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Management summary  

Recent massive improvements in computing power, availability of large data sets and new algorithms 

have paved the way for the artificial intelligence hype around the world. In fact, more than 80% of 

CIO’s expect to have already piloted AI in their company by 2020 (Gartner, 2018). Because of this 

enormous hype, a lot of predications are being made on what the technology will mean for human 

occupation in the future. Some go as far as to predict a replacement of a third of the current job 

market by 2025 (Frey & Osborne, 2013; Thibodeau, 2014). However, considering the state of the 

technology current predictions lack a realistic view on job changes. After all, in the short term it is 

more likely that AI will only replace several tasks of human jobs and not entire occupations (Arntz et 

al., 2016). Correspondingly, Stone et al. (2017) suggest research to dive into specific job tasks to get a 

realistic view on job level changes. Nonetheless, no research has yet done so.  

As a first attempt to tackle this gap in literature, this thesis will explore the expected AI technology job 

adjustments on a task level. The practical relevance of this research initiated from the collaboration 

with the consultancy company Valori HPM. They had similar concerns about potential future 

influences of AI technologies for their consultant activities in internal user support and as such 

required answers. The combination of the theoretical gap and practical need for answers resulted in 

the following main research question: 

What is the expected influence of AI technology on workplace tasks in internal user support? 

The socio-technical approach to theory led to three major expectations on near future applications of 

AI technology in the context of internal user support: a change in point of contact, improved 

knowledge management, and automated backend processes. From additional literature, six workplace 

tasks adjustments for support personnel were argued to be affected by the three applications in 

internal user support: personal contact of support, task repetitiveness, workload, work transition, 

proactivity, and complexity. These were also arranged in a conceptual framework according to the 

theoretic ally indicated relations. 

To be able to answer the main research question, a qualitative and explorative cross-case analysis 

approach was taken. Data was gathered at two clients of Valori, UU and DJI, by interviewing internal 

user support staff from each of the three support layers. The goal here was to validate and explore 

the deeper meaning of the six theoretic constructs.  

Firstly, the main findings indicated the personal aspect of support activities would be affected in two 

main ways, a reduction in the frequency of personal contact and increased intensity per personal 

contact. Next, the repetitiveness of support activities was expected to be reduced due to AI 
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technology handling user contact and executing standard requests. Thirdly, the reduction in workload 

due to reduction in personal contact and repetitive work was expected to be refilled with new tasks 

quickly and thus only be temporarily reduced. Additionally, all interviewees agreed that because of 

freed up workload, they would transition into monitoring, managing or improving the IT system. 

Correspondingly, it was expected that support employee would transition from a reactive role into a 

more proactive one by improving upon the existing support and automating more user requests. 

Lastly, the new tasks because of the transition were expected to be more complex. These findings 

resulted in the following revised framework:  

 

Figure 9: Revised framework   

From the theoretical perspective, as a first attempt to tackle the research gap, these findings 

contribute to the knowledge on the expected workplace task adjustments due to AI technology. 

Another theoretical contribution of this research is to serve as a counter argument against all the over-

optimistic projections of the near future implications of AI technology since the support personnel 

expected only several tasks of their job to be replaced by the technology. 

From a practical point of view, the findings help organisations guide their search for the right future 

proof internal user support staff. Due to the future expected changes in tasks three aspects of 

employees are indicated for organisations to investigate: the preferred task distribution, the capacity 

to handle complexity, and the needed skills to match the new tasks.  

The limitations of this research are plenty but the most important one is the limitation to expectations 

on workplace adjustments instead of actual findings on changes due to AI technology. Next, the 

research was limited to only two case studies, both of which in the public domain.  

The limitation of this research creates enough room for future research. Some of the suggestions are 

to: compare the found expectations to a case with actual AI technology influenced workplace 

adjustments, compare the findings of this research to findings in external user support, investigate 

the requirements and prerequisites for implementing AI technology.  
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1. Introduction 

Recent massive improvements in computing power, availability of large data sets and new algorithms 

have paved the way for the Artificial Intelligence (AI) hype around the world. Some call AI the new 

electricity (Ng, 2017), some see it as an upcoming threat for the existence of human kind (Musk, 2017; 

Hawking, 2014). From a large survey, Gartner (2018) reports that 85% of the CIO’s expect to at least 

pilot AI technology in their company by the year 2020.  Whereas Forrester (2017) expects that in 2018 

already, AI enabled chatbots will overtake user conversation and decision making for simple 

standardized tasks formerly done by humans. Predictions were made suggesting one-third of jobs that 

exist today could be replaced by smart technologies such as AI by 2025 (Frey & Osborne, 2013; 

Thibodeau, 2014). 

While these predictions seem to be a bit on the optimistic side, Brynjolfsson et al., (2017a) argue that 

the optimistic view of AI for the future cannot yet be dismissed. These predictions do however, lack 

practical application due to the superficiality of the research. In these reports, the predictions are 

mostly about full replacement of jobs while in many cases it is more likely that in the short term the 

technology will only augment or replace several tasks of human jobs (Arntz et al, 2016; Arntz et al., 

2017). Like the corporate studies, the few scientific studies which investigated the impact of AI did so 

at the economy and not at the level of the individual worker (Autor et al. 2003, Goos and Manning, 

2007). According to Stone et al. (2016), AI research must go further than a job occupation and dive 

into the specific job tasks since it is more realistic to see specific tasks of jobs replaced or augmented 

by AI technology rather than full replacement. However, to my knowledge, no studies have yet 

investigated the impact of AI technology of jobs at the task level. 

Currently, the external customer service industry is already affected by AI technology as shown by the 

reports of successful AI powered chatbots. As an example, fuelled with IBM Watson’s AI natural 

language processing, the chatbot at Bradesco has already replaced over 96% of the service calls 

formerly done by humans (IBM, 2018). On the other side, also lesser positive results have come out 

on the success of chatbots at major technology companies (Simonite, 2017). Whatever the result, 

while AI technology matures, it is logical to expect that human jobs will increasingly involve AI 

technology in the future. However, even though some companies have already implemented some 

forms of AI technology, no research has published how the jobs of current employees were changed 

hereby. 
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1.1 Research goal 

The goal of the research combines a gap in literature with a practical need for answers from an 

organization. Academic research has primarily focused on job market effects of AI technology and as 

such lack practical expectations on the influence of the technologies at the task level. As a first attempt 

to tackle this research gap, this research will focus on how jobs are expected to change on the task 

level by analysing the adjustments of workplace tasks. The domain in which this research will take 

place is dependent on the practical need.  

The practical need comes from Valori HPM, a consultancy company active in the domain of business 

information management (BIM). The main activity of the consultancy company is deploying their 

expert consultants at client companies for temporary projects, interim manager jobs, or transitions 

within BIM. Valori is already an expert in the field of BIM and wishes to stay ahead on upcoming 

technology influences in their field of work. Staying ahead in technological innovation in their field will 

increase their validity as experts towards clients. This role can be further utilized to gather interests 

of current or new clients for new projects where they can deploy their consultants. Next to creating 

new opportunities, keeping up on upcoming technologies is necessary to foresee the changes in the 

future demand for their consultants. Being up to date on the upcoming technology influences 

increases Valori’s time to respond appropriately to future demand of their activities and therefore 

increases the deployment chance of their consultants. Currently, they already have a consultant who 

is actively researching the influence of blockchain technology in their field of work. However, other 

upcoming technologies have not yet been investigated. 

In meetings with IBM, an AI technology supplier, Valori HPM identified potential future influences of 

AI technologies such as chatbots to the internal user support section of their activities within BIM.  

Currently, AI technologies are mostly used for external customer support to access large amounts of 

customers. However, since 2017 large suppliers of call registration tools used in internal user support 

(ServiceNow, Zendesk, and Topdesk) are starting to show features backed by AI technology such as 

integrated chatbots, automated call categorization and smart knowledge management. Although the 

technology is not yet at a state where an average organization can easily implement it, the nature of 

AI technology is that by feeding more data into the system, the technology will learn to improve over 

time. Thus, it is just a matter of time before companies start to make use of AI technology in their 

internal user support.  

These future changes could potentially disrupt the current consultancy activities or create new 

opportunities for Valori. However, Valori does not know how the future implementation of AI 

technology is expected to change the internal user support jobs at their clients. Likewise, academic 
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literature does not provide answers on expected job changes due to AI technology. Therefore, the 

goal of this research is to explore the expected adjustments of workplace tasks caused by 

implementation of AI technology in internal user support.  

 

1.2 Research question  

To serve the previously mentioned goal of this research, a main research question is formulated. The 

following research question is central to this research:  

What is the expected influence of AI technology on workplace tasks in internal user support? 

To help answer this question, several sub questions have been formulated. The first sub question 

answers the main research question from a theoretical viewpoint. Followingly, the second sub 

question takes on the empirical viewpoint from the clients of Valori. Lastly, the third sub question 

compares the differences between the case studies from the second sub question. The sub questions 

are as follows: 

1. What is the expected influence of AI technology on workplace tasks in user support according to 

the literature? 

2. What is the expected influence of AI technology on workplace tasks in internal user support 

according to user support staff at Valori’s clients? 

3. What are the differences between the case companies with regards to their expectations? 

 

Several methods, such as a literature study and a cross-case study, have been used to answer these 

questions. The structure of the research follows the research questions, each chapter deals with a 

single sub question in the same order as indicated above, with exception to the methodology chapter. 

Chapter 2 elaborates on theoretical background on the people, processes and technology at hand to 

answer sub question 1. Chapter 3 describes the methodology of this cross-case study as it explains 

how the research is carried out. In chapter 4, the case descriptions are given which are used to answers 

sub question 2. Chapter 5 presents the cross-case analysis which corresponds to sub question 3. 

Chapter 6, the final chapter, discusses the findings of the research and combines all sub questions to 

give an answer to the main question of this research. 
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1.3 Scope 

In line with the activities of Valori, this research limits itself to analysing three specific job roles in 

internal user support. These include the following: Key users, ServiceDesk, and Business Information 

Managers. These are primary line of support, first line of support and second and/or third line support 

respectively. The other second and third line support, the technical and application management 

support job roles, are not in line with Valori’s activities and thus, are excluded from this research. The 

three job roles included within the research will be elaborated upon in the first section of the 

theoretical background.  

 

2. Theoretical background 

The theoretical background divides into three main sections in line with the three elements of the 

socio-technical systems theory: Process, Technology and Task (Bostrom & Heinen, 1977). This choice 

is based on the idea that a socio-technical approach leads to solutions more acceptable to end users 

and delivers more value to stakeholders (Baxter and Sommerville, 2011). The first section of this 

chapter corresponds to the process. It elaborates on common frameworks used for organising 

processes in the internal user support and explains the job roles within the domain. Secondly, the 

definition of AI and theoretical AI technology expectations will be explained as part of the Technology 

side. This section will end discussing the overlap between internal user support and AI technology. 

Thirdly, the overlap between AI technology and workplace tasks is explained. This is done by going 

into the theoretical expected adjustments of workplace within the domain of internal user support. 

Next, these three categories are combined into a conceptual framework describing the AI technology 

influences on workplace tasks within domain of internal user support. Finally, a summary is presented 

which relates back to sub question 1. 

 

Figure 1: Overview topics of the theoretical background 



   

 

5 

 

2.1 Internal user support 

Internal user support is an important segment of Information Technology Service Management (ITSM) 

a subtopic of the Service Science that deals with the management of operational IT services within 

organizations (Galup et al., 2009). In contrary to traditional technology-oriented approaches, ITSM is 

a process-oriented approach to managing IT operations as a service. In IT ownership, ITSM accounts 

for about 60%-90% of the total costs (Fleming, 2005). The most common known framework for ITSM 

is the Information Technology Infrastructure Library (ITIL). The framework is based on a collection of 

best practices in IT operations of the British government. ITIL was created due to the increasing 

dependency on information technology within the governmental institutions. It facilitates high quality 

service while keeping costs under control. Primarily, the framework is used as a glossary to uniform 

language in the IT service industry. Additionally, ITIL creates a set of uniform processes for consistent 

IT service delivery across many organizations. Several certifications have been developed to validate 

organizations meet certain ITSM quality standards, all are based upon the ideas of ITIL (Galup et al., 

2009). In order from old to new, some examples of these certifications are ISO 9001, BS 15000 and 

ISO/IEC 20000.   

The latest version ITIL v3 edition 2011 contains five main management phases: service strategy, 

service design, service transition, service operation, and continual service improvement. For this 

research the focus is mostly on the service operation phase which is the set of processes which deal 

with day to day operational IT activities of an organization. These day to day operational activities in 

IT service management can be specified into a set of processes and can be explained in terms of 

functions. Both methods intertwine since these functions take place in the set of processes. Table 1 

below shows the compartments with both division methods. The function division specifically helps 

to understand the scope of this research. However, first more clarification is needed on 

complementary frameworks to be able to specify the scope. 

 

Processes Functions 

Event Management 

Incident Management 

Request Fulfilment 

Problem Management 

Access Management 

Service Desk 

Technical Management 

Application Management 

IT Operations Management 

Table 1: Different Service Operations divisions (ITIL, 2011) 
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The information supply model (Delen & Looijen, 1992) in Figure 2 is a model which gives an overview 

of the business-IT relation. In general, the IS-model shows two main groups involved. One part which 

has a demand for IT services and the other part which supplies the services. The dynamic relationship 

between the supply and demand of IT is often also referred to as business-IT alignment which 

originates from the strategic alignment model (Henderson & Venkatraman, 1993) as this shows a 

similar split of business and IT activities. 

  

 Figure 2: Information Supply Model (Delen & Looijen, 1992) 

 

The supply of IT is often referred to as just “IT” which is split up into Application and Technical 

Management. Technical management is the combination of internal and external suppliers who 

manage the technical infrastructure of IT. The products delivered by infrastructure management are 

the technical components part of the automated information systems for saving, processing and 

transporting data and providing information. This includes the computer hardware, basic 

programming and communication needs including the procedures and communication that are based 

around it. The second IT supplier is application management, which is responsible for supplying 

software and applications to organizations. This part of the organization maintains, changes and 

adapts application designs and software. Although the function of application management is 

mentioned in ITIL, further details on this topic are dealt with in a related framework, the application 

services library (ASL). Both application management and technical management directly relate to the 

similar operational functions from ITIL as mentioned in Table 1. 



   

 

7 

 

The user organization mostly referred to as Business is split up into end users, business information 

management (BIM) and organizational management. The demand for IT products and services 

originates from end users as they require IT products to do their work. Synonyms often used for end 

users are business users or just users. Business information management, also known as functional 

management, manages the user demand of IT products in an organization and does so while keeping 

in touch with management and IT suppliers. BIM talks to end-users about what IT they need and want 

and translate that demand into service level agreements (SLA) with the application and technical 

suppliers. It is important to understand that BIM reasons from the business side of the organization 

and thus always tries to work towards an improvement for end users. Currently, most improvements 

that BIM arranges involve IT solutions, but the improvements do not necessarily have to involve IT 

(ASLBiSLfoundation, 2014). The most common best practices framework used within BIM is the 

business information services library (BiSL). The set of activities within BiSL that are relevant for this 

research are in the end user support compartment on the operational level. The goal of these activities 

is to arrange the optimal way for users to make use of the current information supply. Although the 

focus of this research is mainly on the end user support segment of the operational activities, the 

complete BiSL framework can be seen in Figure 3 below as a reference. 

 

Figure 3: BiSL framework (Aslbislfoundation, 2014) 
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2.1.1 Key users 

In many organizations, some of the direct contact of users with support is taken over by key users. Key 

users are expert users who are given an additional task or expert users who full-time support users 

with their specialized IT knowledge. Key users can be the main source of information regarding IT of a 

certain application, business process or department. Helping users with IT services is central to the 

activities of key users. The exact activities for their job role differ widely between organizations and 

are thus hard to quantify. The benefit of key users is that they take away some user support from first 

and second line of support. In addition, key users often have the most knowledge regarding their 

specific domain and thus are best able to answer and help with user requests.  Whereas a ServiceDesk 

is often centralized for an organization in a separate department, key users are often located near 

other users and thus able to supply direct support.   

 

2.1.2 ServiceDesk  

A big part of internal user support revolves around the internal ServiceDesk. It is the central point of 

contact where users place service requests regarding the internal IT systems of the organization (Van 

Bon et al., 2005). These service interactions with the ServiceDesk are often referred to as “calls” and 

will be reported by the ServiceDesk operators in a central ticketing system for future reference. The 

ServiceDesk reactively responds to calls from the user as they contact the ServiceDesk through one of 

the various communication methods such as phone, e-mail, self-service or chat. The ServiceDesk is 

considered the first layer of IT support and is typically the main communication channel of the user 

with the IT organization (Steinberg, 2011). Once a user’s call has been resolved, the ServiceDesk is also 

responsible for communicating the solution to the user.  

The traditional task of the ServiceDesk is to resolve the call as fast as possible (Tang & Todo, 2013). 

This entails that the ServiceDesk operator must find out what the call is about. After which they can 

either solve it themselves or in case of complexity rotate it through the central ticketing system to the 

correct colleague or external IT supplier of the second layer of IT support. The second support layer 

here acts as a specialized support line with additional knowledge, expertise and authorization on that 

specific part of the IT services in the organization. However, in many modern cases user organization 

are trying to solve calls at lower levels of support. This trend called shift-left reduces the costs of 

average calls and frees up time for support personnel to work on more important calls. 
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2.1.3 Business Information Manager  

Business information management is one of the three parties in the second line of IT support, the 

others are application and technical management which are both not included in this research. 

Business information managers are the employees who act as a mediator between users and the other 

two second line of support. According to the ASL BiSL foundation, BIM has the following set of tasks: 

• User management 

• Providing information or answering questions about his or her specific business processes, the 

role of people within that process and the application within the process 

• Manage authorization of users  

• Call management 

• Keeping in contact with suppliers, specialists and end users 

• Creating ad hoc reports for strategic or tactical management 

• Change management 

Although mostly the BiSL framework is used to describe the activities of BIM, most organizations have 

their own idea regarding the tasks of BIM. Some organizations put the focus of BIM more on managing 

changes in IT services, some focus more on authorization of users, whereas other organizations use 

BIM to actively answer user questions regarding IT services.  

To conclude, internal user support is an important segment of Information Technology Service 

Management which uses best practice frameworks for a set of uniform processes for consistent IT 

service delivery across the organization. There are two main parties involved demand (users) and 

supply (IT).  Users demand IT products to do their work whereas the supply of IT services can be divided 

into application, technical and business information management. Within the scope of this research 

there are three main support personnel roles: key users, ServiceDesk and BIM. Key users are special 

users with more IT knowledge and support other users with IT. They can be the main source of 

information regarding IT of a certain application, business process or department. The ServiceDesk is 

the first layer of IT support. They register the calls of users in a central ticketing system and either 

solve or redirect the call to the second layer of IT support. Business information managers are 

responsible for business IT alignment through interaction with both users and IT suppliers. In Figure 4 

below, a schematic overview of the flow of calls can be seen including the job roles included. 
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Figure 4: Overview roles included in a schematic process flow of calls (excluded segments crossed out) 

 

 

2.2 Artificial intelligent technology 

What exactly is described as AI is different to many people. Therefore, the first section will elaborate 

on the definition of AI to create a common understanding throughout the thesis. The second part 

explains what the three main expected applications of AI technology are in the domain of internal user 

support using a task breakdown (Agrawal et al., 2017) and AI capability breakdown (Burgess, 2017). 

Both segments will be used in the interviews as further explained in the methodology chapter. 

2.2.1 Definition of AI  

There has been a debate over what is seen as 'Artificial Intelligence' since McCarthy coined the term 

in 1955. The debate is characterized by disagreement on AI definitions and conflicting ways to 

organize sub categories. To add to the fuzz, marketers confuse people by over labelling new 

technology with the term. To create some clarity, this section will shed light upon the 

several discussions concerning the definition of AI.  

The Oxford English dictionary defines Artificial Intelligence (AI) as "The theory and development of 

computer systems able to perform tasks normally requiring human intelligence" (Oxford dictionaries, 

2018). However, this definition raises philosophical questions about the meaning of intelligence. 

Encyclopedia Britannica (Copeland, 2018) has a similar definition except it improves upon it 

by specifying intelligence as beings that can adapt to changing circumstances. A more practical 
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approach to a definition is that of the former head of Baidu, Andrew Ng: “Anything that a typical 

human can do with at most one sec of thought, can probably now or soon be automated with 

AI.” However, Ng's statement does not help define what AI is. Rather it helps set the boundaries of 

the current capabilities of the technology. Another way to define AI is through their objective, which 

can split up into three parts (Hammond, 2015):  

• A system that replicates human thought ('strong' AI)  

• A system that takes over human work without human reasoning ('weak' AI)  

• A system that uses human reasoning for guidance but not as end goal (most used)  

The problem with systems that replicate human thought is that they have not yet been created 

(Burgess, 2017). This is due to a lack of knowledge on brain functionality and lack of computing power 

to create such a system.  Besides, human thinking might not always be the best way to approach 

a task. Take for example the victory of (the weak AI based) IBM Deep Blue's over the best human 

chess player (IBM, 1997).   

In various cases weaker non-human reasoning systems just perform better than human-

reasoning systems. Shown by the well-known case of AlphaGo by Google DeepMind created to be 

able to play the complex ancient Chinese game of Go. The first versions of the AlphaGo program beat 

the 18-time world champions using expert Go player input. Regardless, the latest version 

of AlphaGo Zero was created without human input by self-play training, exceeding total human Go 

expertise after 40 days (Silver et al, 2017). In a press conference, the lead programmer 

of AlphaGo Zero declared its programs success due to “removing the constraints of human 

knowledge”.   

Two factors are often shared in the success stories of weak AI. Firstly, the application of the AI is very 

narrow in that it can perform one task. Secondly, the space in which the AI acts is predefined with 

rules and constraints. Especially the latter is important in limiting the choices thus reducing the 

needed time to compute the outcome of possible choices and learn from former instances. Although 

the environment of games suits perfectly to the aspects of weak AI, in many other cases using the 

input of human intelligence might provide a better solution. Hence, the most used AI objective out of 

the three combines the aspects of both strong and weak AI. Rather than using human reasoning as 

a goal such as in the strong AI approach, the thinking of humans is only used when it gives advantages 

over using a computer approach.   

An alternative distinction of AI is possible in terms of its usability. The first, artificial general 

intelligence (AGI), can best be compared with human intelligence in that it can be used to 

solve various tasks. However, the reasoning process behind AGI does not necessarily have to be built 
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on human reasoning.  So far there has been one reported practical approach to AGI in which the 

AI program was able to transfer learnings from one game to another game (Fernando et al., 2017). 

The opposite of AGI is artificial narrow intelligence (ANI), the type of AI which is designed for a specific 

task. Apart from the article mentioned earlier, up to now all other efforts in AI can best be placed in 

the ANI category. Though what remains is the question: which narrow tasks can be assigned to ANI 

and are just narrow tasks executed by an (unintelligent) machine? Again, the answer to this question 

comes down to a debate over the definition of Artificial intelligence.   

Apart from considering the former discussions on AI, also the use of the definition in this research 

must be considered in choosing the ideal definition of AI for this research. Since the approach involves 

questioning human expectations of AI technology, it is best to take a definition which prevent 

participants from far beyond current AI technology expectations. The definition must therefore be as 

specific as possible and focus on near future practical capabilities of the 

technology. To prevent further confusion about the definition of AI further onwards, the following 

definition is taken in this thesis:   A computer system which can perform specific tasks which take a 

normal human less than one second of thought.   

In this definition the word intelligence from the Oxford dictionary is replaced with Ng's idea of current 

AI capabilities while including 'specific' to prevent any confusion about the near future possibility of 

general intelligence. The definition of AI in this article highly depends on the current state of the 

technology. As time passes, this definition will have to be adopted accordingly for future research. 

 

2.2.2 Main applications of AI in internal user support 

As argued before, current and near future capabilities of AI technology are within the one second 

thinking capability of humans and thus also the technology expectations for job tasks changes in user 

support should fall within this rule. To guide the expectations of support staff in this regard, here is 

argued which main applications are impacted by AI technology within internal user support. These 

decisions are explained using a task breakdown (Agrawal et al., 2017) and an AI capabilities breakdown 

(Burgess, 2017). 

According to Agrawal et al. (2017) human or computer tasks can be split up into several steps: data, 

prediction, judgement, action, outcome and feedback. In the first step of any task, data is collected to 

make predictions about w. Due to recent advancements in machine learning, AI is better at making 

abundant predictions compared to humans. The value of those predictions increases with the 

availability of data.  Followingly, judgment is needed to make the right decision of action while 
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considering the possible outcome of predictions. Currently, people are better at judgment than 

computers but the “part of a task that requires human judgment may change over time, as AI learns 

to predict human judgment in a particular context” (pp 6, Agrawal et al., 2017). The last step in the 

task breakdown involves improving future predictions by learning from feedback of outcomes and 

actions. The idea behind improving predictions for AI is called machine learning. The different steps in 

tasks are described in Figure 5. 

 

Figure 5: Task breakdown: Prediction to outcome (Agrawal et al., 2017) 

 

Instead of a task breakdown, the AI framework of Burgess (2017) breaks down the main categories of 

AI capabilities. These revolve around understanding why something is happening, what caused it, and 

which capture method is used to do so. Each capture method is used to create an understanding of 

the data and does so through any of the three methods: natural language understanding (NLU), 

optimisation, or prediction. Particularly NLU, also known as natural language processing, has gained a 

lot of improvement in the last years (Burgess, 2017). It gives a computer system the ability to 

understand the meaning of what a user is requesting instead of relying on specific keywords or human 

interpretation of the request.  

 

Figure 6: Capability breakdown: The AI Framework (Burgess, 2017) 
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Since this research does not emphasize the underlying technology but rather focusses on people who 

are affected by the technology, both task and technology capability breakdowns are combined. The 

combination of these breakdowns and examples of soon available AI technology for internal user 

support resulted in three main applications. The three main expected applications identified for user 

support as will be explained below are point of entry, knowledge management, and backend process 

automation. All three applications are in line with the recent AI-based additions to call registration 

systems, AI definition used, and expectations for applications in the ITSM domain by Shaw & Marcel 

(2017). 

 

1) Point of Entry 

Currently, contact with users within internal user support is either through e-mail, standardised online 

self-service forms or through telephone contact with support staff. These contact methods are 

expected to change due to new technological capabilities in similar manner as it is already happening 

for external user or customer support. The main capability responsible for that is natural language 

understanding. Improvements in natural language algorithms through a revolution in deep learning 

have improved the language understanding of user interaction with chatbots or AI assistances in the 

last few years (Brynjolfsson & Mitchell, 2017b). Current user self-service involves filling in an online 

open or structured request after which a human support employee tries to predict and understand 

what the user is asking.  

In the new AI point of entry, chatbots are used as an improved version of self-service for users. These 

assistants can ask for clarifications immediately, possibly in speech, and give the user the answer 

without the need to wait for a human response. Not all user entries will be within the capabilities of 

current chatbots to answer, but for the simpler request users will have 24/7 access to direct IT support. 

The simpler request here are the requests for which the former human judgment can easily be defined 

for a computer to understand.  The contact with users for more complex calls will still involve chatbots 

enquiring with users after which human support tries to understand and come up with answers.  The 

new point of entry will make it possible to personalise the user experience based on feedback learning 

from previous interactions and thereby improving the understanding of future requests for the 

specific user. 
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2) Knowledge Management  

Currently, managing knowledge in a support organisation is a manual effort for support personnel 

which requires constant iteration as knowledge does not remain constant. The result can be a 

companywide “wikipedia” of IT knowledge or just dispersed knowledge on several locations. In either 

way, finding specific knowledge requires knowing the location and the exact search term to use which 

makes it hard for users to find the needed information and hard for support to manage.  

There are already AI powered knowledge management solutions which automatically create a 

searching knowledge base. Some call registration tools (e.g. Zendesk & Topdesk) already equip AI 

enabled knowledge management functions to the benefit of both user and ServiceDesk. Over time 

with more enquiries, the judgment of the right knowledge item will improve based on feedback from 

earlier enquiries. In addition, natural language processing improves the searchability of the knowledge 

base since the specific keyword is no longer a requirement for finding the exact information. It is 

possible and logical that the point of entry for knowledge will be the same as for contacting support 

to share prediction improvements. 

 

3) Backend Process Automation 

Many service requests involve a series of manual tasks to be performed by support personnel. An 

example would be to give someone access to specific folder on the cloud. The judgment behind these 

actions is usually based on several simple criteria, such as the criteria that a person is part of a 

department or project. Due to the definable nature of the judgment procedure, these series of steps 

can be facilitated by a machine. 

Automating this kind of processes is often called backend process automation or robotic process 

automation (RPA). Through capturing the steps of human judgment into a system and using a digital 

point of entry, these service requests could be dealt with without the need for human manual 

intervention. Out of the three for support, this application requires the least amount of AI 

intervention, but it is possible to combine it an AI powered point of entry to remove the need for 

several specific service request forms. 

Concluding this section, three main expected AI technology applications are identified for internal user 

support. Firstly, the point of entry for users is expected to shift towards chatbot based self-service. 

Secondly, the management of knowledge management will be automated, and the knowledge base 

will have increased searchability through NLU. The third expectation is the involvement of AI to 
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automate formerly manual backend tasks. The next section will discuss the expected adjustments of 

the workplace tasks of user support personnel due to these three applications. 

 

2.3  Adjustments of Workplace tasks  

Now that the main applications of AI technology in internal user support are clear, the task 

adjustments due to these technologies within user support will be discussed. However, the theory 

available on this topic is rather limited due to three main reasons. Firstly, the focus of other AI research 

is on the (creation of) technology itself rather than the impact on people affected by it. And secondly, 

if research does aim to investigate the influence of AI on people it is from a user perspective and not 

the perspective of support personnel. Thirdly, if research dives into predictions of AI technology on 

support personnel it does so for external support personal or customer service organisations and not 

internal user support. However, this latter reason does not seem that alarming due to the large 

similarities of the services provided. Which is why this section will discuss the AI technology 

expectations for adjustments of workplace tasks for external user and customer support. This section 

forms the basis for creating the conceptual framework which guides the expectations for data 

gathering and analysis in the empirical part of this thesis. 

Brynjolfsson & Milgrom (2013) argue that the adoption rate of technology depends on the amount of 

complementary changes needed on several dimensions for it to work. Therefore, adoption of for 

example self-driving cars is expected to take a long time as many complementary dimensions need to 

be changed: redesigning traffic laws, changing insurance policies and adapting roads. Whereas the 

redesign of a customer experience from human to machine interaction is far smaller (Brynjolfsson & 

Mitchel, 2017b). Thus, the automation of services has picked up the pace in recent years, giving IT 

users the needed support in doing their regular tasks (Burgess, 2017). 

Last year, voice recognition surpassed the 5% error rate with the help of deep neural networks, which 

means machines have now surpassed human error rates in voice recognition (Brynjolfsson & Mitchell, 

2017b). As natural language and speech processing techniques continue to develop further, they will 

further revolutionize how support agents will handle customers. Predictions are that in two years 

more than half of large enterprises have employed these technologies in the form of chatbots, 

drastically reducing the need for first line support (Gartner, 2018). A solution which could potentially 

improve customer satisfaction as nobody likes to wait in line to speak to an operator.   

Due to rapid expansion and improved complexity of information technology, the interaction needed 

between the ServiceDesk and users has increased (Uebernickel and Brennerm, 2014). Similarly, over 
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the years, people have also raised their expectations of support services and thus want their calls to 

be addressed more quickly (Leung & Lau, 2007; Brynjolfsson et al., 2017a). For which AI powered self-

service can be a suitable option without the need for humans to intervene (Burgess, 2017). However, 

despite those facts, certain age groups (Brougham & Haar, 2016) still prefer to speak to a human 

operator (Brynjolfsson et al., 2017a).  Accordingly, the increasing use of user self-service over personal 

contact is bound to change the activities of internal user.   

Chatbots are becoming more important in development of a solution to customer problems through 

the rise of natural conversation (Ransbotham et al., 2017). Many of the current customer calls are 

regarded as ‘simple and routine’ and can already be solved with the available online information 

(Leung & Lau, 2007). As a matter of fact, according to a study of Australian universities about 50% of 

all enquiries were about login or password issues (Dawson & Lewis, 2001). Chatbots could easily take 

over these simple enquiries and take the robot out of the operators (Willcocks and Lacity, 2016). It 

can be expected that in the context of internal user support reducing the simple and repetitive tasks 

is also possible. 

As a result, freeing up time for user support will enable them to focus on more complicated and critical 

tasks to better serve users when they call but also when they do not realize they need assistance 

(Frankish & Ramsey, 2014). Thus, the reduced workload can be used to transition to more complex 

tasks. Rather than just waiting for employees to turn to support, AI technologies will free up capacity 

to offer solutions that proactively prevent need for customer service. At the same time, narrow 

artificial intelligence will allow user support, through natural language processing, to understand their 

calls and offer answers based on the data collected from previous interactions and knowledgebase 

embedded in the service organization (Negnevitsky, 2005; Davenport & Klahr, 2014). User support can 

thus anticipate specific user needs through analysis of their history, context, and preferences (Michie 

et al., 2017). Therefore, the technology will create a richer experience and will allow user support to 

engage users at a more personal level.  

According Levy (2018), AI is disrupting the customer service industry with its power to quickly respond 

to automated calls and by giving the option to multi-task. Therefore, the technology will also greatly 

change the internal IT support environment by allowing the personnel to perform other roles and 

responsibilities in the company. As a result, those tasks that are not easily replaced by AI, the 

complements of AI, will become more valuable in the organization (Brynjolfsson & Mitchel, 2017b). 

Consequently, the adoption of AI systems will reduce need for human operators and will make the 

user support less reliant to changes in the number of users supported due to scaling of AI systems 

(Stone et al., 2016).  
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According to Agrawal et al. (2017), the prediction part of a support tasks will shift towards systems 

powered by machine learning since they are better than humans at prediction. However, machines 

are not good at making any kind judgments such as ethical, emotional judgment. So, this is where 

humans will be needed in the process of making decisions in organizations. Placing the ideas of 

Agrawal et al., (2017) into the context of this research, they expect internal user support personal to 

transition from predictions tasks towards tasks that require human judgment. 

Another field of AI is that of automation, software with ability to run automated tasks that are simple 

and repetitive, which serves as an excellent example of artificial narrow intelligence. The technology 

will be used to automate repetitive tasks such as looking for application details, searching the 

knowledgebase and performing other countless user support requests (Siau & Yang, 2017; 

Negnevitsky, 2005; and Shim et al., 2002). This will reduce the need for simple repetitive actions or 

answers from support personnel. 

Furthermore, AI in user support will deliver more consistency, accuracy, and speed compared to 

human operators (Gambus & Shafer, 2018). With narrow artificial intelligence technology handling 

more requests, the service desks will have more time to engage with customers they talk to, 

proactively educating them (Ngai et al., 2009). Besides, narrow artificial intelligence can suggest user 

support what action to take by learning about earlier responses from the user generated calls (Agrawal 

et al., 2017). As a result, these proactive user support actions expand the amount of calls the AI system 

can solve (Marinchak et al., 2018). 

 

2.4  Conceptual framework 

Based on the expected influences from AI adjustments in workplace tasks from the previous section, 

six major themes were found to influence the activities of support personnel. These concepts were 

further reduced to its basic constructs to facilitate further research. These constructs are: personal, 

repetitiveness, workload, proactivity, transition, and complexity. According to the literature, each of 

the constructs has a relation to one of the other constructs. As such, in Figure 7 below, the constructs 

and corresponding relationships are depicted in the conceptual theoretical framework. Below, each 

construct will be shortly explained. After the cross-case study, the conceptual model will be revised 

based on the findings. 
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1) [Personal] 

Due to AI technology replacing the contact of users with support staff there is a reduction in the need 

for personal support (Burgess, 2017; Brynjolfsson et al., 2017a; Michie et al., 2017). The changes to 

the point of entry due to chatbots with natural language understanding directly influence the personal 

aspect of work for support personnel. 

2) [Repetitiveness]  

The simple repetitive tasks of support staff are being automated thus reducing the number of 

repetitive tasks (Willcocks and Lacity, 2016; Siau & Yang, 2017; Negnevitsky, 2005; and Shim et al., 

2002). The point of entry, knowledge management and back end process automation all help in taking 

over the simple repetitive tasks from the support staff.  The point of entry by taking over the simple 

contact with the user. Knowledge management by answering simple information questions. Lastly, 

back end automation by processing simple user requests instead of humans acting upon those. 

3) [Workload] 

The reduction in both personal support and repetitive tasks for support, frees up capacity for user 

support (Frankish & Ramsey, 2014). The workload is related to the personal and repetitiveness 

constructs as those create the free workload. 

4) [Transition] 

Support personnel are free to perform other roles and tasks due to a reduction in workload of current 

tasks (Levy, 2018). Transitioning into other tasks and roles is only possible when time is available to 

do so, hence transition is connected to workload. 

5) [Proactivity] 

Support activities are mostly reactive to the demand of users, however due to a reduction in workload, 

more time will go into proactively helping users (Negnevitsky, 2005; Davenport & Klahr, 2014; Agrawal 

et al., 2017). In this way proactivity is a result of workload in the framework.  

6) [Complexity] 

The simpler tasks will be left to AI technology while support personnel transitions to the more complex 

tasks within the organisation (Willcocks and Lacity, 2016). The transition results in more complex tasks 

for support personnel and is thus portrayed that way. 
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Figure 7: Conceptual theoretical framework 

 

3. Methodology 

The previous chapter discussed the theoretical background of this research by elaborating on the 

domain of internal user support, AI technology and the expected influence on workplace tasks. This 

chapter specifies the methodology used for this research. First, the research design is explained 

including subsections elaborating upon the research approach and strategy, research plan, and 

sampling and case selection. Subsequently, the data collection and analysis are explained. Lastly, the 

quality criteria of research are discussed. 

 

3.1 Research design 

The following question is central to this research: What is the expected influence of AI technology on 

workplace tasks in internal user support? Previous empirical research focuses on making predictions 

of AI technology on entire job markets or industries. However, these technology predictions are based 

on the idea of full replacement of humans instead of partial replacement or augmentation of human 

tasks. So far, there is no academic evidence which makes these predictions based on the influence on 

task level for a specific set of jobs. Answering the main research question of this study will help to fill 

this gap and will extend the research field of AI by adding valuable information on the influences of 

the technology on job tasks from the perspective of IT personnel. 

 

3.1.1 Research approach and strategy 

The task of the research approach is to indicate the order and steps of the design process in such way 

that it leads to reliable, effective and efficient conclusions (Eekels, 2002). Most importantly, the 

research approach should fit the objective of the research. In line with Eisenhardt’s case study 

methodology (1989) this research will combine aspects of case study analysis with elements of 

grounded theory, therefor creating a methodology that combines inductive properties from grounded 

theory with the deductive properties from theory. His methodology starts with a specific research 
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problem and question, derives constructs from theory, and uses a set of cases. Case studies are best 

used to examine real world situation and are specifically useful in determining the factors that 

influence a phenomenon (Yin, 1994). Whereas grounded theory helps to close the gap between 

theoretic and empirical findings (Strauss & Corbin, 1990). In addition, this method is useful for studying 

interpersonal relations, effects between individuals and larger social processes (Charmaz, 1996) and 

the method to do so is from the viewpoint of the experiencing person (Bigus, 1994). The qualitative 

research methodology fits the explorative objective of this research approach as it tries to explore an 

area of research that is not yet well understood.  The exact steps taken will be elaborated upon in the 

research plan. 

 

3.1.2 Research plan 

The research plan consists of three consecutive steps as shown in Figure 8 below. Each step will be 

elaborated upon further.  

  

Figure 8: Research plan  

 

Step 1: Literature study. First, theoretical background is discussed on the processes, 

technology and people aspects of the research. Which is the theory on internal user support, AI 

technology, and AI technology influences on workplace tasks. From this literature a conceptual 

theoretical framework is developed. All major technology influences on workplace tasks in user 

support from the theory are picked out and reduced to a mere construct. Followingly, these constructs 

were given relations according to the theory suggestions to form the conceptual theoretical 

framework. For each construct a question was created (see Appendix A) for the validation part of the 

in-depth interviews in step 3 of the research plan. The theoretical background is found in chapter 2 

and gives an answer to sub question 1. 

Step 2: Conduct In-depth Interviews. The selection of the interviewees is explained after the 

explanation of the research plan. The interviews follow the interview structure used in former IT 

service management research (McNaughton et al., 2010): Context building, Switch, Observe and 

Validate. After introductions, first some basic questions were asked which help to get an 
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understanding of the persons experience on the topics (see Appendix A for the questions). Next, the 

AI definition used in this research was given followed by the three main expected applications of AI 

technology in internal user support as common context for interviewees. Followingly, the interviews 

switched towards an open discussion by the interviewee regarding sub question 2. Here the original 

part of the research question ‘user support staff at Valori’s clients’ is substituted for the word ‘you’ 

which creates the following question: What is the expected influence of AI technology on workplace 

tasks in user support according to you? Lastly, the interviews were closed off by a segment in which 

the theoretical constructs from step 1 were validated and further explored for more specific findings. 

The specific questions used for validation are found in Appendix A. 

Step 3: Case description and cross-case analysis. In this step the findings of step 2 were written 

down as case descriptions in chapter 4 and the cross-case analysis was performed in chapter 5. The 

clarification on the analysis can be found later in this chapter. The main findings of the case description 

were used to answer sub question 2 whereas the main findings of the cross-case analysis were used 

to answer sub question 3. Additionally, changes to the conceptual framework were made according 

to the findings.  

3.1.3 Sampling and case selection 

Case companies are selected based on several criteria. Firstly, due to the scale required for AI 

technology to be effective, the company had to have large number of employees. AI technology 

thrives on large amounts of data which makes smaller companies who tend to have less need for user 

support less likely to be affected. Secondly, the company had to have internal IT support for its 

employees. Again, large companies here tend to have more internal IT support personnel and are thus 

more suited for this research. Lastly, the companies were selected from the current client base of 

Valori. Based on this, five clients of Valori were contacted out of which two companies agreed to 

participate. 

Within the case companies, interview participants were selected based on the snowball method. 

The managers of IT support and other highly experienced employees at the case companies were 

asked to recommend the most experienced key-users and support personnel of their organization. 

High experience in the current field of work is an important selection to get expert views of their part 

of the organization. Each of the participants recommended were contacted and each participant was 

asked to recommend another. None of the interviewees at the case companies were consultants of 

Valori to prevent bias.  Which exact participants were interviewed will be discussed in the individual 

case descriptions. 
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3.2 Data collection 

This research is exploratory in nature as it tries to develop knowledge on AI technology influence on 

workplace tasks in the internal IT support domain. Therefore, the selected data collection methods 

are qualitative in nature to facilitate understanding of the situation by describing non-numerical data 

and collecting participants expectations. Although not described in the research plan, prior to the in-

depth interviews, several open interviews took place with other managing personnel to get a better 

understanding of the organizational support structure for both cases. As a follow up of these 

interactions, to further improve the knowledge of the support organization, the researcher was given 

access to the call registration applications, documentation on the support processes, and the actual 

support service locations were visited for both case companies. These findings were used to increase 

the understanding of the internal user support situations for the case companies and helped facilitate 

increased depth of questioning in the interviews.  

As described in the research plan, the data collection method also involved two-stage in-depth 

interviews. If the interviewee managed a specific piece of software unknown to the researcher, a 

demonstration of the application took place prior to the interview to also facilitate the possibility of 

in-depth questioning. All interviews were approximately 60-75 minutes long and audio recorded with 

prior oral consent of the participant. All nine interviews were fully transcribed in transcript documents 

ranging from 15 to 20 pages each.  

The first stage of the interview started with a background on the participant, as this helps create 

reliability (Saunders et al., 2011). The first background question considered the age of participants in 

three categories (0-30; 30-50; 50+) in line with the argumentation of Brougham & Haar (2016) that 

certain age groups have different perceptions of future technology in the workplace. The other 

background questions were related to the task of their current job to get an understanding of the 

tasks that could be replaced. Next also the experience was capture by asking their years of experience 

in the field of support. Lastly, the background in terms of education was tackled by asking about their 

educational and employment background. The background of this interviews was continued by 

explaining to each interviewee the same definition of AI and the three expected channels of influence 

in support as mentioned in chapter 2.  

The second stage of the interviews started with an open discussion regarding the main research 

question. Here, the prior data collection on the organization, process, application and background of 

the participant helped guide questioning within the interview. The second part of the interview 

revolved around verifying the constructs from literature and exploring these constructs further. In 
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Appendix A, the context interview questions, the outline and specific validation questions of the 

interviews can be found. 

 

3.3 Data analysis 

At first, the audio records of the interviews were fully transcribed close to the recording data to 

prevent the loss of relevant experiences. To make sense of the data, initially all the transcripts were 

open coded and classified. Next, all parts of the transcripts classified as non-relevant were taken out 

here. A lot of conversation included ideas about requirements or preconditions for AI implementation 

but since they do not help explain the workplace task adjustments these will be mentioned in the 

recommendations for future research. Some other parts classified as non-relevant are elaborate 

examples or prior experiences with other new technologies such as virtual reality and blockchain 

technology.  

Next, in an inductive process of repeatedly going through the relevant parts of the transcripts, the 

researcher interpreted a list of codes from the transcripts and labelled them accordingly (Thomas, 

2006). These codes were followingly categorized based on the concepts. The resulting codes were 

mutually compared and merged if possible. Followingly, these codes were then placed in relation to 

the categories of the theoretic constructs to demonstrate the meaning of the constructs on a deeper 

level. Unfortunately, all the identified codes fitted the six theoretical concepts thus no new constructs 

were identified. In Appendix B, a coding scheme can be found that shows which codes fitted which 

construct including an example from the transcript for each code. 

Next, the comparison between the cases was done using a cross-case analysis based on the six 

constructs from theory including the underlying codes. The constructs for both cases were reported 

similarly to facilitate a cross-case comparison of the findings (Miles et al., 1994). Due to similar 

reporting, cases could be compared for consistency. At this point, the empirical findings were 

compared to theory and analysed based on the context of the case organisation.  

 

3.4 Quality criteria 

3.4.1 Validity 

Due to the case study approach, the results are very context specific, making it hard to generalize 

findings for a larger population. In addition, the exploratory nature of this research due to the lack of 

prior research on this topic makes the generalizability even harder. Thus, instead of external validity, 
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transferability is best used to allow others to experience similar situation in a different context (Tracy, 

2010). To facilitate transferability, the context of each case is thoroughly described. In a similar 

manner, the transferability is improved, by carefully describing the data collection and selection 

methods. 

Also, the construct validity is ensured through triangulation to minimize interpretation. When 

possible, primary and secondary data collected from employees or online sources were combined. 

Besides, the main findings from the interviews were send to the participant to ensure the internal 

validity through correct interpretation of the findings.  

3.4.2. Reliability 

The reliability was addressed by giving all participants the same background information prior to the 

interview as described in Appendix A. Additionally, exact questions were formulated to verify the 

constructs also found in the same Appendix. The internal reliability was addressed according to 

recommendations of Field and Morse (1985) by verifying findings with participants and by fully 

recording the interviews instead of making notes. 

 

4. Case descriptions 

Three companies were selected at first, but one of those was later dismissed due to lack of availability 

for interviews in the summer holiday. As a result, the case companies used in this research are the 

following: Dienst Justitiële Inrichtingen (DJI) and Utrecht University (UU). The internal user support of 

other two, DJI and UU, will be elaborated upon next. In Table 2 below an overview has been provided 

as a first high level comparison between the case companies.  

  

 DJI UU 

Sector Prison management Education 

Public/Private Public Public 

User count ~13000 ~40000 

Enquiries by Key users Users & Key users 

Main support channels Self-service 
Telephone, E-mail, Self-
service, Chat, Counter 

Table 2: General statistics of case companies 
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4.1 Case Utrecht University 

Utrecht University is a public higher-level educational institution with roughly 33000 students and 

7000 staff members. Most IT functions in UU have been centralized in the department “Information 

Technology Services (ITS). The strategy of the organization is to centralize all IT services which are not 

specific to a single educational faculty. The user support of the central IT services is also organized 

within ITS, also referred to as the ServiceDesk (SD). The SD is the first line of support and handles all 

calls related to the centralized IT services of the organization for both students and employees. ITS 

has nine main groups of services categorized: Accounts and passwords, Teaching and training, Desktop 

support, Connectivity and networks, Email and Web, Consulting, Research support, Servers and Data, 

and Business Systems. The residual IT support which is faculty specific, is provided by the faculty 

themselves. First line of support is provided by appointed key users who in turn interact with the 

faculty specific support personnel if needed. Table 3 shows the structure of UU internal support 

schematically.     

 

Table 3: Structure IT support UU 

In total four participants were interviewed at UU, two participants for the decentralized IT services 

and two for the centralized IT services. Short summary of the work and educational history of each 

participant will be given below. Although all participants have an even wider variety of tasks, the task 

list of participants is reduced to a few main tasks for comprehensibility. In line with expectations 

regarding the recent enforcement of the European privacy law, the names of the interviewees are 

replaced by their respective job role with a number.  

(1) ‘KU1’ is a 50+ year old key user at the UU. Currently, she is operational IT demand manager for 

the faculty of Veterinary medicine. Her task list contains tasks such as: authorization requests, 

hardware and software requests, and information request regarding the faculty IT. She has more 

than 12 years of experience at UU and comes from a background in an IT helpdesk and secretary 

functions. 
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(2) ‘KU2’ is a 50+ year old key user at the UU. Currently, she is IT manager support of social Sciences: 

Education and Pedagogy. Her task list contains tasks such as: decentralized IT requests for 

research, authorization requests, and change project management.  She has over 18 years of 

experience in IT support at the UU and has an educational degree in Fine arts. 

(3) ‘SD1’ is a 30 to 50-year-old ServiceDesk employee at the UU. Currently, he is incident coordinator 

and quality manager of the SD. His tasks involve solving calls which get stuck, reporting the quality 

of SD employee, and change management for the new call registration system. SD1 was one of 

the first to join the centralized SD, his experience there adds up to about 14 years. Previously, he 

studied IT and worked as a system manager elsewhere. 

(4) ‘SD2’ is a 30 to 50-year-old ServiceDesk employee at the UU. Currently, he is coordinator support 

of the ServiceDesk and thus helps organize the activities of the ServiceDesk. In addition, he is 

active in several projects within ITS for the centralized IT services. SD2 has seven years of 

experience at the SD. Previously, he studied IT and worked in IT support in the military. 

 

4.1.1 Personal 

The interviews showed that there is some consensus on the expected influence of AI technology on 

the personal aspect of their job. According to the first key user, simple tasks that now require personal 

attention will be taken over by AI technology, therefore reducing the personal aspect of her job. 

However, the same interviewee also responded: "Tasks which are left will gain more personal 

attention as a result. Lower frequency of personal contact with users but increased intensity for each" 

(KU1).  

The second key user explained that most of her tasks are fully personal support and that she does not 

expect a change in that regard due to AI technology. She explained it the following way: "Once 

processes are automated, these will be in the hands of the central IT organisation and thus be out of 

my scope. I support specific research and educational activities, once IT is centrally organised I take my 

hands off" (KU2). This has to do with the company policy to centralize all IT services when possible.  

The first and second ServiceDesk employees both mentioned that they expect to keep some degree 

of personal support through the physical locations where people can ask for support. But the first 

ServiceDesk employee accounted this only to the wishes of the organisation: "It really depends what 

the organisation wants, the UU finds it important that we give personal support when needed" (SD1). 

The second ServiceDesk employee expected increased user self-reliance due to AI technology resulting 

in less personal contact: "People are able to look through our knowledgebase to find the information 

they need instead of directly contacting us" (SD2). 
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The overall expectation of the effect of AI technology on the personal aspect of support can be divided 

into two: reduction of frequency of personal support and increased intensity per personal support. 

Three of the UU interviewees expected a reduction in frequency of personal support. The main 

explanation was that AI technology increased the self-service opportunities for users and thus less 

human contact was required by users to be supported. On the other hand, one of the key-users 

predicted no change to the personal aspect of her activities due to the project-based support that she 

gives which was hard to computerize.  In terms of the intensity of personal support, one specifically 

mentioned the intensity would increase while the two SD employees explained that the organisation 

has a policy to keep support personal and will do so through keeping several counters for personal 

support.  

 

 
KU1 KU2 SD1 SD2 

Personal 

• lower frequency of 

personal contact 

• increased intensity 

per contact 

decentralised 

activities 

equally 

personal 

• lower frequency of 

personal contact 

• counter support 

still personal 

• organisation 

requires personal 

support  

• lower 

frequency 

• primarily at 

physical 

support 

locations 

Table 4: UU Case findings personal construct 

 

4.1.2 Repetitiveness  

All participants of the UU agreed that the repetitiveness of their work would decrease due to the 

adoption of AI technology. The first key user mentioned a reduction in repetitive tasks since these user 

requests would be answered by the intelligent system. However, she also mentioned that this could 

negatively impact her overview of the user requests: "I will only need to look at for example a weekly 

rapport to check the user requests, and quickly scan through the exceptions. I will most likely not even 

notice if a large number of requests were made until the rapport " (KU1). 

The second key user appointed part of the expected reduction in repetitiveness to the policy of the 

organization to centralise common IT services. She expected that the available technology in 

combination with this organisational strategy would reduce the repetitiveness for her work. The first 

SD employee, part of centralised IT services department, said that the repetitive tasks will be the first 

to disappear due to new technology. His expectation was that this will be happening soon: "In fact, 
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we are already trying to automate the standard requests so that we don’t have to do those anymore. 

A computer can easily learn a few business rules on which to act" (SD1). 

The outcome of the reduction in repetitiveness can be split into two reasons: handling users contact 

and executing standard requests. According to the UU interviewees, humans will be less needed for 

handling user contact and answering simple knowledge-based questions. They especially see a chance 

for AI technology to take over repetitive standard requests based on simple business rules. SD1 called 

it ‘user-unfriendly’ to not automate these repetitive tasks, especially since he knew it was already 

possible. 

 
KU1 KU2 SD1 SD2 

Repetitiveness 

reduction in 

humans handling 

user calls  

reduced due to 

influences of both AI 

technology and 

organisational strategy 

• standard requests 

automated first 

• computer takes over 

actions based on a 

few rules 

reduction of 

repetitive 

standard 

requests 

Table 5: UU Case findings repetitiveness construct 

 

4.1.3 Workload  

The expected effect of AI technology on the workload of the interviewees was denied twice and 

mentioned to be negatively affected once, the last person was not sure of the influence. Even though 

AI technology would take over some tasks, the first key user expected that she would fill up the extra 

time with her other activities which she now doesn't have time for. In addition, she noted that she 

doesn't expect to have a change in workload as: "I will be given new tasks to work on instead. Mostly 

I gain tasks but never lose any" (KU1). Furthermore, the first key user made a side note that in the 

case that the new systems are poorly implemented, she will expect to have a higher workload instead. 

The second key user indicated hope rather than expectation regarding the reduction in workload: "I 

hope that we can work a little less as a result, be more human. But what I notice is that mostly my 

tasks are about prioritizing my support activities because of the lack of time available" (KU2). The 

reason mentioned was the imbalance between requests from researchers and staff and the availability 

of support. Besides, the second key user also mentioned that currently staff might be refraining from 

asking for support, holding back additional workload: "This could depend to what degree staff is 

refraining from making requests because they know there is no priority to fill those" (KU2). In the past 

the second key user experienced a reduction in tasks which did not affect her workload: "Before I was 

able to demand additional support from colleagues for my tasks, but now a lot of tasks are 

decentralised this is no longer an option" (KU2). Furthermore, she mentions that the workload is not 
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going to change due to technology influence: "In my experience every time when I lose a task, I will 

receive a new one instead" (KU2). 

The first ServiceDesk employee also hoped to have less workload due to the implementation of AI 

technology. He expected that the impact will be less workload after an initial setup: "I expect that in 

the beginning it will take more time but in time this will go down" (SD1). 

The questioning on workload resulted in a few main findings. Two mentioned there would be no 

change in workload as new tasks fill up the replaced. The SD personnel predicted a temporary boost 

in workload but also thought that after AI technology setup the workload would be reduced past the 

initial level. However, in case of poorly implemented AI systems, workload would only go up for user 

support.  

 
KU1 KU2 SD1 SD2 

Workload 

• old tasks 

replaced by 

new tasks 

•  higher 

workload if AI 

is poorly 

implemented 

• old tasks replaced 

by new tasks  

• enough residual 

activities left to 

balance out any 

changes in 

workload   

• higher workload 

during setup of 

AI systems 

• less workload 

after initial 

setup 

reduction in 

workload after 

repetitive tasks 

taken over 

Table 6: UU Case findings workload construct 

 

4.1.4 Proactivity 

Two participants were not sure if the proactivity of their tasks would be affected, the others agreed 

upon a positive expectation of the effect. The first key user was not sure what the effect would be on 

the proactivity of her tasks. She mentioned that she is already trying to prevent issues from happening: 

"I am already making sure that cases do not happen further down the line. The earlier I can prevent 

issues the better" (KU1).  

The second key user did expect AI technology would positively affect the proactivity in her job: "Since 

I am an ITer I already try to copy paste as much as possible. Additional time would be used to evaluate 

and improve current processes" (KU2). 

The first ServiceDesk employee expected a positive influence on proactivity of his tasks only after the 

initial system was setup to handle most of the user requests: "That is possible once we have everything 

under control, which is when the AI system can answer most questions" (SD1). 



   

 

31 

 

Out of the four respondents at the UU, two explained proactivity would increase due to additional 

time at work due to AI technology taking over several activities. One of them told the proactivity would 

go towards improving the existing support system whereas the other only mentioned that this would 

be the case after setup was completed. On the other hand, the first key user discussed her activities 

were already highly proactive and would not increase due to the technology improvements. The last 

interviewee was not sure if or how AI technology would change his proactivity. 

 

 
KU1 KU2 SD1 SD2 

Proactivity 
already proactively 

improving services 

additional available time will 

be used to improve existing 

processes 

more proactive activities 

once AI system can handle 

most user requests 

N/A 

Table 7: UU Case findings proactivity construct 

 

4.1.5 Transition 

All participants at Utrecht University agreed that their job tasks change due to some tasks being 

overtaken by smart technology. The first key user mentioned that there will be a need for more 

monitoring: "People to monitor automated processes" (KU1). In addition, due to her experience at a 

ServiceDesk, she mentioned the tasks of ServiceDesk personnel will need to switch to managing the 

process: "ServiceDesk employees will need to establish or plan the new process instead of oral 

communicating with users. SD will still be needed to manage the constant change in IT" (KU1).  

The second key user explained that in previous centralisations of IT services, colleagues had also 

transitioned into other more specialised jobs within the organisation: "They further developed into a 

specialist into one of the tasks that they formerly had" (KU2). She expected the same in the case of AI 

technology implementation.  

According to the second ServiceDesk employee, ServiceDesk tasks will transition due to increased self-

service for users. This transition would towards managing knowledge instead of directly answering 

users: "ServiceDesk personnel will shift from answering on the phone towards managing knowledge 

for users to access" (SD2). Similarly, the first ServiceDesk employee identified the transition towards 

knowledge management and added that the ServiceDesk employee will need to become experts of 

the IT chain in the organisation to be able to: "feed the system with the right information" (SD1).  

Since AI technology took over several tasks to free up available time, all interviewees of the UU 

expected to transition towards new tasks, a new focus or a change of activities. The idea of support 
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activities did not change majorly, but how it is carried out did. Instead of contacting users themselves, 

three of the interviewees mentioned a transition towards managing and monitoring the AI support 

processes and knowledge base which users access for support themselves. The second key user 

discussed the idea of specialisation, focussing on a fraction of the current tasks, as this also happened 

with former technology improvements. Lastly, the first ServiceDesk employee foresaw a transition 

towards a role as expert in the IT chain of the organisation. 

 

 
KU1 KU2 SD1 SD2 

Transition 

• switch to monitoring the 

support system 

• managing the 

automated support 

process instead of 

directly contacting users 

specialisation 

into one of 

the former 

tasks 

• toward 

knowledge 

management 

• experts of IT 

chain 

managing user 

knowledge system 

instead of 

contacting users  

Table 8: UU Case findings transition construct 

 

4.1.6 Complexity 

Three participants expected an increase in the complexity of their tasks, the other participant was not 

sure if the complexity would change because of the implementation of AI technology. The first key 

user specified that her easier tasks will be taken over by the new system: "In my experience, always 

when things become easier, there is a side where thing get more complex" (KU1). Nonetheless, she 

noted this complex system would be managed by the centralised IT organisation and thus not make 

her task more complex. However, since the easier tasks would be handled that way, she would get 

the more complex requests.  

The second key user mentioned that the improvement centralised IT services would also help increase 

the complexity of her requests: "The easier tasks will be automated for a fast and simple answer" 

(KU2). Another reason she gave for the expected increase in complexity was due to staff familiarity 

with IT: "People are more used to working digitally and are able to do more themselves which means 

the more complex questions are left over for me" (KU2). 

According to the first ServiceDesk employee, complexity of his tasks would also increase because of 

automation of simpler tasks. Previously these requests would be rejected due to lack of time: "I think 

because of automating several tasks, you will have time left for the more complex calls which we 

momentarily cannot accept due to lack of time" (SD1) 
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Overall, the complexity of support personal was expected to be influenced by AI technology for several 

reasons. Since easier tasks would be handled by the automated support, more complex tasks would 

be left to be handled by human support as these would not be possible to automate yet. The first 

ServiceDesk interviewee in addition mentioned the fact that currently complex requests are denied 

due to lack of time, in the new situation he expected time available for these more complex tasks. 

 

 

 
KU1 KU2 SD1 SD2 

Complexity 

more complex tasks left 

once easier tasks taken 

over by AI 

• Higher average complexity 

since easier tasks will be 

automated  

• More complex requests left 

for human support if more IT 

is automated and centralised  

Time for more complex 

requests due to 

automating several 

tasks 

N/A 

Table 9: UU Case findings complexity construct 

 

 

4.2 Case Dienst Justitiële Inrichtingen 

Dienst Justitiële Inrichtingen is a public institution for prison management. It is responsible for the 

fulfilment of the prison penalization imposed by judges in the Netherlands. The organization has about 

13000 employees of which most are active in the 38 prison locations. The central IT services for the 

employees are arranged at the headquarters in Den Hague and Gouda.  

 

 

Table 10: Structure IT support DJI 
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In total five participants were interviewed at DJI, all part of the functional second line of support. Like 

the other case study, a short summary of the work and educational history of each participant will be 

given below as described in the interviews. The age of participants is placed into three categories (0-

30; 30-50; 50+). Although all participants have an even wider variety of tasks, the task list of 

participants is reduced to a few main tasks for comprehensibility. Since DJI’s support is arranged per 

application, the people responsible for managing the most important applications in terms of support 

needed have been selected. In line with expectations regarding the recent enforcement of the 

European privacy law, names are replaced by their respective job role with a number. 

(1) ‘BIM1’ is a 30-50-year-old Business Information Manager (BIMer) at DJI. Currently, he oversees 

the functional support of the ‘TULP Selectie’ application together with another colleague. Some 

of his main tasks are problem and change management, creating reports, handling user calls, 

testing the application, and user training. BIM1 does all these tasks only specifically for his 

application. He has about five years of experience as a BIMer and has an educational background 

in Business IT management. 

(2) ‘BIM2’ is a 50+ year old BIMer for DJI. His responsibility is the functional support of the ‘Biometrie’ 

and ‘CDD+’ applications. Most of his tasks are like the former: problem and change management, 

creating reports, handling user calls, testing the application, and user training for the specific 

applications. BIM2 was part of the first functional support team at DJI about 9 years ago. Before, 

he worked on IT infrastructure, IT service management, and change management at DJI. 

(3) ‘BIM3’ is a 30-50-year-old BIMer at DJI. She is also responsible for the functional support of the 

‘Biometrie’ application, one of the core applications. Her tasks are equal to those of BIM4 although 

her focus is more on the problem analysis due to her experience of prison locations. Currently, 

BIM3 has about eight years of experience in her role. Previously, she worked at a prison location 

as a user coordinator. 

(4) ‘BIM4’ is a 30-50-year-old BIMer at DJI. Together with two other colleagues he is responsible for 

the functional support of the ‘Biometrie’ application. His tasks include functionally supporting 

users, business-IT alignment, problem analysis, and training users. BIM4 has recently started at 

DJI but has more than five years of previous experience in Business & IT and project management.  

(5) ‘BIM5’ is a 50+ BIMer at DJI. He is responsible for the functional support of the ‘SP Expert’ 

application together with five other colleagues. Main tasks include change management, resolving 

user calls, and training users for the application. Currently, BIM5 has four years of experience for 

this job. Before, he worked as a coordinator planning and prison doorkeeper in several prison 

locations. 
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4.2.1 Personal 

Three out of five expectations for the personal aspect were negative, one person thought that 

personal contact with increase due to AI technology implementation and the last did not know. The 

first BIMer expected that the new system would take over certain calls and as a result "the user will 

have less contact with BIM" (BIM1). Here he did add concerns that "BIM would lose sense of what 

users want" (BIM1). In addition, he explained that from the user point of view the lost contact with 

BIM could be positive: "no longer a person who keeps on asking questions and quicker answers" 

(BIM1). 

The second BIMer indicated "the personal contact will go more into the background" (BIM2). He 

acknowledged users would be fine with that transition as "they are just contacting us for an answer 

or solution, not because they want to have a chat" (BIM2). According to him the contact with the user 

does not have to be physical: "They don’t need to call me, they can send in their request 

digitally"(BIM2). The only time the personal contact would still be important to him would in the half-

yearly user meetings.  

According to the third BIMer, AI technology would give her the opportunity to increase the personal 

activities of her work by removing some of her other tasks: "I think that I will have more time to visit 

users on location" (BIM3).  

The fifth BIMer expects that the personal aspect of his job will change since the "contact of the user is 

mostly with a bot" (BIM5). He expects as a result that "the user will look at us differently" (BIM5). 

The overall expectation of the effect of AI technology on the personal aspect of support can be divided 

into two: reduction of frequency of personal support and increased intensity per personal support. 

Three of the DJI interviewees expected a reduction in frequency of personal support. The main 

explanations were that calls no longer require human interaction, digital requests are enough and 

chatbots take over the contact. One of the others expected to increase the intensity of personal 

support because of more time available to personally visit users. See Table 11 for a short overview. 

 

 BIM1 BIM2 BIM3 BIM4 BIM5 

Personal 

reduction in personal 

contact with users as 

calls no longer 

require human 

interaction 

no need for 

personal contact, 

digital requests are 

enough 

due to automation of 

other tasks more time 

available to 

personally visit users 

   N/A 

reduction of personal 

contact as contact of 

users is with chatbot 

Table 11: DJI Case findings personal construct 
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4.2.2 Repetitiveness  

Two respondents didn't expect an effect on repetitiveness, whereas the three others expected a 

reduction due to AI technology implementation. According to the first BIMer, repetitiveness will go 

down for his tasks and for the users as well. He indicated this as a positive change as "this will save a 

lot of time daily, users are helped quicker and we can work on other useful things" (BIM1).  

Similarly, the second BIMer expected a reduction in repetitiveness and would be happy to get rid of 

the repetitive calls: "Yes please, those are tiresome, it feels like production work" (BIM2).  

The third and fourth BIMers explained that their work would not be affected that much. Most tasks 

were identified as either routine manual or non-routine cognitive. The fifth BIMer mentioned a 

reduction in repetitiveness in his work: "the easier repetitive tasks will be taken over first" (BIM5). 

The outcome of the reduction in repetitiveness can be split into two reasons: handling users contact 

and executing standard requests. None of the DJI interviewees mentioned anything about handling 

user contact. However, three of them expected a reduction in repetitiveness through task automation 

of easier and standard requests. The two others explained that they did not have standard or 

repetitive tasks that could be replaced by AI technology and thus would not expect an effect on the 

repetitiveness of their work. 

 BIM1 BIM2 BIM3 BIM4 BIM5 

Repetitiveness 

reduction of 

repetitive tasks 

saves time daily to 

work on useful things  

reduction of 

repetitive calls 

not many of the 

current tasks can 

be taken over  

not many of 

the current 

tasks can be 

taken over  

easier tasks 

replaced first 

Table 12: DJI Case findings repetitiveness construct 

 

4.2.3 Workload 

All five of the BIMers expected no effect on the workload of their job due to AI technology 

implementation each with their own reason. The first BIMer explained that the workload won't 

change. Due to his experience at another company which is ahead in terms of organisational structure, 

he expects that his "role does not even exist anymore" (BIM1). He expected BIMers to "transition into 

a function with more roles" (BIM1) and add more value to the organization in a more disciplinary way.  

According to the second BIMer, if the repetitive tasks are taken away he would feel less pressure on 

his other work. However, he indicated "I would probably get other work that I cannot predict right 
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now" (BIM2). The third and fourth BIMers explained that their workload would not be affected due to 

a lack of their tasks being replaced by the AI systems. 

The fifth BIMer mentioned that there would only be decrease in workload during the start-up until 

everything worked as it should. Afterwards, there would be no effect on his workload as "some people 

will need to shift to other work if a lot of time is left over until the workload is similar again" (BIM5).  

According to the DJI business information managers, the workload of their job won’t be affected by 

AI technology. Either because they will receive new tasks or roles instead, or because didn’t see how 

any current tasks disappear due to the technology implementation or since they only expected a 

temporary reduction of workload during the launch. BIM2 did explain a positive change in flexibility 

instead, as he would be less reliant on answering user calls directly and thus could distribute his hours 

according to his needs. 

 BIM1 BIM2 BIM3 BIM4 BIM5 

Workload 

no change in 

workload but 

transition to 

other role 

• less pressure 

on current work 

but will get new 

tasks 

• more flexible in 

arranging tasks  

not many tasks 

replaced thus no 

reduction in 

workload 

not many tasks 

replaced thus 

no reduction in 

workload 

reduction 

only during 

launch 

Table 13: DJI Case findings workload construct 

 

4.2.4 Proactivity 

Only two respondents expected an influence on proactivity, the others were not sure if AI technology 

implementation would change the proactivity of their tasks. The first BIMer expected an increase in 

proactivity. The easier calls would be automated as such that the remaining time could be used "on 

making sure that similar calls don't come back" (BIM1). 

The second BIMer expected that a reduction in repetitive tasks would give him room to help users 

instead of solving calls to proactively and "continuously improve our services for the benefit of the 

user" (BIM2).  

Although three respondents were not sure if or how the activities would be affected in terms of 

proactivity, the two others were sure that their activities would become more proactive. Due to 

technology taking over several other activities, more time was available to improve existing support 

services and automate even more requests for the future. 
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 BIM1 BIM2 BIM3 BIM4 BIM5 

Proactivity 

reduction in repetitive 

tasks creates room to find 

more automatable calls 

reduction in repetitive 

tasks creates room to 

proactively improve the 

existing services  

N/A N/A N/A 

Table 14: DJI Case findings proactivity construct 

 

4.2.5 Transition 

Each participant expected a transition to other work due to AI technology implementation. The first 

BIMer "would use the extra time for further development of the application and managing those 

changes" (BIM1).  Similarly, the second BIMer expected an increased focus on managing changes of 

his application. In addition, he expected a "transition in which manual tasks will shift to solutions which 

involve IT employees who keep the system running" (BIM2). Furthermore, he indicated that he would 

use the additional time to focus more on helping users as his boss would have wanted him to do now 

already. "If you leave all the nonsense work to robots, we might have time for that" (BIM2).  

The third BIMer expected to transition into a role with active contact with chain partners such as the 

police and she "would put more effort in analysing problem cases" (BIM3) to help the Technical IT 

department SSCI. According to the fourth BIMer, "what happens with new technologies is that the 

tasks do not necessarily change but rather the focus of attention" (BIM4).  When things are automated, 

he would transition to checking the system instead of doing the tasks himself. Additionally, his focus 

would transition "more towards improving our application" (BIM4).   

The fifth BIMer explained that he would transition to working on the larger calls as "these small 

questions in between can be a disturbance for the larger call you were working on" (BIM5). These 

larger calls were indicated to be change requests for his application. 

All in all, the DJI interviewees all expect some transition of tasks or focus of activities due to availability 

of time through AI technology implementation. The most mentioned transition was the increased 

focus towards improving the application or IT service that they provide. Next, they explained a 

transition towards managing or monitoring the support system instead of directly contacting users 

themselves. Lastly, the extra time gave opportunity to improve the IT services of the organisation 

through increased contact with chain partners. 
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 BIM1 BIM2 BIM3 BIM4 BIM5 

Transition 

extra time 

used to 

improve 

application  

• more managing 

application 

changes  

• towards 

monitoring 

system  

 

increased 

contact 

with 

chain 

partners  

 

• transition towards 

checking the system 

instead of doing the 

tasks himself 

• more focus on 

improving application 

more focus 

on application 

improvements 

Table 15: DJI Case findings transition construct 

 

4.2.6 Complexity 

Two people mentioned the complexity of the tasks will increase, two disagreed to a change in 

complexity and one person was not sure. The first BIMer, explained that his new tasks will not be more 

complex, those other tasks just take a lot more time. "We now waste a lot of time on user calls, working 

on changes takes a lot more time but is not more complex" (BIM1). 

According to the second BIMer complexity depends on your point of view. He did not foresee a change 

in complexity: "For some people it would be complex, but they might be in the wrong job than" (BIM2). 

The third BIMer mentioned that her tasks would transition to working on organisational issues and 

improvements which she mentioned to be more complex: "I think that improving an organization is 

much more complex"(BIM3).  The fourth BIMer was not sure if the complexity of his new tasks would 

be different. 

The fifth BIMer expected the overall complexity of his tasks to decrease due to a reduction in the 

easier calls. Formerly, he had an alternation between easier and complex calls but because of AI 

implementation he expected "there will also be less variety in complexity" (BIM5). 

The newly transition towards tasks are considered more complex by two of the interviewees. Two 

others elaborated that the new tasks just require more time or are only more complex for the wrong 

person on the job. The last was not sure if the complexity would be influenced by AI technology 

implementation. Another interviewee did explain that the variety of complexity of his overall tasks 

would be reduced, giving him less possibility to work on easier tasks when preferred. 
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 BIM1 BIM2 BIM3 BIM4 BIM5 

Complexity 

new tasks not 

more complex but 

require more time  

new tasks not 

more complex 

for the right 

person on the 

job 

new tasks are 

more complex 
N/A 

• reduction in easier 

calls thus average 

complexity up  

• less variety in 

complexity 

Table 16: DJI Case findings complexity construct 

 

 

5. Cross-case analysis 

The previous chapter specified the results for both cases. In the first part of this chapter, the two cases 

will be cross-analysed per construct in similar order as the former chapter. This will display the 

similarities and differences between the cases. These findings will help to answer the third sub 

question and form the basis of the answer for the main question. In the second part, the revision of 

the framework is discussed based on the findings of the cross-case analysis of the constructs. Although 

the idea was to also identify additional constructs in the interview transcripts, no further constructs 

were identified that explain how AI technology affects workplace adjustments. 

 

5.1 Multi case analysis  

Both cases have been evaluated based on the theoretical constructs validated in the interviews and 

further described in the case description using the deeper codes behind the constructs. The combined 

findings for both cases can be found in Appendix C at the end of this chapter. This table shows ‘N/A’ 

when the respondent did not answer the question or when he/she had no idea what to expect. The 

findings in the cases will be compared for each construct below.  

5.1.1 Personal 

• A reduction in frequency of personal contact with users 

• Increased intensity per personal contact 

Six out of nine of the interviewees mentioned that AI technology implementation would decrease the 

personal contact the user support staff has with users.  Both case companies gave the main reason AI 

technology taking over the contact with users. Though, two respondents, one from each company, 

mentioned their tasks would see an increase in personal user contact due to the availability of time to 

actively engage with users. 
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5.1.2 Repetitiveness  

• Handling user contact 

• Executing standard requests 

Seven out of nine respondents agreed that because of automation, the easier repetitive tasks of the 

personnel would be reduced. One noted that the result could be that the awareness of user demand 

is lost. Two of the other respondents didn’t think their tasks would be influenced by AI technology due 

to the manual or non-routine cognitive nature of their tasks. Unlike the UU, none of the DJI 

interviewees used the handling user request as a reason for reduced repetitive work. An explanation 

could be the fact that the interviewees at DJI already make use of self-service portal and thus have 

limited direct user contact that could be replaced.  

5.1.3 Workload 

• No effect: filled with new tasks 

5 out of nine mentioned that the workload of their job would not be affected. The main reason given 

was that in case one task decreases, they would expect to get new tasks to fill up that free workload. 

They noted that this was always in the past. Two people from DJI did not expect their tasks to be 

replaced by the new technology as they had many manual tasks. Only one respondent from the UU 

expected an actual decrease in the workload to repetitive tasks being taken over once the start-up 

phase was overdue. At DJI, someone expected the opposite after successfully implementation since 

people would be fired accordingly to correct the change in workload. Another DJI respondent 

explained that a reduction in repetitive and personal work improved his available time and thus his 

flexibility to react or act when it suited him and not the user. 

5.1.4 Proactivity 

• Improving existing support 

• Automate more requests 

Four out of nine of the respondents expected because of reduced workload, they would move towards 

more proactive work instead of reactive. The other respondents did not expect any change on that 

matter or was not able to relate to the construct. Most support personnel were not able to relate to 

the proactivity of the job changes. Across cases, similar number of people had this issue. Perhaps due 

to the nature of support, which is to react to user requests, they were unable to predict circumstances 

in which proactivity would be in front.  
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5.1.5 Transition 

• Monitoring support system 

• Managing knowledge system 

• More focus on improving IT services 

All participants agreed that implementation of AI technology would result in them transitioning to 

tasks or focus of the tasks. Of which eight mentioned tasks currently already in the job package. The 

transition would be towards the same idea of the tasks but with a different execution. Formerly the 

execution was done manually whereas in the new situation, the execution will be done by the system. 

The user support personnel expect to start monitoring the AI technologies actions, improve the 

knowledge available in its system and focus on improving the IT services such as software and 

applications. 

5.1.6 Complexity 

• Increased average task complexity 

• Time for more complex support requests 

• Less variety of complexity 

Five out of nine respondents expected an increase in complexity due to AI technology intervention in 

internal user support.  The expected easier support requests to be solved by AI technology, whereas 

the more complex cases would be left for humans to deal with. Two respondents also noted that 

complexity would not be influenced, just a transition into other tasks which they did not regard as 

more complex. Both companies expect the average complexity of tasks to increase due to a reduction 

of easier tasks. The UU added to the fact by especially using the extra time to work on complex support 

requests that formerly could not be dealt with due to time constraints. Lastly, one of the DJI 

interviewees did add a concern that the variety of complexity of calls will reduce, leaving less room to 

distract the complex calls with a small and easy one.  

 

5.2 Revised framework 

Based on the cross-case analysis, some changes are made to the conceptual framework. The main 

findings in the analysis show that the expectations of the cases are mostly in line with the theoretical 

expectations. According to those lines only small changes were made. At first, the personal and 

repetitiveness constructs were both validated by most of the interviews and thus stay in the same 

position and relation.  
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The workload however, was deemed by many not to be affected by AI technology implementation. 

Most respondents expected their tasks to be filled up by new tasks and thus not experience any 

reduction in workload. Although they mentioned that workload would not be affected, they did also 

mention that AI technology gave them additional time to transition towards new tasks. In other words, 

the workload is expected to be affected, but only for such a short period of time that it will not be felt. 

Still, the workload construct is still useful in explaining how transitioning into other roles is made 

possible. For that reason, workload stays within the revised framework with a slightly thinner edge to 

indicate that there are some doubts to keep in mind. 

Furthermore, the transition construct was confirmed by the most interviewees to be a result of AI 

technology freeing up time hence staying in the same order and location as in the conceptual 

framework. Next, the proactivity construct was not heavily confirmed nor denied. For that reason, the 

construct stays. However, from re-reading the results, the positioning of proactivity within the 

framework was questioned. Since a change from reactive to proactive work is like a transition from 

easy to more complex work, proactivity should also be classified as a transition. Besides, within the 

discussions on transitioning towards other work, proactivity activities such as improving the IT services 

were mentioned several times. As such, the construct would be better positioned after transition.  

Lastly, the complexity increases due to transitioning into other work was deemed by most to be 

expected and so also stays in the revised framework. The revised framework as discussed can be seen 

in Figure 9: Revised frameworkFigure 9 below. 

 

 

Figure 9: Revised framework 

 

6. Discussion & Conclusion 

This chapter discusses the findings of this research by answering the research questions and 

comparing them to prior research. Furthermore, the theoretical implications and practical 

implications are considered.  Lastly, the limitations, suggestions for future research and the 

conclusions will round up this chapter. 
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6.1 Main findings 

The goal of this research is to explore how jobs in internal user support are expected to change due 

to AI technology in the future. Previous research only tackled the impact of the technology on jobs at 

the market level and job description level. However, these levels lack depth to be able to make 

predictions about actual future changes of jobs. This study attempts to fill this gap by analysing the 

expected job changes on the task level. To do so, the following research question was central to this 

research: What is the expected influence of AI technology on workplace tasks in internal user support? 

Three sub questions were created to help answer this question.  

 

6.1.1 Theoretic expectations 

The first sub question addressed the theoretic expectations with the following sub question: What is 

the expected influence of AI technology on workplace tasks in user support according to the literature? 

Since the literature didn’t thoroughly discuss the internal user support and due to its similarity also 

external support sources were used to guide expectations. Three major aspects of support were 

identified to be changed by AI technology: point of entry, knowledge management and backend 

process automation. Followingly in user support literature, six expected workplace adjustments due 

to AI technology were identified relating to these changes. The first expectation was that AI 

technology would reduce the need for support staff to personally contact users (Brynjolfsson et al., 

2017a; Burgess, 2017; Michie et al., 2017). The reasoning behind it was the recent improvement in 

natural language understanding which can be used by chatbots to interact with users instead of the 

support personnel (Brynjolfsson & Mitchell, 2017b). This concept of reduced personal contact was 

simplified to the construct personal.  

The second expectation was that the simple repetitive tasks of support personnel would be reduced 

due to AI technology (Willcocks and Lacity; Willcocks and Lacity, 2016; Siau & Yang, 2017; Negnevitsky, 

2005; and Shim et al., 2002). The idea behind this comes from the increased self-service of users due 

to the three AI developments. The first is that the simple point of entry with users would be over taken 

since a lot of contact with users does not require human problem solving. Secondly, due to improved 

knowledge management within the support organisation, users will have the ability to help 

themselves to the information that they are looking for. Lastly, improving automation of the backend 

processes and the improvements will give users the ability to make requests without the need for 

support personnel to simply accept and process them. The concept of simple repetitive work was 

reduced to the construct repetitiveness. 
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The third expectation was that the workload of support personnel would be reduced due to the 

reduction in personal contact and repetitive tasks (Frankish & Ramsey, 2014). The idea behind this 

comes from the basic logic that when AI takes away personal contact with users and other simple 

tasks, fewer total tasks are left for support personnel to do. This concept of reduced workload was 

simplified to the construct workload. 

The fourth expectation was that due to a reduction in workload of support personnel, they would 

transition into other roles and tasks to fill up worktime (Levy, 2018). Also, this idea was related to the 

former mentioned constructs. AI technology reduces the personal and repetitive aspects of support 

work therefore reducing the workload and giving room to transition into other tasks or roles. The idea 

of transitioning into to other work was captured in the construct transition. 

The fifth expectation was that because of a reduced workload, support personnel would change the 

normally reactive nature of their work towards more proactively helping users (Negnevitsky, 2005; 

Davenport and Klahr, 2014; Agrawal et al., 2017). This again is not directly related to AI technology 

but comes as an effect due to the technology reducing the workload. The concept of proactively 

improving the support was put into the construct proactivity. 

The sixth expectation was that the transition of support staff towards new tasks would be towards 

more complex tasks within the organisation (Willcocks and Lacity, 2016). The logic was that simpler 

support tasks would be left to the AI system to handle thus, humans could work on the more complex 

tasks which machines cannot handle. The idea of transitioning towards more complex tasks was 

captured in the construct complexity.  

To conclude the answer to sub question 1 was that according to literature AI technology would reduce 

the need for human contact with users and take over simple repetitive tasks. Because of those 

changes, the workload of support staff would be reduced. In contrary to the reactive nature of user 

support, the additional free workload would then be used to proactively improve support. In addition, 

the free workload was expected to make support staff transition into other tasks which are expected 

to be more complex than the simple tasks that were overtaken. The conceptual framework from the 

second chapter can be used as an overview of the answer. 

 

6.1.2 Cross-Case company expectations  

Next to the academic sources, also empirical evidence has been collected to answer the main 

question. The second and third sub question relate to those findings and to avoid duplication they will 

therefore be combinedly answered: What is the expected influence of AI technology on workplace 
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tasks in internal user support according to user support staff at Valori’s clients? and What are the 

differences between case companies with regards to their expectations?  

Two clients of Valori were used as case companies to investigate the expected workplace changes by 

AI technology from the perspective of user support staff. The cases were used to validate the theoretic 

findings and explore the deeper meaning and reasoning behind these constructs. Although finding 

new themes was also part of the plan, no new themes on the expectations of workplace adjustments 

arose from the analysis. Therefore, only the deeper findings for the six constructs will be discussed 

and compared here. Each construct will be discussed in the same order as in the conceptual 

framework. 

Personal  

The findings indicate that the personal aspect of support activities would be affected in two main 

ways. Firstly, a reduction in the frequency of personal contact was expected by both companies. This 

is in line with the theoretic expectation that there will be reduction in need for personal support 

(Burgess, 2017; Brynjolfsson et al., 2017a; Michie et al., 2017). Secondly, the findings from both cases 

also show that the intensity per personal contact that they do have will increase. The second finding 

was not yet identified in previous theory.  

Repetitiveness 

In the case studies was found that the repetitiveness of support activities was impacted in two ways: 

handling user contact and executing standard requests. These expectations are like the theoretic 

expectation that simple repetitive tasks of support will be automated and reduced (Willcocks and 

Lacity, 2016; Siau & Yang, 2017; Negnevitsky, 2005; and Shim et al., 2002). However, the DJI 

interviewees did not expect the impact on handling user contact. Perhaps, the reason behind this was 

the existing lack of direct contact with users of the BIM staff because the key users took over the direct 

contact.  

Workload 

The findings on workload indicate the workload will perhaps not be affected. Most interviewees of 

both cases responded that the effect will be negated by incoming new tasks. Although previous 

research suggested workload to be reduced due to AI technology (Frankish & Ramsey, 2014) perhaps 

the researcher and interviewees misinterpreted the idea behind a reduction in workload. Looking 

back, workload was already expected to fill up with proactivity and transitioning to other work. Thus, 

a reduction would not be expected on the long run but merely to make room for new tasks. Along 

these lines, although perhaps temporary, the basic concept of workload is expected to still apply in 
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each situation. And as such the workload construct still provides value, imaginably as a mediator, in 

explaining the influence of changes in workplace tasks due to AI technology.  

Transition 

Similarly, the expected transition towards other roles and tasks was not specified by previous research 

(Levy, 2018). The cases gave three concrete ideas for tasks that they would transition towards. Firstly, 

since the technology would take over some support, the support staff would get the responsibility of 

monitoring the support system would act as intended. Secondly, since the AI technology would use 

the current available knowledge to respond to the users, the support staff would get the opportunity 

to managing the knowledge system and keep the knowledge up to date. AI technology is only as good 

as its input data and should thus be updated to keep up (Burgess, 2018). Thirdly, the focus of support 

personnel would transition towards improving the supported software and applications by increasing 

the time spent on change management. This last transition was only mentioned by the BIM staff. They 

oversaw the functionalities of an application and seemed to prefer working on those improvements. 

Proactivity 

Previous research did not specify the exact proactive activities that were meant when they explained 

that the reactive nature of support would move towards proactively improving support (Negnevitsky, 

2005; Davenport & Klahr, 2014; Agrawal et al., 2017). In both case findings these were specified to 

improving existing support in both supported software and processes and towards automating more 

calls of users.  

Complexity 

The analysis showed that both companies expect that the complexity will rise due to the 

implementation of AI technology. These expectations are comparable to the expectations in theory 

which expected a reduction in simpler tasks would give room for the staff to transition towards more 

complex tasks (Willcocks and Lacity, 2016). Aside from confirming the theoretic expectations also 

some other ideas on complexity arose. A few interviewees expected that the new tasks would not 

necessarily be more complex but require different skills than before. Others added that formerly 

complex user request could now be fulfilled due to availability of time. Lastly, another noted due to a 

reduction in simpler tasks, there would be less variety in the complexity of his work.  

6.1.4 Research question 

The main research question was: What is the expected influence of AI technology on workplace tasks 

in internal user support? With the answers on the sub questions above, most of the main research 

question is already answered. These sub questions took on the perspective of theory and practice 
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through some case studies. However, to answer the main question the discussion must relate away 

from the case companies into the broader sense of internal user support. Since the generalisability of 

case studies can be questioned, the answer to the research question will be discussed by suggesting 

further theoretic and practical implications and by presenting ideas for future research in the last part 

of this thesis. Therefore, making the results of the research transferable to other researchers (Lauer 

and Asher, 1988).  

 

6.2 Theoretical implications 

From a theoretical perspective, this research contributes to the knowledge of internal user support 

and that of AI technology influence. The contribution to theory derives from the task viewpoint on job 

changes due to AI technology. The findings within the context of internal user support show that six 

factors within workplace tasks are influenced: personal contact, repetitiveness of work, workload, 

proactivity, work transition and complexity of tasks. Additionally, these factors are shown to influence 

each other as shown in the framework. Both these findings can be used as a basis for future research 

on future technology workplace tasks adjustments. Further, also deeper explanations for these 

constructs were indicated which should prove to be interesting for future research. 

Moreover, the findings add to the theory by showing that people within internal user support also 

expect that their jobs will only be partly augmented. This strengthens the earlier expectations of Arntz 

et al. (2017) of augmentation or segregated replacement. Likewise, the results show that within 

internal user support, support personnel expect only several tasks of their job to be replaced which is 

in line with the expectations of Stone et al. (2017). Contrary to the expectations of corporate research 

reports such as Gartner, the findings of this research indicate that the people within the support 

industry itself don’t expect their jobs are going to be replaced any time soon. Therefore, another 

theoretical contribution of this research is to serve as a counter argument against all the over-

optimistic projections of the near future implications of AI technology on jobs. 

 

6.3 Practical implications  

The findings of this study help to understand how AI technology will change the future workplace tasks 

for internal user support. From a practical point of view, these findings help organisations in internal 

user support guide future requirements for staff. Organisations should be aware of these changes to 

adjust their staff. They can use the findings of this research to guide their search for the right fit for 

future proof internal user support staff. The findings indicate several changes in staff requirements.  
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Firstly, staff are expected to encounter less user contact and less easy repetitive tasks due to AI 

technology taking over some tasks from human user support. Some staff members might best thrive 

in doing easy repetitive tasks whereas others prefer talking to people. In any case, organisations 

should first investigate what current staff they have available to determine if they have the right staff 

for working alongside AI technology. The other findings of this study have similar implications for staff 

task fit determinations. The results indicate a transition towards other tasks which are expected to be 

more complex. Thus, here human resource management in organisations should keep in mind the 

needed capacity to handle more complexity in the future.  

Followingly, the study also adds value to practice by creating a list of practical expectations for future 

work transitions. It is expected that internal user support will work towards: monitoring support 

system, managing the knowledge system, and focusing on improving the IT services. The staff skills 

required to monitor, manage and improve IT services are different to the old skills. It is important that 

organisations prepare for these skill changes. As such this research contributes to practice by 

delivering expectations of changes for the organisation to investigate.  

Since the goal of this research originated from the need for answers by the consultancy company 

Valori, the practical implications will also be discussed for them separately here. The findings of this 

research contribute to Valori in several ways. Since consultation is their main business, having 

knowledge about future changes to needs in internal user support staff helps them to decide which 

consultant to hire. In addition, these indications can be used by Valori to advice clients in future staff 

hiring. Furthermore, due to the expert role of Valori, the consultancy company could take on new 

assignments in which they inventory the future-proof-fit of staff at their clients. 

 

6.4 Limitations  

This research started with a practical need for answers regarding the impact of AI technology on 

workplace tasks of internal user support personnel. Within the literature, research had made 

predictions for job markets but did not specifically investigate the impact on specific jobs.  This study 

does have its limitations. Firstly, there are limitations to the expectations of AI technology of personnel 

themselves. Although the researcher gave a definition and three ideas about the influence of AI 

technology in internal user support at the start of the interview, expectations could differ based on 

previous knowledge about AI of the participant. This limitation is hard to overcome in any study about 

expectations, but its influence could be reduced by increasing the sample size of the study. 
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Next, there was a limit on the number of case companies. Despite the fact of getting approval of 

management in a third organisation, there was a lack of availability of experienced internal user 

support personnel during the research period. This third organisation was a private organisation unlike 

the other participating case companies which are both public. For the cross-case company comparison 

this could have shown a different side to the question which is now only created by public company 

employee expectations. 

Another limitation is the expertise of the interviewees. The interviewees are all experts on internal 

user support and their own workplace tasks but might lack knowledge of AI technology capabilities. 

This was tackled by explaining the researchers view of the capabilities and three impact streams of 

the technology in their field of work based from theory. However, the researcher’s expectations might 

not compare fully with the real implementation situation in the future.   

The last limitation is the view of expectations. So far, the number of organisations using AI technology 

in internal user support are either non-existing or unreported. Therefore, expert internal support 

personnel were questioned on the expectation of these change. It is likely that in the future, 

organisations which have adapted AI technology in their internal user support might have different 

findings.  

 

6.5 Future research 

Current studies regarding the influence of AI technology mainly focus on the expected influence on 

job markets and the amount of people expected to be replaced by the technology. However, jobs are 

a set of tasks which are likely to be only partly replaced or augmented. According to this study, workers 

are expecting to transition to new tasks which are not affected by the technology instead of being 

replaced by machines. Current literature lacks studies which investigate a realistic expectation on the 

job changes from the task level.  

This research investigated the expectations of internal user support personnel in two organisations 

without them having AI technology implemented. Since current organisations are not yet using AI 

technology in internal user support or reporting that they are, future research will need to compare 

the expectations to the actual results due to AI technology implementation. In addition, new research 

should compare the expected applications of AI technology to the actual technology implementation 

in the future. Both findings should help find how well expectations of future technology match the 

actual situation.  
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One way to tackle the first attempt of a comparison, is to compare the findings of this research with 

research in the context of external user support. Since the external user support benefits more from 

scale advantages of AI technology, companies are more inclined to implement such technology early. 

It would be interesting to see in what sense the situation of external and internal users would change 

the outcome of the research and in what way the expectations differ from the actual situation after 

implementation. 

Additionally, the explorative nature of this research opened several other future research directions. 

During the interview, the second key user explained that the value of personal support cannot always 

easily be detected. She gave an example where certain IT knowledge was readily available online for 

a professor, but he chose to call her instead. She argued that in some cases this is worth the effort for 

her because of increased value for the overall organisation: "The question is then however, would it 

cost them more time to use the instructions themselves than to ask me for help? In case of professors 

with a wide array of responsibilities, my help could relieve them from their main tasks which 

are far more valuable for the UU " (KU2). It would be interesting to look deeper into the value trade-

off between personal support and user self-reliance as it might help future research in determining 

the optimal support mix strategy for organisations.  

Furthermore, in the interviews a lot of comments were made on the requirements and prerequisites 

for implementing AI technology. Knowing the practical side of implementing AI would immensely suit 

organisations who are about to decide where to begin using AI. This is a large list of companies, 

considering the CIO survey results on AI implementation expectations by Gartner last year. 

Other influencers of technology implementation which future research needs to investigate are 

personal factors such as age and mindset. In this research, participants were not sure in what way age 

and mindset influence technology implementation in organisations. Having a better idea what the 

effect would be could prove useful for the hiring process in organisations with constant technology 

change.  

 

 

6.6 Conclusion 

In this study, two cases have been investigated on the influence of AI technology on workplace tasks 

in internal user support. At first, theoretical predictions were made to guide the further research. 

Expectations derived from theory suggest three main areas in which internal user support would be 
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influenced by AI technology: point of entry, knowledge management, and backend process 

automation. These changes were expected to influence workplace tasks in six theoretic constructs. 

Afterwards, these theoretic findings were verified and analysed in-depth by interviewing expert 

employees from each layer in internal user support. Next, a cross-case analysis was conducted to 

compare findings between cases. Based on these findings an answer was given to the main research 

question: What is the expected influence of AI technology on workplace tasks in internal user support?  

The main findings indicate the personal aspect of support activities would be affected in two main 

ways, a reduction in the frequency of personal contact and increased intensity per personal contact. 

Next, the repetitiveness of support activities was expected to be reduced due to AI technology 

handling user contact and executing standard requests. Thirdly, the reduction in workload due to 

reduction in personal contact and repetitive work was expected to be refilled with new tasks quickly 

and thus only be temporarily reduced. Additionally, all interviewees agreed that because of freed up 

workload, they would transition into monitoring, managing or improving the IT system. 

Correspondingly, it was expected that support employees would transition from a reactive role into a 

more proactive one by improving upon the existing support and automating more user requests. 

Lastly, the new tasks because of the transition were expected to be more complex. 

The most important theoretical implications of these findings are the fact that the findings show to be 

a counter argument to the over-optimistic expectations of earlier predictions. Next, an important 

limitation identified was the fact that this research was based on expectations compared to measuring 

actual differences between before and after implementation of the technology. Although, plenty of 

future research suggestions were given, given the current hype of AI technology, research on this topic 

is likely to tackle many of these issues on short notice.  
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8 Appendices 

8.1 Appendix A: Interview questions 

Context/Background questions 

1. How old are you?  3 categories: [0-30] [31-50] [50+]  

2. What exactly is your job within company X? (which tasks) 

3. How many years of experience do you have in this or a similar job? 

4. What is your educational/employment background? 

-------------------------------------------------------------------------------------------------------------------------------------- 

Introduction to the topic, definition on AI and the expected impact on ITSM from theory. 

Expected impact on ITSM: 

• Point of Entry change (Chatbots/intelligent self-service) 

• Knowledge management 

• Automated backend processes 

---open part -------------------------------------------------------------------------------------------------------------------- 

How will adoption of AI technology influence the human activities in an internal IT support 

environment? 

-------------------------------------------------------------------------------------------------------------------------------------- 

 

Validation part  

[Personal]:  Do you expect a change in the amount of personal contact between user and 

support? 

[Repetitiveness]:  Do you expect a change in the amount of repetitive work for support 

personnel? 

[Workload]:   Do you expect a change in the workload on support employees? 

[Proactivity]:  Do you expect a change from reactive to a more proactive kind of support? 

[Transition]: Do you expect support personnel to change to new tasks or positions in the 

support organization? 

[Complexity]:  Do you expect the complexity of job tasks for support to change?  
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8.2 Appendix B: Coding scheme 

Constructs Codes Examples 

 

 

 

“the personal contact will go more into the 
background" (BIM2) 

“Tasks which are left will gain more personal 
attention as a result. Lower frequency of 
personal contact with users but increased 
intensity for each" (KU1).  

 

 

 

 

"I will only need to look at for example a weekly 
rapport to check the user requests” (KU1) 

"the easier repetitive tasks will be taken over 
first" (BIM5). 

 

"transition into a function with more roles" 
(BIM1) 

"I expect that in the beginning it will take more 
time but in time this will go down" (SD1). 

"some people will need to shift to other work if 
a lot of time is left over until the workload is 
similar again" (BIM5).  

“less reliant on answering user calls directly and 
thus could distribute hours according to the 
needs” (BIM2) 

 

 

 

“Additional time would be used to evaluate and 

improve current processes" (KU2) 

“making sure that similar calls don't come back" 

(BIM1) 
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"People to monitor automated processes" 
(KU1) 

"ServiceDesk personnel will shift from 
answering on the phone towards managing 
knowledge for users to access" (SD2). 

"more towards improving our application" 
(BIM4).  

 

"I think that improving an organization is much 
more complex"(BIM3) 

"I think because of automating several tasks, 
you will have time left for the more complex 
calls” (SD1) 

"there will also be less variety in complexity" 
(BIM5) 
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8.3 Appendix C: Case summaries 

 

Table 17: UU case summary all constructs 

 

 

 

 

 

 Utrecht University 

 KU1 KU2 SD1 SD2 

Personal 

• lower frequency of 

personal contact 

• increased intensity 

per contact 

decentralised activities equally 
personal 

• lower frequency of personal contact 

• counter support still personal 

• organisation requires personal support  

• lower 

frequency 

• primarily at 

physical 

support 

locations 

Repetitiveness 
reduction in humans handling 

user calls  

reduced due to influences of 

both AI technology and 

organisational strategy 

• standard requests automated first 

• computer takes over actions based on a few 

rules 

reduction of repetitive 

standard requests 

Workload 

• old tasks replaced by 

new tasks 

•  higher workload if AI 

poorly implemented 

• old tasks replaced 

by new tasks  

• enough residual 

activities left to 

balance out any 

changes in 

workload   

• higher workload during setup of AI systems 

• less workload after initial setup 

reduction in workload 

after repetitive tasks 

taken over 

Proactivity 
already proactively improving 

services 

additional available time used 

to improve existing processes 

more proactive activities once AI system can handle 

most user requests 
N/A 

Transition 

• switch to monitoring 

the support system 

• managing the 

automated support 

process instead of 

directly contacting 

users 

specialisation into one of the 

former tasks 

• toward knowledge management 

• experts of IT chain 

managing user 

knowledge system 

instead of 

contacting users  

Complexity 
more complex tasks left once 

easier tasks taken over by AI 

• Higher average 

complexity since 

easier tasks will be 

automated  

• More complex 

requests left for 

human support if 

more IT is 

automated and 

centralised  

Time for more complex requests due to automating 

several tasks 
N/A 
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Table 18: DJI case summary all constructs 

 

 

 

 Dienst Justitiële Inrichtingen 

 BIM1 BIM2 BIM3 BIM4 BIM5 

Personal 

reduction in personal 

contact with users as 

calls no longer require 

human interaction 

no need for personal 

contact, digital requests 

are enough 

due to automation of other 

tasks more time available 

to personally visit users 

N/A 

reduction of personal 

contact as contact of 

users is with chatbot 

Repetitiveness 

reduction of repetitive 

tasks saves time daily to 

work on useful things 

reduction of repetitive 

calls 

not many of the current 

tasks can be taken over 

not many of the current tasks 

can be taken over 
easier tasks replaced first 

Workload 

no change in workload 

but transition to other 

role 

• less pressure 

on current 

work but will 

get new tasks 

• more flexible 

in arranging 

tasks 

not many tasks replaced 

thus no reduction in 

workload 

not many tasks replaced 

thus no reduction in 

workload 

reduction only during 

launch 

Proactivity 

reduction in repetitive 
tasks creates room to 
find more automatable 

calls 

reduction in repetitive 
tasks creates room to 

proactively improve the 
existing services 

N/A N/A N/A 

Transition 
extra time used to 

improve application 

• more 

managing 

application 

changes 

• towards 

monitoring 

system 
 

increased contact with 

chain partners 
 

• transition 

towards checking 

the system 

instead of doing 

the tasks himself 

• more focus on 

improving 

application 

more focus on application 
improvements 

Complexity 

new tasks not more 
complex but require 

more time 

new tasks not more 
complex for the right 

person on the job 

new tasks are more 
complex 

N/A 

• reduction in 

easier calls 

thus average 

complexity up 

• less variety in 

complexity 


