. One can think of AI implementations in 

terms of services and products to end customers, but also putting intelligence into team's 

software, processes, and culture is just as important. In this thesis I would like to unlock a way 

for leaders to discover the capabilities that AI can bring to functional teams within organizations 

to achieve high-level business objectives. 

 

1.3. Research Purpose and Question 

This thesis will try to investigate the impact AI has on job tasks by looking at it from a human 

centric perspective. The purpose of this thesis is to investigate ways to map AI capabilities 

around human competences which could help individuals skill up, and support organizations in 

planning and designing effective workflows enabled by AI to achieve a higher performance. 

My intention is to gear-up human competences with AI capabilities in order to achieve better 

performance “super-human”. Accordingly, the research question is formulated as: How can we 

map AI capabilities around human competences to achieve better performance? 

I use the word around to emphasize that human competences are at the center of this thesis 

work. Therefore, some AI capabilities that are not aligned with human competences may not 

be addressed, whereas all human competences should be addressed as much as possible. To 

answer the above research question, there is a need to build a conceptual framework to help 

relate human competences to AI capabilities. Then through that conceptual framework 

investigate; which of the human competences AI can’t augment today, and which of the AI 

capabilities require human input, and how that input is delivered. Also, inspect what are the 

new human skills that could emerge from this new paradigm where the AI and human share 

responsibility of tasks. Within the empirical context, I will need to explore how the current 

tasks look like, and how AI capabilities could support current tasks. 

 

1.4. Research Limitations and Scope 

This study focuses not on whether a company should implement AI or not, rather it focuses on 

how the company implements AI, and how it can complement the existing human competences. 

Taking that perspective into account, instead of customizing the workplace based on the 

emerging technological advancement, I take an alternative approach in this study. Turning the 

focus from technology back to human, this study takes a human centric approach and envisions 

the technological advancement as a resource to solve human needs. As describes Giacomin 

(2014) human centred design (HCD) is based on the use of techniques which communicate, 
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interact, empathize and stimulate the people involved, obtaining an understanding of their 

needs, desires and experiences which often transcends that which the people themselves 

actually realized. Therefore, using a HCD in my investigation will allow me to get a deeper 

understand of the nature of interaction between human and AI. This study uses an action 

research approach, the action starts with identifying tasks that have a high probability of 

optimization, monotonous tasks and tasks that lack mental stimulation, versus the tasks that 

require creativity, strategy, and compassion. In the end, the research contribution is not only to 

transforming tasks, but also leveraging the power of AI to maximize in what makes us truly 

human. I hope that this research topic highlights new knowledge and raises further questions 

about how to capitalize on human core competences using AI “superpowers” to have real-world 

impact on the individual’s performance and wellbeing “superhuman”. 

The study only aims to investigate the impact of AI on human competences within a workplace 

context to better understand and address strategic decisions and increase the understanding of 

human-machine interactions, it will not dig deep into the technicalities of AI. Also, I am 

examining the thesis topic within a smaller context; the brand marketing and communication 

department at a company in the heavy-duty vehicle industry -which I will refer to as the case 

company in this thesis- therefore, the data collection regarding empirical materials are limited 

to this context. Nevertheless, since I aim at generating a generic map, I take a holistic approach 

to human competences and job tasks. This study is an effort to clarify the fuzzy concept of the 

nature between human-machine interaction and futuristic job tasks. It is limited in both breadth 

and depth but forms a starting point for developing a comprehensive typology that will permit 

greater delegation of tasks to either human or machine. 

Because this thesis focuses on the cognitive tasks rather than manual tasks, some limitations 

may include the exclusion of AI capabilities that are relevant to manual tasks. For the purpose 

of this thesis I decided to exclude manual tasks; both the routine and non-routine manual tasks. 

I believe that the latter is more related to robotic process automation (RPA), which is outside 

the scope of my study.  

For the purpose of this thesis, I use AI as shorthand precisely to refer to machine learning 

techniques that uses artificial neural networks. Computational models inspired by neural 

connections have been studied since the 1940s and have returned to prominence as computer 

processing power has increased and large training data sets have been used to successfully 

analyze input data such as images, video, and speech (Chui et al., 2018). AI practitioners refer 

to these techniques as machine learning. These machine learning techniques are manifested in 

many AI capabilities including; computer vision, audio signal processing, speech and 

optimization, speech to text, natural language processing, and predictive systems. However, 

due to the limited timeframe of the master thesis project, I examine only; predictive systems 

within the empirical context of this study. I analyze AI based on three of its core capabilities; 

pattern recognition, optimization, and decision making. It is important that the reader 

distinguish between the two; AI capabilities and AI’s core capabilities as described in this 

paragraph. 
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1.5. Thesis Outline 

First, is the theoretical background chapter which presents a review of theories related to tasks 

typologies, human competences, and AI capabilities. I end the chapter with a section where I 

propose a conceptual framework based on the learnings from the conducted literature review. 

The conceptual framework is then used to guide the empirical investigation. Second, in the 

methodology chapter is an extensive explanation and reasoning of how the study has been 

carried out as well as addressing the research quality. Third, is the results chapter where I 

present the empirical findings and evaluate those findings against the conceptual framework. 

Followed by an analysis where I present the findings from the conducted pilot interviews; semi-

structured interviews-meetings; follow ups; and workshops, providing a strong foundation and 

reasoning for answering the research question. Fourth, is the discussion chapter where I discuss 

the theoretical and practical implications. Finally, the conclusion includes a section where I 

highlight the answer for the research question as well as a section where I provide some 

suggestions for possible future research topics. 
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2. THEORETICAL BACKGROUND 

This chapter presents the theoretical basis used throughout this thesis. It is divided into two 

sections in relation to the research question. Initially, I start with developing a theoretical 

synthesis by reviewing literature within the areas of task typologies, human competences, and 

AI capabilities. Afterword, I propose a conceptual framework informed by the learnings from 

the literature review. 

2.1. Theory 

For the purpose of this thesis, I use the literature review to develop a conceptual framework for 

mapping artificial intelligence capabilities around human competences. To answer the research 

question – How can we map artificial intelligence (AI) capabilities around human competences 

to increase productivity in the workplace? – I need to first identify a clear framework to guide 

the mapping analysis. The study takes place in a workplace context and is concerned with 

studying the general abilities people have to perform a specific task. Regardless that people 

may vary in their intelligences, skills, and abilities when performing tasks, the concern of this 

thesis is not the level of the individual’s competence per se, rather the type of competence 

needed to perform a given task. Van Zolingen (1995) explored the concept of key competences. 

She defined key competences as the knowledge, skills, insights and attitudes belonging to the 

core of a profession, as fostering flexibility and innovation in careers, and enabling further 

professional development in the current job (as citied in van der Klink & Boon, 2002). Key 

competences are not identical to the competences that are required to perform specific 

professional tasks but merely facilitate the adoption of new insights, skills, knowledge, and thus 

establish performance in future jobs (ibid). Thus, I need to identify a framework for classifying 

general human competences in relation to a task-based approach. Accordingly, I can investigate 

which of the AI capabilities are better suited to enhance human performance. Prior to that I start 

by developing a generic understanding of workplace tasks, to guide the exploration of tasks in 

the workplace field.  

 

2.1.1. Task Based Approach 

The actual implementation of AI is through the development of tools suggests Agrawal et al.  

(2018). The authors further explain that the unit of AI tool design is not “the job” or “the 

occupation” or “the strategy”, but rather “the task”. AI tools can change workflows in two ways; 

they can render tasks obsolete and therefore remove them from workflows, or they can add new 

tasks. 

“Our process for implementing AI tools will determine which outcome one should 

emphasize. It involves evaluating entire workflows, whether they are within or 

across jobs (or departmental or organizational boundaries), and then breaking 

down the workflow into constituent tasks and seeing whether one can fruitfully 

employ a prediction machine in those tasks. Then, one must reconstitute tasks into 

jobs”  (Agrawal et al., 2018, p. 200). 

 

 



 

 15 

The link between cognitive ability and general intelligence is well-established (Checa & 

Fernandez-Berrocal, 2016). General cognitive ability predicts performance on all jobs, 

including the so-called “manual” jobs as well as “mental” jobs –or as I refer to in this thesis 

cognitive tasks– mentions (Hunter, 1986). Hunter suggests that cognitive ability is critical to 

the recognition process because the worker must link current information to the knowledge 

already in memory. He describes that cognitive ability is necessary to learning from recognition 

because the information must be restructured to a form relevant to future recognition. Thus, he 

suggests that learning on the job will be more dependent on cognitive ability than learning in a 

formal program. 

An empirical study done by (Autor, Levy, Murnane, & National bureau of economic research., 

2001) found that within industries, occupations, and education groups, computerization is 

associated with reduced labor input of routine manual and routine cognitive tasks and increased 

labor input of non-routine cognitive tasks. The earlier study claims that industries undergoing 

rapid computerization reduced labor input of routine cognitive and manual tasks and increased 

labor input of non-routine interactive and analytic task. However, I believe that the expediential 

growth of AI –precisely machine learning– today and its ability to augment human capabilities, 

may expand the impact of computerization to include the non-routine cognitive tasks. Hence, 

it’s important to study the impact such technical shift has in the way we perform our tasks. The 

substitution of repetitive human labor by machines has been a thrust of the technological change 

throughout the industrial revolution states (Hounshell, 1997). This trend continues to grow 

rapidly as the technological advancements are growing and in a fast pace. As many blue-collar 

jobs has been taken by machines in the industrial revolution, this thesis claims that the 

advancements in AI could have a similar impact, but this time on white-collar jobs. 

Transforming the way people carry on workplace tasks and demanding new skills to cope with 

such transformation. Thereupon, this thesis will focus on the cognitive tasks –both routine and 

non-routine tasks– rather than manual tasks. Bresnahan (1998) identifies cognitive as tasks 

demanding flexibility, creativity, generalized problem solving, and complex communications. 

This thesis defines task as routine if it can be accomplished by machines following explicit 

programmed rules as explained by Autor et al. (2001), in such a way, if a task requires 

methodical repetition with standard procedures, it can be performed by a machine. The latter 

mentions that a problem that arises with many commonplace manual and cognitive tasks, is that 

the procedures for accomplishing them are not well understood. On the other hand, non-routine 

tasks as explained by Polanyi (1967) are tasks for which the rules are not sufficiently well 

understood to be specified in computer code and executed by machines. According to Pinker 

(1999) the challenge in such tasks is that it requires visual and motor processing capabilities to 

be described in terms of a set of programmable rules. However, I believe that the latest 

advancements in machine learning techniques; such as computer vision and voice recognition 

may change the influence of computerization on non-routine cognitive tasks. The relationship 

between industry computerization and rising input of non-routine interactive and analytic tasks 

is economically large in each of the three most recent decades expresses (Autor et al., 2001). 
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For the aim of this thesis, I use the routine and non-routine cognitive tasks as a framework to 

map how AI capabilities could interact with human labor input in performing a specific task. 

Autor (2001) states that computer technology substitutes for workers in performing routine 

tasks that can be readily described with programmed rules, while complementing workers in 

executing non-routine tasks demanding flexibility, creativity, generalized problem-solving 

capabilities, and complex communications (Exhibit 1). The latter suggests a notable pattern that 

the relationship between computerization and industry task change tends to become larger in 

absolute magnitude with each passing decade. Considering AI as one of the latest trends of 

computerization, we could expect a rising relationship between AI implementations and task 

change. This thesis claims that such change is mostly expected to influence the human input of 

routine and non-routine cognitive tasks; through an action research I aim to discover these 

relations. 

Exhibit 1: A generic task-based model (cognitive) 

 

 
Source: Developed by the thesis author based on Bresnahan (1998) statement  

 

2.1.2. Human Competences Models 

To start with, I must identify the term competence; White (1959) identifies the term competence 

with personality characteristics associated with superior performance and high motivation. 

Postulating a relationship between cognitive competence and motivational action tendencies, 

White defined competence as an ‘effective interaction (of the individual) with the environment’ 

and argued that there is a ‘competence motivation’ in addition to competence as ‘achieved 

capacity’ (as cited in Le Deist & Winterton, 2005).  

One-dimensional frameworks of competence are inadequate and are giving way to multi-

dimensional frameworks claims (Hunter, 1986). Due to the latest advancements in AI, I argue 

that a framework based on cognitive abilities is useful in identifying the combination of 

competences that are necessary for the emergent jobs susceptible to AI integrations. Hamel & 

Prahalad (2007) defined core competence as; the collective learning in the organization, 

especially how to co-ordinate diverse production skills and integrate multiple streams of 

technologies. Scarbrough (1998) explain that the advantage of the core competence approach 

is that it recognizes the complex interaction of people, skills and technologies that drives firm 

performance and addresses the importance of learning and path dependency in its evolution. In 

addition, the pace of technological innovation in products and processes, along with 

demographic change, has increased the importance of adaptive training and work-based 

learning (Le Deist & Winterton, 2005). For this reason, the development of an appropriate 

typology of competence is important for integrating education and training, aligning both with 
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the needs of the labor market and promoting mobility for individuals mentions (van der Klink 

& Boon, 2002).  

The use of generic competences has lived alongside the strategic approach to core competence 

(Le Deist & Winterton, 2005). The link between core competence and generic competences is 

made through competence modelling and competence assessment. Competence modelling is 

used to identify the critical success factors driving performance in organizations (Lucia & 

Lepsinger, 1999). For the purpose of this thesis the focus is to identify a generic framework for 

competences (competence modelling) and not to determine the extent to which individuals 

master these critical competences (competence assessment). I believe that once these generic 

competences are well identified, strategic actions can be taken to support learning and 

development of skills for the individuals within the organization. A competence framework is 

a descriptive tool that identifies the skills, knowledge, personal characteristics, and behaviors 

needed to effectively perform a role in the organization and help the business meet its strategic 

objectives describes (Lucia & Lepsinger, 1999). Below I present two different approaches to 

competence typologies; the behavioral and functional approaches. 

First, the Behavioral Approach; measures of competence were developed as an alternative to 

using traditional tests of cognitive intelligence because these were held to be poor predictors of 

job performance (Le Deist & Winterton, 2005). McClelland (1998) suggest that competence 

captures skills and dispositions beyond cognitive ability such as self-awareness, self-regulation 

and social skills. Competences are fundamentally behavioral and, unlike personality and 

intelligence, may be learned through training and development (Le Deist & Winterton, 2005). 

McClelland/McBer job competence assessment (JCA) methodology have developed four 

scoring systems each measuring a specific competence; Achievement Motivation, 

Achievement Orientation, Analytical Thinking, and Conceptual Thinking. In my thesis, I take 

a task-based approach (see section 2.1.1.), therefore, I will exclude explaining the 

Achievement Motivation and Achievement Orientation; as those two competences are more 

concerned with self-awareness and self-regulation rather than competences related to task 

performance. Here, I will elaborate more on Analytical Thinking  and Conceptual Thinking, 

since these two competences fall within the scope of my study. Spencer & Spencer (1993) 

describe the latter two competences as follow. Analytical Thinking; understanding a situation 

by breaking it apart into smaller pieces, of tracing the implications of a situation in a step by 

step way. It includes organizing the parts of a problem, situation, etc., in a systematic way; 

making systematic comparisons of different features or aspects; setting priorities on a rational 

basis; identifying time sequences, causal relationships or If Then relationships. Conceptual 

Thinking; the ability to identify patterns or connections between situations that are not 

obviously related, and to identify key or underlying issues in complex situations. It includes 

using creative, conceptual or inductive reasoning. 
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Second, is the functional approach; Cheetham and Chivers (1996) developed a holistic model 

of professional competence, comprising five sets of inter-connected competences. Those five 

dimensions of competence framework as described in Le Deist & Winterton (2005) are: first, 

cognitive competence, including underpinning theory and concepts, as well as informal tacit 

knowledge gained experientially. Knowledge (know-that), underpinned by understanding 

(know-why), is distinguished from competence. Second, functional competences (skills or 

know-how), those things that ‘a person who works in a given occupational area should be able 

to do... [and] able to demonstrate’. Third, personal competence (behavioral competences, 

‘know how to behave’), defined as a ‘relatively enduring characteristic of a person causally 

related to effective or superior performance in a job’. Fourth, ethical competences, defined as 

‘the possession of appropriate personal and professional values and the ability to make sound 

judgements based upon these in work-related situations’. Fifth, meta-competences, concerned 

with the ability to cope with uncertainty, as well as with learning and reflection. Since the meta 

competences, include the two dimensions -analytical and conceptual thinking- discussed in the 

behavioral approach by McClelland, I use (Exhibit 2) as generic model for understanding 

human competences. 

Exhibit 2: A model for professional human competences 

 

 
Source: Developed by the thesis author adapted from (Cheetham & Chivers, 1996) 

 

According to Cheetham & Chivers (1996): “Knowledge/cognitive competence” is defined as 

the possession of appropriate work-related knowledge and the ability to put this to effective 

use. The knowledge/cognitive competence is seen as consisting of four constituents: 

- Tacit/practical: this is knowledge linked to, and embedded within, specific functional or 

personal competences.  

- Technical/theoretical: this relates to the underlying knowledge base of the professions, 

including principles, theories, etc. but also includes their application, transfer, synthesis, 

extrapolation, etc. 

- Procedural: this consists of the how, what, when, etc. of the more routine tasks within 

professional activity.   

- Contextual: this is general background knowledge which is specific to an organization, 

industry, sector, etc. 
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Further, “Functional competence” demonstrate the ability to perform a range of work-based 

tasks effectively to produce specific outcomes (ibid). The functional competence is also seen 

as consisting of four constituents: 

- Occupation-specific: this consists of the numerous tasks which relate to a particular 

profession. 

- Organizational/process: this contains tasks of a generic nature (e.g. planning, delegating, 

evaluating, etc.) 

- Cerebral: these are skills which involve primarily mental activity – literacy, numeracy, etc. 

- Psychomotor: these are skills of a more physical nature – manual dexterity, key- board, etc. 

 

In addition, “Personal or behavioral competence” has been defined by the authors as the ability 

to adopt appropriate, observable behaviors in work-related situations. The personal competence 

has two constituents: 

- Social/vocational: these are behaviors which relate to the performance of the main body 

of professional tasks such as self-confidence, task-centeredness, stamina, etc. 

- Intra-professional: these are behaviors which relate mainly to interaction with other 

professionals such as collegiality, adherence to professional norms, etc.   

 

Finally, the “Values/ethical competence” indicate the possession of appropriate personal and 

professional values and the ability to make sound judgments based upon these in work-related 

situations (ibid). Here, the different types of values used by professionals are grouped under 

two constituents: 

- Personal: e.g. adherence to personal moral/ religious codes, etc. 

- Professional: e.g. adherence to professional codes, client-centeredness, environmental 

sensitivity, etc. 

 

Although these core components are separated conceptually, they are not to be seen as boxed 

components. Instead the four core components and their various constituents all interact 

together to produce specific “outcomes”. Outcomes may be of two main types: “macro-

outcomes” and “micro-outcomes”. Macro-outcomes are broad, overall indicators of 

professional performance, on the other hand, micro-outcomes are the ultimate indicators of 

professional competence (Cheetham & Chivers, 1996). These may be the outcomes of very 

specific activities and may only indicate proficiency in a single competence under the functional 

category or small range of personal competences (ibid). The authors suggest that the outcomes, 

of whatever type, may be observed/perceived both by oneself and others, though not perfectly 

by either party (Exhibit 3). 
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Exhibit 3: Provisional model of professional competence 

 
Source: (Cheetham & Chivers, 1996) 

Self-perception of competence leads to reflection, as suggested by (Schön, 2017). Hence, in the 

model, reflection is seen as flowing directly from self-perception of outcomes. The main 

purpose of reflection is to improve professional competence suggests (Cheetham & Chivers, 

1996). In (Exhibit 3) the fully assembled model shows the results of reflection are shown as 

having the potential to feed back into any of the core components and their various constituents, 

or into any of the meta-competences, thus completing the cycle of continuous improvement 

(ibid). Again, it is important to understand that the four core components are in practice 

interrelated at a number of levels (this is illustrated in Exhibit 3 by the sloping, arrowed, lines 

between each of the core components). 
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I argue that the dimensions presented in the latter framework are useful to analyze the future 

skills needed for AI enabled workplaces. Because it goes beyond the cognitive, functional, and 

knowledge competences to the personal and ethical competences. The personal and ethical 

perspectives of competences are very much relevant specially with the current era where data 

protection is becoming very critical. For example, the European Union (EU) introduced a 

General Data Protection Regulation (GDPR); a set of data protection rules for all companies 

operating in the EU, wherever they are based. The rules of data protection aim that; people have 

more control over their personal data and that businesses benefit from a level playing field 

(European Commission, 2018). Therefore, the scope of my thesis covers both the functional 

and behavioral approaches, using a “hybrid” typology of competence introduced by Le Deist 

and Winterton (2005). This will enable me to capture underlying knowledge and behaviors 

rather than simply functional competences associated with specific tasks. In general, my thesis 

takes a multi-dimensional approach by considering knowledge, skills and behaviors/attitude as 

dimensions of competence. 

Le Deist and Winterton (2005) argue that a holistic typology is useful in understanding the 

combination of knowledge, skills and social competences that are necessary for particular 

occupations. First, the competences required of an occupation include both conceptual 

(cognitive, knowledge and understanding) and operational (functional, psycho-motor and 

applied skill) competences. In addition, the competences more associated with individual 

effectiveness are also both conceptual (meta-competence, including learning to learn) and 

operational (social competence, including behaviors and attitudes). The relationship between 

these four dimensions of competence is demonstrated in (Exhibit 4); which forms an 

overarching framework for developing a typology of competence. 

 

Exhibit 4: Typology of competence  

 
  Source: (Le Deist & Winterton, 2005) 
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2.1.3. Artificial Intelligence (AI) Capabilities 

A recent Gallup survey found that 71% of American workers were not engaged or actively 

disengaged from their jobs, while the remaining 29% have jobs that generate flow (Spencer & 

Spencer, 1993). In other words we can assume that those jobs which generate flow are engaging 

jobs. Wilson & Daugherty (2018) claim that AI will enable employees to leave routine tasks 

and work on engaging tasks allowing the employees to tackle other higher value tasks. 

Accordingly, by mapping AI capabilities around human competences, we allow to investigate 

the potential of transforming monotones tasks that lack mental stimulation to engaging tasks 

where human and machine are constantly learning. The introduction of AI to a task does not 

necessarily imply full automation of that task; for instance prediction is only one component 

mentions (Agrawal et al., 2018). To understand the general logic of AI, I find the description 

by Lee (2019) quite helpful. Lee summarizes that the logic of AI lies in three capabilities; its 

ability to recognize pattern, to optimize for a specific outcome/objective, and to take a decision 

(Exhibit 5). (Agrawal et al., 2018) suggests; if the final human element in a task is prediction, 

then once AI can do as well as a human, a decision maker can remove the human from the 

equation. Lee (2019)  suggests that AI can optimize repetitive and routine tasks, but not create 

complex and creative tasks. Thus, this thesis further investigates not only transforming 

monotones tasks that lack mental stimulation to engaging tasks, but also the potential AI has 

on transforming complex and creative tasks.  

 

Exhibit 5: Artificial intelligence (AI) core capabilities 

 
Source: Developed by the thesis author, visualizing learnings from Lee (2019) 

 

A useful process for AI implementations suggested by (Agrawal, Gans, & Goldfarb, 2018) is; 

to start with an objective, then verify the capability of capturing and tracking the data needed 

for analysis. Afterwards, to carry out basic data exploration in order to validate assumptions 

and understandings. Then define a model-building methodology and define a model-validation 

methodology by for example dividing data to training set and test set. Last is to continue 

updating the model.   

 “A human must ultimately make a judgment, but the human can codify judgment 

and program it into a machine in advance of a prediction. Or a machine can learn 

to predict human judgment through feedback. This brings us to the action. When is 

it better for machines rather than humans to undertake actions? More subtly, when 

does the fact that a machine is handling the prediction increase the returns to the 

machine rather than a human also undertaking the action?” (Agrawal et al., 2018, 

p. 170) 
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One could associate physical labor with the manual tasks and cognitive labor with the cognitive 

tasks. Lee (2019) suggests a quadratic graph to visualize physical and cognitive labor. For the 

cognitive labor, Lee uses (optimization based -vs- creative and strategy based) on the x-axis, 

and (highly social -vs- asocial) on the y-axis. In (Exhibit 6) is my own attempt to visualize 

Lee’s perception of AI’s impact on cognitive labor. Quadrant (a) represents that AI can 

complements human by taking over the structured tasks while the human input becomes more 

valuable in the front end of tasks that require compassion. Quadrant (b) represents a complete 

substitution of human in tasks that are structured and doesn’t require compassion. Quadrant (c) 

and (d) suggests that AI and human complement each other in the completion of non-routine 

tasks; where the human has more control over the tasks that require compassion and the AI has 

more control over the tasks that doesn’t require compassion. 

Exhibit 6: Human and AI interactions based on cognitive labor 

 
Source: Developed by the thesis author adapted from (Lee, 2019) 

 

After I have established an understanding of human competences based on routine and non-

routine cognitive tasks, in this part of my literature review I try to shed the light on the latest 

technologies of machine learning; that augment human cognitive abilities. For the purpose of 

this thesis, I limit my investigation to specific potential applications of AI in business rather 

than the Artificial General Intelligence (AGI); that could potentially perform any intellectual 

task a human being is capable of preforming. In (Exhibit 7) find a table with summery 

description of the key AI technologies and terminologies related to machine learning as 

introduced by (Wilson & Daugherty, 2018). The authors suggest a two-step for executives; first 

to lay the foundation for AI by applying automation to routine tasks to free up human potentials. 

The second step is to mediate the relation between human-machine collaboration, which is what 

this thesis is trying uncover. The authors further explain that in comparison to the second 

technological wave which was focused on automation and replacing human jobs, the third wave 

is instead focused on adaptive processes that require collaboration between human and 

machine. Adaptive process; suggest a shift from visualizing process as a collection of linear 

sequential tasks, to instead a network of movable reconnect-able nodes (ibid). 
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Exhibit 7: A brief of current AI technologies and business applications 

Terminology  Category  Description  

Machine Learning (ML) – 
Train algorithms to perform tasks such as making predictions or 

natural language processing  

Supervised Learning ML technique 

Provide both input and desired output. System learns the pattern. 

System is able to give output by only giving it an input. The aim 

is to learn the general rules and predict future outputs using input 

data alone.  

Unsupervised Learning ML technique 
Giving the system unlabeled data and let it discover patterns in its 

own. Discover hidden pattern in the data 

Semi-supervised Learning ML technique 

Falls between Supervised and Unsupervised Learning. It makes 

use of typically a small amount of labeled data with a large 

amount of unlabeled data.  

Reinforcement learning  ML technique 
Train the data toward one specific goal using rewarding and 

punishment system. (play a game). 

Neural network – Processes data similar to a biological system. 

Deep learning  – 

Enabling computers to see, identify and process images. The 

computer must interpret what it sees, and then perform 

appropriate analysis or act accordingly. 

Predictive system  AI capabilities 

Find relationships between variables in historical data-sets and 

their outcome. The relationships are used to develop models 

which will then be used to predict future outcomes. 

Local search optimization  AI capabilities 
Systemically looking for optimum solutions using a range of 

possible solutions (used for problem solving). 

Knowledge Representations  AI capabilities 

Transform real world data to a form that the computer can 

understand and can use to perform complex tasks (such as making 

conversations) 

Expert Systems  AI capabilities 

A system that uses specific knowledge (medical, legal, …etc.) 

combined with rules that dictates how that knowledge is applied. 

The system improves as data/knowledge is added and as rules are 

changed or improved. 

Computer Vision  AI capabilities The ability to understand images and videos. 

Audio and Signal Processing  AI capabilities Analyze voice commands, speech to text, translation…etc. 

Natural Language 

Processing  
AI capabilities Speech recognition, machine translation, and sentiment analysis. 

AI Applications Component  – 
Agents that interact with human via natural language (can be used 

to augment human workers for instance in customer service). 

Collaborative Robots AI applications 
Co-robots that operates at slower speed and use sensors to 

collaborate with human workers. 

Biometrics  AI applications 
Facial and gesture recognition (used for identification and 

verification) 

Intelligent automation  AI applications 
Transform some tasks to machine to complement human workers 

to expand what is possible. 

Recommendation systems  AI applications 
Make suggestion based on patterns (can be used externally toward 

customer, or internally to make strategic suggestions). 

Intelligent Products AI applications Adding intelligence to product design. 

Personalization  AI applications 
Analyze trends and patterns for customer/employee to optimize 

products/tools for individual customers/users.  

Text, speech, image, and 

video analytics 
AI applications 

Uses Text-speech-audio data and creates associations that can be 

used to scale analytical activities. Enable higher level activities 

related to vision and interaction. 

Extended reality AI applications 
Combines AI with virtual, augmented and mixed reality 

technology to training, maintenance, and other activities. 

Source: Developed by the thesis author adopted learnings from (Wilson & Daugherty, 2018) 

https://en.wikipedia.org/wiki/Labeled_data
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Aligned with my research approach the latter authors suggest; to think of AI as an investment 

in human talent first and in technology second. Therefore, a management must value workers 

who are adaptable, entrepreneurial, and open for training to be able and make machine and 

human work together through effective business processes. One key difference between human 

and machine intelligence as explained by Wilson & Daugherty (2018) is that human excel 

where there is no data while AI excels where there is a massive amount of data. To be able to 

leverage the best potentials between human-machine collaboration, we need to understand how 

human helps machines and how machines help human. For the purpose of this thesis, I engage 

in a project for AI implementation to complement human in a cognitive task to be able to 

identify some of those patterns. It is also important to understand the distinction between AI 

and automation. Automation arises when a machine undertakes an entire task, not just 

prediction suggest (Agrawal et al., 2018). Therefore, when I talk about AI, I believe that a 

human is still needed to periodically intervene in the decision-making at least as of this writing. 

2.2. Conceptual Framework for Human-AI Task Interactions 

From the literature reviewed above, I noticed a matching pattern between cognitive tasks and 

human meta competences (Exhibit 8). This indicates that the overlap in: creativity, analysis and 

problem solving, and communication represent the core human competences crucial for the 

execution of cognitive tasks. 

Exhibit 8: Matching cognitive tasks to human competences 

 
Source: Developed by the thesis author 
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2.2.1. Criteria for Evaluation 

The conceptual framework aims at providing guidance and some focus for the explorations. I 

evaluate three of the core human competences horizontally against the core capabilities of AI; 

pattern recognition, optimization, and decision making (Exhibit 9). Accordingly, we will be 

able to identify where the AI can complement or substitute a human core competence when 

executing a cognitive task. Also, this will enable us to map the core AI capabilities around the 

core human competences identified in this thesis, thus answer the research question. For the 

purpose of this thesis I excluded one of the core human competence; communication, as it is 

not applicable for the use-case. Though for future studies I recommend including the 

communication dimension in order to get a true image. The below evaluation criterion uses the 

McClelland/McBer Competence Models (Raven & Stephenson, 2001) as basis for the 

evaluation criterion of creativity, analysis, and problem solving. The level 5 of the scoring 

system for conceptual thinking (Appendix E) was used to evaluate creativity, while the level 4 

of the scoring system for analytical thinking (Appendix F) was used to evaluate analysis and 

problem solving. The levels 5 and 4 demonstrate the highest levels of human competence 

regarding conceptual thinking and analytical thinking. 

 

Exhibit 9: Evaluation criterion for empirical investigation 

 Cognitive Tasks 

  Creativity Problem Solving Analysis 

A
I 
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Pattern recognition 
 

Based on the three 

identified AI core 

capabilities, can AI 

generate new outputs that 

are not obvious and not 

learned from previous 

training or experience to 

explain situations or resolve 

problems? 

Based on the three 

identified AI core 

capabilities, can AI use 

several analytical 

techniques to identify 

several solutions and 

weighs the value of each? 

Based on the three 

identified AI core 

capabilities, can AI use 

several analytical 

techniques to break apart 

complex problems into 

component parts? 

Optimization 

Decision making 

 
Source: Developed by the thesis author 
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2.2.2. The Analytical Processes that Informed the Conceptual Framework  

By assuming that the Occupational and Operational dimensions can be AI dominant; as the 

rules for such dimensions are objective. And by assuming that the Conceptual and Personal 

dimensions are human dominant; as the drivers for those two dimensions are subjective. 

Accordingly, I propose an added layer with human-AI dimension to the earlier Le Deist & 

Winterton (2005) typology of competence (Exhibit 4). As a result, I propose that cognitive 

competences and social competences can be both shared between human and AI, thus, the 

human-AI interaction is seen from different dimensions; occupational, conceptual, operational, 

and personal. On the other hand, the functional competence has a high probability to be 

delegated solely to AI, whereas, the meta competences due to its multi-domain complexity will 

probably remain delegated fully to human as I demonstrate in (Exhibit 10). It’s important to 

mention here that this is an over simplification to cluster and get a basic understanding of where 

human or AI has the highest impact. In reality the competences are inter-connected as I have 

previously shown in (Exhibit 3). This assumption of which I build the conceptual framework 

upon, will be investigated during the action research.    

 

 

 

Exhibit 10: The analytical processes that informed the conceptual framework  

    AI ❖  HUMAN 

  Occupational Personal 

❖
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Cognitive 

Competence 
❖ conceptual 

 occupational 

Meta 

Competence 
❖ personal  

❖conceptual 
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Functional  

Competence 
 occupational 

 operational 

Social 

Competence 
 operational 

 ❖ personal 

 

Source: Developed by the thesis author adapted from (Le Deist & Winterton, 2005) 
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2.2.3. Proposed Conceptual Framework 

The below is a conceptual framework for mapping AI capabilities around human competences 

(Exhibit 11). The framework will be used to map the three cognitive tasks between human and 

AI. In the developed conceptual framework, the cognitive tasks that will be analyzed tests three 

skills; creativity, analysis, and problem solving. The proposed conceptual framework can be 

used to analyze different AI ‘functional’ capabilities; such as computer vision, audio signal 

processing, speech and optimization, speech to text, natural language processing, and predictive 

systems. Due to the limited resources and time limitation of this thesis study, I will examine 

this conceptual framework with one of the AI capabilities; predictive systems to understand the 

implications of human machine interaction and its influence on skills and the way we delegate 

tasks to either human or machine. In the suggested conceptual framework, I use the four sub-

components of human competences; i.e. cognitive, functional, behavioral, and ethical 

competences in a vertical dimension to map the different typologies of competences proposed 

by  (Le Deist & Winterton, 2005). 

 

 

Exhibit 11: Proposed Conceptual Framework 

  Cognitive Tasks    

 

 Creativity Problem Solving Analysis 
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n
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Knowledge: 

Know-that 

❖ conceptual 

 occupational 

❖ conceptual 

 occupational 

❖ conceptual 

 occupational 

Human  

and AI 
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n
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Understand:  

Know-why 

❖ conceptual 

 occupational 

❖ conceptual 

 occupational 

❖ conceptual 

 occupational 

Human  

and AI 

Functional: 

Know-how / skill 

 occupational 

 operational 

 occupational 

 operational 

 occupational 

 operational 
AI 

Personal: 

Know how to 

behave 

 operational 

 ❖ personal 

 operational 

 ❖ personal 

 operational 

 ❖ personal 

Human  

and AI 

Ethical: 

Values / 

Judgements 

 operational 

 ❖ personal 

 operational 

 ❖ personal 

 operational 

 ❖ personal 

Human  

and AI 

 

Source: Developed by the thesis author                                                                   ❖ Human    AI  

 

 

❖ Conceptual : Tasks that include the generation of new outputs that are not learned previously. 

❖ Personal : Tasks that require judgment based on personal preferences, and ethical considerations.  

 Occupational : Tasks that require knowledge from a specific domain such as medicine, law…etc. 

 Operational : Tasks that consists of processing and optimizing data whether the data are images, speech, or text. 
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3. METHODOLOGY 

This chapter presents the stakeholders and explains the methodology chosen for conducting 

this research. The research strategy and research design are motivated and the overall actions 

are described. In addition, I present how the empirics have been gathered and how the analysis 

has been performed. In the end, I will also try to answer how the concepts of validity and 

reliability were handled throughout the study.  

3.1. Research Strategy 

Merriam (2016) have identified four characteristics of qualitative research: the focus is on 

process, understanding, and meaning; the researcher is the primary instrument of data collection 

and analysis; the process is inductive; and the product is richly descriptive. However, rather 

than taking an inductive approach as suggested by Merriam (2016), I instead adapt an abductive 

approach. The creative germ of a promising (but often half-baked) conjecture is typically 

created through a process of abductive reasoning to resolve an anomaly observed in the world 

as suggested by (Van de Ven, 2007). The process of this thesis is abductive, I gather data to 

build concepts, hypotheses, or theories, thus, the framework is informed by what I inductively 

learn in the field and learn from literature. 

The study aims at improving the quality of practice in the workplace by facilitating change due 

to the emerging advancements in AI. Patton (1985) defines qualitative research as an effort to 

understand situations in their uniqueness as part of a particular context and the interactions 

between them (as cited in Raven & Stephenson, 2001). Taking a qualitative approach helps in 

getting a deeper understanding of such context. To get this understanding and facilitate change 

we need to involve many stakeholders in the research process itself. Accordingly, I find 

appreciative inquiry –which is one type of action research– a suitable approach for conducting 

this study. According to Cooperrider, Whitney, & Stavros (2008) an appreciative inquiry is 

often used in organizational settings to tell stories of what is positive and effective in those 

organizations, to facilitate innovation rather than focusing on problems. The authors state that 

appreciative inquiry interventions focus on the speed of imagination and innovation instead of 

negative, and critical diagnoses often used in organizations. In addition, Cooperrider et al. 

(2008) distinguish the types of action research in light of Habermas’s three types of knowledge; 

Technical action research guided by an interest in improving control over outcomes; Practical 

action research guided by an interest in educating or enlightening practitioners so they can act 

more wisely and prudently; Critical action research guided by an interest in emancipating 

people and groups from irrationality, unsustainability and injustice. I consider this thesis a form 

of what (Kemmis, 2016) described as; practical action research i.e. my interest is in educating 

or enlightening practitioners so they can act more wisely and prudently. 

For the purpose of this thesis, I follow the principles of action research as mention in (Merriam, 

2016). The focus is on a problematic situation in practice, namely the AI influence on the 

workplace tasks and human competences. The design of the study is emergent, typically unfolds 

through a spiral cycle. For this part I use the 4D model from the appreciative inquiry: discovery, 

dream, design, and destiny (Kemmis, 2016). The discovery, dream, design, and destiny model 

links the energy of the positive core to change. I engage multiple stakeholders, where the 
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research is not done on participants, instead with participants. Both industrial partners; the case 

company and Futurice are actively engaged in the process from the early stages of this thesis. 

Regarding positioning, I consider myself as an outsider to the community under study where I 

collect and analyze multiple forms of data in a systematic way. 

From a practical perspective, I will engage in real business context by co-defining a business 

use-case related to AI implementations with industrial partners, while documenting what 

happens when co-defining and co-creating solution for the identified business use-case. As 

Merriam and Tisdell (2016) stated, the results and the unfolding process are continually 

documented, making apparent what innovations arise when organizations focus on sharing 

positive appreciative stories among its members. I plan to address a particular, localized 

problem at the use-case company, to better understand the influence of AI implementations on 

skills and workflows. I begin by hypothesizing that the latest advancements in artificial 

intelligent technologies can be an underlying cause for a possible shift in the human 

competences needed in futuristic workplaces. 

Here I discuss the ontological perspective; i.e. my own orientation about the nature of reality. 

The study assumes that the reality is objective, external, and out there, and I use 

experimentations to unfold about the truths. From the epistemological perspective, my study 

perceives knowledge as relative rather than absolute, I embrace a post-positivism point of view. 

As cited in Merriam (2016) Patton claims that it is possible, using empirical evidence, to 

distinguish between more and less plausible claims. Merriam (2016) summarizes that the 

purpose of a positivist orientation is to predict, control, and generalize, however in this study I 

am not attempting to particularly predict what may happen in the future, but to understand the 

nature of that setting. As of this writing, if we look at today’s mainstream discussions about AI 

and its influence in the future of humanity we hear contradicting philosophical perspectives. In 

one hand, we have Stephen Hawking who fears that AI may replace humans altogether and 

Elon Musk who suggests that AI  poses a fundamental risk to the existence of human 

civilization (Brown, 2017). On the other hand, we have Stuart Russell the founder of the Center 

for Human-Compatible Artificial Intelligence (CHAI) and a professor at UC Berkeley. 

Russell’s perspective on AI is to keep human at the center of the machine’s attention always in 

control and empowered. The work presented in the thesis leans more towards Russell’s 

perspective of Human-Compatible Artificial Intelligence. 

“CHAI's goal is to ensure that this eventuality cannot arise, by refocusing AI away 

from the capability to achieve arbitrary objectives and towards the ability to 

generate provably beneficial behavior. Because the meaning of beneficial depends 

on properties of humans, this task inevitably includes elements from the social 

sciences in addition to AI.”(CHAI, n.d.) 

Besides those two, we have Ray Kurzweil who advocates for the singularity point of view. The 

singularity claims that we will be able to transcend the limitations of our biological bodies and 

brains, gain power over our fates, and fully understand human thinking (Kurzweil, 2010). The 

latter suggests that by the end of this century, the non-biological portion of our intelligence will 

be trillions of trillions of times more powerful than unaided human intelligence. 
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3.2. Research Design 

The research design emerges over time, as I engage with stakeholders in the field. Together we 

decide on next steps in working toward coming up with a solution to the co-identified use-case. 

The point here is that in action research studies, the research design continues to unfold as 

researcher and participants collect and analyze data and make decisions for the next phase of 

the study (Merriam, 2016). Accordingly, I take a co-productive approach were the stakeholders 

are engaged at every phase of the study. As a student researcher I see myself as an outsider 

collaborating with insiders. The insiders are mainly; the participants from the case company; 

whom the action research will have a direct impact upon, and a data scientist from Futurice who 

is seen as an expert in machine learning and can provide know-how and validate technical 

inputs.  As Merriam (2016) suggests if one is a complete outsider, it is important to try to 

collaborate with insiders of an organization to be able to engage more authentically with 

participants who have a vested interest in improving their practice. Stringer (2014) suggests 

that active participation is a key to feelings of ownership which could motivate people to invest 

their time and energy to help shape the nature and quality of the acts in which they engage.  

 

3.2.1. Research Setting 

My thesis takes a collaborative approach and is done in collaboration with two industrial 

partners the case company in Eskilstuna, and Futurice in Stockholm. The case company is a 

major international company that develops, manufactures and markets equipment for 

construction and related industries. For the aim of this research thesis, the collaboration is done 

with the Brand Marketing and Communication Department. There are five divisions under that 

department; Brand Management, Digital Marketing, Project Management, Content, and 

Delivery. I collaborate precisely with the Digital Marketing team; the team consists of 

approximately 7 employees located mainly in Sweden and is the core team responsible for the 

global digital marketing. In this study, the case company is seen as the context of my empirical 

study where I conduct the action research. The main role of the company is to provide a use-

case that is relevant for the objectives of this study. Futurice is the second industrial partner; a 

digital innovation and engineering consultancy. The agency helps its clients to become future 

capable by transforming company’s cultures, co-creating digital strategies, and turning tech into 

business (Futurice, 2019). The position of Futurice in this study is to provide know-how of 

Artificial Intelligence (AI) capabilities, take part of the ideation for the use-case provided by 

the case company, and provide a proof of concept after ideation. My position as a student 

researcher in this study is to bring the gap between change processes and research by linking a 

practice-based problem from the industry to findings from the academia and investigating ways 

to facilitate change processes.  

This research takes a co-productive approach; a collaboration between me; a master student of 

innovation and design management from Mälardalen University in collaboration with two 

industrial partners. The main partner the case company; a leading international manufacturer of 

construction equipment, with over 14,000 employees. The company is selected because of its 

interest in innovation and its human centric vision. Taking into consideration that the company 

is one of the leading companies when it comes to autonomous vehicles and trucks, which makes 

it an interesting context of this study. This thesis claims that there is a lack of AI applications 
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within the workplace context itself as opposed to the application of AI to products/services. I 

assume that this lack is due to the absence of a clear understanding of how AI can complement 

our general human competences. Therefore, I am also collaborating with Futurice, a consultant 

agency with AI experts, who can provide valuable insights to the topic under study. Gaining 

insights from both industrial perspectives definitely enriches this study, therefore, the majority 

of data collection gained from both perspectives will form the base of the thesis findings.  

While I engage in a practical context by collaboratively with the industrial partners formulating 

a use-case relevant to the researched topic, I experiment with ways to bridge the gap between 

practitioners and AI experts. To facilitate this collaboration, I consult with the literature as the 

action research unfolds and new questions arise. My claim that mapping AI capabilities around 

human competences are important for leveraging the power of both the individuals and the 

technology itself. Therefore, I am convinced that uncovering about the nature of interactions 

between human and AI which could support their future collaboration is definitely a valuable 

contribution to the field of innovation and design. As technology itself is increasingly 

influencing innovation and design, I choose to take a human-centric approach to further 

understand its influence on human performance to unleash their creativity, problem solving, 

and analysis skills. 

 

3.2.2. The Use-case 

The context of the use-case is limited within the range of the case company websites. The 

company has around 125 websites, each catering for a specific market around the world. The 

websites content is mostly informative and contains a catalog of the available products, but a 

visitor cannot purchase the product online. However, one important asset that all 125 websites 

share in common, is the contact form which enables the company to measure their conversion 

rate. When a visitor submits a contact form, this is considered the closest behavior to 

conversion. So, the use-case was formulated accordingly. A prediction system was developed 

to predict visitors who will convert (i.e. submit form) based on the historical navigation 

behavior of the visitor (within the company’s website). To achieve this, a machine learning 

model has been prototyped to predict if a visitor will convert (i.e. submit a form) or not (i.e. not 

submit a form). The training data that was selected to train and test the machine learning model 

consists of the historical data of each visitor’s behavior over the period of 16 months, with about 

4000 visitors that didn’t convert and almost 1000 visitors that did convert. The machine learning 

model was giving historical data of visitor’s navigation behavior when they visited the company 

website. Every visitor has a unique identification number so it is possible to track each visitor’s 

behavior whenever they visit the site. The historical data existed of multiple behavioral 

dimensions for each unique visitor which include among others: the total number of visits, the 

number of organic and paid visits, the number of visits in weekends and weekdays, the number 

of page views per page (for example: About us, Product, or Services), the number of visits from 

mobile or desktop browsers, in addition to other historical data dimensions.  

 

The use-case is explorative in nature and the aim was to explore if an AI prediction system will 

be able to predict conversions correctly, based on the given historical data mentioned above. 

Today, this data is huge and it changes rapidly, and it will be a very difficult task for a human 
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to identify patterns that might exist within the historical data to predict if a visitor is most likely 

to convert or not. Using the historical data over the period of 16 months, the model was able to 

predict correctly with around 70-80% accuracy rate.  

 

The results are presented here and not in the results chapter because these are secondary 

consequences/results; not core to the research question. This use-case demonstrates one of the 

AI capabilities namely predictive systems, therefore, the findings of this thesis is limited to this 

precise capability. At the end of the study, I elaborate more on how other AI capabilities can be 

explored using the framework suggested in this study. 

 

3.2.3. Research Process 

This action research was structured in four phases following the appreciative enquiry 4D model. 

Through the discovery phase I used pilot interviews as a method to empathize and engage 

stakeholders. In the dream and design phase I used semi-structured interview meeting and 

workshops as methods to generate use-cases and prototype concepts, followed by follow-up 

meetings covering the destiny phase. The research started with pilot meetings with stakeholders 

to re-frame the topic and make sure it captures a pain point for the industry while at the same 

time contributes to academia. After careful considerations the topic was co-formulated with the 

collaboration between me and the industrial partners. Thereafter, I start mapping relevant 

theories and literature connected to the overall need for the research topic. Afterwards, a serious 

of semi-unstructured interviews-meetings were conducted and two workshops were designed 

and conducted to fit the need for answering the research question. The first workshop aimed at 

generating use-cases relevant to the researched topic and the second workshop aimed at 

prototyping concepts to solve a pre-selected use-case (see section 3.2.2) that has been generated 

from the first workshop. As the study emerges, new theories were added as I go back and forth 

between theory and empirical findings. (Exhibit 12) demonstrates the iterative nature of this 

thesis’s research process.  

Exhibit 12: Iterative research process 

 

Source: Developed by the thesis author 
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3.3. Data Collection Methods 

In qualitative studies, data are collected through interview meetings and observations from 

workshops; what questions are asked and what is observed are deemed relevant will depend on 

the disciplinary theoretical framework of the study (Stringer, 2014). In the below sections I 

explain the methods used in this thesis study in relevance to two parallel process; primary and 

secondary data collection. Instead of following a linear process, I adapted an iterative approach; 

where the data collection, and semi-analysis/reasoning started early in the process, in parallel 

with the development of the conceptual framework. As suggested by (Van de Ven, 2007) 

iterative cycle tends to follow a temporal sequence of theory conception, construction, and 

evaluation activities using abductive, deductive, and inductive reasoning, respectively.  

 

3.3.1. Primary Data Collection 

Pilot meetings 

The selection of pilot interviews as a starting point for my action research is motivated by the 

co-productive approach of this thesis. Both industrial partners were introduced to the thesis 

initiative and were presented with a short brief about the research interest. These consisted of 

two pilot meetings; one with Digital Marketing Manager at the case company, and the other 

with two partners from Futurice; a Data Scientist and Head of Operations. Those meetings 

resulted mainly in refining the research question and the selection of a dedicated team from 

both industrial partners to be involved throughout the progression of this thesis. Accordingly, 

more participants were involved later in the process depending on the emerging needs 

throughout the action research. The individuals were selected based on their competences 

relevance, to make sure that we were focusing on the right persons. The data collected in this 

stage of the data collection process reinforced the creation of preliminary themes that influenced 

the following steps of data collection.  

Semi-structured interview meetings 

Due to the exploratory nature of this thesis, semi-structured interviews (Exhibit 13) were used 

as one of the primary methods for data collection. This type of interview is guided by a list of 

questions or issues to be explored, and neither the exact wording nor the order of the questions 

is determined ahead of time (Merriam, 2016). Based on a preliminary literature review along 

with pre-identified focus from the pilot meetings, relevant themes were highlighted during the 

interviews. This approach enabled the rise of unpredicted insights which on one hand enabled 

a broader coverage of the problem area. The interview guide for each of the interviews took a 

thematic approach based on the emerging needs. Themes were presented in a slide-show to 

guide as a base for discussion rather than setting a rigid question guide. My aim behind using 

this method is to understand the subjective opinions of participants and the influence of AI on 

their everyday work. Since my own knowledge about the technical aspects of AI is limited, the 

collaboration with a data scientist helped validate technical assumptions. 
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Exhibit 13: List of interviews 

Position Company Time Date Theme Phase 

A. Marketing Manager 
Case 

company 
45min Jan 31, 2019 Explore workplace tasks/challenges   1. 

Discovery 
B. Data Scientist  Futurice 35min Feb 14, 2019 Discussion about AI capabilities 

C. Marketing Manager 
Case 

company 
53min Mar 11, 2019 Use-case Formulation  2. 

Dream 
D. Data Scientist  Futurice 38min Mar 14, 2019 Use-case Feedback 

E. Web Analyst 
Case 

Company 
40min Apr 17,2019 Solution Implementations Discussion  4. 

Destiny 
F. Data Scientist  Futurice 40min Apr 16,2019 Proof of Concept (PoC) 

Note that; (phase 3: Design) is represented in a form of two workshops between the meetings 

  

Follow-ups 

Each of the themed interviews mentioned above were concluded with objective and follow-up 

actions. These actions were then assigned to either me or the industrial partners based on 

relevance, to achieve the desired objective. The first two meetings (A-B) actions were mainly 

assigned to me, to explore literature and come up with a mapping method to facilitate the 

exploration of current business challenges where AI applications can help resolve these 

business challenges. The second two meetings (C-D) actions were assigned to the industrial 

partners: the case company to suggest use-cases relevant to the thesis and business need, and 

Futurice; to assist with the validation of AI applicability to the suggested use-cases. 

Accordingly, one of the three suggested use-cases (Appendix A) was selected and relevant 

stakeholders were identified to participate in a follow up workshop.  The third two meetings 

(E-F); these two meetings happened after the second workshop where we prototyped a machine 

learning predictive system. In this phase actions were mainly assigned to Futurice to build a 

proof of concept (PoC); a PoC is a software build that will be discarded once it has been able 

to demonstrate that the concept that is being tested has been proven (Burgess, 2018). Burgess 

further explain that PoCs will probably not go into live production, and will use non-live 

‘dummy data’. He suggests that PoCs are usually carried out to test the core assumption (e.g. 

we can automate this process using this data set) but are also useful to manage stakeholder 

expectations. Also, a complimentary action was assigned to the case company to provide the 

data necessary for building the PoC. 

Workshops  

The purpose of using workshops as a method in my thesis was to engage relevant stakeholders 

and get a deeper understanding of not only the business context, but also understand the 

competence of those who were involved in my study. Accordingly, a series of two workshops 

were conducted. The workshops were designed following the ISO 13407 standard  for human 

centered design from (International Organization for Standardization., 1999): the active 

involvement of users for a clear understanding of their behaviour and experiences; the search 

for an appropriate allocation of functions between people and technology; the organization of 

iterations, within a project, of conducting research and generating and evaluating solutions; and 

the organization of multi-disciplinary teamwork. 

 



 

 37 

The first workshop was designed to generate a number of cognitive routine and non-routine 

tasks see (Appendix B). Six participants took part in the 3-hours workshop, the participants 

were from different divisions within the Brand Market and Communication Department at the 

case company. Three of the participants worked in strategic level positions, while the other 

three worked in operational positions. The involvement of multi-disciplinary teams helped in 

including different perspectives. The participants were selected based on their availability. 

First, participants were asked to individually write their own routine and non-routine cognitive 

tasks; where each task is written in separate sticky note. Participants were motivated to use their 

own to-do list to start generating possible tasks. In this phase of the workshop the aim was to 

focus on quantity over quality and generate as many tasks as possible. To facilitate this 

workshop, a canvas was designed by me; the author of this thesis (Appendix C). After the task 

generation, participants were asked to put all routine cognitive tasks in the AI only category of 

the canvas, while non-routine cognitive tasks were placed in the human only category of the 

canvas. Then in two groups of three, participants were asked to review all the generated task 

collaboratively and vote and put star beside the task that they believe can be only performed by 

human or only by machine. The evaluation criterion was totally subjective to the participant’s 

own speculation, knowledge, and understanding. The aim was to test the assumption; that non-

routine cognitive tasks can be solely performed by human, while the routine cognitive tasks can 

be solely performed by machines. Also, the marked posted with starts will allow us to track the 

posted as we go further in the workshop process. Phase two of the workshop was to discuss the 

possibilities where human needs the help of machine or where machine need the training from 

human or both ways. Participants were asked to move those tasks to the middle space of the 

canvas and place it accordingly. Last but not least, participants were asked to choose one to 

three tasks from the middle space where both human and machine are needed to get the job 

done and move it to the lower box of the canvas. The criteria for selecting the task, could be 

chosen based on business objectives, feasibility, value creation, or readiness. (It’s important to 

clarify that two participants -one strategic and one operational- joined in the middle of the 

workshop, so only four participants took part of the task generation phase while the other two 

joined later and took part of the voting and selection processes). This first workshop resulted in 

the following output (Exhibit 14). The results are presented here and not in the results chapter 

because these are secondary consequences/results; not core to the research question.  

Exhibit 14: Workshop 1 task generation output 

Cognitive Tasks Group A Group B 

Routine  
29 Routine Tasks 

(of which 22 tasks believed to be fully an AI task) 

22 Routine Tasks 

(of which 8 tasks believed to be fully an AI task) 

Non-routine  
33 Non-routine Tasks 

(of which 1 task believed to be fully human task) 

18 Non-routine Tasks 

(of which 3 tasks believed to be fully human task) 

Total routine  
51 Routine Tasks 

(of which 30 tasks are believed to be fully AI task) 

Total Non-routine  
51 Non-routine Task 

(of which 4 tasks are believed to be fully human task) 

 

Source: Developed by the thesis author 
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For the 51 generated routine tasks, we can conclude that the probability of full AI-optimizations 

for the generated routine tasks: 58.8%. For the 51 generated non-routine tasks, we can conclude 

that the Probability of partial AI-complementation for the generated non-routine tasks: 92.1%. 

The latter result motivates that most of the current workplace tasks today -at least at the brand 

market and communication department at the company- have a high probability of AI 

integrations which on the other hand raises the interactions between human and AI. The focus 

of understanding the nature of that interaction is to be investigated in the second workshop. 

Between the two workshops, two interview meetings were conducted with both Futurice and 

the case company as shown in interview meetings C-D in (Exhibit 13).  In the interview 

meeting, the outcome from the first workshop was discussed, and three AI use-cases where 

negotiated between me, the data expert from Futurice, and the case company. See the use-case 

in (section 3.2.2). As a result of these negotiations predictive systems were selected as a suitable 

AI capability for the use-case. 

Accordingly, the second workshop was designed to facilitate the implementation of predictive 

systems. An AI tool developed by (Agrawal et al., 2018) was chosen as a main tool to mediate 

the collaboration between the data expert from Futurice and the practitioners from the case 

company. Refer to the tool in (Appendix D). Four participants attended this 3-hours workshop; 

this time the multi-disciplinary team were selected accordingly: a strategic manager to evaluate 

business objectives; a web analyst who is the domain expert; and a project coordinator who 

works cross-functionally, and a data scientist who is expert in machine learning. My role was 

to facilitate the workshop and make sure that a prototyped is delivered by the end of the 

workshop. During the workshop a predictive system was prototyped to fit the need for the 

identified use-case from the first workshop. The output is to be evaluated based on the 

perspective of both minimizing time spent on task and accuracy of prediction. As a conclusion, 

the members were engaged in a casual discussion about the role of human versus the role of 

AI. To collect insights from this workshop; the process was recorded to be analyzed against my 

conceptual framework.  

 

3.3.2. Secondary Data Collection 

Literature review  

The literature review consists the majority of the secondary data collection. The review of 

literature was used as a tool for data collection to build a conceptual framework and answer the 

needs of the action research as it evolves. The literature structure emerged based on feedback 

from the pilot meeting and interviews. The plan is to create a sufficient foundation for the 

theoretical framework which enables the creation of a conceptual framework. In addition to 

literature review, recent consultancy reports have been used to highlight and concepts 

concerning this thesis study. It’s important to highlight here that some resources and models 

are given a majority of the space and which formed the basis of this thesis. Most of these reports 

share a positive mindset when it comes to AI’s influence, and together with my approach may 

result in a positive bias. Therefore, it was important to be aware of this a positive bias, and 

instead adapt a critical mindset while collecting the data and during the interviews. 
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Observations 

During the duration of this thesis which was approximately 4 months, I worked closely with 

the team of digital marketing department at the case company. This opportunity allowed me to 

observe the current business challenges that may influence the use-case. In addition, it allowed 

closer observation of the influence of the use-case on work, workers, and the workplace. 

3.4. Data Analysis  

The conceptual framework is used as a structured way of analyzing and contrasting the 

empirical findings. The data was analyzed continuously during the data collection, emergent 

findings were combined and matched as they were observed throughout the duration of this 

action research. Recordings of the interviews allowed for a more straightforward process in 

transcription and provided an overall more validity to the study.  

SWOT Analysis 

First, the traditional strategic SWOT (Strength, Weaknesses, Opportunities, and Threats) 

analysis has been used to drive meaningful insights from the empirical data collected 

throughout the interviews and workshops. Although the appreciative inquiry approach suggests 

an alternative analysis approach; SOAR (strengths, opportunities, aspirations, results) to 

liberate us to focus on what really matters and the future of people and organization argues 

(Cooperrider et al., 2008). I believe for the purpose of analyzing the findings of this thesis from 

a research level SWOT analysis is more suitable. Because it will enable us to highlight the 

weakness of human competences and the threats that the AI may put us through, and therefore 

get a better evaluation of the holistic view of human-AI collaboration. Thus, I fragment those 

forces into internal and external variables using the SWOT format to analyze strengths, 

weakness, opportunities, and threats (Exhibit 15). 

Exhibit 15: SWOT Model 
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Source: Developed by the thesis author       
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Pattern Matching  

Afterwards, I use pattern matching; which involves an attempt to link a predicted pattern that 

is derived from theory, with an observed pattern explains (Sinkovics, 2018). In my case, the 

patterns are the conceptual, operational, occupational, and personal dimensions. If there is a 

match, and the patterns coincide, then the initial proposition is confirmed, and the internal 

validity of the research is strengthened. This qualitative method involves the comparison of a 

predicted theoretical pattern with an observed empirical pattern mentions (Sinkovics, 2018). 

Sinkovics explains that pattern matching aims at externalizing implicit mental models and 

assumptions as much as possible (Exhibit 16). While it is not possible to identify every aspect 

of our mental models, the conscious application of pattern matching can improve the way we 

execute the design, implementation, and documentation of studies that satisfy the double hurdle 

of rigour and relevance argues (Pettigrew, 2001). In addition, (Oppenheimer, 1956) argues that, 

because scientific theories aim at explaining objects that are external to the theorist, and because 

all knowledge is indirect, pattern matching happens at many stages and iteratively. The process 

of pattern matching can be divided into two realms, that is, a theoretical realm and an 

observational realm (Trochim, 1989). First the theoretical realm: “This initial theorising 

process may have many sources (Trochim 1989). It may come from a formal process of 

theorising (e.g. Weick 1989), it might be based on the ideas or hunches of the investigator 

(Trochim 1989) and/or on the perspectives of stakeholders of the investigated phenomenon 

(Marquart 1990), or it might be a combination of these.” mentions (Sinkovics, 2018, p. 5). On 

the other hand, the empirical realm data can also come from many sources, such as observations, 

field notes, interviews, documents, surveys, etc mentions (Trochim, 1989). 

Exhibit 16: Pattern Matching 

 
Source: (Sinkovics, 2018) 
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3.5. Research Quality 

My research topic is experimental in nature; therefore, I pay careful attention to the design of 

the research by using previously well-developed theoretical concepts to achieve trustworthy 

results. Qualitative research is based normally on different assumptions, which makes the 

concepts of validity and reliability very important. In fact,  Lincoln and Guba (1985) suggest 

the alternatives; Credibility, transferability, dependability, and confirmability—as substitutes 

for internal validity, external validity, reliability, and objectivity (as cited in Merriam, 2016). 

In this thesis, I achieve this by applying standards accepted by the scientific community. I 

precisely, find the Tracy’s (2013) criteria for conducting qualitative research very valuable:  

 

“Her eight criteria are that the research (1) be on a worthy topic; that it be conducted with (2) 

rich rigor and (3) sincerity—that is, transparency of methods—and (4) credibility; that the 

research (5) resonates with a variety of audiences and (6) makes a significant contribution; (7) 

that it attends to ethical considerations; and finally, (8) that the study have meaningful 

coherence; that is, “meaningfully interconnects literature, research, questions/foci, findings, 

and interpretations with each other” (p. 230).” (as cited in Merriam, 2016). 

 

As explained earlier, this thesis takes a qualitative approach which eventually puts the 

researcher him/herself in a primary position. While the researcher is the main instrument of 

data collection and analysis, it is important to be aware of the researcher’s potential influences 

and biases that can have an impact on the study. Therefore, I use the theoretical chapter as a 

background to guide my findings and reduce biases. The research approach establishes how 

theory and empirical findings are combined and analyzed to create the best explanation of the 

investigated reality (Patel, 2003). By analyzing my findings through the proposed conceptual 

framework informed by theory, I can justify how they may be shaping the collection and 

interpretation of data.  

 

My original claim which influenced the pursing of this thesis topic –that mapping AI 

capabilities around human competences are important for leveraging the power of both the 

individuals and the technology itself– may influence the collection of data and the choice of 

literature review specially when taking an abductive approach. This may cause the production 

of an analysis that corresponds too closely to a particular set of data and may disregard 

additional data important for predicting future observations reliably. Regardless of that, this 

doesn’t negate with the purpose of my research question which is to map AI capabilities around 

human competences.   
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4. RESULTS 

This chapter aims first at analyzing the collected data based on the earlier suggested evaluation 

criterion addressing three dimensions; creativity, problem solving, and analysis. Then, I test 

the conceptual framework using the empirical data collected through the development of the 

use-case. At the end, I present the results of the observations from the SWOT analysis. 

4.1. Evaluation of AI core capabilities against human core competences  

In chapter 2, I have proposed an evaluation criterion (Exhibit 9) to assess core AI capabilities 

against three meta competences of human namely; creativity, problem solving, and analysis. 

Using the data collected from the use case, the evaluation resulted in the three major tensions 

regarding; explain-ability of AI decisions, then need for cross-disciplinary thinking, and 

transferability of human tacit knowledge. Below I elucidate more on each of these findings.  

4.1.1. Creativity  

Criterion: based on the three identified AI core capabilities: pattern recognition; optimization; 

and decision making, can AI generate new outputs that are not obvious and not learned from 

previous training or experience to explain situations or resolve problems? 

On one hand, within the context where this study was conducted, AI showed the ability to 

generate new outputs that are not obvious or learned from previous training or experience to 

resolve problems. In the use-case presented in this thesis, the machine learning model was able 

to predict with 70-80% accuracy: users who will convert and those who will not convert. The 

machine learning model was given historical data for each visitor’s behavior over the period of 

16 month, and the model was able to learn those behaviors which could result in a conversion 

versus those behavior which do not result in a conversion. Precisely, the model was able to 

recognize patterns that where not obvious or learned from previous training, then optimize those 

learnings to predict or in other wards make a decision. This indicates that with the three core 

capabilities of AI; pattern recognition; optimization; and decision making, AI is capable of 

producing creativity based on the suggested evaluation criterion in (Exhibit 9). On the other 

hand, even though the system was able to predict with a high level of accuracy, the system 

lacked the ability to explain situations and justify decisions. So, the results we could get from 

the prediction system was, only if a visitor will convert or not. However, we were not able to 

see the patterns that the machine learned and how it came to that prediction/decision. So, there 

is a lack of transparency or in other wards lack of explain-ability as explains Wilson & 

Daugherty (2018) a deep-learning system provides a high level of prediction accuracy, but 

companies may have difficulty explaining how those results were derived. The data scientist 

who developed the machine learning model explains:      

"Figuring out the pattern with purely Machine Learning method is hard or almost impossible 

because the machine learning model will learn the pattern itself but it is super hard for it to tell 

what the pattern is? What the pattern is; is the way the model has arranged some numbers and 

it is hard for a human to interpret that. Then what you can do is maybe some data visualizations 

or descriptive statistics and see if there are some obvious patterns in the data. That's what 

adobe analytics is doing right now."  
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Explain-ability 

This perhaps raises a question here: can we use the capabilities of the AI to explain AI’s logic 

for making a specific prediction? Until such systems are capable of explaining decisions, we 

will need a human in the loop to assess AI’s predictions and take responsibility of justifying 

decisions. However, putting a human in the loop is use-case sensitive, because we don’t need 

to explain predictions all the time. For example, recommendation systems that predicts user 

preferences may not necessarily need justification. 

4.1.2. Problem Solving  

Criterion: based on the three identified AI core capabilities, can the AI use several analytical 

techniques to identify several solutions and weighs the value of each? 

Within the scope of the use-case, AI proved the ability to use analytical techniques to identify 

several solutions; if a visitor will submit a form or not. There was no need for evaluating the 

probability of each prediction i.e. how likely is each visitor is going to convert (submit a form) 

or not. However, it is proven from external resources that AI can indeed put a value to each 

prediction as presented in one case by Agrawal et al. (2018): the case used machine learning to 

develop an algorithm that predicted the probability that a given defendant would reoffend or 

flee while on bail. Even though AI can weigh the value of each prediction, it can only give these 

values within the constraints of data; i.e. an objective reasoning based on data. However, the 

real-world is more complex than the sum of its parts. External factors not communicated to the 

AI can have an influence in predicted probabilities. In use-case under study, human knowledge 

workers were able to identify that submitting a form is not the only way to know if a visitor 

converted or not, a visitor may instead prefer to call or send an email. This means that those 

type of visitors who prefer to call, even though they convert, the AI system will not be able to 

know that until maybe the data from call centers are connected. In short, relating the external 

world beyond the data to the predicted outcomes can influence the viability of the decision. 

Data is not everything; political situations, economic conditions, or even natural disasters can 

influence predictions. Accordingly, I conclude here that prediction systems can use analytical 

techniques to identify several solutions and weighs the value of each but only within the 

constraints of data. One social media manager who was involved in one of the meetings 

conducted through the development of the use-case expressed: 

"That is the issue we have with analytics. You can look at the facts and base judgments on that, 

but it is everything else you have to look at: the individual, the visitor, the target, what is going 

on in his world when you want him to do an action on our page.”  

Cross-disciplinary thinking 

This raises a question, how many resources of data can we make available for AI predictive 

systems to learn. I believe that until the AI is able to see the world as we human see it, a human’s 

ability to navigate beyond the data and use subjective reasoning for problem solving will be 

always needed. Beyond this, the human’s ability to think across disciplines and to drive 

learnings from one context to another and across domains seems to be superior to what an AI 

can achieve as of the writing of this thesis. 
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4.1.3. Analysis 

Criterion: based on the three identified AI core capabilities, can the AI use several analytical 

techniques to break apart complex problems into component parts? 

In the use-case machine learning was used to make predictions using analytical techniques such 

as pattern recognition. However, breaking apart the problem “per se” to its components wasn’t 

necessarily the case. Therefore, from the use-case’s perspective, I cannot neither confirm nor 

deny AI’s capability to break apart complex problems into component parts. However, since 

this section is concerned with analysis, I observed an emerging issue relevant of mentioning 

here. The emerging issue is related to the transferability of tacit knowledge from human to AI. 

Tacit knowledge gets embodied in people by learning from experience, and according to many 

scholars it is difficult to express and codify in a manner so that it could become transferable 

(Polanyi, 1962). Surprisingly, just like that the AI logic in prediction systems is hard to de-

codify to a language a human can understand, the tacit knowledge of human is also hard to be 

codified to a from that an AI can understand. So, both the transferability and explicability 

between human and AI form a major challenge. Below is one example of the usual discussion 

that took place while engaging in the development of the use-case, one analyst explains: 

"How would we value different outcomes? … if we have a visitor coming in and leaving directly, 

that is a bad thing happening… let’s say the visitor bounce at 0 sec that should be feed as 

negative feedback… so the system should know it is bad." 

Transferability  

Taking into consideration that the use-case took place within a digital environment i.e. website, 

luckily the data needed for analysis was already in a form that the AI could understand. 

Nonetheless, transferability and explicability remain a challenge that needs to be addressed in 

order to facilitate the communication between human and AI. Accordingly, until this human-

AI interaction problem is resolved, component parts of a problem might remain hidden until it 

can be explicitly expressed by either human or AI. 

 

Exhibit 17: Three emerging tensions gained from the empirical investigation 
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To conclude, I can say that even though AI prediction systems demonstrated creative, problem 

solving, and limited analytical abilities, there are still many challenges that remains unsolved 

as for today. (Exhibit 17) summarizes three of the emerging tensions that has been observed 

during my empirical investigation. Those emerging tensions; explicability, cross-disciplinary 

thinking, and codifying and de-codifying communication will be further discussed in the 

discussion chapter.  

 

4.2. Testing the Conceptual Framework 

The conceptual framework proposed in chapter 2 (Exhibit 11) presents a way of mapping the 

tasks between human and AI based on four typologies: conceptual, occupational, operational, 

and personal. Here I test the proposed conceptual framework using the use-case presented in 

this study to map the tasks between human and AI based on those four typologies. Again, the 

use-case used in this study is a predictive system case and doesn’t reflect other AI capabilities 

such as computer vision, or natural language processing. Therefore, the outcome when 

evaluating other AI capabilities may defer according to the context of the case and the maturity 

level of the AI capabilities itself. At the end of this section, I propose a way where other AI 

capabilities can be mapped according to the results from this test. 

The conceptual framework takes into consideration four typologies of tasks; conceptual, 

occupational, operational, and personal as demonstrated in the top-row of (Exhibit 18). Each of 

the typologies are compared against five components of competences; cognitive knowledge, 

cognitive understanding, functional, personal, and ethical competences as demonstrated in left-

column of (Exhibit 18). In the original proposed framework (Exhibit 11), I assumed that the 

conceptual and personal typologies are subjective and align best as human tasks. While the 

occupational and operational typologies are objective and align better as AI tasks. However, 

this assumption didn’t really resonate with the learnings from the use-case. During my 

investigation I found that AI could perform conceptual tasks and sometimes a human is needed 

to perform a functional task. Therefore, categorizing the typologies itself between human and 

AI is perhaps not the right approach. Accordingly, mapping the typologies itself against the 

components of competences is not the best approach either. However, using all four typologies 

to map the different human and AI tasks against the five components of competences proved to 

be a better approach as mapped in (Exhibit 18). This approach enabled the investigation to dig 

deeper into the layers of each of the four typologies, resulting in breaking down each of the four 

horizontal typologies into five layers. (Exhibit 18) presents mapping of the tasks that were 

observed from the use-case, during my empirical investigation. A thorough description of each 

task is available in (Appendix G).  
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Exhibit 18: Mapping human-AI task based on four typologies (use-case related) 
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In this particular use-case the findings show that the AI had a particular influence in two 

competences; the functional and personal namely three layers; conceptual-functional, 

operational-functional, and operational-personal. While the layers concerned with cognitive 

knowledge and understanding, and ethical competences remained dominant by human. The 

results show that the human to AI share in functional competences is relatively high (7:6). This 
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indicates that AI has an almost 50% share in the functional layers whether they are conceptual 

or operational tasks. Le Deist & Winterton (2005) associate the competences with the 

longstanding KSA (knowledge, skills and attitudes) of the training profession: knowledge (incl. 

understanding) is captured by cognitive competence, skills are captured by functional 

competence, attitude (incl. behavioral and ethical) is captured by social competence. 

Accordingly, of the KSAs, artificial intelligence has more impact on Skills in comparison with 

Knowledge and Attitude. 

To simplify this; (Exhibit 19) is an attempt to visualize human-AI share across the multiple 

competences. In this particular use-case the total number of tasks needed to complete the job 

were 23 tasks of which 3 tasks require cognitive knowledge, 4 tasks require cognitive 

understanding, 13 tasks require functional competence, 3 tasks require personal competence, 

and 2 tasks require ethical competence.  

Exhibit 19: Visual composer for  

human-AI share across competences  

 

 

❖ Human    AI 

Source: Developed by the thesis author 

Exhibit 20: hypothetical example for 

human-AI share across competences 

 

 

❖ Human    AI 

Source: Developed by the thesis author 

From this investigation we can conclude that AI prediction systems has the biggest impact on 

skills, leaving the knowledge and attitude mostly in the human’s plate. This indicates that the 

functional competence is the one mostly influenced by prediction systems in an approximately 

50% range referring to the results from the use-case presented in this thesis. However, it is 

important that the proposed conceptual framework be tested with other use-cases to prove the 

claims of this study. If results from another research findings resonates with the findings from 

this use-case, then we can generalize the visual composer to map the dynamics of human-AI 

contributions to cognitive tasks within the context of prediction systems. Hypothetically, if we 

assume that another use-case required 10% knowledge and understanding, 0% ethical and 

personal, and 90% functional. Then this will indicate that 45% of the functional tasks has a 

probability of AI contribution while the remaining 45% will still need a human contribution 
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(Exhibit 20). Regardless if these AI or human contributions are from a conceptual, 

occupational, personal, or ethical levels.  

To conclude, according to the learnings from the above observations. (Exhibit 21) provides a 

mapping tool between human competences around AI capabilities. The prediction column 

demonstrates that for prediction systems; knowledge and understanding (knowledge) remain to 

be human dominant, while Functional (skill) has a potential to be AI dominant, in the time 

where personal and ethical (attitude) seems to be also remain human dominant. The gray part 

represents other AI capabilities which were not tested since they don’t fall within the context 

of the use-case in this study. However, this mapping tool can be useful for future research 

investigators to map other AI capabilities such as; local search optimization, computer vision, 

audio and signal processing, natural language processing, or other AI capabilities around human 

competences as proposed in this study. It would be interesting to see if how the share of tasks 

between human and AI would look like when mapping other AI capabilities.  

Exhibit 21: Tool for mapping AI capabilities around human competences 
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4.3. Results from the SWOT Analysis  

This section presents the observations from the conducted pilot interviews, semi-structured 

interviews-meetings, follow ups, and workshops. To create an alignment with the research 

approach and make sense of the data collected; I will present the findings observed during the 

development of this use-case using the SWOT analysis method presented in chapter 3 (Exhibit 

15). The method helped in understanding the strengths and weaknesses of human competences 

in comparison to the opportunities and threats of AI capabilities. 

4.3.1.  Internal 
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The internal force in this use-case is the human, because human is central in my investigation 

while AI is seen as empowering forces i.e. external. In this section I evaluate the strengths and 

weaknesses of human competences through guidelines of two main questions: Where can 

human outperform AI? and What challenges do human face? 

Strengths: Where can human outperform AI? 

During the development of the use-case, I observed that the human outperformed AI in three 

cognitive areas; knowing and understanding, strategic thinking and setting objectives, and 

qualitative analysis and diversity. Below I elucidate more into each of these three areas. 

 

Knowing and Understanding 

Data is not everything and the human has the ability to think across-disciplines and take external 

factors beyond the data into consideration. Because of the human’s ability to access the world 

beyond the data, the human is better in knowing where optimization can generate the most value 

and is mainly responsible for identifying valuable data resources. This include among other 

things, the creation of new links between data resources that haven’t been previously linked, 

identifying parameters, and specifying what to monitor based on objectives. Also, within the 

context of this use-case it was noted that the selection of data needed for making a specific 

prediction is a fully human occupational task, because such task relies not only on knowledge 

but also on understanding. Understanding is important when applying optimization, because at 

some point the optimization itself might become worthless or even wrong and the AI with its 

lack of ability to access the external world, it won't be able to detect when optimization becomes 

irrelevant. Thus, it becomes the human’s responsibility to include and exclude data that are 

relevant or not relevant for a specific prediction. Accordingly, it is also the human job to identify 

and remove unnecessary processes from traditional workflows and come up with new processes 

and workflows. This includes the need for setting guidelines and finding the balance between 

too specific and too general, when it comes to parameters for decision making. Both knowledge 

and understanding enable the human in asking the right questions and findings ways of 

answering it. Accordingly, a human can also intentionally generate data based on needs to train 

the AI. The following example illustrates how human outperforms AI in (know-what) i.e. 

knowing and (know-why) i.e. understanding. The example illustrates that human’s knowing 

and understanding was needed to successfully select and excluding data for training the 

machine learning model to predict conversion rates correctly. The data scientist explained the 

reason for excluding the data of what happened after prediction when training the machine 

learning model is: "The reason why it is not valuable is that after the conversion: you can't 

really use the data of what happened "after", to do predictions."  

 

Strategic Thinking and Setting Objectives 

From a strategic level, there is a difference between setting objectives and achieving objectives. 

While many of the functional tasks concerned with achieving objectives is found to have a high 

probability of AI replacement to human, the part concerned with setting objectives tends to 

remain highly a human task. Task such as setting a vision or long term strategic objectives, 

where choice becomes a centric part of the decision making. Along with that comes the ability 
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to generate “how-to” questions that aligns with vision and objective adapted within one’s 

organization, and the "based-on-what" thinking to identify relevant data resources. Another 

ability where currently a human outperforms an AI is the use of common sense or in other 

words knowing. The practical knowledge gained from experience, and sound judgment based 

on the basic ability to perceive and understand matters is where the human excels. Human is 

able to use common sense and manipulate the data in order to drive meaningful insights. 

Although this may vary from one person to another it remains a challenging human’s task. To 

illustrate this perspective, one digital marketing manager argued: 

"What would probably be worth thinking about is: at the end of this: what do we want to get 

out of it? because there are probably a lot of approaches and a lot of output that we can get 

out of the AI. So, it is important that when we are training it that we are looking at it from the 

right case" 

 

Qualitative Analysis and Diversity 

When it comes to interactions, it is very challenging and complex to understand implicit 

emotions. Human rely on intuition to reduce ambiguity and make sense of the world when 

interacting. Qualitative analysis requires interpersonal skills that are gained through 

socialization where social rules and relations are created, communicated, and changed in verbal 

and nonverbal ways. Therefore, I believe that until this ability is can be codified to a form AI 

understands, the human stays an important part of the tasks that require such interpersonal 

skills. A social media manager shared when describing one of the tasks: "I'll see if they continue 

sharing or start hiding, if they hide then I will stop because I don't want to be aggressive or 

irritating and I set an analyze what is going on per Ad"  

Along with the interpersonal skills, it becomes very important skill to acquire knowledge about 

diverse cultures. There are many factors that can influence the decision making and the 

learnings that we drive from data. To illustrate this, I share one of the stories shared by one of 

the participants in this action research. While we were talking about a global marketing 

campaign which happen to run during the month of Ramadan. A high-time month in the middle 

east market, where people celebrate the month and are busy with social events. At that time, 

relying solely on data the campaign didn’t perform well in the middle eastern market during 

that month, and naturally the decision made was that this campaign doesn’t suit that particular 

market. While the truth might simply be that it wasn’t necessarily the right timing to make such 

judgment. This indicates that there is a problem with a judgment-based solely on analytics. 

Social literacy and competence become a very important dimension as I further study the 

interaction of roles between human and AI, and the share of tasks in futuristic workplace. The 

amount of knowledge people acquire about cultures and awareness of contexts becomes a key 

in shaping the future of inclusive AI intelligence. In the context of training AI, this becomes 

even more challenging, we need to be careful what are teaching the AI; human can teach biases 

to AI. The below quote is a reflection from an analyst on the wrong preconceptions one may 

conclude when relaying solely on data, while discussing the marketing campaign that happened 

to concurrent with the month of Ramadan: "The learning we did on this was that: it is not worth 
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it at that market (period). That is what we think. That is our learning however the conclusion 

might be: this time of the year each year…”  

Weaknesses: What challenges do human face? 

During the development of the use-case, I observed two challenges related to processing ability 

and accuracy of decisions. These two challenges are; amount of data and speed of change, and 

uncertainties and different points of view. Below I elucidate more into each of these two 

challenges. 

Amount of Data and Speed of Change 

Beside the lack of resources and time, comes the limitation of the human’s brain ability to 

process big data. Both the amount of data and the speed of change poses a challenge to human. 

By the time a human is processing the data, the values are already changing. This constant 

growth of data and pace of change exceeds the human ability to first process this huge amount 

of information then respond to change. The wave of technological advancements and 

information technology has already empowered human to process the immense amount of data. 

While the human role became more focused on the high-value task; which is responding to 

change through the use of for example analytics to make more educated responses. The new 

wave of artificial intelligence, however, is exceeding the power of only processing data to some 

far more powerful capabilities such as recommendations and predictions. This rises the role of 

human to an even higher-value tasks such as decision making and judgment. Besides the way 

in which we respond to change shifts from re-active to pro-active. Before predictions we 

respond based on what has happened in the past; re-active way of thinking. Now with the power 

of predictions we make decisions based on what might happen in the future: pro-active way of 

thinking.  

To illustrate the speed of change one analyst expressed: "This optimal point is varying over 

time and are different for different entry point… so there is a lot of data here and is very hard 

to know". Another social media manager elaborates on the amount of time needed to make use 

of the data: "I haven't had the time to... I have got a flow of raw data… it’s a completely another 

person and time". 

Uncertainties and Different Points of View 

Along with new technological empowerments comes new challenges, not only on the ways of 

thinking as explained earlier but also in the ways of exploring. We as human, we naturally 

forget and make mistakes, we learn through testing and the use of trial and error. We also, rely 

on intuition to reduce ambiguity. In one hand, this is an extremely valuable experimentation 

process through which unintended learnings may unleash. So, an experimental way of exploring 

is crucial for new innovations. Hence, the reduction of mistakes might not always be the right 

approach. On the other hand, the prediction capability of AI may tremendously reduce the 

number of mistakes and errors; this indicates more efficiency, better decisions, and faster 

processes. Given this paradox; instead of asking how can we reduce uncertainty, the question 

becomes; where will the reduction of uncertainty generate the most value? And where will 

keeping uncertainty be mostly appreciated? 
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Beside uncertainties comes the challenge of differences between people in the way they 

perceive facts. Because different people see things differently, collaborative problem solving 

or collaboration itself becomes a challenge. This in one hand influence the group decision 

making process where the members need to collaboratively agree and support a decision for 

achieving a common goal. In fact, sometimes there is no only one way of doing things right. 

These subjective matters slow down the decision making, but the objectivity of the AI can be 

used as a tool to mediate the collaboration and shorten the time span of decision making. An 

analytical tool to understand performance and guide to optimization possibilities and decision 

making through for instance recommendation.  

To illustrate the different point of views that may cause challenges for creating a data strategy, 

in one of the meetings a social media manager explained that: "Each region uses their channels 

differently… So, the sales region for Facebook for example will have different results because 

they have different regional strategies." 

 

4.3.2. External  

The external force in the use-case is the Artificial Intelligence, because it is seen as a secondary 

force that is used to empower human in this study. In this section, I evaluate the opportunities 

and threats of AI capabilities through the guiding questions: Where can AI outperform human? 

And What challenges do AI face? 

Opportunities: Where can AI outperform human? 

During the development of the use-case, I observed that the AI outperformed human also in 

three cognitive areas; speed and efficiency, generating predictions, and optimization for a 

specific outcome. Below I elucidate more into each of these three areas. 

 

Speed and Efficiency  

AI and computation are two parallel terms, one cannot discuss AI without talking about 

computation. The computation beside having the ability to process big data fast, it has the ability 

to process data in real-time. The ability to process data in real-time, definitely enhances the 

AI’s ability in making more relevant prediction which on the other hand enhances the human 

ability to make better decisions. In the use-case; when doing machine learning, we took a 

dataset, built a machine learning model from this data, then used the model to make some 

predictions on another dataset. Once the system learns, then we can apply this process to 

streaming data, and there is where the real value begins. A data scientist expresses that: 

"The hope is -that when you have enough data- that the machine will learn patterns that are 

very hard for a human to pick up. And that’s because the machine will process so much more 

data than a single or even a team of humans couldn't do."  

 

It is natural that human needs to take rest, sleep, and simply navigate through life by multi-

tasking. This cause that we as human, make errors, lose focus and forget. In contrast, computers 

have the ability to function and learn indefinitely and execute tasks on our behalf with undivided 
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attention. This is an opportunity for reducing errors, increasing efficiency and monitoring in 

real-time.  

Generate predictions 

In the empirical investigation I focused on prediction systems, so the ability of AI to generate 

predictions was the main focus of my investigation. From a conceptual perspective, AI can 

learn patterns then generate predictions based on large amount of data and can create new 

structures based on data fed by human. Therefore, prediction can be seen as an opportunity to 

validate human assumptions and to uncover about hidden opportunities. This means that the 

data being fed to a machine learning model is crucial in making the right predictions. While the 

machine can outperform human in speed and accuracy of predictions, it remains a human role 

to set-up and update the learning model itself. This requires a shift in the way human do their 

jobs, where data becomes part of every decision. In addition, building machine learning models 

require a collaboration between multiple domains within the organization including; top 

management, experts, and data scientist.  

In fact, I during my investigation work in this thesis, I discovered that prediction can be 

considered as a major capability of machine learning. As the data scientist expressed during 

one of the discussions: "All machine learning is just doing predictions. For example; when an 

image is recognized: it is basically that the neural networks are trying to predict what its seeing 

in the image." 

Optimization for a specific outcome 

With the AI’s ability to optimize for a specific outcome, the challenge shift for human from 

how to achieve a specific outcome to what outcome we want to achieve. This feeds back to my 

earlier findings that Strategic Thinking and Setting Objectives becomes one of the abilities 

where human outperform AI. This optimization power shortcuts the learning journey; where 

the human provides a start and end and let the AI do all the in between work. Also, what is 

powerful about machine learning is that once it learned from its mistake, it will not repeat it 

again. While the AI can learn through the ability of machine learning, I noticed that machine 

learning seems to be a passive learner; highly constrained by the limitation of data and the 

human conceptual thinking. This style of learning is human-centered; where human has a 

central power in the learning process of the machine learning model. This means that the 

machine learning model may quietly absorb information and knowledge without typically 

engaging with the information received or the learning experience itself. While discussing few 

possible use-cases an analyst expressed the following when discussing a task that required 

manual optimization: "… in some way it is good news, because it is job done manually now. 

It’s a sign that it is doable but manual work today." 

 

Threats: What challenges do AI face? 

During the development of the use-case, I observed that AI predictive systems faced three major 

challenges. These three challenges are; limited intellect and lack of common scenes, identifying 

objectives and reliability on data, and explain-ability. Below I elucidate more into each of these 

challenges. 
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Limited Intellect and Lack of Common Scenes 

AI don't understand the complex dimensions when it comes to value. The nature of value is 

sometimes subjective, and AI wouldn't be able to spot new values. Spotting implicit emotions, 

tacit knowledge, and other subjective matters require knowledge (know-what) and 

understanding (know-why) both of which found to be challenging for AI to grasp; at least within 

the scope of my empirical investigation. As mentioned earlier AI seems to be a passive learner 

today, it lacks proactivity which is central for knowing and understanding. A threat here is that 

AI systems therefore can learn both good or bad logic or behavior without the ability to reflect. 

It would be interesting if we can teach AI how to reflect. So far, I believe that as long as AI stay 

dependent on data and human, the ability of AI to reflect will stay unlocked. The objectivity of 

AI is always influenced by the human subjectivity. Because AI can't choose to exclude or 

include data, it will always be influenced by human's intentions, and accordingly may learn to 

be bias. Also, understanding new intensions other than the one learned based on human input 

will remain a challenge for the AI until it is codified to a form the AI can understand. 

Accordingly, from my imperial investigation I concluded that AI can learn but it doesn't 

understand, this in its turn indicates ethical threats. Today AI is more functional toward the 

know-how as opposed to conceptual toward know-what and know-why. During one of the 

discussions with the data scientist, he asked about how the case company labels the intentions 

of the website visitors:"… how do they label that intension. When can they say that (this)=(this 

intension)?". In the use-case developed later, we discovered that for example submitting an 

online form could be labeled as converting behavior.     

New outputs are not always valuable until they are codified. This indicates the need for 

consistent human supervision to provide the knowledge and understandings. Also, in a machine 

learning, the learning happens overtime with big amount of data. This means that the time 

needed for a machine learning model to learn from stream data becomes dependent on the user 

behavior. The more the users interact with the system, the more the machine has the possibility 

to learn. For example, in the use-case; there is time needed for a customer to behave in a certain 

way, so that the machine can learn then predict the probability of converting. A digital 

marketing manager explains the need for: 

"Understanding what we want to do is a key? I think scaling is important; start with a small 

scale of data then open up the parameters. Testing the ML capability that it can see the trend 

through 10 different parameters for example. And once it's capable adding a whole ton of data, 

then next having a look at the acquisition." 

 

Identifying Objectives and Reliability on Data 

AI needs objectives to work towards fulfilling. As I have discussed earlier, AI needs the human 

to first identify and set objectives based on for example; business needs. Then AI can help with 

optimizations to achieve the targeted objective. I also noticed that AI lacks the ability to know 

or to understand, this poses a threat that the AI cannot know if the output is relevant or not. As 

a consequence, there will always be a gap for the AI to be able to identify new sources of input 

data that could enhance the prediction. For example, a data scientist explained: "… when they 

are talking about engagement: it could be a composed value of two, three or more parameters". 
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Identifying valuable sources of input data as businesses emerge and the external world 

transforms is very important for the learning process of a machine learning model. For a model 

to stay highly relevant and rich, it needs to constantly learn from all possible data sources that 

are relevant to making the prediction. Beside this, comes the AI lack of ability to propose new 

questions using common sense. Human has the ability to criticize data accept or reject what 

he/she sees in the data. While the AI learns as-is, so it’s intelligence is highly dependent on 

data; where it will follow strategies objectively without criticizing. Given AI’s reliability on 

data, AI can't think from scratch where there is no-data. Therefore, currently AI intellectual 

capabilities seems to be limited (inside the box of data). The following quote demonstrates the 

reliability of machine learning on data. when discussing the feasibility of building a machine 

learning model, the data scientist explained:  

"Try to figure: what do they want to predict? and what do they have currently; i.e. historical 

data? and how much data are they gathering every day; data volume because that will 

determine if it is feasible or not"  

Explain-ability 

During my investigation, I came across the limitations of explain-ability by machine learning 

models. So even though a ML model could generate accurate predictions, it lacks the ability to 

justify predictions. Therefore, justification so far remains a problem for human to solve. 

Justification is extremely important for the insights gained from predictions to be actionable. 

Otherwise, the AI predictions will remain useless if decision makers can’t provide an 

explanation to a specific decision. To illustrate this, in the use-case under investigation we used 

prediction systems to predict if a visitor to the company’s web-page will convert or not. The 

conversion is considered when a visitor has submitted a contact form.  The machine learning 

model is build based on the visitor’s behavior, when they access the web-page. Which pages 

they view, at what time they visit, from where they landed on the page, and many other online 

behavior parameters. Afterwards, the machine learning model should be able to predicted those 

visitors who are most likely to convert versus those who will not convert. But if we are to ask 

the ML model why it predicted a group of visitors as visitors who are most likely to predict or 

not, the machine will not be able to answer. This limits the actions that the digital team can take 

to improve the user’s experience. After all, the value is to understand the user experience 

journey of those visitors who are converting versus those who are not. For example, if we are 

to know from which social media channels are those converting visitors coming, the social 

media team can better allocate recourses and develop social media strategies.  

Besides, when it comes to the prediction system developed for the use-case in this thesis, AI 

lacked the ability to identify probability of the generated predictions. This however might be 

use-case or context related. From the literature I reviewed, it was proven that prediction systems 

could indeed identify probabilities (refer to Agrawal et al., 2018). This in one hand, shows the 

complexity of prediction system implementations and the need for problem solving skills to 

codify workflows. The data scientist explained that: 

"The ML model will not give a prediction of how likely this person is to convert. It will give a 

prediction: will they convert or not. So, what the end user will see is just yes or No answer". 
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He further explains: "The predictions won't be necessarily good; it will always guess something 

but it will not be accurate, because there is a limited amount of data available here" 

 

To conclude, (Exhibit 22) shows a holistic view of the insights gained from the SWOT analysis. 

In general, I see a common thread between the insights here and the findings presented in the 

results chapter. Where human excel in tasks that require mainly knowledge and understanding, 

and AI outperforms human in functional tasks; regardless of these tasks are conceptual, 

occupational, operational, or personal. 

 

Exhibit 22: Results from the SWOT Analysis 
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5. DISCUSSIONS 

This chapter first discusses the theoretical implications based on the three major findings from 

the empirical evaluation presented in chapter 4 (Exhibit 17); explain-ability, cross-disciplinary 

thinking, and communication. Followed by a discussion about the practical implications of AI 

implementations on skills and workflows.  

 

5.1. Theoretical Implications 

The conceptual framework is my attempt to bring some clarity and order to the complex field 

of human-AI collaboration. By breaking down the cognitive task to a set of discrete typologies, 

one could hopefully get a better understanding of the human-AI collaboration. While the human 

outperforms AI in knowledge and understanding that enables identifying business objectives 

and problem solving, AI on the other hand excels in functional skills whether these skills are 

related to optimization (end objective identified) or predictions (open ended). Under the course 

of my investigations, when evaluating the AI core capabilities against human competences, my 

investigation resulted in identifying three emerging tensions as mentioned in (Exhibit 17). 

Below I discuss and elaborate on each of these tensions, but mainly from the context of AI 

prediction systems. 

5.1.1. Explain-ability: Decision VS Justification 

The first emerging tension is namely concerned with making the right decision versus “knowing 

why”; i.e. the justification behind the decision that has been made. An important question is; 

what is more important when executing a task? Is it just to make the correct decision and arrive 

at a given objective (such as increase sales by 10%)? or is there a value behind “knowing how” 

that correct decision has been made (such as how to increase the sales by 10%)? The difference 

here is that the first one is concerned with fulfilling objectives, while the second approach is 

concerned with knowledge the processes and learning. So, this tension is namely concerned 

with value; identifying where the value lays whether it is in the process of prediction or in the 

outcome of prediction. I will discuss this by first addressing the challenge regarding the quality 

of data, then will further discuss the transparency of predictions. 

“An important aspect of the prediction capability is to remember that it is 

essentially naive. By this I mean that it is only manipulating numbers and has no 

underlying understanding of what that data actually means. Those house features 

could be car features or weather features or people features—to the computer they 

are just numbers.” (Burgess, 2018) 

The quality of data used to train an AI system to make predictions is very crucial. Burgess 

(2018) suggests that data quality can be thought of as a combination of data veracity; its 

accuracy, and data fidelity; its quality in the context of how it is being used. This indicates that 

the training itself is a key; i.e. what type of data are used to train an AI and who is responsible 

for the machine learning. Those two factors greatly influence the subjectivity and objectivity of 

AI systems, after all, the AI will be influenced by the trainer’s subjectivity which may result in 
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reproduction of biases that already exists in the original data. Also, the AI may learn patterns 

that are not relevant such as associating a specific skin color with criminal rates; this is also 

known as unintended bias. Accordingly, the trainer’s role becomes very crucial, a trainer must 

try his/her best ability to be conscious about such unintended bias that may acquire during a 

training process. This means that trainers become representatives of themselves, the domain 

they come from, and the culture they relate to. This implies the need for decentralized AI; i.e. 

the involvement of as many trainers as possible to reduce such unintended bias. 

The transparency of predictions; i.e. understanding predictions is a major challenge. Here value 

and justification are two important aspects when it comes to implementing prediction systems. 

First, before applying predictions to use-cases, businesses must identify where the value of a 

prediction work lays in the first hand; is it in the outcome; i.e. the prediction itself or is it in the 

process; i.e. the decisions lead to that prediction. The first perspective; if the value lays in the 

outcome/prediction itself then one must consider the second aspect; justification: if a prediction 

needs to be justified or not. This completely depends on the nature of the use-case, because not 

all predictions need justification. One can for instance see this in recommendation systems; 

where prediction is used to suggest products, services, or programs that the users are most likely 

to be interested in based on historical data. Also, in personalization where the user experience 

is personalized to each user based on their personal data. In another context, if a prediction is 

used to for example; grant loan or not to applicants based on the applicant’s personal and 

historical data. A best practice would be able to justify to the applicants why their application 

got rejected or accepted. This is closely related to the second perspective; if the value lays in 

the process leading to a specific prediction. Here decisions are normally made based on logical 

reasoning, this reasoning must be explainable in order for business to learn and continuously 

improve their practices. Besides, if AI predictions are followed blindly to make decisions, this 

might indicate the risk of hidden errors that are untraceable which can result in unpredictable 

consequences. 

The skills needed for making predictions are: data selection (human), optimization (AI), then 

justification (human). Accordingly, the prediction “superpower” accelerates the optimization 

part -the functional part of the cognitive tasks- while it relies on human to do parts of the job 

that include data selection and justification. To de-codify some of the reasoning behind AI 

predictions and provide justification, one can use visualization or interpretation techniques. 

Besides there is a need to decentralize AI to eliminating or at least reduce biases, and to 

introduce diverse types of intelligences to the training model. However, such approach may 

come with its own set of challenges such as inconsistencies, and that risks can be overlooked 

or mischaracterized. 
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5.1.2. Narrow Thinking and Cross-disciplinary Thinking 

The second emerging paradox is concerned mainly with two moods of thinking; narrow 

thinking versus cross-disciplinary thinking. 

Burgess (2018) states that there are a number of different types of AI capabilities, each one is 

very specialized in what it does. The difference between an AI and a human thinking is that 

each AI solution would be narrow to the specific task it was designed for; i.e. fragmented 

capabilities. On the other hand, the human brain can think across domains and for instance 

connect two un-relatable concepts from historical experiences and tacit knowledge. In my 

opinion, both thinking moods are necessary and relevant to business processes. The first; 

narrow thinking functions best in tasks that require monitoring and control where focus and 

precision is appreciated. While the second; cross-disciplinary thinking is more appreciated in 

tasks that require novel problem solving and ideation.  

Therefore, the human role becomes more important in bringing their subjective experiences to 

tackle higher value tasks, tasks that require creativity, strategy, and compassion. While the AI 

system operates within the data frame and does all the logical and rule-based work, the human 

is liberated to think beyond that data. This means that the human role shifts more toward 

creativity part of the task. We as humans vary widely in our abilities and in the way we perceive 

the world around us. McAfee (2018) mentions that some of us are brilliant at solving equations 

and brain teasers but lack intuition and “real-world” smarts, while others can’t do arithmetic 

reliably but have great intuitive abilities. Accordingly, increasing collaboration, breaking silos, 

and bringing cross-functional teams to solve business challenges becomes more valuable than 

ever as AI continues to take share and influence traditional tasks. 

 

5.1.3. Codifying and De-Codifying Communication Between Human and AI 

The third emerging paradox is concerned with the communication between human and AI. 

Namely, by codifying human tacit knowledge so that AI can augment human abilities. As well 

as, de-codifying AI outputs so that human can understand, learn, and justify decisions. 

“One of the most commonly cited examples from Polanyi's work on tacit knowing 

is bicycle riding, where he claims that we learn to ride a bike without being given 

any explicit rules of riding.  Although, we may know how to ride a bike we cannot 

explicate the process how exactly we do it.” (Kabir, 2013)  

From one end, for an AI to augment human knowledge, it means that we must make tacit 

knowledge explicable and accessible to AI when needed. Kabir (2013) demonstrates how new 

technologies are capable of codifying tacit knowledge that was considered earlier as impossible 

to explicate. From the other end, de-codifying AI outputs is related to the justification problem 

already addressed in the previous section 6.1.2. One way for de-codifying AI could be achieved 

through the development of a user-friendly interface for it to enhance the transparency of the 

logic behind predictions. Such solution requires skills in data science, in optimization, and in 

user experience. Both ends are important for the creation of synergy between human and AI 

where the power of their interaction can produce a combined effect greater than the sum of their 

fragmented effects. 
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Accordingly, managing knowledge activities becomes one of the major challenge to leverage 

the power of AI in augmenting human capabilities. (Kabir, 2013) argues that to take full 

advantage of tacit knowledge residing in various organizational silos and embodied in the 

employees, organizations should adopt advanced technologies that are capable of improving 

management of knowledge related activities and deliver better organizational performance. 

Therefore, I collide with Kabir’s resolution that if an organization wants to improve its potential 

use of tacit knowledge, it needs to undergo a paradigm shift and evaluate available knowledge 

from more technology-centric point of view; utilizing the value of the technology in every 

function, process, and aspect of a business. Thus, what will make the difference between 

organizations will be in their ability to capture and exploit knowledge effectively. 

To conclude this discussion, I would like to highlight the three major learnings. The need for a 

decentralized knowledge to reduce biases, cross-functional teams to solve business challenges, 

and evaluation of knowledge from a technology‐driven point of view to exploit tacit knowledge. 

I will reflect on these three learnings below in the practical discussion. 

 

5.2. Practical implications 

This section mainly connects the learning from this thesis to the field of innovation and design, 

and the practical implications for moving toward AI enabled workplaces. In the past few years, 

one can notice that data become an empowering recourse for business; ranging all the way from 

improving product innovations to supporting decision makers. Hence, the latest advancements 

in AI can have an even greater impact in using the data effectively. In this thesis, the focus is 

on the influence of AI in improving business processes and organizational structure from a 

human-centric perspective, as opposed to the influence of AI in product development and 

product innovation. A gap in which the combination of data and design seems to be 

underutilized by many organizations today. A recent article from McKinsey suggested three 

key shifts for organizations to handle data and design together more effectively: “moving from 

silos to squads, from disconnected workflows to deep synchronicity of skills, and from product 

innovation only to operations-wide use” (Akshay Chhabra & Williams, 2019). The suggested 

three shifts go in line with the learnings from this thesis work. 

This thesis argues that AI provides an opportunity to improve productivity in multiple levels; 

the employee level in terms of tasks to increase effectiveness, and at the organization level in 

terms of reengineering processes to increase efficiencies. Not every reengineering case was 

about reducing head count, even if, unfortunately, many thought of that first mentions (Agrawal 

et al., 2018), in fact, reengineering could improve the quality of services. I believe that 

addressing both levels increase the overall quality of the output whether it is in a form of 

services/products or influencing the employee’s workflow itself. I specifically focused on 

predictive systems and how adapting machine learning to tasks and workflows could give a 

faster, more flexible and highly responsive framework, allowing organizations to leverage the 

power of both human and machine. In order to create value, what is required is to combine 

workers with digital technology suggests (van de Gevel, 2013, p. 39). Below I will discuss the 

practical implications for such transformation on people and on workflows.   
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5.2.1. People 

It is important to increase human effectiveness, wellbeing, and productivity. (Wilson & 

Daugherty, 2018) suggest that managers must recognize where the best returns in their worker’s 

time might be, whether it is in training or social responsibility. Most knowledge workers spend 

half of their time doing work they are less good at i.e. work they are not hired for as stated in a 

study by Bloomberg (as cited in Wilson & Daugherty, 2018). Below, I elaborate on this by 

using tasks and skills as two variables to assess my discussion. 

Augmentation of Skills 

AI can free up human potentials; freeing up employees for greater innovation and value 

creation. Therefore, applying AI to augment tasks that are overwhelming, repetitive, and not 

engaging may increase the chances of reducing the pressure that employees may face. A CNN 

report shows that happiness improves nearly every business and educational outcome, raising 

sales by 37% and productivity by 31% and accuracy on tasks by 19% as mentioned in (Agrawal 

et al., 2018). While we understand that the nature of task is not the only factor that influence 

employee’s happiness, it is still a crucial factor that organizations need to take into 

consideration. In general, AI augmentation can be used to increase the productivity of 

knowledge workers by intelligently automating their tasks, or to make technical products of all 

kinds easier to use for both workers and consumers through intelligent automation of their 

complex functions mentions (van de Gevel, 2013). 

"The federal government collects mountains of data from its citizens. But knowing 

how best to organize, manage, and extract insights from these large, diverse data 

sets is a challenge. Machine learning and AI can help agencies automate 

administrative tasks related to data analytics, but the real benefit is its potential to 

accelerate problem solving and improve predictions" writes Ellis (as cited in Ketter, 

2017). 

 

The conceptual framework developed in this thesis suggests the use of four task typologies; 

conceptual, occupational, operational, and personal, in combination with human competences 

related to knowledge, skill, and attitude (KSA’s). I believe that the framework provides a basic 

mapping tool for delegating cognitive tasks between human and AI. The framework is 

applicable in cases where the integration of both human and AI work is required, and not in 

cases where human is taken completely out of the automation process. My investigation 

resulted in human outperforming AI in tasks that require knowledge and attitude, while the AI 

outperformed human in tasks that require skill, regardless of those KSA’s are conceptual, 

occupational, operational, or personal. To sum up, the augmentation capabilities of AI has a 

greater potential in augmenting tasks that require skills as oppose to knowledge and attitude. 

As a starting point, if we cluster our tasks into the three categories; tasks that require knowledge, 

skill, and attitude. Then we can extract the tasks that require skill competence and investigate 

if it could be enabled by one of the AI capabilities whether it is, prediction, computer vision or 

other capabilities. These AI capabilities could empower human in two forms; either by 

complementing human with tasks that human can’t do, or by enhancing human performance 

with tasks that human can do. Complementation comes in form of for instance; processing big 
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data and monitoring in real-time. The value as I noticed from my investigation is mostly related 

to two aspects; the speed of task accomplishment and the ability to process large volume of 

data. While enhancements are concerned more with tasks such as improving decision-making 

through the use of prediction systems or providing new insights though pattern recognition. The 

value as observed here is related to reducing errors and increasing accuracy.  

Where such AI complementation and enhancements are applicable, the human can also 

complement the AI by providing the knowledge and attitude related aspects. It is important to 

mention here that knowledge is referred to in this thesis as the competence of knowing and 

understanding and not the domain knowledge of different professions. Relevant mostly to the 

human ability to access the external world beyond the data. While attitude is concerned with 

ethical and personal considerations. (Exhibit 23) illustrates the potential relationship and 

feedback loop between human and AI, and how the power of both forces can be utilized in the 

best way. It is also important to clarify here that not all skills can be augmented by AI, the 

illustration below demonstrates only were AI augmentation of a skill is applicable.    

 

Exhibit 23: Feedback loop between human and AI  
 

  
Source: Developed by the thesis author       

 

The discussion above demonstrates one way of how we can use AI to complement us humans 

and enhance our abilities. Beside the ability of AI to augment tasks to free up human to do 

higher value tasks, AI can be used to accelerate problem solving and improve predictions to 

assist decision-making. 
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Skills shift to subjective means 

There is a growing mismatch between rapidly advancing digital technologies and slow-

changing humans explains (Brynjolfsson & McAfee, 2012). Therefore, I believe that this thesis 

contributes to identifying the impact of AI directly on human competences regardless of their 

profession. I hope that the results from this thesis could provide a road map to the individual 

continuous improvement in the diverse range of expertise. However, the challenge of skill-bias 

seems to remain present between the sectors where AI is ready to augment tasks and other 

sectors that are not ready for augmentation yet. Data is a key, the sectors where AI is ready are 

those sectors where good data already exists. AI could improve the quality of outputs and reduce 

errors through its computation power; by processing a huge number of data. But in order to 

leverage the power of AI, we need to understand the impact it has on human skills. While many 

have claimed that AI will make us poorer or worse off, economists on the other hand believe 

that technological advancements makes us better off and enhances productivity. In fact, 

augmentations of humans that increase their productivity will also increase their wages argues 

(van de Gevel, 2013). In addition, I see a potential shift in the human need to practice more 

meaningful tasks with higher value than those tasks the AI can augment. From my investigation 

those tasks can be grouped into two. First, knowledge tasks that require understanding and 

knowing, such as strategizing, goal setting, and leadership. Second, is the tasks that are referred 

to in this thesis as attitude, i.e. tasks that requires knowing how to behave and making sound 

judgments. This goes in line with Lee (2019) claims; that human excel in tasks that require; 

common sense, across domain thinking, strategic thinking, creativity, complex planning, and 

self-awareness and emotions. 

The latter two; knowledge and attitude are highly subjective and indicates a shift to 

intellectually demanding tasks. Due to this shift, economists argue that job responsibilities have 

to become less explicit and more relational. You will evaluate and reward employees based on 

subjective processes, such as performance reviews that take into account the complexity of the 

tasks and the employees’ strengths and weaknesses mentions (Agrawal et al., 2018). Subjective 

means are highly complex, and the direct implication of this in that it will require good 

judgment skills, empathy work, and high involvement. In fact, Ketter (2017) mentions that 

some of the skills from an Accenture report says will be needed include; the ability to manage 

in horizontal non-hierarchal ways; the ability to demonstrate intellectual curiosity; and the 

ability to go beyond ‘measurement and management’ to inspire creativity and new ways of 

thinking. Human judgment is important: You have to let people know not to let automation 

their guide for everything suggests (Wilson & Daugherty, 2018). Thus, human is mostly needed 

where the judgment involves subjective means, where I believe design abilities becomes a 

valuable asset. Design in its broader context include not only the creation of artifacts, but among 

others; problem solving, process design, and empathy work. The literature in innovation and 

design presents a diverse range of methodologies such as design thinking, lean thinking, and 

agile methods. All of which can be used as methods to gear-up human competences. After all, 

the design ability is possessed by everyone as Cross (2010) argues in the book Designerly Ways 

of Knowing. Design methods are plenty the selection of relevant methods, plus an on the job 

training for knowledge workers can improve their design skills so that they can tackle this shift 

overtime.  
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Here I argue that introducing AI to the workplace, can help transform workplace tasks to more 

engaging and creative tasks. Beside the design ability, social skills become also highly relevant 

as the interaction increases based on the need for high involvement as I will explain in the next 

section.   

 

5.2.2. Workflows 

One of the top areas of concern for organizations embarking upon AI, is that it requires 

specialist thinking linked to AI/deep learning knowledge, which may not be prevalent between 

most knowledge workers within the organization. It is important here to clarify that when 

shifting to a technology‐driven mindset; the question here is; how we can use technology to 

transform and enhance our workflows? rather than; how will technology transform our 

workflows? The difference is that in the first, technology is seen as an enabler, while in the 

second technology is seen as a controlling factor. The purpose I am highlighting this difference 

is that, if we design for technology then technology changes rapidly, but if we design for value 

our approach stays relevant regardless of the rapid advancements in technology. To emphasize 

this, I use the word technology-driven rather than technology-centric. On the other hand, my 

investigation findings show how important technology is in exploiting tacit knowledge. Even 

though the focus of my thesis is human-centric one quickly come to realize that it is not one 

way or the other. Both technology and human are intertwining factors that enhances each other 

abilities. Therefore, to be truly human-centric you also need to be technology-driven. Because 

in the context of this thesis technology is seen as an enabler, and in order to achieve that one 

must leverage the power of technology.  

From the organization level, AI is a type of technology that requires rethinking processes. There 

is no question that technology increase productivity, but like all general purpose technologies, 

requires parallel innovation in among others organizational processes structures suggests 

(Brynjolfsson & McAfee, 2012). People, processes, and technology are at the heart of project 

planning for practically every business performance management initiative mentions (Waters, 

2006). As I discussed earlier; subjectivity increases as we move toward AI enabled workplaces, 

with this increases the need for high involvement in regards to knowledge and attitude aspects. 

This means that workflows must facilitate flow between people and technology and must 

motivate multi-disciplinary engagement. 

 

Flow of information 

Data is a superpower tool. Organizations need to find ways of mixing human and machine 

capabilities, so that the whole is greater than the sum of its parts. To unleash the power of both, 

organizations need to improve workflows, an area in which the combination of data and design 

is greatly underutilized today. By leveraging workflows to enable flow of information between 

human and machine, organizations can, not only improve their AI systems, but also empower 

their workers with better information with which to make decisions.  In (Exhibit 23) I suggested 

a feedback loop that could enable such flow of information. When machines capture human 

data to update their interactions, processes become flexible and adaptive suggests (Wilson & 

Daugherty, 2018). From a task management level, this indicates a challenge of how to design 

workflows in a way that captures data from knowledge workers. When it comes to enabling 
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such adaptive processes within organizations, Wilson (2018) suggest that employees need to 

not only be able to do different things but also be able to do things differently. Accordingly, the 

challenge is that organizations are not prepared with the proper workflows necessary for tasks 

that are evolving fast due to new technological advancements such as AI. Taking into 

consideration the interactions needed between human and machine, adaptive workflows that 

enables flow of information becomes highly relevant in an AI enabled workplace.  

 

Multi-disciplinary engagement 

While AI excels in quantitative tasks driven by/from data, human on the other hand excel in 

qualitative tasks such as understanding a business problem, identifying and prioritizing 

potential solutions, and developing a business case and prototypes. The nature of such task 

requires the involvement of multiple stakeholders from different parts of the organization to 

better address business challenges. Opportunities for AI implementations can exist across the 

whole organization; therefore, it will require cooperation between number of departments. 

Specifically, when it comes to AI opportunities, it requires a strong knowledge from both 

business and technical perspectives.  

Accordingly, I believe that decentralization of knowledge and synchronization of skills 

becomes valuable, to improve processes and transform business areas through AI. These two 

can be achieved through the creation of cross-functional teams that include for instance; 

managers, subject matter experts, technical architects, and data scientist. By bringing 

knowledge capabilities from different levels of the organizations –including; strategic, tactical, 

and operational– in one space, the cross-functional team will be able to not only identify AI 

opportunities, but will also be capable of aligning these opportunities with business objectives 

and assessing implementation feasibility. Once an opportunity has proved legibility, it can be 

then pushed to agile development teams for implementation.  

From my observation in the field, many knowledge workers are interested in the opportunities 

that the AI can bring. However, there is a gap of knowledge when it comes to AI capabilities 

which of course requires a very specialized knowledge. Therefore, including such capability 

through internal or external actors to be part of the cross-functional teams is crucial to close 

that gap. 

 

 

 

 

 

 

 

 

 

 

 

 



 

 67 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 68 

6. CONCLUSION 

This chapter aims to provide and final answer to my research question by discussing the 

concluded outcome of this thesis. This will be followed by my thought about future research 

suggestions.  

 

6.1. Answering the Research Question  

The whole process of this thesis ends here by answering the initial investigating question: How 

can we map AI capabilities around human competences to increase productivity in the 

workplace? 

By reframing the dialog of AI in a human centered way, AI should enhance and augment 

humans, not replace them. This raises questions such as; how we can make individuals better 

at what they do, more creative, and more empathic. The approach proposed in this thesis 

provided one way of looking at the human-AI collaboration, by creating a feedback loop 

between human and AI from a cognitive task level. This thesis took a lean approach by breaking 

down the cognitive parts into its components namely, knowledge, skill and attitude. Then 

through qualitative investigation of the use-case, I map the human and AI share of tasks to 

understand where human outperforms AI and vice-versa. The share of tasks resulted in the 

major finding that AI outperformed human in 50% of the tasks that require skill, while human 

outperformed AI with 100% in tasks that require knowledge. Also, human outperformed AI in 

tasks that require attitude with 80%, while in the remain 20% of tasks AI performed better than 

human (Exhibit 24). Skill is concerned with accomplishing tasks in a timely manner and with 

high accuracy rate. Knowledge is mainly concerned with tasks that require knowing and 

understanding as opposed to the domain knowledge. Attitude includes personal and ethical 

concerns related to task; such as justification, understanding emotions, and awareness of 

different cultures and values. 

 

Exhibit 24: Share of tasks between human and AI based on knowledge, skills, and attitude 

 

❖ Human    AI 

Source: Developed by the thesis author       
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Apparently, human perform well in tasks that require thinking slow while AI in tasks that 

require thinking fast. This indicates that the functional competence is the one mostly influenced 

by prediction systems with an approximately 50 percent range referring to the results from the 

use-case presented in this thesis. The investigation resulted in two major ways where AI can 

increase the productivity of human in workplace. One way applies to the things human can do, 

where AI is able to enhance human performance by accelerating the process through the speed 

of technology. Second way applies to the things human can’t do, where AI is able to 

complement human performance by combining the speed of technology with human insights 

(Exhibit 23). Both of which increase not only the productivity of knowledge workers, but also 

increases the efficiency of business processes. From my investigations I realized that AI has 

the potential to transform organizations in every level, from making better decisions guided by 

AI, to making better services and products by using data more effectively.  

6.2. Future Research  

This thesis work provided a basic structure for mapping the AI capabilities around human 

competence. The thesis presents a conceptual framework to guide empirical investigations of 

human-AI share of tasks. In the thesis, I tested only one of the AI capabilities; prediction 

systems. The framework helped provide clarity; by understanding where human competences 

are mostly appreciated and where AI capabilities are better suited. In addition, it enabled me to 

identify changes relevant to workflows and to the shift in human competences toward 

knowledge and attitude tasks rather than functional skills. However, the proposed conceptual 

framework needs to be tested across the other range of AI capabilities to strengthen this thesis 

findings. These AI capabilities include among others; computer vision, local search 

optimization, audio and signal processing, natural language processing. In addition, it would be 

valuable to run a similar study in a different industry, it is presumable to believe that results 

would be somewhat in line with the results of this research. Also, this thesis takes a high-level 

holistic approach which leaves the room for more in-detail research which can investigate the 

impacts of AI on specific jobs.  

Furthermore, since much of the observed impacts are in a very early stage, future research needs 

to address the long-term impact of AI on human competences and skills. In general, as the pace 

of technological advancements is rapidly accelerating, looking at artificial intelligence from a 

human-centered approach becomes highly needed in future studies.    

 

This thesis showed that AI core capability has the potential of performing tasks that require 

creativity, and problem-solving. So future researches that focuses on leveraging AI powers to 

enhance human’s creativity and problem-solving skills can be highly valuable.         
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Appendix C.1 
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Source: Developed by the thesis author adapted from  (Agrawal et al., 2018) 
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Appendix E.1 

 

 

 
 
Source: Developed by the thesis author adopted learnings from (Wilson & Daugherty, 2018) 

 

 

 

 

 

 

 

 

 

 

 

 



 

 79 

Appendix F.1 

 

 
 

Source: Developed by the thesis author adopted learnings from (Wilson & Daugherty, 2018) 
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Appendix G.1 

 
HUMAN 

Conceptual Occupational Operational Personal 

Understand Value: Identifying 

where optimization can 
generate the most value - 

Understand where the value is, 

because at some point 

optimization by itself might 

became worthless or even 
wrong and the AI won't know 

that - Identify what to monitor 

(value) 

Data selection: Including and 
excluding data that are relevant 

or not relevant for making a 

specific prediction - Identify or 

generate valuable data 

resources to achieve an 
objective - Select valuable data 

needed for optimization 

Content creation: creative 

writing - photography 

Awareness: of different 

cultures and values 

Design Workflows: Identify 

and remove unnecessary 
processes from traditional 

workflows - Come up with 

processes and workflows: How 

to do things? 

Set criteria for judgment: 

Determine a criterion for 

making judgment 

Content Optimization: 

Improve content based on 

recommendation systems 

 

Align parameters with 

objectives: Set the balance 
between too specific and too 

general - The "based on what?" 

thinking - The ability to set 

guidelines - Set up parameters 

for decision making 

Interconnect data sources: 
Create new links between the 

data; links that didn't exist 

before to generate new 

learnings 

  

Use common sense: 
Manipulate the data to drive 

meaningful insights 

Purposeful Generation of 

data: for the purpose of 

training the AI 

  

Set strategic objectives: Long 

term vision - high-level strategy 

- Strategizing - Lean thinking) 

   

Generating how to questions: 

- Questioning - Curiosity - 

asking the right question more 

important than having the right 

answer - Asking the right 
questions and findings ways of 

answering it 

   

Cross functional thinking: 

Take into consideration 
external factors beyond the data 

(data is not everything) - 

Multidomain thinking - See the 

bigger picture - Building 

Collaboration and cross 
functionality 

   

Justification and Evaluation: 
definition of success 

   

Understanding implicit 

intentions: Understand 
emotions through interactions 

(emotions that are not explicit) 

- Translating actions to 

intensions 

   

Setting data strategy: identify 

relevant data 
   

Continuous improvements: 

Come up with improvements 
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Appendix G.2 
 

AI 

Conceptual Occupational Operational Personal 

Generating Predictions   

Processing data: for 

optimization, evaluation, 

validation, or for the aim of 
achieving a specific outcome, 

faster than human and in Real-

time - Analytical tool to 

understand performance and 

guide to optimization 
possibilities - validates human 

assumptions through data 

processing - Solving the in 

between  

  

Building new structures   

Learn: Learn patterns - Can 

learn (but within the data 
constrains) - Learns from 

mistakes, once it learned it 

won’t repeat mistakes. 

  

Recommendation systems   

Understanding explicit 

emotions: based on training 

and sentimental analysis 

  

    Anomaly detection   
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