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Despite the great opportunities of artificial intelligence (AI) in decision-making, the combination 

has been neglected among management accounting researchers. A qualitative multiple case 
study was used to address the issue within four case companies and eleven semi-structured 
interviews. The cases cover production forecast, sales targeting, productivity investment and tar-
get setting decisions.  

As a result, I suggest a new data accountant role, who acts as a translator between AI and 
managers. He/she translates the needs of managers to AI and then explains the results and logic 
to the managers. 

Major limitation is that AI was not used in the cases, which makes this study more future-
oriented. More research, especially practical cases on decision-making with AI, is needed. For 
managers, this thesis underlines that accounting and AI have many other roles than just giving 
answers, and they have to be actively managed in order to promote healthy decision-making 
culture. 
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1. INTRODUCTION 

1.1 Background and motivation 

The public interest towards artificial intelligence (AI) has increased rapidly in the 2010s. 

More and more companies are talking about it, and many are using computing power in 

routine decision-making (see e.g. Autor et al., 2003). However, only a few are actually 

using its capabilities in non-routine decision-making. The potential benefits of AI, if it 

could be used in decision-making to improve decisions, are invaluable.  

Some decision-making processes are so complex that incorporating AI is easier said 

than done. Decisions of this kind often require management accounting (MA) infor-

mation. I argue that in order to accelerate the adoption rate of AI, first complicated deci-

sion-making processes need to be studied in detail. After that, we are ready to discuss 

how AI could be implemented. Despite the great opportunities, the combination of deci-

sion-making and AI has been neglected among MA researchers, which means that I will 

have to address this research gap. Several researchers (Rikhardsson and Yigitbasioglu, 

2018; Moll and Yigitbasioglu, 2019) have also recently realized the need for studies in 

this field. Thus, I focus solely on non-routine decisions in this thesis. 

1.2 Research questions and methods 

As I cannot completely solve the issue in one or even two theses, I have formed three 

research questions, which I will address in this piece of work: 

RQ1. How does management accounting information initiate and influence com-

plex decision-making processes?  

RQ2. What kinds of artificial intelligence (AI) needs emerge in managerial work? 

RQ3. What kinds of boundary subjects are expected in decision-making with AI? 

The RQ1 seeks to elaborate the role of management accounting information in complex 

decisions. This corresponds to my above-mentioned statement on the need for better 

understanding of complicated decision-making processes. The RQ2 examines a cus-

tomer perspective of the AI adoption – what kinds of needs the anticipated AI users i.e. 

decision-makers have? The RQ3 goes even deeper – who are making decisions with AI 
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and are they different in comparison with non-AI decisions? I state that answering these 

questions will provide first aid to the research gap. 

For filling the gap, I chose interpretivist research philosophy and qualitative multiple-case 

study method. I managed to get 11 interviews in four case companies, which form the 

data for my cross-case analyses. The cases cover production forecast, sales targeting, 

productivity investment and target setting decisions. The structure of this thesis is as 

follow: in the second chapter, I will conduct a systematic literature review. The third chap-

ter is about the methodology in detail.  In the fourth chapter, I will go through the empirical 

data thoroughly and in the fifth chapter, I will synthesize the empirical findings into prop-

ositions and hypotheses and discuss their relation to literature. Finally, in the sixth chap-

ter, I conclude the thesis and suggest future research topics. Now turning to the second 

chapter, literature review. 
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2. LITERATURE REVIEW 

2.1 Key concepts 

Before jumping into the literature review, I want to clarify some terminology used in this 

thesis. Probably the most ambiguous terms in management accounting (MA) literature 

are related to the information it constantly uses, modifies and produces. It was an im-

portant decision, whether to use accounting information, financial information, MA infor-

mation or some other term in this thesis. The case companies (introduced in Chapter 3) 

utilize substantial amounts of non-monetary information, for example production volume 

(pcs) or sales proportion of product A to product B (percentage). Thus, using financial or 

accounting information would imply that the information is always monetary. Therefore, 

I decided to use MA information, as in my definition it is information used by management 

accountants, which includes both financial and non-financial information. 

Another key concept is to define, what artificial intelligence (AI) is. As the second and 

third research question seek to elaborate on the discussions we had with the informants 

(introduced in Chapter 3), we let them decide and consider what AI is. If an informant 

used other AI related terms such as machine learning (ML) or neural network (NN), I 

used the exact terms in the data analysis. In the literature review, researchers have used 

several related terms such as accounting information system (AIS), management control 

system (MCS), business intelligence and analytics (BI&A) and big data (BD) just to name 

a few. All of these may contain some AI functionalities. Moll and Yigitbasioglu (2019) 

support the idea as they note that AI may overlay BD, cloud and blockchain technologies. 

I decided to use the original terms in the literature review and therefore keep the unique 

ideas of the authors as visible as possible. Hence, the reader should keep in mind that 

the terms overlap each other. 

The RQ1 incorporates the term complex decision. Complexity is an arguable expression 

due to its subjective nature. In my perspective, a complex decision has the following 

characteristics: 1) it is non-routine; 2) the decision-making process is not linear; 3) the 

outcome is unclear; 4) there are many uncertainties and 5) the business impact is high. 

For example, deciding where a coffee machine should be in a factory is not a complex 

decision (although it was a matter of life and death in one company not analyzed in this 

thesis), but deciding where the whole factory should be is definitely a complex decision. 

An actor could be defined in many ways. In Actor-Network Theory (ANT), of which de-

velopment started in late 1970s mainly by Bruno Latour, Michel Callon, John Law (Lukka 
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and Vinnari, 2014), an actor is ‘any thing that does modify a state of affairs by making a 

difference’ (Latour 2005, p. 71). However, in this thesis an actor is a person, who is 

directly linked to decision by either being a decision-maker or by affecting decision-mak-

ing. My definition also follows the idea of pragmatic constructivism, in which undertaking 

actions require integration of facts, possibilities, values and communication (Nørreklit et 

al., 2010). Next, I will shortly explain how the literature review was conducted. 

2.2 Literature review methodology 

The systematic literature review consists of four topics: 1) MA information in decision-

making 2) boundary objects, boundary subjects and boundary work 3) knowledge inte-

gration and 4) MA information and AI – What is expected? The first topic is related to 

RQ1, the second to RQ3, the third to RQ1 and RQ3, and the fourth to RQ2. The research 

questions and their corresponding literature review chapters are illustrated in Table 1. 

 Research questions and their corresponding literature review sections. 

  Research Question Corresponding sections 

RQ1. How does management accounting information 
initiate and influence complex decision-making 
processes?  

2.3, 2.5 

RQ2. What kinds of artificial intelligence (AI) needs 
emerge in managerial work? 

2.6 

RQ3. What kinds of boundary subjects are expected in 
decision-making with AI? 

2.4, 2.5 

I used Scopus for searching articles related to these topics. Finding the right search 

criteria took a few rounds of trial and error, which I did not document. The resulting cri-

teria of this process are shown in Table 2. 
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 Key literature review search criteria. 

After finding the results of the searches, I read the titles and decided whether it was 

relevant to some of the above-mentioned four topics. Next, I checked from the Finnish 

Publication Forum (JUFO) that the level of the publication is at least one, which simply 

mean that it is peer-reviewed and has an expert editorial board. If the paper succeeded 

on the previous tests, I read the abstract and decided if it was still relevant. If the answer 

was yes, I read at least conclusions and usually many other parts of it and wrote about 

it to the literature review if I thought it was interesting. In addition to the direct search 

method, I used snowballing technique. Searching for articles that have cited especially 

Hall (2010); Quattrone (2016); Wouters, and Roijmans (2011) proved to be an effective 

way of finding relevant studies. Therefore, this literature review contains subjective ele-

ments and it is not intended to provide an objective and perfect view. However, I read 

119 papers and this thesis has 86 references, which should cover the topics to some 

extent. Turning now to the first part of the literature review, which covers the relationship 

between MA information and decision-making. 

2.3 MA information in decision-making 

In this section, I will analyze the literature of management accounting (MA) information 

in decision-making from two perspectives: the roles and limitations of MA information. 

This lays the grounding for the whole thesis, as I seek to elaborate the connection be-

tween MA information, decision-making and AI. 

Search terms Subject area Year Results 

("management accounting" OR "manage-
ment control" OR "costing" OR "cost man-
agement" OR "AIS" OR "MCS") AND ("arti-
ficial intelligence" OR "machine learn-
ing" OR "neural network") 

Business, manage-
ment and accounting 

2010–
2019 

304 

"management accounting" AND ("AI" OR 
"machine learning") 

All All 20 

"boundary subject" Social sciences; Busi-
ness, management 
and accounting; Deci-
sion sciences; Eco-
nomics, econometrics 
and finance  

All 18 

("boundary object" OR "boundary subject") 
AND "management accounting" 

All All 7 

"knowledge integration" AND "manage-
ment accounting" 

All All 3 
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2.3.1 Roles of MA information 

MA information has several different roles (see e.g. Burchell et al., 1980; Tiitola et al., 

2019; Mouritsen and Kreiner, 2016). One of the MA literature classics, Burchell et al. 

(1980), identified the following four roles of accounting: answer machine, learning ma-

chine, ammunition machine and rationalization machine. As an answer machine, the MA 

information gives rational answers, which drives the organization towards making ra-

tional decisions. Learning machine means not only getting rational answers, but the ac-

tors also learn something else than the answer itself e.g. gain better understanding of 

the decision context. When the information is used to promote actors’ own interests i.e. 

politics, its role is ammunition machine. If the decision has already been made either 

formally or informally, and the goal of the information is to legitimize the decision, it is 

seen as a rationalization machine. The roles are presented on Figure 1, in which the 

horizontal axis on the graph shows the uncertainty of objectives and the vertical axis the 

uncertainty of cause and effect. 

 

Figure 1. The roles of MA information in decision-making. Adapted from Burchell et 
al. (1980). 

Tiitola et al. (2019) recently provided empirical evidence on these roles, as they seem to 

exist in complex non-routine decisions. Mouritsen and Kreiner (2016, p.29) argue that 

accounting has a role of promise as a decision is a promise for action: ‘It is a commitment 

to taking the decision seriously and not only literally, and this requires more investment.‘ 

However, they outline that it does not mean promising results in any way. Laine et al. 

(2012) analyze MA roles in servitization with three perspectives: justification, defining 

and controlling. In their terminology, the first answers to the question ‘Why do we desire 

servitization?’ the second ‘What does servitization mean to us?’ and the third ‘How does 

servitization proceed/affect us?’ In the case of Ahrens (2018), cost management had an 
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‘anchor’ role in a retail bank, which means it controlled other functions e.g. service divi-

sion and HR. However, these ‘subsidiary practices’ opposed the controlling mechanism, 

and work process structuring was achieved not only with encouragement, but also with 

threats. Accounting has also a role as enabling, and sometimes disabling, compromises 

in decision-making (Chenhall et al., 2013). According to Cools et al. (2017), MA infor-

mation, more specifically budgeting, seems to has a role as a creativity stimulator when 

used either diagnostically (evaluating performance and holding people accountable, Ab-

ernethy and Brownell, 1999) or interactively (continuous knowledge transfer between top 

and middle managers, Abernethy and Brownell, 1999).  

Hall (2010) points out that accounting information is just one information source among 

others for a manager and argues that the information should be analyzed in relation to 

other types of information such as market data or informal reports. The study underlines 

that accounting information may initiate verbal conversations about problems and it is 

used also for creating knowledge about the working environment. Nielsen et al. (2015) 

found out in their first outsourcing case study that accounting department was not directly 

involved in the decision-making. The roles of accountants were to provide requested 

information to the decision-makers and to maintain the accounting information system. 

The information set supporting decision-making consisted of not just MA information 

(cost and revenue impact) but also quality, competence, customer service, customer re-

tention and risk analyses. These findings confirm Hall’s (2010) conclusion on the relative 

importance of MA information. In the second outsourcing case of Nielsen et al. (2015), 

MA information had the ability of veto a project if the target costs, profit margins and rates 

of returns do not meet the requirements. Accountants are actively involved in the NPD 

(New Product Development) process and MA information is used in retrospective perfor-

mance reviews. Managerial bonus system is based on meeting financial targets. Thus, 

MA information had a key role in this second case. In both cases, MA information is 

important for the strategy implementation, the first one is more analytical and the latter 

more actor based.  

In the case of Cullen et al. (2013), MA information had a noteworthy impact on the oper-

ations management of a retail company’s logistics. According to their interpretation, a 

key success factor was that management accountants and the Head of Quality & Cost 

Reduction engaged widely within the company, which gave them credibility and made 

operational changes possible.  

Busco and Quattrone (2015) draw our attention to four new viewpoints of the classical 

Balanced Scorecard (BSC) framework. They see it as a visual performable space, 

method of ordering and innovation, means of interrogation and mediation, and motivating 
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ritual. Busco et al. (2015) elaborate the viewpoints with their case studies. In one case, 

visualizations of Six-Sigma helped people to connect customer voice to processes of the 

organization. In the same case, the Define, Measure, Analyze, Improve and Control 

(DMAIC) framework steered the process re-engineering without constraining the innova-

tiveness. The other case, in which two new business units (BUs), an end-to-end budget 

and profit and loss statement (P&L) were created, relied on both informal and formal 

media in order to make them work. Last, in both cases the above-mention MA information 

enabled discussions and disagreements, in other words, worked as a motivating ritual. 

2.3.2 Limitations of MA information 

There are several different limitations in utilizing MA information in decision-making. 

Saukkonen et al. (2018) suggest in their case study that (1) managers lack skills in using 

MA information, (2) they may not reflect taken-for-granted assumptions, (3) the needs 

regarding timing, scope and content may differ from manager to manager, and (4) the 

decision-making process may ignore some viewpoints. The first suggestion is in line with 

Sutton et al. (2016), who wonder if accounting decision-makers are able to make good 

use of different machine learning techniques. In addition, Saukkonen et al. (2018) found 

that fixed decision-making cycles of an enterprise delivery company decreased flexibility 

and operational efficiency. 

Rowe et al. (2012) maintain that MA information users are usually having doubts about 

the quality of the information and the interviewees may intentionally bias the ‘soft infor-

mation’. They define soft information as open to debate, and it requires a social harden-

ing process so actors can go along with it and start using it. Rowe et al. (2012) identified 

four types of hardening games from literature: faith game (faith in experts, Briers and 

Chua, 2001), power and politics game (see ammunition machine in Burchell et al., 1980), 

practical arguments game (practical reasoning, Jönsson and Lukka, 2006) and statistics 

game (independent verification through statistical means, Christensen and Skærbæk, 

2010). 

In their two cases, Christensen and Skærbæk (2010) found that hardening, or in their 

terminology purification, is crucial for change in accounting practices, and consultants 

may endorse the hardening process. However, Rowe et al. (2012) argue, based on their 

case, that hardening is successful when practical argument game is in place. Their rea-

soning is based on the interpretations that the players think it is the most legitimate and 

democratic type of the games and it is played without technical language, which makes 

participation easier. 
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Englund and Gerdin (2015) propose that actors may need to utilize their operational 

knowledge for understanding accounting information. Busco and Quattrone’s (2018) 

case study in an Italian fashion company revealed that there are challenges in combining 

data analyses from sales and marketing with the feelings and ideas of individual stylists, 

when they are having a meeting about a new collection. In the prototyping phase, there 

are many discussions on finding a balance between designs, costs, producibility, ethical 

matters and promises to sales agents and clients. However, only products, that meet or 

get close to certain contribution margin, will undoubtedly be commercialized. Similarly, 

in Goretzki and Messner’s (2016) empirical findings it was crucial for planning meetings’ 

functionality to find ‘a common understanding between sales and operations managers’. 

Interestingly, as the operations manager did not know the background of the forecasts, 

he depended on other information sources (e.g. historical sales, budget and order book) 

in order to participate in statistical reasoning. Moreover, they found that the role of MA 

information was not to just answer an information need, but also to create ambiguity, 

which directed the conversation towards collective sense making. 

However, Wouters and Roijmans (2011) claim that joint ownership of an accounting ex-

perimentation helps with integrating different viewpoints as the participants need to reach 

a common goal. According to Thomas (2016), communicating the high-level goal of bet-

ter decision-making and giving feedback on short-run success in management account-

ing system (MAS) revision motivates actors to continue their efforts. Notwithstanding with 

the benefits of the feedback, the reporting of short-run success may have a demotivating 

effect on the actors in further MAS development, if the high-level goal is not known. 

In NPD context, Laine et al. (2016a) say the potential financial (or non-financial) impacts 

cannot be forecasted or managed by just rational means. They base their reasoning on 

several uncertainties, which hinder the outcome. Nevertheless, they also state uncer-

tainties may initiate collective sense making, which may improve the outcome of the pro-

ject. Jørgensen and Messner (2009) found in their NPD case study that enabling control 

system helps employees to adjust it when needed. Nevertheless, they would have 

needed support from top management in a radical re-design effort.  

2.3.3 Summary 

The interest in the roles of MA information and its limitations among researchers seem 

to be relatively low. There are not many new roles introduced after the classical Burchell 

et al. (1980) suggesting the roles of ammunition, learning, rationalization and answer 

machines. However, Mouritsen and Kreiner (2016, p.29) states that there is also a role 
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of promise. Research and discussion on the limitations of MA information seems to have 

gained some momentum in the 2010s (cf. Saukkonen et al., 2018). 

Most of the introduced case studies do not elaborate on how actors actually use MA 

information in detail. The studied cases are also typically rather unambiguous, which 

leaves room for empirical research on ambiguous and complex decisions. Next, I will 

introduce a few papers on boundary objects, boundary subjects and boundary work. 

2.4 Boundary objects, boundary subjects and boundary work 

Several studies, for instance Briers and Chua (2001), Huzzard et al. (2010) and Laine et 

al. (2016), have been carried out on boundary objects and/or boundary subjects. The 

concepts are essential for understanding decision-making as an interpersonal phenom-

enon. Next, I will briefly introduce those. 

2.4.1 Boundary objects 

On the one hand, the idea behind boundary objects is that they hold different actors 

together (Briers and Chua, 2001). On the other hand, they are a language used for com-

municating knowledge of different individuals (Carlile, 2002). Star and Griesemer (Star, 

1989; Star and Griesemer, 1989) originally introduced the concept of boundary objects 

and identified repositories, ideal types, coincident boundaries and standardized forms as 

examples. Briers and Chua (2001) confirmed not only the examples, but also visionary 

objects, as boundary objects in their case study. However, Carlile (2002) found that not 

all the used objects are boundary objects and their function depend on the context. He 

also proposes that an effective boundary object enables a process, which allows actors 

to learn about their differences and to transfer their knowledge. After roughly two dec-

ades, Star (2010) stated that many people have asked her ‘what is not a boundary ob-

ject’. Instead of giving a clear answer, she encourages the reader to think about scale 

and scope; in some context, a single word can be a boundary object, but usually the 

concept is most beneficial at the organizational level. Empirical evidence has pointed out 

that enterprise resource planning systems (ERP) can be important boundary objects in 

companies (Cullen et al., 2013). In the cases of Chenhall and Euske (2007), Activity-

Based Cost Management (ABCM) systems sought to integrate knowledge as boundary 

objects. Even non-traditional information sources, such as social media platforms, may 

become boundary objects for management accountants (Arnaboldi et al., 2017). 
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2.4.2 Boundary subjects and boundary work 

The study of Huzzard et al. (2010) was the first step towards enhancing our understand-

ing of boundary subjects. They contended that individuals can be boundary objects, but 

they cannot be politically neutral, which would make it beneficial to understand them as 

boundary subjects rather than boundary objects. Windeck et al. (2015) argue that the 

business partner role of management accountants is a boundary object, but they failed 

to provide adequate proof of this finding. If management accountants are becoming busi-

ness partners (cf. Goretzki et al., 2013; Windeck et al., 2015), I state they are becoming 

boundary subjects (as accountants are supposedly humans) rather than objects. Azam-

buja and Islam (2019) share this viewpoint in their study concerned with middle manag-

ers in an auditing firm. In healthcare, Bishop and Waring (2019) argue that patients differ 

from other boundary objects as they have the possibility to become boundary subjects 

since they should have an influence on their own care. 

An actor, who is not a decision-maker, may also have an impact on decisions. Hall et al. 

(2015) studied risk managers’ influence methods in two banks and found two key mech-

anisms. First, the risk managers developed personal connections with other managers 

by providing analysis and interpretation of “guarded tools” during decision-making. Sec-

ond, the risk managers developed, operated and edited these tools, which included their 

and others’ expertise. These tools worked as boundary objects enabling knowledge in-

tegration between risk managers and other managers. 

Laine et al. (2016b) showed us that utilizing boundary subjects in gathering and conjoin-

ing accounting facts from different actors is useful. Furthermore, they also underline that 

boundary objects, for example accounting prototypes, may support discussions between 

decision-makers and help them to develop a shared vision. 

In addition to the boundary object and boundary subject discussion, Azambuja and Islam 

(2019) investigated middle managers’ boundary work in their recently published ethno-

graphic study. They found that their interviewees think being good at boundary work 

requires the ability to adapt to several roles many times a day and therefore enabling 

collaboration between functional and hierarchical boundaries. This led the middle man-

agers to have not just positive experiences like expertise, autonomy, empowerment and 

reflexivity, but also negative ones such as fatigue, lack of self-determination and detach-

ment from their profession and coworkers. 
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2.4.3 Summary 

Boundary objects and boundary subjects offer an intriguing snapshot for management 

accountants to the world of social sciences. It is essential to understand that boundary 

objects (e.g. budgets) also serve other purposes than being just answer machines 

(Burchell et al. 1980). For example, another purpose may be that the object is a language 

between actors.  

The discussion among researchers concerning these topics is fragmented. For example, 

boundary object is not a widely applied term among MA researchers, not to mention 

boundary subject, which is replaceable with other terms such as actor or decision-maker. 

I used only papers using the exact terms, which limits the results. Next, I will introduce 

some knowledge integration papers, which enhance our understanding on how boundary 

subjects i.e. actors integrate their knowledge. 

2.5 Knowledge integration 

Integrating knowledge between accountants and operations managers is hard (Wouters 

and Roijmans, 2011). Next, I present some studies from 2010s trying to address the 

difficulties of knowledge integration in management accounting and decision-making 

contexts. 

2.5.1 Knowledge integration and its limitations 

First, Wouters and Roijmans (2011) draw our focus on the topic by studying knowledge 

integration in a development process of an enabling performance measurement system 

(PMS). They found in the action research that accounting experiments (incomplete 

spreadsheets) got actors from different functions to ask questions, which were then an-

swered by others, thus knowledge got integrated. In addition, they argue that utilizing 

real data and joint ownership, i.e. shared goal between accountants and non-account-

ants, with the experiments are assets in knowledge integration. 

In the case company of Giovannoni and Maraghini (2013), managers from different func-

tions are discussing and solving problems together on a weekly basis in a performance 

review meeting. This social interaction has advanced knowledge integration in the firm 

operating in highly unpredictable fashion industry. For example, sharing knowledge be-

tween production and stylists have enabled the latter to understand how creative choices 

may affect production efficiency. According to Coyte (2019), the enabling use of man-

agement control systems (MCS) created valuable local knowledge and relationships in 
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their case company. The MCS built understanding between financial metrics and opera-

tional decisions among operative non-management employees. 

A study of a creation of a new bioscience network by Spanò et al. (2017) suggests that 

the acceptance of change and willingness to improve a new management accounting 

system (MAS) increased among all the informants when they understood the following 

three advantages. First, new relationships were created beyond the network, which en-

hanced knowledge sharing. Second, utilizing MAS helped with integrating knowledge 

and finding best practices within new network-level projects. Third, the inevitable coop-

eration within the new network allowed the informants to learn new knowledge, which 

they can take back to their own organizations. 

Combining different viewpoints of different actors requires compromises (Chenhall et al., 

2013; Goretzki et al., 2018). Chenhall et al. (2013) studied how accounting practices 

affect compromises on developing new PMS and found that imperfection of the account-

ing object enabled discussions, and therefore continuous adjustments. In addition, con-

current visibility of actors’ evaluation principles seems beneficial for the development 

process. They also revealed two types of criticism: one concerned the idea of ranking 

operations in different locations based on their performance, which led to a new practice 

combining the ‘competition’ and ‘learning’ perspectives. The other one debated on the 

lack of consistency in the object. This, however, was not constructive but hindered the 

development process as it took up meeting time with pointless technical arguments. 

Goretzki et al. (2018) elaborates the idea of compromises by demonstrating how vernac-

ular accounting systems (VAS), such as Excel files, can help with a development of an 

enabling global accounting system. The results show that VAS helped actors to com-

municate and negotiate local knowledge to be included in the new system. The VAS also 

ensured that local actors could test the new system against the old local ones. 

In terms of time dimension, Giovannoni and Quarchioni (2019) found that in one case, 

an imperfect PMS empowered managers to forget and forgive past decisions, and to 

create new knowledge and projects. Wouters and Kirchberger (2015) state that in the 

development of customer value proposition, knowledge transformation may be neces-

sary. Value proposition has not only the name of the value element (e.g. reduced mainte-

nance costs) but also the measurement (1.5 hours or €150 per week). In their reasoning, 

utilizing only the first may not reveal misunderstandings, which require knowledge trans-

formation in order to create mutual agreement. The results of Bisbe and Malagueño 

(2015) state that ‘the emphasis companies place on 1) value systems and 2) interactive 

control systems […] are positively associated with co-ordination and knowledge integra-

tion activities in product innovation processes.’ The results were statistically significant. 
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However, they did not find statistically significant association between diagnostic control 

systems and co-ordination and knowledge integration. 

When it comes to the limitations of knowledge integration, Strathern (2000) draw our 

attention to the tyranny of transparency: what does visibility conceal? Quattrone (2016) 

continues the discussion by outlining that making some financial transactions more trans-

parent actually increases the opacity as it hides the rest of the transactions. If transpar-

ency is achieved through informal knowledge sharing as Jørgensen and Messner (2009) 

suggest in their NPD case, it is hard to imagine how there could be tyranny of transpar-

ency in this kind of knowledge integration method. However, I think the tyranny of trans-

parency can be utilized at least as a method of ammunition machine from Burchell et al. 

(1980), but also accidentally if managers blindly focus on just the chosen metrics.  

2.5.2 Summary 

I have outlined in the previous sections how management accounting (MA) information 

is used in decision-making and why boundary objects (e.g. budget) and boundary sub-

jects (actors) are important. In this section, I have discussed how these are working to-

gether i.e. how knowledge is integrated. To mention two key findings, firstly Wouters and 

Roijmans (2011) found that incomplete boundary objects are important as they raise 

questions and induce discussions among boundary subjects. Secondly, Quattrone 

(2016) argues that making some financial transactions visible may increase the opacity 

of others. Now that I have covered the essential backgrounds for decision-making with 

MA information, I will go through recent literature on the symbiosis of MA information and 

artificial intelligence (AI).  

2.6 MA information and AI – What is expected? 

Recently, there has been increasing momentum among research to address the threats 

and opportunities of AI. Rikhardsson and Yigitbasioglu (2018) reviewed over 60 high 

quality studies concerning MA and BI&A (business intelligence and analytics). They ar-

gue that there are relatively low number of papers paying particular attention to applica-

tions in this field and the interest in creating new knowledge in MA tasks with analytics 

seems to be limited among MA researchers. An older paper by Granlund (2011) sug-

gests that MA researchers should deepen the role of IT in their studies and to not to take 

it for granted. Next, I will introduce you to some recent papers on MA information and AI. 

This section will provide groundings for the upcoming empirical chapters. 
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2.6.1 Practical cases concerning MA information and AI 

Loyer et al. (2016) compared five machine learning methods on predicting manufacturing 

costs of jet engine components in the early design stage. Best two methods, gradient 

boosted trees (𝑅2 = 0.96) and support vector regression (𝑅2 = 0.93) proved to be very 

accurate. Thus, they argue that cost predictions could be part of decision systems and 

at some point, part of CAD/CAM tools. The paper of Kumar et al. (2017) shows how 

artificial immune system and particle swarm optimization algorithms can be used in re-

verse logistics to optimize costs, profits and vehicle routes. The results implicate that 

artificial immune system gave better results. Camacho-Miñano et al. (2015) utilized two 

different AI methodologies, rough set theory (RS) and PART algorithm, on 1,387 bank-

rupt Spanish companies and found that ‘sector, size, number of shareholdings, ROA, 

and liquidity could explain the bankruptcy process outcome and also predict the process 

for still-healthy firms.’ In supply chain risk management literature, most of the AI studies 

are concerned with designing and evaluating a mathematical model, which leaves room 

for papers studying their practicalities (Baryannis et al., 2019). 

Artificial intelligence and MA have gained momentum together among researchers stud-

ying the construction industry. Petroutsatou et al. (2012) studied how neural networks 

(NN) could predict road tunnel costs based on data of 22 tunnels totaling 46 km. The 

results show that the overall accuracy of their multiple regression analysis was 90.6% 

and of neural network 95.35%. Thus, they argue that AI has practical value in cost esti-

mation of construction projects and probably also in other industries. Alqahtani and 

Whyte (2013) used two NN methods, back-propagation with MATLAB and spreadsheet 

optimization using Excel, to estimate total running costs of 20 building projects. They 

reached the accuracy of 1 % with Excel solver and 2 % with backpropagation. Shehab 

and Farooq (2013) developed a NN to predict the construction cost of water and sewer 

rehabilitation projects. The model was based on 54 projects in San Diego, California, 

USA, and it reached the accuracy of 𝑅2 = 0.8959 when tested with another set of pro-

jects. Cheng et al. (2015) developed an evolutionary fuzzy support vector machines in-

ference model for predicting change order productivity losses in construction projects. 

The model reached the average absolute error of 6.24%, thus making it easier for project 

managers to manage the losses. 

Despite the limited number of practical studies of MA information and AI, there is a vast 

amount of literature on accounting information systems (AIS) (see e.g. Grabski et al., 

2011; Ruggeri and Rizza, 2018; Wiersma 2009). An AIS innovation may become a 

boundary object as Ruggeri and Rizza (2018) found out in their longitudinal case study; 

a reengineering process of the supplier selection helped collaboration between actors. 
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They also suggest that a successful AIS innovation requires aligning the interests of all 

the participants. Ismail and King (2005) revealed in their survey on Malesian SMEs that 

many companies are short of AIS processing capacity compared to their AIS require-

ments. The combination of these, in their terms AIS alignment, was found to have a 

positive correlation with firm performance. Despite being rather old study, the results may 

be transferrable to MA and AI context.  

There amount of practical studies of AI solutions is very limited. The found use cases, 

especially in the construction industry (cf. Petroutsatou et al., 2012; Shehab and Farooq, 

2013) provide promising results. I would like to see much more similar empirical studies 

in the future, as it would enhance our understanding on combining management account-

ing and AI. Next, I will move on to the processes of utilizing AI in decision-making. 

2.6.2 AI process in decision-making 

Arnaboldi (2018) introduced us to two big data (BD) processes, filtering and framing. The 

filtering means that a data scientist is constantly making decisions on which data is in-

cluded and which is not. The framing process, however, is about giving the data a rele-

vant context and then communicating the data in a way it would become valuable in the 

decision-making. Arnaboldi (2018) argues that these processes flow through a BD chain, 

which has five phases that illustrates the progress from data acquisition to the visualiza-

tion of the results. First, the data needs be acquired, cleaned and recorded. Second, it 

is analyzed with clustering and annotation. Third, the data is integrated and fused. 

Fourth, it is modelled and analyzed and finally fifth, it is visualized. Figure 2 shows the 

BD chain. 

 

Figure 2. Big data chain. Adapted from Arnaboldi (2018). 

Next, Arnaboldi (2018) combines her BD chain and the two processes into a single 

framework, which has the decision-makers in the center. Thus, the illustration highlights 

the role of decision-makers and puts the value of BD for decision-making in a social 

context with social, economic and environmental trends and stakeholders. The new 

framework of BD in decision-making is represented in Figure 3. 
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Figure 3. Big data process in decision-making. Adapted from Arnaboldi (2018). 

The BD chain of Arnaboldi (2018) is essentially same as the BD phases introduced by 

Gärtner and Hiebl (2017), who divide it to three phases: 1) data generation and storage, 

2) data processing, verification and analysis, and 3) reporting and decision support. At 

the organizational level, Kolbjørnsrud et al. (2017) suggest three steps to success: 1) 

start exploring AI now – together 2) keep track of AI use 3) craft new recruitment and 

training strategies. 

Shrestha et al. (2019) introduced us to five conditions differs between human and AI 

decision-making. First, the specificity of the decision must be well defined with AI as 

humans can cope with more loose situations. Second, the decision-making process of 

AI may be hard to interpret compared to the human version. Third, humans cannot eval-

uate as large set of alternatives as AI. Fourth, AI is much faster and it does not make 

trade-offs between speed and accuracy as with humans. Fifth, the decisions made by 

humans incorporate many individual related factors such as attention, experience and 

emotions, which are lacking with AI. The five conditions are expressed in Table 3. 
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 AI- and human-based decision-making. Adapted from Shrestha et al. (2019). 

Decision-making 
Conditions 

AI-based decision-making Human decision-making 

Specificity of the de-
cision search space 

Requires a well-specified deci-
sion with specific objective 
functions 

Works in a loosely defined decision 
search space 

Interpretability of the 
decision-making pro-
cess and outcome 

The decision process may be 
difficult to interpret 

Decisions are well explainable and 
interpretable 

Size of the alterna-
tive set 

Accommodates large alterna-
tive sets 

Limited capacity to evaluate a large 
alternative set 

Decision-making 
speed 

Fast, limited trade-off between 
speed and accuracy 

Slow, high trade-of between speed 
and accuracy 

Replicability of out-
comes 

Decision-making process and 
outcomes are highly replicable 
due to a standard process 

Replicability incorporates inter- and 
intra-individual factors such as dif-
ferences in experience and emo-
tional state of the decision-maker 

I argue based on this section that incorporating AI in decision-making requires a clear 

process. Decision-making with AI seems to have also differences when compared to 

utilizing just humans. Next, I will move on to the challenges that come with AI.  

2.6.3 Challenges with AI 

In addition to her above-mentioned new framework, Arnaboldi (2018) reaches the con-

clusion that there are two risky behaviors in decision-making with BD: blind faith and 

reluctance. The first indicates too high expectations of BD and the second means re-

sistance to BD if the decision-maker does not understand all the details of it. 

The constantly increasing digitalization of work brings also challenges. It reduces the 

amount of communication between people, which is a problem when the system does 

not work, and no one knows what to do (Payne, 2014). When it comes to managers’ trust 

in advice from AI, Kolbjørnsrud et al. (2017) found that only 18 % of the managers of 

developed countries strongly agreed to trust the information while in emerging countries 

(including China) it was 46 %. They also argue that ‘Executives cannot assume that mid- 

and lower-level managers will share their appreciation for AI.’ On the other hand, Sutton 

et al. (2016) bring into question whether solutions with high predictability but low expli-

cability lead up to increased or decreased acceptance and dependency on AI. Quattrone 

(2016) claims that digitalization is an opportunity to improve information judgement be-

fore using it, although his guess is that decision makers will make wrong decisions much 

more quickly with the help of big data. In addition, new governance activities may be 
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required with AI as it would be too easy to put the blame of bad decisions on the tech-

nology (Moll and Yigitbasioglu, 2019). Now that I have gone through past and present 

perspectives of AI, I will continue the discussion with a future perspective. 

2.6.4 Future perspective of Accounting and AI 

AI and other technologies will inevitably change the role of management accountants in 

the future. Moll and Yigitbasioglu (2019) state that accountants will be still needed for 

some traditional processes e.g. performance management. They also argue it is a duty 

of accountants to challenge the results that AI brings on the table and to take caution 

when someone uses the system as a black box without proper understanding. Richins 

et al. (2017) state that as many current tasks of accountants will be automated, new 

opportunities of problem-driven analyses emerge with structured and unstructured data. 

They draw our attention to four skillsets in developing accountants to these new roles. 

First, accounting skills should be complemented with strategy and business models of 

the particular firm. Second, accountants should have sufficient business analytics skills 

from extracting the data to communicating the results. Third, they should be able to work 

with big data tools and both structured and unstructured data. Fourth, accountants 

should have basic understanding of programming. 

Some institutional work, including (re-)constructing role identities, legitimizing the new 

role and linking the intra-organizational level with an institutional environment, may be 

required when the role change of management accountants is put into action (Goretzki 

et al., 2013). Bhimani and Willcocks (2014) argue that accounting functions of many 

companies are going through great changes since data information and technology are 

improving, which creates more possibilities for financial information as the roles of it are 

fundamentally changing. They note that some accounting executives are coming out of 

their usual job to guide operational decisions at least in enterprises, thus analysis is 

coming closer to the execution with the help of big data (BD) technologies. Parry et al. 

(2016) underline positive impacts of AI on decision-making as it may hinder the agency 

problem and de-individualize decision-making in organizations. 

2.6.5 Summary 

In this section, I have gone through practical cases, processes, challenges and future 

perspectives of AI, decision-making and management accounting (MA). The amount of 

practical AI cases in the MA field is very limited, but there are some interesting results 

especially in the construction industry predicting construction costs (cf. Petroutsatou et 

al., 2012; Shehab and Farooq, 2013). I argue that decision-making with AI requires a 
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clear process such as the one introduced by Arnaboldi (2018). The tasks of the account-

ing function are most likely going through a change, which will also bring new data-re-

lated opportunities for accountants (Richins et al., 2017). In the next section, I summarize 

the whole literature review before heading to the empirical parts of this thesis. 

2.7 Summary of the literature review 

To sum up this literature review chapter, I have shown how management accounting 

(MA) information is used in decision-making and why boundary objects (e.g. budget) and 

boundary subjects (actors) are important. Next, I elaborate how these are working to-

gether i.e. how knowledge is integrated and how artificial intelligence (AI) is reshaping 

these. The review is based on approximately 80 papers. 

First, the interest in the roles of MA information and its limitations among researchers 

seem to be relatively low. There are not many new roles introduced after the classical 

Burchell et al. (1980) suggesting the roles of ammunition, learning, rationalization and 

answer machines. Mouritsen and Kreiner (2016, p.29) states that there is also a role of 

promise in addition to the work of Burchell et al. (1980). However, research and discus-

sion on the limitations of MA information seem to have gained some momentum in the 

2010s (cf. Saukkonen et al., 2018). Second, boundary objects and boundary subjects 

offer an intriguing snapshot for management accountants to the world of social sciences. 

It is essential to understand that boundary objects also serve other purposes than being 

just answer machines (Burchell et al. 1980). For example, another purpose may be that 

the object is a language between actors. Third, in knowledge integration discussion, 

Wouters and Roijmans (2011) found that incomplete boundary objects are important as 

they raise questions and induce discussions among boundary subjects. In addition, 

Quattrone (2016) argues that making some financial transactions visible may increase 

the opacity of others. Fourth, the amount of practical AI cases in the MA field is limited, 

but there are some interesting results especially in the construction industry predicting 

construction costs (cf. Petroutsatou et al., 2012; Shehab and Farooq, 2013). I argue that 

decision-making with AI requires a clear process such as the one introduced by Arna-

boldi (2018). The tasks of the accounting function are most likely going through a change, 

which will also bring new data-related opportunities for accountants (Richins et al., 2017). 

To conclude further this chapter, I draw Figure 4 to illustrate my interpretation on deci-

sion-making without AI according to the literature review, the AI (big data) process intro-

duced by Arnaboldi (2018) and an unknown decision-making process when the first two 

are combined together. Starting from the top of the figure, the decision-making process 

without AI consists of steps and actors, who are interacting together with knowledge 
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integration. If there are boundaries between the actors, for example, functional bounda-

ries, the actors become boundary subjects and they need to do boundary work. In many 

cases, there are also boundary objects, e.g. Excel sheets that help the actors to make 

the required decisions. Here, I argue that AI is a special type of boundary object, which 

deserves more research in the decision-making and management accounting contexts. 

Next, Figure 4 shows the AI process, which is adapted from the big data chain of Arna-

boldi (2018). The idea of this chain is to provide an overview of what kinds of steps AI 

utilization may require and to pinpoint that they differ from traditional decision-making. 

When these two are combined to a single decision-making process, my literature review 

raises more questions than gives answers. Only few researchers have addressed how 

AI should be incorporated into decision-making and management accounting, and the 

lack of empirical evidence is even greater. Several researchers (Rikhardsson and Yigit-

basioglu, 2018; Moll and Yigitbasioglu, 2019) have also realized the need for similar 

studies. Thus, the bottom element of Figure 4 consists of mainly question marks to illus-

trate the research gap. 
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Figure 4. Decision-making according to the literature review and research gap. 

As Figure 4 suggests, this specific combination of decision-making with AI has been 

neglected among researchers. This thesis aims to address this issue. Figure 5 roughly 

shows how the research questions relate to the research gap. 

Knowledge integration

Boundary work

Boundary subject

Boundary object

Step 1 Step 2 Step n

Function nFunction 1

Actor nActor 1

Decision-making process without AI

Data 
acquisition, 

cleaning and 
recording

Data analysis 
(clustering and 

annotation)

Data integration 
and fusion

Modelling and 
analysis

Visualization

AI process (adapted from Arnaboldi, 2018)

? ? ?

Actor nActor 1

Decision-making process with AI (research gap)

?
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Figure 5. Decision-making with AI (research gap) and corresponding research 
questions 

I suggest in Figure 5 that RQ1 seeks to reveal, how does management accounting infor-

mation initiate and influence complex decision-making processes. In RQ2, I will study 

what kinds of artificial intelligence (AI) needs emerge in managerial work. The RQ3 elab-

orates expected boundary subjects. Next, I will discuss the methodology of this thesis 

i.e. how I am going fill the research gap and answer the research questions. 
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3. METHODOLOGY 

I will discuss the research design, data collection and data analysis in this chapter. Sil-

verman and Marvasti (2008, pp. 376) state that the methodology chapter of a dissertation 

should openly and clearly describe how the research was actually conducted. To build 

on this, I will discuss the research design of this thesis first.  

3.1 Research design 

Silverman and Marvasti (2008, pp. 376) argue that in especially empirical dissertations 

the methodology section is expected to show that the researcher understands the 

strengths and weaknesses of the strategy, design and methods. This thesis aims to elab-

orate how complex business decisions are made and how AI will change it. Now I will go 

through my research design choices based on the model introduced by Saunders et al. 

(2016, pp. 124). The research design layers, and my choices are shown in Table 4. 

 Research design layers (adapted from Saunders et al., 2016, pp. 124) and my 
choices 

Layer My choice 

Philosophy Interpretivism 

Approach Inductive 

Strategy Multiple-case study 

Choices Mono method qualitative 

Time horizon Cross-sectional 

Techniques and procedures Interviews, cross-case analyses 

 

The research philosophy of this thesis is interpretivism. It is a subjectivist viewpoint, 

which emphasizes the difference between humans and physical phenomena (Saunders 

et al., 2016, pp. 151). While subjectivity is a weakness, as my own values and beliefs 

affect the results, it may capture unique circumstances and interactions (Saunders et al., 

2016, pp. 140–141). My research approach is inductive, which simply means that I start 

from the data and generate untested theories (Saunders et al., 2016, pp. 145). Strategy-

wise I chose to use multiple-case study as it allows to capture real-life events (Yin, 2003, 

pp. 2) such as complex human-to-human decision-making processes. However, this de-

cision was more or less made for me by others in the research project, which I discuss 

further in the next section. I decided to use just one method as it is simple, and it may 

prevent from under analyzing data. Nevertheless, triangulation may improve reliability 
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when compared to mono method (Saunders et al., 2016, pp. 157–159). My time horizon 

is cross-sectional, which can be used for describing phenomena or how factors are re-

lated (Saunders et al., 2016, pp. 200). This was one of the aims of this thesis – to figure 

out how complex decisions are made and how MA information initiate and influence 

them. However, this time horizon does not allow studying change and development as 

longitudinal horizon would (Saunders et al., 2016, pp. 200). When it comes to techniques 

and procedures, it was chosen for me by other researchers of the project that I would be 

conducting interviews. This technique allows both fact- and opinion-based question, but 

it is a verbal report, which is subject to bias, poor recall and inaccurate articulation (Yin, 

2003, pp. 90–92). I chose to use cross-case analyses developed by Bourgeois and Ei-

senhardt (1988), which helps the researcher to go beyond initial impressions, but may 

lead to overly complicated theories (Eisenhardt, 1989). The strengths and weaknesses 

of the choices are illustrated in Table 5.  

 Strengths and weaknesses of my research choices 

My choice Strengths Weaknesses Source 

Interpretivism Captures unique circum-
stances and interactions 

Subjective: researcher's own 
values and beliefs affect the 
results 

Saunders et al. 
(2016, pp. 140–141) 

Inductive Takes human perspec-
tives and context of the 
events into consideration 

Risk: lack of emerging data 
patterns 

Saunders et al. 
(2016, pp. 147–149) 

 
Allows alternative expla-
nations 

Time-consuming, managers 
are more likely to support de-
ductive approach 

Saunders et al. 
(2016, pp. 147–149) 

Multiple-case 
study 

Explanatory studies: 
good for answering 'how' 
and 'why' questions 

Predictive studies: not good 
at enumerating 'what' ques-
tions 

Yin  
(2003, pp. 5–7) 

 
Multiple cases improve 
transferability compared 
to single case 

Requires more resources Yin  
(2003, pp. 47, 53) 

Mono method 
qualitative 

Simple, may prevent 
from under analyzing 
data 

Triangulation may improve 
reliability 

Saunders et al. 
(2016, pp. 157–159) 

Cross-sectional May be used for describ-
ing phenomena or how 
factors are related 

Longitudinal study would en-
able studying change and 
development 

Saunders et al. 
(2016, pp. 200) 

Interviews Allows both fact- and 
opinion-based questions 

Verbal report: bias, poor re-
call, inaccurate articulation 

Yin  
(2003, pp. 90–92) 

Cross-case anal-
yses 

Helps researcher to go 
beyond initial impres-
sions 

May lead to overly compli-
cated theories 

Eisenhardt  
(1989) 

Yin (2003, pp. 33–34) state that research design can be judged by four tests: construct 

validity, internal validity, external validity and reliability. Next I will go through the tests 

and case study tactics according to Yin (2003, pp. 34) and give my responses to them. 
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Construct validity tactics are 1) using multiple sources of evidence 2) establishing chain 

of evidence and 3) having key informants to review draft reports. I used data triangulation 

as we interviewed several informants on the same decisions. I intended to get original 

decision meeting memos to improve this, but I realized they do not exist, as the meetings 

are not usually that formal. In addition, we utilized investigator triangulation as other in-

terviewers checked my work during a research paper writing process and evaluation of 

this thesis. They also analyzed the data separately and we had some unstructured con-

versations on the data. Similarly, external sociologists analyzed parts of the data and we 

discussed the results with them. The structure of this thesis supports the chain of evi-

dence. The empirical findings chapter elaborates the case stories of the informants, 

which are, together with the literature review, the base for the propositions in the synthe-

sis of findings and discussion chapter. I did not send any draft reports to the key inform-

ants, which hinders the construct validity.  

The second design test, internal validity, is used for explanatory or causal studies. This 

thesis is mainly descriptive, so there is no need to address this. I tackled the third test, 

external validity, using replication logic by making cross-case analyses. However, the 

results need more testing before they are transferable. The last test, reliability, is some-

what addressed as I followed a relatively clear case study protocol. Nevertheless, the 

research process was not completely linear (as discussed in the following sections) and 

it was not well-designed beforehand. Another reliability tactic is to develop a case study 

database. We stored the interview recordings, transcripts and notes in a folder where 

everyone in our research group had access. Some of the data was also handed to the 

previously mentioned sociologists. The research design tests, case study tactics and my 

responses are shown in Table 6. 
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 Research design tests, case study tactics and my responses (adapted from Yin, 
2003, pp. 34) 

Test Case Study Tactic My responses 

Construct validity Use multiple sources 
of evidence 

I used data triangulation (multiple informants on 
the same decisions) 

 
Use multiple sources 
of evidence 

We utilized investigator triangulation (other in-
terviewers checked my work and did their own 
analyses. External sociologists analyzed parts 
of the data) 

 
Establish chain of ev-
idence 

I base the synthesis of findings on the empirical 
findings chapter, which tells the case stories 

  Have key informants 
review draft report 

I did not do this. No excuses. 

Internal validity Several This is mostly a descriptive study, so internal 
validity is not relevant 

External validity Use replication logic 
in multiple-case stud-
ies 

Replication logic is used as I made cross-case 
analyses. However, the results need more test-
ing before they are transferable 

Reliability Use case study pro-
tocol 

A relatively clear protocol was used, although it 
was not well structured beforehand 

 
Develop case study 
database 

Members of our research group have access to 
the case study database 

Lukka and Modell (2010) state that there are problems in validating interpretative man-

agement accounting research. Nevertheless, they point out that it creates rich emic de-

scriptions with etic parts for creating explanations. To further judge the research design, 

I would like to add that quantitative methods should have been used for RQ2 and RQ3 

as they are ‘what’ questions. Yin (2003, pp. 6) suggests that this type of questions favor 

survey and archival strategies. Alternatively, the research questions should have been 

changed. In addition, mixing the chosen case-study strategy with action or interventionist 

research methods would have probably provided results that are more comprehensive. 

That kind of research design could have partially captured informal communication, 

which happens during the decision-making processes. This thesis relied only on inter-

views, which could have been supplemented by direct observation. However, it would 

have imposed a risk of being an over-complicated research design. Despite the chal-

lenges and problems in my research design, Granlund (2011) states that there is a need 

in AIS research for cross-sectional studies in ‘establishing a wider picture of current prac-

tices and trends of development’. In addition, Korica et al. (2017) specifically called for 

elaboration on managerial work in practice with qualitative methods. 
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3.2 Data collection 

I wrote this thesis in a research project at Tampere University. As I joined the project 

during its early stage in January 2019, it had ten committed companies that would pro-

vide the project some resources. Four of these companies have a major role with exten-

sive resource commitment and we work with them closely over the two-year period to 

solve their problems. The rest of the firms, six in total, had approved that we can conduct 

interviews within their organizations on a significant business decision-making case. The 

data of this thesis is from four out of those six companies. One of them, HRCo, did not 

use financial information nor artificial intelligence in their decision-making process so I 

excluded it from the data of this paper. The case was about restructuring one of their key 

operations team into several smaller teams. In all the other cases, financial information 

had roles and the AI discussions were meaningful. ICTCo, however, made their decision 

so late, that it could not be included in this thesis. The rationale behind the including and 

excluding decisions are in Table 7. 

 Data rationale 

Company Included in the data Rationale 

HardwareCo Yes Financial information had a key role; AI discus-

sions were meaningful 

AnalyticsCo Yes Financial information had roles; The company is 

based on AI; AI discussions were meaningful 

ProcessCo Yes Financial information was crucial; AI discussions 

were meaningful 

ManufacturingCo Yes Financial information had roles; an AI discussion 

was meaningful 

HRCo No Neither financial information nor AI was used dur-

ing the decision-making 

ICTCo No They made the decision too late for this thesis 

This thesis led to a currently unpublished article (Tiitola et al., 2019), in which I am the 

second author. The article has the same case companies, and therefore some parts, 

especially citations, case overviews and process descriptions, have significant similari-

ties. Despite the similarities with the paper, this thesis is fully my original work and it 

provides a more detailed analysis to the research questions as the format does not have 

any major limitations in word count. 
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The data set of this thesis consists of four different companies: HardwareCo, Analyt-

icsCo, ProcessCo and ManufacturingCo. The first two are small companies, third is a big 

corporation and the last a medium sized company. HardwareCo sells electronic devices 

with software and their decision case is about production forecasting for 2019. Analyt-

icsCo offers a data analytics software and the case is about targeting a new customer 

segment. ProcessCo is in the process industry and they have a productivity investment. 

ManufacturingCo makes automation systems and their decision is target setting for 2019. 

A summary of the case companies is in Table 8.  

 Summary of the case companies 

In order to analyze the cases, we conducted eleven semi-structured interviews for differ-

ent actors. We found key informants within our research group’s network. These inform-

ants accepted that we could conduct interviews within their organization. We used re-

spondent-driven ‘snowball’ sampling as we asked the key informants whom we should 

interview in order to get a comprehensive view of the case. Two researchers interviewed 

all the informants individually. I was one of the interviewers in all of them; one postdoc-

toral researcher participated in HardwareCo and ProcessCo cases and a PhD candidate 

in AnalyticsCo. In ManufacturingCo the postdoctoral researcher participated in the inter-

view with the business controller and the PhD candidate with the business unit manager. 

Therefore, ManufacturingCo was the only company where the researchers changed be-

tween different interviews.  

I acknowledge that I based the case rationale more on the structure of the research 

project than the research questions. Yin (2003, pp. 47) maintains that ‘every case should 

serve a specific purpose within the overall scope of inquiry.’ Thus, the data rationale in 

Table 7 is excessively thin. If I would rewrite this thesis, I would make a two-case study 

of HardwareCo and ManufacturingCo. Those are somewhat similar, as they are about 

financial forecasting, which would offer an opportunity for literal replication (Yin, 2003, 

pp. 47). 

We assumed that every actor had a different perspective to the same event, so we 

wanted to interview all related persons. The average duration of the interview recordings 

was 1 hour 39 minutes, but the interviews were naturally few minutes longer as we did 

Company Industry Revenue (2017) Case decision 

HardwareCo Software & 

Hardware 

1–10 million EUR Production forecasting for 2019 

AnalyticsCo Software 0.1–1 million EUR Targeting new customer segment 

ProcessCo Process 1–100 billion EUR Productivity investment 

ManufacturingCo Automation 10–100 million EUR Target setting for 2019 
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not record all the small talks in the beginning and end of the interviews. A summary of 

the interviews is shown in Table 9. 

 Summary of the interviews 

Company Title Language Interview duration 

HardwareCo Product Development Director Finnish 1 h 49 min 

HardwareCo Head of Product English 1 h 54 min 

HardwareCo Procurement Manager Finnish 1 h 51 min 

HardwareCo Controller English 2 h 0 min 

AnalyticsCo Co-founder, VP of sales & marketing Finnish 1 h 39 min 

AnalyticsCo Chair of the Board Finnish 1 h 8 min 

ProcessCo Investment Controller Finnish 1 h 50 min 

ProcessCo Asset Development Team Leader Finnish 1 h 47 min 

ProcessCo Development Manager Finnish 1 h 16 min 

ManufacturingCo Business Controller Finnish 2 h 3 min 

ManufacturingCo Business Unit Manager Finnish 48 min 

   Avg. 1 h 39 min 

I managed to book interviews with many relevant persons but some of them remained 

unobtainable. HardwareCo case lacks insights especially from the sales department. A 

sales director and a salesperson would have brought important information to this anal-

ysis. In addition, at least one person from the subcontractor would have benefited the 

case as well. Despite having only two informants, AnalyticsCo case is not missing any 

crucial information, in my opinion, since we were able to interview a co-founder and a 

chair of the board who are part of the top management and the whole company is quite 

small. ProcessCo, however, misses an informant from the user side of the investment, 

although it probably does not have a significant impact on the research questions but the 

overall understanding of the investment process. From the data point of view, Manufac-

turingCo is the weakest case. Despite the interview with the business controller being 

one of the best in terms of relevance and context, there is an information gap. The busi-

ness unit manager was able to give us only the 48-minute interview where we had to 

rush through some questions, and we used most of the time when the business unit 

manager explained what kind of target setting system they have in general. Other view-

points would have been needed for a more comprehensive understanding of the case, 

but I was not able to get more interviews. 

We recorded all the interviews and our contractor transcribed them. We interviewed the 

product development director and procurement manager of HardwareCo in Finnish and 

the rest of the informants in English. As you might have noticed, I wrote this thesis in 

English, which means that I have translated most of the citations from Finnish to English. 
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I tried my best to remain the original message as unchanged as possible by adding miss-

ing words in the brackets and thinking carefully what words should be used. However, 

especially some jokes were hard to translate, and the quotes may miss some of those. I 

would like to emphasize the fact that I am not in any way professional translator, but I 

still believe that the quotes tell the stories of the informants accurately. 

We used printed interview guides in all the interviews so that we would not miss anything 

important. The interviews usually proceeded naturally, and our task was just to steer the 

conversation, but the interview with the development manager of ProcessCo was more 

question-answer based. The original interview guide is based on previous projects of the 

research group, so I have not created it. However, I edited, rearranged and prioritized 

the questions after few interviews to make it easier to follow. A pragmatic version of the 

used interview guide is in Appendix A. 

3.3 Empirical findings 

The fourth chapter of this thesis is devoted to within-case analyses. Eisenhardt (1989) 

states that there is not a standardized protocol on how to conduct it. She says the within-

case analyses usually contain case descriptions. To build on this, I decided to analyze 

the collected data company by company and to split the firm analyses into three subsec-

tions in addition to the overall case descriptions and more detailed decision-making pro-

cess descriptions. The data analysis ended up being iterative, as the topics and research 

questions changed during the process. The chapter contains both original, albeit mostly 

translated, quotes and my explanations. The former represents emic and the latter etic 

viewpoints.  Next, I will explain in more detail how I conducted the data analysis. 

First, I went manually through the transcriptions and handpicked quotes that were related 

to financial information or artificial intelligence. In practice, I started writing the quotes 

under the three topics listed below in HardwareCo case: 

 Financial information driving change 

 Financial department as a knowledge integrator 

 Artificial intelligence needs. 

After I had started to go through AnalyticsCo, I realized that it would be beneficial to edit 

the second topic since AnatlyticsCo does not have a financial department as it is so small 

firm and in other cases, the financial department is not addressed as directly as in Hard-

wareCo. Thus, I changed the topic to ‘Financial information as a knowledge integrator’ 

as it seemed more relevant. Later I realized, as I discussed in section 2.1, that the term 

‘financial information’ is not sufficient for studying management accounting in all the 



32 

 

cases, as I would not consider e.g. production volume to be ‘financial information’. Thus, 

I changed the term in the first two topics to ‘management accounting information’. An-

other major change was to add ‘boundary subjects with AI’ as a research question and 

to add it to the third topic. With some other minor changes, the final topics are: 

 MA information initiating decision-making 

 MA information influencing decision-making 

 Artificial intelligence needs and boundary subjects 

If I was not sure if a quote should be picked or not, I always picked it. Some quotes of 

the first two topics are overlapping, so I decided to place those under the first topic. At 

this point, I translated the Finnish quotes into English and added some information in the 

brackets if required for understanding. Here I realized that the subcontractor did not write 

the transcriptions word by word, so the quotes might not be perfectly accurate when it 

comes to filler words. When I had gone through all the transcriptions and picked the 

quotes, I started to write a ‘story’ around the quotes. I differentiated, as clearly as possi-

ble, my own interpretation and the thoughts of the informants. I explained the quotes and 

created a story with the help of my interpretations and transcriptions. In HardwareCo, I 

and three other researchers reflected and discussed the findings of each interview in 

order to create a comprehensive response to the research questions. Among other sub-

jects, one topic was about the differences between financial and (management) account-

ing information and in which category e.g. production volume falls if any. 

I did the data analysis manually, which means that some relevant information from the 

data is likely missing from this thesis. If I would have the chance to change something 

from the process, I would use a software such as ATLAS.ti in the data analysis. Coding 

the transcriptions with as software would have endorsed transparency as I could have 

made several codes from the same data set. In that way, another researcher could have 

made his/her own code, which we could have compared with mine. Even without any 

software or help from other researchers, I could have gone through the transcriptions 

manually several times and compared the results. Next, I will discuss how I created the 

synthesis of findings. 

3.4 Synthesis of findings 

I focus the empirical findings into eight propositions and three hypotheses in the fifth 

chapter. I divided this synthesis of findings into three subsections, one for each research 

question. In the first two sections, I use the cross-case analysis technique to illustrate 
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patterns between cases, which increases the probability of novel findings (Eisenhardt 

1989). I use special case analysis technique in the last section. 

The sections include two types of elements, propositions and hypotheses. I base the 

eight propositions on the empirical findings chapter. The three working hypotheses are 

my own guesses on what the explanation for the particular proposition could be. This is 

in line with Silverman and Marvasti (2008, pp. 509) who define hypotheses as ‘testable 

propositions often based on educated guesses’. The paper of Bourgeois and Eisenhardt 

(1988) inspired the structure of the chapter. 

Eisenhardt (1989) argues it is important, especially in case studies, to tie the empirical 

section with the existing literature for better transferability and internal validity. Thus, I 

made additional literature searches and found some specific studies related to the prop-

ositions and hypotheses. I also tried to make sure that the literature review chapter sup-

ports the findings. Turning now to the empirical findings chapter, which covers the four 

decision-making cases of this thesis. 
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4. EMPIRICAL FINDINGS 

4.1 Case HardwareCo 

4.1.1 Case overview 

The case company, 'HardwareCo' is a Finnish company providing solutions to its cus-

tomers around the world. The product portfolio consists of physical devices and analytical 

software, which they sell as a service. There are mainly two different devices, device A, 

of which manufacturing capacity is limited due to a long lead-time of some of its compo-

nents, and device B, which can be produced without major capacity limitations. The case 

is all about making and deciding production forecasts for both devices for 2019. This was 

the most problematic part of their new and more thorough budgeting process. 

Our most important informant, a product development director, selected HardwareCo’s 

production forecast for 2019 for our analysis. A key driver for the selection of the fore-

casting process was that the procurement manager's and sales department's first fore-

casts differed dramatically so they made significant changes to the budgeting process. 

Therefore, it was an important decision for the company since it has a major impact on 

the balance sheet and the decision-making process was recently renewed. The decision 

was based on numbers, the outcome was numbers, and the director thought it was an 

interesting event, which also affected the decision to include it in this thesis. 

The planning of this research collaboration started years ago when the director was 

working in another company. In addition, the head of product had done some educational 

cooperation with us beforehand. All of these led to this data collection in January 2019. 

The actors still remembered the forecasting process very well as they conducted the 

budgeting process in late 2018. Some informants turned out to have interesting back-

grounds. For example, the head of product of HardwareCo has a math degree and has 

a lot of knowledge and experience of AI and machine learning. The story of the controller 

had some inconsistencies and contradictions with the other informants, so I decided to 

focus on the other interviewees in the analysis. It was not possible to interview their busy 

sales director, which limits the data. It is hard for even me as a researcher and interviewer 

to recognize what part of the budgeting and forecasting was actually decision-making, 

as the process appeared to be rather chaotic. Nevertheless, budgeting contains many 

assumptions that are small decisions themselves. At least it is easy to notice, that the 

case is very complex, which means it provides great data to the research questions. 
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4.1.2 Overall process 
 

According to the director, the start of the budgeting process was strongly related to the 

sales department. In a phase, where service delivery budget is calculated, they had to 

estimate production quantities, because the hardware devices are in the HardwareCo’s 

balance sheet, as they are leased not sold. At this point, the director looked at the 

amounts and thought they cannot be accurate. In the second budget iteration round, the 

director decided to calculate a new production forecast based on 2018 sales data and 

ask the product development manager’s own opinion, which was even more radically 

different from the original estimation. Next, the director, the procurement manager and 

the product development manager thought about it, and the director asked the financial 

department if it was beneficial to change it. Their first answer was ‘let us go through this 

budgeting round with the original numbers and you can do your own production forecast’. 

Then the director made some calculations and told the financial department that the dif-

ference between the initial budgeted number and is X million euros (which was a signif-

icant amount in the HardwareCo’s balance sheet) so the department said that maybe it 

should be explored more. 

‘-- the difference was [X] million euros in the balance sheet so the people in finan-

cial department said that maybe it should be investigated further.’ – Product De-

velopment Director 

Next, the informants made several iteration rounds to the budget. Later on, the situation 

was presented to the top management team, which accepted the changes and the 

budget was then updated. After all, the production forecast for suppliers was different 

from the budget version, because the procurement manager did not agree with as big 

changes to the history data. To manage this, all the participants, including sales depart-

ment, agreed to start following and adjusting both budget and forecast numbers more 

frequently. 

4.1.3 MA information initiating decision-making 

As discussed above, the big difference between the original forecast and the calculations 

based on 2018 sales data initiated the complex decision-making process. Before that, 

the director started improving the budgeting process because the original numbers did 

not match the director’s and the head of product’s gut feelings. The head of product had 

a feeling that the device B will be selling more than before, and the sales trend supported 

the idea. 
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‘This is how this whole thing started. He/she [the Product Development Director] 

said “Do you believe in this? Because I need to pay the bill.” [laughter] “No.” So 

then we did it.’ – Head of Product 

‘[…] the forecast sits in the sales organization because in theory they are the clos-

est to the customers, they can forecast the fastest and unfortunately the forecast 

that we received […] we didn’t believe that.’ – Head of Product 

According to the director, they were actually forecasting the sales proportion of device A 

to device B. The revenue goal was widely agreed, but the proportions were not. The 

sales department had forecasted that the majority of sales would come from device A 

but the actual proportion had become 50-50 by the end of 2018, which was triggering 

the start of the new forecasting process.  

‘[It was critical that] the change [in customer demand] was so dramatic […]. Oth-

erwise we would not have used so much time in this.’ – Product Development Di-

rector 

The initial forecast for device A, made by the sales department, was rather high. The 

director said that one of the two people involved in the forecasting had already known 

that he/she will be leaving the firm and the other one was quite new. Thus, the forecasts 

were most likely made quickly and/or by guessing without proper assumptions. 

‘But our number and […] the sales forecast was completely different. And it was 

interesting because when we went back and challenged sales and say “Hey, what 

were your assumptions?” they said, “Ah we don’t really have assumptions, so we 

thought this is the best.”’ – Head of Product 

Part of the reason why the process was changed this time was that there had not been 

a person with sufficient time to do a well-detailed budget before this new budgeting pro-

cess. Now the controller could make better assumptions, because there was enough 

time for communication between the parties. 

‘We have grown so much that this time we had a dedicated budgeting person [the 

controller] who made it more carefully and had the time to ask questions and make 

those calculations.’ – Product Development Director 

‘This year we tried to make better forecasts with budgeting.’ – Procurement Man-

ager 

The head of product had been participating in both overall and customer specific pricing, 

which gave some insights about the past and the future of pricing. According to the di-

rector, this was essential when the total sales target was converted to the production 
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volumes and further to production costs. The director thinks it was critical for the start of 

the improvement that the budgeting process was iterative, so the budget was ‘on the 

table’ many times. The process improvement did not start in the first round, but the im-

portance increased gradually. 

‘[It was critical that] there were many budgeting rounds […] so the paper came 

onto my table many times.’– Product Development Director 

Even though MA information appears to be in a key role according to the director, the 

head of product and the controller, the procurement manager had a different viewpoint. 

As the agreement with the supplier is based on a specific profit margin, unnecessarily 

high inventories do not affect the HardwareCo’s finances. Therefore, the procurement 

manager did not see financial information in an important role.  

‘We have agreed to a certain profit margin which covers the inventories. […] 

Therefore, financial information has not been [heavily involved] as our contract 

do not pressure us into it.’ – Procurement Manager 

After all, I argue that the MA information started the decision-making process together 

with the iterative budgeting process, although the procurement manager seemed to have 

a different opinion on it. Next, I further analyze the influence of MA information in the 

complex decision-making process in HardwareCo. 

4.1.4 MA information influencing decision-making 

As the management accounting information clearly initiated the decision-making pro-

cess, it also had its own remarkable impact during the process. In addition to the direct 

impact, the influence can also be indirect. For example, the following communication and 

teamwork between the participants, including financial department, is a form of indirect 

impact of MA information. 

All the participants thought open communication was very important. While the controller 

and the financial department did the budgeting, the product development director argues 

it was critical that he/she and the head of product were participating in the process. They 

both brought data and their own point of views on the table.  

‘[It was critical that] the head of product and I were participating in this process 

because we both brought data and views [on the table] and we believe in open 

communication.’ – Product Development Director 

Three out of four informants believe in teamwork, but the head of product slightly disa-

grees with it. He/she believes that one good and experienced person should make the 
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initial budget and then senior management should give their input based on their expe-

rience. The controller is fully behind the idea of teamwork and says that they made the 

budget as a team. The procurement manager, however, also believes in teamwork but 

thinks that currently they do not have a common goal, which is a contradiction.  

‘[…] you normally have one guy which is good, has seen a lot, can put something 

together, and then you have the senior management coming in, because they have 

a different perspective. They talk to other people. They talk to industry. They have 

a bit more information that you would have. But and they can challenge and modify 

assumptions.’ – Head of Product 

 ‘[…] you have to really combine from different teams’ opinion, because we all 

work together. It’s like a team work. We can never just give some decision by our-

selves. It’s all like a team work.’ – Controller 

‘I think this kind of company is like a [sports] team which shares a common goal. 

[…] In this case, I have to say that we do not have it and it is a contradiction.’ – 

Procurement Manager 

The previously mentioned iterative budgeting process means that the parties discussed 

the numbers together many times. From the director’s perspective, it was important be-

cause they found several miscalculations that improved the overall quality of the budget.  

‘The iteration process led to that we found many miscalculations made by everyone 

including me which improved the quality of the overall [budget].’ – Product De-

velopment Director 

The director expected knowledge of the products and offerings from the people in the 

financial department. These expectations were not fully met as sales of a new product 

were budgeted to start in January 2019 while the reality is in July 2019 at the earliest. 

The director thinks the reason was that the new people did not understand enough in 

order to be able to ask questions about different numbers. The calculations made by the 

financial department are sometimes too precise for the fact that they are based on gut 

feelings. The director says it means from the management perspective that they convert 

conjectures to data. In addition, the procurement manager appears to demand opera-

tional knowledge from the financial department as different types of customer orders may 

look similar from the financial perspective but very different from the manufacturing per-

spective.  

‘There were many new people involved […] in financial and sales departments 

who do not necessarily understand the products and concepts enough. For exam-

ple, a new […] product’s […] sales were forecasted to start in January 2019 while 
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the reality is in July 2019 at the earliest. […] Maybe they should understand 

enough in order to be able to ask questions. Here they did not ask.’ – Product 

Development Director 

‘Sometimes it bothers me that they make really precise calculations in the Finance 

Department but do not think that it is based on nonsense. So, they convert gut 

feelings into data.’ – Product Development Director 

‘Renewing orders [which do not require a new physical device] may make the 

financials look exactly the same but from manufacturing perspective it is totally 

different.’ – Procurement Manager 

The head of product argued that the sales department should not do the production fore-

casts. Instead, the numbers should be asked from a person who has least incentives in 

it. According to the head of product’s experience, this applies to other industries as well. 

‘[…] sales forecasts by salespeople are the worst forecasts that you can get. And 

I can tell you because I have been in sales as well, so I have been guilty of the same 

thing. – Head of Product 

Therefore, it seems that the MA information had a role of knowledge integrator and it 

was a boundary object, as it got people together to discuss about different forecasting 

numbers and the assumptions behind them. Budgeting is a key element in the work of 

management accountants, so the MA information naturally had a big role in it. However, 

as the outcome was an official and unofficial forecasting numbers, I argue that with better 

usage of MA information, the outcome could have been just one number if the reasoning 

had been more solid.  

4.1.5  Artificial intelligence needs and boundary subjects 

The director would ask AI, what sales leads are saying since it could help forecasting the 

production faster. He/she would like to know more about the availability of some compo-

nents, and he/she thinks most the whole budget could be done with the help of AI if it 

would ask inputs and then iterate it further. The controller would like to have an auto-

mated budgeting tool, which would enable him/her to be more professional and efficient 

at work. He/she argues time could be saved especially from revenue and payroll calcu-

lations. The controller says automated budgeting tools are not in use in HardwareCo 

since they are so expensive. The procurement manager would ask AI how accurate the 

forecasts have been and whether a big monthly deviation should be ignored or not.  

‘Budgeting could mostly be done with the help of AI. […] It could ask for certain 

inputs and then iterate it further.’ – Product Development Director 
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‘[…] the kind of budgeting system we would like to have is make […] all the cal-

culations automatic […] to really save time to be more professional and efficient 

on the work. I think that’s a difference.’ – Controller 

‘So, I would say for that kind of a system it can make like the revenue calculation, 

and the payroll is more automatic calculated, that can save a lot of time.’ – Con-

troller 

‘[I would ask AI] how accurately sales department have forecasted […] and of 

course my own accuracy. […] Is a big monthly deviation part of a trend or should 

it be ignored?’ – Procurement Manager 

Outside of this forecasting process, the director would like to get more knowledge about 

the market situation including changes in the competitive environment and behavior of 

their customers and potential customers in e.g. social media. The director thinks it would 

be beneficial to know when a potential customer starts a development program so they 

could offer their services right away. The head of product would like to know what are 

the most loved and hated features of the products as it would help with prioritization of 

R&D. Since there are so much engagement data available, the head of product would 

like to have an algorithm going through all the data and to pinpoint unusual behaviors in 

order to recognize new customer values. 

‘I would ask what is the most-loved feature of my product.’ – Head of Product 

‘For example in my job, it would make it so so much easier, because for example 

the prioritization, of what do we do in R&D would become so much easier, if I 

know what customers love, not what they use, what they love then I can press the 

pedal more there. If I know what they hate, I know what I need to go and fix. So, 

at the moment again all these decisions they are not really based on data […].’ – 

Head of Product 

‘For me for better decisions, […] I would need exactly this kind of thing, an algo-

rithm to comb through all that engagement data how our customers are using the 

product and give me these nuggets that hey, you have, 50 users which are using 

this thing but they are using it 30 times day, at least. This kind of stuff. Because 

then I can go pick up my phone and call that guy and say “Hey, why are you doing 

this? Why do you find so interesting that you do this 30 times a day where majority 

of my user, does it once every second day? What value do you get out of it?”’ – 

Head of Product 
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The above-mentioned AI needs are presented in Table 10. I clarified the needs to be 

more compact. These needs can be understood also as new boundary objects in their 

future decision-making processes, if the AI needs are fulfilled. 

 AI needs/objects in HardwareCo 

Identified AI needs/objects Requesting informant(s) 

What our leads are saying? Product Development Director 

Component availability Product Development Director 

Market analysis tool (competitive environment, 
behavior of existing and potential customers) 

Product Development Director 

Notification when customer starts a develop-
ment program 

Product Development Director 

Automated budgeting tool Product Development Director, Controller 

Forecasting accuracy feedback tool Procurement Manager 

What are the most loved and most hated fea-
tures of our products? 

Head of Product 

Unusual use cases of our products Head of Product 

In order to utilize AI in operations, the director says they would need more data from 

different industries. For analyzing customers, they would need to meet the right com-

pany, which does that kind of AI product development. In addition, the value of the data 

would be needed to demonstrate, for example if it would somehow generate more sales. 

By contrast, the head of product, who has a math degree, thinks that implementing ma-

chine learning is just a matter of resources, as the data for the information he needs is 

already available. In addition, the head of product argues that a good algorithm plus 

some behavioral data is critical for service companies. The reason behind this is that it 

enables better investment decisions. 

‘[For implementing machine learning] we just need resources. That’s it. Because 

data we have available […] so that’s not an issue. It’s just that, we have couple of 

data scientists, but again they are busy doing, other stuff.’ – Head of Product 

 ‘I believe machine learning for decision-making will, especially around this be-

havioral data for company like ours, because we sell a service, I think this is crit-

ical. Because […] when you have a good algorithm, it allows you to take the cor-

rect investment decisions saying okay I’m going to, invest a bit more here, invest 

a bit less here. This is what we are trying to do now. But yeah, we’ll get there 

slowly. It’s going to make life so easy.’ – Head of Product 

There seems to be several needs for AI and/or machine learning in HardwareCo. All the 

informants would like to have some sort of intelligent system to help them with their work. 
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For some knowledge desires, there is already sufficient data available and the imple-

mentation is just a matter of resource commitment. As discussed in the methodology 

section, new expected boundary subjects were not part of the initial research interest. 

The topic did not emerge in the interviews within HardwareCo. Thus, there is no data on 

new expected boundary subjects with AI in this case company. Now I will move on to the 

next case company, AnalyticsCo. 

4.2 Case AnalyticsCo 

4.2.1 Case overview 

The case company, 'AnalyticsCo' is a Finnish company providing data analytics software 

to its customers mainly in Finland. The product analyses data and supports decision-

making by alarming the user when someone needs to do something. One of two of our 

informants, the vice president of sales and marketing, who is also a co-founder of the 

company, selected AnalyticsCo’s new sales focus decision for our analysis. The other 

informant, more recently joined chair of the board, complements the view from the actual 

decision-making side. 

AnalyticsCo has been pivoting its product portfolio for almost 10 years. They ended up 

serving a niche in the processing industry with their software, which utilizes AI and ma-

chine learning. I analyze the decision to target this particular niche in the following sec-

tions. The board of directors made the formal decision in December 2018, although it 

had been informally in action before that. We conducted the interviews in Finnish in Feb-

ruary 2019. 

4.2.2 Overall process 

According to the interviews with the chair and the co-founder, this decision-making pro-

cess did not have a clear starting point. They used to serve not just different kinds of 

companies in the processing industry but also in e.g. food industry. The chair states the 

idea behind it was to gather revenue wherever possible in order to keep the company 

profitable. 

As explained by the co-founder, they used to serve some companies in the processing 

industry and had thought early on, which other companies are collecting lots of data and 

realized the opportunities in another segment in the same industry. After that, they de-

veloped the software product according to one customer in this field. In addition, the 

references in the segment helped the sales team to close the deals in the same industry 
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even though they contacted companies in other industries as well. There was some in-

ternal debate in AnalyticsCo between the sales and technical teams for three or four 

years, whether they should serve every manufacturing industry with process data or just 

this segment. Thus, the offering was unfocused for a long time but naturally became 

more focused as they closed more deals in the niche. As mentioned earlier, the formal 

decision was made in December 2019, which could have been earlier in both chair’s and 

co-founder’s opinion. 

‘We hesitated internally for a long time whether we have a solution for all the 

process data […] or should it be focused to [the niche]. […] The technical side 

had a vision that the product would be generalized to everything, but it was felt in 

the sales team that we do not have the skills to sell for everyone.’ – Co-founder, 

VP of sales & marketing 

Although the process slowly emerged to the specific decision, several critical steps led 

to it. The chair said that the critical steps were an outsourced market research analysis, 

obtaining a first good reference from the particular niche, getting angel investments and 

getting a product development loan. However, the co-founder thinks the critical steps 

were troubles in sales, realizing that many of the customers were Lean Six Sigma experts 

from the niche and hiring a new CEO and board members that had expertise in the par-

ticular industry. 

4.2.3 MA information initiating decision-making 
 

As the co-founder stated, sales had not been at a desired level, which was one of the 

key drivers for the decision. In practice, co-founder thinks the same phenomenon can be 

seen also from the number of people in the company, which is about 15 while it should 

be 300. 

‘[…] our ambition is on a much higher level. We are now about 15 people thus 

sales have not been good enough. I think we would like to be 300 people, so it is 

clear.’ – Co-founder, VP of sales & marketing 

At some point, from the co-founder’s perspective, they noticed that over 60 % of the 

revenue already comes from the paper industry. As I discussed earlier, the process did 

not have a clear starting point, which implies that the MA information nor anything else 

did not have a major role as an initiator, although there were many critical steps that led 

up to the decision. 
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4.2.4 MA information influencing decision-making 
 

The chair of the board says that the estimated market size of the particular niche was 

used during the decision-making process. He/she argues that the focus should be ad-

justed in a way that would create a market share of at least 15–20 %. This will give the 

courage to say that the company is a notable player in the market. 

‘The market share should be more than 15 % so it would be good enough. […] if 

it is not 15 % or 20 % then the market scope has to be reduced.’ – Chair of the 

Board 

According to the co-founder, the market size is a problem, which has started an ongoing 

discussion. There are only about 20 factories left in Europe that they have not been able 

to be in contact in the niche. The co-founder states that if they do not close deals with 

those at a high success rate, they will have to either broaden the scope or start contacting 

companies outside of Europe. With this scope, they can keep going for ‘at least this year 

[2019]’. In contradiction, the chair states that the market size is big which leaves some 

question marks, whether we were talking about this niche or the industry in general. The 

first one would implicate that there are some disagreements or misunderstandings in the 

company. 

‘If you think about the problems, that the decision caused, you could point out that 

there are not endless amounts of factories in this niche.’ – Co-founder, VP of sales 

& marketing 

‘The amount of companies that could enter our sales funnel is a joke [in this 

niche].’ – Co-founder, VP of sales & marketing 

‘And the question was about financial metrics so […] of course the market size is 

big […]. – Chair of the Board 

The analysis of the market size led up to the adoption of a product roadmap thinking, 

which has been endorsed by the chair. It means that after the market size had been 

agreed, they estimated how big market share could be acquired, and what product de-

velopment steps should be taken for that. It is a plan for the next two or three years, 

which enabled cost estimation calculations. This road map initiated conversations and 

helped with the targeting decision, since it showed to people that these development 

tasks have to be prioritized, as not all the customers can be served. 

‘I have been strongly endorsing this product roadmap thinking so we could see 

two or three years ahead what should be developed and released at certain points 

and therefore estimate what it will cost.’ – Chair of the Board 
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‘As a matter of fact, the conversation went through the product roadmap as it was 

shown what should be developed for one customer so if we do that how are we 

going serve another one. Therefore, it was realized that these development tasks 

have to be prioritized.’ – Chair of the Board 

On one hand, the co-founder thinks that there were enough information available and 

the decision should have been done earlier. The problem was that there were different 

opinions on how certain the decision should be. This led up to a situation in which there 

were not enough courage to make the decision.  

‘[…] there has been enough information available… it is more like […] how much 

different individuals want to make sure “is it really this, is it really this?”’ – Co-

founder, VP of sales & marketing 

On the other hand, the co-founder believes that they should have understood earlier to 

start collecting data on customer needs from meetings with them. Then they could have  

systematically analyzed the data, so they could have noticed two or three years earlier 

that virtually all of the customers were Six Sigma people who they should be targeting. 

In addition, all sorts of internal workshops and strategy discussion would have been eas-

ier as they used to be based on just few recent meetings rather than hundreds. The chair 

reflects that in a public company, they used to have very exact information about the 

market, but in AnalyticsCo, which is small firm, it was an unknown area at first. Whether 

there was all the information available or not, the co-founder still thinks that people may 

believe in what they want regardless of the data. 

‘People create a very biased viewpoint of everything as if we have hundreds of 

customer meetings, I remember last week very well. If I say we should choose a 

market segment based on that and another person remembers another event it 

leads up to a pointless argument.’ – Co-founder, VP of sales & marketing 

‘[When I used to work for a public company] we knew exactly how many factories 

there were, how much our competitor’s and our sales were when we were creating 

a strategy. For AnalyticsCo it was really weird at first like “Do we need to know 

these as well?”’ – Chair of the Board 

‘Even if we would have all the information […] some people may still say, “Well 

here is the data but I had this meeting last week and the person said this damn 

thing!”’ – Co-founder, VP of sales & marketing 

This section elaborated the role of MA information in the complex targeting decision of 

AnalyticsCo. Next, I will analyze the case company from AI needs and boundary subject 

perspective. 
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4.2.5 Artificial intelligence needs and boundary subjects 

Both the co-founder and the chair state they would like to know more about the market 

with the help of AI. The chair is interested in the market size, its growth rate, competitors 

and key success factors. However, the co-founder would like to know how many factories 

are there; how long is the typical buying process; and what the customers want. The co-

founder would also like to have a head-to-head competitor product analysis, which could 

be extended to other industries to show greatest business potentials. These knowledge 

desires reflect their positions, as the chair is more concerned about general information 

and the co-founder more sales specific information. 

‘[I would ask AI] what is the market size? – Chair of the Board 

‘[I would ask AI] what is the growth rate of the market? – Chair of the Board 

‘[I would ask AI] who are our competitors? – Chair of the Board 

‘[I would ask AI] what are the key success factors in this industry in order to be 

successful? – Chair of the Board 

‘[I would ask AI] how many factories are there [in this particular niche].’ – Co-

founder, VP of sales & marketing 

‘[I would ask AI] how long is a typical software buying process in the paper in-

dustry.’ – Co-founder, VP of sales & marketing 

‘[I would ask AI] what the customers want.’ – Co-founder, VP of sales & market-

ing 

‘[I would ask AI to produce] a head-to-head comparison with our solution and ten 

others partly overlapping products so it would show us how our product differen-

tiates. Thus, it could be broadened to other industries as well to show where the 

biggest business opportunities are.’ – Co-founder, VP of sales & marketing 

The above-mentioned AI needs are presented in Table 11. I clarified the needs to be 

more compact. These needs can be understood also as new boundary objects in their 

future decision-making processes, if the AI needs are fulfilled. 
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 AI needs/objects in AnalyticsCo 

Identified AI needs/objects Requesting informant 

Market analysis tool: market size, growth rate, 
competitors and key success factors in the in-
dustry 

Chair of the Board 

Market analysis tool: how many factories are 
there, how long is a typical buying process, what 
the customers want, head-to-head competitor 
product analysis 

Co-founder, VP of sales & marketing 

 

The co-founder states that it is a contradiction that they do not have lots of data to support 

their own needs for utilizing AI while their whole business is based on machine learning 

and data analytics. Especially, the customer needs and desires have not been stored 

carefully. 

‘The shoemaker's children go barefoot. We do not have a lot of data about these 

[above mentioned] things.’ – Co-founder, VP of sales & marketing 

‘[…] if we skip numbers, all the information like customer needs and desires are 

poorly documented.’ – Co-founder, VP of sales & marketing 

Overall, there seem to be lack of market and competitor knowledge in the company alt-

hough they had received a market analysis made buy an external company. Thus, they 

wish that an artificial intelligence could help them in these fields. However, I argue that 

first they need to work on their data collection procedures so that benefiting from the data 

would become possible. As in HardwareCo, there is no data on new expected boundary 

subjects with AI in AnalyticsCo. Next, I will move on to the case of ProcessCo. 

4.3 Case ProcessCo 

4.3.1 Case overview 
 

The case company,’ProcessCo’, is a Finnish firm in the processing industry. This case 

is about a productivity investment of which pre-study started in the beginning of 2018. 

After that, it moved on to a feasibility study phase and in February 2019, when we con-

ducted the interviews, the project was in a definition phase. At that point, the execution 

of the project was planned to start in spring 2019. The investment requires engineering 

design and new physical components. The main idea of the project is to improve the 

warehouse capacity. 

We were able to interview three different informants individually about the same invest-

ment project. These informants are an investment controller, an asset development team 
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leader and a development manager. The investment controller oversees the whole in-

vestment project portfolio including maintenance, safety and productivity investments. 

The asset development team leader’s team is responsible for e.g. gathering project ideas 

and moving them forward in a project funnel. The development manager, however, is 

part of the asset development team and leads the particular project in ProcessCo. 

The investment controller chose this project under our analysis because the project was 

familiar and the controller had done some work for it unlike many other projects, as the 

position requires more general portfolio work rather than actually doing e.g. calculations 

for every project. According to the controller, there are hundreds of projects in the port-

folio yearly. The projects and the portfolio is managed through a portfolio management 

system. 

‘When we started to discuss about this project proposal […], here [in ProcessCo] 

these proposals proceed by that they are created in the portfolio management sys-

tem.’ – Investment Controller 

‘Information, depending on the starting gate, is added there [in the portfolio man-

agement system]. The proposals are summed up to a portfolio forecast.’ – Invest-

ment Controller 

The controller opened the portfolio management system during our interview and 

showed us quickly how the project had developed with different approvals and docu-

ments. Because the process is quite complicated, there were dozens of documents and 

we did not spend a lot of time on them during the interview, I realized during the data 

analysis that the detailed chronological story remained somewhat unclear. Hence, there 

certainly are some minor gaps or mistakes in the described process especially on what 

documents were created and approvals were done at certain points. Every gate requires 

multiple approvals from different actors and we were not able to document these, alt-

hough we saw them quickly on the screen. These limit the data but should not have a 

major impact on the topics related to the research questions, as the MA information 

seemed to be widely used in the process. If it was not in a key role, the lack of details 

might had led to false implications. Next, I will go through the overall process. 
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4.3.2 Overall process 
 

In ProcessCo, investment projects are divided into several phases, which are called 

gates. The relevant gates, considering the current phase (G1C) of the case project, are 

listed below: 

 G1A: Pre-study 

 G1B: Feasibility study 

 G1C: Definition 

 G2: Execution 

According to the development manager, the discussions of the particular project started 

in autumn 2017. It was accepted to pre-study in the beginning of 2018. After that, it 

moved on to the feasibility study and it is currently in the definition stage. The develop-

ment manager told us they split the project in half, of which the investment controller 

neither the asset development team leader did not mention to us. At first, the halves were 

supposed to be in one project together, but some technical problems raised in the other 

half, which led to the separation decision for scheduling purposes in order to keep the 

easier half going  so they could obtain the first benefits faster. 

‘[The project was split in half] because the profit expectations are so high, and we 

try to gain benefits earlier.’ – Development Manager 

The development manager joined this project at a very early stage, during the last quarter 

of 2017, as the manager was chosen to be the responsible person for the project from 

ProcessCo. The person in charge prepares the documents for the decision-making and 

communicates between ProcessCo and an engineering company, which makes the en-

gineering design. The responsible person also steers the project by making sure it stays 

on budget and schedule. 

The project management software has an internal control system. It does not let projects 

to continue to the next gate without meeting some requirements and getting approvals. 

A capex controller ensures a project fits into the budget and then asks a branch manager 

for an approval. 

‘Our capex controller checks that all the approvals have been made and that the 

project meets the requirements before it can move on [to the next gate]. The person 

also makes sure that the project fits the overall expenditure so there is a possibility 

to question the project if it would significantly exceed [the budget]. After that, the 

capex controller sends a request of approval to a branch manager. […] There is 

internal control in the system so the final approval [from the top management] 
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cannot be requested without all the approvals [from lower levels]. – Investment 

Controller 

The project has some characteristics, which makes it unusual for ProcessCo. The team 

leader states that about 80 % of their investments relates to safety and maintenance of 

old equipment. The development manager says in many projects they just replace an 

old device and maybe improve it slightly. In this case, however, they have to create 

something new that has never been used in ProcessCo and maybe not anywhere else 

either. Therefore, this investment project is rather rare, and it requires collaboration with 

unusual parties such as sales, marketing and production planning. 

4.3.3 MA information initiating decision-making 
 

The development manager states that the idea for the project came from people who are 

responsible for buying the raw materials. The investment controller says that there were 

a shift in the market in autumn 2018. My interpretation is that the market shift was a price 

change of the raw materials and the company could have exploited it better if the invest-

ment had been in place. Thus, it seems that the market shift accelerated the investment 

process as the preparations had already started almost a year earlier. 

‘[…] there was a market shift during the end of the last summer [August–October 

2018]. We would have liked to sell more but there were some limitations.’ – In-

vestment Controller 

As the project is a productivity investment, some financial figures such as costs, profit 

expectations and payback period were calculated at a very early stage during the pre-

study. In addition, different technical options have to be studied at this point. Next, a 

presentation was prepared for a ‘panel of judges’, and then the plant management team 

decided to support the investment idea. 

‘Because this is purely an investment project, some financial key indicators have 

to be calculated. […] first, the costs are estimated and therefore profit expecta-

tions, which lead up to payback time and so on. Thus, [a presentation] is prepared 

for a “panel of judges” and then the plant management team decides if this is 

something that they want to invest in.’ – Development Manager 

‘[…] profitability potential and different solutions to the problem have to be pre-

sented [to the “panel of judges”] when the project is about to hit the feasibility 

study phase’.  – Asset development team leader 
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The project seems to be exceptionally profitable although it is quite small. The develop-

ment manager also said that besides being profitable the payback period is short. I as-

sume the great profitability made it to stand out from the project pool although there were 

many other projects waiting for their turn. 

‘In terms of profitability this is a very significant project as the calculated profits 

are remarkable and the payback period is short. However, as an investment this is 

not a very noteworthy compared to others. It is a rather small one.’ – Development 

Manager 

Hence, MA information played a key role in the initiation of the project. This is not sur-

prising as it is a productivity investment, which is about improving the finances of Pro-

cessCo. Next, I analyze the role of the MA information in the decision-making process 

more thoroughly within this particular productivity investment case. 

4.3.4 MA information influencing decision-making 

As I mentioned earlier, all the information about the project is managed through Pro-

cessCo’s portfolio management software. Therefore, the software is inevitably a 

knowledge integrator and a boundary object as it is the platform for the stage gate model, 

documents and approvals. 

Available resources seem have an effect on the portfolio management level. The invest-

ment controller says that if people fear that there are not enough resources for all the 

intended projects, they put some of them on hold or dismiss them. It was shown to us 

during the interview that the software has a simple portfolio view on current and planned 

projects, which seemed to be useful in the overall portfolio management work. 

‘Projects may get on hold if the market situation or other plans change. […] If the 

portfolio seems to become too big and people start to fear that, for instance, there 

are not enough resources available, we start to go through the portfolio. Then 

some projects may get on hold or dismissed.’ – Investment Controller 

For any investment, it is obvious that costs need to be estimated beforehand. According 

to the team leader, they create the first cost estimation in ProcessCo during the pre-

study phase. The development manager brings the numbers together based on past 

projects and the experience of engineering designers and project managers. 

‘The guess about total costs of a project in the pre-study comes from some of our 

development managers who has hopefully seen lots of projects […].’ – Asset de-

velopment team leader 
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‘If there has been similar projects, we can mirror their overall costs. And of course, 

we utilize the guesses of engineering designers and project managers on the costs 

when we know what kinds of materials and machines should be bought. Thus, the 

expected overall costs are created with knowledge and experience. […] then I try 

to bring the expected overall costs together from different sources […].’ – Devel-

opment Manager 

Profitability is definitely important measurement in the company. All of our three inform-

ants mentioned it during the interviews. The development manager says it is calculated 

at every gate, which implies it is used in the decision-making. 

‘Profitability is assessed at every decision-making process, so all the profitability 

figures are calculated when hitting the next gate.’ – Development Manager 

The investment controller is the owner of the Investment Excel, which is the platform for 

financial calculations. It ensures that different people make the profitability calculations 

in the same way, so the projects are somewhat comparable together. An investment 

period, a write-off period and a tax rate are specified in the Excel calculations, which are 

in a form of an income statement and a balance sheet. The investment controller is re-

sponsible for the detailed instructions on how investments are calculated in ProcessCo. 

The filled Excel tool is stored in the portfolio management system and therefore comes 

with the project.  

‘[This investment Excel] works as a template on how financial review is done. 

Therefore, not everyone does the calculation of profitability differently. […] As an 

investment controller I have the ownership of the instructions on how the profita-

bility calculations are done.’ – Investment Controller 

‘There is an investment period, a write-off period and a tax rate defined [in the 

investment calculation tool]. The calculations are done in a form of an income 

statement and balance sheet.’ – Investment Controller 

According to the investment controller, profitability is calculated early on, so the profita-

bility, and therefore the business potential of the investment, can be assessed as early 

as possible. It is not calculated for safety investments.  

‘[Investment Excel] is made for every [productivity] investment. The first profita-

bility analysis is made during a very early stage so it can be determined whether 

the project has a business potential or not. […] of course, it is not made for safety 

investments.’ – Investment Controller 
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The asset development team leader says that the team prioritizes the projects. If a safety 

risk is high, the authorities require that it needs to be fixed. The person similarly states 

that profitability is not important for safety investments. However, the particular produc-

tivity investment was thought to be so profitable that it was decided to be endorsed. 

Therefore, it seems that the asset development team has a lot of power on what cases 

they are presenting to the panel of judges and what they are not. 

‘It is on our responsibility to prioritize [between productivity and safety invest-

ments]. […] We categorize risks according to which kind of explosion would hap-

pen, how many people would die and what is the probability. […] at a certain risk 

level, it is required [by authors] that it is fixed during the next possible event. […] 

This productivity investment obviously was not prioritized very high in this cate-

gory, but it was seen so profitable that it was chosen to be implemented as well.’ 

– Asset development team leader 

After all, the team leader argues they have difficulties with the project prioritization. 

He/she questions if they are able to choose the right projects for implementation from 

the project candidates. From my point of view, the prioritization problem seems to be 

complicated as it involves both financial and safety measures. 

‘I think we are now grappling with project prioritization […]. If there is not enough 

money and resources for everything,  are we able to choose the right ones?’ – Asset 

development team leader 

Both the investment controller and the asset development manager say that the case 

project has uncertainties because of the market volatility. In practice, it was handled by 

revising the profitability calculations and discussing the matter. The calculations con-

cerned different market scenarios and costs of capital. The Excel sheet also has a back-

ground data set, which contains at least market information. With this information, they 

have calculated low case, base case and high case scenarios for the investment in terms 

of US dollars. 

‘[This particular investment] is an extraordinary case since so many revisions [of 

the profitability calculations] have been done because the subject is so market 

sensitive. […] I have here the latest version, which is the fifth revision.  Thus, we 

have calculated different market scenarios with some varying costs of capital.’ – 

Investment Controller 

‘[…] The background data […] contains market information etc. […] which leads 

up to a base case, low case and high case of the forecasted benefits in terms of US 

dollars.’ – Investment Controller 



54 

 

‘There is a lot of more uncertainty on the profitability of the investment in 1-2 

years than in half a year. […] We have discussed this a lot where the economics 

are going and whether this project is profitable or not [after 1-2 years].’ – Asset 

development team leader 

Just as the monetary benefits were thoroughly analyzed in ProcessCo, they have also 

identified non-monetary benefits. It makes one process much easier, which should have 

indirect benefits according to the investment controller. However, the calculations include 

only direct benefits to be on the safe side. They also assessed if the investment would 

make something harder, but the results were not revealed in the interviews if there was 

any. Although, there were some safety-related biases against the investment among the 

end-users, which raised the planning costs and delayed the project. 

‘We have also identified other types of benefits [than monetary]. For example, it 

makes one process much easier. It could have significant monetary value. In this 

[calculation], we have taken direct benefits into account of which we can be sure. 

Then of course, we always have to think about the other side as well. Will it make 

something harder? […] we discuss that together.’ – Investment Controller 

‘[The safety-related biases against the investment among the end-users] caused 

delays in the schedule and of course in a way [engineering] design costs increase 

every time we investigate a [technical] option and something comes up and then 

we try to find alternatives.’ – Development Manager 

Another issue lies with the heavy structure of the investment process. The investment 

controller states all the projects worth over X euros go through the formal investment 

process with gates and documents. Three people from an operations management team 

make sure that these documents are sufficiently made, and they can ask questions about 

them. This ensures that all the aspects have been taken into account. The investment 

controller argues this complexity is a good thing since the organization is so big and 

complicated and there would be issues if information was passed by worth of mouth. 

‘Projects exceeding X euros go through a gate review process. […] in the opera-

tions management team there are three people going through required documents. 

Responsible persons [e.g. development managers] create the documents and they 

are used for justifying the project and making sure that certain aspects have been 

taken into account. The team can then ask questions.’ – Investment Controller 

‘Maybe it is required to have a heavy structure [behind this investment process] 

because the size and complexity of this organization. It could fall into a pitfall if 

information was passed by word of mouth.’ – Investment Controller 
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Nevertheless, the development manager states the heavy investment process leads up 

to higher costs and especially in small projects, the engineering costs may be remarkably 

higher than the cost of equipment and labor. This is not usually visible for the decision-

makers i.e. panel of judges. Yet they have discussed the matter together how they could 

be more efficient. 

‘It is not necessarily visible for the decision-makers that all the projects follow the 

same [heavy] investment process but it is more visible to the engineering supplier. 

Moreover, it increases the project costs, which is thus visible to the decision-mak-

ers […] the share of the machines and labor of the total cost is not necessarily 

high as the costs accumulate from other sources. In a small project design and 

other costs stand out. […] We have discussed together how we could be more effi-

cient.’ – Development Manager 

At the same time, the team leader says the company struggles with lack of engineering 

workforce such as automation engineers, project managers and contractors. My inter-

pretation is that the unnecessarily complex investment process plays its part in the re-

source shortage. 

‘There are not automation designers available. Whatever you pay there just are 

not. […] The order books are full for many [years]. Designing resources, project 

managers […] and presumably contractors.’ – Asset development team leader 

My construction is that the team leader’s and the development manager’s risk-taking 

capacities is somewhat higher than the investment controller’s is. The team leader says 

their investment model does not allow taking risks by planning in a leaner way, which 

could bring the profits faster. Hence, the problem could be solved by rethinking the 

above-mentioned project value X, which defines whether the project goes through this 

investment process or not. In addition, creating a parallel investment process especially 

for investments that do not possess big safety risks, may solve the problem. This new 

process could be leaner, save engineering hours, and therefore help with the lack of 

resources. 

‘Mainly it is better to be sure [that the plans are well made] but if we wanted to 

get profits faster maybe we should be ready to take risks. Our investment model 

does not allow taking risks on making a less thorough planning phase.’ – Asset 

development team leader 

Despite lots of communication already happening between different parties, it could be 

improved further. The team leader states that the team should have conversations with 

the marketing department more often. Sometimes they ask for something to be in action 
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in a month, and the investment process cannot even create a decision during the pro-

posed period, not to mention the implementation. My previously recommended new pro-

cess idea could also help with this problem. 

‘We should discuss more regularly [about these productivity investments] with the 

marketing department. […] They are like “we have this fair next month and we 

need this and that”. We cannot even make the decision in one month.’ – Asset 

development team leader 

The development manager would like to further promote the understanding that the par-

ticular productivity investment do not necessarily bring any benefits to a single production 

are or a person but improves the company’s overall performance. My interpretation is 

that this productivity investment is not seen as important as e.g. safety investments are 

and thus some parties think it a reason for not carrying it out at all. 

‘[The most important thing that all the stakeholders should understand] is that this 

is purely a productivity investment so it does not necessarily bring any benefits to 

a single production area or a person […] but it is all about “common good” which 

improves the bottom line of the company.’ – Development Manager 

Hence, it seems the MA information created many discussions and therefore had an 

important role in the decision-making process. Profitability calculations seems to be es-

pecially important in ProcessCo’s decision-making culture. Next, I will analyze the case 

company from the perspective of AI needs and boundary subjects. 

4.3.5 Artificial intelligence needs and boundary subjects 

The current situation in ProcessCo is that they have not utilized AI in their investment 

process. However, the investment controller, who studied mathematics as a minor sub-

ject at a university, says they have AI projects on customer behavior and technical oper-

ations. The investment controller states it would be interesting to have a neural networks 

model to improve their overall portfolio profitability. My interpretation is that the invest-

ment controller is willing to start a project on building a neural networks model on the 

overall profitability. Other AI solutions could be about inventory turnover, sales and mar-

kets. The other three needs were not further determined as we did not ask him/her to do 

so. 

‘We have not built models [neural networks] on our overall profitability yet […]. 

Of course, it would be interesting to see how it would solve the problematic nature 

of it.’ – Investment Controller 
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‘I would be interested in [AI solutions about] inventory turnover, sales and mar-

kets […].’ – Investment Controller 

‘We have ongoing AI projects about customer behavior and [on a technical oper-

ations level.]’ – Investment Controller 

The asset development team leader would like to get more information from AI about 

their resource availability and project prioritization. Other needs are a visual tool for 

showing the statuses and schedules of different investments in different plant areas. The 

team leader also desires information on resource utilization of subcontractors and re-

source shortages on projects with red highlights on issues that should be addressed. In 

contradiction to the previously mentioned problems with project prioritization, the team 

leader argues that ‘There would be seldom a need to ask whether to implement a certain 

project or not.’ I think the person meant with the quote that a ‘go’ or ‘no go’ answer for a 

project is not needed on an operational level because the comment would be completely 

opposite than the other statements if it was meant to be on the project prioritization level. 

It is also very interesting that the asset development manager, who does not have a 

mathematics or other AI related background, thinks that AI may not be the right tool for 

the needs described above. 

‘[I would ask AI] do we have enough resources [for a project]? And about the 

prioritization [of projects].’ – Asset development team leader 

‘It is not necessarily an AI problem, but it would be wonderful to have a report on 

which investments we have on a certain plant area, what are their schedules and 

statuses. A visual presentation that could be easily edited. […] There would be 

seldom a need to ask whether to implement a certain project or not. The answer 

should be like what projects do we have here, what is coming, what subcontractors 

are planned to be used, what projects lack engineering designers and what is our 

resource status, how many projects a designer has and red highlights on bottle 

necks.’ – Asset development team leader 

When we asked the development manager, what the person would ask from AI, the an-

swers were more general business needs than actual AI problems. The problems relate 

to their project management model, which seems to be too complicated for some pro-

jects, which plays its part in the lack of resources. One ambition was on how to manage 

projects more straightforward and efficiently.  

‘[I would ask AI] how to manage projects more straightforwardly and efficiently. 

In terms of scheduling, resourcing and costs. In addition, in this kind of plant.’ – 

Development Manager 
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‘I would reconsider our investment model more thoroughly by thinking what 

should be done in different phases of different projects. Is it wise to have all of 

them to go through the same model or should they be categorized maybe in terms 

of monetary value or complexity etc.? […] personally, I think some phases or doc-

uments could be excluded in certain projects. It could also help with the [lack of] 

resources’ – Development Manager 

Further questions revealed that especially relatively low-cost maintenance investments, 

where parts are more or less just replaced, could be simplified by reducing the amounts 

of phases and documents. The development manager states that they could ‘survive 

with fewer decisions’ which is rather ironic way of saying that the current situation is not 

good.  

‘Maybe these maintenance projects, which are more or less one-to-one renewals 

[could be more straightforward]. We are talking about [inexpensive] projects […] 

so there is definitely room for rationalizing. […] the decision-making process do 

not need to be so complicated because we could survive with fewer decisions.’ – 

Development Manager 

I gathered the AI needs to Table 12 and clarified them to be more compact. These needs 

can be understood also as new possible boundary objects in their future decision-making 

processes. 

 AI needs/objects in ProcessCo 

Identified AI needs/objects Requesting informant(s) 

Neural network to improve profitability of the 
project portfolio 

Investment Controller 

Inventory turnover improvement Investment Controller 

Market knowledge Investment Controller 

Sales tool Investment Controller 

Resource availability (both internal and subcon-
tractors’) 

Asset development team leader 

Project prioritization Asset development team leader 

Visualization tool for project statuses and 
schedules 

Asset development team leader 

Resource shortages in projects Asset development team leader 

How to manage projects more straightforwardly 
and efficiently 

Development Manager 

Despite majority of the ideas not being necessarily AI related in practice, the develop-

ment manager says the nature of some software tasks are simple and repeating. These 
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could be reduced by robotic process automation (RPA). This is not either a clear AI prob-

lem but at least little more towards it. However, RPA could bring direct benefits with 

increased capacity but also indirect benefits such as improved employee satisfaction. 

‘Yes there are, I suppose, [some routine tasks that could be automated]. Using 

some of those [software] systems feels like […] very simple and repeating […] like 

reading rows or adding there some information.’ – Development Manager 

Therefore, many of these so-called AI problems seem to be anything but actual AI prob-

lems. I think solving the needs such as the visualized status of project resources or the 

new project management model does not require artificial intelligence. The resources 

could be better managed with e.g. a simple Gantt chart software, which is far away from 

a meaningful AI solution. However, improving the overall profitability of the project port-

folio could be possible with AI, but rethinking the investment process might be here the 

low-hanging fruit. As in HardwareCo and AnalyticsCo, there is no data on new expected 

boundary subjects with AI in ProcessCo. Next, I will move on to ManufacturingCo, which 

is the last case in this thesis. 

4.4 Case ManufacturingCo 

4.4.1 Case overview 

The case company, ‘ManufacturingCo’, is a Finnish firm in project business. Its revenue 

is 10–100 million EUR and its offering consists of equipment and services. The organi-

zation (further sometimes called ‘group’) has four business units. The decision-making 

case is about target setting for 2019 with emphasis on one business unit. The budgeting 

and target setting processes are rolling so they are updated monthly. Managers update 

forecasts quarterly. 

‘As the closing is done here monthly, we update our targets [at the same time]. 

For example, new orders increase the order backlog forecast for the rest of the 

year. […] we have a rolling forecast, so everything is updated by accountable 

managers of cost centers four times a year […].’ – Business Controller 

We were able to interview a business controller, who was responsible for gathering all 

the information to a profit and loss statement (further called ‘P&L’), and a business unit 

manager (BU manager), who was closely participating in the process. They form the 

management team of the business unit with heads of departments. The data is very 

limited as we were not able to interview the heads of departments, of which quantity 

remains unknown. 
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‘I am always really strongly involved in the forecasting […] and at the end of the 

day I am responsible for it. When a manager gives a forecast, I have to inspect it 

and then accept it like it is OK. In addition, very often it is like I go through them 

and ask if the person has noticed that someone has to be hired or something like 

that. Therefore, I get somewhat information during the forecasting process, so I 

somewhat know what is happening in different departments. – Business Controller 

The interview with the business unit manager was very short with the length of 48 

minutes. This implies that the data tells the story mostly from the controller’s perspective. 

We could not reveal any significant disagreements between the two informants, so one 

could ask if the process actually was that smooth or if the data just is incomplete. How-

ever, my intuitive reaction is that the business controller was not hiding anything, but the 

analysis would have benefitted greatly from at least one interview with some of the heads 

of departments. 

4.4.2 Overall process 

According to the business controller, the process started with a workshop with the man-

agement team of the business unit where they looked at their order backlog for 2019. 

After that, the controller made the first revenue estimation. In practice, the person 

checked the anticipated backlog at the end of 2018 by product categories and modelled 

the revenue in Excel. X percent was added onto 2018 sales which resulted in salesfore-

cast of 2019. ManufacturingCo uses percentage of completion revenue recognition 

model in some of its projects and these revenues are modelled at this point. The process 

required lots of iterations and discussions between the business controller, managers 

and head of departments. The business controller states the business unit business unit 

manager is an important information source as he/she makes also good guesses. 

‘There were discussions [between me and] the managers, heads of departments, 

iterating, in practice changing ideas or me having a question and then I go dis-

cussing it with a manager. Then we discuss it and the understanding of the topic 

is improved for both. Moreover, our business unit manager has a very good view 

widely [over the organization] so often at the end of the day we are discussing with 

[him/her]. [He/she] gives information or makes guesses, very good guesses. But 

you have to navigate a lot in the organization […] and maybe know the people 

who know about these topics.’ – Business Controller 

The firm had already sold almost all the capacity of 2019, so the challenge is to deliver 

them. Hence, they started to go through different product categories by finding out how 

much engineering design hours are required and how many new employees they have 
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to recruit, which led up to some investments and increased fixed costs. When they had 

calculated the projected revenue, the controller looked at their sales margins in different 

types of projects and fixed costs of 2018. Next, he/she estimated how the costs are likely 

to change in 2019 because of investments and recruitments. This led to the first version 

of P&L. 

Next, the business controller and the BU manager started to iterate it further as e.g. R&D 

were not fully addressed. The BU manager used intuition as the revenue goal seemed 

to be too high compared to history. In practice, they made some delays to the percentage 

of completion models. At least one head of department told them that the revenue would 

not be as high as it was modelled. After these modifications, they were satisfied with the 

P&L and it looked achievable. This was a probable case and then they created a best-

case scenario and a worst-case scenario. 

‘[…] when we had created the first version, we created two other scenarios where 

we first verbally described, “Okay this scenario means that a hard brexit happens, 

sales decrease, and blah blah blah.”’– Business Controller 

At this point, the targets of the four business units were sent to a group controller who 

thought about the targets of the whole group. According to the business controller, they 

made some changes to spread the risks, as not all the units are likely to meet their initial 

targets as planned. The group controller made then a proposal for a managing director 

who made the final decision for the targets. Now I will analyze MA information in an 

initiator role in this target setting process. 

4.4.3 MA information initiating decision-making 

As stated by the business controller, this kind of target setting process was new to Man-

ufacturingCo. Earlier it had been done in a more top-down and intuitive way rather than 

this bottom-up based on numbers and modelling. The new process emerged when the 

business unit manager asked the controller to create the initial numbers of the P&L by 

intuitively modifying the last year’s numbers as it was done before. However, the busi-

ness controller was not able to do that, as it was the person’s first time and the experi-

ence in the company was limited. Therefore, the only possible way was to calculate eve-

rything. At this point, the following process was unclear because the process was com-

pletely new. 

‘Earlier [this target setting] has not been done as number-oriented as now. Before 

the strategy was going only qualitative, like “yes we can make 110 million [in 

revenue]”. – Business Controller 
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‘We were having this workshop when [the unit manager] asked me to create the 

initial numbers, the initial P&L, and earlier the P&L has been created by […] 

thinking “this will increase, and this will decrease a little”. Thus, a deeper under-

standing behind the numbers has not been sought so they have been created by 

guessing. […] that was out of my line as I do not have enough understanding for 

making those guesses and I do not believe that many others have either.’ – Business 

Controller 

‘I was asked to make the initial P&L […] I did not see any sense in that I would 

have just guessed the number as I am quite unconfident in principle if I do not have 

good reasons. If it [the P&L] should steer the operations of the whole business 

unit, I think it cannot be based on guesses of a recently graduated business con-

troller. – Business Controller 

The strategy process should steer the daily operations so it is not just that the 

management team goes to a summer house for a week to drink and then say [what 

should be done]. I think it should have a real value for the business and it will not 

be good if it is done half-baked […]. – Business Controller 

The business controller points out that the calculations started from the bottom, and in 

practice from revenue. They had been measuring profitability on the business unit level 

earlier but now the business controller calculated profitability for all the project types. 

Another driver for the change was an increased amount of business controllers in Man-

ufacturingCo. The group controller used to be the controller for all four units but now the 

business controller is in charge for the controller function in the particular unit. This 

means there is much more controller resources available for the unit, which made it pos-

sible to create the P&L more carefully than before. 

‘The amount of business controllers has increased. Before [the group controller] 

has been the controller for everyone in this group so the time allocated for creating 

numbers for a single business unit maybe was not as long as it is now.’ – Business 

Controller 

The BU manager says ROI calculations are made to every project they have, so MA 

information seems to have a big role in the initiation decisions of projects in Manufactur-

ingCo. However, the comment does not directly address the target setting case, but more 

broadly to the management culture of the company. 

It depends on the project but yes, there have to be ROI calculations in the back-

ground, so we start from what kind of profitability potential there is and how much 

should be invested. In addition, we have product development projects, in which 



63 

 

we always make business case analyses and estimate what kind of ROI could be 

achieved and what is the risk distribution. So yes, financial information has a big 

role in the initiation decisions. – Business Unit Manager 

Thus, MA information somewhat initiated the new target setting process. The process 

emerged as the business controller was not able to set the targets with the previous 

intuition method. In addition, the increased amount of available controller resource had 

its impact. Next, I will move on to the next topic covering how MA information affected 

the decision-making in this case. 

4.4.4 MA information influencing decision-making 

The business controller states there used to be problems with the previous targets. Peo-

ple were not committed to the targets, as they were guesses. It was hard to hold man-

agers accountable for them, because one could always argue it is just a guess. In addi-

tion, the business controller argues that if probabilities from statistics are not considered 

during forecasting, your mood of the day may affect the targets. My interpretation is that 

he/she means that they are converting gut feelings into data to some extent, as someone 

has to come up with the probabilities. 

‘If you think about the impacts […] we gave a solid base for the top-level numbers 

on how we set the targets, so it is much easier to communicate downwards and to 

hold people accountable for meeting these targets.’ – Business Controller 

‘Previously the management team was not committed to the numbers, as they knew 

they were guesses […]. If it looks like a target will not be met, it is much easier to 

disengage from it by saying “someone made a guess, so I am not really committed 

to it.”’ – Business Controller  

‘I think the guesses are based on feelings like ‘our sales are really high’ or ‘we 

have a really good project going’ […] When probabilities from statistics are not 

thought it may have an effect how good day you have had if you [decide to] in-

crease the forecast.’ – Business Controller 

After creating the bottom-up targets, the business controller says the level of commitment 

has raised. Nowadays it is easier to hold people accountable even at lower levels. 

He/she argues that the accuracy and rationality of the numbers made it possible. The 

business controller states it is important to break the financial targets down to the oper-

ational level so employees can understand them and thus meet the targets. 

‘Now that we have thought about these targets together and spent a lot of time on 

it at a management team level […] everyone is probably more committed to them. 
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Therefore, people at lower and lower level is much easier to make accountable for 

them as the numbers are accurate also at the top level or they have been created 

rationally.’ – Business Controller 

‘I agree with it [that financial forecast is a tool for operations management] and 

that is how it should be. Like thinking what we would like to be during this strategy 

period and then break it down what does it actually mean. The targets cannot be 

met […] if the understanding is not developed; if we do not really understand how 

they can be met, they cannot be met.’ – Business Controller 

The new targets had a remarkable impact on HR. One of the key outcomes was that the 

actors thoroughly discussed and understood the recruitment needs during the process. 

They identified a contradiction between the recruitment plan and the projected needs 

and they managed to solve the problem. However, the business controller had to re-

member HR many times, and MA information certainly had an important role in it. The 

sales had increased 80 % in two years, so the pressure on HR was substantial. 

‘[…] our sales have increased about 80 % in two years and it will show in our 

revenue next year. In practice, our organization have to grow a lot. So, I think the 

understanding that something needs to be done [in HR] in order to be able to de-

liver [the sold projects] was not formed until we created the numbers from the 

bottom and discussed them with the management team.’ – Business Controller 

‘I remember many discussions with […] management team members when I looked 

at their HR forecast and then told them to “remember that we calculated how many 

employees we need next year so that we are able to deliver and there is only this 

much employees in the plan which goes to the HR department.” Then I asked, ‘why 

there is this gap between the plan and the needs?’ […] it will definitely improve 

the readiness from the HR or resource perspective.’– Business Controller 

Sales margins are important metrics in ManufacturingCo. The business controller argues 

it is a big difference in operations whether the targeted sales margin is set to [Y] or [Y+1] 

percent. My interpretation is that there have been internal debates on how to set these 

targets. The business controller also states there are problems with calculating the sales 

margins for product categories. The business units and areas may conduct some work 

of each other and the projects may be sold internally. Thus, it is a complicated task. In 

addition, the business controller has to gather data from emails and the whole process 

requires lots of manual work. He/she states their data management is not in a good 
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shape. In line with my previous interpretation on converting gut feelings to data, the busi-

ness controller says people are good at guessing and a guess at a low level becomes 

good at high level. 

‘For example, sales margins are so important for the profitability of the year. De-

termining them to [X] or [X–2] or [X–1] percentage may appear really insignifi-

cant, but it is hell of a difference for our operations whether we get [Y] or [Y+1] 

percent. If our sales margin is [Z] percentage and someone argues that we should 

have [Z+3] percentage, […] what should we do if we have done everything to get 

that [Z]? So how on Earth could we get [Z+3] percentage?’ – Business Controller 

‘[Calculating] our sales margin for product categories [is a bottleneck]. It is re-

ally hard […] For example, the outcome of this [area] business unit is not the 

profit of this area as we may make here some work of other business units. We may 

enter a project in [another country] as we have internally sold it there and [a 

branch of the another country] sells it to the customer and the outcome belongs to 

this unit here. […] We would like to know all the time what the outcome of the 

product category in this month is. This is surprisingly hard […] I have done some 

Excel tools, which I have used for calculating them, but it is a really big task. [I 

have to] consolidate data from emails what outcome has counted where. And it is 

also exposed for miscalculations.’ – Business Controller 

‘Data collection was difficult to some extent because […] let us say the quality of 

the data or we do not have that kind of data available, so our data strategy is not 

in order. For example, it is really hard to get the basic profitability data from 

different product categories. […] However, we were able to get access to those 

[required information] when the information is concrete enough, as good guesses 

emerge because people roughly know what they are, although it does not say it 

anywhere. […] A guess at the low-level becomes pretty good at the top-level.’ – 

Business Controller 

ManufacturingCo pays incentive bonuses to its employees. The bonuses are paid based 

on EBITDA. Thus, the target setting is somewhat important to everyone. My construction 

is that it might have an effect on the targets, as a lower EBITDA target leads up to bigger 

bonuses, if the operations stay the same in both cases. They update the incentive target 

yearly. 

‘[…] we have the target where we promise to the board in the beginning of the 

year what we want to do and in practice the incentive bonuses are based on 
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EBITDA so when EBITDA exceeds a certain level, [X] percent is paid for the em-

ployees.’ – Business Controller 

According to the business controller, the targets are transparent. However, the target 

setting process is not transparent as he/she thinks it is complicated and thus hard to 

communicate and understand.  For communicating the targets, they just had a workshop 

for about 50 employees, mainly managers, where they discussed the targets and how to 

achieve them. For others, they have monthly infos, in which they go through profits of 

the month and the impacts on the targets. 

‘The targets are transparent, yes. […] In practice, we had a workshop in [this] 

business unit with about 50 people last week or the week before where we commu-

nicated the goals and thought how to achieve them. In practice, there were some 

kinds of managers and eminent or important persons from this business unit.’ – 

Business Controller  

‘About the [target setting] process, I am not saying it is very transparent to the 

organization so it can be hard to understand as the target setting is not a little 

process so it can be hard for the organization to understand it as a whole or hard 

to communicate.’ – Business Controller 

‘[…] we have monthly infos at the group level and also in business units or at least 

in [this] unit. Usually we go through the profits of the month […] and at the same 

time how does it affect the target and what is the forecast, like are we exceed or 

below the target in the forecast.’ – Business Controller 

The business controller would develop the target setting process by tightening the con-

nection between strategy and operational planning. It means that if one sets a target, an 

operational plan should be created instantly in order to achieve the goal. He/she gave 

an example that a target may require more work hours, which means that two more 

employees have to be recruited and that the recruitment process should start next month. 

This example seems to continue the above-mentioned HR problem discussion. 

‘[I would develop the target setting process by having] better synchronization so 

that strategy would become operational planning […] as they should go hand in 

hand so what we plan in strategy should have a big effect on operational planning. 

[…] the mentality is often like making the strategy and being excited […] and as 

soon as the operative hat is put on and daily tasks are being performed, […] not 

everything but a big part of [the strategy] is forgotten.’ – Business Controller 

‘In practice, I think [the development happens] when the understanding [of the 

target setting process] improves […]. “These targets that you are setting have an 
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effect as in order to meet them in means that your department has to provide this 

many hours […] and it means you need two persons more next year and in order 

to get two person more next year you have to start recruitments next month […].” 

It is like when you start to see the connections, I think it is about going through 

[the target setting] process and talking with people.’ – Business Controller 

As the business controller states in the quote above, the development should start from 

better explanation the target setting process. Another area for development is better un-

derstanding of the profit and loss statement (P&L), what kinds of effects operational de-

cisions have on it. In addition, the business controller argues that the heads of depart-

ments cost awareness is not at a sufficient level. 

‘[People should understand] the overall view […] of the P&L […] like “if more 

people is hired to my department, which row [of the P&L] does it affect?” If I am 

a person from finance and I hire more people here, it goes to the admin row. […] 

After that, it is [important] to know well your own department and how does it 

affect the overall view. In practice they [department managers] know their depart-

ments very well so it is about understanding the connections […]’ – Business Con-

troller 

‘People [head of departments] do not fully understand what kind of  cost structure 

they have.’ – Business Controller 

The business controller says they have been able to get along with ad hoc analysis as 

their financial team is small and everyone knows each other. The work is sometimes 

based on knowledge on what kind of information is in another person’s Excel file. He/she 

also acknowledges it may not work in a bigger organization. 

‘We have still been gotten along with ad hoc analysis, so the information has been 

somewhat easily available. Our finance team is quite small, so we somewhat know 

the business environment. Therefore, I know where to get the data and even if it is 

in a [group controller’s] Excel. I know it is there and I can get it. I can check from 

the person if the data is valid. It might not work in a bigger organization […]. So 

if we would get two or three more business controllers, it would not work anymore 

because [people] would not know anymore.’ – Business Controller 

MA information had a significant influencing role in this target setting process, at least 

from the business controller’s perspective. As I mentioned earlier, I was not able the 

interview e.g. head of departments as their views may have different tones. The interplay 

between the targets and operations seems to be important for the business controller. 
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Next, I will move on to the last section, in which I analyze the case from AI needs and 

boundary subject perspective. 

4.4.5 Artificial intelligence needs and boundary subjects 

Unexpectedly, the business controller told us he/she is currently studying machine learn-

ing while working. He/she would like to learn the core programming and mathematics 

skills. Combined with his/her financial skills, the interview got even more informative than 

it had been before this section. 

‘I think this [machine learning] is a really interesting area and I believe there are 

lots of opportunities. I am studying machine learning as much as I can while work-

ing. I am interested in learning the core knowledge on programming and mathe-

matics.’ – Business Controller 

The business controller has thought how they could utilize AI in practice. He/she would 

like to identify what parameters affect their sales margins. However, he/she argues their 

master data has serious issues. This means it is not possible to get the answer, although 

it is technically possible.  

‘I have thought […] how we could utilize artificial intelligence in practice. […] 

We could identify […] what parameters affect our sales margin. If the quality of 

the master data was good, we could import it to a software and analyze the corre-

lations. But as our master data is not in order it is hard to see the situations where 

machine learning or artificial intelligence [could be used] because it is so far away 

from being concrete […].’ – Business Controller 

As ManufacturingCo sells complicated projects, the business controller would like to 

know what kinds of combinations of their offering are fatal for their supply chain. He/she 

continues that also knowing how they could be improved and why they are problematic 

would be helpful. The business unit (BU) manager has a similar wish, as he/she would 

like to have reports on abnormalities e.g. which project will fail next so it would be useful 

to have those signals earlier with the help of AI. 

‘First, [I would ask AI] to give some parameters for sales […]. If we [would] know 

something at the point of sale, which we cannot yet recognize, like “this combina-

tion is really fatal for our supply chain.” Finding those. Then, by utilizing the same 

data, what the combinations are, how can we improve them in the supply chain, 

why these are hard for us when we lose money.’ – Business Controller 

’I would like to get alerts on abnormalities or some reports on things we humans 

notice too late but neural network would spot much earlier. So “tell me which 
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project will fail next” would be really useful information if we would get signals 

of it earlier.’ – Business Unit Manager 

In addition, the BU manager would like to know answers to sales-related questions like 

which customers should they contact or focus now. He/she would like to have also some 

financial answers e.g. how much their prices and procurement costs increased. After 

that, he/she argues they would replace controllers with AI if they had that. My interpreta-

tion is that it was more or less a joke. However, I think they could obtain the financial 

numbers without AI, but it would require better master data management. 

‘In sales I would be interested in questions like “Which customers should be con-

tacted now” or “On which customers should we focus more now?”’ – Business 

Unit Manager 

‘And of course, financial indicators like ‘how much our costs increased last 

year?”, “how much the procurement costs increased?” or “how much our prices 

increased?” which would replace a controller with AI if we had that.’ – Business 

Unit Manager 

I gathered the AI needs in ManufacturingCo to Table 13 and clarified the them to be more 

compact. These needs can be understood also as new possible boundary objects in their 

future decision-making processes. 

 AI needs/objects in ManufacturingCo 

Identified AI needs/objects Requesting informant(s) 

What parameters affect sales margins Business Controller 

Profitability forecasts Business Controller 

What combinations of the offering are fatal to 
the supply chain? 

Business Controller 

Which project will fail next? Business Unit Manager 

How much our costs increased last year? Business Unit Manager 

How much our procurement costs increased last 
year? 

Business Unit Manager 

How much our prices increased last year? Business Unit Manager 

Just like the business controller, the BU manager is also worried about their data man-

agement. He/she is aware of the classical ‘garbage in, garbage out’ process. His/her 

solution would be to fix the data management and warehousing first before investing in 

analytics tools. The BU manager states these will definitely on their X-matrix along with 

BI-tool development. The X-matrix is a Lean methodology tool, which they use for visu-

alizing key strategic initiatives. Thus, the topic seems to be gaining some momentum in 

ManufacturingCo. 
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‘Starting at the base data, the output of it [AI] will not make sense if the base data 

is not good. So master data management, cleaning the data, warehousing the data 

in some modern way, and bringing some analytics tools, which are developing 

rapidly, on top of it. There are still many steps to take [before I can use AI in my 

work].’ – Business Unit Manager 

‘I am sure that data governance and developing BI-tools further is something that 

will be in our X-matrix this year. We will invest more in those. – Business Unit 

Manager 

The BU manager says they have problems with their portfolio management. The mile-

stones are not checked actively, which distorts the lead-times. He/she acknowledges 

that they should continuously update a project management system so they could have 

real-time information on project statuses. Another data-related problem lies with the de-

livered projects of which documentation is not updated. The BU manager argues they 

are losing business opportunities of their life-cycle services, as the data would be im-

portant for sales and marketing automation. 

‘One big goal for our control mechanisms is to improve the project portfolio man-

agement so that we would continuously have real-time information on the overall 

status of the portfolio. This requires that the project management system is contin-

uously updated so we would have reports based on this data which would give us 

a view on what kinds of corrective actions should be done. […] e.g. milestones are 

not checked actively and timely enough which distorts the lead-times.’ – Business 

Unit Manager 

‘Another example, […] the information sheets of delivered systems are very im-

portant for sales and marketing automation in our life-cycle services and if it is 

not well updated, we lose business opportunities. And I have a lot of other exam-

ples as well.’ – Business Unit Manager 

According to the business controller, the most important thing in target setting is the 

understanding of how to meet the targets and to think about it. He/she argues that there 

is a risk of black box if they neural network would provide the targets. The current manual 

way ensures that they are analyzing the causes in addition to the numbers. In addition, 

it helps with information flow inside the company e.g. knowing what others are doing. 

Thus, the business controller does not like the ‘monkey work’ but acknowledges the need 

for its benefits. 

‘It is a probably the biggest thing in the target setting that we understand how to 

meet the targets and that we think about it. It would be great if someone [neural 
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network] just gives them to you but [in this manual way] you can analyze the 

causes, so it is not just a black box telling, “here are your numbers”.’ – Business 

Controller 

‘I do not enjoy making these analyses as it is sometimes monkey work. […] the 

[target setting] process would be good to go through in order to synchronize the 

organization […] and enable information flow, which is really important, to un-

derstand what others are doing, working towards a common goal and being on the 

same page about those things.’ – Business Controller 

At this point, our interview with the business controller naturally emerged towards bound-

ary subjects with AI. He/she would be ‘completely satisfied’ if AI could do e.g. monthly 

closing for him/her. However, he/she raises the question who would interpret and under-

stand the AI analyses if they would have them available.  

‘But who would interpret and understand the [AI] analyses? I would be completely 

satisfied if there was AI that could do e.g. the monthly closing so that I would not 

have to. I could just take the ready-made data or figures like “it looks like this” 

and then analyze it further. So, I do not have anything against that AI would come 

and automate many tasks like those. But there has to be someone who understands 

what it produces.’ – Business Controller 

The business controller states it would be good if AI would give straight answers. My 

interpretation is that he/she thinks AI should have an answer machine role (cf. Burchell 

et al., 1980). Currently, he/she is manually making analyses and the interpreting them to 

people. If everyone could use and understand AI analyses, he/she would have other 

work to do and his/her position could change towards teaching others to use AI. 

‘I think it would be really good if it [AI] would give straight answers. Now […] 

people ask me and then I make analyses and then interpret and go through them 

with people. However, let us say if we had this utopia where everyone could use 

and understand cluster analyses or other things that AI can provide; I think I would 

have other things to do. I do not feel it gives any more value that I do manual tasks 

that a machine could do. It could be like that I would teach people to use AI or 

something like that.’ – Business Controller 

I identified some benefits of the current manual target setting process above. The busi-

ness controller states that there are some other problems in the transition to working with 

AI. First, their operations have been based heavily on feeling as people have learnt their 

job by doing. There have not been analytics tools available. Second, one should be able 
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to understand if AI could help with the problem and one should be able to ask the ques-

tion. 

People have learnt by doing and there has not been that kind of analytics tool in 

it. In my opinion, doing things have been based heavily on feelings.’ – Business 

Controller 

‘It is quite a big change […] like when you have a problem you […] should be able 

to understand that AI could somehow help you and you can ask it.’ – Business 

Controller 

The business controller argues that the AI technology should advance a lot before you 

could ask questions that you cannot describe well. Moreover, when you have the an-

swers, you should understand what it means and how it emerged. This should be solved 

before AI can be used in management. He/she would deal with the contradiction by being 

an intermediate between AI and managers. Thus, people would ask him/her the ques-

tions and he/she would describe the problem to AI. Then the business controller would 

explain the answer to the person. 

‘[The AI technology] must advance a lot before you can ask for a solution to prob-

lem which you cannot describe very well […]. Moreover, when you have the solu-

tions, you have to understand what it offers and why. Solving this is something […] 

what should be done before it could be a management tool. At the moment I think 

I could be the one that people would ask me […]and then I could be a filter that 

describes the problem to AI which gives the answer […] and then I could explain 

it and answer the question […].’ – Business Controller 

The BU manager, however, represents those who would be asking the questions from 

the business controller. The BU manager states he/she would have doubts towards AI 

at first, if it were in use. Experience on the benefits and the reliability of the new infor-

mation would be required before its weight in decision-making could be increased. 

He/she would try to verify the information in another way and if the AI would be powerful 

enough, he/she would ask it why and how it provided the information. My interpretation 

is that his/her knowledge on the AI capabilities is limited, as he/she seems to have a 

desire for superintelligence. 

‘At first, I would have doubts but if there was experience that the information 

brings benefits and it is reliable, I think the weight of it in the decision-making 

could be increased. […] I would try to verify the information another way first and 

if the AI would be powerful, I would ask it to prove why the information is like it is 

and what kind of logic there is behind.’ – Business Unit Manager 
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However, the BU manager recognizes that RPA could be a low hanging fruit for them as 

AI creating new information is relatively far away because of the poor data management. 

They are currently exploiting RPA in their work to improve productiveness. He/she says 

it could reduce the amount of monkey work like data transfers, which people do not want 

to do. This is in line with the business controller, who said above how he/she would 

happily to get rid of e.g. monthly closing. 

‘In addition to AI creating information, RPA can concretely make things and in-

crease effectiveness and it is an area we have started to research and develop and 

we believe that in this kind of firm there are potential subjects although volumes 

are not as high as e.g. banks and network firms […]. People do not want to make 

these silly monkey work and data transfers and these kinds of things themselves so 

these are maybe the first areas where we will utilize machine learning.’ – Business 

Unit Manager 

As a brief summary of this section, it seems that the data management in Manufactur-

ingCo has serious problems. The issue hinders the thinking of possible AI benefits, as it 

the informants know the benefits are not possible to obtain before the data management 

is fixed. However, the AI needs listed in Table 13 are realistic to implement with sufficient 

data. The business controller proposed a new intermediate role for him/her when man-

agers work with AI. I will analyze and discuss this and other findings of this chapter more 

carefully in the next chapter.  



74 

 

5. SYNTHESIS OF FINDINGS AND DISCUSSION 

I will answer the research questions in this chapter. The first section covers the RQ1: 

‘How does management accounting information initiate and influence decision-making 

processes?’. The second section is about the RQ2: ‘What kinds of artificial intelligence 

(AI) needs emerge in managerial work?’ I answer the RQ3 in the third section: What 

kinds of boundary subjects are expected in decision-making with AI? 

In the first two sections, I use the cross-case analysis technique to illustrate patterns 

between cases, which increases the probability of novel findings (Eisenhardt 1989). As 

I mentioned in the previous chapter, I discussed the boundary subjects only in the Man-

ufacturingCo section. Thus, I use the special case analysis method with RQ3. The sec-

tions include two types of elements, propositions and hypotheses. I gathered all the prop-

ositions and hypotheses in Table 14. 

 Propositions and Hypotheses 

Research 
Question 

Type & Number Title 

RQ1 Proposition 1 In complex decisions, answer, ammunition, learning and rationalization 
machines (Burchell et al., 1980) are still present 

 Proposition 2 New controller resource initiates financial planning re-engineering 

 Proposition 3 Obtaining new market information initiates complex decision-making pro-
cesses 

 Proposition 4 The bigger the firm, the smaller the amount of converting guesses into 
data 

 Hypothesis 4.1 Inflexible processes of big firms prevent converting guesses into data 

 Hypothesis 4.2 The amount of converting guesses into data evolves as the company 
grows 

RQ2 Proposition 5 Managers want market analyses, profitability tools and resource availabili-
ties from AI 

 Proposition 6 Managers see AI mostly as an answer machine (see Burchell et al., 1980) 

 Hypothesis 6.1 Managers are not familiar with the other roles of accounting than answer 
machine (see Burchell et al., 1980) 

 Proposition 7 Managers’ AI needs are not entirely realistic 

RQ3 Proposition 8 Firms should consider incorporating AI into their decision-making with the 
help of data accountant 

I base the eight propositions of Table 14 on the qualitative data of this thesis. The three 

working hypotheses are my own guesses on what the explanation for the particular prop-

osition could be. This is in line with Silverman and Marvasti (2008, pp. 509) who define 

hypotheses as ‘testable propositions often based on educated guesses’. The paper of 
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Bourgeois and Eisenhardt (1988) inspired the structure of this chapter. Turning now to 

the first synthesis and discussion section. 

5.1 Cross-case analyses on MA information initiating and influ-

encing decision-making processes 

Proposition 1. In complex decisions, answer, ammunition, learning and rationalization 

machines (Burchell et al., 1980) are still present. 

Burchell et al. (1980) introduced us to four roles of accounting: answer, ammunition, 

learning and rationalization machines. I explained the meanings of the roles in section 

2.3.1. The empirical evidence of their widely accepted framework is relatively thin despite 

the fact that it is almost 40 years old. Thus, I analyzed the four cases and found evidence 

on all of the four roles. I placed quotes from the informants to the framework and I present 

the results in Table 15. I labeled the quotes based on my interpretation of the whole case, 

and there is definitely room for debate in every quote whether its placement is correct or 

not. Next, I will go through four quotes, which cover all case firms and all roles, to give 

an example on how I formed the table. 
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 Roles of MA information using Burchell et al.’s (1980) framework. 

 HardwareCo AnalyticsCo ProcessCo ManufacturingCo 

Answer  
machine 

'When [the head of prod-
uct] made the pricing cal-
culations […] he believed 
the percentages are this 
and prices that and boom 
we got these numbers. 
And then we compared it 
[with the initial numbers].'  
– Product Development 
Director 

’I am a very finance-oriented engineer. 
I always think that financial numbers 
have to be very well known, where we 
are, and they should be correct and re-
liable.’ – Chair of the Board 

‘Because this is purely an investment pro-
ject, some financial key indicators have to 
be calculated. […] first, the costs are esti-
mated and therefore profit expectations, 
which lead to payback time and so on. Thus, 
[a presentation] is prepared for a “panel of 
judges” and then the plant management 
team decides if this is something that they 
want to invest in.’ – Development Manager 

’[…] people ask me [financial ques-
tions] and then I do analyses and in-
terpret and explain them to people.’ 
– Business Controller 

Ammunition 
machine 

 
‘I would say mathematic 
calculation [is] just a one 
part. […] And [we] also 
need to compare [it] with 
[…] their professional 
feeling about it.’ – Con-
troller 

‘The market share should be more than 
15 % so it would be good enough. […] 
if it is not 15 % or 20 % then the market 
scope has to be reduced.’ – Chair of the 
Board 

 
‘Projects might get on hold if the market sit-
uation or other plans change. […] If the port-
folio seems to become too big and people 
start to fear that, for instance, there are not 
enough resources available, we start to go 
through the portfolio. Then some projects 
might get on hold or dismissed.’ – Invest-
ment Controller 

'If the goal is to improve profitability 
and the target setting is based on a 
conjecture that you cannot base an-
ything on growth of the top line [of 
the P&L] so you cannot invest be-
forehand to increase fixed costs 
which meant that many optional in-
vestments had to be postponed and 
put on hold. […] And everyone will 
never be happy with that their favor-
ite project does not move forward.' – 
Business unit manager 

Learning  
machine 

‘The iteration process 
lead to that we found 
many miscalculations 
made by everyone includ-
ing myself which im-
proved the quality of the 
overall [budget].’ – Prod-
uct Development Director 

(Not witnessed) 

‘[The most important thing that all the stake-
holders should understand] is that this is 
purely a productivity investment so it does 
not necessarily bring any benefits to a single 
production area or a person […] but it is all 
about “common good” which improves the 
bottom line of the company.’ – Development 
Manager 

‘Now that we have thought about 
these targets together and spent a 
lot of time on it at a management 
team level […] everyone is probably 
more committed to them [the tar-
gets]. Therefore, people at lower 
and lower level is much easier to 
make accountable for them as the 
numbers are accurate also at the top 
level or they have been created ra-
tionally.’ – Business Controller 

Rationalization 
machine 

‘We made together the 
number that went to the 
budget but [the procure-
ment manager] said that 
he/she will still use his 
own number [for suppli-
ers].’ – Product Develop-
ment Director 

Even if we had all the information […] 
some people may still say, “Well here is 
the data but I had this meeting last week 
and the person said this damn thing! So 
that’s it. A person believes what he 
wants to believe in a specific point of 
time.”’ – Co-founder, VP of sales & mar-
keting 

(Not witnessed) (Not witnessed) 



77 

 

First, all of the roles seem to exist in HardwareCo. In my interpretation, this was the only 

case that has all of them based on the data. To pinpoint one example, the product de-

velopment director stated that the procurement manager did not use the new budgeted 

production volume with the supplier. I argue this reveals that the decision-making pro-

cess acted as a rationalization machine with some decision-makers, most likely with the 

product development director and/or the head of product. 

AnalyticsCo has all the roles except the learning machine. The chair of the board says 

the market share should be at least 15 percent or the firm should change the scope. My 

interpretation is that the chair has used MA information (the market share number) to 

steer the company in a direction he/she desires. 

The investment controller of ProcessCo states that everyone should understand that the 

particular productivity investment, which is rather uncommon for the company, is all 

about improving the profitability of the company, not about bringing benefits to an indi-

vidual. I assume this means that many people have learnt this during the decision-mak-

ing process, thus MA information had a learning machine role. 

Finally, the business controller of ManufacturingCo says his/her job is to find answers to 

financial questions by making analyses and then interpreting and explaining them. Here 

I argue that MA information is not only an answer machine, but also a learning machine. 

Naturally, he/she gives some simple answers without further explanation, but the inter-

preting and explaining suggests that learning may happen as the controller links answers 

to operations. 

Proposition 2. New controller resource initiates financial planning re-engineering. 

An empirical study of Cobb et al. (1995) argue that a newly hired financial controller 

without banking experience partially initiated the changes in management accounting 

practices in a bank. The changes include budgeting process re-engineering. They also 

maintain that the increased number of qualified accountants affected the changes. Sim-

ilarly, the cases of HardwareCo and ManufacturingCo included financial planning pro-

cess re-engineering. In HardwareCo, one of the drivers for the re-engineering was that 

they had hired a new controller, who had enough time to recalculate their budget. Like-

wise, ManufacturingCo’s did not use to have business controllers for every business unit, 

but they hired them. The new business controller of the studied business unit could not 

intuitively modify the budget of the last year, so he/she had to re-engineer the financial 

planning process as a whole. Thus, this proposition is based on evidence from both lit-

erature and the empirical cases of this thesis. The three cases contributing to this are 
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from different industries, and the case of Cobb et al. (1995) is decades old, which im-

proves the transferability. I double underlined the findings related to this proposition in 

Table 16, which illustrates the drivers for the decision-making processes in the cases of 

this thesis. 

 Drivers for decision-making processes. 

HardwareCo AnalyticsCo ProcessCo ManufacturingCo 

Recent market 
change in cus-
tomer demand 

Market research analy-
sis  

Recent market change 
in raw material prices 

Inexperienced controller 
could not intuitively mod-
ify the budget of the last 
year 

New controller 
resource 

Noticing that already 60 
% of the revenue comes 
from the new target mar-
ket 

Financial figures: 
costs, profits, payback 
period 

New controller resource 

Gut feeling that 
the production 
forecast is in-
correct 

First good reference in 
the target market 

  

Calculated 
forecast error 
of X million eu-
ros 

Angel investment, prod-
uct development loan 

  

 
Troubles in sales 

  

 
Realizing that the major-
ity of the customers were 
Lean Six Sigma experts 

  

 
Hiring new CEO and 
board members with ex-
perience in the new tar-
get market 

  

As seen in Table 16, there are many drivers for the decision-making processes. Goretzki 

and Messner (2016) state that future studies could ‘examine how and why such changes 

to planning systems come about’. Chenhall et al. (2013) call for research on how ac-

counting practices are actually developed in organizations. The findings of HardwareCo 

and ManufacturingCo in answer directly to these requests. 

Hall (2010) underlines that accounting information may initiate verbal conversations 

about problems. For example, the calculated forecast error of X million euros initiated 

discussions and decision-making in HardwareCo. This kind of accounting information is 

an example of being boundary object, and initiating conversations means knowledge 

integration and boundary work (see literature review summary in section 2.7). The data 

discussed above also supports the statement of Hall (2010) as new controller resource 
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usually means that more accounting information becomes available, thus increasing the 

probability for initiating conversations. 

Proposition 3. Obtaining new market information initiates complex decision-making 

processes. 

Informants in three out of four cases (HardwareCo, AnalyticsCo and ProcessCo) said 

market information was initiating their complex decision-making processes. In Hard-

wareCo, the recent change in customer demand was a key driver for their production 

forecast decision. Similarly, in ProcessCo, the recent market change in raw materials 

prices made the particular investment case to stand out from the project portfolio and 

sped up the decision-making process. AnalyticsCo bought a market research analysis 

and noticed that already 60 percent of the revenue comes from the new target market. 

However, market information did not initiate the fourth case, ManufacturingCo. I under-

lined these findings in Table 16, which represents the drivers for the decision-making 

processes. This proposition implies that at least the three case firms react to changes in 

their markets by initiating business decision-making processes. 

Proposition 4. The bigger the firm, the smaller the amount of converting guesses into 

data. 

Previous studies on firm size have previously revealed that structural inertia increases 

with firm size (cf. Hannah and Freeman, 1984; Audia and Greve, 2006). The paper of 

Audia and Greve (2006) also suggest that managers of large firms are more likely to take 

risks when performance is decreasing than they are in smaller firms. Saukkonen et al. 

(2018) propose that managers may not reflect taken-for-granted assumptions and 

Goretzki and Messner (2016) calls for research on how actors deal with uncertainty. 

Building on this discussion, I analyzed the cases based on the interpreted importance of 

MA information, perceived amount of converting guesses into data and the revenue of 

the firms. The results are shown in Figure 6.  

Converting guesses into data means that the origin of guesses disappears, and people 

pass on subjective guesses as objective data. The interviews do not reveal this kind of 

action in AnalyticsCo. However, in HardwareCo the product development director ac-

cused the financial department of doing so. Thus, I interpret that the amount of converting 

guesses into data is high in HardwareCo. 

‘Sometimes it bothers me that they make really precise calculations in the Finance 

Department but do not think that it is based on nonsense. So, they convert gut 

feelings into data.’ – Product Development Director 
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The interpreted importance of MA information is my interpretation on how important MA 

information was for the case decisions. I argue that it was not important for AnalyticsCo 

as there were many non-financial drivers as seen in Table 16. In the other cases, I state 

the importance of MA information was high as all the mentioned drivers were financial 

except the new controller resource. I base the perceived amount of converting guesses 

into data on the opinions of the informants.  

The business controller of ManufacturingCo argues that if probabilities from statistics are 

not considered during forecasting, your mood of the day may affect the targets. My in-

terpretation is that he/she means that they are converting gut feelings into data to some 

extent, as someone has to come up with the probabilities. However, straight accusations 

did not emerge. I considered this by placing ManufacturingCo below HardwareCo in Fig-

ure 6.  

 

Figure 6. Converting guesses into data and importance of MA information (size rep-
resents revenue). 

 

As seen on Figure 6, ProcessCo do not seem to convert guesses into data. The invest-

ment controller is responsible for maintaining their investment for Excel data sheet and 

investment instructions, which clearly set the rules on how the investments are calcu-

lated. Thus, there is little or no room for this kind of activity. Next, I will introduce you to 

two hypotheses based on this proposition. 

Hypothesis 4.1. Inflexible processes of big firms prevent converting guesses into data. 

As discussed in Proposition 4, ProcessCo has a relatively inflexible investment calcula-

tion process. In addition, the decision-making process is complicated as I explained in 
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section 4.3.2. The investment controller states these may be required because the or-

ganization is so big and complex. 

‘Maybe it is required to have a heavy structure [behind this investment process] 

because the size and complexity of this organization. It could fall into a pitfall if 

information was passed by word of mouth.’ – Investment Controller 

Thus, the inflexible processes i.e. structural inertia (cf. Hannah and Freeman, 1984) 

seem to protect the company from converting conjectures into data. My hypothesis here 

is that this idea could be transferable to other big firms, as the amount of inflexibility tends 

to be greater in big enterprises. The hypothesis is in line with the size and other charac-

teristics of HardwareCo and ManufacturingCo as seen in Figure 6. This hypothesis 

should be tested with interviews in other large enterprises. This data set contains only 

one enterprise company and one decision; thus this topic needs more research. The 

findings of Audia and Greve (2006) in Japanese shipbuilding industry support this hy-

pothesis by suggesting that the structural inertia is greater in larger companies than in 

smaller companies. Moreover, Saukkonen et al. (2018) revealed that fixed decision-mak-

ing cycles of an enterprise delivery company decreased flexibility, which supports this 

hypothesis. The next hypothesis tries to explain why AnalyticsCo does not follow a linear 

pattern of decreasing amount of converting guesses into data. 

Hypothesis 4.2. The amount of converting guesses into data evolves as the company 

grows. 

If the companies of Figure 6 are replaced with their size, we end up with a transferable 

version of the same figure. My hypothesis is that a growing company follows a pattern 

introduced in Figure 7. Micro-enterprises like AnalyticsCo struggle with their product-

market fit, which means that they are still trying to find the right combination of products 

and customers. I argue that the importance of MA information is relatively low in this 

phase, because the profitability is expected to be negative. The amount of converting 

guesses into data is also low as the organization is very simple and there probably is not 

that much data available, so mixing the guesses and data is relatively hard. 

As the micro-enterprise grows and finds its product-market fit, it becomes a small and 

medium-sized enterprise (SME). At this point, the processes of the company are still 

evolving, which means there are not clear procedures for everything. This gives room for 

converting guesses into data, and thus my hypothesis is that it is high among SMEs. 

HardwareCo and ManufacturingCo support this hypothesis. I suggest that in SMEs, MA 

information becomes more important, because the increasing revenue produces e.g. 
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cost-cutting opportunities, and the company starts to stabilize to fulfill the need it had 

discovered during the earlier phase. 

 

Figure 7. Evolving amount of converting guesses into data from micro-enterprise to 
large enterprise (Hypothesis 4.2.). 

Finally, the importance of MA information in large enterprises is high. Otherwise, these 

companies would not have any controllers. My hypothesis suggests that the amount of 

converting guesses into data is low compared to SMEs. Inflexible processes may hinder 

reactiveness in market changes, but it may also hinder the amount of converting guesses 

into data. Centralized functions have well-defined process, which do not leave that much 

room for individually made guesses that are not well known. I base this hypothesis solely 

on the case data, and it does not consider enterprise life-cycle literature, which limits the 

transferability. Next, I will move on to cross-case analyses on the AI needs of the com-

panies. 

5.2 Cross-case analyses on AI needs  

Proposition 5. Managers want market analyses, profitability tools and resource availa-

bilities from AI. 

A relatively old study of Marriott and Marriott (2000) revealed that small company owner-

managers do not see accounting information as value for money. To continue the dis-

cussion in the modern era, we asked our informants what they would ask from AI regard-

ing their work if it was possible to ask. Informants from three firms (HardwareCo, Analyt-

icsCo and ProcessCo) mentioned market information. This implies that these interview-

ees, and most likely their companies, need more market analyses. In HardwareCo, they 

would benefit from knowing when their customers start development programs. I argue 

that AI could deliver some information if an algorithm would comb through news on their 
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customers’ websites. I present selected AI needs of the four companies in Table 17, in 

which I underlined the market information needs with normal thickness. 

 AI needs in case companies 

HardwareCo AnalyticsCo ProcessCo ManufacturingCo 

Market analysis 
tool: competitive 
environment, be-
havior of existing 
and potential cus-
tomers 

Market analysis tool: mar-
ket size, growth rate, com-
petitors and key success 
factors in the industry 

Market knowledge What parameters af-
fect sales margins? 

What our leads are 
saying? 

Market analysis tool: how 
many factories are there, 
how long is a typical buy-
ing process, what the cus-
tomers want, head-to-head 
competitor product analy-
sis 

Sales tool Which project will fail 
next? 

Notification when 
our customer starts 
a development pro-
gram 

 
Neural network to im-
prove profitability of the 
project portfolio 

Profitability forecasts 

Resource availabil-
ity (components) 

 
Resource availability 
(human, both internal 
and subcontractors’) 

What combinations of 
the offering are fatal 
to the supply chain? 

Automated budget-
ing tool 

 
Inventory turnover im-
provement 

How much our costs 
increased last year? 

Forecasting accu-
racy 

 
Project prioritization How much our pro-

curement costs in-
creased last year? 

What are the most 
loved and most 
hated features of 
our products? 

 
Visualization tool for 
project statuses and 
schedules 

How much our prices 
increased last year? 

Unusual use cases 
of our products 

 
Resource shortages in 
projects 

 

  
How to manage pro-
jects more straightfor-
wardly and efficiently 

 

Informants from ProcessCo and ManufacturingCo mentioned profitability tools during the 

interviews. The investment controller of ProcessCo would like to have neural network to 

improve their project portfolio. Unfortunately, we did not challenge this idea during the 

interview so it remains somewhat vague. The person seemed to have AI knowledge so 

the idea might have been reasonable. Similarly, the business unit manager of Manufac-

turingCo would like to have a profitability forecast tool and he/she would like to know 



84 

 

which project fails next and what offering combinations are fatal to their supply chain. I 

argue that machine learning could fulfill these information needs if there was sufficient 

data available. I underlined the profitability-related needs with double thickness in Table 

17. Managers would like to have more information on resource availability in two com-

panies: In HardwareCo the interest lies with component availability and in ProcessCo 

with human resource availability both in their own organization and in subcontractors. I 

underlined these with dots in Table 17. This proposition contributes to the research gap 

revealed in section 2.7 as the proposed AI needs are also new boundary objects in de-

cision-making with AI. In the next proposition, I will analyze the roles of AI with the frame-

work of Burchell et al. (1980).  

Proposition 6. Managers see AI mostly as an answer machine (see Burchell et al., 

1980). 

As I demonstrated in Proposition 1, all of the roles of Burchell et al. (1980) are still present 

in the cases. To continue this discussion, I analyzed the AI needs of the companies with 

the same framework. In majority of the AI needs, the informants see AI as an answer 

machine. This means that AI just gives answers to their questions. I show examples of 

this and the other machines in Table 18.
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 AI needs categorized in Burchell et al.’s (1980) framework. 

  ElectronicsCo AnalyticsCo EnergyCo ManufacturingCo 

Answer machine 

‘I would ask what the most-
loved feature of my product is.’ 
– Head of Product  
 
‘Budgeting could mostly be 
done with the help of AI. […] It 
could ask for certain inputs 
and then iterate it further.’ – 
Product Development Director 

‘[I would ask AI] who are our 
competitors? – Chair of the 
Board 
 
‘[I would ask AI] how long is a 
typical software buying process 
in [this] industry.’ – Co-founder, 
VP of sales & marketing 

‘[I would ask AI] do we have enough 
resources [for a project]? And about 
the prioritization [of projects].’ – Asset 
development team leader 
 
‘I would be interested in [AI solutions 
about] inventory turnover, sales and 
markets […].’ – Investment Controller 

‘I think it would be really good if it 
[AI] would give straight answers. 
Now […] people ask me and then 
I make analyses and then inter-
pret and go through them with 
people.’ – Business Controller 

Ammunition machine 

‘[I would ask AI] how accu-
rately sales department have 
forecasted […] and of course 
my own accuracy. […] Is a big 
monthly deviation part of a 
trend or should it be ignored?’ 
– Procurement Manager 

(Not witnessed) (Not witnessed) (Not witnessed) 

Learning machine 

‘[I would ask AI] how accu-
rately sales department have 
forecasted […] and of course 
my own accuracy. […] Is a big 
monthly deviation part of a 
trend or should it be ignored?’ 
– Procurement Manager 

(Not witnessed) 

‘[I would ask AI] how to manage pro-
jects more straightforwardly and effi-
ciently. In terms of scheduling, re-
sourcing and costs. In addition, in this 
kind of plant.’ – Development Man-
ager 

(Not witnessed) 

Rationalization 
machine 

(Not witnessed) (Not witnessed) (Not witnessed) (Not witnessed) 
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In addition, I identified ammunition machine in HardwareCo, where the procurement 

manager would like to know how accurately the sales department forecasts sales. My 

interpretation is that he/she would use this information politically in their organization. 

However, he/she continues the same quote by saying that he would like to know his own 

accuracy as well. I argue that here AI is seen as a learning machine, because the person 

wants to learn how to make more accurate forecasts. Similarly, the development man-

ager of ProcessCo would like know ‘how to manage projects more straightforwardly and 

efficiently. In terms of scheduling, resourcing and costs. In addition, in this kind of plant.’ 

As he/she is responsible for those, I assume he/she would like to get better in his/her 

work with this information. Therefore, he/she sees AI as a learning machine. Last, I did 

not find rationalization machine in any of the cases. Next, I will introduce you to two 

hypothesis I created based on this proposition. 

Hypothesis 6.1. Most managers are not familiar with the other roles of accounting than 

answer machine (see Burchell et al., 1980). 

As I discussed in Proposition 6, most of the AI needs fell into the category of answer 

machine. I argue that this means the other roles of accounting (cf. Burchell et al., 1980) 

are not well known among managers. The case decision-making processes have char-

acteristics from all the four roles as I suggested in Proposition 1. There is no evidence 

on why these other three roles would suddenly disappear when organizations implement 

AI in their complex decision-making processes. Thus, especially managers should be 

aware of all of these roles in order to promote healthy decision-making culture.  

I state that the lack of knowledge has several organizational effects. First, ignoring am-

munition and rationalization machines may lead up to extensive power on rhetorical de-

vices over rational decision-making. For example, the case study of HardwareCo re-

vealed that leaders should take extensive care of the motives of employees in order to 

avoid conflicts in MA innovations. In this case, the procurement manager was not con-

vinced of the new jointly forecasted production volumes, as he/she felt personally re-

sponsible for them to the supplier. Thus, the outcome of the new budgeting process was 

two different production volumes: the official numbers for the budget and the procure-

ment manager’s unofficial numbers, of which the latter he/she communicated to the sup-

plier. Second, if complex decision-making is not understood as a learning machine, it 

may hinder organizational learning, which may be more important than the decision itself. 

Next, I discuss how realistic the AI needs of the managers are. 

Proposition 7. Managers’ AI needs are not entirely realistic. 
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HardwareCo, AnalyticsCo and ProcessCo would like to have a general market analysis 

tool from AI. However, I argue that this is not realistic as there is not sufficient data avail-

able, and one can buy market analyses from consultants. Thus, solving this need with AI 

is not meaningful. Showing a resource availability status with AI, which I discussed in 

Proposition 5, is another example of an unreasonable AI need. If the data was available, 

I do not see how AI would make a difference to traditional software. Correspondingly, 

the above-mentioned resource availability seems to be anything but a meaningful AI 

need, as AI would not bring any additional value. 

The examples above show that there are unrealistic expectations towards AI among 

managers. However, the discussion in Proposition 5 show that some managerial needs 

are solvable with AI. I think this paradox could be solved by offering basic education on 

AI so the expectations among managers would be more realistic, which would bring AI 

closer to actually being in use. Next, I will move on to the special case analysis, which 

suggests a new decision-making process with a data accountant. 

5.3 Special case analysis on boundary subjects in decision-

making with AI 

This section arises from the interview with the business controller of ManufacturingCo, 

who is highly skilled in both management accounting and data analytics. He/she would 

be ‘completely satisfied’ if AI could do e.g. monthly closing for him/her. However, he/she 

raises the question who would interpret and understand the AI analyses if they would 

have them available.  

‘But who would interpret and understand the [AI] analyses? I would be completely 

satisfied if there was AI that could do e.g. the monthly closing so that I would not 

have to. I could just take the ready-made data or figures like “it looks like this” 

and then analyze it further. So, I do not have anything against that AI would come 

and automate many tasks like those. But there has to be someone who understands 

what it produces.’ – Business Controller 

Next, I will introduce you to my Proposition 8, which emerged from the discussion briefly 

explained above. I will expand the ideas of the business controller to a process. I will 

provide also a practical example and discuss a new role of data accountant. These con-

tribute to the research gap introduced in section 2.7. 

Proposition 8. Firms should consider incorporating AI into their decision-making with 

the help of a data accountant. 
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The literature review revealed that management accountants are becoming business 

partners (cf. Goretzki et al., 2013; Windeck et al., 2015) and thus boundary subjects. In 

addition, Moll and Yigitbasioglu (2019) state that accountants will be still needed for 

some traditional processes e.g. performance management. They also argue it is a duty 

of accountants to challenge the results that AI brings on the table and to take caution 

when someone uses the system as a black box without proper understanding. However, 

Richins et al. (2017) maintain that the tasks of the accounting function are most likely 

going through a change, which will bring new data-related opportunities for accountants. 

I build on these viewpoints by introducing a new role of data accountant, which ties the 

management accountants, the business partner role, decision-making and AI together. 

A data accountant is a boundary subject, who has knowledge on both management ac-

counting and data science. Therefore, the person is able to participate in decision-mak-

ing as a business partner and to conduct advanced data analytics with AI. 

The decision-making process with data accountant and AI goes as following. First, a 

decision-maker has a business problem. For example, a service manager would like to 

reduce warranty costs of their complicated industrial electronic products. Next, the deci-

sion-maker and data accountant have to form a more specific question or need, which 

can be asked from AI. This may be the hardest part of the process, as the question 

should be 1) relevant for the business problem, 2) solvable with AI and 3) there has to 

be sufficient data available. To continue the example, a specific question could be ‘are 

there any correlations in the fault explanations written by customers?’. After the specific 

question has been formed, the data accountant stars a data science part. This includes 

usually many steps from data acquisition to data visualization, and it varies from case to 

case. I introduced one example in section 2.6.2 from Arnaboldi (2018). In this warranty 

cost example, the data accountant would use natural language processing (NLP) tech-

niques. Next, the data accountant gets a specific answer with the help of AI. An example 

could be an array with the message ‘there are 78 mentions of words “does not turn on” 

in this country’. Now, the answer has to be transformed into a possible solution to the 

business problem. The data accountant and the decision-maker make this interpreting 

together. In this case, the array reveals that warranty costs could be reduced, if every 

customer could turn their newly acquired products on. Better instructions and more train-

ing could solve this problem. After finding this out, the decision-maker acts and decides 

to start a new development program with a goal to improve the instructions and to create 

an online training program. I illustrate the whole process with the example in Figure 8. 
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Figure 8. Decision-making process with Data Accountant and AI (Proposition 8). 

In Figure 8, I have demonstrated how the proposed data accountant would act in deci-

sion-making processes with AI. This clearly contributes to the research gap (introduced 

in section 2.7), which suggests that decision-making with AI, especially in management 

accounting context, is almost completely unknown area among researchers. Now that I 

have lifted the veil of secrecy, I would like to point out that most of the research gap still 
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remains, and there is plenty of room for different kinds of studies regarding this topic. Let 

us now conclude this thesis in the last chapter. 



91 

 

6. CONCLUSIONS 

Despite the growing interest towards artificial intelligence (AI) research, management 

accounting (MA) research does not correspond in practice to the fact, that AI will affect 

decision-making processes in the future. In this thesis, I explored complex decision-mak-

ing processes in four case companies with focus on the combination of management 

accounting, artificial intelligence and decision-making. The research questions are as 

follow: 

RQ1. How does management accounting information initiate and influence com-

plex decision-making processes?  

RQ2. What kinds of artificial intelligence (AI) needs emerge in managerial work? 

RQ3. What kinds of boundary subjects are expected in decision-making with AI? 

We conducted 11 semi-structured interviews to answer the questions. I used cross-case 

analysis (Eisenhardt 1989) technique to find patterns across the cases. Next, I will dis-

cuss my contributions to the research, limitations of the study and future research oppor-

tunities. 

6.1 Contributions 

This thesis provides 8 propositions and 3 hypotheses to management accounting, artifi-

cial intelligence and decision-making research. I introduced and discussed these in detail 

in Chapter 5. As I argued in Section 2.7, the specific combination of decision-making with 

AI has been neglected among researchers. For example, Granlund (2011) states that 

there is a need for both empirical and theoretical studies on the synthesis of accounting 

practices and modern IT. 

As a key result, this thesis lifts the veil of secrecy on decision-making with AI. To demon-

strate this, I illustrate the new decision-making process with AI in Figure 9. In addition, I 

have identified seven distinct contributions. First, Propositions 2–3 state that new con-

troller resource and obtaining market information are drivers for complex decision-mak-

ing processes. Second, I argue in Proposition 8 that a new role of ‘data accountant’ 

should be established for incorporating AI into complex real-world decision-making pro-

cesses. This proposition is in line with the ideas of Richins et al. (2017), who maintain 

that the tasks of the accounting function are most likely going through a change, which 
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will bring new data-related opportunities for accountants. According to Moll and Yigitba-

sioglu (2019), accountants will be needed for some traditional processes e.g. perfor-

mance management in the future. I argue that accountants will have a greater role – the 

proposed data accountant will act as a translator between AI solutions and managers. 

He/she translates the MA information needs of managers to AI and then explains the 

results and logic to the managers. This proposal emerged from an interview with the 

controller of ManufacturingCo, who is highly skilled in both machine learning and man-

agement accounting. Third, I propose a new AI process, which companies should follow 

with the Data Accountant. This idea is further explained in Section 5.3. Fourth, Proposi-

tions 5–7 reveal that managers want market analyses, profitability tools and resource 

availabilities from AI, but the needs are not entirely realistic. The new decision-making 

process with AI and the four related contributions are shown in Figure 9. 

  

Figure 9. Decision-making with AI and related contributions  

Figure 9 shows that there are still many question marks over decision-making with AI. 

To continue with the contributions outside of the figure, the fifth suggests that the majority 

of both managers and employees think AI would act only as an answer machine in deci-

sion-making. However, the results of this study (Proposition 1) imply that MA information 

also has the other roles of learning machine, ammunition machine and rationalization 

machine (roles introduced by Burchell et al., 1980) in decision-making. There is no evi-

dence on why these other three roles would suddenly disappear when organizations 

implement AI in their complex decision-making processes. Thus, especially managers 

should be aware of all of these roles in order to promote healthy decision-making culture. 

Ignoring ammunition and rationalization machines may lead up to extensive power on 

rhetorical devices over rational decision-making. 

Sixth, there seems to be lack of market information among senior managers and many 

informants saw AI as a solution to this problem. This provides an opportunity for either 

existing companies or startups to start offering an AI-based real-time market research 

tool. However, the needs could be fulfilled also with traditional market research, thus the 

? ? ?

Actor nActor 1 Data Accountant
(Proposition 8)

AI Process 
(Proposition 8)

Drivers
(Propositions 2–3)

AI needs
(Propositions 5-7) 
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true need for AI remains unknown. Seventh, the case study of HardwareCo revealed that 

leaders should take extensive care of the motives of employees in order to avoid conflicts 

in MA innovations. In this case, the procurement manager was not convinced of the new 

jointly forecasted production volumes, as he/she felt personally responsible for them to 

the supplier. Thus, the outcome of the new budgeting process was two different produc-

tion volumes: the official numbers for the budget and the procurement manager’s unoffi-

cial numbers, of which the latter he/she communicated to the supplier. Turning now to 

the limitations and future research opportunities. 

6.2 Limitations and future research 

Probably the most problematic limitation of this thesis is the lack of cases actually utilizing 

AI in decision-making. I considered this when the research questions were designed. To 

further judge the research design, I would like to add that I should have used quantitative 

methods for RQ2 and RQ3, as they are ‘what’ questions. Yin (2003, pp. 6) suggests that 

this type of questions favor survey and archival strategies. Alternatively, I should have 

changed the research questions. Mixing the chosen case-study strategy with action or 

interventionist research methods would probably have provided results that are more 

comprehensive. That kind of research design could have partially captured informal com-

munication, which happens during the decision-making processes.  

This thesis was based only on interviews, which I could have supplemented by direct 

observation. However, it would have imposed a risk of being an over-complicated re-

search design. If I would rewrite this thesis, I would make a two-case study of Hard-

wareCo and ManufacturingCo. Those are somewhat similar cases, as they are about 

financial forecasting, which would offer an opportunity for literal replication (Yin, 2003, 

pp. 47). I did the data analysis manually, which means that some relevant information 

from the data is likely missing from this thesis. If I would have the chance to change 

something in the analysis, I would use software such as ATLAS.ti. Last, I would like to 

underline that some of the propositions and hypotheses are more reliable than others. 

For example, Proposition 1, which states that the roles of accounting are still present, is 

much more reliable than Proposition 8, in which a propose a new untested decision-

making process. 

Despite the limitations, this thesis lays the groundwork for future research by providing 

several contributions to the literature. Nevertheless, I have only lifted the veil of secrecy 

regarding decision-making with AI, and therefore future research is definitely required. It 

would be interesting to see comparative case studies between companies making deci-
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sions with and without AI. Possible research questions could be e.g. ‘How decision-mak-

ing with AI affect business performance?”, “How decisions are made with AI?” or “What 

is the perceived value of AI in decision-making among humans?”. As a conclusion of the 

conclusions, I would like to remind you: Brace yourselves, AI is coming. 
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APPENDIX A: INTERVIEW GUIDE 

1. Background & your story (~30 min) 
a. Introduction (name, title, background, experience in the company) 
b. Story of the decision-making process 
c. Why did you choose this decision? [if applicable] 
d. What were the critical steps in this decision-making process? 

2. Defining the unit of analysis and the decision-making/control/objectives 
(~30 min) 

a. How big or small this decision was for the company? 
b. How complicated it was? Why? 
c. How transparent or understandable it was? 
d. Who participated in it? Who are responsible for it? 
e. What kinds of impacts are you looking for with this decision? 
f. Who can affect the results? How? 
g. How do you make sure that these impacts are achieved? [before and af-

ter] 
h. What would you like to improve regarding this decision? 

3. Facts & feelings: facts, intuition and the need for financial information (~20 
min) 

a. What are the essential things that people should understand about this 
decision? 

b. Were there any disagreements or other challenges? 
c. Did you use any financial information? 
d. What did you do if needed information was not available? 

4. Engaging interactions: Especially actor’s perspective (~20 min) 
a. What kind of important information is needed for the decision-making? 
b. What is important for yourself in this decision? What kinds of values do 

you have? 
c. What things did everyone agree? 
d. What things needed discussions? 
e. What kinds of communication channels did you use? 

5. Accounting information supporting managerial work: the provision of fi-
nancial information (~20 min) 

a. What would you ask from AI if it was possible? 
b. Would you use that information? 
c. What should be done [in your company] in order to be able to ask those 

questions from AI? 

 


